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Abstract 
 

Rapid urban population growth has increased the need for efficient public transportation 
systems, particularly at bus terminals as major mobility hubs. To address operational 
challenges such as traffic congestion and limited infrastructure, this study proposes an 
innovative data-driven approach. A hybrid model is applied, integrating Long Short-Term 
Memory (LSTM) for passenger volume forecasting and K-Means Clustering for mobility 
pattern segmentation at the Jepara Bus Terminal. Monthly passenger data was utilized, and 
the K-Means method was applied to group monthly mobility patterns into three categories: 
low, medium, and high. The optimal cluster selection (k=3) was based on the highest 
Silhouette score of 0.785, providing clear seasonal insights. Analysis results indicate that 
September is the peak mobility period, while months like January and February fall into the 
low category. Furthermore, an LSTM model was trained to predict future passenger 
volumes. The model's performance was carefully validated and proven accurate, with a 
Mean Squared Error (MSE) of 0.0304 and a Root Mean Squared Error (RMSE) of 0.1745. 
These findings confirm that the model is reliable in capturing complex passenger 
movement patterns. Overall, this study concludes that the combination of LSTM and K-
Means is an effective solution for supporting proactive decision-making. The results of this 
study can assist terminal managers in optimizing resource allocation and formulating more 
adaptive operational strategies, thereby contributing to the development of a more 
responsive and efficient intelligent transportation system. 
 
Keywords: Smart Transportation; Principal Component Analysis; Mobility Pattern 
Segmentation; Public Transport Optimization; Data-Driven Decision Support 

 
1. INTRODUCTION  
 
Rapid and massive population growth in urban areas has driven an increase in the 
need for public transportation systems that are efficient and responsive to the 
complex dynamics of urban mobility. One of the most affected sectors is bus 
terminal operations, which are vital public transportation network nodes. Massive 
urbanization directly affects the surge in demand for daily mobility services, which 
triggers serious challenges such as traffic congestion, limited capacity and 
supporting facilities at terminals, and low levels of integration between 
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transportation modes, such as buses, trains, and app-based transportation services 
[1], [2]. 
 
Amidst the accelerating digital transformation, various app-based mobility services 
and on-demand transportation concepts have emerged and increasingly dominate 
the preferences of urban communities [3], [4]. This has forced conventional public 
transportation systems—including bus terminal operations—to make rapid 
adjustments to remain relevant, competitive, and user-centric. Given urban 
mobility's highly dynamic and unpredictable nature, these challenges require a 
more adaptive and technology-based management approach [5]. 
 
As hubs for inter-regional movement and transfers within the land transportation 
network, bus terminals often face serious issues related to excessive passenger 
density, especially during peak hours or holiday seasons [6]. The high volume of 
passenger movement that exceeds the physical capacity of the terminal facilities 
often results in reduced comfort and decreased safety levels for users. Common 
challenges include unstructured movement circulation, long queues without an 
automatic queuing system, limited waiting areas, and basic facilities such as toilets, 
seating, and information points [1], [7], [8]. 
 
These issues become more complex when traffic flow management around the 
terminal is not integrated with real-time monitoring systems [8], [9]. Many 
terminals have not yet adopted sensor-based technology, innovative CCTV, or 
monitoring dashboards that can provide real-time information on vehicle and 
pedestrian density and circulation. As a result, traffic management and passenger 
movement regulation processes are still manual and inefficient, increasing the 
potential for congestion, accident risks, and a decline in overall service quality. 
 
A similar phenomenon can be observed at various terminals in Indonesia. For 
example, a study on passenger volume forecasting for the Jakarta Busway 
(Transjakarta) highlights the importance of accurate predictions to maintain user 
satisfaction and optimize fleet expansion and new route openings [10]. However, 
Jepara Bus Terminal still lags behind in terms of management and infrastructure, 
given its status as a Type C terminal. The operational system used tends to be 
reactive rather than predictive—an approach commonly found in many regional 
terminals. This situation is further exacerbated by significant fluctuations in 
passenger volume each month, such as sharp spikes in September, which often 
overwhelm available capacity and resources, leading to inefficiencies. Unlike 
transportation terminals in major cities such as Jakarta Bus Terminal, which rely 
on real-time monitoring and data analysis for dynamic operational adjustments, 
Jepara Terminal still relies on manual systems and conventional methods to run its 
daily operations. 
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To address these challenges effectively, a data-driven management strategy is 
needed to provide predictive and segmented insights into passenger movement 
[11], [12]. In this context, data-driven forecasting technology based on historical 
data and algorithm-assisted segmentation systems offer potential solutions to 
support operational efficiency and long-term strategic planning. Passenger volume 
forecasting—intense learning models such as Long Short-Term Memory 
(LSTM)—can help predict density trends based on specific time patterns, such as 
weekdays, weekends, holiday seasons, or special events [13], [14]. 
 
Meanwhile, mobility pattern segmentation using clustering techniques like K-
Means enables grouping passengers based on their travel characteristics, such as 
travel frequency, travel time, or the mode of transportation used [2], [4]. In this 
way, terminal operators can design more personalized and adaptive service policies, 
such as flexible departure schedules, dedicated fast lanes for regular passengers, or 
adjusting fleet capacity based on the specific needs of particular groups. Supporting 
technologies such as IoT sensors, Wi-Fi data, and mobile tracking applications can 
also obtain real-time information on passenger inflows and outflows, enabling 
terminal management to become more proactive and evidence-based [9], [15]. 
 
Although numerous studies have been conducted in public transportation and 
technology integration, most research remains limited to conceptual levels or 
focuses solely on route optimization and fleet management. Few studies have 
directly implemented deep learning models like LSTM for dynamic and contextual 
passenger volume forecasting at bus terminals. Additionally, passenger 
segmentation approaches are rarely applied in terminal operational practices 
despite their significant potential to create more adaptive and responsive services 
tailored to passenger needs [2], [4] . This gap opens up significant research 
opportunities, particularly in designing artificial intelligence-based terminal 
management systems that automatically adjust operational strategies based on 
identified mobility patterns. 
 
Through an integrative approach combining LSTM forecasting and K-Means 
segmentation, this study aims to develop a predictive analysis model capable of 
accurately predicting passenger mobility patterns at Jepara Bus Terminal. From a 
scientific perspective, this research enriches the academic literature on applying 
machine learning methods in the public transportation sector, particularly in the 
context of urbanization and land transportation facility management. This research 
also addresses the need for predictive models that are not only based on historical 
data but also adaptive to changes in environmental conditions and user behavior. 
 
Practically, the results of this study are expected to serve as a foundation for more 
informed decision-making by terminal managers and local governments. Terminal 
operators can optimize resource allocation, establish more efficient operational 
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schedules, and improve overall passenger service quality using predictive and 
segmentation approaches. Additionally, integrating forecasting results with 
information technology-based management systems can enhance accuracy in 
responding to mobility fluctuations, minimize the potential for congestion, and 
accelerate service adjustments to meet the evolving needs of users. 
 
2. LITERATURE REVIEW 
 
People have been using traditional forecasting methods like ARIMA 
(Autoregressive Integrated Moving Average) and Prophet for a long time to guess 
how many people will travel, how much traffic there will be, and how people will 
move around in their communities. These methods have worked well in some 
cases, but their flaws are becoming more and more clear when they are used on 
urban transportation systems that are constantly changing and are very 
complicated. Recent research has shown that ARIMA and Prophet aren't very 
good at finding non-linear data patterns or handling long-term dependencies in 
time series data [16]. This makes predictions less accurate, especially in cities where 
things change quickly because of things like the weather, local events, or sudden 
changes in transportation policy.  
 
The Long Short-Term Memory (LSTM) model is a better option than traditional 
methods because it overcomes their limitations. LSTM is a type of artificial neural 
network that is good at processing time series data and figuring out long-term 
relationships between events [17]. LSTM is much better at avoiding the vanishing 
gradient problem than traditional neural networks. This lets it capture complex and 
unstable movement patterns in mobility data [16], [18], [19]. When used in 
transportation systems, LSTM has been shown to make more accurate predictions, 
especially when dealing with changes in the number of passengers, changes in 
routes, and changes in travel patterns over time [16], [19].  
 
The data segmentation step is just as important for making predictions accurate. 
K-Means Clustering is a common way to group data based on certain shared traits. 
It is one of the most common ways to segment data. This method is useful for 
looking at and grouping passenger behavior based on things like travel time, where 
they are going, or the patterns of their routes [16], [18], [20]. K-Means makes the 
data structure clearer and improves the quality of the input data that prediction 
models like LSTM use [18], [19], [20]. When clustering is done correctly, the model 
training process is faster and the predictions are more accurate because the model 
only looks at data from groups that are similar. 
 
Recent research shows that using the LSTM and K-Means algorithms together 
makes predictions more accurate than using them separately. This way of 
combining K-Means and LSTM lets K-Means filter and group the data into a few 
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groups that are all the same before LSTM makes the predictions. This method has 
worked well in a number of studies, such as predicting vehicle loads and analyzing 
travel patterns, where the predictions are more accurate and stable [16], [18], [19], 
[20]. These two methods have also been used in other transportation applications, 
like ship navigation, managing the temperature in cold chain logistics, and 
estimating energy use in cities. This shows that they can be used in a wide range of 
smart transportation areas [16], [18], [20], [21].  
 
As the need for transportation systems that are data-driven and responsive grows, 
combining LSTM and K-Means can help from both a technical and a policy point 
of view. This method lets transportation managers make service plans based on 
accurate predictions, like dynamic scheduling, better fleet allocation, and more 
flexible management of passenger density. In the academic world, this method 
opens up a lot of research possibilities for creating hybrid machine-learning models 
for smart cities and transportation systems of the future. So, using LSTM and K-
Means is a new way to do things that is very important for making the urban 
transportation system more creative, useful, and focused on the needs of users. 
 
3. METHODS 
 
This research uses a quantitative approach with a case study method at the Jepara 
Bus Terminal. The data obtained comes from the Jepara Regency Transportation 
Office, which is publicly available through the official application of the Jepara 
Central Bureau of Statistics at the link: https://jeparakab.bps.go.id/id/statistics-
table/1/ODMyIzE=/banyaknya-lalu-lintas-kendaraan-umum-di-terminal-bus-
jepara--2023.html in the form of total passengers recorded every month during a 
specific period. The research process consists of four main stages: data cleaning 
and pre-processing, passenger segmentation using the K-Means algorithm, 
dimension reduction via Principal Component Analysis (PCA) for cluster 
visualization, and forecasting future passenger numbers using the Long Short-
Term Memory (LSTM) model. The complete flow of the method is shown in 
Figure 1. 
 
3.1. Data Cleaning 

 
The data was obtained from the Jepara Regency Transportation Agency in CSV 
format, which includes the number of passengers arriving and departing for each 
mode of transportation per month. At this stage, the raw data requires pre-
processing to ensure quality and consistency. Some data entries have blank values 
or use a hyphen ('-') in the number column. This data is handled by replacing the 
hyphen character with zero, then all columns related to passenger numbers are 
converted to a numerical format. Next, adjustments were made to the data 
structure. The data headers, consisting of two rows, were manually combined to 
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form more descriptive column names, such as 'BUS_ARRIVAL' and 
'BUS_DEPARTURES'. Irrelevant rows, such as the total row and rows with empty 
values (NaN) in the MONTH column, were removed to maintain data integrity. 
After the data was cleaned, the TOTAL_PASSENGERS variable was calculated 
by summing the number of passengers arriving and departing each month, which 
then became the primary focus for segmentation and forecasting. This approach 
ensures that the data used for analysis is clean, complete, and ready for further 
processing by the model. 
 

 
 

Figure 1. Workflow of passenger mobility forecasting and segmentation  
 
3.2. Segmentasi K-Means 
 
K-Means Clustering was applied to group months in a year based on passenger 
mobility patterns. K-Means is an unsupervised machine learning algorithm, 
meaning that the data is not labeled beforehand - the system automatically looks 
for patterns or groups (clusters) in the data [22]. This algorithm divides data into 
(k) clusters, with members in one cluster having similar characteristics. The 
minimized objective function of K-Means is the sum of the squares of the 
distances between each data point and its nearest cluster center, as shown in 
Equation 1. 
 

 J=∑ ∑ |xj∈Si xjk
i=1 -μi|

2 				     (1) 
 
The selection of the number of clusters (k) was based on testing several scenarios 
and evaluated using the Silhouette Score, a metric that measures how similar 
members within a cluster are to one another and how different they are from other 
clusters. Based on the tests conducted, the highest Silhouette Score was obtained 
at k=3, with a score of 0.785. This value indicates that dividing the data into three 
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clusters is the most optimal and effective configuration. Therefore, the value k=3 
was selected for mobility pattern segmentation, resulting in descriptive and 
relevant categories for terminal managers, namely low, medium, and high mobility. 
Combining K-Means with time forecasting techniques can improve the accuracy 
of predicting conditions that require a predetermined number of clusters, which 
can affect the results [23]. 
 
3.3. PCA Visualization 
 
To make the segmentation results more straightforward to understand, 
dimensionality reduction using Principal Component Analysis (PCA) is performed. 
PCA is a multivariate statistical technique that reduces the dimensionality of large 
data sets while maintaining interpretability and minimizing information loss by 
generating new uncorrelated variables that capture the variance of the original data 
[24]. PCA serves to project high-dimensional data into two main dimensions while 
retaining as much information or variation in the data as possible [25]. This allows 
cluster results to be visualized intuitively in the form of a two-dimensional graph. 
Recent studies have explored PCA in Rieman manifolds, enabling effective 
dimensionality reduction in spaces with varying curvature, such as hyperbolic and 
spherical geometries [26]. 
 
In PCA visualization, a stage is needed to help visualize the results of K-Means 
segmentation. Segmentation aims to group the months of the year into several 
mobility categories, such as low, medium, and high. Steps are taken by inputting 
public vehicle transportation data, each of which has an arrival and departure flow. 
All features are put into a feature matrix X, which is then standardized using Scikit-
Learn's SrandardScaler method, as in Equation 2. 
 

Z= X-μ
σ

                                                                 (2) 
 
After the data is standardized, a dimension reduction process is performed using 
PCA. In this study, PCA was configured to extract two principal components 
(n_components = 2). The aim is to simplify the complexity of the data but also to 
facilitate visualization of the segmentation results in two dimensions. The 
covariance matrix 𝐶𝑜𝑣(𝑋) is calculated as in Equation 3, and the data is reduced 
in dimension 𝑋PCA as in Equation 4. 
 

             Cov(X)= 1
n-1
(X-X))T(X-X))         (3) 

                          
       XPCA=X⋅W                                                                  (4) 
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The next step is to apply the K-Means Clustering algorithm to the PCA 
transformation results. This algorithm is used to group the data into three clusters 
(n_clusters = 3) based on pattern similarity. The initialization process is done 
randomly, and the iteration is done until the centroid position is taken. Due to the 
uneven distribution of some initial features, an additional approach of logarithmic 
transformation of the initial features, i.e., the logarithm of (value + 1), was 
performed to avoid errors when processing zero values, as in Equation 5. 
 

      Xlog= log(1+X)                                                     (5) 
 
After the logarithmic transformation is applied, the whole process is re-
standardized on the new data. The final PCA results are stored in two new 
columns, PCA1 and PCA2, which represent the two principal components of the 
dimensionality reduction results. To clarify the segmentation results, a two-
dimensional visualization was created using Plotly Express. This interactive scatter 
plot displays each point as a representation of the month, positioned based on the 
PCA1 and PCA2 values and colored according to the cluster. 
 
3.4. LSTM Forecasting 
 
The Long Short Term Memory (LSTM) model is used for time series data 
modeling due to its ability to capture long-term dependencies and complex 
temporal relationships [27]. The research continues to the time series forecasting 
stage using Long Short-Term Memory (LSTM), a Recurrent Neural Network 
(RNN) architecture that is very effective for handling time series data such as 
monthly passenger trends. LSTMs are specifically designed to overcome the 
limitations of conventional RNNs in capturing long-term relationships in 
sequential inputs [28]. With this design, the LSTM can remember long-term 
patterns that appear in public transportation data.This can be seen in Figure 2.  
 
The time series data, TOTAL_PASSENGERS, is normalized using MinMaxScaler 
so that all values are within the range of 0 - 1 so as to speed up the learning process. 
The dataset is then formed in a sliding window format with time-step = 3. Next, 
the data is organized in a sliding window format to learn the relationship model 
between the previous three months and the month to be predicted. The Long 
Short-Term Memory (LSTM) model is trained for 100 - 200 epochs, with a batch 
size of 16. After training, the model is used to predict the number of passengers 6 
months ahead.  
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Figure 2. Forecasting using LSTM 

 
During the training process, model performance was rigorously evaluated using 
Mean Squared Error (MSE). This metric was chosen to measure the average square 
of the difference between the predicted value 𝑦, and the actual value 𝑦. The 
mathematical formulation of MSE is given by Equation 6. 
 

                 MSE= 1
N
∑ -yi-yi,.

2N
i=1                                                        (6) 

 

                         RMSE=/ 1

N
∑ -yi-yi,.

2
N
i=1                                                                                    (7) 

 

               MAE= 1
N
∑ 0yi-yi,0
N
i=1                                                          (8) 

 
The consistent decrease in MSE values during the training process indicates that 
the LSTM model is capable of learning and recognizing complex time patterns in 
historical data. To provide a more comprehensive overview of the model's 
prediction accuracy, additional evaluation metrics such as RMSE (Root Mean 
Squared Error) and MAE (Mean Absolute Error) were also used. From the results 
obtained, the MSE value is 0.0353, RMSE is 0.1878, and MAE is 0.1528. 
 
3.5. Equipment used and time required 
 
In this study, the entire model development and training process was conducted 
using Python programming. Google Colab was used as the main platform, along 
with Scikit-learn and NumPy for data pre-processing and numerical manipulation. 
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The hardware specifications used for model training are: 
1) Processor (CPU) : AMD Ryzen 5 Pro 4650U with Radeon Graphics (12 

CPU). 
2) Memory (RAM) : 238.46 GB. 

 
The training time for the LSTM model varies depending on the configuration of 
hyperparameters such as the number of epochs (100-200) and batch size (16). Each 
model training session takes about 3 minutes to converge, ensuring that the model 
learns effectively from historical data. 
 
4. RESULTS AND DISCUSSION 
 
4.1. Experimental Performance 
 
Based on data obtained from the Jepara Regency Transportation Office, 
passenger mobility patterns at the Jepara Bus Terminal show a significant 
variation in the number of passengers each month. The types of vehicles 
recorded include buses, microbuses, pickups, public transportation, rural 
transport both arrival and departure dates. This can be seen in Table 1. 

 
Table 1. Data table 

Bus MicBus Pickup Publik 
Trans 

Rural 
Trans Total 

Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep Arr Dep 
885 841 7072 6789 0 0 228 216 190 182 8375 8029 
806 766 6444 6186 0 0 208 197 173 166 7631 7316 
906 861 7241 6951 0 0 233 222 194 187 8574 8220 
828 787 6619 6354 0 0 213 203 178 171 7837 7514 
889 844 7103 6819 0 0 229 217 191 183 8411 8064 
1316 1293 13055 12533 0 0 421 400 350 336 15187 14562 
1487 1413 14266 13695 0 0 460 437 383 368 16596 15912 
1607 1526 15412 14795 0 0 496 472 414 397 17929 17191 
2853 2711 27371 26276 0 0 882 838 735 705 31840 30529 
1508 1433 14464 13886 0 0 466 443 388 373 16826 16134 
1355 1287 12998 12478 0 0 419 398 349 335 15121 14498 
1285 1221 12330 11837 0 0 397 377 331 318 14343 13753 
1577

0 
1498

3 
14437

5 
13859

9 0 0 442
0 

442
0 

387
6 

372
1 

16867
0 

16172
2 

 
From the preliminary visualization results, it can be seen that September is the 
period with the highest number of passengers. Meanwhile, February tends to have 
a lower volume of passengers, a factor that could be due to weather or holidays 
that could cause a surge. This issue can be addressed by using monthly 
categorization based on passenger traffic density so that terminal operational 
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management can be adjusted. The number of passengers per month is shown in 
Figure 3. 
 

 
Figure 3. Number of passengers per month 

 
To group these mobility patterns, the K-Means Clustering method was applied. 
The selection of the number of clusters (k) was evaluated using the Silhouette 
Score. Based on the test, the highest Silhouette Score (0.785) was achieved at k=3, 
confirming that three clusters are the optimal choice for this data. The value k=3 
was chosen to provide a more detailed operational categorization, namely Low, 
Medium, and High. The results of the Silhouette Score evaluation for various 
numbers of clusters can be seen in Table 2. 
 

Table 2. Silhouette scores for various cluster counts in K-Means Clustering 
Number of Clusters (k) Silhouette Score 

2 0.661 
3 0.785 
4 0.725 

 
Principal Component Analysis (PCA) cluster visualization helps show the 
distribution between clusters in a two-dimensional space, making it easier to 
understand for policymakers. The data used for clustering are eight features of the 
number of vehicles based on the fund type of movement direction. All data were 
logarithm transformed using 	log(1 + 𝑥) to overcome the non-normal 
distribution, then standardized with Z-score so that the features have a balanced 
scale. 
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The PCA scatter plot visualization Figure 4 shows that the three clusters are well 
separated, indicating the success of the mobility pattern grouping. These clusters 
map the months of the year into different mobility categories, such as September, 
which has the highest passenger volume and is identified as a cluster with high 
mobility. 
 

 
Figure 4. Visualisasi of passenger mobility clusters using PCA and K-Means 

 
The next step is to build a predictive model to estimate the number of passengers 
in a specific period. The model that will be used is Long Short-Term Memory 
(LSTM), which is a type of Recurrent Neural Network (RNN) designed to handle 
patterns in time series data, especially those containing long-term dependencies. In 
forecasting the number of passengers for the next 6 months, 39.321 million people 
were recorded, indicating that LSTM has proven effective for predicting the future. 
 
The data used in model training is the TOTAL_PASSENGER time series per 
month, which has been normalized using MinMaxScaler to speed up the learning 
process and reduce the risk of bias. By using a sliding window approach and a time-
step of three, the LSTM model can learn from the previous three months to predict 
the number of passengers in the following month. 
 

Table 3. LSTM Forecasting Model Performance Evaluation Results 
Evaluation Metric Value 

Mean Squared Error (MSE) 0.0304 
Root Mean Squared Error (RMSE) 0.1745 

Mean Absolute Error (MAE) 0.1456 
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The constructed LSTM model consists of one 64-unit LSTM layer and one Dense 
output layer. Model training was conducted for 100 to 200 epochs. During the 
training process, model performance was rigorously evaluated using Mean Squared 
Error (MSE). This metric was chosen to measure the average square of the 
difference between the predicted value y, and the actual value y. The consistent 
decrease in MSE values during the training process indicates that the LSTM model 
is capable of learning and recognizing complex time patterns in historical data. To 
provide a more comprehensive overview of the model's prediction accuracy, 
additional evaluation metrics such as RMSE (Root Mean Squared Error) and MAE 
(Mean Absolute Error) were also used. From the results obtained, the MSE value 
is 0.0353, RMSE is 0.1878, and MAE is 0.1528, can be seen in Table 3. 
 

 
Figure 5. Forecasted passenger volume for the next six months 

 
Figure 5 shows a comparison of actual monthly passenger volumes and LSTM 
model forecasts for the next six months. From this visualization, it can be seen 
that the model successfully captures the fluctuation patterns in the historical data, 
including spikes in certain months. After the actual data ends in December, the 
model predicts passenger volumes that tend to be stable or slightly increasing. 
These predictions are consistent with the seasonal patterns identified by the model, 
providing valuable insights for short- to medium-term operational planning. 
 
In this research, it is evident that the integration between the LSTM forecasting 
method and K-Means segmentation provides valid results for Jepara bus terminal 
managers. Segmentation helps in grouping busy and non-peak operational periods, 
while the LSTM model provides predictive guidance that can be used for short-
term planning. This finding is in line with previous research, which shows that 
machine learning and deep learning-based approaches have great potential to be 
applied in the management of public transportation systems [29], [30].  
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4.2. Discussion 
 
The K-Means clustering results effectively answered the research objectives related 
to passenger mobility segmentation by identifying three distinct mobility clusters: 
Low, Medium, and High. Based on the PCA visualization, September consistently 
fell within the high mobility cluster, indicating a peak period of passenger activity. 
Conversely, months such as January and February tended to fall within the low 
mobility cluster. 
 
This categorization provides significant practical benefits for the management of 
Jepara Bus Terminal. During months with high mobility, management can 
consider increasing bus frequency, allocating additional staff at ticket counters and 
waiting areas, and enhancing facility capacity to avoid congestion and passenger 
inconvenience. During periods of moderate mobility, operations can run normally, 
though monitoring is still required to anticipate sudden changes. Meanwhile, 
months with low mobility can be utilized for bus fleet maintenance schedules, staff 
training, or terminal infrastructure improvements without significantly disrupting 
services. 
 
The LSTM model did a great job of predicting how many passengers there would 
be. The Mean Squared Error (MSE) value of the model went down steadily during 
training, which showed that the model was good at finding time series patterns in 
historical data. The trend analysis of the 6-month forecast graph showed patterns 
that were similar to past data, such as possible increases or decreases in the number 
of passengers. These predictions greatly support operational decisions. For 
example, forecasts of passenger surges in certain months give management enough 
time to prepare, such as ordering additional buses or arranging staff shifts. The 
model's ability to provide short- to medium-term predictions enables more 
proactive and efficient planning. 
 
This study is in line with similar research showing the effectiveness of LSTM in 
predicting passenger numbers in the context of public transportation. For example, 
a survey by [10] demonstrated the ability of LSTM in predicting the volume of 
passengers on the Jakarta Busway, confirming the relevance of this deep learning 
model in urban transportation management. The consistency of these results 
reinforces the argument that deep learning-based models, such as LSTM, excel at 
handling complex and non-linear time series data compared to traditional methods. 
 
According to research that has been conducted, methods such as ARIMA have 
difficulty identifying long-term patterns and non-linear dependencies that are often 
found in mobility data. In this case, significant changes in September and other 
seasonal patterns make linear models such as ARIMA difficult to work well. LSTM 
models, on the other hand, are more effective at capturing these patterns thanks 
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to their architecture, which can store information over long periods. This is 
evidenced by high accuracy rates on evaluation metrics such as RMSE and MAE. 
The unique contribution of this research lies in the integration of LSTM 
forecasting with K-Means segmentation in the specific context of the Jepara Bus 
Terminal. This combination not only provides passenger volume predictions but 
also categorizes operational periods, offering a more comprehensive dual insight 
for terminal management decision-making. 
 
This model demonstrates good performance; however, it should be noted that 
external factors such as extreme weather conditions, major national holidays (e.g., 
Eid al-Fitr or Christmas), or special events (e.g., concerts or demonstrations) have 
not been integrated into the model. These factors can significantly affect passenger 
volume and potentially cause prediction inaccuracies if not taken into account. 
Therefore, future research could focus on incorporating these external factors as 
additional features to improve model accuracy. In addition, integration with real-
time data from IoT sensors or tracking systems could enable more dynamic and 
responsive operational adjustments. This approach can also be expanded to 
analyze and predict mobility in other modes of transportation (e.g., trains, planes) 
or in more complex multimodal terminals, as well as explore other deep learning 
algorithms or more advanced hybrid architectures. 

 
5. CONCLUSION 
 
This model has shown promising results, but it's important to remember that it 
doesn't take into account things like extreme weather, major national holidays (like 
Eid al-Fitr or Christmas), or special events (like concerts or protests). If these 
factors are not taken into account, they can have a significant effect on the number 
of passengers and make predictions less accurate. So, future research could look 
into adding these outside factors as new features to make the model more accurate. 
Also, connecting to real-time data from IoT sensors or tracking systems could 
make it possible to make operational changes that are more flexible and responsive. 
This method can also be used to look at and predict how people will move in other 
types of transportation, like trains and planes, or in more complicated multimodal 
terminals. It can also be used to look into other deep learning algorithms or more 
advanced hybrid architectures. 
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