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Abstract: The rapid growth of motor vehicles in urban areas has led to an increasing demand for parking facilities and 

requires tariff policies that are more adaptive to actual field conditions. This study aims to develop a parking revenue 

potential classification model to support the formulation of progressive parking tariff policies using a data-driven and 

spatial analysis approach. The dataset includes vehicle attributes, parking volume, and temporal parking usage patterns. 

Parking revenue potential is categorized into low, medium, and high classes using a quantile-based approach. Unlike 

most previous studies that focus on parking occupancy prediction, this study proposes a revenue-oriented 

spatiotemporal classification model integrating spatial coordinates and temporal parking patterns to support adaptive 

tariff policy formulation. The Random Forest algorithm is applied to classify parking revenue potential into low, 

medium, and high categories, achieving an accuracy of 90.24% for two-wheeled vehicles and 89.02% for four-wheeled 
vehicles. The classification results are integrated into an interactive Streamlit-based dashboard that visualizes the spatial 

distribution of parking revenue potential and enables simulations of progressive tariff adjustments based on spatial 

zones and temporal conditions. The proposed system functions as a decision support tool for parking management, 

aiming to improve operational efficiency and sustainably increase regional parking revenue. 

 

Index Terms: Parking, Progressive Tariff, Random Forest, Classification, Spatial Analysis, Interactive Dashboard. 

 

 

1. Introduction 

Urban parking management has become a critical issue in many cities due to increasing vehicle ownership and 

limited parking space availability. Ineffective parking control may lead to illegal parking practices that disrupt traffic 

flow and reduce urban sustainability [1]. In the Indonesian context, parking management is closely related to local 

government revenue through parking retribution schemes, which are regulated by regional policies [2, 3]. 

Several studies have examined parking retribution and tariff policies as instruments to increase local revenue while 

maintaining public acceptance. Progressive on-street parking tariffs based on parking duration have been proposed as an 

effective approach to regulate parking demand in urban areas [4]. Policy evaluations also show that parking tariff 

increases must be supported by clear regulatory frameworks to ensure effectiveness and fairness [5]. 

Comprehensive parking management strategies emphasize not only pricing mechanisms but also demand 

management and system efficiency. Litman [6] highlighted that parking pricing plays a strategic role in influencing user 
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behavior and optimizing parking utilization. Progressive pricing strategies have further been discussed as a tool to 

manage parking demand and improve revenue performance [7, 8]. 

Recent advancements in data analytics and machine learning have enabled more accurate modeling of parking 

demand and user behavior. Machine learning approaches have been applied to predict parking demand and analyze the 

impact of parking fees on parking behavior [9]. Spatial and temporal characteristics of parking occupancy have also 

been explored using clustering and predictive modeling techniques [10, 11]. These developments indicate the potential 

of data-driven approaches to support more adaptive and efficient parking management policies. Although previous 

studies have investigated parking demand prediction and pricing mechanisms, limited research focuses on parking 

revenue potential classification integrating spatial attributes and machine learning techniques for policy-oriented tariff 

design. Therefore, this study proposes a Random Forest-based spatiotemporal classification model to support adaptive 

progressive parking tariff policies. 

2. Related Work 

Smart parking systems have been widely studied as part of intelligent transportation systems through the 

integration of Internet of Things (IoT), data analytics, and machine learning technologies. Channamallu et al. [12] 

conducted a comparative study of parking occupancy prediction models and demonstrated that machine learning-based 

approaches outperform traditional statistical methods. Similarly, Wang et al. [13] highlighted the importance of 

predictive analytics in optimizing revenue within smart parking ecosystems. However, these studies mainly emphasize 

parking occupancy prediction and operational efficiency, while limited attention has been given to revenue-oriented 

classification models that support tariff policy formulation. 

Machine learning and deep learning techniques have been extensively applied to parking availability and demand 
prediction. Awan et al. [14] compared various machine and deep learning models and found that ensemble-based 

methods provide robust performance across different parking scenarios. Deep learning approaches have also been 

employed to classify traffic and parking patterns in smart city environments, particularly for handling complex 

spatiotemporal data [15]. Despite their effectiveness in prediction tasks, these approaches generally focus on parking 

availability forecasting rather than analyzing the potential revenue distribution of parking locations. 

Among ensemble learning methods, Random Forest has gained significant attention due to its robustness against 

overfitting and its ability to handle heterogeneous features. Chen et al. [16] provided a comprehensive guide on the 

application of CART and Random Forest models in decision-making problems. Random Forest has also been 

successfully applied in applied classification tasks using structured datasets, further supporting its suitability for 

practical data-driven analysis [17]. Nevertheless, the application of Random Forest specifically for spatially informed 

parking revenue classification remains relatively underexplored. 
Machine learning approaches have also been utilized in broader transportation studies to model temporal dynamics 

and mobility patterns. Li et al. [18] emphasized the role of temporal predictability in transportation systems, 

highlighting the importance of incorporating time-based features into analytical models. 

Adaptive and dynamic pricing mechanisms have been explored as demand management tools in transportation 

systems. Valogianni et al. [19] investigated adaptive pricing strategies to regulate user behavior and system efficiency. 

In the context of smart parking, IoT-enabled architectures combined with advanced analytics have been proposed to 

support intelligent parking management [15, 20]. 

Despite the growing body of research on smart parking systems, most existing studies primarily focus on parking 

occupancy, availability, or demand prediction rather than revenue-oriented classification [12, 14, 15]. Furthermore, the 

explicit integration of spatial attributes such as parking location coordinates into machine learning-based parking 

revenue classification models remains limited [18, 21]. Therefore, this study addresses these gaps by proposing a 
Random Forest-based spatiotemporal classification framework to support adaptive and progressive parking tariff policy 

formulation. Recent studies increasingly explore the integration of machine learning and Internet of Things (IoT) 

technologies for data-driven parking management in smart city environments [22]. Advanced frameworks such as 

digital twin systems and deep learning models have also been proposed to improve parking demand prediction and 

urban mobility optimization [23, 24]. These developments highlight the growing role of data-driven analytics in 

supporting more adaptive and evidence-based parking management policies. 

3. Materials and Methods 

This research adopts a quantitative methodology integrating Data Mining and Spatial Analysis approaches. The 

overall workflow of this study is illustrated in Fig. 1, follows a systematic sequence of four main phases: (1) Data 

Collection, (2) Data Preprocessing, (3) Model Development and Evaluation, (4) Dynamic Progressive Pricing, and (5) 
Spatial Analysis Dashboard Streamlit Visualization. 
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Fig. 1. Research workflow of the adaptive parking tariff system. 

3.1. Data Collection 

The dataset used in this study consists of both secondary and primary data. The secondary data were obtained from 

the official report archives of the Badan Perencanaan Pembangunan, Penelitian, dan Pengembangan Daerah 

(BAPPEDALITBANG, the Regional Development Planning, Research, and Innovation Agency) of Banyumas Regency. 

The data, recorded in 2023, were collected as part of the regional parking retribution management and fiscal evaluation 

program. These data include information on parking revenue, vehicle volume, and operating time for motorcycles and 

cars across several urban parking locations. 

In addition, primary data were collected by the researcher through direct field observation to obtain the spatial 

coordinates (latitude and longitude) of each parking point. The coordinates were initially recorded manually based on 
the identified parking locations. To minimize potential positional inaccuracies, the recorded coordinates were cross-

checked and validated using multiple digital mapping platforms, including Google Maps and OpenStreetMap. This 

validation step helps ensure spatial consistency and improves the positional accuracy of the dataset for geospatial and 

machine learning analysis. 

A total of 407 data records were compiled, each representing one parking location within the Banyumas Regency 

area. Although the dataset consists of 407 records, it represents official parking locations recorded by the local 

government. Therefore, each observation reflects an actual operational parking point, providing realistic insights into 

urban parking revenue distribution. The dataset was obtained from official records provided by the Regional 

Development Planning Agency (BAPPEDALITBANG), ensuring data reliability and authenticity. 

To enhance model interpretability, the original attributes from the BAPPEDALITBANG report were refined and 

transformed into specific independent and dependent variables used in the analysis, as summarized in Table 1. 

Table 1. Summary of Research Variables. 

Type of Variable Variable Name Description 

Independent Variables 

(Features) 

Spatial Data Latitude, Longitude, and Parking Point Name 

Quantitative Data Vehicle count (motorcycles and cars) for weekday and weekend. 

Temporal Data 
Peak, moderate, and off-peak hours for weekdays and weekends 

(decimal format). 

Revenue Data Annual parking revenue per vehicle type. 

Dependent Variable (Target) Tariff Potential Class 
Categorical classification (Low, Medium, High) based on annual 

revenue quantiles. 

 

By combining spatial and fiscal data, the resulting dataset supports both machine learning–based prediction and 

spatial analysis of parking tariff potential. The refined structure ensures that each observation contains synchronized 

spatial, temporal, and financial information necessary for adaptive policy modeling. 

3.2. Data Preprocessing and Feature Engineering 

This stage aims to transform the raw dataset into a clean and structured format suitable for processing by the 

Machine Learning model. Several preprocessing techniques were applied to improve data consistency, accuracy, and 

readiness for model training. 

3.2.1. Data Cleaning 

1. Data Encoding: Revenue values originally stored in text format (e.g., “IDR 150,000”) were converted into 

numerical decimal form (e.g., 150000.0) to ensure computational compatibility within the model. 

2. Time Data Conversion: Time-range attributes (e.g., “15.00–17.00”) were transformed into single average 

decimal hour values (e.g., 16.0) using a custom converttimerange() function. The resulting values were utilized 

as quantitative features in the model. 
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3. Missing Value Imputation: Missing values (NaN) detected in numerical attributes such as vehicle quantity, 

revenue, and time (decimal hours) were imputed using median or mean substitution, depending on the 

variable’s distribution. This step ensured that no critical records were removed during model training, thereby 

maintaining the dataset’s statistical integrity and sample completeness. 

 

After performing the data cleaning and imputation process, a total of 405 valid data records remained from the 

initial 407. Two records were removed due to incomplete or inconsistent attribute values that could not be corrected 

during preprocessing. 

3.2.2. Data Splitting 

Following data cleaning, the dataset was divided into training and testing subsets using an 80:20 ratio to enable 

unbiased model evaluation. The train_test_split() function from the scikit-learn library was utilized to ensure random 
yet reproducible sampling. Consequently, 324 records were allocated for model training and 81 records for testing. This 

approach maintains data representativeness while preventing overfitting during the training phase. Although k-fold 

cross-validation is commonly used to obtain more robust model evaluation, this study adopted a train–test split strategy 

due to the moderate dataset size and the need to preserve sufficient samples for model training. This approach ensures 

an independent testing subset while maintaining data representativeness. Future studies may explore k-fold cross-

validation to further improve model robustness and reduce potential overfitting risks. 

3.2.3. Feature Engineering 

1. Total Revenue Aggregation: New columns, TotalRevenueMotorcycle and TotalRevenueCar, were generated by 

aggregating the annual revenue data from respective vehicle categories. 

2. Formation of Potential Class (Target Variable): The total annual revenue was transformed into categorical labels 

using the Quantile Binning technique (pd.qcut). The resulting classes represent the parking point’s revenue 
potential: 

a) Low Class: First quantile (lowest 33% of revenue); 

b) Medium Class: Between the first and third quantiles (middle 34%); 

c) High Class: Third quantile and above (highest 33% of revenue). 

 

Although preprocessing techniques such as mean/median imputation and quantile-based binning are commonly 

used in machine learning pipelines, their use in this study aims to improve data reliability and enhance model 

interpretability. Median imputation was selected because it is more robust to extreme values than mean substitution, 

particularly for revenue-related attributes. 

Meanwhile, quantile-based binning transforms continuous revenue values into categorical classes (Low, Medium, 

High), allowing the Random Forest classifier to capture relative differences in revenue potential among parking 
locations. This transformation also helps reduce noise in the dataset and improves the model’s ability to identify 

meaningful relationships between spatial, temporal, and vehicle-volume features. 

Furthermore, the quantile-based labeling strategy was adopted to mitigate potential class imbalance during model 

training. Rather than representing absolute economic thresholds, the resulting classes reflect the relative revenue 

performance of parking locations within the study area. This relative classification enables policymakers to identify 

low-, medium-, and high-potential parking zones to support adaptive parking tariff policies while maintaining stable 

model performance. 

 

 

Fig. 2. Distribution of Annual Total Revenue by Potential Class for Motorcycles and Cars. 
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The resulting distribution of total annual parking revenue for motorcycles and cars after quantile-based 

categorization is illustrated in Fig. 2. The histogram and KDE (Kernel Density Estimation) plots show the skewness and 

separability of revenue across the three classes, confirming that quantile binning effectively partitions the data into 

balanced revenue-based segments for model training. 

3.3. Random Forest Classification Model 

3.3.1. Model Structure and Working Principle 

The Random Forest Classifier (RFC) constructs multiple decision trees and aggregates their outputs through a 

majority-voting mechanism to enhance predictive accuracy and minimize overfitting. Each decision tree is trained on a 

random subset of features and data samples, thereby promoting model diversity. This ensemble approach improves 

generalization by reducing variance across individual trees. 

The majority-voting principle is mathematically expressed in Equation (1), where the final class prediction yˆ is 
determined by the most frequent class output among T individual decision trees: 

 

  ̂  mode                      (1) 

 

where  ̂represents the final prediction result, mode refers to the prediction value that appears most frequently, and 

     is the prediction produced by the 𝑡-th decision tree. Each tree generates its prediction independently, and the final 

classification result is determined through a majority voting mechanism, which selects the class that appears most 

frequently among all decision trees. 

3.3.2. Gini Impurity and Node Splitting Criterion 

The optimal split at each node is determined using the Gini Impurity, which measures the degree of class 

heterogeneity within a node. The Gini impurity for a node Si and its corresponding split are calculated as shown in 

Equation (2) and Equation (3). 
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where pj denotes the probability of class j in node Si, ni is the number of samples in subset Si, and n represents the total 

number of samples in the parent node. A lower Gini value indicates a purer node and therefore a better feature split. 

3.3.3. Model Training and Evaluation 

The Random Forest model was tuned using several hyperparameters summarized in Table 2. The modeling process 

was conducted systematically to ensure robustness and reliability in the classification outcomes. The dataset was 

divided into training and testing subsets using an 80:20 ratio, where the training data were used to construct the model 

and the testing data to evaluate generalization performance on unseen samples. The hyperparameter configuration was 

selected based on commonly adopted settings in ensemble learning literature and preliminary experimentation on the 

dataset. The number of trees (n_estimators = 150) was chosen to ensure stable ensemble voting while maintaining 

computational efficiency. The maximum tree depth was limited to 15 to capture nonlinear relationships while 

preventing excessive model complexity that could lead to overfitting. These parameter choices provide a balance 
between predictive performance and model generalization for the dataset size used in this study. Although k-fold cross-

validation is commonly used for model validation, a train–test split strategy was adopted in this study to preserve a 

sufficient number of samples for model training while maintaining an independent dataset for evaluation. Considering 

the moderate dataset size, this approach provides a practical compromise between training stability and unbiased 

performance assessment. 

Subsequently, the Random Forest Classifier was trained separately for each vehicle category motorcycles and cars, 

using predictive features such as vehicle quantity and average parking duration. These features were employed to 

predict the corresponding target variables, Class_Motorcycle and Class_Car, which represent the parking tariff potential 

categories: Low, Medium, and High. 

3.3.4. Performance Metrics 

After model training, performance was evaluated using standard classification metrics derived from the confusion 

matrix: True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). The evaluation metrics 
are defined as follows: 
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As shown in Equation (4), Accuracy measures the overall proportion of correctly classified instances, while 

Precision and Recall, defined in Equations (5) and (6), evaluate the model’s exactness and completeness in identifying 

the correct class. The F1-Score, expressed in Equation (7), represents the harmonic mean of Precision and Recall, 

providing a balanced performance indicator that is particularly useful in datasets with class imbalance. 

All modeling and evaluation processes were implemented using the scikit-learn Python library, ensuring 

reproducibility and methodological consistency. 

Table 2. Random Forest Hyperparameters. 

Hyperparameter Value Description 

n_estimators 150 Number of trees for stable voting and generalization 

max_depth 15 Maximum tree depth to capture complex relationships 

min_samples_split 2 Minimum samples required to split an internal node 

min_samples_leaf 3 Minimum samples required at a leaf node 

bootstrap TRUE Enables bootstrap sampling to improve robustness 

random_state 42 Ensures reproducibility 

criterion Gini Gini impurity as split quality function 

3.4. Adaptive and Dynamic Progressive Tariff Scheme 

The predicted parking potential class is used as input for an adaptive pricing mechanism, where each class is 

assigned an adaptive base tariff and a dynamic surcharge applied during peak hours. This strategy aims to regulate 

parking demand while simultaneously maximizing parking revenue. The classification result (potentialclass) is directly 

used as an input for the adaptive tariff function, making the system both dynamic and progressive. 

3.4.1. Adaptive Base Tariff Allocation 

The adaptive base tariff scheme for each vehicle type and potential class is presented in Table 3. High-potential 

parking locations are assigned higher base tariffs to reflect their greater demand intensity, whereas low-potential 

locations implement lower tariffs to maintain accessibility and ensure an equitable distribution of parking demand. This 

adaptive structure allows tariff differentiation based on real spatial revenue potential, forming a data-driven foundation 

for equitable and efficient pricing policy. 

3.4.2. Dynamic Progressive Surcharge 

To further regulate parking behavior during high-demand periods, a dynamic progressive surcharge is applied 
during peak hours, as summarized in Table 4. High-potential areas receive the highest surcharge rates during peak 

periods, while low-potential zones are exempted from additional charges. This time-dependent mechanism provides 

flexibility for demand management, discouraging prolonged vehicle occupancy in high-demand locations. 

Table 3. Adaptive Base Tariff Scheme. 

Vehicle Type Potential Class Adaptive Base Tariff (IDR) 

Motorcycle High 3,000 

Motorcycle Medium 2,000 

Motorcycle Low 1,000 

Car High 5,000 

Car Medium 4,000 

Car Low 3,000 
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Table 4. Dynamic Progressive Surcharge System. 

Potential Class Time Condition (Hour > 9.0) Surcharge (IDR) 

High Yes 1,000 

Medium Yes 500 

Low Yes 0 

3.4.3. Final Tariff Formulation 

The overall adaptive tariff formulation is expressed in Equation (8): 

 

 Final Tariff = Adaptive Base Tariff + Progressive Surcharge (8) 

 

In this formulation, the Adaptive Base Tariff corresponds to the tariff value assigned based on the predicted 

revenue potential class (e.g., High: IDR 3,000; Medium: IDR 2,000; Low: IDR 1,000), while the Progressive Surcharge 

represents an additional fee imposed during predefined peak hours (e.g., after 09:00 AM). The surcharge value also 

adapts according to the location’s potential class, ensuring a more aggressive price increase for high-demand areas. This 
adaptive and dynamic tariff framework provides a data-driven foundation for balancing accessibility, regulating vehicle 

flow, and supporting fiscal optimization in urban parking management. 

3.5. Spatial Visualization and Dashboard 

To support tariff simulation and temporal demand analysis, parking activity is categorized into three time-based 

demand levels, namely Off-Peak, Moderate, and Peak hours. The classification rules for each time category are defined 

based on daily parking activity patterns and are summarized in Table 5. These time categories are used as inputs for the 

dynamic pricing simulation module in the dashboard. 

Table 5. Time Category Rules for Simulation. 

Category Time Range Decimal Hour Demand Characteristics 

Off-Peak 00:00–06:00, 22:00–24:00 hour ≤ 6 or hour ≥ 22 Low demand, minimal vehicles, night rest period 

Peak 09:00–19:00 9 < hour ≤ 19 
High demand, heavy vehicle volume, maximum 

activity period 

Moderate 06:00–09:00, 19:00–22:00 6 < hour ≤ 9 or 19 < hour < 22 
Transition demand, medium vehicle volume, 

morning and evening peak hours 

4. Results and Discussions 

4.1. Classification of Parking Revenue Potential Based on Quantile Thresholds 

The target variable, namely the Parking Revenue Potential Class (Low, Medium, High), was established using a 
quantile-based approach applied to the annual parking revenue distribution. This method ensures that each class 

represents an equal proportion of the empirical data, thereby reflecting realistic revenue stratification across parking 

locations. Table 6 presents the resulting revenue thresholds and the corresponding suggested base tariffs for motorcycles 

and cars. 

For motorcycles, the low potential class corresponds to locations generating less than IDR 13,344,000 annually, 

while high potential locations exceed IDR 25,075,008. In contrast, car parking locations exhibit lower revenue 

thresholds due to lower parking frequency, with high potential locations exceeding IDR 16,268,160 annually. 

These thresholds provide a quantitative foundation for adaptive tariff zoning, ensuring that base tariffs are aligned 

with actual parking demand and revenue generation capacity at each location. 

Table 6. Classification of Parking Revenue Potential Based on Quantile Thresholds. 

Vehicle Type Potential Class Actual Annual Revenue Threshold (IDR) Suggested Initial Base Price (IDR) 

Motorcycle 

Low Revenue <13,344,000 1,000 

Medium 13,344,000 – 25,075,008 2,000 

High Revenue >25,075,008 3,000 

Car 

Low Revenue <9,587,040 3,000 

Medium 9,587,040 – 16,268,160 4,000 

High Revenue >16,268,160 5,000 

Note: Suggested base prices are indicative values for adaptive tariff policy. 
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4.2. Random Forest Model Performance 

The Random Forest classifier demonstrates strong predictive performance for both vehicle categories. The 

classification accuracy achieved is 90.24% for motorcycles and 89.02% for cars, indicating reliable generalization on 

unseen test data. Although the obtained accuracy values appear relatively high, this performance can be explained by 

the strong relationship between vehicle volume, temporal parking patterns, and revenue generation. These variables 

provide highly informative signals for distinguishing revenue potential levels across parking locations. Therefore, the 

model is able to learn clear patterns in the dataset without requiring highly complex feature transformations. 

Table 7 summarizes the detailed classification metrics for each class. For motorcycle parking, the model achieves 

an F1-score of 0.96 for the High potential class, indicating excellent discrimination of high-revenue locations. Similarly, 

the Medium and Low classes show balanced precision and recall values, confirming the robustness of the model across 

all revenue segments. 
For car parking, the High potential class also exhibits strong predictive reliability with an F1-score above 0.91. The 

slightly lower performance for the Medium class reflects the overlapping revenue characteristics among moderate-

demand locations, which is common in real-world parking behavior patterns. 

The learning curve shown in Fig. 5 indicates that model accuracy stabilizes after approximately 40 trees, 

confirming that the selected hyperparameter configuration achieves a good balance between bias and variance. 

Meanwhile, the decision tree visualizations in Figures 3 and 4 illustrate how the Random Forest model captures 

complex nonlinear decision boundaries based on traffic volume and temporal demand features. 

4.2.1. Feature Importance Analysis 

To enhance model interpretability, feature importance analysis was conducted to evaluate the contribution of each 

predictor to the classification process. Fig. 6 presents the five most influential features for cars and motorcycles, 

respectively. Overall, vehicle volume is the most decisive factor for both vehicle types, while temporal variables refine 
classification. This analysis measured the relative contribution of each variable to the model’s classification. Fig. 6 

shows the five most influential features for cars and motorcycles, respectively. 

 

• Cars: Number of Cars (Weekday) = 0.4887, Number of Cars (Weekend) = 0.3544, with temporal variables 

(OffPeak, Moderate Hours) around 0.02–0.03. 

• Motorcycles: Number of Motorcycles (Weekday) = 0.4931, Number of Motorcycles (Weekend) = 0.3422, 
temporal factors (Off-Peak, Peak Hours) around 0.026–0.033. 

 

 

Fig. 3. Decision Tree for Motorcycle Classification. 
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These findings confirm that parking volume is the primary determinant of revenue potential, while temporal 

patterns act as complementary factors that improve classification precision. Although the dominance of vehicle volume 

may appear intuitive, the model provides quantitative evidence confirming its influence on parking revenue potential. 

This empirical validation is important because it supports transportation demand management theories that link parking 

demand intensity with pricing and revenue generation. Furthermore, the analysis demonstrates how temporal variables 

complement vehicle volume in refining the classification boundaries. 

 

 

Fig. 4. Decision Tree for Car Classification. 

 

Fig. 5. Learning Curve of Random Forest Model. 
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Fig. 6. Feature importance for motorcycles and cars.6 

4.2.2. Evaluation Confusion Matrix 

The Confusion Matrix Visualization Fig. 7 for motorcycles and cars confirm that most predictions align with actual 

labels, especially for the High and Medium classes, indicating that the Random Forest model effectively captures the 
variance of spatial and temporal factors influencing parking revenue potential. 

 

 

Fig. 7. Confusion Matrices for Motorcycle and Car Classification. 

Table 7. Random Forest Model Performance. 

Vehicle Type Accuracy Class Precision (Weighted) Recall (Weighted) F1-Score (Weighted) 

Motorcycle 0.90 

High 0.96 0.96 0.96 

Medium 0.8125 0.9286 0.8667 

Low 0.96 0.8276 0.8889 

Car 0.89 

High 0.8966 0.9286 0.9123 

Medium 0.8065 0.9259 0.8621 

Low 1 0.8148 0.898 

4.3. Visualization and System Implementation (Streamlit Dashboard) 

The research outcomes were integrated into an interactive web-based dashboard developed using Streamlit and 

publicly accessible at: https://parkingtariffprogressivebanyumas.streamlit.app/. The dashboard serves as a proof-of-

concept decision support system that combines machine learning classification, spatial visualization, and dynamic tariff 
simulation. 

A key feature of this system is its interactive spatial visualization. Each parking location is georeferenced with 

latitude and longitude coordinates, allowing users to explore the spatial distribution of parking revenue potential across 

the urban area. Users can click on individual parking points to view a popup containing comprehensive information for 

that location, including: 

 

https://parkingtariffprogressivebanyumas.streamlit.app/
https://parkingtariffprogressivebanyumas.streamlit.app/
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a) Predicted revenue potential class for both motorcycles and cars (Low, Medium, High). 

b) Base tariff assigned according to the classification and any adaptive progressive surcharge applied during peak 

hours. 

c) Location name for easy identification. 

d) Exact coordinates (latitude and longitude) for spatial reference. 

 

Fig. 8 illustrates the main dashboard interface, which consists of four integrated modules: 

 

1. Data Table Module: Displays raw and preprocessed datasets along with the assigned revenue potential classes. 

2. Visualization Module: Provides descriptive analytics, including revenue histograms, quantile thresholds, and 

24-hour parking demand trends. 
3. Modeling Module: Presents evaluation metrics such as accuracy, confusion matrices, and feature importance 

scores. 

4. Map & Simulation Module: Visualizes parking locations spatially on an interactive map. Each point is color-

coded based on the predicted potential class and enables real-time tariff simulation based on temporal 

conditions. Fig. 9 and Fig. 10 present the spatial visualization and tariff simulation interfaces. 

 

 

Fig. 8. Main dashboard interface. 

 

Fig. 9. Spatial visualization module. 
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Fig. 10. Tariff simulation module. 

This interactive spatial mapping functionality demonstrates how the proposed spatiotemporal classification model 

can be operationalized into a transparent, geographically adaptive, and evidence-based parking pricing mechanism, 

supporting both operational management and informed policy decisions. 

4.4. Discussion 

The analysis reveals a significant disparity between motorcycle and car revenue thresholds (Table 6). Despite 

lower per-unit tariffs, the higher frequency and volume of motorcycle parking result in substantially greater total 

revenues. This finding highlights the dominance of motorcycles in urban mobility patterns across Banyumas Regency 

and underscores the necessity for differentiated pricing policies based on vehicle type. The implication is that 

motorcycles, while individually low-cost, collectively contribute a major share of total parking income, reinforcing the 
rationale for adaptive and proportional tariff structures. 

Model validation results further confirm the robustness of the Random Forest classifier, achieving accuracy levels 

between 0.89 and 0.90 for both vehicle categories. These high performance metrics demonstrate the reliability of the 

model in classifying parking tariff potential across spatial zones. The results also indicate that vehicle volume is the 

most influential predictor, aligning with the principles of Transportation Demand Management (TDM), which 

emphasize parking density and temporal demand as key determinants of turnover rate and pricing elasticity. Such 

consistency between model outcomes and established theoretical frameworks validates the suitability of the Random 

Forest approach for fiscal and spatial policy modeling in urban contexts. 

The implementation of an adaptive and dynamic progressive pricing system further strengthens this analysis. The 

proposed framework integrates spatial adaptivity and temporal progressivity within a single pricing logic. Spatial 

adaptivity ensures that each parking location is assigned a base tariff according to its predicted potential class (Low, 
Medium, High), forming an Adaptive Spatial Tariff Map (Fig. 9). Meanwhile, temporal progressivity increases tariffs 

progressively during peak hours (e.g., after 09:00 AM) in proportion to the location’s potential class. For instance, in a 

simulation at Toko Satria, under conditions of “Motorcycle–Weekday–16:00–100 vehicles,” the model predicted a 

Medium Potential class with 0.98 confidence, resulting in a base tariff of IDR 2,000, a progressive surcharge of IDR 

500, and a final tariff of IDR 2,500. This two-dimensional pricing mechanism enables real-time demand management 

by encouraging turnover in high-demand areas while maintaining accessibility and equity in lower-demand zones. 

From a spatial policy perspective, the study provides a quantitative and integrated framework for local 

governments to design evidence-based parking tariff systems. By mapping the classification results (High, Medium, 

Low Potential) defined by the actual quantile thresholds (Table 6), policymakers can precisely delineate tariff zones 

aligned with fiscal potential and demand intensity. This zoning approach promotes a smart and sustainable fiscal 

management strategy, grounded in empirical revenue distribution patterns and supported by adaptive algorithms. The 
resulting spatial classification map functions as an analytical foundation for defining location-based tariffs, aligning 

with TDM objectives to optimize both parking utilization and municipal revenue in a balanced, data-driven manner. 
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5. Conclusion and Recommendations 

Based on the analysis and discussions presented in this study, it can be concluded that the research objectives have 

been successfully achieved. This research developed a Random Forest-based parking revenue potential classification 

model integrated with spatial analysis, serving as the foundation for formulating data-driven progressive parking tariff 

policies. The analysis effectively categorized parking locations based on vehicle type, usage volume, and temporal 

activity patterns. The application of quantile binning enabled the classification of parking points into three revenue 

potential classes: Low, Medium, and High, with a relatively balanced distribution. Spatial analysis further revealed that 

high-potential parking areas are concentrated in zones of high economic activity and urban mobility, while low-
potential areas are predominantly located in residential zones. Temporally, the highest parking demand occurs between 

09:00 and 17:00, indicating the necessity for time-based tariff adjustments. 

The Random Forest model demonstrated strong predictive capability, achieving 90.24% accuracy for motorcycles 

and 89.02% for cars using 150 decision trees with the Gini Index criterion. Weighted precision, recall, and F1-scores 

remained consistently high across all classes, reflecting good generalization performance and minimal overfitting. 

Feature importance analysis highlighted that vehicle volume, particularly weekday and weekend activity, is the most 

influential factor in determining parking revenue potential, while temporal variables act as complementary predictors 

that refine classification outcomes. Furthermore, the classification results were integrated into an interactive spatial 

dashboard that allows for the geographic visualization of parking revenue potential. Through its dynamic pricing 

simulation module, the system can adapt parking tariffs according to both spatial potential class and temporal demand, 

such as implementing higher tariffs during peak hours for high-potential areas. This approach enables transparent, 

equitable, and data-driven tariff zoning to support effective and adaptive parking management policies. 
For future development, several directions are recommended. The inclusion of additional spatial and contextual 

variables, such as traffic density, economic activity level, weather patterns, and seasonal variations, may enhance model 

robustness and policy responsiveness. Field validation of parking occupancy data is also essential to ensure the model’s 

predictions align with real-world operational conditions. The integration of real-time IoT-based data such as automated 

parking sensors, e-ticketing systems, and mobile parking applications would further enable dynamic and continuous 

tariff adjustment based on actual demand patterns. Additionally, incorporating the developed dashboard into local 

government digital parking management systems would facilitate transparent and accountable implementation of 

adaptive progressive tariffs. Finally, future studies are encouraged to analyze user behavior and responses to dynamic 

pricing models through surveys or simulation-based behavioral analysis to ensure that pricing policies are both 

economically efficient and socially acceptable. 
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