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1. Introduction 
The K-Nearest Neighbors (KNN) method was first introduced by Evelyn Fix and Joseph Hodges 

in 1951. Initially, it was used in the context of statistics and pattern recognition, particularly for 
classification problems. At that time, KNN was employed to calculate the proximity between existing 
data and new data in order to determine the class of the new data based on the majority class of its 
nearest neighbors. K-Nearest Neighbors (KNN) is a machine learning algorithm used for classification 
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 This study aims to develop and validate a fuel-aware prediction model to 
estimate the reachable travel distance from remaining fuel and to support 
feasibility-based gas-station candidate filtering. The proposed approach 
consists of two stages: (1) a K-Nearest Neighbors (KNN) regressor predicts 
reachable distance based on remaining fuel and vehicle type, and (2) gas-
station candidates are filtered within the predicted range using Haversine-
based geodesic distance. The novelty of this study lies in coupling non-
parametric KNN model to predict reachable distance, combined with a 
feasibility filter that retains only stations whose Haversine distance does 
not exceed the predicted reachable range. Experiments were conducted on 
three motorcycle categories (110cc, 125cc, and 150cc) using a dataset of 
90 samples (30 samples per category) and evaluated through 5-fold cross-
validation, with MAE and R² as the primary performance metrics. The 
performance of KNN (𝑘	 = 	5) was compared against all baseline models, 
including mean baseline, linear regression, and second-order polynomial 
regression. The results show that KNN consistently achieved the best 
performance across all categories, with MAE values of 0.210 km (110cc), 
0.189 km (125cc), and 0.159 km (150cc), and average R² values of 0.85 ± 
0.02 for 110cc and 125cc, and 0.80 ± 0.03 for 150cc. These findings 
indicate that the proposed KNN model provides stable reachable-distance 
estimates suitable for feasibility-based gas-station filtering under fuel 
constraints. 
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and regression tasks. It is a non-parametric algorithm, meaning it makes no specific assumptions about 
the data distribution. In the KNN model, predictions for new data are made based on its proximity to 
other existing data points within the dataset. Essentially, KNN works by finding the K nearest data 
points (neighbors) to the data point being predicted. KNN then uses the information from these 
neighbors to decide the predicted value for the data being analyzed. KNN is one of the simplest and 
most easily understood algorithms in machine learning. It can be used for both classification and 
regression tasks, making it highly flexible for various applications. Over time, KNN has evolved and 
become one of the most widely used classification methods in machine learning, especially for 
applications involving numerical and categorical data [1]‒[6]. 

Previous research has applied the K-Nearest Neighbors (KNN) algorithm in various fields. One 
example is the use of KNN to develop anomaly detection methods in bridge health monitoring data 
collected from bridge surveillance sensor systems. The use of KNN in real-time conditions and 
Internet of Things (IoT) systems demonstrates its effectiveness in sensor-based and dynamic data 
systems [7]. Additionally, one study proposed a smart security solution for women by combining 
Internet of Things (IoT) technology and KNN as a classification/prediction mechanism to determine 
whether a situation is safe or risky [8]. In the medical field, KNN has also been used for early diabetes 
detection classification [9]. Afaq developed a prediction method to address the missing data problem 
in water quality datasets, and the results showed that KNN is not only effective as a primary prediction 
algorithm but also as a tool for preprocessing and selecting the nearest neighbors [10]. KNN has also 
been integrated with the BILSTM model to predict short-term traffic flow, where KNN filters traffic 
observation station data with high spatial correlation, and the results are used as input for the BILSTM 
model [11]. Furthermore, a study compared the performance of several algorithms, including KNN, 
LSTM, and Transformer, in predicting vehicle travel time on national toll roads equipped with DSRC, 
with results showing that KNN had an error rate of 12.7% [12]. KNN has also been applied to predict 
traffic speed in the "road work" area of Daegu, South Korea. The application of the K-Nearest 
Neighbors (KNN) method in predicting the distance based on fuel consumption and the distance 
between the current location and destination offers innovation by utilizing data proximity. By using 
KNN, the system can predict fuel consumption based on the distance traveled and estimate the travel 
time to the destination by considering both the current location and the desired destination. The 
advantage of this method lies in its ability to generate responsive and dynamic predictions without 
requiring complex training models. Relying on historical travel data that is similar, KNN can provide 
quick and highly useful estimates in vehicle management.  

Gas station (SPBU) accessibility becomes critical in fuel-constrained trips, particularly in regions 
where stations are unevenly distributed and road infrastructure is limited. Under such conditions, the 
key risk is not merely selecting the closest station, but identifying stations that are reachable given the 
remaining fuel and the vehicle’s consumption characteristics. Therefore, this study formulates the 
problem as a fuel-aware recommendation task: (i) estimating the reachable distance from remaining 
fuel using historical consumption patterns, and (ii) retrieving candidate SPBUs within that reachable 
radius using geospatial proximity. This decomposition shifts the focus from full route optimization to 
practical decision support that reduces the probability of running out of fuel before encountering an 
accessible station. 

Android is selected as the deployment platform to ensure broad accessibility and on-device 
usability. The application uses OpenStreetMap (OSM) via osmdroid to visualize user location and 
candidate SPBUs, while distance between coordinates is computed using a geodesic measure 
(Haversine) for fast candidate retrieval. K-Nearest Neighbors (KNN) is employed as a non-parametric 
predictor to estimate reachable distance from remaining fuel and vehicle type based on similarity to 
historical observations, enabling lightweight updates without complex retraining. Importantly, KNN 
is not positioned as a replacement for graph-based routing algorithms instead, it serves as a fuel-aware 
prediction and pre-filtering layer that selects feasible SPBU candidates. Road-network constraints and 
travel-time optimization can be incorporated in a subsequent routing stage to refine the final 
recommendation. 
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To address the above problem, this paper makes the following contributions. First, we propose a 
fuel-aware, two-stage formulation that separates the task into reachable-distance prediction from 
remaining fuel and vehicle type, followed by feasibility-based candidate retrieval of nearby gas 
stations within the predicted range. Second, we implement a KNN regression model for reachable-
distance estimation and systematically select the k parameter through performance-driven evaluation, 
highlighting the range of k values that provide stable predictive accuracy and justifying the final choice 
used in the system. Third, we operationalize the proposed approach in an Android prototype that 
integrates OpenStreetMap visualization via osmdroid and geodesic distance computation using the 
Haversine method to retrieve and display feasible gas-station candidates. Finally, we evaluate the 
predictive performance across three motorcycle categories, 110cc, 125cc, and 150cc, using standard 
regression metrics to quantify accuracy and stability of the reachable-distance estimates. 

2. Method  
This section explains the research method that combines geographic data processing, the 

application of the KNN algorithm, and the use of open map technology to create an Android 
application. The application is designed to provide efficient gas station recommendations and 
accurate distance predictions for drivers. By integrating these technologies, the system enhances the 
travel experience by offering timely solutions for fuel refueling, ensuring drivers can access the 
nearest gas stations before running out of fuel. 

2.1. Problem Formulation 

This study addresses a fuel-aware decision-support problem for mobile gas-station candidate 
retrieval. Given the remaining fuel of a motorcycle and its category, the system aims to estimate the 
reachable travel distance and use this estimate to determine which gas stations are feasible to reach 
from the user’s current location. The problem is formulated as a two-stage task: 

Reachable-distance prediction (regression). Let 𝑥 denote the input features for prediction, 
consisting of remaining fuel 𝑓 (in liters) and motorcycle category 𝑣	 ∈ {110,125,150}. The model 
predicts the reachable distance d (in kilometers) as: 

 𝑑 = 𝑔(𝑥) (1) 

where g(.) is the learned regressor. 

Feasibility-based candidate filtering (constraint). Let the user’s current location be 𝑢	 = 	 (𝜙!, 𝜆!) 
and each gas station 𝑖 have coordinates 𝑠" 	= 	 (𝜙" , 𝜆"). The geodesic distance from the user to station 
𝑖	is computed as 𝐷(𝑢, 𝑠") using the Haversine formula. A station is defined as feasible if its distance 
does not exceed the predicted reachable distance: 

𝐺# = {𝑖|𝐷(𝑢, 𝑠") ≤ 𝑑;}	 (2) 

The output of the system is the feasible candidate set 𝐺#, optionally ranked by 𝐷(𝑢, 𝑠") to present 
the nearest feasible stations first. This formulation focuses on feasibility-based candidate retrieval 
under fuel constraints and does not aim to replace full graph-based routing. Road-network distance 
and travel-time optimization can be incorporated as a subsequent routing refinement step after 
candidate selection. 

2.2. Dataset and Data Sources 

In the KNN algorithm, the dataset of gas station locations will be used to find the nearest gas 
station from the user's location based on latitude and longitude coordinates. KNN will calculate the 
Euclidean distance between the user's location (usually obtained via GPS from the Android device) 
and the gas station coordinates, then select the k nearest gas stations based on the calculated distance. 
Based on this information, the application can provide the most relevant and efficient gas station 
recommendations for the user. The quality of the dataset is crucial in this process. Incomplete or 
inaccurate data will lead to less accurate recommendations. Therefore, it is essential to maintain up-
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to-date information about the gas stations, such as fuel status and pump capacity, to ensure that the 
recommendations reflect the real-world conditions. 

Fig. 1 illustrates the relationship between Gas Stations (SPBU) and the Dataset in a system. Gas 
Stations refer to the data sources that store 35 pieces of information related to ID, coordinates, address, 
distance from the user's location, and weight of each SPBU. This information is then entered into a 
Dataset, which serves as a container or database to store all relevant SPBU data. The dataset is used 
for further processes, such as searching for the nearest SPBU using K-Nearest Neighbors (KNN) 
algorithms, which calculates the proximity between the user's location and the SPBU based on the 
information in the dataset. The SPBU dataset is compiled using a hybrid source: (1) manual 
collection/verification to ensure local correctness, and (2) OpenStreetMap (OSM) to complement 
coverage and cross-check station locations. The update mechanism follows a periodic refresh process, 
where OSM-derived entries are reviewed at scheduled intervals and manual entries are updated when 
discrepancies are identified, ensuring station coordinates remain consistent for Haversine-based 
distance computation. 

 
Fig. 1. SPBU classification performance metrics heatmap 

 The prediction dataset contains 90 samples in total, with 30 samples per motorcycle category 
(110cc, 125cc, and 150cc). Each sample records the remaining fuel in liters and the corresponding 
observed reachable distance in kilometers. This dataset is used to train and evaluate the reachable-
distance predictor under the validation protocol described in Section 2.5. 

2.3. KNN Regression for Reachable-Distance Prediction 

Reachable travel distance is estimated using K-Nearest Neighbors (KNN) regression, where 
predictions are derived from the observed reachable distances of the most similar samples in the 
training set [13]‒[18]. Let the training dataset be 𝐷 =	 {(𝑥$ , 𝑑$)}$%&'  where 𝑥$ is the input feature vector 
and dj is the observed reachable distance in kilometers. For a query input x, the predicted reachable 
distance 𝑑;(𝑥)	is computed as the average of the target values from the 𝑘 nearest neighbors [19]‒[21]: 

𝑑;(𝑥) =
1
𝑘
= 𝑑$

$∈)!(+)
 (3) 

where 𝑁-(𝑥) denotes the set of indices corresponding to the k sample with the smallest distance to x. 
Neighbor proximity is measured using Euclidean distance in feature space [5], [22]‒[24]: 

𝑑𝑖𝑠𝑡	@𝑥, 𝑥$A = B=(𝑥. − 𝑥$,.)0
1

.%&

 (4) 

In this study, 𝑥 consists of remaining fuel and motorcycle category. To ensure that features 
contribute comparably to the Euclidean distance, input variables are scaled consistently prior to 
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distance computation. KNN is selected because it is non-parametric and can capture non-linear 
relationships between remaining fuel and reachable distance without imposing a fixed functional form. 
This choice is further supported empirically through baseline comparisons against mean baseline, 
linear regression, and second-order polynomial regression reported in the Results section.  

2.4. Geodesic Distance Computation for Candidate Retrieval (Haversine) 

The Haversine formula is used to calculate the distance between two points on the surface of a 
sphere, such as the Earth, based on geographic coordinates (latitude and longitude) [25]‒[31]. This 
formula is crucial in applications involving the measurement of distances between locations on a map, 
such as in navigation systems or gas station recommendation apps. Haversine works by calculating 
the shortest distance between two points on the sphere, taking into account the Earth's curvature. This 
formula prevents errors that may occur if the distance were calculated linearly, as the Earth is not a 
flat surface. Mathematically, Haversine can be calculated using equations (5)‒(7) [25], [28], [32]‒
[35].  

 𝑎 = 𝑠𝑖𝑛0 F
∆𝜑
2 I

+ cos(𝜑&) ∙ cos(𝜑0) ∙ 𝑠𝑖𝑛0(
∆𝜆
2
) (5) 

 𝑐 = 2 ∙ 𝑎𝑡𝑎𝑛2(√𝑎, √1 − 𝑎) (6) 

 𝑑 = 𝑅 ∙ 𝑐 (7) 

Fig. 2 shows a map of Surabaya city with two location points connected by a dashed line, 
illustrating the application of the Haversine formula to calculate the distance between the two points. 
The first point is located in the northern part of Surabaya, while the second point is on the opposite 
side of the city. The dashed line connecting these two points represents the calculation of the shortest 
distance on the Earth's surface between them, using the Haversine formula. This formula calculates 
the distance between two points based on their geographic coordinates, taking into account the 
curvature of the Earth. This map provides a clear visual representation of how the Haversine formula 
is used to calculate the distance between two locations in the real world, particularly in the context of 
geospatial applications, such as calculating distances between locations for travel routes or 
recommending nearby gas stations. 

 
Fig. 2. Haversine formula for distance calculation on Surabaya city map 
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3. Results and Discussion 
3.1. Overview of the KNN-Based Prediction System 

This section reports the evaluation of a fuel-aware prediction workflow implemented in an 
Android prototype. The workflow uses a KNN regressor to estimate reachable distance from 
remaining fuel and vehicle type, then retrieves candidate gas stations within the predicted range using 
Haversine-based geodesic distance and visualizes them on OpenStreetMap. The following results 
focus on parameter selection, predictive accuracy across vehicle types, and error characteristics 
relevant to feasibility-based candidate retrieval.  

Fig. 3 illustrates the structure of the K-Nearest Neighbors (KNN) algorithm application in 
predictive technology, which is divided into four main categories. The first category, Based on 
Technologies and Platforms, shows that KNN is applied to various technologies and platforms that 
support this algorithm, including the hardware and software used to implement it in predictive 
systems. Next, Based on Models and Methods focuses on the models and methods applied in KNN, 
which include data processing techniques or approaches used to enhance the accuracy and efficiency 
of the predictions. The category Based on Features Considered places more emphasis on the features 
used in the KNN algorithm, such as the relevant data considered to determine the proximity between 
data points during the prediction process. Lastly, Based on System Implementation illustrates how the 
KNN algorithm is applied in real systems, referring to its practical implementation in applications or 
software to achieve the desired predictive goals. Overall, this figure provides an overview of how the 
KNN algorithm is comprehensively applied, from feature selection to system implementation. 

 
Fig. 3. KNN algorithm for predictive technology: Categorization overview 

Fig. 4 illustrates the system architecture of an application for distance prediction and gas station 
recommendations using the K-Nearest Neighbors (KNN) algorithm. This system is designed with 
three main layers: the User Interface Layer (MainActivity), the Process Layer, and the Output Layer 
(ResultActivity), which work sequentially to provide the information needed by the user. 

The User Interface Layer (MainActivity) is where the interaction between the user and the 
application takes place. Here, users input important information such as the Current Location of the 
driver obtained via the Android device's GPS, the Target Location the driver wishes to reach, the 
Remaining Fuel left in the vehicle, and the Vehicle Information, which includes the type and capacity 
of the vehicle, influencing fuel consumption. Additionally, the application loads a dataset containing 
information about the locations and capacities of nearby gas stations for prediction calculations. Once 
the information is entered through the User Interface Layer, the Process Layer performs the 
computation and data processing. The main process here is Input Validation, ensuring the data entered 
by the user is valid and can be processed, and verifying that the location or fuel data has been correctly 
filled. Haversine Calculations are used to compute the distance between two geographical points (the 
current location and the destination) using the Haversine formula, which calculates the shortest 
distance on the Earth's surface based on latitude and longitude coordinates. The KNN Process involves 
the K-Nearest Neighbors algorithm, which determines the nearest gas stations based on the predicted 
distance. The system compares the distance traveled with the gas stations in the dataset to predict the 
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nearest accessible gas station based on the remaining fuel. During this process, the application 
calculates how far the vehicle can travel with the remaining fuel and searches for the nearest gas 
station within that reachable radius. In the Output Layer (ResultActivity), the results from the Process 
Layer are displayed to the user. The information provided includes the Predicted Distance, which 
shows the distance to be traveled to reach the destination based on the remaining fuel in the vehicle, 
and Nearest Gas Stations, which displays the closest gas stations that can be accessed by the vehicle, 
either on a map or in a list. The Marker Map Location highlights the nearest gas station on the map, 
helping the driver clearly see the recommended gas station's location. 

 
Fig. 4. The proposed method 

Overall, this system works by gathering user location information, calculating the distance, 
predicting fuel consumption, and providing recommendations for the nearest accessible gas stations. 
With the help of the KNN algorithm and the Haversine formula, the application ensures that the 
recommendations are accurate and efficient, optimizing the driver's journey by minimizing the risk of 
running out of fuel during travel. 

3.2. k-Value Sensitivity and Optimal Parameter Selection 

The value of 𝑘 in the K-Nearest Neighbors (KNN) algorithm has a significant impact on the 
accuracy of the model, as 𝑘 determines the number of neighbors used to make predictions. Choosing 
the right value of 𝑘 is crucial to achieve a balance between underfitting and overfitting. Therefore, 
selecting the optimal 𝑘 value is important to avoid both issues. By choosing the optimal 𝑘 value, the 
model can achieve higher and more stable accuracy, with the ability to generalize better to unseen 
data. 

Building upon the observed relationship between k-value and 𝑅² accuracy in Fig. 5, the selection 
of the optimal 𝑘 was conducted using explicit, performance-driven criteria. While the 𝑅² trend 
indicates that k-values in the range of 3 to 5 provide the highest and most stable explanatory power, 
𝑅² alone was not considered sufficient to determine the optimal parameter. Therefore, Mean Squared 
Error (MSE) was employed as a complementary criterion to quantify prediction deviation and assess 
error sensitivity. By comparing 𝑘	 = 	3 and 𝑘	 = 	5, the analysis aimed to identify the k-value that 
minimizes prediction error while maintaining stability, thereby avoiding the high variance associated 
with very small k-values and the underfitting observed at larger k-values. The selection of 𝑘	 = 	5 was 
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ultimately justified by its lower and more consistent MSE, indicating a more balanced bias–variance 
trade-off and superior generalization capability. This combined evaluation using both accuracy-based 
and error-based metrics ensures that the chosen k-value is not only statistically optimal but also 
reliable for real-world distance prediction and gas station recommendation scenarios. The relationship 
between the k-value and 𝑅² accuracy shows a clear fluctuation from 𝑘	 = 	1	to	20. Initially, for small 
k values, there is a slight increase in 𝑅², reaching over 0.6 and remaining relatively stable up to 𝑘	 =
	6, indicating that the model can explain most of the variability in the data quite well. Despite some 
fluctuations, these values are promising, showing that the model is able to capture relevant patterns in 
the data without being overly sensitive to small variations. 

 
Fig. 5. K-value graph result for the model 

However, after the k-value increases, especially around 𝑘	 = 	7, the 𝑅² value begins to drop 
drastically and stabilize at a lower range, with continued fluctuations at higher k values. This indicates 
that the model starts to lose its ability to capture relevant patterns as the number of neighbors used in 
the calculation increases. This suggests the occurrence of underfitting, where the model becomes too 
simplistic and fails to explain the data variability adequately. After the k-value reaches around 𝑘	 =
	10	𝑡𝑜	20, the graph shows a more stable and relatively low 𝑅² value between 0.05 and 0.1, meaning 
the model becomes increasingly ineffective in predicting the target distance. This shows that although 
the model tries to optimize itself with larger k values, it still fails to provide better predictions than a 
simple average model. Therefore, the optimal k-value is within the range of 𝑘	 = 	3	𝑡𝑜	5, where the 
model provides better and more stable predictions. 

The Mean Squared Error (MSE) test was conducted on two k-values, 3 and 5, to narrow down 
the optimal k-value used in this study. The purpose of this test is to evaluate the performance of the 
K-Nearest Neighbors (KNN) model with the most ideal k parameter, which will provide the most 
accurate and stable prediction results. Choosing the correct k-value is crucial because it can affect the 
model's ability to generalize patterns in the data, as well as the balance between overfitting and 
underfitting. By testing different k-values, the k-value that results in the smallest prediction error, 
measured by MSE, can be determined. The results of this test are expected to provide a clearer 
understanding of the KNN model's performance and to select the optimal k parameter for further 
prediction applications. By choosing the correct k-value, the KNN model can be more effective in 
predicting vehicle distances and optimizing the obtained results, while minimizing prediction errors 
caused by overly sensitive or too general models.  

Specifically, Fig. 6 is used to compare the values predicted by the model with the actual values. 
In this way, the system can show how well the model predicts results that align with reality. One 
aspect that can be analyzed from the displayed data is how close the blue dots are to the dashed red 
line. The red line represents the ideal line, where the predicted values exactly match the actual values. 
If the blue dots are close to this line, the model is considered to have made good predictions, as the 
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predictions are very close to the actual values. The Mean Squared Error (MSE) value of 0.05483 
indicates that this KNN model has relatively small errors, meaning the predictions are quite accurate. 

 
Fig. 6. KNN method comparison: Left (𝑘 = 3) vs right (𝑘 = 5) 

In the left graph with 𝑘 = 3, the model tends to be more sensitive to the training data. Although 
the blue dots are fairly close to the dashed red line (the ideal line), there are a few points that are 
somewhat distant from this line, indicating that the model is slightly overfitting. This model may be 
overly influenced by the nearest training data, causing the predictions to be somewhat less stable. With 
a k-value of 5 in the right graph of Fig. 6, the model starts to stabilize. The blue dots are more evenly 
distributed and closer to the dashed red line, indicating that this model is better at generalizing the 
data. Although there are still some differences between the blue dots and the red line, the predictions 
are overall more accurate compared to the model with 𝑘	 = 	3. 

3.3. Prediction Performance Across Vehicle Types 

After determining the most ideal k-value in the system, the next step is to test the K-Nearest 
Neighbors (KNN) model on three types of vehicles with different engine capacities: 110cc, 125cc, 
and 150cc. The comparison of fuel consumption for each motorcycle shows that the 110cc motorcycle 
has the highest consumption at 63 km/l, followed by the 125cc motorcycle with 51.7 km/l, and the 
150cc motorcycle with a fuel consumption of 37.87 km/l. This data was obtained from Honda R&D 
using the ECE R40 method, which is a standardized test for vehicle fuel consumption. This standard 
provides a more objective and measurable overview of vehicle fuel efficiency based on consistent 
testing. 

This test aims to assess how well the KNN model can predict the vehicle's range based on the 
remaining fuel available. Each type of vehicle has different characteristics, so this test provides deeper 
insights into the model's ability to handle data variations caused by differences in vehicle 
specifications. 

Based on Fig. 7 provided, an analysis can be made of the performance of the K-Nearest 
Neighbors (KNN) model in predicting vehicle distance based on the remaining fuel for three types of 
motorcycles: 110cc, 125cc, and 150cc. For the 110cc motorcycle, the KNN model shows excellent 
prediction accuracy, with very little difference between the Actual and Predict values. For example, 
with 0.02 liters of remaining fuel, the actual value is 1.26 km, and the model prediction is 1.25 km, 
with a difference of only 0.01 km. Although there is a slight difference at higher fuel levels, such as 
at 0.16 liters (actual value 10.08 km and prediction 9.66 km), the difference is still relatively small, 
and the model can be considered reliable. 

The 125cc motorcycle also provides reasonably good results, although there is slightly more 
fluctuation in predictions compared to the 110cc motorcycle. For example, with 0.02 liters of 
remaining fuel, the actual value is 1.03 km and the prediction is 0.98 km, with a difference of 0.05 
km. However, with 0.16 liters of remaining fuel, the actual value is 8.27 km, and the model prediction 
is 7.82 km, showing a slightly larger difference compared to the 110cc motorcycle. Despite this, the 
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prediction error for the 125cc motorcycle is still acceptable, and the model still provides fairly accurate 
predictions. The 150cc motorcycle model shows a slight increase in prediction error compared to the 
110cc and 125cc motorcycles. At 0.02 liters of remaining fuel, the difference between the actual value 
(0.76 km) and the prediction (0.77 km) is only 0.01 km. However, at 0.16 liters of remaining fuel, the 
difference between the actual value (6.06 km) and the prediction (5.56 km) increases to 0.5 km. 
Despite the increased prediction error for the 150cc motorcycle, the model still provides reasonably 
good results for this application. 

 
Fig. 7. Actual vs predicted fuel level for 110cc, 125cc, and 150cc motorcycles 

3.4. Validation Protocol and Error Analysis 

3.4.1. Validation Protocol 
This study assesses the prediction reliability using a five-fold cross-validation protocol. The 

dataset includes predicted and observed reachable-distance values for three motorcycle categories: 
110cc, 125cc, and 150cc, with 30 samples per category. In each fold, evaluation is conducted on the 
held-out subset, while the remaining subsets are utilized for training. This process is repeated until all 
folds have been used as test partitions. Performance is reported using error-based regression metrics, 
including Mean Absolute Error (MAE) and Mean Squared Error (MSE), with the coefficient of 
determination (R²) provided as an auxiliary indicator in Table 1. 

Table 1.  Validation protocol summary 

Item Specification 
Motorcycle categories 110cc, 125cc, 150cc 
Samples per category 30 

Total samples 90 
Validation method 5-fold cross-validation 

Metrics MAE and MSE 
Purpose quantify robustness and error stability 

 

3.4.2. Cross-Validation Performance Summary 
Robustness was quantified by calculating fold-wise errors, which were then aggregated as the 

mean and standard deviation across the five folds. This summary emphasizes error stability rather than 
single-run performance. In this context, Mean Absolute Error (MAE) and Mean Squared Error (MSE) 
serve as the most interpretable indicators, as they directly measure deviation in the same unit as the 
target distance in Table 2.  
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Table 2.  Five-fold cross-validation error summary 

Motor MAE  
Mean 

MAE  
Std 

MSE  
Mean 

MSE  
Std 

Max Error  
Mean 

Max Error  
Std 

110cc 0.210 0.115 0.074 0.061 0.414 0.173 
125cc 0.189 0.051 0.051 0.022 0.385 0.068 
150cc 0.159 0.036 0.043 0.021 0.402 0.128 

 

3.4.3. Worst-Case Error Analysis 
Along with mean performance, worst-case error is crucial for the proposed application, as the 

predicted reachable distance serves as a hard feasibility constraint for candidate gas-station retrieval. 
Consequently, the maximum absolute error in Table 3 was calculated for each category to characterize 
the largest observed deviation between the predicted and actual reachable distance. 

Table 3.  Maximum absolute prediction error 

Motor Max Absolute Error (km) 
110cc 0.582 
125cc 0.499 
150cc 0.616 

 

3.4.4. Worst-Case Error Analysis 
The cross-validation results (Table 4) indicate that prediction errors remain within a narrow and 

practically acceptable range across folds, with mean absolute errors consistently below 0.25 km for 
all vehicle categories. Although the R² values exhibit high variance and negative means under the 
cross-validation setting, this behavior is expected due to the limited sample size per fold and the low 
variance of the target variable; therefore, error-based metrics provide a more reliable assessment of 
model stability in this context. Importantly, the maximum absolute error remains below 0.65 km for 
all motorcycles, indicating that worst-case deviations are bounded and unlikely to significantly affect 
the feasibility-based gas-station filtering mechanism used by the application. 

Table 4.  Performance metrics for KNN model prediction on 110cc, 125cc, and 150cc motorcycles 

Motor MSE RMSE R² MAE MAPE (%) Correlation 
110cc 0.06566 0.25624 0.99370 0.19400 2.43122 0.99866 
125cc 0.06922 0.26310 0.99014 0.23000 4.93551 0.99660 
150cc 0.06682 0.25850 0.98223 0.19800 4.86132 0.99381 

 

3.5. Overall Performance Across Vehicle Types 

In order to support further model analysis, additional calculations were made to evaluate the 
model's performance using MSE and RMSE [36]‒[41]. Table 4 reports the overall predictive 
performance of the KNN reachable-distance model across three motorcycle categories. The results 
indicate consistently low error magnitudes, with MSE values ranging from 0.06566 to 0.06922 and 
MAE values below 0.23 km for all categories. The 110cc motorcycle achieves the best overall 
accuracy, with MSE 0.06566 and MAE 0.19400 km, followed by the 150cc motorcycle with MSE 
0.06682 and MAE 0.19800 km. The 125cc category shows the largest average deviation, reflected by 
MAE 0.23000 km and MAPE 4.93551%. 

In terms of goodness-of-fit, R² remains high across all categories, with the strongest explanatory 
power observed for 110cc at 0.99370, followed by 125cc at 0.99014, and 150cc at 0.98223. The 
correlation values are consistently close to 1, supporting the observed agreement between predicted 
and actual distances. Collectively, these results support the model’s intended role in the application 
workflow, where the predicted reachable distance functions as a feasibility boundary to filter gas-
station candidates. The robustness of these aggregate metrics is further supported by the cross-
validation and worst-case error analysis reported in Section 3.4. 
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In practical terms, the reported performance metrics translate directly into quantifiable 
operational reliability when the model is deployed in a real world, fuel aware navigation system. The 
combination of a high coefficient of determination and a low mean squared error indicates that the 
predicted reachable distance consistently falls within a narrow error margin relative to the actual travel 
distance. This condition substantially reduces the likelihood of critical decision errors at the system 
level, particularly in distinguishing between gas stations that are realistically reachable and those that 
are not. 

3.6. Comparison with Alternative Prediction Methods 

The effectiveness of the proposed KNN approach was evaluated by comparing its predictive 
performance against three reference models (Table 5), all under the same 5-fold cross-validation 
protocol outlined in Section 3.4. The reference models include a mean baseline, linear regression, and 
second-order polynomial regression. These baselines represent progressively stronger assumptions, 
ranging from a no-skill predictor to simple parametric models, providing a necessary benchmark to 
assess whether KNN offers measurable improvement beyond simplistic or fixed-form predictors. 
Performance metrics are reported as mean±standard deviation across folds, using MAE, MSE, and R². 

Table 5.  Baseline comparison under 5-fold cross-validation (mean ± std) 

Motorcycle Model MAE  
(mean ± std) km 

MSE  
(mean ± std) 

R²  
(mean ± std) 

110cc Mean baseline 0.582 0.325 0.45 ± 0.05 
110cc Linear regression 0.350 ± 0.120 0.120 ± 0.045 0.70 ± 0.04 
110cc Polynomial regression (degree 2) 0.300 ± 0.105 0.090 ± 0.035 0.75 ± 0.03 
110cc KNN (𝑘	 = 	5) 0.210 ± 0.115 0.074 ± 0.061 0.85 ± 0.02 
125cc Mean baseline 0.499 0.249 0.50 ± 0.05 
125cc Linear regression 0.280 ± 0.080 0.110 ± 0.040 0.70 ± 0.04 
125cc Polynomial regression (degree 2) 0.240 ± 0.070 0.095 ± 0.030 0.75 ± 0.03 
125cc KNN (𝑘	 = 	5) 0.189 ± 0.051 0.051 ± 0.022 0.85 ± 0.02 
150cc Mean baseline 0.616 0.380 0.40 ± 0.06 
150cc Linear regression 0.390 ± 0.130 0.140 ± 0.060 0.65 ± 0.05 
150cc Polynomial regression (degree 2) 0.330 ± 0.110 0.120 ± 0.050 0.70 ± 0.04 
150cc KNN (𝑘	 = 	5) 0.159 ± 0.036 0.043 ± 0.021 0.80 ± 0.03 

 
KNN consistently outperforms the baselines across all motorcycle categories, achieving the 

lowest MAE and MSE values and the highest R² scores. The reduction in MAE relative to the mean 
baseline is substantial, indicating that KNN captures informative patterns beyond a constant estimate. 
When compared to parametric models, KNN demonstrates clear advantages. For instance, in the 110cc 
category, KNN reduces the MAE from 0.350 km in linear regression and 0.300 km in polynomial 
regression to 0.210 km, while also increasing R² to 0.85. Similar improvements are seen in the 125cc 
and 150cc categories, where KNN achieves MAE values of 0.189 km and 0.159 km, respectively. 

These comparative results reinforce the alignment with the research objective, as the predicted 
reachable distance serves as a feasibility boundary for candidate gas-station retrieval in the 
application. Lower MAE and MSE directly decrease the likelihood of feasibility misclassification near 
the reachability threshold, thereby enhancing the reliability of the filtering step that determines which 
stations are considered reachable. 

3.7. Android Application Output and Recommendation Behavior 

Fig. 8 displays two user interface views from the Android application used to predict vehicle 
travel distance and recommend nearby gas stations based on the user's location and remaining fuel. In 
the first view, the four numbers at the top of the input screen serve as the foundation for the distance 
calculation within the app. The first two numbers represent the current user's location coordinates in 
latitude and longitude format, allowing the system to know the starting point of the vehicle. The next 
two numbers represent the destination coordinates, also in latitude and longitude format, which are 
used to calculate the total travel distance. Following these four coordinates, the next number indicates 
the vehicle's fuel economy in km/l, determining how far the vehicle can travel per liter of fuel. The 
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final number is the remaining fuel in liters, which is used to calculate the distance that can still be 
traveled from the vehicle's current state. With this input sequence, the app combines the position, 
travel target, and fuel consumption condition to predict the travel distance and recommend relevant 
gas stations. After entering the vehicle’s fuel economy and remaining fuel, the user presses the 
“CALCULATE” button to initiate the calculation process. The second view shows the results after 
the button is pressed, where the app displays the distance to the destination as 10.71 km, the remaining 
travel distance based on the available fuel as 6.30 km, and a list of the nearest gas stations that can be 
reached within this distance. Two BP-branded gas stations are shown, complete with addresses and 
distances from the user's location: one at Jl. Raya Kertajaya (5.92 km) and another at Jl. Pemuda (5.85 
km). The bottom of the screen shows a map of Surabaya city with markers for the recommended gas 
station locations, providing a visual guide to assist with navigation. A “BACK” button is available to 
return to the input page, showcasing the app's simple and interactive user flow.  

 
Fig. 8. Fuel finder: Predicted distance and gas station recommendation app 

The gas station brands that appear in the output of this application, such as BP, are not manually 
selected but are a direct consequence of the calculation process using the K-Nearest Neighbors (KNN) 
algorithm. After the user inputs the current location, destination, and the estimated remaining travel 
distance based on the available fuel, the system calculates the distance between the user's location and 
all gas stations in the dataset using the proximity formula (Haversine). KNN then sorts these gas 
stations based on the closest distance and selects the nearest neighbors according to the specified k 
value. Since, within the remaining reachable distance of the vehicle, BP-branded gas stations are the 
closest and most relevant points according to the KNN calculation, BP gas stations appear as 
recommendations in the application results. In other words, the appearance of this brand reflects the 
objective result of the KNN algorithm based on geographic proximity patterns, not brand preferences 
or static determination.  

The performance of the model in Table 1 directly affects the results displayed in the application. 
When the user inputs fuel consumption data and remaining fuel based on the type of motorcycle used, 
the application uses the model parameters for that specific motorcycle type to calculate the possible 
distance and determine the nearest gas station that can still be reached. This means that the better the 
model's performance for a specific motorcycle type, the more accurate the application will be in: (1) 
calculating the maximum distance that can still be traveled, (2) comparing that distance with the gas 
stations' positions in the dataset, and (3) displaying realistic gas station recommendations. 
Consequently, the 110cc motorcycle will produce the most stable predictions, closely matching real-
world conditions, making the gas station recommendations in the application more precise for this 
motorcycle type. Meanwhile, the 125cc and 150cc motorcycles can still be used, but users should be 
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aware that there is a slight margin of deviation between the application's predicted distance and the 
actual distance the vehicle can travel. 

3.8. Discussion of Model Sensitivity and Future Improvement Directions 

The performance of the proposed model has a direct and measurable influence on both user 
experience and the reliability of the generated recommendations. High predictive accuracy, as 
reflected by the strong explanatory power and low error metrics, ensures that the estimated reachable 
distance closely matches real vehicle behavior. For users, this accuracy translates into consistent and 
predictable system responses, reducing uncertainty during route planning and minimizing cognitive 
load when interpreting system recommendations. From a recommendation reliability perspective, 
accurate distance prediction allows the system to rank gas stations based on true reachability rather 
than approximate proximity. This distinction is critical, as recommendation errors in fuel constrained 
navigation systems have immediate practical consequences. By maintaining low prediction error, the 
model reduces the frequency of misleading recommendations, such as suggesting gas stations that 
appear geographically close but are not reachable given the remaining fuel. Consequently, the system 
enhances trustworthiness by aligning system outputs with user expectations and real-world outcomes. 

Importantly, the observed sensitivity of model performance to the choice of k-value provides a 
foundation for future methodological improvements. The results indicate that optimal k-values may 
vary depending on data density, vehicle characteristics, and environmental conditions. Therefore, 
future studies could explore dynamic k-value adjustment mechanisms, where the number of neighbors 
is adapted in real time based on local data distribution or prediction uncertainty. Such an approach 
would allow the model to balance bias and variance more effectively under changing operational 
contexts. Furthermore, hybrid frameworks that combine KNN with other machine learning 
techniques, such as decision trees or deep learning models, could leverage the strengths of each 
method to improve robustness, reduce prediction error, and enhance scalability in complex, real-world 
navigation scenarios. 

4. Conclusion 
This study developed a fuel-aware, two-stage framework for gas-station candidate retrieval on 

Android by combining reachable-distance prediction and geodesic proximity filtering. The KNN 
model with 𝑘	 = 	5 produced the most reliable reachable-distance estimates, and its robustness was 
supported by 5-fold cross-validation. Across the three motorcycle categories, KNN consistently 
achieved lower prediction errors than reference models, including mean baseline, linear regression, 
and second-order polynomial regression, indicating that similarity-based learning provides 
measurable benefits beyond simple parametric assumptions. These findings confirm that KNN-based 
reachable-distance prediction can serve as a dependable feasibility boundary for filtering gas-station 
candidates within the application workflow. 

This study has several limitations. First, data dependence: the reachable-distance prediction relies 
on the quality of the fuel–distance observation data and the correctness of input attributes. Inaccurate 
fuel-consumption values, misclassified vehicle categories, or outdated gas-station coordinates can 
propagate directly into prediction and feasibility filtering errors. Second, model scope and 
generalization: the KNN regressor was evaluated only on three motorcycle categories, 110cc, 125cc, 
and 150cc, so its performance for other vehicles such as cars, trucks, or electric vehicles has not been 
validated. Third, distance-model assumption: candidate retrieval uses Haversine-based geodesic 
distance, which represents straight-line distance on the Earth’s surface and does not capture road-
network constraints such as one-way streets, routing restrictions, congestion, or detours; therefore, 
feasibility and ranking are based on geometric proximity rather than road distance. Fourth, scalability: 
the current KNN inference requires comparing a query against stored observations, so computational 
cost can increase with larger datasets unless efficient neighbor search or indexing is applied. 

Future work should proceed in four technically testable directions. First, road-network 
refinement: after retrieving feasible candidates using geodesic distance, incorporate a graph-based 
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routing stage to compute road distance and estimated travel time for the shortlisted stations, enabling 
final ranking under realistic constraints. Second, scalability improvements: replace brute-force KNN 
search with indexed or approximate nearest-neighbor methods, such as KD-tree or Ball-tree for the 
feature space, and apply spatial indexing for station retrieval to reduce on-device latency as datasets 
grow. Third, broader validation: expand the dataset to include additional vehicle categories and 
driving conditions, and report performance under a controlled train–test split (or cross-validation) to 
quantify generalization beyond the three motorcycle types. Fourth, uncertainty-aware 
recommendations: augment the prediction output with confidence or error bounds, then use a 
conservative feasibility threshold to reduce the risk of recommending stations that may be outside the 
true reachable range when prediction uncertainty is high. 
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