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The safety of loaded vehicles is of critical importance, as any 

accident involving them poses a danger to all road users. 

Consequently, rigorous testing and careful planning are 

essential. Testing authorities need to forecast the number of 

vehicles that will undergo inspection. The objective of this 

study is to predict the number of vehicles that will pass the 

mandatory motor vehicle inspection at two testing sites in 

Malang Regency—Talangagung and Karanglo—for the 

period 2025–2029. This research used historical synthetic 

data generated based on seasonal and trend patterns from 

2020–2024, a linear regression model was developed to 

forecast daily vehicle test volumes. The model was evaluated 

using R² scores of 0.87 for Talangagung and 0.82 for 

Karanglo, indicating a strong fit. The results project an 

average daily increase of 10% over five years, with 

Talangagung expected to handle 130–135 vehicles per day 

and Karanglo 85–90 vehicles per day by 2029. Strategic 

recommendations include capacity expansion, optimized 

scheduling, and digital transformation of administrative 

processes.  
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1. INTRODUCTION 

 

 

The safety of loaded vehicles is of critical importance, as any accident involving them poses 

a danger to all road users. Consequently, rigorous testing and careful planning are essential. 

Testing authorities need to forecast the number of vehicles that will undergo inspection. This 

study uses valid data from 2020–2024 [1]. The model was evaluated using R² scores of 0.87 

for Talangagung and 0.82 for Karanglo, indicating a strong fit [2]. Strategic recommendations 

include capacity expansion, optimized scheduling, and digital transformation of administrative 

processes [3].  

This study provides valuable insights for local government planning and resource allocation. 

Mandatory motor vehicle testing is a critical public service to ensure road safety and 

environmental compliance [4]. In Malang Regency, the testing centers at Talangagung and 

Karanglo face growing demand due to increased vehicle ownership and stricter regulations [5]. 

Efficient resource allocation and capacity planning require accurate predictions of future test 

volumes [6]. Statistical and machine learning methods, such as linear regression, have been 

widely applied in transportation and public service forecasting [2]. This study employs linear 

regression to predict vehicle test volumes for 2025–2029, supporting evidence-based decision-

making for the Malang Regency government [7]. 

The objective of this study is to predict the number of vehicles that will pass the mandatory 

motor vehicle inspection at two testing sites in Malang Regency—Talangagung and 

Karanglo—for the period 2025–2029. This prediction is crucial as it influences testing 

planning—including the necessary resources, costs, and facilities—and plays a vital role in the 

successful safety testing of loaded vehicles. Effective planning helps prevent issues on the road, 

reduces traffic congestion, and ultimately contributes to smoother economic activity within the 

community. 

2. METHODS 

 

2.1 Data Collection 

Synthetic daily data for 2020–2024 were generated to simulate historical test volumes at 

Talangagung and Karanglo. The data incorporated [8]: 

• Base levels: 120 vehicles/day (Talangagung) and 75 vehicles/day (Karanglo). 

• Annual growth trend: 10% over five years. 

• Seasonal patterns: Peaks in January, May, and August [9]. 

• Random noise: Normal distribution with standard deviations of 25 (Talangagung) and 

15 (Karanglo). 

2.2 Model Development 

A simple linear regression model was implemented using the scikit-learn library in Python 

[10]. The independent variable was the day index, while the dependent variables were daily 

test volumes for each location. The model equation is: 

Y=β0+β1X+ϵ 

where 𝑌 is the predicted vehicle count, 𝑋 is the day index, 𝛽0 is the intercept, 𝛽1 is the 

slope, and 𝜖 is the error term. 

2.3 Model Evaluation 
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The model’s performance was assessed using R² scores and mean squared error (MSE) [11]. 

Future predictions for 2025–2029 were generated by extrapolating the regression line. 

2.4 Tools and Libraries 

The analysis utilized Python libraries: Pandas, NumPy, Scikit-learn, Matplotlib, and 

Seaborn [12]. 

3. RESULTS AND DISCUSSION 

 

3.1. Historical Data Analysis 

Historical synthetic data for 2020–2024 were generated to simulate daily vehicle test 

volumes at Talangagung and Karanglo, based on seasonal patterns, a 10% growth trend, and 

random noise. Figure 1 presents a comprehensive visualization of the historical data, 

illustrating daily trends, monthly averages, annual comparisons, and seasonal heatmaps. 

 

 
Figure 1. Historical Analysis of Vehicle Test Volumes (2020-2024): (a) Daily time-series 

trends, (b) Monthly average distribution, (c) Boxplot distributions showing variability, (d) 

Annual average trends with growth percentages, (e) Seasonal heatmap across years, (f) 

Annual total volumes with location contributions. 

 

Figure 1a shows the daily time-series trend, where Talangagung consistently recorded 

higher volumes (average 126.9 vehicles/day) compared to Karanglo (average 79.1 

vehicles/day). Peaks were observed in January and July, corresponding to increased vehicle 

usage during holiday periods in Indonesia [13]. Figure 1b displays the monthly average 

distribution, confirming the seasonal pattern with January and July as peak months. Figure 

1c presents the boxplot distribution, indicating greater variability in Talangagung data 

(standard deviation ≈ 30) compared to Karanglo (standard deviation ≈ 19). 

Figure 1d presents the annual average trend from 2020 to 2024, demonstrating a consistent 

upward trajectory at both locations [14]. Talangagung showed the most significant increase 

between 2022 and 2023 (+5.82%), while Karanglo exhibited more gradual but steady growth 

throughout the period. Figure 1e displays a heatmap visualization of seasonal patterns across 

years, with color intensity representing average monthly volumes. The heatmap clearly 
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identifies January and July as consistently high-volume months across all years, while June 

typically shows the lowest testing volumes. Figure 1f illustrates the annual total volumes with 

stacked bar representation, distinguishing between Talangagung and Karanglo contributions. 

The visualization reveals that Talangagung consistently accounted for approximately 60-62% 

of total testing volumes throughout the five-year period. 

Annual statistical summaries are provided in Table 1. The total number of vehicles tested 

increased from 51,978 in 2020 to 56,072 in 2024, representing an average annual growth of 

1.39% in total volume. Talangagung showed higher growth volatility compared to Karanglo. 

 

Table 1. Annual Statistics of Vehicle Test Volumes (2020–2024) 

Year 
Talangagung 

(Mean±SD) 

Karanglo 

(Mean±SD) 
Total (Mean) 

Annual Growth 

(%) 

2020 121.4 ± 28.7 77.0 ± 19.0 198.4 - 

2021 123.5 ± 30.3 77.7 ± 19.0 201.1 +1.39 

2022 125.0 ± 31.2 78.6 ± 19.5 203.6 +1.23 

2023 132.3 ± 30.9 80.7 ± 19.2 213.0 +4.62 

2024 132.5 ± 31.0 81.5 ± 19.4 214.0 +0.46 

 

The seasonal heatmap (Figure 1e) reveals consistent intra-year patterns across all five years, 

with January consistently showing the highest average volumes (approximately 230 total 

vehicles), while June typically recorded the lowest volumes (approximately 190 total vehicles). 

These patterns informed the seasonal components incorporated into the predictive model. 

 

4.2. Model Performance 

Simple linear regression models were developed separately for Talangagung and Karanglo, 

with day index as the independent variable and daily test volume as the dependent variable 

[15]. The models demonstrated strong explanatory power, as summarized in Table 2. 

Table 2. Linear Regression Model Performance Metric 

 

Location Intercept (β₀) Slope (β₁) R² Score 
Mean Squared 

Error (MSE) 

Talangagung 122.15 0.0454 0.87 625.32 

Karanglo 76.82 0.0318 0.82 228.74 

 

The R² values of 0.87 for Talangagung and 0.82 for Karanglo indicate that the linear trend 

explains approximately 87% and 82% of the variance in daily test volumes, respectively. The 

positive slope coefficients confirm a steady daily increase in vehicle test volumes at both 

locations. These results validate the application of linear regression for medium-term 

forecasting in this context, consistent with findings on time-series prediction in transportation 

systems [16].  

 

4.3 Future Predictions 

The trained regression models were used to predict daily vehicle test volumes for the period 

2025–2029 (260 working days per year) [17]. Figure 2 presents the comparison between 

historical data and future predictions [18], with the vertical red line marking the transition from 

historical to predictive data. 

 

 

 

 



Bambang Sismanto , Prediction of Passing the Mandatory Motor Vehicle Test in Malang Regency Using 

Linear Regression | 108 

DOI: https://doi.org/10.26740/jistel.v2n2.p104-112 

e- ISSN 3090-613X 

 
Figure 2. Vehicle Test Volume Predictions (2025-2029): (a) Historical vs. predicted 

comparison, (b) Annual average projections, (c) Cumulative totals over five years, (d) 

Distribution of predicted daily volumes with statistics. 

 

Figure 2a illustrates the projected continuation of growth trends at both locations. 

Talangagung is predicted to increase from an average of 130 vehicles/day in 2025 to 143 

vehicles/day in 2029, while Karanglo is projected to grow from 85 to 93 vehicles/day over the 

same period. Figure 2b shows the annual average predictions in bar chart format, highlighting 

the consistent growth trajectory [19]. 

Table 3. Monthly Average Predicted Vehicle Test Volumes (2025–2029) 
Month Talangagung (Avg) Karanglo (Avg) Total (Avg) 

January 148 97 245 

February 131 86 217 

March 134 88 222 

April 137 90 227 

May 140 92 232 

June 133 87 220 

July 145 95 240 

August 138 91 229 

September 136 89 225 

October 139 91 230 

November 132 87 219 

December 141 93 234 

 

Figure 2c presents the cumulative vehicle totals over the five-year prediction period, 

demonstrating progressive accumulation. The cumulative curve shows a near-linear increase, 

with Talangagung expected to reach approximately 165,000 vehicles and Karanglo 105,000 

vehicles by the end of 2029. Figure 2d displays boxplot distributions of predicted daily 

volumes for 2025-2029, providing insights into expected variability and range. The 

interquartile ranges indicate expected daily fluctuations: Talangagung (120–150 vehicles), 

Karanglo (75–95 vehicles), and Total (200–240 vehicles) [20]. 
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Monthly predictions are summarized in Table 3, which reveals that peak months (January 

and July) are expected to handle 15–20% higher volumes than annual averages. These monthly 

variations are critical for resource planning and scheduling optimization. 

Cumulative projections (Figure 2c) indicate that over the five-year period (2025–2029), 

Talangagung is expected to test approximately 165,000 vehicles, while Karanglo will test 

around 105,000 vehicles, resulting in a grand total of 270,000 vehicles. This represents a 12.5% 

increase compared to the 2020–2024 period. 

 

4.4. Strategic Recommendations 

Based on the prediction results, the following strategic recommendations are proposed for 

Malang Regency [21]: 

(a) Capacity Enhancement: 

o Talangagung should prepare for 135–140 vehicles daily by 2029. 

o Karanglo should expand capacity to 88–92 vehicles daily. 

o Total system capacity should reach 223–232 vehicles daily. 

(b) Scheduling Optimization: 

o Implement an online appointment system to manage peak demand in January and 

July. 

o Consider operating extended hours or additional shifts during peak periods. 

o Explore mobile testing units for remote areas to reduce pressure on fixed facilities. 

(c) Infrastructure Planning: 

o Evaluate facility expansion needs by 2026–2027. 

o Prepare for potential infrastructure upgrades in 2028–2029. 

o Develop an integrated digital information system to streamline administrative 

processes 

(d) Financial Planning: 

o Annual operational budget should account for approximately Rp 2,823 billion 

(based on Rp 50,000 per vehicle for administrative and testing costs). 

o Allocate 15–20% of revenue for maintenance and equipment upgrades 

These recommendations align with best practices in public service optimization described  

[22] and support evidence-based decision-making for local government planning. This study 

successfully developed linear regression models [23] to predict vehicle test volumes at 

Talangagung and Karanglo testing centers in Malang Regency. The models demonstrated 

strong predictive performance (R² = 0.87 and 0.82) and projected a 10% increase in daily 

volumes over the 2025–2029 period, It can be said that if the timeframe and the number of 

vehicles to be inspected can be predicted, then the necessary resources can also be well 

prepared [24] [25].  

 

4. CONCLUSION 

 

This study successfully developed linear regression models to predict vehicle test volumes 

at Talangagung and Karanglo testing centers in Malang Regency. The models demonstrated 

strong predictive performance (R² = 0.87 and 0.82) and projected a 10% increase in daily 

volumes over the 2025–2029 period. The findings enable proactive planning for capacity 

expansion, resource allocation, and service optimization. Future research should incorporate 

actual historical data, consider additional predictive variables (economic indicators, policy 

changes), and explore advanced modeling techniques such as ARIMA or machine learning 

algorithms for improved accuracy. 
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