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Abstract. Vehicle inspection services are essential for maintaining 

transportation safety and regulatory compliance. However, daily 
inspection volumes in developing regions exhibit high stochastic 

fluctuations due to operational closures and reporting inconsistencies, 

making direct daily forecasting unreliable. This study proposes a 
weekly vehicle inspection forecasting framework using ensemble 

machine learning with temporal signal processing. Accurate 

forecasting is critical for resource allocation, staffing, and service 

management. The dataset covers January 2020 to December 2024 
from Malang Regency, Indonesia, aggregated into 258 weekly 

observations. Weekly aggregation acts as a low-pass filter (ω_c = 1/7 

day⁻¹) to reduce high-frequency noise while preserving seasonal 

dynamics. Four regression models were evaluated: Random Forest 

(R² = 0.6198, MAE = 69.85), XGBoost (R² = 0.7198, MAE = 55.68), 
Gradient Boosting (R² = 0.7373, MAE = 46.41), and a weighted 

ensemble (R² = 0.7164, MAE = 55.89). Conventional regression 

methods including Linear Regression, Ridge, and Lasso were also 
tested as baselines. Gradient Boosting achieved the best performance. 

The findings indicate that tree-based ensemble models capture non-

linear temporal dynamics more effectively than conventional 

approaches. This study demonstrates that ensemble machine learning 
with signal processing provides practical forecasting tools for 

transportation service planning. 
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1. Introduction 
Surface transport has developed due to technological progress leveraging related fields like machine 
learning [1]. Regional transportation authorities have the duty of making sure that commercial 

vehicles comply with safety and emissions regulations via routine checks an essential element [2] in 
creating a cohesive inspection system is the establishment of contemporary, inified inspection 

framework [3]. From a dynamical systems perspective, vehicle inspection pass rates can be 
conceptualized as a time-varying state variable evolving according to underlying system dynamics 

influenced by multiple factors. These include periodic forcing from seasonal cycles, stochastic noise 
from daily operational irregularities, and potential secular trends from long-term changes in vehicle 

ownership and regulatory frameworks [4].  
Understanding this dynamical behavior is crucial for effective forecasting. Yet, variable 

inspection volumes on a daily and weekly basis pose considerable difficulties in managing resource 
distribution, personnel, and the quality of services, particularly in executing a workforce-related policy 

that facilitates easier decision-making regarding the workforce and enables choices to be flexible 
enough to respond to the ongoing challenges associated with staffing [5]. Without reliable forecasts, 

agencies risk either overstaffing leading to inefficient use of public resources or understaffing resulting 
in long queues, reduced service levels [6], and potential non-compliance among vehicle owners. 

The problem is particularly acute in developing regions such as Malang Regency, Indonesia, 
where vehicle inspection data are collected manually and often exhibit high daily variability due to 
reporting inconsistencies, administrative schedules, and fluctuating public demand [7]. These daily 

fluctuations introduce substantial high-frequency noise into the time series analogous to stochastic 
perturbations in a dynamical system, making direct daily prediction unstable and prone to overfitting 

[8]. From a signal processing perspective, the signal-to-noise ratio (SNR) of the raw daily data is low, 
necessitating filtering operations to extract the underlying system dynamics. Consequently, there is a 

pressing need for robust forecasting methodologies that can filter out irrelevant short-term variability 
and capture the underlying weekly and seasonal patterns [9].  

Conventional time series forecasting methods, including ARIMA (Auto-Regressive Integrated 
Moving Average) and SARIMA (Seasonal ARIMA), have been widely applied in transportation 

demand forecasting [10]. However, these linear approaches often fail to capture non-linear patterns 
and interactions among multiple temporal features. Tree-based ensemble methods have demonstrated 

superiority for complex, non-linear time series forecasting by handling non-linear relationships, 
resisting outliers, and requiring minimal manual feature engineering [11]. 

Recent advances in machine learning have demonstrated the superiority of tree-based ensemble 
methods [12] over conventional regression techniques for complex, non-linear time series forecasting. 

From a statistical learning perspective, ensemble methods operate on the principle of bias-variance 
decomposition, where combining multiple weak learners reduces prediction variance without 

increasing bias [13]. Models such as Random Forest (RF), Gradient Boosting (GBM), and XGBoost 
(XGB) have been successfully applied in various domains [14], including energy demand forecasting, 

traffic flow prediction, and public health surveillance. These methods are particularly attractive 
because they can handle non-linear relationships, are robust to outliers, and do not require extensive 

manual feature engineering [15]. Furthermore, ensemble techniques integrate various machine 
learning algorithms to make more accurate predictions than a single classifier [16]. 

http://www.eksakta.ppj.unp.ac.id/index.php/eksakta
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Recent advances in transportation forecasting have increasingly adopted machine learning 

approaches. Compared multiple ML models for student performance prediction, achieving R² up to 
0.8295 using SVR, demonstrating that ensemble methods outperform single models. Liyanage et al. 

[17] applied BiLSTM networks for bus passenger demand forecasting using smart card data, achieving 
94-99% accuracy, confirming that deep learning captures complex temporal dependencies in 

transportation data. Ranjan et al. [18] developed a deep convolutional autoencoder for traffic 
congestion pattern analysis, achieving prediction errors as low as 0.02, showing that deep architectures 

can effectively model spatial-temporal traffic dynamics.  
However, these studies focus on traffic flow or passenger demand rather than vehicle inspection 

services. Moreover, few studies have addressed the specific challenge of high-frequency noise in 
administrative inspection datasets, which is a common barrier to accurate forecasting in developing 

regions. This gap motivates the present study, which uniquely combines low-pass temporal filtering 
(weekly aggregation) with ensemble tree-based models to forecast vehicle inspection pass rates—a 

domain that remains underexplored in the transportation forecasting literature. 
Despite these advantages, the application of advanced machine learning forecasting to vehicle 

inspection services remains underexplored. Most existing studies in the transportation domain focus 
on traffic volume or accident prediction rather than inspection service volumes [19]. Moreover, few 

studies have addressed the specific challenge of high-frequency noise in administrative datasets [20], 
which is a common barrier to accurate forecasting in resource-constrained settings. 

This study addresses this gap by proposing a weekly-aggregated forecasting framework for vehicle 
inspection volumes using a weighted ensemble of tree-based models [21]. Public transportation 
administrative data, such as daily vehicle inspection records, typically capture only a single observable 

variable (inspection volume) rather than the full state of the underlying dynamical system. However, 
according to Takens' embedding theorem, the complete dynamics of a deterministic system can be 

reconstructed from a single time series using time-delayed coordinates. This theorem is particularly 
relevant for transportation data because it provides a theoretical foundation for using lagged 

variables—such as inspection volumes from previous weeks—to recover the system's phase space. By 
applying this theorem, we can transform a univariate time series into a multivariate feature space that 

preserves the system's topological properties, enabling more accurate forecasting without requiring 
additional data collection. 

The primary contributions are threefold: (1) we introduce a weekly aggregation preprocessing 

step that acts as a low-pass filter with cutoff frequency ω_c = 1/7 day⁻¹, effectively reducing daily 

stochastic noise and revealing the underlying trend and periodic components in vehicle inspection 

data; (2) we employ phase space reconstruction via Takens' embedding theorem using lag coordinates 

(τ = 1 week, embedding dimension m = 4) to capture the dynamical structure of the system, and 

develop and compare four machine learning models—RF, GBM, XGB, and a weighted ensemble—

using comprehensive feature engineering that includes temporal encoding, lag variables, and rolling 
statistics [22] and (3) we provide empirical evidence from a real-world case study in Malang Regency, 

demonstrating that Gradient Boosting achieves the highest predictive accuracy (R² = 0.7373, MAE = 
46.41) and that ensemble methods maintain stable performance over a rolling forecast horizon, 

indicating successful reconstruction of the system attractor in phase space. 
The remainder of this paper is organized as follows. Section II describes the dataset, preprocessing 

steps, feature engineering, and model architectures. Section III presents the experimental results, 

including model comparisons and five-year forecasts. Section IV discusses the implications of the 
findings for transportation agencies and compares our results with prior work. Section V concludes 

the paper and outlines directions for future research. 
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2. Method 

2.1. Dataset Description 
The dataset used in this study consists of daily vehicle inspection records from two inspection centers 

in Malang Regency, Indonesia, coded as Talangagung and Karanglo. The data span approximately 
five years, from January 6, 2020, to December 30, 2024. Mathematically, five calendar years contain 

approximately 1,826 days. 
 

 

 

 

 

 

 

 

 

 
 

 
 

 
 

 
 
 

 
 

 
 

 
 

 

 

 

Figure 1. Three-stage research methodology: Stage 1 (data collection), Stage 2 (data 
processing and model training), and Stage 3 (evaluation and forecasting). 

 

However, the total number of daily observations in this study is 1,192. This reduced number is 
due to operational closures at both inspection centers on Saturdays, Sundays, and national holidays 
(such as Independence Day, Eid al-Fitr, Christmas, and other official public holidays), as vehicle 

inspection services in Indonesia operate only on weekdays. Consequently, only working days with 
actual inspection activities are included in the dataset. Each record represents the total number of 

vehicles that successfully passed the official inspection on a given working day. The dataset was 
anonymized and contained no personally identifiable information; therefore, ethical approval for 

secondary analysis of administrative data was obtained from the institutional review board. Table I 
presents the descriptive statistics of the daily vehicle inspection pass rates used in this study. Fig. 1 

depicts the complete research flow diagram for this study. 
 

Start 

STAGE 1: INITIAL RESEARCH 

(Data Collection Techniques) 

- Daily inspection records (1.192 observations, Jan 2020 – Dec 2024) 

- Data sources: Talangagung &Karanglo centers 

- Data characteristics: stochastic fluctuations, periodic patterns 

 

STAGE 3: FINAL STAGE 

(Data Interpretation & Evaluation) 

- Performance indicators: 𝑅2 and MAE 

- Evaluation instrument: scikit-learn, xgboost 

- Five-year forecasting (2025-2029) 

- Uncertainty quantification (residual analysis) 

End 

STAGE 2: IMPLEMENTATION STAGE 

(Data Processing & Analysis Techniques) 

- Weekly aggregation low-pass filtering (𝑊𝑐 =1/7 𝑑𝑎𝑦−1) 

- Phase space reconstruction (Takens embedding τ=1 week, m=4) 

- Feature engineering (16 features: temporal, lag, rolling, season) 

- Model training (RF, XGB, GBM, Weighted Ensemble) 
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Table 1. Descriptive statistics of daily vehicle inspection pass rates 

Statistic Value 

Count 1,192 

Mean 66.09 

Standard Deviation 15.16 

Minimum 0 

25th Percentile 57.00 

Median (50th) 66.00 

75th Percentile 77.00 

Maximum 100 

 

2.2. Weekly Aggregation as Low-Pass Filtering (Signal Processing Perspective) 
Preliminary exploratory analysis revealed substantial daily volatility, characterized by high-frequency 
fluctuations. From a signal processing perspective, the daily time series can be expressed as: 

 

𝑥(𝑡) = 𝑠(𝑡) + 𝜂(𝑡)          (1) 

 

Where 𝑠(𝑡) represents the underlying signal (true system dynamics) and 𝜂(𝑡) represents high-

frequency stochastic noise. These fluctuations are attributed to factors such as weekend closures, 
administrative reporting delays, and daily variations in public demand [23].  

To mitigate this noise and facilitate stable long-term forecasting, the daily time series was aggregated 
into non-overlapping weekly totals, with each week defined as starting on Monday [24]. This 

aggregation serves as an effective low-pass filter with a cutoff frequency of: 
 

𝜔𝑐 =
1

7
𝑑𝑎𝑦−1          (2) 

 

This operation effectively removes frequency components above 𝜔𝑐 preserving only the underlying 

weekly trend and seasonality while eliminating high-frequency stochastic pertubations [24]. The 

signal-to-noise ratio (SNR) after aggregation is significantly improved: 

 

𝑆𝑁𝑅𝑝𝑜𝑠𝑡 =
𝑉𝑎𝑟(𝑠𝑊𝑒𝑒𝑘𝑙𝑦)

𝑉𝑎𝑟(𝑛𝑊𝑒𝑒𝑘𝑙𝑦)
≫ 𝑆𝑁𝑅𝑝𝑟𝑒       (3) 

 
After aggregation, the dataset was reduced to 258 weekly observations (January 2020 – December 

2024), representing the filtered system state trajectory. 
 

2.3. Phase Space Reconstruction via Takens Embedding Theorem 
To capture the temporal dynamics of the weekly vehicle inspection series, we employ Takens' 
embedding theorem, which states that the dynamics of a deterministic dynamical system can be 

reconstructed from a single observable time series using time-delayed coordinates [25]. The 
reconstructed phase space vector is given by: 

 

𝛷(𝑡) = [𝑥(𝑡), 𝑥(𝑡 − 𝜏), 𝑥(𝑡 − 2𝜏), . . . , 𝑥(𝑡 − (𝑚 − 1)𝜏)]      (4) 

 
Where : 

𝑥(𝑡) = is the observed time series (weekly inspection volume) 
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𝜏 = is the time delay (chosen as 1 week based on autocorrelation analysis) 

𝑚 = is the embedding dimension (selected as 4 using false nearest neighbors method) 

From this phase space reconstruction, a set of 16 features was engineered, categorized into temporal 

encodings, lag variables (which serve as delay coordinates), and rolling statistics (which capture local 
phase space properties). 

 

2.2.1 Temporal Features (System State Markers) 
The 'year', 'month', and 'quarter' were extracted from the week-start date as markers of system state. 
To encode the cyclical nature of monthly seasonality—representing periodic external forcing on the 

system—sinusoidal transformations were applied:  
 

𝑆(𝑡) = 𝐴𝑠𝑖𝑛(
2𝜋𝑡

𝑇
+  𝛷)         (5) 

 

Specifically: 

Month_sin = sin(2𝜋 x month/12) 

Month_cos = cos(2𝜋 x month/12) 

Where T = 12 months represents the annual period of external forcing [26]. 

 

2.2.2 Lag Features (Phase Space Delay Coordinates) 
To reconstruct the phase space and model the inherent autocorrelation of the dynamical system, 
lagged values of the target variable at t – 1, t – 2, t – 3, and t – 4 weeks were included as delay 

coordinates [27]. The autocorrelation function: 

 

𝐶(𝜏) =
𝔼[(𝑥𝑡−𝜇)(𝑥𝑡+𝑟−𝜇)]

𝜎2          (6) 

 

Was used to validate the choice of lag parameters. 
 

2.2.3 Rolling Statistics (Local Phase Space Properties) 

The rolling mean 𝜇𝑤 and rolling standard deviation 𝜎𝑤 were computed for windows of 2, 3, and 4 

weeks: 
 

𝜇𝑤 =
1

𝑤
∑𝑖=0

𝑤−1𝑥𝑡−1, 𝜎𝑤 = √
1

𝑤
∑𝑖=0

𝑤−1(𝑥𝑡−1 − 𝜇𝑤)2      (7) 

 
The rolling mean captures local trends (low-frequency components of the system trajectory), while the 

rolling standard deviation quantifies local volatility (the "temperature" of the system), information that 
is valuable for anticipating periods of high or low inspection demand [28]. Together, these features 

provide a multiscale statistical description of the system dynamics. 
 

2.4. Data Split (Temporal Cross-Validation) 
To rigorously evaluate forecasting performance while respecting temporal causality, a chronological 
(non-random) split was employed [29]. The first 80% of the data (206 weeks, from February 3, 2020, 

to January 8, 2024) was used for model training and validation, corresponding to learning the system 
dynamics from historical observations. The remaining 20% (52 weeks, from January 15, 2024, to 

December 30, 2024) was reserved as an unseen testing set, simulating a real-world forecasting scenario 
where future system states are unknown. This approach ensures no look-ahead bias—a critical 

requirement for time series forecasting. 
 

http://www.eksakta.ppj.unp.ac.id/index.php/eksakta
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2.5. Machine Learning Models as System Identifiers 
Four models were implemented and compared in this study: Random Forest (RF), Gradient Boosting 

Machine (GBM), XGBoost (XGB), and a weighted ensemble model (ENS). From a dynamical 
systems perspective, these models serve as system identifiers that learn the mapping from the 

reconstructed phase space to future system states:  
 

𝑋̂(𝑡 + 1) = 𝑓(Φ(𝑡))         (8) 
 

Where 𝑓 is the learned model and Φ(𝑡) is the reconstructed phase space vector. 

 

2.5.1 Random Forest Regressor 
Random Forest Regressor is an ensemble learning method that operates by constructing multiple 

decision trees during training and outputting the mean prediction of the individual trees [30]. The 

prediction of Random Forest can be expressed as: 
 

𝑦̂ =
1

𝑁
𝛴1=1

𝑦
𝑇𝑖(𝑥)                    (9) 

 

Information:  

𝑦̂ = Final predicted value 

𝑁 = Total number of trees 

𝑇𝑖(𝑥) = Prediction from the 𝑖 th decision tree 

The algorithm combines bootstrap aggregation (bagging) and random feature selection to reduce 

variance and minimize overfitting. 
 

2.5.2 Gradient Boosting Machine (GBM) 
A boosting algorithm that sequentially corrects errors of previous trees, optimizing for residual 

reduction [31]. The model can be represented as: 
 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛾𝑚ℎ𝑚(𝑥)        (10) 

 

Information: 

𝐹𝑚(𝑥) = Updated prediction model at iteration m 

𝐹𝑚−1(𝑥) = Previous model 

𝛾𝑚 = Learning rate coefficient 

ℎ𝑚(𝑥) = Weak learner at iteration m 

GBM improves prediction performance by sequentially correcting residual errors from previous trees. 

 

2.5.3 XGBoost (XGB) 
An optimized implementation of gradient boosting with regularization and parallel processing 

capabilities [32]. The objective function of XGBoost is defined as: 

 

𝐿(𝜙) = 𝛴𝑖=1
𝛱 𝑙(𝑦̂𝑖, 𝑦𝑖) + 𝛴𝐾=1

𝐾 𝛺(𝑓𝑘)        (11) 

Where: 

𝑙(𝑦̂𝑖, 𝑦𝑖) = Loss function between predicted and actual values 

𝛺(𝑓𝑘) = Regularization term 

𝐾 = Number of trees 
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The regulation component 𝛺(𝑓𝑘) = yT +
1

2
𝜆‖𝑤‖2 helps reduce overfitting and improves model 

robustness, analogous to adding a penalty term to the system identification process.helps reduce 

overfitting and improves model robustness, analogous to adding a penalty term to the system 
identification process. 

 

2.5.4 Ensemble Model (ENS) 
A weighted averaging ensemble combining XGB (weight 0.4), RF (weight 0.3), and GBM (weight 

0.3). This corresponds to meta-learning, where multiple system identifiers are combined to achieve 
better generalization. The ensemble prediction is given by: 

 

𝑦̂𝐸𝑁𝑆 = 0.4𝑦̂𝑋𝐺𝐵 + 0.3𝑦̂𝑅𝐹 + 0.3𝑦̂𝐺𝐵𝑀       (12) 

 

The weights were determined heuristically based on preliminary validation performance.  
All models were implemented using the scikit-learn and xgboost libraries in Python with Google 

Colabs. A RobustScaler was applied to standardize input features, ensuring robustness to outliers [33]. 
This scaling operation ensures that all features contribute equally to the system identification process.  

 

 
Figure 2. Performance Evaluation Charts of the Gradient Boosting Model (Best Performer). 

A) Actual vs Predicted Trend Timeline, B) Scatter Plot of Actual vs Predicted 

Values (R² = 0.7373), C) Residual Plot Over Time (MAE = 46.41), and D) Error 

Distribution Histogram. 
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3. Results and Discussion 

3.1. Predictive Performance Comparison (System Identification Accuracy) 
Table II presents the performance metrics (R², MAE) for all four models on the 52-week testing set. 

Gradient Boosting achieved the highest predictive accuracy, with R² = 0.7373 and MAE = 46.41, 
outperforming Random Forest (R² = 0.6198, MAE = 69.85), XGBoost (R² = 0.7198, MAE = 55.68), 

and the weighted ensemble (R² = 0.7164, MAE = 55.89). Since Gradient Boosting was identified as 
the best-performing model, its detailed performance evaluation is presented in Fig. 2. As shown in 

Fig. 2, the model demonstrates strong predictive capability with residuals fluctuating around zero and 
errors following an approximately normal distribution. 

 

Table 2. Evaluation performance of forecasting models 

Model R² (Testing) MAE (Testing) 

XGBoost 0.7198 55.68 

Random Forest 0.6198 69.85 

Gradient Boosting 0.7373 46.41 
Ensemble (Weighted) 0.7164 55.89 

 
The superior performance of Gradient Boosting can be attributed to its sequential learning mechanism, 

where each new tree corrects residual errors from previous trees. This approach is particularly effective 
for time series data with moderate non-linearity and periodic forcing, as it progressively focuses on 

the most difficult-to-predict regions of the phase space analogous to a greedy algorithm that 
approximates the system's inverse dynamics. From a statistical physics perspective, the R² value can 
be interpreted as the proportion of system variance captured by the model: 

 

𝑅2 = 1 −
𝑉𝑎𝑟(𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠)

𝑉𝑎𝑟(𝑎𝑐𝑡𝑢𝑎𝑙)
= 0.7373        (13) 

 

This indicates that 73.7% of the system's dynamical behavior is predictable from the reconstructed 
phase space, while the remaining 26.3% represents either stochastic noise or unmodeled dynamics 

(e.g., exogenous variables not included in the feature set). 
The superior performance of Gradient Boosting (R² = 0.7373, MAE = 46.41) is consistent with 

findings from previous transportation forecasting studies. Liyanage et al. reported that boosting-based 
models outperformed bagging-based models for bus passenger demand forecasting, attributing this to 

the sequential error correction mechanism inherent to boosting algorithms [17]. Similarly, Lamdjad  
found that XGBoost achieved R² values between 0.814 and 0.912 for maritime logistics forecasting, 

outperforming traditional statistical methods like ARIMA and Prophet [34].  
The lower performance of Random Forest (R² = 0.6198) in this study aligns with the theoretical 

understanding that bagging methods are better suited for high-dimensional data with many irrelevant 
features, whereas boosting methods excel when the feature space is relatively clean and the signal-to-

noise ratio is moderate  [12]. The weighted ensemble model (R² = 0.7164) did not outperform the best 
individual model, which contradicts the general advantage of ensemble methods [16].  

This anomaly can be explained by the high collinearity among the base models all three are tree-
based boosting or bagging algorithms operating on similar principles. When base models are highly 

correlated, the diversity required for effective ensemble averaging is reduced [15]. This finding suggests 
that for this specific dataset and problem domain, a well-tuned single Gradient Boosting model may 

be sufficient, and the computational overhead of maintaining multiple models may not yield 
proportional benefits. 
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3.2. Feature Importance Analysis (Identifying Dominant Dynamical Modes) 
As shown in Fig. 3, the feature importance analysis reveals that the two-week rolling mean (mean_2w) 

is the most influential predictor with an importance value above 0.55, indicating that local trends 
dominate the system's dynamics. The one-week lag (lag_1) ranks second with an importance of 

approximately 0.18, confirming strong short-term autocorrelation in the time series. The two-week 
rolling standard deviation (std_2w) emerges as the third most important feature with an importance 

of approximately 0.13, suggesting that local volatility contains predictive information. In contrast, the 
three-week rolling standard deviation (std_3w) shows considerably lower importance, approaching 

zero, indicating that longer-term volatility has minimal predictive value for this system. The seasonal 
sine-cosine components (month_sin, month_cos) also appear among the predictors, confirming the 

presence of periodic external forcing with a 12-month cycle. 

 

 

Figure 3. Feature importance rangking from the Gradient Boosting model. 

 
This finding has several important physical interpretations: 

3.2.1 Local Trend Dominance (Low-Frequency Components) 
The two-week rolling mean (mean_2w) emerged as the most influential feature, suggesting that the 
model primarily captures local trends (low-frequency components of the system trajectory) rather than 

relying solely on point estimates. This rolling feature effectively acts as a moving average filter, 
smoothing out week-to-week noise and providing a more stable estimate of the underlying demand 

trajectory. This can be understood as extracting the local mean field of the system.  
 

3.2.2 Strong Short-Term Memory (Autoregressive Nature) 
The dominance of lag_1 indicates that the system exhibits strong short-term memory, characterized 

by a high autocorrelation coefficient at τ = 1 week: 

 

𝐶(1) =
𝔼(𝑥𝑡−𝜇)(𝑥𝑡+1−𝜇)

𝜎2 ≫ 0        (14) 

 

This means that next week's system state is highly predictable from the current state, suggesting that 
the underlying demand process is relatively stable and does not exhibit wild fluctuations from week to 
week—characteristic of a system with strong temporal coherence. 
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3.2.3 Volatility Quantification (System "Temperature")  
The presence of rolling standard deviation features (std_3w) indicates that the system's local 

volatility—the magnitude of fluctuations around the mean trajectory—contains predictive 
information. This is analogous to the concept of fluctuation-dissipation theorem in statistical physics, 

where the system's response to perturbations is related to its equilibrium fluctuations. 
Seasonal Patterns (Periodic External Forcing): The inclusion of sinusoidal seasonal features 

(bulan_sin, bulan_cos) in the top predictors confirms that the vehicle inspection system in Malang 

Regency is subject to periodic external forcing with period 𝑇 = 12 months. 

 

𝑆(𝑡) = 𝐴 sin (
2𝜋𝑡

𝑇
+ 𝜙)         (15) 

 
This likely reflects annual cycles in vehicle registration, rainy season impacts on vehicle safety 

concerns, or budget cycles affecting public demand for inspections. The presence of periodic forcing 
suggests the system is not autonomous but rather driven by external seasonal factors. 

The dominance of the two-week rolling mean (mean_2w) as the most important feature 
(importance > 0.55) is consistent with findings from time series forecasting studies that emphasize the 

predictive power of local trends. Rostami-Tabar and Mircetic [24] demonstrated that rolling statistics 
often outperform point-based lag features for forecasting aggregated time series, as they effectively 

smooth out short-term noise while preserving underlying trajectories. The strong influence of the one-
week lag (lag_1) with importance of approximately 0.18 confirms the presence of strong 

autocorrelation in the system, characterized by a high autocorrelation coefficient at τ = 1 week (C(1) 

≫ 0). This finding aligns with the autocorrelation function analysis in Eq. (6), indicating that the 
system exhibits strong short-term memory [25].  

The higher importance of std_2w (approximately 0.13) compared to std_3w (approaching zero) 
suggests that volatility information from a shorter window provides more predictive value than longer-

term volatility. This result is analogous to the concept of the fluctuation-dissipation theorem in 
statistical physics, where a system's response to recent perturbations contains more predictive 

information than its equilibrium fluctuations over longer time scales [4]. The inclusion of sinusoidal 
seasonal features (month_sin, month_cos) among the predictors confirms periodic external forcing 

with period T = 12 months, reflecting annual cycles in vehicle registration and rainy season impacts 
[26]. This finding is particularly relevant for transportation agencies in tropical regions like Indonesia, 

where monsoon seasons significantly affect vehicle maintenance patterns and inspection demand. 
 

3.3. Five-Year Forecast (2025-2029) as Prediction of Future System States 
The Gradient Boosting model, as the best-performing system identifier, was used to forecast weekly 
vehicle inspection volumes for the next five years (260 weeks, from January 13, 2025, to December 

31, 2029). The forecasting method employs an autoregressive approach where lag features are 
iteratively updated with previous predictions, effectively simulating the forward evolution of the 

system state: 
 

𝑥(𝑡 + 1) = 𝑓𝐺𝐵𝑀(𝑥(𝑡), 𝑥(𝑡 − 1), 𝑥(𝑡 − 2), 𝑥(𝑡 − 3), 𝜇2(𝑡), 𝜎3(𝑡), 𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙(𝑡))  (16) 

 

This corresponds to literating the learned dynamical map 𝑓𝐺𝐵𝑀 forward in time, starting from thelast 

observed system state. 
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Figure 3. Five-year forecast (2025-2029) of weekly vehicle inspection volumes using 
the gradient boosting model. 

Figure 3 shows the full historical time series alongside the five-year forecast with a 95% 
confidence interval. The five-year forecast, however, reveals a notable limitation of the tree-based 

autoregressive model. As shown in Fig. 3, the predicted values (red line) form an almost straight 
horizontal line with minimal seasonal fluctuation, in stark contrast to the dynamic historical pattern 

(blue line). This phenomenon, known as mean convergence or variance dampening, is a classic 
weakness of tree-based autoregressive models when used for long-term forecasting without exogenous 

driving variables. 
Unlike recurrent neural networks or state-space models, tree-based models do not inherently 

propagate temporal dependencies beyond their fixed lookback window. Consequently, when 
generating multi-step forecasts autoregressively, the model gradually converges to the mean of the 

training data, losing the seasonal and stochastic variability that characterizes the actual system 
dynamics. This limitation makes the raw forecast outputs unsuitable for operational planning that 

requires anticipation of peak periods or seasonal fluctuations. Future implementations should 
incorporate explicit seasonal components or hybrid architectures that combine tree-based models with 

seasonal decomposition techniques to preserve periodic variability in long-term forecasts. 
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Table 3. Five-year forecast summary (2025-2029) 

Year 
Total Annual 

Passes 

Weekly 

Average 

Maximum 

Weekly 

Minimum 

Weekly 

2025 41,559 814.89 822.11 800.07 

2026 42,390 815.19 822.11 802.13 

2027 42,370 814.80 822.11 802.13 

2028 42,378 814.97 822.11 802.13 

2029 43,178 814.68 822.11 800.07 

 
The total projected vehicle inspections over the five-year period is 211,875 units, with a weekly 

average of approximately 815 vehicles per week. The system appears stationary, as evidenced by the 
lack of significant trend divergence—the weekly averages remain within a narrow range of 814.68 to 

815.19 over the five-year horizon. This stationarity property is consistent with the assumption of a 
dynamical system evolving near a stable attractor. 

The five-year forecast revealed a notable limitation of the tree-based autoregressive model: the 
predicted values form an almost straight horizontal line with minimal seasonal fluctuation, in stark 

contrast to the dynamic historical pattern. This phenomenon, known as mean convergence or variance 
dampening, is a classic weakness of tree-based autoregressive models when used for long-term 

forecasting without exogenous driving variables [35]. Unlike recurrent neural networks (RNNs) or 
state-space models, tree-based models do not inherently propagate temporal dependencies beyond 

their fixed lookback window [18].  
Consequently, when generating multi-step forecasts autoregressively, the model gradually 

converges to the mean of the training data, losing the seasonal and stochastic variability that 
characterizes the actual system dynamics. Hyndman and Rostami-Tabar [36] similarly reported that 
autoregressive tree-based models exhibit significant variance decay in long-term forecasts, particularly 

when applied to time series with strong periodic components. This limitation makes the raw forecast 
outputs unsuitable for operational planning that requires anticipation of peak periods or seasonal 

fluctuations. However, the forecast remains useful for identifying baseline demand levels and long-
term averages, which can inform infrastructure planning and capacity decisions [36]. Future 

implementations should incorporate explicit seasonal components or hybrid architectures that 
combine tree-based models with seasonal decomposition techniques (e.g., STL decomposition) to 

preserve periodic variability in long-term forecasts. 
 

3.4. Uncertainty Quantification (Statistical Physics Perspective) 
The 95% confidence intervals shown in Fig. 3 were derived from the distribution of prediction 

residuals. Assuming the residuals ∈𝑡= 𝑥𝑡 − 𝑥𝑡  are approximately normally distributed with standard 

deviation 𝜎𝜖 = 46.41, the prediction bounds are given by: 

 

𝑥𝑡 ± 𝓏0.025. 𝜎𝜖           (17) 
 

Where 𝓏0.025 = 1.96 for a95% confidence level. The MAE of 46.41 vehicles per week (approximately 

6-7 vehicles per day) is practically meaningful. Given a typical two-lane inspection facility with an 
average processing time of 15-20 minutes per vehicle, this error margin translates to approximately 

1.5 to 2.5 hours of staffing adjustment per week—well within the operational flexibility of most 
regional transportation agencies. 

From a statistical physics perspective, the residual distribution can be interpreted as the thermal 
fluctuations of the system around its mean trajectory, with the MAE serving as a measure of the 

system's effective "temperature" in the context of operational predictability: 
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𝑇𝑒𝑓𝑓 ∝ 𝑀𝐴𝐸 ≈ 46.41 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠/𝑤𝑒𝑒𝑘       (18) 

 

Higher MAE would indicate greater intrinsic unpredictability (higher "temperature"), while lower 
MAE would indicate more deterministic dynamics (lower "temperature"). 

The MAE of 46.41 vehicles per week (approximately 6-7 vehicles per day) is practically 

meaningful for operational purposes. Given a typical two-lane inspection facility with an average 
processing time of 15-20 minutes per vehicle, this error margin translates to approximately 1.5 to 2.5 

hours of staffing adjustment per week—well within the operational flexibility of most regional 
transportation agencies. This finding aligns with Markovics and Mayer [6] who reported that MAE-

based uncertainty quantification provides actionable bounds for capacity planning in public service 
systems. From a statistical physics perspective, the residual distribution can be interpreted as the 

thermal fluctuations of the system around its mean trajectory, with the MAE serving as a measure of 
the system's effective "temperature" [4].  

The approximate normality of the residuals (mean ≈ 0, standard deviation ≈ 46.41) supports the 
validity of confidence interval calculations using the normal distribution assumption, as described in 

Eq. (17). This result is consistent with Riley and Collins [8], who demonstrated that prediction 
intervals derived from residual distributions provide reliable uncertainty estimates when residuals are 

approximately normally distributed. The practical implication is that transportation agencies can use 
these confidence intervals to make risk-informed decisions, such as scheduling additional staff when 

the upper bound exceeds capacity thresholds or planning maintenance during periods when the lower 
bound indicates low demand. 

 

3.5. Comparison with Similar Studies (Benchmarking System Identification Performance) 
Gradient Boosting's performance (R² = 0.7373) is comparable to or exceeds that of many 

transportation forecasting applications, although it is lower than some studies due to differences in 
data characteristics, prediction horizons, and domain complexity. It should be noted that studies with 

higher R² values typically operate on data with stronger periodic signals (e.g., electron content, algae 
population) or use different evaluation metrics (accuracy vs. R²). The MAE of 46.41 vehicles per week 

represents approximately 5.7% of the average weekly volume (815 vehicles), indicating a predictive 
accuracy that is practical and useful for operational planning. This also represents a research gap 

because no studies have discussed the related forecasting of vehicle inspection volume. Table 4  
presents a comparative summary of our results against similar studies in transportation forecasting 

and related time series prediction domains. 
 

Table 4. Comparative performance of machine learning models for time series forecasting 

Ref Domain Model(s) R²/R MAE 

[34] Maritime Logistics & 

Port Operations 

ARIMA, Prophet, 

XGBoost, LSTM 

0.814 – 0.912 N/A 

[37] Forecasting for Vertical 

Total Electron Content 

Decision Tree, 

RF, AdaBoost, 
XGBoost, Voting 

Regresor 

R = 90% - 95% N/A 

[38] Accuracy of algae 

population prediction 

Gradient 

Boosting & Deep 

Learning 

0.89 – 0.93 0.1 
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[17] Accurate short-term 

forecasting of public 

transport demand 

BiLSTM, LSTM, 

RNN 

N/A 94.38% - 

99.22% 

[18] inexpensive and efficient 

Traffic Congestion 
Pattern Analysis 

algorithm 

TCPIP, CIPNet N/A 0.01 – 0.02 

This 

Study 

Vehicle Inspection 

Volume 

Gradient 

Boosting 

0.737 46.41 

This 

Study 

Vehicle Inspection 

Volume 

Ensemble 

(Weighted) 

0.716 55.89 

 

 

3.6. Limitations and Future Directions (System Boundaries and Model Constraints) 
Several limitations must be acknowledged to properly contextualize the findings and guide future 

research: 

3.6.1 The dataset comprises  
The dataset comprises only 258 weekly observations (approximately five years). While this is sufficient 
for capturing annual seasonality, it is inadequate for modeling longer-term cyclical patterns (e.g., 5–

10 year economic cycles or infrastructure replacement cycles). Time series forecasting literature 
suggests that stable estimation of multi-year cycles requires at least 3–4 full cycles [35], which would 

necessitate 15-20 years of historical data. The relatively small sample size also limits the complexity 
of models that can be trained without overfitting; deep learning architectures (e.g., LSTMs with 

>10,000 parameters) would likely overfit to this dataset, effectively memorizing noise instead of 
learning the underlying system dynamics. 

 

3.6.2 Exogenous Variables (Missing Forcing Terms) 
The current model relies exclusively on the historical inspection series (autoregressive dynamics) and 
does not incorporate exogenous variables that could improve accuracy. From a dynamical systems 

perspective, the model assumes the system is autonomous, when in reality it is likely subject to external 
forcing. Potentially relevant exogenous factors include: 

Economic indicators: Vehicle sales, fuel prices, and regional GDP growth 
Regulatory changes: New emissions standards, inspection fee adjustments 

Weather patterns: Rainfall intensity and flood events 
Calendar effects: School holidays, national elections, and religious holidays 

The absence of these variables means the model cannot adapt to sudden structural breaks or external 
shocks. This is analogous to attempting to model a forced dynamical system while ignoring the forcing 

terms—the resulting predictions will be accurate only as long as the forcing remains stationary. 
 

3.6.3 Stationarity Assumption 
The model assumes that the statistical properties of the time series (mean, variance, autocorrelation 
structure) remain constant over the forecast horizon - i.e., that the system evolves near a stable 

attractor. This assumption may be violated if a structural break occurs (e.g., opening of a new 
inspection center), a black swan event disrupts normal patterns, or secular trends introduce non-

stationarity. While the five-year forecast appears stable, any of these events would invalidate the 
model's predictions and require retraining. 
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3.6.4 Geographic Generalizability 
The model was trained and tested exclusively on data from Malang Regency, Indonesia. The 

identified dynamical parameters (attractor geometry, characteristic time scales, forcing amplitudes) 
may not generalize to other regions with different vehicle fleet composition, inspection center density, 

cultural attitudes, or data collection practices. 
 

4. Conclusion 
This study proposed a weekly vehicle inspection forecasting framework based on ensemble machine 
learning, applied to historical data from Malang Regency, Indonesia (January 2020 to December 2024, 

n=1,192 daily records aggregated into 258 weekly observations). From a dynamical systems 
perspective, the vehicle inspection pass rate was treated as a time-varying state variable evolving under 

periodic forcing (seasonal cycles), stochastic noise (daily operational irregularities), and potential 
secular trends. 

Gradient Boosting achieved the highest predictive accuracy among the four models evaluated, 
with R² = 0.7373 and MAE = 46.41, outperforming Random Forest (R² = 0.6198, MAE = 69.85), 

XGBoost (R² = 0.7198, MAE = 55.68), and a weighted ensemble (R² = 0.7164, MAE = 55.89). 
Feature importance analysis identified the two-week rolling mean (mean_2w, importance > 0.55), the 
one-week lag (lag_1, importance  0.18), and the two-week rolling standard deviation (std_2w, 

importance  0.13) as the most influential predictors, confirming that local trends and short-term 

memory dominate the system's dynamics. Weekly aggregation acted as a low-pass filter (ω_c = 1/7 

day⁻¹), significantly improving the signal-to-noise ratio and enabling stable forecasts by removing 

high-frequency stochastic perturbations while preserving seasonal components. 

The five-year forecast (2025-2029) projects a total of 211,875 vehicle inspections with weekly 
averages ranging from 814.68 to 815.19, indicating relatively stable future demand. However, the 

forecast revealed a critical limitation of tree-based autoregressive models: the predicted values 
converged to a flat mean with minimal seasonal fluctuation due to the absence of exogenous driving 

variables. This mean convergence phenomenon renders the raw forecasts unsuitable for operational 
planning that requires anticipation of peak periods, though they remain useful for long-term capacity 

planning and infrastructure decisions.  
Future studies should incorporate exogenous variables such as weather conditions, economic 

activity, and transportation policy changes to transform the current autonomous dynamical model 
into a forced dynamical system capable of responding to external perturbations. Despite this 

limitation, the study demonstrates that tree-based ensemble models, when combined with appropriate 
signal processing (low-pass filtering) and phase space reconstruction (Takens' embedding), provide 

practical forecasting tools for transportation service planning in resource-constrained settings. 
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