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Abstract: This research addresses the issues of traffic congestion, economic losses, and air 
pollution in major Indonesian cities by focusing on End-of-Life Vehicles (ELVs) and emission 
standards. The study highlights the impact of rapid population growth and increased vehicle 
ownership on road infrastructure, resulting in prolonged commuting times and elevated air pollution 
levels. The research predicts emission thresholds and identifies non-compliant vehicles by mapping 
vehicles aged 10 to 30 years and employing machine learning techniques. Key findings reveal that 
15-80% of gasoline vehicles and 40-70% of diesel vehicles fail to meet the 2023 emission standards. 
The study proposes emission thresholds of 245 ppm for hydrocarbons, 1.8% for carbon monoxide, 
and 70% for opacity in diesel vehicles, with a minimum age of 10 years for ELVs. Machine learning 
models, particularly XGBoost for gasoline vehicles and Gradient Boosting for diesel vehicles, 
demonstrated high accuracy in predicting non-compliant vehicles. Policy recommendations include 
stricter emission testing, financial incentives for retiring old vehicles, and establishing low-emission 
zones. Implementing these policies, supported by robust public awareness campaigns and 
stakeholder engagement, is expected to significantly reduce air pollution, improve public health, and 
enhance urban transportation systems. The research provides valuable insights for policymakers to 
develop sustainable transportation strategies and effectively manage ELVs, contributing to 
Indonesian cities' overall quality of life.  

 
Keywords: sustainable transportation; emission test; gasoline & diesel vehicle; air pollution; End-

of-Life Vehicles; machine learning 
 

1. Introduction 
Major Indonesian cities, including Jakarta, Surabaya, 

and Bandung, face significant challenges from escalating 
traffic congestion and air pollution1). Jakarta, the capital, 
faces severe jams due to population growth and more 
vehicles. Surabaya and Bandung also have less intense 
congestion with their own urban traffic issues2). The main 
cause is road infrastructure overcapacity3), leading to 
longer commutes4), economic losses5), higher fuel use6), 
and more pollution7). Sustainable transportation is crucial, 
involving reducing older vehicles that fail emission tests8). 
In 2023, the Indonesian government tightened motor 
vehicle emission standards to address these issues9). 
Controlling unfit vehicles, implemented gradually, can 
reduce congestion, fuel use, and pollution while 
minimizing social and economic disruptions10). 

In 2024, Indonesia granted Jakarta special authority to 

regulate the age and ownership of private motor 
vehicles11). This policy will lead to guidelines on the 
maximum vehicle age allowed and its implementation. 
Existing emission rules will advance with age-based End-
of-Life Vehicle (ELV) policies. ELV enforcement in 
Jakarta should be gradual to avoid economic and social 
disruptions. This study uses a machine learning model to 
propose ELV based on vehicle age and emission tests. 
Inputs include vehicle age and engine capacity; the output 
is whether the vehicle meets emission standards. 

Table 1 illustrates the emission regulations for vehicles 
categorized by engine type (diesel and gasoline), carbon 
monoxide (CO) and hydrocarbon (HC) for gasoline, 
opacity for diesel, manufacturing year, and vehicle weight. 
This standard applies to two-wheeled and four-wheeled 
motor vehicles that are already in operation on the roads 
and is used to determine the amount of annual tax based 
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on emission value from testing. Vehicles that fail the 2023 
emission standards can still be operated after necessary 
repairs. Older vehicles, especially non-Euro and Euro 2, 
may not meet these standards12,13). Since 2022, new 
vehicles in Indonesia should comply with Euro 4 
standards14–16), but many older vehicles still struggle to 
pass emission tests. Non-Euro vehicles may permanently 
fail due to engine technology limitations. Using emission 
data, we can predict which vehicles will pass or fail the 
tests with machine learning based on parameters like 
manufacturing year and engine capacity17). Like 
Indonesian regulations, other developing countries have 
tightened vehicle emission standards to reduce pollution. 
For instance, India and China have implemented stringent 
Bharat Stage and China VI emission standards, 
respectively, aiming to reduce vehicular pollution 
significantly18,19).   

 
Table 1. The 2023 Emission standard9). 
Gasoline Diesel 

Year Made 
CO 
[%] 

HC. 
[ppm] 

Year Made 
Opacity 
[%HSU] 

<2007 4 1000 <2010 65 

2007-2018 1 150 2010-2021 40 

>2018 0.5 100 >2021 30 
 
This research proposes an innovative solution aligning 

with Indonesia's stringent 2023 motor vehicle emission 
regulations and the 2024 law on vehicle age restrictions in 
Jakarta. It suggests using machine learning to predict 
vehicle compliance with emission limits based on age and 
engine capacity data from the state police database. 
Depending on city policies, a vehicle can be classified as 
an ELV at 10 years or older. This method is applicable in 
Jakarta and other major cities, especially in developing 
countries with similar social and economic conditions, to 
save costs and resources. The machine learning-based 
ELV model can predict vehicles likely to fail emission 
tests, allowing authorities to target inspections more 
effectively. Additionally, it provides valuable data to 
policymakers for developing better emission standards, 
helps prioritize enforcement against the most polluting 
vehicles, and ensures effective resource use.  

 
2. Literature Review 
2.1 Enhancing Vehicle Emission Control in Jakarta: 

Strategies and Challenges 
According to the World's Air Quality Report 2023, 

Jakarta ranks 14th among the most polluted cities20). The 
primary sources of pollution in Jakarta are emissions from 
motor vehicles running on diesel and gasoline. In 2022, 
the number of motor vehicles in Jakarta was 
approximately 26.37 million, with an annual increase of 
4.39%21). The high pollution levels are attributed to the 
uncontrolled number of motor vehicles and traffic 

congestion, which leads to inefficient fuel combustion in 
engines. Effective strategies to control the number of 
motor vehicles with minimal socio-economic impact need 
to be implemented promptly. There are two strategies to 
control vehicle pollution: implementing new technologies 
like Euro 3 and Euro 4 standards, CNG vehicles, and 
electric vehicles, and traffic management interventions 
accompanied by vehicle scrapping22). 

Evaluations of various emission control strategies for 
Jakarta have been conducted through simulations. The 
results indicate that a combination of implementing 
Electronic Road Pricing (ERP), using electric vehicles, 
and scrapping old vehicles (ELV) is most effective in 
reducing pollution22). ERP has been trialled, while electric 
vehicles are being promoted with tax incentives at 
purchase. The technical procedures for ELV scrapping are 
currently being developed. The ELV implementation must 
be gradual and cautious to prevent social and economic 
upheaval23). Public awareness and studies on societal 
responses should begin now, especially concerning 
determining ELV age, vehicle types, and financing and 
management24). 

The implementation of End-of-Life Vehicles (ELV) in 
developing countries like Malaysia and Indonesia faces 
challenges related to vehicle age limits, financing, and 
management, leading to the proliferation of aged and 
unsafe vehicle25). Public awareness and acceptance of 
ELV management are also low, with regulations proving 
ineffective in reducing the number of old vehicles24). 
There is also a need to establish specific laws and 
regulations to ensure sustainable ELV management, which 
can contribute to environmental protection, job creation, 
and promoting a circular economy. Furthermore, studies 
suggest that introducing private vehicle inspections and 
age limits for passenger vehicles could be a potential 
strategy to enhance the implementation of ELV policy in 
these countries. Mapping the number of ELV vehicles is 
also necessary to prepare the financing required from the 
government, vehicle owners, and operators for 
dismantling and recycling these vehicles. 

 
2.2 Methods for Determining the ELV-age 

Determining the age of ELVs involves factors like 
government policies, public awareness, and regular 
inspections. This section explores various methods and 
studies on how different countries manage ELVs. 
Determining the age of motorized vehicles declared as 
ELV involves considering factors such as public 
perception, government policies, and vehicle 
roadworthiness inspections. Studies from Malaysia 
highlight the importance of implementing an ELV policy 
to manage aged and unsafe vehicles with determining the 
age at which a vehicle must be scrapped involves several 
factors, including regulatory age limits, emission and 
safety standards, mileage, and economic viability. 
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Table 2. Emission vehicle data of gasoline and diesel. 

Parameter 
Gasoline Diesel 

Manufacture 
year 

CO 
[%] 

HC 
[ppm] 

Age 
[year] 

Manufacture 
year 

Opacity 
[HSU] 

Age 
[year] 

Min 1992 0 0 1 1992 0 1 
Q1 2006 0.01 10 4 2003 29.1 5 
Q2 2010 0.07 37 6 2008 51.6 8 
Q3 2011 0.45 128 10 2011 80 13 
Max 2012 10 10,000 30 2012 100 30 
Average 2008 0.79 129 7 2006 54 9 
Data 156,264 54,958 

 
Some countries set a fixed age limit for vehicles, 

beyond which they must be scrapped. For example, 
commercial vehicles might be retired after 15 years, while 
private cars could be scrapped after 20 years. This method 
is straightforward but does not account for the vehicle's 
condition. The European Union has directives that suggest 
age limits for scrapping vehicles, often tied to emission 
standards like Euro 3 and Euro 4. Furthermore, studies in 
Mexico estimate the current number of ELVs and predict 
future growth scenarios using statistical tools like the 
Weibull distribution, projecting around one million ELVs 
by 202027). Additionally, periodic inspections ensure 
vehicles comply with emission and safety standards28). 
These findings underscore the significance of age limits, 
public awareness, and governmental initiatives in 
determining the age of motorized vehicles designated as 
ELVs. 

Mileage and usage also play a crucial role in 
determining ELV. Vehicles that exceed certain mileage 
limits are considered to have reached the end of their 
useful life and must be scrapped. Research from various 
studies highlights the significant impact of vehicle wear 
and tear on emission performance and maintenance costs, 
influencing fleet replacement policies globally. Studies in 
Nanjing, China, and Delhi, India, demonstrate that 
vehicles aged 10 to 17 years or with over 120,000 km 
mileage are likelier to fail emission tests, emphasizing the 
importance of considering mileage over age in assessing 
vehicle deterioration29). In conclusion, methods for 
determining ELV age vary by country and depend on 
specific national contexts. The most suitable approach for 
Indonesia includes setting age limits and adhering to 
emission standards, as these factors are outlined in the 
country's regulations.  

 
2.3 Using Machine Learning for Modeling ELVs 

Machine learning techniques can play a crucial role in 
predicting the ELVs of motorized vehicles. Machine 
learning methods such as deep learning, decision trees, 
neural networks, support vector machines, and regression 
analysis have enhanced the efficiency of modelling ageing 
processes and vehicle failure predictions. Machine 
learning models have also been developed to determine 
the remaining useful life (RUL) of critical components of 
electric vehicles, such as batteries30). Generally, machine 

learning is still rarely used for ELV modelling, especially 
for classifying motor vehicles as ELVs in developing 
countries like Indonesia, Malaysia, and Vietnam, due to 
limited and varied data. 

Automated Machine Learning (AutoML) offers a 
promising solution for ELV modelling by reducing 
complexity and enhancing usability for end-domain users 
and practitioners. AutoML, as highlighted in the provided 
research papers31), plays a crucial role in simplifying the 
binary, multiclass and multilabel classification problems 
by automating intricate processes like data preprocessing, 
model selection, and hyperparameter tuning. This 
automation empowers domain experts without machine 
learning expertise to create accurate and efficient ELV 
models, ensuring consistent and reproducible results 
while enabling continuous improvement by integrating 
new data. This research uses this technique to determine 
ELVs for old vehicles that do not pass emissions tests. 

 
3. Methodology 

3.1 Dataset preparation 

The Indonesian Ministry of Environment and Forestry 
collected the dataset from emission test results in 2022. 
They conducted idle emission tests for gasoline vehicles 
and free acceleration tests for diesel vehicles. The dataset 
encompasses variables such as the year of testing, vehicle 
manufacturing year, fuel type, engine capacity, emission 
test outcomes, CO and HC levels for gasoline vehicles, 
and opacity measurements for diesel ones. Table 2 shows 
the emission distribution of both gasoline and diesel 
vehicles, utilizing information from vehicles 
manufactured post-1992.   

Consequently, a substantial portion of the vehicles in 
this dataset is relatively recent. Conversely, diesel-fueled 
vehicles exhibit a comparatively elevated average opacity, 
measuring 57.6 % HSU. The high opacity is attributed to 
the older average age of diesel vehicles, standing at eight 
years compared to gasoline counterparts. Furthermore, the 
subsequent section will explore the technological 
distinctions between gasoline and diesel vehicles. 

The emission data was categorized based on the 
Ministry of Environment and Forestry Regulation No. 8 
of 202332), which set the emission limit for vehicles 
operated on the road. Table 1 shows a detailed explanation 
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of the gasoline and diesel vehicle emission limits. The 
gasoline vehicles were based on the vehicle year of 
manufacture, CO, and HC, and the diesel vehicles were 
based on the year of manufacture and opacity. The 
emission limit is a threshold for determining whether a 
vehicle has passed or failed. The emission was one of the 
parameters for the engine, which could show the quality 
of engine combustion.  

 
3.2  Classification Modeling 

The dataset initially comprises 54,958 entries for diesel 
vehicles and 156,264 for gasoline vehicles. Through 
feature engineering, invalid ELVs, such as vehicles aged 
only 10-30 years, and outliers in emission test data were 
filtered out. After rebalancing, the final dataset used in this 
research consisted of 8,143 entries for diesel and 6,574 
entries for gasoline. 

For preprocessing, modelling, and evaluation, the 
author applied AutoML techniques to determine the most 
accurate algorithms. Specifically, the author used the 
PyCaret library33,34), an open-source Python-based 
machine learning tool that streamlines the entire machine 
learning workflow from beginning to end. 

The machine learning algorithms employed in this 
study encompass a variety of techniques, including 
extreme gradient boosting (XGB), light gradient boosting 
(LGB), gradient boost (GB), random forest (RF), decision 
tree (DT), extra tree (ET), and others, totalling 
approximately 15 algorithms executed by the PyCaret 
auto ML library which are renowned for their reliability in 
classification. Meanwhile, a confusion matrix35) was 
employed to conduct classification analysis and identify 
which data area contributed to the most errors. 

 
3.3  Performance Evaluation 

Table 3 shows the confusion matrix of the classification 
model. We could calculate the model's accuracy, precision, 
recall, and F1 score.   

Table 3. Confusion matrix evaluation 

Predicted 
Actual 

True False 
True True Positive (TP) False Positive (FP) 
False False Negative(FN) True Negative (TN) 

 
Accuracy indicates how well the model correctly 

predicts the true class or label35–37). Precision represents 
the proportion of true positive results among all positive 
predictions made by the model, which is especially 
important for imbalanced classification problems37). 
Recall, also known as sensitivity, denotes the proportion 
of true positive results among all actual positive instances 
in the dataset37). The F1-score integrates precision and 
recall into a single measure by calculating their harmonic 
mean. The Area Under the Curve38) (AUC) assesses the 
model's capacity to differentiate between positive and 

negative classes in binary classification, with a higher 
AUC signifying superior performance. The formulas are 
as follows: 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑟𝑟𝑎𝑎𝑎𝑎𝑎𝑎 =  
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
 

(1) 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

(2) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

(3) 

𝐹𝐹1 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 =
2 × 𝑇𝑇𝑇𝑇

2 × 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
 

(4) 

  
4. Results and Discussion 

4.1  Emission Test for Gasoline Vehicles 

Fig. 1 displays the distribution of conditions of gasoline 
vehicles (pass or fail) after undergoing an emissions test 
for vehicles aged ten and over (max. 30 years) from 2013 
to 2022.  

 

 
Fig. 1: Percentage of pass and fail results by gasoline vehicle 

according to year of manufacture. 

Generally, as vehicle age increases, the proportion of 
vehicles passing the emission test tends to decrease. The 
percentage of vehicles that fail emissions tests varies from 
6% to a maximum of 52% in older vehicles. This trend 
suggests that older vehicles are more likely to fail 
emissions tests, which could be due to factors such as wear 
and tear, lack of modern emission control systems, and 
outdated technology. Those older vehicles can be 
proposed as ELVs, covering vehicles with non-Euro and 
Euro 2 technology. 

Fig. 2 illustrates how mean CO and HC emissions 
increase with vehicle age from 10 to 30 years, aligning 
with the expected trend of older vehicles emitting more. 
The red line indicates the emission test failure threshold 
for these gases. CO emissions for failing gasoline vehicles 
range from 1.8% to 6% annually, while HC emissions 
range from 245 ppm to 900 ppm. Using the average 
emissions at ten years of age as a benchmark, these 
values—1.8% for CO and 245 ppm for HC—could serve 
as a threshold for potential ELVs. Compared to the EURO 
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IV type II emission standard, the limit for CO emission is 
stricter than the emission threshold of the model. However, 
EURO IV does not set an emission limit for HC emission. 

 

 

 
Fig. 2: Average CO and HC emissions of a gasoline vehicle. 

Fig. 3 presents a scatter plot of vehicle age versus 
engine capacity for gasoline vehicles, categorized by 
emission test results. The plot shows a mix of pass and fail 
outcomes across various engine capacities and ages, with 
no clear linear relationship between these factors. The 
distribution of results is spread out, suggesting that further 
analysis with additional variables or advanced modelling 
may be needed to identify potential patterns. 

 

 
Fig. 3: Engine capacity and age of gasoline vehicle 

   
4.2 Distribution Data of Failed Emission Test Gasoline 

Vehicle 

Fig. 4 displays a cumulative histogram of gasoline 
vehicles failing emission tests, providing a detailed 
distribution overview. CO emissions are predominantly 
concentrated between 4% and 5%, encompassing about 
20% of the dataset. In contrast, HC emissions are heavily 
concentrated above 1000 ppm. Excluding emissions 

exceeding 1000 ppm reveals a more even distribution, 
with peak values between 300 and 400 ppm. Regarding 
vehicle age, over a quarter of vehicles are under 12, 
tapering off towards 30 years. These statistical insights 
from the histogram guide the formulation of optimal ELV 
criteria for gasoline vehicles. 

Table 4 presents statistical details for gasoline vehicles 
that did not pass emission tests, offering insights into their 
emissions (CO and HC) and ages. This data is crucial for 
regulators to establish appropriate criteria for ELVs, 
considering not only emissions and vehicle age but also 
the socio-economic circumstances of vehicle owners. 
 

Table 4. Statistical properties of gasoline vehicles that do not 
pass emission tests. 

 CO [%] HC [ppm] Age [years] 
Min 0.00 0 10 
Q1 4.40 312 12 
Q2 5.79 518 17 
Q3 7.64 945 21 
Max 10.00 10 000 30 
Mean 5.72 764 17 

 

 

 

 
Fig. 4: Distribution data of CO, HC emissions and age of 

gasoline vehicles that failed the emissions test.  
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4.3  Emission Test for Diesel Vehicles 

Fig. 5 indicates that vehicles failing emissions tests had 
mean opacity ranging from 70% to 98%, whereas passing 
vehicles showed opacity between 20% and 40%. These 
percentages suggest that older vehicles, particularly those 
failing emissions tests, often emit exhaust with higher 
opacity levels. Such findings could inform governments 
in setting criteria for identifying vehicles suitable for ELV 
designation. Additionally, vehicles failing emissions tests 
due to permanent engine damage or outdated emission 
technology may be considered for ELV status or restricted 
from road use. 

 

 
Fig. 5: Percentage of pass and fail results by diesel vehicle 

according to year of manufacture. 
  

 
Fig. 6: Average opacity of diesel vehicles. 

 
Based on the plot in Fig. 6, the mean opacity of the 

failed vehicles ranged from 70% to 98%, while the opacity 
of the vehicles that passed was between 20% and 40%. 
These values suggest that older vehicles, especially those 
not passing emission tests, tend to exhibit higher opacity 
levels in their exhaust emissions. Such insights could 
provide a basis for governments to establish thresholds for 
vehicles' ELVs. 

 

 
Fig. 7: Emission results scattered by engine capacity and age 

of diesel vehicle. 
 

Fig. 7 illustrates the correlation between engine 
capacity and the age of diesel vehicles, categorized by 
emission test outcomes. Engine capacities vary widely, 
with most below 10,000 cc, and vehicle ages span the 
entire range of capacities, indicating a diverse dataset. 
Emission test results are scattered across different engine 
capacities and vehicle ages, without distinct separation 
between 'Pass' and 'Fail' outcomes based solely on these 
factors. Improved feature engineering could generate new 
variables to capture the relationship with emission test 
results better. 

 
4.4 Distribution Data of Failed Emission Test Diesel 

Vehicle 

Fig. 8 presents a cumulative histogram showing diesel 
vehicles failing emissions tests, with opacity levels 
between 95% and 100% and vehicle ages focused around 
10% to 12%. These insights are crucial for developing 
criteria to designate diesel vehicles as ELVs based on their 
emissions and age characteristics. 
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Fig. 8: Distribution data of opacity and age of diesel vehicles 

which failed the emissions test. 
 

Table 5. Statistical details of diesel vehicles that failed the 
emission test. 

 Opacity [%HSU] Age [years] 
Min 40.0 10 
Q1 75.3 12 
Q2 86.8 15 
Q3 96.0 19 
Max 100.0 30 
Mean 85.1 15 
 
Table 5 indicates that for four-wheeled diesel-powered 

vehicles that fail the emissions test and are recommended 
for ELV treatment, the minimum opacity value is 40% at 
an age of 10 years, exhibiting an upward trend towards 
100% opacity at 30 years, with an average opacity of 85% 
at 15 years of age.  

 
4.5 Machine Learning Modeling Result 

Table 6. Performance metrics for ELV prediction of gasoline 
vehicles 

Model Acc AUC Rec Prec F1 
XGB 0.9762 0.9975 0.9698 0.9960 0.9827 
LGB 0.9757 0.9975 0.9698 0.9953 0.9824 
RF 0.9753 0.9972 0.9693 0.9953 0.9821 
DT 0.9752 0.9958 0.9681 0.9963 0.9820 
ET 0.9752 0.9963 0.9683 0.9960 0.9820 

 
The author employed a series of comprehensive 

evaluation metrics to evaluate the machine learning 
model's performance, including accuracy, precision, recall, 
F1-score, and AUC with F-fold cross-validation. 

Table 6 compares models for classifying ELVs in 
gasoline vehicles using XGB, LGB, RF, DT, and ET  
algorithms. XGB stands out as the top performer with 
97.62% accuracy, indicating strong capability in vehicle 
classification. Its high precision of 99.33% ensures 
accurate identification of non-ELVs, while an F1 score of 
98.00% signifies a balanced performance in precision and 
recall, effectively minimizing false positives. 

 

Table 7. Confusion matrix XGB model of ELV gasoline vehicle 

Actual 
Predicted 

ELV Non-ELV 
ELV 195 3 
Non-ELV 15 445 

 
shows the confusion matrix for the XGB classifier of 

the gasoline ELV model. With only 3 false positives, the 
model rarely misclassifies ELVs as non-ELVs, 
minimizing the risk of non-compliant vehicles being 
allowed to continue operating. There are 15 false 
negatives, meaning some compliant vehicles are 
incorrectly classified as ELVs. While this number is 
relatively low, a few compliant vehicles might be 
unnecessarily targeted for removal or retrofit. 

 
Table 8. Feature importance of gasoline vehicle 

Feature RF GB 
Age 0.749 0.827 
CC 0.251 0.173 

 
Table 8 presents the feature importance of models using 

Random Forest (RF) and Gradient Boosting (GB) 
algorithms. Age is highly significant, scoring 0.749 for RF 
and 0.827 for GB, indicating that older gasoline vehicles 
are more likely to be classified as ELVs. These values 
underscore the impact of ageing and outdated technology 
on compliance with emission standards. While less 
influential than age, engine capacity remains pivotal in 
emission determination, with larger engines potentially 
contributing to ELV classification if emissions exceed 
standards. 

Fig. 9 shows the area under the ROC curve (AUC) for 
the XGB diesel engine ELV model. An AUC of 0.9975 
indicates exceptional performance. The model almost 
perfectly distinguishes between ELVs and non-ELVs. This 
high AUC value reflects the model's ability to balance 
sensitivity (recall) and specificity (true negative rate). The 
ROC curve demonstrates a high true positive rate and a 
low false positive rate. The steep ascent towards the top-
left corner of the ROC space indicates that the model is 
very effective at correctly identifying both compliant and 
non-compliant vehicles. 

 
Fig. 9: ROC curve of XGB model for ELV gasoline 
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Several algorithms are used to model the ELV of diesel 

vehicles, with the best model shown in Table 9. RF gives 
the best accuracy of 96.74%, indicating strong 
performance in correctly classifying most vehicles. A 
precision of 98.75% suggests that nearly all identified 
non-ELVs are compliant. An F1 score of 97.94% reflects 
a good balance between precision and recall, 
demonstrating the model's effectiveness in correctly 
identifying compliant vehicles and minimizing false 
positives. 

 
Table 9. Algorithm results for ELV diesel vehicle model. 
Model Acc AUC Rec Prec F1 
RF 0.9674 0.9911 0.9651 0.9880 0.9764 
LGB 0.9670 0.9928 0.9635 0.9890 0.9761 
GB 0.9667 0.9928 0.9635 0.9886 0.9759 
ET 0.9657 0.9873 0.9619 0.9888 0.9752 
XGB 0.9656 0.9922 0.9629 0.9876 0.9751 

 
Table 10. Confusion matrix RF model of ELV diesel vehicle 

Actual 
Predicted 

ELV Non-ELV 
ELV 238 7 
Non-ELV 18 552 

 
Table 10 shows the confusion matrix RF of ELV diesel 

vehicles. With only 7 false positives, the model maintains 
a low rate of misclassifying ELVs as non-ELVs, ensuring 
minimal risk of high-emission vehicles being allowed to 
operate. The model has 18 false negatives, indicating a 
few more compliant vehicles are misclassified as ELVs 
compared to the gasoline model. These vehicles might be 
unnecessarily targeted for removal or retrofit. 

 
Table 11. Feature importance of diesel vehicle 

Feature RF GB 
Age 0.749 0.827 
CC 0.251 0.173 

 
Table 11 shows the importance of features of diesel 

vehicles using RF and GB algorithms. Both algorithms 
show that age was the main factor in determining the ELV 
group. The older vehicles tend to have an ELV than those 
with higher engine capacity. Older vehicles had 
technology that could not perform better than newer ones. 

 

 
Fig. 10: ROC curve RF model ELV diesel 

 
Fig. 10 This shows the AUC of the RF model for diesel 

vehicles. An AUC value of 0.9911 indicates that the RF 
model for diesel vehicles is also highly effective in 
distinguishing between compliant and non-compliant 
vehicles. While slightly lower than the gasoline model, it 
still signifies a high level of accuracy in distinguishing 
between ELVs and non-ELVs. The ROC curve shows a 
strong ability to balance sensitivity and specificity, 
meaning the model accurately identifies non-compliant 
vehicles (high true positive rate) while maintaining a low 
rate of false positives. 

The gasoline and diesel vehicle classification models 
exhibit strong performance in identifying ELVs, offering 
high accuracy, precision, and recall. These attributes 
enable efficient management of highly polluting vehicles, 
supporting effective emission control strategies and 
sustainable urban transportation initiatives for 
policymakers and regulatory authorities. However, the 
model's applicability is limited to vehicles with older 
technologies. It may not accurately predict those equipped 
with EURO IV and newer technologies due to the absence 
of relevant data. This limitation could lead to reduced 
accuracy and bias when assessing such vehicles. 

 
5. Conclusion 

The findings of this study provide critical insights into 
managing End-of-Life Vehicles (ELVs) in major 
Indonesian cities, particularly Jakarta, to combat urban 
traffic congestion and air pollution. Key findings and their 
implications for policy and practice include: 

1. High Failure Rates in Older Vehicles: The study 
identifies that a significant percentage of older 
vehicles (10-30 years) fail to meet the 2023 
emission standards 

2. Proposed Emission Thresholds: The research 
proposes specific emission thresholds for defining 
ELVs, including 245 ppm for HC, 1.8% for CO, 
and 70% opacity for diesel vehicles 

3. Machine Learning Model Efficacy: Using AutoML 
with XGB and RF models demonstrates high 
accuracy in predicting ELVs. 
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Future research should improve data collection by 

including variables like vehicle maintenance history and 
driving patterns to enhance emission prediction accuracy. 
Refining machine learning models with advanced 
algorithms will also improve robustness. Comprehensive 
impact assessments are needed to evaluate the socio-
economic and environmental benefits of ELV regulations. 
Comparative studies with other countries can offer 
insights into best practices and potential pitfalls, aiding 
policy customization for Indonesian cities. 

 
6. Public Awareness and Policy 

Recommendation 
Tackling ELVs and enforcing emission standards is 

crucial for reducing traffic congestion, economic losses, 
and air pollution in Indonesian cities. Implementing 
educational campaigns, stakeholder workshops, stricter 
emission testing, vehicle inspections, incentives for 
retiring older vehicles, establishing scrapping and 
recycling infrastructure, and creating low-emission zones 
will significantly reduce pollution and enhance urban 
living conditions. 

In implementing this ELV modelling research into 
policy, machine learning should set emission thresholds 
and identify non-compliant vehicles with regularly 
updated standards. Policies should include stricter annual 
emission testing focused on vehicles predicted to be non-
compliant and incentives for retiring old vehicles. 
Designate and expand low-emission zones based on 
pollution and traffic patterns. Address challenges with 
public awareness campaigns, phased policies with 
financial aid, investment in testing infrastructure, 
advanced emission controls, robust monitoring, and 
coordinated efforts among government, manufacturers, 
NGOs, and the public. 
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