
ScienceDirect

Available online at www.sciencedirect.com

Transportation Research Procedia 64 (2022) 364–371

2352-1465 © 2022 The Authors. Published by ELSEVIER B.V.
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0)
Peer-review under responsibility of the scientific committee of the International Scientific Conference „The Science and Development 
of Transport - Znanost i razvitak prometa –ZIRP2022
10.1016/j.trpro.2022.09.040

10.1016/j.trpro.2022.09.040 2352-1465

 

Available online at www.sciencedirect.com 

ScienceDirect 

Transportation Research Procedia 00 (2022) 000–000  
www.elsevier.com/locate/procedia 

 

2352-1465 © 2022 The Authors. Published by ELSEVIER B.V. This is an open access article under the CC BY-NC-ND license 
(https://creativecommons.org/licenses/by-nc-nd/4.0) 
Peer-review under responsibility of the scientific committee of the International Scientific Conference „The Science and Development of 
Transport - Znanost i razvitak prometa –ZIRP2022”  

International Scientific Conference "The Science and Development of Transport - Znanost i 
razvitak prometa" 

Traffic Emissions Clustering Using OBD-II Dataset Based on 
Machine Learning Algorithms 

Tin Vaitia, Leo Tišljarića,b, Tomislav Erdelića,*, Tonči Carića 
aFaculty of Transport and Traffic Sciences, Vukelićeva 4, Zagreb 10000, Croatia 

bINTIS d.o.o., Bani 73a, Zagreb 10010, Croatia 

Abstract 

Traffic emissions are one of the main causes of air pollution in developed urban areas. Estimating emissions patterns presents an 
ongoing challenge for the research and decision-making communities to detect and propose solutions for system stakeholders 
contributing to the pollution the most. This paper proposes a data-driven methodology for estimating the emissions clusters based 
on vehicle parameters that correlates to emissions. Research is based on a publicly available dataset with two main steps that include 
cluster number identification and the method for estimating the best-performing clustering algorithm for a given dataset. The 
research resulted in five emission classes based on the extracted features related to vehicle parameters and fuel consumption. The 
emissions clusters can be used for estimating the environmental impact of different vehicles in urban areas and producing air 
pollution mappings based on vehicle types.  
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1. Introduction 

Environmental degradation and climate changes are crucial challenges for developed countries, especially in urban 
environments. To overcome the challenge of reducing pollution and emissions, European Commission introduced the 
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"Green Deal" plan with the main goals of greenhouse gases zero emissions by 2050 and ensuring economic growth 
European Green Deal, (2022). To push the development of more sustainable projects that are in line with the emissions 
reduction, 1.8 trillion € investment from the Next Generation EU recovery plan are reserved for the Green Deal 
initiative New Generation EU Plan, (2022). 

Road traffic is undoubtedly the cause of emissions in urban areas and large cities. In their report European 
Environment Agency: Managing Air Quality in Europe, (2022), European Environment Agency reports that dense 
road traffic is the leading cause of exceedance of ambient air quality directives and air quality standards. In some 
developed countries, this exceedance level is up to 95% for greenhouse gases. Presented numbers give the spotlight 
to the research related to detecting and reducing emissions in the road traffic domain.  

This paper focuses on forming the emission categories of the main sources of pollution on road traffic, the vehicles. 
The emission categories of vehicles represent the group of vehicles with similar emission patterns. With the defined 
groups of similar vehicles, their future pollution can be predicted. The presented methodology is based on machine 
learning algorithms trained with the publicly available On-Board Diagnostics (OBD-II) historical dataset Goverment 
of Canada: Fuel Consumption Ratings, (2022).  

The methodology is divided into three main steps: data pre-processing, cluster count estimation, and clustering. 
The main goal is to present the data-driven method for estimating the proper classes of vehicles based on their emission 
patterns. 

Summarized, the main contributions of this paper are: 

 data-driven methodology for estimating an optimal number of clusters representing different emission classes, 
 evaluated machine learning algorithms for clustering (grouping) the vehicles into emissions clusters, 
 emission clusters of vehicles based on the extracted features with the analysis of the types of vehicles within the 

clusters based on the real-life dataset. 

The paper is organized as follows. Section 2 presents the literature review of the recent research in the emissions 
prediction and classification field based on traffic data, focusing on road traffic. Section 3 is related to the explanation 
of the methodology used in this paper, which presents used data-driven methods for optimal cluster size estimation 
and used machine learning algorithms for clustering. Section 4 presents the clustering results on the publicly available 
dataset related to finding the optimal number of emissions clusters. Finally, the last section concludes the research 
with future work directions. 

2. Literature review 

Different types of traffic datasets are used in road traffic-related research mostly related to collecting large amounts 
of data, which can be separated into two groups: (i) moving sensor-based data (Tišljarić et al., 2022, Tišljarić, Carić, 
et al., 2020), and (ii) fixed sensor-based data Tišljarić, Cvetek, et al., (2020). Moving sensor-based data includes 
sensors attached to the vehicle that tracks the real-time movement of the vehicle. On the other side, fixed sensor-based 
data is related to the sensors fixed to the road infrastructure and are used to provide more global information related 
to the traffic flow. In this paper, a publicly available OBD-II dataset is used for determining the emission clusters 
based on the features of the recorded vehicles. The authors in Abukhalil et al., (2020); Hien & Kor, (2022) use OBD-
II data to provide a prediction model for fuel consumption and emissions.  

In Hien & Kor, (2022), the authors present a comprehensive data analysis of the OBD-II dataset, intending to form 
the best emissions prediction model based on different vehicle features. Different deep learning and machine learning 
models are tested on the prediction problem, concluding that deep learning models perform the best based on extracted 
features. The authors in Abukhalil et al., (2020) use OBD-II data to predict the emissions based on real-time driving 
features like vehicle speed, engine rpm, and current fuel consumption. Both articles concluded parameters that can be 
used to train the machine learning models efficiently. Those findings will be used for the feature extraction in this 
paper.  

Many authors use clustering and classification for the research on traffic datasets like traffic state estimation 
Tišljarić, Carić, et al., (2020), anomaly detection Tišljarić et al., (2021), and traffic prediction Ma et al., (2017). In 
Requia et al., (2017), the authors are using traffic emissions data combined with demographic data to model patterns 
of traffic pollution in the urban area. The research resulted in five different emissions clusters that can be used to 
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"Green Deal" plan with the main goals of greenhouse gases zero emissions by 2050 and ensuring economic growth 
European Green Deal, (2022). To push the development of more sustainable projects that are in line with the emissions 
reduction, 1.8 trillion € investment from the Next Generation EU recovery plan are reserved for the Green Deal 
initiative New Generation EU Plan, (2022). 

Road traffic is undoubtedly the cause of emissions in urban areas and large cities. In their report European 
Environment Agency: Managing Air Quality in Europe, (2022), European Environment Agency reports that dense 
road traffic is the leading cause of exceedance of ambient air quality directives and air quality standards. In some 
developed countries, this exceedance level is up to 95% for greenhouse gases. Presented numbers give the spotlight 
to the research related to detecting and reducing emissions in the road traffic domain.  

This paper focuses on forming the emission categories of the main sources of pollution on road traffic, the vehicles. 
The emission categories of vehicles represent the group of vehicles with similar emission patterns. With the defined 
groups of similar vehicles, their future pollution can be predicted. The presented methodology is based on machine 
learning algorithms trained with the publicly available On-Board Diagnostics (OBD-II) historical dataset Goverment 
of Canada: Fuel Consumption Ratings, (2022).  

The methodology is divided into three main steps: data pre-processing, cluster count estimation, and clustering. 
The main goal is to present the data-driven method for estimating the proper classes of vehicles based on their emission 
patterns. 

Summarized, the main contributions of this paper are: 

 data-driven methodology for estimating an optimal number of clusters representing different emission classes, 
 evaluated machine learning algorithms for clustering (grouping) the vehicles into emissions clusters, 
 emission clusters of vehicles based on the extracted features with the analysis of the types of vehicles within the 

clusters based on the real-life dataset. 

The paper is organized as follows. Section 2 presents the literature review of the recent research in the emissions 
prediction and classification field based on traffic data, focusing on road traffic. Section 3 is related to the explanation 
of the methodology used in this paper, which presents used data-driven methods for optimal cluster size estimation 
and used machine learning algorithms for clustering. Section 4 presents the clustering results on the publicly available 
dataset related to finding the optimal number of emissions clusters. Finally, the last section concludes the research 
with future work directions. 

2. Literature review 

Different types of traffic datasets are used in road traffic-related research mostly related to collecting large amounts 
of data, which can be separated into two groups: (i) moving sensor-based data (Tišljarić et al., 2022, Tišljarić, Carić, 
et al., 2020), and (ii) fixed sensor-based data Tišljarić, Cvetek, et al., (2020). Moving sensor-based data includes 
sensors attached to the vehicle that tracks the real-time movement of the vehicle. On the other side, fixed sensor-based 
data is related to the sensors fixed to the road infrastructure and are used to provide more global information related 
to the traffic flow. In this paper, a publicly available OBD-II dataset is used for determining the emission clusters 
based on the features of the recorded vehicles. The authors in Abukhalil et al., (2020); Hien & Kor, (2022) use OBD-
II data to provide a prediction model for fuel consumption and emissions.  

In Hien & Kor, (2022), the authors present a comprehensive data analysis of the OBD-II dataset, intending to form 
the best emissions prediction model based on different vehicle features. Different deep learning and machine learning 
models are tested on the prediction problem, concluding that deep learning models perform the best based on extracted 
features. The authors in Abukhalil et al., (2020) use OBD-II data to predict the emissions based on real-time driving 
features like vehicle speed, engine rpm, and current fuel consumption. Both articles concluded parameters that can be 
used to train the machine learning models efficiently. Those findings will be used for the feature extraction in this 
paper.  

Many authors use clustering and classification for the research on traffic datasets like traffic state estimation 
Tišljarić, Carić, et al., (2020), anomaly detection Tišljarić et al., (2021), and traffic prediction Ma et al., (2017). In 
Requia et al., (2017), the authors are using traffic emissions data combined with demographic data to model patterns 
of traffic pollution in the urban area. The research resulted in five different emissions clusters that can be used to 
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manage air pollution in developing countries. The authors in Montazeri-Gh & Fotouhi, (2011) are using the K-Means 
algorithm to capture the traffic conditions across the observed urban area. The results indicate the usage of the obtained 
clusters in the regions like dispersion of pollutant emissions, safety, adaptive cruise control, and smart control 
strategies in hybrid electric vehicles. 

In the context of revised literature, this paper focuses on estimating the classes of emissions based on the OBD-II 
dataset with a detailed explanation of every class influence on the overall emissions in urban areas. This paper puts 
weight on detailed information about the vehicles, including motor type, fuel type, number of cylinders, and similar 
information related to vehicle parameters. 

3. Methodology 

3.1. Overview 

The methodology for determining an optimal number of clusters and emission-based clustering of OBD-II data is 
shown in Fig. 1. The methodology is separated into three main parts: (i) data pre-processing, (ii) cluster count 
estimation, and (iii) emission-based clustering. The first part of the methodology deals with the pre-processing of the 
OBD-II data. OBD-II data is cleaned from missing values, and categorical variables are scaled to appropriate 
numerical values. Second part is related to cluster count estimation which is using the K-Means algorithm and three 
common clustering metrics. The third part is dedicated to estimating the emissions clusters. Five algorithms are 
evaluated in this step, namely, K-Means, Ward hierarchical clustering, Mini Batch K-Means, Agglomerative 
clustering, and Bisecting K-means. 

 
 
 
 
 
 
 
 
 
 

 

Fig. 1. Proposed methodology for determining the number of emission clusters based on OBD-II data 

3.2. Feature engineering and pre-processing 

OBD standard was initially developed to diagnose a vehicle engine to catch the malfunctions. From its first revision 
OBD-I to the current version OBD-II it is used to capture the values of various vehicle sensors, including fuel injection 
systems, communication buses, engine management functions, etc. Nowadays, especially when combined with the 
tracking device, it is a powerful data source that collects data from many vehicle sensors. It is used for emissions 
tracking, driver behaviour patterns, and similar research on combining location with vehicle status information. 

This paper uses a publicly available dataset that extracts vehicle features based on the OBD-II standard Goverment 
of Canada: Fuel Consumption Ratings, (2022). Used features for training the machine learning algorithms, with their 
corresponding descriptions are shown in Table 1. Feature Cylinder represents the number of cylinders in the motor of 
the vehicle, Vehicle class is defined by the dataset authors and corresponds to pre-defined classes based on vehicle 
size (ex. small SUV, pickup truck, van, etc.), Engine size is represented in litres of the fuel that it consumes, 
Transmission is related to type of transmission (automatic or manual) and the number of gears. Feature Fuel type 
contains three possible cases of fuels, namely, regular gasoline, premium gasoline, and diesel. Features are 
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transformed into numerical variables by representing every class with a number because they are represented as 
categorical features (words) in original dataset. 

The simple feature engineering part is determining features for training the machine learning algorithms. Two types 
of features are disregarded from the research. The first type is related to the vehicle manufacturer and the name of the 
vehicle model. Those features were excluded due to the focus of the research to model the vehicle emission classes 
regardless of the manufacturer's historical development of the vehicles. With this exclusion, some not efficient or large 
vehicles from the same manufacturer will not influence other, more efficient vehicles. 

Table 1. Features of the publicly available dataset used for emissions clustering 

Feature Unit Range of values 

Cylinders Number (Integer) 3 - 16 

Vehicle class Number (Integer) 0 - 13 

Engine size Litres (Float) 1.2 - 8 

Transmission Number (Integer) 0 - 22 

Fuel type Number (Integer) 0 - 3 

Fuel Consumption Litres (Float) 4 – 26.1 

CO2 Ratings Number (Integer) 1 - 10 

4. Results 

The analysis was performed on a publicly available dataset formed from a set of 945 records representing OBD-II 
device data from different vehicles, which differentiate by manufacturer, physical, and other features. The first goal 
was to define the number of clusters for a given dataset using standard error metrics. The result indicated that the 
given dataset should be clustered into five clusters. Furthermore, some of the most used clustering algorithms were 
conducted for the analysis where, through accuracy analysis, K-Means resulted as the best fit for clustering the given 
dataset. The K-Means algorithm resulted in vehicle emission clusters ranked from the best with the least impact on 
the environment, named class 1, to the worst that cause the most damage to the environment, named class 5. Further 
in the paper, each algorithm and each cluster that the K-Means algorithm predicted will be described in more detail. 

4.1. Cluster count estimation 

For the evaluation of the optimal number of clusters four different metrics are used. We ran tests for 𝑘𝑘 �
1, 2,… , 10, where 𝑘𝑘 represents the number of clusters to determine the optimal number of clusters for a given dataset. 
The results for three algorithms are presented in Table 2. The purpose of all applied methods is to find a point where 
the further increase of the 𝑘𝑘 would not influence the accuracy of the algorithm. After examining Table 2, 𝑘𝑘 � � is 
chosen as the optimal number of clusters.  

The first metric computed is the Calinski-Harabasz index, which shows the ratio of sum of between-clusters 
dispersion and sum of inter-cluster dispersion for all clusters. The evaluated algorithm's performance is higher as the 
score is higher. By examining Table 2, the highest index indicates using 2 or 3 clusters, but those 𝑘𝑘 are not chosen 
due to the results of other two methods.  

Table 2. Results of cluster determination algorithms 

Algorithm / 𝑘𝑘 1 2 3 4 5 6 7 8 9 10 

Calinski-Harabasz - 480.97 466.70 443.83 444.71 421.82 404.97 396.26 394.46 384.03 
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due to the results of other two methods.  

Table 2. Results of cluster determination algorithms 

Algorithm / 𝑘𝑘 1 2 3 4 5 6 7 8 9 10 

Calinski-Harabasz - 480.97 466.70 443.83 444.71 421.82 404.97 396.26 394.46 384.03 
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The next best choice is to use 5 clusters, the same indication as to the Davies-Bouldin index Thorndike, (1953). 

The heuristics, elbow approach, was the final strategy employed. The assumption is that adding more clusters would 
inevitably result in a better fit because there will be more clusters, which will result in small distances between 
centroids and clustered data. According to Table 2, the elbow is located between in a 𝑘𝑘 value 5. 

4.2. Clustering algorithms  

The selection of the clustering algorithms was based on their ability to make predictions without a labelled dataset. 
The goal of this research was to find appropriate 𝑘𝑘 based on the vehicle's features in any given dataset with unlabelled 
data. Results of the validation of each clustering algorithm on the presented metrics are shown in Table 3. 

The results of each algorithm were validated with the following evaluation metrics: (i) Silhouette statistic, (ii) 
Calinski-Harabasz, (iii) Davies-Bouldin, and (iv) C-index. The silhouette value gauges an object's cohesion with its 
own cluster in comparison to other clusters. A high number on the silhouette implies that the object is well matched 
to its own cluster and poorly matched to nearby clusters, within a [-1, 1] range. When most items have high values, 
the clustering configuration is suitable. Numerous points with low or negative values indicate that there may be too 
many or too few clusters in the clustering design. The concordance index (C-index) is a generalized area under the 
ROC curve that considers censored data. The index represents the assessment of the model discrimination power Uno 
et al., (2011). By observing mean values, the k-Means algorithm showed the best results by the Silhouette statistic and 
Calinski-Harabasz metrics, while the Agglomerative clustering and Ward hierarchical were the best according to the 
Davies-Bouldin metric and C-index metric, respectively.  Therefore, the k-Means algorithm was chosen as a clustering 
algorithm for the next step. 

Table 3. Results of each algorithm performance by different evaluation metrics 

Algorithm Accuracy metric 1 2 3 4 Mean 

K-Means 

Silhouette statistic 0.29 0.34 0.29 0.30 0.31 

Calinski-Harabasz 350.42 364.21 347.40 358.47 355.13 

Davies-Bouldin 1.22 1.07 1.21 1.19 1.17 

C-index 0.15 0.10 0.12 0.11 0.12 

Mini-Batch K-Means 

Silhouette statistic 0.25 0.34 0.32 0.29 0.32 

Calinski-Harabasz 308.91 363.52 341.30 349.31 340.71 

Davies-Bouldin 1.28 1.09 1.12 1.17 1.17 

C-index 0.15 0.10 0.09 0.11 0.11 

Ward hierarchical 

Silhouette statistic 0.24 0.25 0.25 0.24 0.25 

Calinski-Harabasz 282.41 273.32 298.83 295.52 287.50 

Davies-Bouldin 1.10 1.15 1.33 1.29 1.21 

C-index 0.17 0.21 0.15 0.15 0.17 

Agglomerative 
clustering 

Silhouette statistic 0.30 0.28 0.23 0.29 0.28 

Calinski-Harabasz 322.91 354.32 229.23 352.21 314.65 

Davies-Bouldin 1.31 1.25 1.62 1.21 1.34 

C-index 0.11 0.12 0.20 0.11 0.14 

Bisect means 
Silhouette statistic 0.30 0.28 0.25 0.29 0.28 

Calinski-Harabasz 322.92 354.33 229.21 352.36 314.52 
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Davies-Bouldin 1.31 1.25 1.62 1.21 1.35 

C-index 0.11 0.12 0.20 0.11 0.14 

4.3. Emissions clusters analysis 

The algorithm resulted in  clusters, where after further analysis, the clusters can be categorized as groups 
with different emissions characteristics. The algorithm grouped vehicles into five classes in the following order: 329 
vehicles as the class 1 vehicle type, which represent vehicles with the smallest emissions; 89 are classified as lower 
emissions vehicles, representing class 2; 150 vehicles are clustered into class 3, which represent medium emissions; 
241 vehicles are clustered into class 4 with high emissions; 136 are classified as the class 5, representing vehicles with 
the highest emissions. Furthermore, the composition of each cluster can be further categorized by showing which 
category of the vehicle creates priority in its class. Starting from the class 1, more detailed information is presented in 
Fig.  2. The result is shown based on vehicle types (defined by manufacturers) that resulted as a part of emissions 
clusters computed in this paper. The data consists of the number of vehicle types counted and highlighted by a blue 
line graph, the mean values of the number of vehicle cylinders in dark orange, mean engine size (l) in blue colour, and 
fuel consumption (l per 100 km) in light orange. Class 1 compromise mostly of small SUVs, 118 of them and mid-
sized vehicles, 63 of them, with 2 l engines, 4 cylinders and mean fuel consumption of 9.3 l/100 km. 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

 

Fig.  2. Detailed chart of feature values for the class 1 representing vehicles with the lowest emissions 

Clustering results for other classes can be seen in Fig.  3. In class 2, two vehicle types stand out, namely small 
SUVs (labelled SUV:Small) and mid-sized vehicles. A similar number of vehicle distribution patterns can be 
observed, which concludes that class 1 and class 2 can be merged for further research. Class 3 and Class 5 need to be 
further investigated since one vehicle type stands out in both classes, which are standard pickup trucks (labelled 
PT:Std). In class 3, this type is dominant by a number of occurrences with 49%, and in class 5 it covers 32%. Two 
new features were analyzed for this analysis: (i) fuel type and (ii) transmission type. On average, fuel types for both 
classes are the same, with 80% of standard gasoline and 20% for diesel vehicles. The feature that made the difference 
was the transmission type, which in class 3 was dominantly fully automatic transmission with eight gears. Conversely, 
in class 5, most vehicles had a so-called "automatic with select shift" transmission, allowing the driver to change the 
gears without manually using the clutch. These finding stresses that human interventions in driving can significantly 
influence the emissions if the vehicle is not used optimally. 
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Fig.  3. Detailed features average values for other emission classes 

5. Conclusions 

In this paper, an analysis of data collected by the OBD-II Vehicle Association in Canada by Natural Resources 
Canada was performed. In the data set used for this paper, there were 945 columns with various vehicle data, over 
which data clustering was performed using one of the most used machine learning algorithms. The main goal of the 
paper was to find an optimal number of emissions clusters of a vehicle in a given dataset.  

After comparing their accuracy, five different clustering algorithms were used, where K-Means was the best 
performing algorithm with the number of clusters . As a result in total, 945 records were clustered in the 
following emission classes (from the lowest to the highest emission class): class 1 - 329 mostly mid-sized vehicles; 
class 2 - 89 small SUVs and mid-sized vehicles; class 3 - 150 mostly pickup trucks; class 4 – 241 larger SUVs and 
mid-sized vehicles; class 5 – 136 mostly pickup trucks. Additionally, it was noted that transmission type feature could 
be further used to distinguish emission classes, as in class 3, most vehicles had a fully automatic transmission with 
eight gears, while in class 5, most vehicles had a so-called "automatic with select shift" transmission, that allows the 
driver to change the gears without manually using the clutch. These findings stress that human interventions in driving 
can significantly influence the emissions if the vehicle is not used optimally. This research showed the possibility of 
using machine learning algorithms to find a group of vehicles that had similar impact to the environment. Future 
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research will be focused on feeding the algorithms with more data to acquire more accurate results. Second goal is to 
use obtained results on emissions prediction problem.  
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