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Abstract

Driving cycle is one of the main inputs of vehicle emission modeling. However, the variability of driving cycles
due to fluctuations in weather conditions is one of the primary sources of uncertainty in vehicle emission
estimation. This study aims to identify and determine an optima number of driving cycles that can correctly
represent driving patterns in diverse weather conditions. First, a multivariate multiple regression model is
developed to determine the most important weather factors affecting the driving patterns. Then, similar weather
conditions are identified according to these factors using unsupervised machine learning. Next, two driving
cycles are constructed for diverse weather types, one for weekdays and one for weekends. Afterward, descriptive
analysis and a similarity matrix are employed to determine how similar the generated driving cycles are in
different weather types. Finaly, 15 driving cycles are identified to represent driving patterns in diverse driving
conditions.

Keywords: Driving behaviors variability; driving cycle; vehicle emissions; weather conditions

1. Introduction

Vehicle emissions are a major contributor to air pollution and climate change, making it a critical issue
affecting the heath and well-being of humans and the environment. As the world becomes increasingly
dependence on transportation, it isimperative to find ways to resolve the existing uncertainty of estimation of the
harmful emissions produced by cars. The exactitude of tailpipe emissions largely depends on the accuracy of the
driving cycle.

The driving cycle represents the average driving behaviors in a region and can be characterized by a set of
driving speed, acceleration, and braking patterns. It has been widely employed in designating fuel consumption
(Achour & Olabi, 2016; Maet a., 2019), assessing vehicle performance (Degracuwe & Weiss, 2017; Ladubec et
al., 2021), optimizing EMS (Energy Management System) (Chen et al., 2019; Wu et al., 2023), and estimating
driving style (Rios-Torres et a., 2019). Driving cycles most importantly associate drivers behavior with exhaust
emissions in vehicle emissions models like MOVES (MOtor Vehicle Emissions Simulator) (Bodisco & Zare,
2019; EPA, 2014; Muhammad, 2022).

Numerous studies have examined the influences of the main weather-based parameters, such as precipitation,
temperature, wind, and visibility, on drivers' behaviors (Jagerbrand & Sjobergh, 2016; Kilpeldinen & Summala,
2007). Findings indicate that motorists often adapt their speeds in response to changing weather conditions, which
in turn affects fuel consumption (Abdi Kordani et al., 2018; Andrey et al., 2013; Chen et al., 2019; Chowdhury,
2015; Christian & Jensen, 2014; Elsagheer Mohamed et al., 2022; Faria et al., 2017; Zahid et a., 2023; Zhang et
al., 2018). However, the analysis of wesather's impact on the driving cycle parameters has been infrequently
explored by researchers. With the increase in global temperatures and climate change, choosing the sets of driving
cyclesthat best reflect the weather conditions and the resulting vehicle emissions is essential.
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Generally speaking, there are two types of driving cycle including: Standard Driving cycles (SDC) and Local
Driving Cycle (LDC) (Gebisa et al., 2021). A thorough analysis of existing knowledge reveals that the existing
driving cycle production approaches are beset with two major flaws. First, previous investigations tend to
inadequately incorporate adverse weather conditions, such as heavy rainfall and severe winds, into the process of
collecting driving data and constructing driving cycles. For example, SDCs predominantly consider climatic
parameters that affect the engine's thermodynamic efficiency, often disregarding adverse weather conditions that
may affect the drivers behavior. Similarly, Worldwide Harmonized Light-duty Vehicle Test Procedure (WLTP)
methodology prioritizes temperature and humidity (United Nations, 2014), the Canadian standard driving cycle,
5-cycle test, incorporates a restricted range of temperatures (-7 °C, 35 °C, and 20-30 °C), the USA FTP-75 test
scrutinizes a narrow ambient temperature spectrum 20-30 °C (Eckert et al., 2018). Second, prior studies have
commonly utilized one or few driving cycles to represent driving behaviors across different meteorological
conditions, neglecting the variationsin driving behaviors under diverse environmental scenarios. For instance, Ma
et al. (2019) synthesized two driving cycles, the off-peak and peak hours, for Beijing. Chauhan et al. (2020)
developed one driving cycle to mimic driving behaviors for Vadodara City. Kaymaz et a. (2019) constructed one
driving cycle to represent driving patternsin Istanbul. This oversimplification potentially engenders uncertainties
in the estimation of vehicle emissions.

To consider the influences of variability of weather conditions on driving behavior, there are two principal
challenges. First, weather conditions exhibit significant variability over the course of a day and year, and these
changes can impact driving patterns. For instance, in the city of Montréal, Canada, the temperature can fluctuate
from —30 °C to 35 °C throughout the year and over 20 °C in a single day, while humidity ranges from 20% to
100% annually. Conversely, the reactions of drivers to these weather conditions depend on a variety of factors,
including demographic characteristics (such as age and gender), vehicle attributes (such as type and condition),
and driving skills (such as experience and training) (Yeo et al., 2021). Due to the complex interplay of these
factors, identifying the number of representative driving cycles that accurately capture the driving behaviors
volatility influenced by weather patterns is a challenging task. Second, the arduous process of generating driving
data to encompass al driving scenarios and a diverse range of driversis time consuming and cost prohibitive. As
aresult, the produced LDCs very often rely on inadequate data, obtained within alimited timeframe and involving
arestricted number of drivers (Al-Samari, 2017), as evidenced by studies conducted by (Ameknassi et al., 2016;
Cui et d., 2022; Kazemi Miyangaskari et al., 2023; Kazemi Miyangaskary et al., 2023; Zhai et al., 2018).

The principal objective of this study is to devise an approach for identifying the optimal number of
representative driving cycles that capture driving patterns under different weather conditions. Establishing a
diverse array of driving cycles under various weather conditions can enhance the accuracy and reliability of
vehicle emissions estimates, which are crucial for developing robust environmental policies and advanced vehicle
technologies. The significance of this study extends beyond traditional applications, asit provides critical insights
into how shifting weather patterns, underpinned by climate change, affect driving behaviors. Such knowledge is
essential for anticipating changes in vehicle performance and emissions in a future marked by increasingly
unpredictable weather conditions. To achieve the desired objective, this study collected comprehensive driving
and weather datasets to cover various drivers behaviors and different weather conditions.

As weather conditions affect driving cycle variables, the number of driving cycles in a region can be a
function of number of weather types. Therefore, it is crucial to disentangle the effects of weather factors from
those of road features on driving cycle parameters (Abele & Mdller, 2011; Ragione & Giovanni, 2016). Thisis
achieved by collecting driving data on a specific road type selected based on the findings of our precedent study
(Yarahmadi, 2023; Yarahmadi et al., 2023).

This study examines the following question:

« How many driving cycles are required to represent driving behaviorsin different weather conditions?
» What weather parameter(s) have the most significant impact on driving cycle parameters?



It presents three notable contributions aimed to advance the understanding and optimization of vehicular
performance:

* First, a systematic approach is proposed to establish a statistically significant relationship between weather
conditions and the attributes of driving cycles.

» Second, a methodology is proposed to generate and identify the optimal quantity of driving cycles for
diverse driving scenarios, thereby facilitating the development of efficient and effective transportation
systems.

« Third, the impacts of weather parameters on driving cycle characteristics are isolated from the influence of
road features.

The remainder of this article is structured as follows. First, previous studies that explored the relationship
between driving conditions and driving cycles are discussed, and their arguments are exposed. Then, the
methodology section describes the technical stepsto find optimal sets of driving cycles. After, the article presents
the optimal sets of driving cycles, and their various parameters are elaborated. Finally, the results are discussed,
and some perspectives are proposed.

2. Related work

The current section reviews the research problem and identify the knowledge gap. To do that, first, the
conventional approach of incorporating the impact of weather conditions in the development of driving cyclesis
reviewed. Second, the current practices for selecting the most representative driving cycle are discussed in detail.

The SDC is a process approved and applied by authorities to evaluate and certify a model of vehicle that
complies with all performance standards (relative to emissions) before authorizing it to be introduced to the
market (European Commission Joint Research Center, 2013). SDCs are commonly utilized to evaluate and
compare vehicle emissions across various regions, whether at a tertiary or global level. In order to ensure their
applicability and relevance for different regions, SDCs must be designed with genera conditions in mind,
encompassing a wide range of driving scenarios, traffic patterns, and environmental factors. This broad approach
allows for a more inclusive and representative assessment of vehicle emissions, ultimately contributing to
developing effective policies and standards for emission control worldwide. SDCs predominantly concentrate on
the parameter of ambient temperature and do not inherently emulate other meteorological conditions like
precipitation, wind velocity, humidity, or visibility. The principal justification for this approach is rooted in the
necessity of establishing a regulated, reproducible setting for the comparative analysis of various vehicles. The
incorporation of additional variables such as precipitation or wind speed into these assessments would introduce
further fluctuations, complicating the task of contrasting vehicles under uniform, standardized conditions. Table 1
illustrates that the established SDCs often fail crucial weather factors that can impact vehicle emissions.

Table 1. SDCs and weather parameters.

Name of SDC Weather parameters

New European driving cycle European Union Temperature: 20-30 °C

WLTC European Union United Temperature: (23 °C = 5 °C) Temperature: =7
Kingdom Turkey, China, India | °C Relative humidity: 40%—-60%

Highway Fuel Economy Test (HWFET) United States Temperature: 20-30 °C

Japanese JCO08 Cycle Japan Temperature: 20 °C + 5 °C

KDC Korean Temperature: 20-30 °C

India Drive Cycle (IDC) India Temperature: 25 °C average

CB Brazil Temperature: 20-30 °C

ADR 81/02 Australia Temperature: 20 °C + 5 °C



Multiple studies have underscored a discrepancy between emissions estimates derived from real-world data
and those obtained through Standard Driving Cycles (SDCs). For example, the International Council on Clean
Transportation (ICCT) reported a growing divergence in this disparity in Europe, from 8% in 2008 to 39% in
2017 (Greene et a., 2017). To address the limitations, Local Driving Cycles (LDCs) are developed for specific
regions, incorporating real-world driving data to synthesize these cycles (Seers et a., 2015). As aresult, LDCs
provide more accurate estimations of vehicular emissions compared to Standard Driving Cycles (SDCs) (Anida et
al., 2017; Esteves-Booth et a., 2001; Fotouhi & Montazeri-Gh, 2012).

However, acquiring a comprehensive dataset encompassing al variables influencing vehicular conduct for
developing a representative local driving cycle necessitates a considerable investment of time and financial
resources. Consequently, the researchers very often concentrated their efforts on capturing region-specific traffic
attributes to ascertain representative driving cycle parameters utilizing limited data sets. At the same time,
exogenous factors such as meteorological conditions are often neglected.

Liu et al. (2020) collected data for 15 consecutive days to establish a representative driving cycle for busesin
China, which may not be sufficient to capture the variability in driving conditions. Galgamuwa et a. (2016)
identified a representative driving cycle for an expressway in Sri Lanka by collecting 56 h of driving data over
three days, which may not be comprehensive enough to account for different driving conditions. Pouresmaeili et
al. (2018) gathered driving data for two weeks under clear weather and dry road conditions in Mashhad, Iran, to
develop arepresentative driving cycle, but the limited scope of data collection may not consider the full spectrum
of driving variability.

In addition, Simulation-based methodologies, while useful in controlled settings, may not accurately capture
the complex interplay of factors present in real-world scenarios, such as the impact of weather conditions on
driving dynamics. For example, the study by (Amirjamshidi & Roorda, 2013; Keivanpour, 2022), which utilized
simulated data to construct driving cycles for light and heavy trucks, failed to incorporate the influence of
meteorological factors on driving behavior, thus limiting the ecological validity of their findings. As aresult, the
LDCs constructed for the same region have varied drivers behavior representation.

Furthermore, the second gap is related to the authors' technique for selecting representative driving patterns.
Indeed, unlike the first group, some studies gathered the required data in different seasons but eventually picked
only one driving cycle as a representative.

Ashtari et al. (2014) believe that insufficient data and ambient conditions are two factors that generate
uncertainty in vehicle emissions. Accordingly, they gathered 44 million driving data points for one year to
develop adriving cycle in Winnipeg, Canada. Finally, they invented a new snipped selection algorithm to find the
best candidate driving cycle. Ma et a. (2019) developed 17,000 driving cycles but selected two as the most
representative driving cycle for peak and off-peak hours. Gunther et al. (2017), over one full year, collected
around 27,365 h of driving operation data in Hamburg, Germany, to produce driving cycles for public buses.
Based on this vast data, the authors developed adriving cycle.

In conclusion, two gaps in the literature can be discussed. First, preexisting driving cycle generation methods
do not consider the impact of weather parameters on driving cycle characteristics. They mostly account for a
limited number of weather conditions when collecting or constructing driving cycles. This issue is particularly
evident in Local Driving Cycles (LDC), where researchers often use small driving datasets to construct these
cycles. Second, most studies select only one or a few driving cycles to represent driving behaviors under all
driving conditions.

3. Research methodology

This segment presents the data utilized in the present investigation, elucidating the methodological involved.
Additionally, Figure 1 visually delineates the stages undertaken during the course of this study. This study



encompasses a comprehensive six-step approach, explained in detail in Subsections 3.2-3.5. As articulated, this
research aims to determine the optimal number of driving cycles pertinent to diverse driving conditions. To that
end, crucial data about weather and driving are gathered and prepared in the first and second steps. Subsequently,
a senditivity analysis identifies the critical meteorological factors significantly influencing driving patterns.
Weather types are subsequently generated in the next step based on these factors. In the fifth stage, a sensitivity
analysisis carried out to explore how the proposed model effectively captures the complex relationship between
weather conditions and driving patterns. Finaly, two driving cycles are generated for each weather type,
corresponding to weekdays and weekends.

1. Selecting a road type

e Performing descriptive analysis on pre-existing road types
e Selecting road type 5

2. Collecting data v

3. Preprocessing

4. Developing the base model

5. Generating weather types

6. Developing driving cycles

Is there any weather
type to generate DC?

7. Identifying optimal number of driving
cycles ¢

e Constructing similarity matrix

e Identifying optimal number of driving cycles

Figure 1. Research methodology of the present study.

3.1. Study area and data description

Prior to performing the present study, authors developed a road typology, detailed in Yarahmadi et al. (2023),
involved classifying Montreal's road network into five types based on factors affecting driving speed.
Subsequently, asillustrated in Figure 1, road type 5 is selected. The primary reason to focus on one road type isto
isolate the impact of road features from the weather conditions impacts. This approach enables usto shed light on
how changing driving conditions influences driving cycle parameters.



The main reason to select this road type 5 is because, among all road types, it has the highest number of
segments, totaling 2608, with a combined length of almost 35 km. It features a diverse array of road
characteristics, which are amost homogeneoudly distributed across the segments. Table 2 provides a detailed
overview of the defining characteristics of the road segments within this selected category.

Table 2. Characteristics of the selected road type.

Road feature Proportion of values in the database

Road functions Motorway 25.3
Primary 26
Secondary 43
Tertiary 3.7
Ramp 2
Land uses City Center 4.1
Industry 25.1
Mixed Activities 27.7
Residential area 39.1
Park 4
Speed limit (km/h) 50 55
60 10
70 35
Number of Lanes 1 1
245
3 69
4 5.5
Gradient (%) -1 3.8
0 41.2
1 25
2 18
3 12
Density of signalized intersections 0 23.2
1 21
2 27.7
3 14.1
4 8
5 6
Accessibility Min: 0.1, Average: 0.42, Max: 1.5 -
Radius of curvatures (m) Min: 102, Average: 455, Max: 1,587 -

3.1.1. Driving data

To conduct this study, a fleet of 3323 connected taxicabs produced a vast dataset consisting of approximately
3,227,000 trips undertaken between April 2019 and December 2020 under genuine driving conditions, including
both peak and off-peak periods when the cabs were in service (only trips with passengers onboard are used). The
characteristics of the driving data are presented in Table 3. Additionaly, the driving data was not selectively
gathered based on ancillary attributes such as the vehicle type, driver's age, or gender. Thus, thisissue lets authors
suppose the data likely originated from driving data belonging to various age groups, genders, and vehicle
passenger types.

Table 3. Driving data features.



Type Date Number Number Number

3.1.2. Weather data

Montreal's climate is continental, with frigid winters and warm summers (Wood, 2015). Hourly basis weather
data was collected from Environment Canada for 2019 and 2020. The main weather parameters are temperature,
precipitation, wind speed, and humidity. It is worth mentioning that in this dataset with time-resolved data, snow
and rain are reported collectively, and this study treats them as a single variable. Figure 2 indicates the variation
of weather parameters over 2019 and 2020.
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Figure 2. Variation of temperature, humidity, precipitation, wind speed over the years (2019-2020).

3.2. Data preprocessing



The second step of this study is data preprocessing. Outlier analysis and data cleaning techniques elucidate
unnecessary data in both datasets. Afterward, two steps are taken to prepare the data: generating required driving
data attributes (data enrichment) and feature engineering. Each phase is explained in the following sections.

3.2.1. Data enrichment

Data enrichment is a step to generate new items from existing data to make it ready for analysis. To create a
driving cycle, driving data should be generated per second. It is because driving modes are generated based on a
one-second interval. Investigating the raw data showed that data are mainly available in 5-sintervals or more. To
address this issue, a resampling technique is used to increase the time interval granularity from 5 sto 1 s.
However, while this adjustment increases the frequency of time stamps, it results in null values for other driving
data parameters, such as driving speed, latitude, and longitude, at the newly created time stamps. Literature shows
that the Kalman filter is a powerful tool to impute null values in time series data (Ribeiro, 2021). To validate the
results obtained from the Kalman Filter, the imputed data were examined using QGIS. This process involved a
comparative analysis where both the pre-imputation dataset and the post-imputation dataset, resampled at a
one-second interval, were loaded into QGIS. By overlaying these datasets in the QGIS environment, | was able to
visually assess the accuracy of the imputations. Specifically, | compared the imputed positions against known
data points to evaluate the consistency and reliability of the imputed values. This approach allowed for a detailed
examination of how well the Kalman Filter preserved the overall patterns and characteristics of the origina data
while filling in the gaps. In the final step, the distance between each point is calculated using the Geopy library in
Python and the Haversine formula. The Haversine formulais a very accurate mathematical technique to calculate
the distance between two points on the surface of a sphere.

The most critical weather factors are made available by Canada Environment, and there is no additional
feature that the authors can calculate. Although visibility is another vital weather parameter that affects driving
patterns, it is not available at the hourly level. Unavailability of some data is one of the limitations faced by this
study.

3.2.2. Feature engineering

Feature engineering combines techniques to make input data compatible with machine learning algorithms and
reduce computational complexity (Chen et al., 2014).

Regarding the weather data, the first feature engineering step is correlation analysis. As its name implies, the
correlation between segment variables is explored in this step, and highly correlated variables, referred to as
multicollinearity, are deleted. A feature is strongly correlated if its correlation coefficient is more than 0.7 with
another part (Ratner, 2009). To perform the correlation analysis, the Dython library in Python is utilized. This
library is based on the correlation ratio (Lewandowski et al., 2007). The output illustrates that none of the driving
and weather data were correlated.

So, the second step of feature engineering was to evaluate the distribution of every segment feature. To do
that, the skewness of features was measured. Skewness shows how symmetric data distribution is. Skewness can
help identify potential issues in the data, such as outliers, non-normality, or extreme values. In addition, some
clustering algorithms assume that the data follow a specific distribution, often a multivariate normal distribution.
Assessing skewness can help to verify whether the data meet these assumptions and to select appropriate
clustering techniques. If the skewness values of a column exceed 0.5, it is skewed. The SciPy library in Python
programming is used to calculate the skewness. The result shows that the precipitation and wind speed were
highly and slightly skewed respectively. To treat and analyze skewed data there are three methods comprising:
implementing transformations, utilizing nonparametric methodologies, or synergizing robust statistical methods
with analytical procedures. In thefirst step, transformation techniques are used to cope with skewness. The square
root transformation yielded superior results for wind speed data, whereas the quantile transformation performed
better for precipitation data. Despite this, the distribution of precipitation data remained skewed.



Another area for improvement that could affect the accuracy of machine learning technique output is the
uniformity consistency of units of continuous unscaled data. For instance, the unit of precipitation is centimeters,
the wind speed is m/s, and so on. To resolve this matter, all weather parameter values were standardized. To
achieve this, each value is standardized by subtracting the mean value of that feature and then dividing by the
standard deviation. As a result, the standardized values typically have a distribution with a mean of 0 and a
standard deviation of 1.

Dimensionality reduction, the final feature engineering technique applied in this study, serves a critical
purpose beyond simply identifying and omitting variables with minimal variance. It addresses the curse of
dimensionality, where high-dimensional spaces can lead to sparse data distributions and make clustering analyses
less effective due to increased computational complexity and difficulty in identifying meaningful patterns.
Principal Component Analysis (PCA), a widely recognized dimensionality reduction technique, is particularly
valuable in this context. PCA transforms the original variables into a new set of uncorrelated features, known as
principal components, which are linear combinations of the original variables weighted by their contribution to
the total variance. By constructing a covariance matrix and determining its eigenvectors and eigenvalues, PCA
guantifies the variance each feature contributes to the dataset. The eigenvectors represent the directions of
maximum variance, while the corresponding eigenvalues indicate the magnitude of variance along these
directions. The selection of principal components is based on the cumulative explained variance ratio derived
from these eigenvalues, ensuring that the reduced dataset retains the most significant variance within the data.
This process not only streamlines the feature space, enhancing computational efficiency, but also improves the
interpretability of clustering by focusing on the most informative aspects of the data. By mitigating noise and
reducing overfitting risks, PCA alows for a more robust and meaningful clustering outcome that can reveal
hidden structures within the data, which might otherwise be obscured in a higher-dimensional context. It is
confirmed that the performance of PCA is reduced if data is not normally distributed. Conversely, Robust PCA
(RPCA), one of the extensions of PCA, shows better performance in skewness cases (Candes et a., 2011). In the
present study, PCA is used for parametric clustering techniques, while RPCA is used for non-parametric
clustering techniques.

3.3. Multivariate multiple regression model

It is necessary to benefit from regression techniques to provide insight into the relationship between weather
parameters and the driving cycle. In addition, its result can be interpreted to understand how the generated model
can describe the relationship between independent and dependent variables. There are various regression models,
but the main reasons for selecting multivariate multiple regression model (MMRM) are as follows:

Simultaneous analysis: Given the presence of 13 numerical dependent variables in the data, MMRM permits a
simultaneous examination of the relationships between the multiple predictor and outcome variables. This alows
usto halistically understand the interactions within the datasets.

Revealing complex relationships: MMRM is capable of uncovering intricate relationships and interactions
among variables, which may be overlooked if separate univariate analyses are conducted. This results in a more
nuanced understanding of the data.

Combined effects analysiss MMRM facilitates the investigation of combined or collective effects of predictor
variables on the dependent variables. This provides insights not just into individual influences, but also into how
these predictors might work together to influence the outcomes.

The weakness of the MMRM is that it is sensitive to outliers and collinearity. As described in Subsection
3.2.2, the features engineering techniques were employed to cope with these issues.

3.4. Cluster analysis
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Clustering, a form of unsupervised learning, constitutes a robust analytical technique aimed at categorizing
data into distinct groups based on shared attributes. By maximizing intra-cluster similarities and concurrently
accentuating inter-cluster dissimilarities, this approach effectively delineates homogeneous subsets within
heterogeneous datasets, providing valuable insights into the underlying structure and relationships among
observations.

Clustering techniques can be tailored to different data types, such as parametric, nonparametric, and mixed
datasets. Nonparametric approaches, such as Affinity Propagation make no distribution assumptions and can
handle diverse data types, including non-Gaussian or skewed distributions. Although k-means is categorized as a
nonparametric technique, its performance can be less than optimal for skewed data due to its assumptions about
cluster shapes, sensitivity to outliers, and reliance on minimizing variance. For heterogeneous datasets comprised
of both skewed and non-skewed attributes, two approaches are recommended for effective clustering: (1)
employing robust preprocessing techniques to prepare the data, followed by clustering, and (2) utilizing
nonparametric clustering methods. To do that, the three following approaches are taken:

« Preparing data by robust PCA and then performing K-means.
» Employing Affinity Propagation (AP)
» Agglomerative Hierarchical Clustering (AHC)

In this study, weather types serve as the foundational basis for generating driving cycles corresponding to each
weather category. The accuracy of these generated weather types significantly impacts the precision of the
derived driving cycles. To ensure a comprehensive understanding of the relationship between weather conditions
and driving cycles, this research employs various techniques to generate diverse weather types, acknowledging
that each method has its unique advantages and disadvantages. Utilizing multiple approaches allows for the
generation of diverse weather types, which can be compared and contrasted to identify the most accurate and
representative categories. Subsequent cluster validation helps ascertain the most reliable results, ensuring the
credibility and relevance of the generated driving cycles.

Agglomerative Hierarchical Clustering (AHC) and Affinity Propagation (AP) clustering methods that do not
require pre-specifying the number of clusters. k-means, conversely, is afast, user-friendly algorithm that performs
well with continuous variables. However, its primary limitation is the need to determine the number of clustersa
priori, which can often result in incorrect assumptions by the user. To address this issue, various techniques can
be employed to determine the optimal cluster count. The following section provides a concise overview of
existing methods for this purpose, offering an understanding of the approaches available to determine cluster
numbers.

3.4.1. Determining the optimal number of clusters

Establishing the ideal number of clustersisacritical aspect of clustering analysis, asit significantly influences
the outcome's quality and the algorithm's ability to discern patterns. In addition, selecting the appropriate number
of clusters contributes to mitigating overfitting and underfitting, increasing the comprehensibility of results, and
optimizing computational efficiency. Striking this balance is essential for revealing concealed structures and
patterns within the dataset, ultimately ensuring a reliable and robust model performance. Xu et a. (2016)
documented various techniques to determine the number of clusters.

The well-acknowledged techniques to determine the optimal number of clusters are as follows:

« Elbow method: This method involves plotting the within-cluster sum of squares (WCSS) against the
number of clusters and selecting the number of clusters at the "elbow" of the curve where adding more
clusters no longer significantly reduces the WCSS.

« Gap statistics: This method compares the within-cluster dispersion for different numbers of clustersto a
reference distribution and selects the number of clusters that maximizes the gap between them.

11



« A dendrogram is a tree-like diagram that illustrates hierarchical clustering by depicting the relationships
among data points. It enables an intuitive understanding of the data's organization and helps determine the
optimal number of clusters by examining linkage distances.

In the current research, the optimal quantity of distinct weather classifications is dependent on the ideal
number of clusters; hence, al previously mentioned methodologies are employed to ascertain this number of
clusters. Additionally, to determine the optimal "K" parameters, the authors took into account various criteria
such as the size of the dataset, the nature of the data, the objectives of the analysis, and preexisting knowledge in
thefield.

3.5. Driving cycle construction

Driving cycles are constructed using variation of the driving speed over time. There are four main steps to
generate a driving cycle: microtrip generation, clustering of the generated microtrips, constructing candidate
driving cycles, and selecting the most representative driving cycle. These steps are further detailed below.

3.5.1. Microtrip generation

A microtrip isasmall part of atrip, and the sum of al microtrips builds atrip. In the microtrip generation step,
driving pattern parameters are calculated for each microtrip and are used to compare all microtrips.

There are various approaches to generating a microtrip. The most famous ones are as follows:

e Trip-based microtrip: microtrip is bounded by two stops.

* Fixed timeinterval microtrip: atrip is divided into time intervals.

« Fixed distance microtrip: atrip is divided based on afixed distance.
« Intersection microtrip: amicrotrip is bounded by two intersections.

Nouri and Morency (2017) generated driving cycles using the above-mentioned methods and then employed a
comparative and quantitative evaluation to ascertain the most effective microtrip generation method. By
constructing driving cycles via various techniques, each cycle was then assessed against target performance
metrics. The difference between the actual and target values of these metrics was calculated for each cycle.
Methods were ranked by the magnitude of their deviation from the target, with rankings aggregated across all
metrics to determine an overall score. This comprehensive analysis revealed that the fixed distance method of 250
meters yielded the most accurate replication of real-world driving conditions, as it consistently ranked highest,
indicating the smallest deviations from the target metrics. Thus, for the purposes of this study, the driving cycle
was generated according to this method.

3.5.2. Microtrip clustering

After generating microtrips, the next step is to find similar driving patterns. To do that, a dissimilarity matrix
is used to compare microtrips by calculating the chi-square distance between their speed-accel eration distribution
matrices. Each matrix quantifies the frequency of various speed and accel eration combinations during a microtrip.
The chi-square distance is computed by assessing the difference between the observed frequencies in the
empirical data and the expected frequencies, if the speed and acceleration were independent. The sum of these
differences for all combinations gives the chi-square distance. This distance forms the elements of the
dissimilarity matrix, where a lower value indicates higher similarity between the driving behaviors of two
microtrips. This matrix helps in ranking the microtrip generation methods based on their accuracy in capturing
real-world driving dynamics. Then, the matrix is clustered using the clustering technique to identify and group
similar driving patterns into a cluster.

3.5.3. Constructing candidate driving cycles

The driving cycle generation in this study involves a structured process using microtrips from a database of
trips. Initially, each driving cycle begins with one of the starting microtrips, chosen to represent different starting
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conditions in the database—these do not reflect a cold start asthey are not from an idle state.

Following the selection of the initial microtrip, subseguent microtrips are chosen based on a one-step Markov
model. This model utilizes a transition matrix to calculate the likelihood of transitioning from one microtrip to
another, based on observed sequences in the dataset. The selection process involves identifying a microtrip that
follows the initial one with the highest probability, ensuring that the starting speed of the new microtrip is within
2 km/h of the ending speed of the previous one (Nouri, 2015).

This seguence continues, adding microtrips to build a complete driving cycle, with each addition evaluated
against specific criteria to ensure continuity and representativeness of real-world driving conditions. The
approach combines statistical probability with practical constraints on speed transitions to create realistic and
coherent driving cycles. For each weather condition candidate driving cycles are constructed. The average length
of driving cycles was 25 min.

3.5.4. Selecting the most representative driving cycle

All candidate driving cycles are ranked based on assessment criteria to select the most representative driving
cycle. The assessment criteria used in this study are presented in Table 4. In addition, authors used these
parameters to characterize the generated driving cycles and to investigate the association between weather factors
and driving cycles.

The assessment criteria can be categorized into three groups: velocity indicators, acceleration and decel eration
indicators, and driving mode indicators. Driving mode refers to the manner in which avehicleisbeing driven at a
given moment, as determined by its speed, acceleration, and deceleration patterns. Commonly recognized driving
modes include a percentage of idling (when the engine is running, but the vehicle is stationary), acceleration
(when the vehicle is speeding up), deceleration (when the vehicle is slowing down), cruise (when the vehicle is
moving at a steady speed), and creeping (when the vehicle is moving a a very slow speed). Monitoring and
analyzing driving modes can provide valuable insights into a range of factors related to vehicle performance, fuel
efficiency, and environmental impact. To generate the driving cycle in this study, the application developed by
Roy and Morency (2020) is used.

Table 4. Driving cycle assessment criteria.

Difference in Speed Acceleration Frequency Distribution (SAFD) NA (%)
The average speed of the entire driving cycle \% (Km/h)
Average running speed Vr (Km/h)
Maximum speed Vm (Km/h)
The average acceleration of all acceleration phases Acc (m/s?)
Average deceleration of all deceleration phases Dcc (m/s2)
The average number of acceleration-deceleration changes Acc_std NA
Root means square acceleration Acc2 (m/s?)
Road power NA (KW)
Time proportion of idle mode Idle_p (%)
Time proportion of acceleration mode Acc_p (%)
Time proportion of cruising mode (-0.1 m/s? < acceleration < 0.1 m/s?; average speed >5 m/s) | Cru_p (%)
Time proportion of deceleration mode (acceleration < -0.1 m/s?) Dcc_p (%)
Time proportion of creeping mode (-0.1 m/s2 < acceleration < 0.1 m/s?; average speed <5 m/s) | Cre_p (%)

4. Results and discussion
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In this section, the results of the developed regression models are assessed and discussed, and clustering
approaches are implemented to recognize various weather types.

4.1. Sensitivity analysis

In pursuit of recognizing the influence of weather conditions on driving cycle parameters, attributes specified
in Figure 2 and Table 3 are employed for a sensitivity analysis. As producing driving cycles for all hourly datais
not possible, the initial step necessitates use of sampling techniques to extract a subset from the weather data.

The rationale for applying the method to a subset of weather data stems from the computational and practical
challenges associated with generating driving cycles for each hour of the two-year period. This process is not
merely data-intensive but also computationally demanding due to the complexity and granularity of the driving
cycle generation process. Given these constraints, a representative sample was necessary to facilitate a feasible
analysis while still capturing the variability of weather conditions over the selected period.

To ensure that selected samples offer a fair representation of the dataset throughout the year, the stratified
sampling approach is adopted. This method facilitates breakdown of the population into homogeneous subsets,
termed strata, and consequently allows for random selection of samples from each stratum. Thus, weather datais
segregated into four distinct strata, each embodying a particular season. Consequently, for the longer seasons of
winter and summer, we selected more samples. For the shorter seasons of spring and fall, fewer samples were
chosen. In total, we selected 472 samples. In other words, we selected 472 h driving data in different weather
conditions. Following these steps, driving cycles are synthesized for each hour and totally 472 driving cycleswere
constructed. Then, developed driving cycles and weather sample data are integrated according to their date and
time. Eventually, MMRM model was created, and driving cycle parameters and weather factors are considered as
dependent and independent variables respectively and weather factors as deterministic factors were designated.
The R2 of the generated model is0.28.

4.2. Generating weather types

Clustering methods consider the influential factors outlined in Subsection 4.1 to categorize similar weather
conditions. This study takes three distinct approaches to cluster weather variables, thereby producing diverse
weather typologies.

4.2.1. Determining the optimal number of clusters

Three prevalent techniques—Elbow, Gap Statistics, and Dendrogram—were employed to ascertain the
optimal number of clusters for the weather dataset. The Elbow and Gap Statistics methods were applied to the
k-means algorithm, while the Dendrogram approach was utilized for AHC. As illustrated in Figure 3, al three
techniques consistently identified 8 clusters as the ideal quantity for this dataset. In the Elbow method (a), the
blue line represents the cluster numbers, and the dashed green line demonstrates the training time required for the
clustering model per cluster number. In the Gap Statistics method (b), the optima number of clusters is
highlighted by ared circle. Lastly, in the Dendrogram method (c), the red line indicates the cut line utilized to
determine the optimal cluster count.
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Figure 3. Determination of cluster numbers using elbow (a), gap statistics (b), and Dendrogram.

The dendrogram generated using Ward method. The Ward method in agglomerative hierarchical clustering
(AHC) works by initially treating each data point as its own cluster. Throughout the clustering process, it
combines clusters that result in the least increase in total within-cluster variance, effectively keeping the clusters
as compact as possible. This method uses the squared Euclidean distance to measure the variance within clusters,
aiming to minimize this sum as clusters are merged. In the dendrogram produced by the AHC, we used ward
technique, the placement of the red line for the cutoff is determined by identifying the largest gap. Gap means
distance between the clusters being merged. This is done by examining the vertical distances between successive
linkage levels, which represent the dissimilarity measure between clusters being combined. The largest gap
method selects the point where the increase in this distance is the most significant. At this point, the clusters
below the line are distinctly different from each other, as evidenced by the large jump in cluster distance.
Positioning the cutoff at this largest gap ensures that the derived clusters are as homogeneous as possible
internally, while the dissimilarity between different clusters is maximized. This method provides a data-driven
and objective criterion for deciding the number of clusters, thereby minimizing subjectivity in the clustering
process. In our analysis, the red line is placed at the height corresponding to this largest increase in dissimilarity,
suggesting a natural division in the dataset and indicating a number of clusters that best captures the inherent
structure of the data.

The elbow method is applied by plotting the k-means distortion scores—sums of squared distances within
clusters—against a range of k values. The number of clustersis indicated by the "elbow" point, where the graph
bends and further increases in k yield diminishing returns in decreasing distortion. This point reflects a balance
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between complexity and clustering quality. In the provided graph, the elbow is at k = 8, suggesting it as the
number of clusters based on the method's criteria for parsimony and sufficient data fit.

4.2.2. Approach 1: k-means and RPCA

As discussed in Subsection 3.2.2, among weather features, precipitation is skewed yet, and RPCA addresses
thisissue by using arobust estimation method to identify the principal components. It decomposes the data matrix
into a low-rank matrix (capturing the main structure of the data) and a sparse matrix (representing the outliers or
noise). This decomposition helps to separate the true underlying structure of the data from the effects of the
skewed distribution and outliers, leading to a more accurate representation of the principal components. To
perform the RPCA, alibrary, namely "pypropack,” is used in Python. The output of RPCA is a NumPy array that
keeps 95% variability in the original dataset. Table 5 presents numbers of observationsin each cluster.

Table 5. Number of observations in each cluster.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8

1,509 2,542 1,707 2,277 2,082 2,433 1,877 3,059

The descriptive analysis of the generated clusters revealed the main attributes of clusters as follows:

1. In wesather type 1 most temperatures are distributed from 12 to -5 °C, humidity is between 20% and 50%, wind
speed isfrom 28 to 41 km/h, and precipitation is not observed (o cm).

2. Weather type 2 mainly represents driving conditions in March, April, October, and November. Approximately
90% of the hour's temperature were between 6 and —12 °C, humidity spread from 25% to 50%, one millimeter
of precipitation on average presence, and wind blow between 34 and 39 km/h.

3. Westher type 3 represents summer months with 40%, has the highest share. Highest temperature, lowest wind
speed, and humidity are found in this cluster. In addition, 94% of hours have zero precipitation.

4. In cluster 4, the temperature is distributed from —1 to 11 °C, humidity spreads from 32% to 65%, precipitation
was between 0 and 0.7 mm. Maximum wind speed, which is 35 to 59 km/h, is observed in this weather type.

5. In weather type 5 share of January, February, and December are 27%, 30%, and 28%. Temperature is between
—2 and —23 °C, humidity is distributed from 31% to 62%, wind speed is 35 to 52 km/h, and precipitation is
between 0.1 and 1.5 mm.

6. Cluster 6 composed of October, November, and March, shows the highest precipitation with temperatures
between 10 and -5 °C.

7. Cluster 7 contains temperatures between 2 and —10 °C and humidity between 35% and 60%.

January and February have the highest sharesin cluster 8. It has the lowest temperature, highest humidity, and
precipitation between 0.3 to millimeters.

4.2.3. Approach 2: Affinity propagation

As mentioned in Subsection 3.4 Affinity Propagation (AP) is a nonparametric clustering method that, unlike
K-means, does not require the initial specification of the number of clusters. Upon examining the outcomes, it
was found that AP identified nine distinct weather patterns. As Table 6 shows the main drawback of the generated
weather types, is the unbalanced number of observations in each cluster. For example, cluster 2 has around 3000
members, while cluster 9 includes fewer than 500 objects. Moreover, some clusters contain a wide range of
values. For example, in clusters 4 and 5, temperature values start from —23 and 15 °C, respectively, and reach 30
°C. Similarly, clusters 1, 2, 8, and 9 humidity comprise both lowest and highest values, from 10% to 96%.
Furthermore, other than clusters 3, 5, and 6, all clusters have zero precipitation values.

Table 6. Number of observations in each cluster in AP method.
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1,831 2,993 2,603 1,062 2,886 2,099 1,464 2,129 419

4.2.4. Approach 3: Agglomerative hierarchical clustering

AHC (Agglomerative Hierarchical Clustering) is effective with skewed data due to its bottom-up, hierarchical
clustering approach, which exhibits less sensitivity to the distribution of data points. This attribute makes AHC
more resilient to outliers and data skewness. However, it is essential to note that AHC might not always be the
best choice for all types of skewed data. More specifically, it can suffer drawbacks, such as being computationally
expensive for large data sets.

As Figure 3 shows, based on the analysis of the dendrogram, it has been determined that eight clusters provide
an appropriate categorization for the various weather conditions.

Analyzing clusters shows that the AHC does not identify weather types accurately. For example, in clusters 1,
4, 6, and 8, the temperature is distributed from —20 to 20 °C, humidity is between 10% and 100%, and wind speed
starts from minimum at 10 km/h, to the maximum speed at 59 km/h. Conversdly, in clusters 3 and 5, temperature
spreads from —15 to 30 °C, precipitation is between 0 and 10 millimeters, and wind speed is 0 to 50 km/h. Table 7
shows the number of observationsin each cluster.

Table 7. Number of observations in each cluster in AHC method.

2,118 2,661 3,050 2,196 2,354 1,558 2,579

4.2.5. Cluster validation

After generating clusters, it is essential to verify the accuracy of the results. One effective method of validating
clustering outputs is through content-wise visualization techniques, such as boxplots, which statistically analyze
and compare the generated clusters. A boxplot provides a clear and concise way to understand the spread and
distribution of data by summarizing the minimum and maximum values, interquartile range (IQR), and potential
outliers. In addition, this tool helps gain insight into how parameter values are distributed among different
clusters.

Figure 4 compares cluster analysis for three different approaches using boxplots. By examining the
distribution of data in various clusters and the range of variations for different clusters, for each weather
parameter, it can be concluded that approach 1 provides more accurate weather types.
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Figure 4. Comparing clustering results of approach 1 (1), approach 2 (2), approach 3 (3).

Another approach to validate clustering is to perform a Silhouette analysis. Thisis a conventional index that
literature confirms to be more reliable (Arbelaitz et al., 2013). As Table 8 presents, the results of this technique
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show that k-means has a higher value, indicating that the first approach better separates weather data. The
clustering results suggest that the first approach generates a more effective clustering outcome. Consequently,
based on the Silhouette values and content-wise visualization techniques, it can be concluded that the first
k-means yielded a more accurate result. Therefore, in the next step of the study, the authors will use the results of
this approach.

Table 8. Silhouette values for different clustering approaches.

Silhouette values 0.54 0.38 0.11

4.3. Sensitivity analysis of weather influences on driving cycle parameters

Clustering methodologies group similar weather conditions, effectively quantifying the variability of driving
conditions into a limited number of clusters. For instance, our clustering reveals that Montreal's weather can be
categorized into eight distinct groups. This categorization aids in understanding the correlation between changes
in driving cycle characteristics and wesather types by reducing the need to investigate an infinite number of
weather conditionsto just eight.

For the sensitivity analysis, we utilized same sample weather data and constructed driving cycles as detailed in
Subsection 3.1. Before implementing the MMRM model, we examined the distribution of weather data within
each cluster to ensure each had a sufficient sample size. The rationale for using these samples in the sensitivity
analysis post-clustering is to compare the R? values of MMRM models before and after clustering. This
comparison is crucia as R2 measures the extent to which independent variables can explain variations in
dependent variables. An improvement in R2 suggests that clustering provides a clearer association between
weather conditions and driving behaviors. The analysis showed that Cluster 5 had the fewest observations, with a
total of 50, whereas Cluster 1 had the most, with 80 observations.

Table 9 compares the R2 values of models devel oped for various clustered weather types against a base model,
which was formulated using sample data prior to clustering.

Table 9. Comparison R-square between clustered weather types and base.

-----“-I-
0.43 0.53 0.56 0.33 0.53 . 0.30 .

0.28

Asiillustrated, except for weather type 6, all other types exhibit higher R2 values than the base model. This
suggests that the model with clustered weather types provides a more accurate representation of the relationship
between variations in weather conditions and changes in driving cycle parameters.

Figure 5 presents a heatmap illustrating the results from the developed MMRMSs. The cellsin the heatmap are
categorized into two groups:. colorful cells with values, and gray cells. The colorful cells, where the p-values are
less than 0.05, indicate statistically significant influences of weather parameters on driving cycle characteristics.
The color intensity varies from dark red to dark blue, representing strong positive and negative impacts,
respectively, with lighter colors denoting less impact. The coefficient values are displayed within these cells.
Conversely, gray cells represent nonsignificant results, suggesting that the corresponding weather parameters do
not significantly affect the driving cycle characteristics. In this figure, T stands for temperature, H stands for
humidity, W stands for wind speed, and P denotes precipitation. The primary insights drawn from this table
include:

1. The influence of weather types on driving cycle parameters is not uniform, likely due to the combined effects
of different weather elements.
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2. The number of driving cycle parameters which are influenced by weather factors varies across weather types.
Specifically, weather type 7 has alesser impact on driving cycle characteristics compared to other types.

3. Precipitation typically has a significant effect on driving cycle attributes. However, it is absent in weather types
1 and 7, and thus, does not influence the driving cycle parametersin these categories.

4. Temperature has a negative impact on driving cycle attributes for all weather types, with the exception of
weather type 3, where its influence is not negative.

5. The effects of humidity and wind speed on driving cycle parameters differ across weather types. As an
illustration, humidity positively affects velocity in weather type 2 but negatively in weather type 3.
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4.4, Driving cycle characteristics analysis
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In the next step, driving cycles are constructed for each weather type. In addition, researchers revealed that
driving behaviors are different between weekdays and weekends (Agarwal, 2004; Harris & Webber, 2012;
Yarahmadi et al., 2024; Zhong et a., 2008). To understand the discrepancies and their connections with weather
conditions, separate driving cycles were designed for weekdays and weekends. This resulted in a total of 16
distinct driving cycles: eight for weekdays and eight for weekends. By using this methodology, the dynamics of
traffic patterns can be better understood, and the effect of meteorological factors on driving behaviors can be
more accurately quantified. The following sections provide more details about different characteristics of the
generated driving cycles.

4.4.1. Velocity analysis

Velocity is a crucia driving cycle indicator that significantly impacts both vehicle emissions and fuel
consumption. The data indicates that, in general, drivers tend to drive faster on weekends. On weekdays, the
highest average speed of 43 km/h is observed under weather condition type 3, while the lowest average speed of
26 km/h is recorded in weather condition type 8. On weekends, the picture is somewhat similar, with the highest
average speed of 48 km/h occurring under weather type 3, and the lowest average speed of 28 km/h being
observed under weather conditions classified as type 8.

4.4.2. Acceleration analysis

Acceleration and deceleration are key factors that control how vehicles move and stay stable on the road.
Vehicle acceleration and deceleration refer to the rates of change in the vehicle's velocity over time, measured in
units of meters per second squared (m/s?) or kilometers per hour per second (kph/s), and represent speed up or
slow down, respectively.

Table 10 shows the SAFD of the generated driving cycles. SAFD shows the frequency and magnitude of
changes in speed and acceleration during a driving session. An analysis of the SAFD reveals that driving patterns
differ between weekdays and weekends. The frequency and magnitude of changes in speed and acceleration vary
depending on the day of the week. In addition, in all-weather types except weather type 4, accelerations are
distributed from O to more than 0.8 meters per second squared (M/<?).

22



Table 10. Comparison between SAFD of weekdays and weekend.
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Table 10 (continued). Comparison between SAFD of weekdays and weekend.
2 10. Continued.
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4.4.3. Share of driving modes

Figure 6 portrays the distribution of various driving modes across weekdays and weekends under different
weather conditions. Analyzing the mode distribution on different days, except for weather types 1 and 2 on
weekends, reveals that they are dissimilar, indicating varying driving patterns in diverse driving scenarios. During
weekdays, the time proportion of acceleration values exhibit oscillations ranging from 15% to 38%, while on
weekends, they range from 18% to 33%. Additionally, the average deceleration values range between 6% to 30%
on weekdays and 6% to 19% on weekends. In nearly all cases, except for weather type 8 on weekends,
acceleration percentages exceed deceleration percentages. The idling time percentages vary on weekdays, with
weather types 3 exhibiting 17%, while weather type 8 has almost 45%. The share of cruising mode is from 15 to
34 on weekdays, but on weekends, it ranges from 23% to 33%.
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Figure 6. Share of modes for all weather types on weekdays (a) and weekends (b).

4.5. Comparative analysis of newly constructed driving cycles versus established models
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After creating the driving cycles, the first step involved comparing these newly constructed cycles with
existing ones, such as the Montreal Local Driving Cycle (Nouri & Morency, 2017) and the Standard Driving
Cycle (SDC) from Canada's 5-Cycle test. To illustrate their differences, as presented in Table 11 the authors used
descriptive statistics of the constructed driving cycle parameters values alongside those from previous studies.
This comparison included the minimum and maximum values of driving cycle parameters on weekdays and
weekends. The results confirmed that the values of the former driving cycles mostly do not fall within the range of
the newly generated driving cycle values. For instance, the minimum and maximum velocities were 26 and 48
km/h, respectively, compared to 25 and 34 km/h in the previous local and standard driving cycles.

Additionally, a one sample t-test was performed to determine whether the mean values of the new driving
cycle parameters significantly differed from those in the previous local and standard cycles. The null hypothesis
posited that the new driving cycle's mean value, 1, for each parameter, would equal the corresponding valuesin
the local and standard driving cycles (uo). Conversely, the alternative hypothesis suggested that the driving
cycle's mean value for each parameter would not equal the corresponding ones in the local and standard driving
cycles. The hypotheses are formulated as follows:

Hy K= 1
H 1M Z Ho
To perform thistest, the study utilized the SciPy library in Python. Equation (1) shows t-test statistic formula:
t=(-py)/(s/Vn) (1)
where standard deviation as s and the number of newly constructed driving cyclesasn.

Table 11 presents the results of the t-test, indicating significant differences between the generated driving
cycles and the two former ones. The table clearly shows that the p-values of the driving cycle parameters are less
than 0.05, suggesting that the proposed approach significantly differs from the preexisting ones.
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Table 11. Differences between the developed driving cycles local and standard driving cycles.

Acc2 Acc_std

Proposed model Min-WDs 26 26 73 2 0 -0.6 0 0.2 17% 15% 6% 15% 1%
Max-WDs 43 43 91 6 0.8 0 15 1.2 45% 38% 30% 34% 4%
Min-WE 28 28 73 2 0.1 -0.2 1 0 15% 18% 6% 23% 1%
Max-WE 48 48 92 10 0.3 -0.1 0.3 0.6 36% 33% 19% 33% 4%
1 37.68 36 79.37 0.19 -0.15 0.51 29.87% 25% 16% 26.6% 2.5%
s 6.3 6.9 5.84 0.17 0.13 0.41 9.13% 7.3% 6.4% 5.8% 1.03%
(Nouri, 2015) (|,10) 25 32 104 - 0.43 -0.5 - 0.29 19.9% 34.5% 12.5% 31.2% 1.6%
5-cycle test (city) (uo) 34 - 90 - 5.3 - - - 18% - - - -
One sample T-test (Nouri, 2015) T-statistic 7.9 2.3 - - - - - 21 4.3 -5.2 221 -3.18 3.2
p-value 0.0 0.04 - - 0 - - 0.04 0 0 0.04 0 0
One sample T-test S-cycle test | 1_graisic 2.32 - 72 - -110 - - - 5.1 - - - -
(city)
p-value 0.03 - 0 - 0 - - - 0 - - - -
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This highlights that a single driving cycle cannot adequately represent driving behaviors under varying
conditions, emphasizing the importance of considering the influence of weather when constructing driving cycles.

4.6. Determining the optimal sets of driving cycles

Descriptive analysis revealed that the proportion of different modes of transport varies with weather types on
weekends and weekdays, indicating that the driving cycles differ. To determine optimal number of driving cycles
we need to measure similarity of generated driving cycles which represent driving behaviors in different driving
conditions. Measuring similarity is important because similar driving cycles can show similar driving behaviors;
therefore, they should be integrated and synthesize a new driving cycle to represent driving behaviors for the
relevant weather conditions. To do that, we utilized a similarity matrix which is adept at facilitating the pairwise
comparison of the multidimensional arrays representing driving cycles. The construction of the similarity matrix
is anuanced process that involves the normalization of parameter datato a common scal e to ensure comparability
and then employing a pairwise Euclidean distance computation across all possible pairs of driving cycles. The
similarity between driving cycles is quantified with a value between 0 and 1, which in this case, is derived from
calculating the Euclidean distance between vectors of the 13 parameters for each pair of driving cycles. Euclidean
distance between two pointsis calculated using Equation (2).

dP,Q) =V(Zmmmm (om - pm)2) (2

where P, and g are the values of the i parameter for driving cycles P and Q, respectively, and n is the total
number of parameters. After calculating the Euclidean distances, these are then transformed into similarity scores.
This transformation is typically achieved by inverting the distances so that a smaller distance (indicating higher
similarity) resultsin a higher similarity score.

One common method is to use the formula 1/(1 + d(P, Q)) which bounds the similarity score between 0 and 1.
The closer the scoreisto 1, the more similar the driving cycles are with respect to the parameters considered.

Asispresented in Figure 7, the similarity matrix visually encodes the level of resemblance, with darker shades
representing higher values and thus greater similarity. The findings from this matrix are pivotal, as they
demonstrate that weekends in weather types 1 and 2 exhibit a 0.92 similarity, which is a substantial overlap,
suggesting that they could be effectively classified as a single driving cycle for the purposes of modeling and
analysis. This high degree of similarity may reflect a commonality in driving behavior patterns during these
periods, perhaps due to reduced variability in driving conditions or consistent driver responses to these conditions.
The next level of similarity is 0.32, which means that the compared driving cycles shows the driving behaviors
are 68% are different which is considerable difference. Therefore, it isinferred that the optimal number of driving
cyclesto accurately portray driving behaviorsin al driving situations for the chosen road category is 15.
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Figure 7. Similarity matrix of the generated driving cycles in different weather conditions.

5. Conclusion

This study mainly targets three concerns that are associated with the volatility of the driving cycle under
various weather circumstances, utilizing scientific investigation and analysis. (1) limitations in representing
real-world driving conditions with current driving cycle development methodologies; (2) insufficient analysis of
the impact of weather characteristics on driving cycle parameters; (3) scarcity of discussions on a systematic
approach to identify different weather types in vehicle emissions context.

First, an optima number of driving cycles is determined to represent the driving patterns in various driving
conditions. The proposed model effectively identified 15 driving cycles that represent driving behaviors under
various conditions, but it's important to note that these findings are currently specific to a certain type of
segments. Further validation is necessary to determine if these results can be generalized to other segment types.
Of the 15 driving cycles generated in this study, 8 represent weekday driving behaviors and 7 represent weekend
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driving behavior. The aforementioned finding underscores the crucial need to incorporate weather conditions,
weekday and weekend driving behaviors in developing fuel consumption testing protocols. Doing so is essential
to ensure accurate guidance for the automobile industry and effective decarbonization planning.

Second, aMMRM approach is developed to identify the most essential weather variables playing a significant
role in the variability of driving behaviors. The model revealed that temperature exerts a more significant
influence on deceleration compared to other variables, whereas precipitation impacts vel ocity, wind speed affects
acceleration, and humidity displays minimal effects on driving cycle parameters. To enhance their understanding
of the influence of these factors on driving parameters, the researchers opted to isolate the effects of weather
conditions by selecting aroad type prior to performing the regression analysis. The model's results shed new light
on the association between weather conditions and driving cycles, offering insights that may prove useful for
researchers exploring the impact of climate change on driving behavior.

Lastly, an unsupervised machine learning method was employed to cluster westher conditions based on
factors affecting driving cycle parameters. The resulting clusters revealed the existence of 8 distinct weather types
in the study area. Our analysis for approach 1 demonstrates that wind speed conditions across the eight weather
clusters appear quite similar. Initialy, this observation might suggest a limited differentiation capacity of wind
speed within our clustering model. However, it is imperative to consider the multidimensional integration of
weather parameters—precipitation, wind speed, humidity, and temperature—which collectively define our
clustering criteria. The inclusion of wind speed, despite its similar statistical distribution across clusters, plays a
crucia role in the holistic weather profiling. This is because wind speed can interact variably with other weather
parameters, influencing overall weather conditions and subsequently, driving behaviors. Furthermore, the
inclusion of humidity in the weather type categorization, despite its minimal impact on driving cycle parameters,
was based on comprehensive multivariate modeling which considered interactions between various weather
conditions. While the results indicate that humidity has alesser influence on driving behaviors compared to other
weather parameters such as temperature, wind speed, and precipitation, it still contributes to the overall
atmospheric conditions that could subtly affect driving dynamics.

A major constraint of this study is the limited availability of data. Numerous factors can characterize weather
conditions, yet the prevailing weather data compiler, Environment Canada, presently only collects a restricted set
of weather parameters on an hourly basis. Notably, visibility is not included in the hourly data, snow and rain are
reported collectively, and wind direction has significant values of missing values. These parameters can affect
driving behavior, vehicle traction, and ultimately, emissions. Recognizing their impacts, future research could aim
to disaggregate these precipitation types if more detailed meteorological data becomes available. This would
allow for a more nuanced understanding and modeling of the specific impacts of driving conditions on driving
cycles.

The following points are suggested for future research:

« There is mounting evidence that weather variables are expected to undergo significant changes in the
future as a result of climate change. To better inform mitigation strategies, decision-makers may benefit
from a model that can predict how changes in weather parameters will affect driving cycle parameters. In
addition, such a model could help ensure that legislative and regulatory measures are updated in a more
informed and proactive manner.

 This study utilizes taxi data to generate driving cycles, and applying the developed model to passenger cars
can potentially improve the accuracy of driving cycle predictions.

« Given that Montreal has a continental climate, extending the proposed methodology to other urban areas
with different climate types can enhance the comprehensiveness of this study.

Validation of the proposed model across different types of segments. This would not only test the robustness
of the model but also potentially broaden its applicability in understanding driving behaviors under a variety of
driving conditions.
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