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Abstract

Driving cycles are essential for estimating vehicle emissions, as regional driving dynamics are reflected
through them. While exogenous factors such as weather conditions, road features, and type of day impact
these patterns, this diversity is often neglected by many studies, and limited driving cycles are usually
selected. In this study, a multifaceted framework was generated, resulting in a mixed model through which the
influence of road and weather factors on driving cycle parameters was examined. A microtrip-based technique
and the Markov process were employed on a comprehensive driving dataset consisting of over 10,567,000
trips to construct driving cycles tailored to different conditions, differentiating between weekdays and
weekends. Subsequently, to determine the optimal number of driving cycles in volatile conditions, a two-stage
method was developed, relying first on a similarity indicator to measure the similarity between cycles, and
then on information loss and variability metrics to assess the variability of the driving cycles. It was found that
Montreal's driving conditions are best captured by 76 distinct cycles.
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Introduction

The challenge of curbing greenhouse gas emissions from global transportation systems has been amplified
due to the persistent escalation in passenger activity, which could potentially eclipse the beneficial impacts of all
deployed mitigation strategies (Salihu, Demir, and Demir 2023a) (IPCC 2022). According to the International
Council on Clean Transportation (ICCT), a significant obstacle in mitigating vehicle emissions is improving the
accuracy of effective emissions measures to ensure that all stakeholders in the transportation sector adhere to the
stipulated legislative guidelines for emissions control (Yang, Muncrief, and Bandivadekar 2017). The driving
cycle serves as a pivotal measure extensively used in the modeling of vehicle emissions.

The prevalent driving cycles are SDC (Standard Driving Cycle) (Knez et al. 2014) and LDC (Local Driving
Cycle) (Andrade et al. 2020; Yang Yang et al. 2020). The SDCs represent driving behaviors at the national (e.g.,
FTP-75 and J10-15) or international level (e.g., WLTC) to certify a vehicle's emissions, while LDCs are used to
represent driving patterns at a local scale (city, road type …). The majority of pre-existing driving cycles,
formulated at the urban or national levels, may fail to address the fluctuations in emissions, potentially leading to
significant inaccuracies in emission estimations (Mayakuntla and Verma 2018; Liu et al. 2020; Zhang et al. 2021;
Kazemi Miyangaskari et al. 2023).

A key challenge in this study is determining the optimal number of driving cycles, as it is crucial to capture
the variability of driving behaviors across all types of roads and driving conditions. Recent research has shown
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that factors such as precipitation, temperature, road gradient, and speed limits significantly contribute to the
variability of driving cycle parameters (Miyangaskary, Keivanpour, and Lamghari 2024; Yarahmadi, Morency,
and Trepanier 2023a; Zhang et al. 2021). As a result, driving behavior varies across an entire city road network,
changing as weather conditions change.

As shown in Fig. 1, the number of unique driving patterns can range from a single cycle to a count equal to
the total number of drivers in an urban area. Selecting a singular driving cycle necessitates a highly aggregated
level of driving data, a process that results in substantial information loss and a marked reduction in behavior
variability representation. Consequently, the derived driving cycle often fails to accurately represent driving
behaviours, engendering a notable discrepancy between actual and projected vehicle emissions. It is worth
mentioning that information loss refers to the reduction in the diversity, granularity, and representation of specific
driving characteristics when transitioning from the collected driving data to the representative driving cycle(s)
(Liu et al. 2020).

Conversely, generating individual driving cycles for each driver increases computational complexity and
magnifies both the consumption of time and resources. This approach also increases the risk of encountering
outliers and data redundancy. Against this backdrop, the central objective of this study is to devise a novel
machine learning methodology with the aim of precisely determining the optimal number of driving cycles within
an urban context.

Fig. 1 Driving cycle number spectrum

In this study, optimal refers to a compromise between a set of values. The optimal number of driving cycles is
defined as the minimum number of driving cycles that can still capture the maximum variability with the least
information loss, effectively representing driving behaviors across different driving conditions, various road
types, and in different types of days. The number of driving cycles in an urban setting like Montreal is unlimited
and undefined. In fact, trip characteristics are functions of exogenous factors like road, weather, and type of day;
therefore, there is an indefinite number of driving cycles in an urban area. As a result, the word 'finite' is used to
indicate a practical number of driving cycles that can realistically be generated, considering the limitations of data
availability, computational resources, and the importance of minimizing the impact of anomalies. A crucial
component of the proposed strategy is its intended adaptability—the methodology is designed to be sufficiently
versatile to be applicable across diverse urban areas, irrespective of the size and complexity of a city's road
network structure, or its prevailing weather conditions.

A review of existing literature underscores the trend of previous studies predominantly selecting one, or a
limited number of driving cycles to represent driving patterns in urban contexts. This study aims to significantly
expand upon this base knowledge, proposing an optimized, adaptive solution that is capable of accurately
representing the driving behaviors variability in diverse urban contexts.

The present investigation offers several significant contributions to the understanding and analysis of driving
cycles within urban environments:

• A methodology is delineated for determining the optimal number of driving cycles for an urban area,
contributing to a more accurate representation of driving behaviors.

• An approach is introduced for defining the appropriate level of data amalgamation for the formation of
driving cycles, thereby mitigating the challenge of information loss and ensuring the representation of
behavior variability.
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• Furthermore, a robust model is provided designed to identify and quantify the exogenous factors of most
significant influence on driving cycle parameters. This addition to the field enables a more nuanced
understanding of the variables that shape driving behaviors and contributes to the precise generation of
representative driving cycles.

This study addresses the following critical inquiries:

1. How many driving cycles are needed to accurately reflect typical driving patterns in Montreal? This
question seeks to determine the optimal number of driving cycles required to capture the typical variations in
driving behavior across Montreal, ensuring that the driving cycles developed are representative of real-world
conditions.

2. What are the key external factors that most significantly influence the variability in driving conditions
and vehicle emissions in urban environments? This question aims to identify which external elements—such as
weather conditions, road types, or daily patterns—play the most critical role in affecting the variability observed
in urban driving behaviors and the corresponding emissions.

In response to the complexities and variability of urban driving conditions, it is hypothesized in this study
that a context-aware machine learning methodology can more accurately generate driving cycles that reflect the
diverse driving behaviors influenced by different road types, weather conditions, and daily variations.
Specifically, it is proposed that this approach will significantly reduce information loss and enhance the
behavioral representativeness of driving cycles compared to traditional driving cycle generation methods. The
hypothesis is tested by comparing the newly developed driving cycles with existing standard driving cycles in
terms of their ability to capture the actual driving patterns observed in real-world urban environments.

The remainder of this paper is structured as follows. First, previous studies that explored the impacts of
exogenous factors on driving cycle parameters and different approaches to determine the optimal number of
driving cycles are reviewed. Then, the methodology section provides a background about techniques used to
conduct this study and describes the steps used to find the optimal number of driving cycles. Finally, the results
are discussed, and some perspectives are proposed.

Literature review

The development of a driving cycle can be predominantly delineated into three phases: accumulation of
driving data, creation of a driving cycle, and recognition of a representative driving cycle. To enhance the
precision of the designed driving cycle, precise data collection methodologies have been leveraged in prior
research, ranging from smartphone sensor data (Rechkemmer et al. 2021), to Onboard Recording Devices and
OBD-II systems (Ma et al. 2019; Salihu, Demir, and Demir 2023a), connected Vehicle Data (Khattak and Wali
2017), and observation of Naturalistic Driving behaviors (Esser and Rinderknecht 2020). Diverse techniques have
also been introduced by previous research, such as Microtrip-based (Yang et al. 2020), Markov Chain-based (Roy
and Morency 2020; Xu et al. 2025; Ying Yang et al. 2018), and Fuel-based (Huertas et al. 2018; Quirama et al.
2020) methods to generate driving cycles (Czégé, Vámosi, and Kocsis 2020; José Ignacio Huertas et al. 2019;
Miyangaskary, Keivanpour, and Safari 2025).

Although considerable strides have been made in creating driving cycles, the link between fluctuations in
driving cycle parameters and external elements like road attributes and weather conditions has scarcely been
explored by researchers. As a result, a variety of road segments have been selected for data collection during the
route selection phase without considering their impact on driving behavior. The data has typically been gathered
without accounting for driving conditions, and in the end, all data has been amalgamated and a single or a few
driving cycles have been selected to typify driving behaviors within a city area.

Route selection and road features
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The selection of a route is a crucial step that can significantly influence the precision of a driving cycle.
During this phase, road links are designated for the data collection process. Therefore, if the chosen segments fail
to accurately mirror the characteristics of an urban road network, the driving cycle might not appropriately depict
driving behaviors.

A review of related literature indicates that authors commonly have focused on traffic characteristics (Tong
and Ng 2021; Yaghoubi et al. 2024; Yang Yang et al. 2020), experiential knowledge (Knez et al. 2014), road
functions (Arun et al. 2017), or a limited set of factors such as traffic flow (Keskin, Y■ld■z, and Arslannur
2024), population density, squares, junctions, and public transport systems (Lee et al. 2025; Pouresmaeili et al.
2018) when identifying representative road segments. However, certain studies, due to their specific case-study
contexts, have not considered explicit selection criteria because their routes were predefined. For example, Hao et
al. (2024) developed driving cycles for garbage trucks based solely on the routes regularly assigned to these
vehicles. Similarly, Tong and Ng (2023) selected a predetermined 4.5 km bus route to collect driving data for
cycle generation.

Nevertheless, the consideration of road features, like gradient, curvature, intersection density, road width, and
built environment that can influence driving behaviors, is seldom observed (Azam, Bhaskar, and Haque 2022; Cui
and Levinson 2018; Faramarzpour et al. 2025).

In their study, Salihu, Demir and Demir, (2023a) analyzed the effect of road gradient on driving cycle
parameters, amassing around 10 h of driving data. Their findings revealed that acceleration and deceleration were
dependent on the incline of the road. It was concluded that driving cycles vary across road segments with
differing slopes, and it was recommended that to enhance the accuracy of vehicle emissions estimates, road
segments with gradients ranging from −2 to 2 be included in driving cycle computations. However, the
relationship between road gradient and shifts in driving modes was not elaborated.

In another study, the influence of road design features—including road shoulders, their presence, and
horizontal geometry—on driving speed and lateral position as indicators of driving behaviors was examined by
Abele, Møller and Mette, (2011). Their research demonstrated that participants drove slower and closer to the
centerline on curved roads compared to straight ones. The presence of road shoulders was linked with faster
speeds and changes in lateral positions on all road segment types. Participants generally displayed higher speeds
when road shoulders were available. Additionally, their findings contradicted previous studies (Antonson et al.
2009; Miyangaskary et al. 2025; Sagberg 2003) by suggesting that the presence of trees had no significant effect
on driving speed. However, their study was limited as it was conducted in a simulator environment with limited
data, and the impact of traffic conditions on driving behavior was not considered. The effect of road geometry on
driving behavior, especially in the context of Connected and Autonomous Vehicles (CAVs), was examined by
Coropulis et al. (2025). The study analyzed the effects of abrupt geometric transitions—such as straight road
segments immediately followed by sharp curves without transitional curves—on driver behavior on two-way,
two-lane rural roads. Real-time speed and acceleration data were collected using roadside radar counters. The
results revealed a strong correlation between high speeds on straight segments and aggressive braking behavior at
sharp curves.

Further research by Wolfermann, Alhajyaseen and Nakamura, (2011) confirmed that signalized intersections
significantly influenced driving speed profiles, while Khanfar et al., (2023) demonstrated that flashing green
lights encourage more conservative driving behaviors through an analysis of vehicle kinematic parameters.
Additionally, Supiyono, Djakfar and Wicaksono, (2022) observed that among all traffic light phases, the yellow
light significantly influenced driving behavior.

Collecting driving data and driving conditions

The process of collecting driving data typically involves gathering real-world data over a period that ranges
from three days to two weeks in most studies. Alternatively, simulation techniques may be used by researchers to
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generate representative driving cycles. In both scenarios, driving conditions may not be adequately considered.
Existing literature demonstrates that weather parameters, such as precipitation, temperature, wind speed, and
humidity, can impact driving behavior characteristics. It was demonstrated by Faria et al., (2020) that average
speed during heavy rain is 22% lower than in clear weather, and acceleration and deceleration are reduced by
approximately 10%. Ahmed et al., (2018) further illustrated that weather conditions like snow, fog, and rain
compel drivers to significantly reduce their speed compared to clear weather conditions.

The failure to consider weather conditions in the generation of driving cycles may result in driving cycles that
do not adequately represent the diversity of driving behaviors. Consequently, the Local Driving Cycles (LDC)
may be less representative than the Standard Driving Cycles (SDC) (Gebisa et al. 2021). These limitations have
been addressed in some studies by collecting vast driving datasets across various road segments and weather
conditions. However, all collected data have typically been aggregated, and either a single or a limited number of
driving cycles have been selected. For example, Yuzhou Yang et al. (2024) collected approximately sixty million
driving data points from three thousand heavy-duty trucks, yet ultimately aggregated this extensive dataset into
only six representative driving cycles.

To improve the accuracy of the LDCs, the aggregation level of data must be carefully considered, and driving
cycles should be generated for various driving conditions and road types. Using nearly three million trips
collected over two years, Yarahmadi, Morency and Trepanier, (2023b), confirmed that driving cycles under
different driving conditions were distinct and proposed considering a separate driving cycle for each driving
condition. Furthermore, a driving cycle for different road functions was generated by Zhang et al., (2021), who
provided compelling evidence that driving cycle parameters differ among road types. They ultimately suggested
that having a road type-based driving cycle could improve the estimation of vehicle emissions.

In conclusion, road characteristics and weather parameters significantly influence driving cycle parameters.
However, this aspect has been overlooked in the majority of prior studies. Instead, all data collected under varying
road and weather conditions have been aggregated to construct one or a limited number of driving cycles meant to
characterize driving behaviors, which may not provide a sufficiently accurate representation. The development of
a method to determine the optimal number of driving cycles for various driving conditions and road types could
potentially address this gap and enhance the estimation of vehicle emissions.

Comparative analysis with previous studies

Comparative analysis of previous studies with the present study helps to better understand gaps in the
literature and highlight differences between them. To achieve this, Table 1 is employed to compare in detail the
differences between conducted studies and the present study. As displays, conducted studies can be categorized
into two main groups: local driving cycles generated by a small dataset, and local driving cycles produced by a
large dataset. In the first group, driving behaviors are mimicked by selecting a limited number of road segments in
limited weather conditions, which minimizes the variability of the driving cycle. In the latter group, considerable
quantities of driving data are collected; however, like the first group, the collected data are aggregated to construct
driving cycles, thereby maximizing information loss. Moreover, in the final step, both groups typically select one
or a few driving cycles to mirror driving behaviors in an urban environment, which also minimizes variability. To
fill these gaps, in the current study, driving data are filtered based on types of day, road, and weather, and then a
driving cycle is constructed for each type. This approach guarantees the availability of a distinct driving cycle for
different types.

Table 1 also delineates the distinctions between current research and pre-existing literature. The column
labeled "External Factor(s) considered in DC generation" elucidates the exogenous variables taken into account in
driving cycle creation by various researchers. The "Aggregation level" column indicates the granularity at which
driving data are aggregated for the development of the driving cycle. The column "Number of DCs" presents the
number of driving cycles selected to represent driving behaviours in an area. The column "Duration of data
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gathering" indicates how much driving data have been collected to construct driving cycles. It should be noted
that the acronym "NP" stands for "Not Presented".

In light of the limitations identified in the reviewed studies—particularly the lack of context-aware
methodologies and insufficient consideration of data aggregation levels—this study introduces a comprehensive
and adaptive framework for generating representative driving cycles. The following section outlines the
methodological steps developed to address these research gaps.

Table 1 Comparison of conducted studies and proposed approach

Authors External factor(s) considered
in DC generation

Aggregation level Number of
DCs

Duration of data
gathering

Ragione and Giovanni
(2016)

Road slope Road slope 4 NP

Zhang et al. (2021) Road function Highway, arterial, and other roads 3 167 h

Tong and Ng (2023) Road slope Weekday and weekend 2 16 h

Salihu, Demir, and Demir
(2023a)

Road slope Road slope 18 11 h

Yuzhou Yang et al. (2024) NP 6 Usage scenarios (logistic,
harbor, urban construction, …)

6 NP

Yarahmadi et al. (2024) Weather parameters Weather type 15 19 months

Tharvin et al. (2018) Traffic conditions Peak and off-peak hours 1 NP

Arun et al. (2017) Traffic conditions Peak and off-peak hours 2 6 months

Chauhan et al. (2020) Road function / intersections Arterial urban roads 9 NP

Proposed methodology Road types and weather types Road type / weather types /
weekday and weekends

76 19 months

Methodology

The primary challenge in determining the optimal number of driving cycles for a region is quantifying the
variability of driving behaviors across the entire road network and under all driving conditions. Various steps
utilized in this study to develop a methodological framework for identifying the optimal number of driving cycles
are illustrated in Fig. 2. As shown in Fig. 2, the first two steps —"Identifying exogenous factors impacting DC
including type of road, weather, and days" and "Developing typology approaches to categorize the external
factors"—highlighted in gray, were already completed in previous authors' studies. It is worth mentioning that
both studies were conducted specifically within the Montreal Island urban environment, and their results were
directly applied in this study to determine the optimal number of driving cycles. These road and weather
typologies, developed from the findings of the previous studies, are based on Montreal's unique driving
conditions, ensuring their relevance for assessing driving cycles in various driving conditions within the same
urban context.
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Fig. 2 Comparison of different driving cycle methodologies

In the first step of this study, a road type and a weather type are selected, and subsequently, the driving data
generated under these selected conditions are extracted. Next, based on weekdays and weekends, two driving
cycles are constructed for the chosen road type and weather condition. This is an iterative process that is repeated
for all weather conditions across all road types. Finally, the optimal number of driving cycles is calculated using
two indicators: information loss and variability of driving cycles.

New typology of road network
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A typology was constructed by Yarahmadi, Morency and Trepanier, (2023b) to categorize road segments
based on their impact on driving speed within the Montreal urban environment. Initially, the most significant road
features that showed a strong relationship with driving speed were identified. The key features include road
grades, curvature, density of signalized intersections, number of road lanes, surrounding land uses, posted speed
limits, and road functions. Subsequently, machine learning was utilized to categorize the road segments, leading
to the identification of five distinct road types. Their results demonstrated that the newly created typology
significantly enhances the explanation of the association between changes in driving speed and road features. In
addition, a statistical analysis of speed distributions within each road type revealed that driving speeds were more
homogenous within each road type than between different road types.

The developed typology enables the authors to collect driving speed data for each road type, generate driving
cycles, and analyze and compare the characteristics of the constructed driving cycles. Table SI 1 presents the
distribution of features across five road types. For instance, RT1 (road type 1) shows that 67% of the segments
function as tertiary roads, and 4% as secondary roads. Additionally, 56% of the segments in this road type were
located in residential areas, and 32% of the segments had a speed limit of 30 km/h.

Weather typology

The significant variability in weather conditions throughout the day and year presents a significant challenge
in identifying a representative driving cycle for a specific condition. For instance, hourly weather data from
Montreal over one year were analyzed descriptively, exhibiting the following oscillations in factors influencing
driving behavior: temperatures range from −25 to 37 degrees, humidity fluctuates between 20 and 100%, wind
speed varies from 0 to 70 km/h, and precipitation (snow and rain) ranges from 0 to 28 mm. As a result, to
accurately represent driving behaviors throughout the year, a framework capable of comprehending and
quantifying the variability of driving conditions must first be developed. An important prerequisite is isolating the
impact of weather from road features, given that literature suggests that road features can influence the effects of
weather on speed (Chen et al. 2019; Chiou and Chen 2010).

Addressing this, a weather typology was developed by Yarahmadi, Morency and Trepanier, (2023b) using
factors affecting speed to quantify the variability of weather conditions. Their findings suggest that weather
conditions in Montreal can be categorized into eight distinct weather types, each corresponding to distinct driving
behaviors. To validate their results, a road type established in the previous step was selected, and driving cycles
were generated for the different weather types. As the road type remained constant while weather conditions
varied, it was possible to isolate the impact of weather conditions on driving cycle parameters and ascertain if the
generated weather types exert distinct influences on driving behavior. Subsequent statistical analysis revealed that
the driving cycles generated under different weather conditions were notably distinct, validating the results of the
new weather typology. Moreover, the developed typology provides a better representation of changes in driving
cycle parameters.

In this study, the established weather typology is leveraged to generate driving cycles under diverse driving
conditions. Table SI 2 presents the features of generated weather types denoted by WT.

Driving cycle generation

The process of generating a driving cycle can be broken down into several stages: collecting driving data,
preprocessing the collected data, generating microtrips, clustering the generated microtrips, utilizing a one-step
Markov model to construct candidate driving cycles, and eventually assessing the candidate driving cycles and
selecting the representative cycle. Further details about the driving cycle generation process are provided in the
following subsections.

Collecting driving data
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Concerning data collection, the fleet data collection technique is capitalized on in this study, as it offers
unique advantages. Firstly, data loggers (i.e., GPS) were permanently installed on a large number of vehicles such
as taxis, which, in contrast to other techniques, resulted in the collection of extensive datasets. The time interval
for data collection varied from 1 s to 5 min. Trips with recorded intervals exceeding 5 min were eliminated from
analysis. In total, data were collected from 6292 taxis, amassing a dataset of approximately 10,567,000 journeys
carried out from April 2019 to December 2020 under real-world driving conditions. In addition, secondary factors
such as vehicle model, driver's age, or gender were not considered during the data collection process. Moreover,
various road types and driving conditions, during peak and off-peak hours, were traversed by a wide array of
drivers to transport passengers to their destinations. Consequently, due to the large volume of data that showcases
driving behaviors in specific road types and driving conditions, data analysis could be repeated, leading to more
robust conclusions. The data were gathered from the entire Montreal Road network, encompassing all road
functions (arterial, primary, local, etc.), including approximately 9400 segments spanning a total length of 130
km, under all driving conditions. A detailed overview of the primary characteristics of this driving data is
provided in Table 2.

Table 2 Driving data features

Variable Ride ID Timestamp Taxi ID Speed (km/h) Longitude Latitude

Type Text Date and Time Text Number Number Number

Data preprocessing

Upon data collection, map matching was utilized to partition the data according to road types. Following that,
the driving data for each road type were subdivided into weekday and weekend groups. These groups were further
partitioned into eight subgroups in accordance with weather types.

Then, a range of preprocessing techniques (e.g., outlier analysis and noise removal) were applied to the raw
data to make them suitable for analysis. A significant step in this preprocessing was the modification of the
timestamp frequency, which was changed from every five seconds to every second. This increase in data
granularity was necessary because driving cycle parameters are calculated at a one-second interval, and it allows
for a more detailed and accurate analysis of driving behaviors and patterns. To do so, the resample function in the
Pandas library was first employed. Then, the KalmanFilter function in the Pykalman library was utilized to
predict missing longitude and latitude values. Previous studies indicate that the Kalman filter is an effective
method for filling missing values in time series data (Ribeiro 2021). Visualization is a common method used for
validating the results of a Kalman filter. To do so, QGIS was employed to conduct a comparative analysis. This
process involved loading both the dataset before and after the imputation, which was resampled to a one-second
interval, into the QGIS platform. By overlaying these datasets within QGIS, the precision of the imputations
could be visually evaluated.

Microtrip generation

As generating the driving cycle from entire trips is challenging, an average driving pattern is defined by
analyzing complete trips, which leads to the division of trips into smaller, significant driving patterns called
microtrips. The typical definition of a microtrip is the speed profile between two stops, a method commonly used
in research. However, this approach has been criticized, particularly for urban driving on local roads, because it
often involves short sequences between frequent stops, making the data analysis difficult and potentially biased.
In urban areas with heavy traffic, these short microtrips are frequently removed during data preparation,
potentially overlooking important congested driving patterns relevant to vehicle emissions estimates.

To address this issue, various microtrip generation techniques were explored by (Nouri 2015; Roy and
Morency 2020), such as fixed time interval, fixed speed interval, intersections, event bins based on acceleration,
and fixed distance interval. Spatial methods were found to be the most effective for defining microtrips, with the
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distance-based method (250 m) yielding the best results (most representative driving cycles) among various
spatial definitions. It is worth mentioning that fixed distance microtrips with lengths of 250 m, 500 m, 750 m, and
1000 m were evaluated. By employing thirteen driving cycle assessment parameters, the representativeness of
each candidate driving cycle was determined by Nouri based on their similarity to real-world trip behaviors. Her
findings concluded that a microtrip length of 250 m produced driving cycles most representative of actual driving
patterns. Therefore, this technique was employed to generate microtrips with a length of 250 m. Table SI 3
displays microtrip characteristics, and Fig. 3 illustrates a speed profile segmented into microtrips under various
road, weather, and day types.

Fig. 3 Speed profile with microtrip segmentation in different types of roads, weather conditions and days

Microtrip clustering

Next, the generated microtrips are clustered, as this is essential for accurately capturing the diversity of
driving behaviors and ensuring the representativeness of the driving cycle. In addition, this process reduces the
complexity of the dataset and enhances computational efficiency by grouping similar driving patterns together. It
also facilitates the identification and analysis of distinct driving patterns, providing valuable insights into various
driving conditions. Following k-means clustering, representative microtrips were selected from each cluster based
on their proximity to the cluster centroid. Specifically, the microtrip with the smallest Euclidean distance to its
cluster centroid was selected as the representative sample for generating driving cycles.

By selecting representative microtrips from each cluster, the final driving cycle remains both balanced and
realistic. Among various clustering techniques, k-means has been recognized as one of the most widely used in
the literature (Fotouhi and Montazeri-Gh 2012; Yang Yang et al. 2020; Yuhui et al. 2018). However, it requires
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the number of clusters to be predefined. A review of the literature shows that the number of clusters has ranged
from 2 to 7 (He 2020; Ma et al. 2019; Mayakuntla and Verma 2018). To determine the optimal number of
clusters, the Silhouette technique was used, as literature shows it performs better than other techniques (Arbelaitz
et al. 2013). The results of the Silhouette analysis for different datasets indicated that the best number of clusters
ranged from 7 to 10. Nevertheless, Roy and Morency (2020) suggested selecting a fixed number of clusters to
isolate the impact of microtrip definitions and clustering methods on driving cycle performance. Therefore, eight
clusters were adopted for all datasets. Figure 4 displays the clustering results.

Fig. 4 Clustering results in different weather, road and weather types

Candidate driving cycles construction

To construct a driving cycle, the Markov-chains approach was employed. This process begins by chaining
microtrips, initiating with the starting microtrip, and the subsequent microtrip is selected using a one-step Markov
model. This method produces a transition matrix that represents the likelihood of transitioning from one cluster of
microtrips to another within the dataset. The probabilities are derived from the sequences of microtrips throughout
the database. The selection of each new microtrip is determined statistically by the calculated probabilities. Once
a microtrip is chosen, the next one is identified based on these transition probabilities.

To perform the Markov model, three parameters must be initialized: delta speed, length of the driving cycle,
and the number of iterations. The delta speed parameter defines the maximum acceptable speed difference
between the end of one cluster and the beginning of the next one. This parameter ensures continuity in the driving
cycle, with the recommended value by the developer being 2 km/h. The next parameter, the number of iterations,
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specifies how many candidate driving cycles should be generated to identify the most representative one. The
importance of iterations is tied to their effect on the reliability and reproducibility of the driving cycles produced.
The selected number of iterations is intended to ensure that the resulting cycles accurately reflect real-world
driving behavior. While the default value is 800, it was increased to 1200 due to the number of trips in the dataset.

The final parameter, the length of the driving cycle, is based on the average length of trips. In this study, the
trip lengths ranged from 18 to 25 min, as observed between December 2020 and September 2019, respectively.

Driving cycle assessment

Ultimately, as illustrated in Table 3, thirteen parameters are used to evaluate the generated candidate driving
cycles and to select the representative one. However, in contrast to the traditional approach in existing literature,
this methodology selects two driving cycles to represent driving behaviors under a specific driving
condition—one for weekdays and one for weekends. Thus, in total, 16 driving cycles are chosen to reflect driving
behaviors for each road type. Consequently, roughly 80 driving cycles are generated, encompassing the five road
types and eight weather conditions.

Table 3 Driving cycle assessment criteria

Assessment criteria Denoted Unit

Difference in SAFD NA (%)

The average speed of the entire driving cycle V (km/h)

Average running speed Vr (km/h)

Maximum speed Vm (km/h)

Velocity standard deviation V_std (km/h)

The average acceleration of all acceleration phases Acc (m/s2)

Average deceleration of all deceleration phases Dcc (m/s2)

The average number of acceleration-deceleration changes Acc_std (m/s2)

Root means square acceleration Acc2 (m/s2)

Time proportion of idle mode Idle_p (%)

Time proportion of acceleration mode Acc_p (%)

Time proportion of cruising mode (−0.1 m/s2 < acceleration < 0.1 m/s2; average speed > 5
m/s)

Cru_p (%)

Time proportion of deceleration mode (acceleration ≤ −0.1 m/s2) Dcc_p (%)

Time proportion of creeping mode (−0.1 m/s2 < acceleration < 0.1 m/s2; average speed < 5
m/s)

Cre_p (%)

Mixed models

After constructing the driving cycles, it is necessary to examine the interplay between the generated road
types, weather types, and parameters of the driving cycles that were constructed. Mixed models, also known as
multilevel models, are employed for this purpose. These models blend fixed and random effects to account for
hierarchical, complex structures within data. They are particularly useful for handling grouped or clustered data,
as they consider the interdependencies typically found in such datasets. Fixed effects are parameters that remain
constant across individuals, while random effects allow these parameters to exhibit variation. In mixed-effects
models, both types are incorporated, granting a higher degree of flexibility and applicability. This is particularly
beneficial when dealing with clustered or grouped data because intra-group correlations are efficiently accounted
for by incorporating random effects for the groups.

The model was developed using the Python programming language, utilizing the Statsmodels library. As
depicted in Fig. 5, there exists a hierarchical data structure where road types, weather types, and divisions of
weekdays and weekends are treated as fixed effects. Drivers in this study are treated as random effects. A total of
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30 drivers were randomly selected, and driving cycles were generated for each individual driver under different
driving conditions, resulting in the construction of 2400 driving cycles. It should be noted that Table 2 shows that
the driving data includes a unique Taxi ID for each taxi. These IDs were used to collect driving data for taxis
under various weather conditions and on different road types. Therefore, in this study, the driver—identified by
the taxi ID—is considered a random effect. Ultimately, Eq. (1) was developed in the final step to examine the
interplay of fixed effects and to determine their influence on the random effects.

DC
p
 = GI

p
 + Σ

i=1..n
 β

1i,p
 RT

i
 + Σ

j=1..m
 β

2j,p
 WT

j
 + Σ

k=1..l
 β

3k,p
 DT

k
 + Σ

i,j,k
 β

ijk,p
 (RT

i
 · WT

j
 · DT

k
) + ε

p
 (1)

where: DC
p
: Dependent variable representing the p-th driving cycle parameter analyzed in this study (e.g.,

average speed, acceleration, deceleration). The index p ranges from 1 to 13, referring to the 13 driving parameters
listed explicitly in Table 3. n: Total number of road types, m: Total number of weather conditions, l: Total
number of day types. GI

p
: Global intercept of the chosen parameter. ε

p
: Random error term for the p-th

parameter. β
1i,p

: Coefficient for the effects of the i-th road type on the p-th parameter. β
2j,p

: Coefficient for the
effects of the j-th weather condition on the p-th parameter. β

3k,p
: Coefficient for the effects of the k-th type of day

on the p-th parameter. β
ijk,p

: Coefficients for the three-way interaction effects among the fixed factors for the p-th
parameter. RT

i
, WT

j
, DT

k
: Indicator variables correspond to each level of the categorical fixed effects.

Equation (1) is divided into two components: a summation and a product. The summation is used to examine
the impact of external factors on driving cycle parameters, while the product is employed to analyze the
interaction between road types and weather conditions during weekdays and weekends.

Fig. 5 Hierarchical structure of data of the present study

Optimal number of driving cycles

To decide on the optimal number of driving cycles, a two-stage process was employed in this study. Initially,
information loss was used to determine the appropriate level of data aggregation. After that, variability and
information loss indicators were utilized to identify the optimal number of driving cycles.

Step 1: Determining aggregation level of driving data

One of the primary hurdles in identifying the optimal number of driving cycles, as discussed in Sect.
"Collecting driving data and driving conditions", is determining the aggregation level of driving data. This is
accomplished by using information loss as a tool to statistically investigate and contrast the distribution of driving
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cycle parameters against the distribution of all driving data. Information loss may occur if the chosen driving
cycles do not satisfactorily represent all driving behaviors. Hence, it is critical to confirm that the method
proposed for aggregating driving data results in minimal information loss.

Two metrics are utilized in this research to quantify information loss. The first metric, expressed in Eq. (2),
was proposed by (Liu et al. 2020). This metric computes the ratio of the range of selected driving cycle
parameters to the range of driving cycle parameters for all drivers and is referred to as the ratio of sampled to
actual range.

Ratio of selected DC to all DCs = (1/N) Σ
i=1..N

 [ 1 − Rs
dcp

 / Ra
mtp

 ] (2)

Where i: set of driving cycle parameter, i ∈ {1, 2, …, N}. Rs
dcp

 = |pmaxs
i
 − pmins

i
|, range of i-th selected driving

cycle parameter (s) in an aggregation level. Ra
mtp

 = |pmaxa
i
 − pmina

i
|, actual range (a) of corresponding microtrip

parameter.

The second indicator, Eq. (3), calculates the deviation of quartiles of the selected driving cycle parameters
from quartiles of microtrip parameters.

Distribution-based information loss = (1/N) Σ
i=1..N

 [ (1/M) Σ
j=1..M

 |PQs
ij
 − PQa

ij
| / |PQa

ij
| ] (3)

where i: set of driving cycle parameter, i ∈ {1, 2, …, N}. j: set of quarter, j ∈ {1, 2, 3}. PQs
ij
 = the j-th quartile of

i-th selected driving cycle (s) parameter in an aggregation level. PQa
ij
 = the j-th quartile of actual range (a) of

corresponding driving cycle parameter.

Step 2: Determining optimal number of driving cycles

In the subsequent phase, both variability and information loss indicators are utilized to ascertain the optimal
number of driving cycles. To do this, a similarity matrix is first constructed to gauge the likeness between all the
created driving cycles. If two driving cycles exhibit a high degree of similarity, it implies that they are exhibiting
analogous driving behaviors and therefore should be merged. Hence, the SciPy library in Python is employed to
construct a similarity matrix accompanied by a dendrogram. The matrix provides a pairwise comparison of
driving cycles, and the dendrogram illustrates the similarity levels of driving cycles within the matrix.

Next, it is crucial to aggregate driving cycles exhibiting the highest similarity and then to measure the impact
of this procedure on both the variability of driving cycles and information loss. Variability reflects the
diversification of the driving cycles; therefore, a decrease in variability indicates a reduction in the
representativeness of the selected driving cycles. In simpler terms, the optimal number of driving cycles is defined
as the smallest number that maintains maximum variability while minimizing information loss.

To measure the variability of driving cycles, the Proportional Variability (PV) indicator is employed in this
study, as described in Eq. (4) and originally developed by (Heath and Borowski 2013). The domain of PV is
defined on a truly proportional scale [0, 1].

PV = ( Σ
p=1..M

 [ 2 · Σ
comb.

 D(z
pi

, z
pj

) / (n(n−1)) ] ) / M (4)

where i, j be indices such that i, j ∈ {1, 2, …, n} and i ≠ j. These indices are used to calculate the relative
differences between the parameters of driving cycles. For a given parameter p, z

pi
 represents the value of p in the

i-th driving cycle, and z
pj

 represents the value of p in the j-th driving cycle. The function D(z
pi

, z
pj

) = |z
pi

 − z
pj

| /
Max(z

pi
, z

pj
) is defined to quantify the relative difference between these two values. n is the total number of

driving cycles and M is the total number of driving cycles parameters.

The methodology described above was applied to a large-scale driving dataset collected from the Montreal
road network. The next section presents the results of the driving cycle construction, statistical validation, and
comparative evaluation against traditional approaches.



Page 15

Result

This section reports the key findings from the application of the proposed methodology. The analysis
includes assessment of information loss, similarity between driving cycles, variability across conditions, and
evaluation of optimal aggregation levels. It also provides a comparison with standard and local driving cycles to
validate the effectiveness of the developed framework.

Mixed models to study the influences of fixed effects on driving cycle parameters

As previously discussed, a mixed model has been formulated to investigate the interaction between external
factors. This interaction among fixed effects is intended to represent actual driving conditions, as real-world
driving behaviors are influenced by road types, weather conditions, and the day of the week. As a result,
considering the interaction between these exogenous factors can contribute to a better understanding of driving
behaviors under realistic driving conditions.

Figure 6 presents the results of this model for all driving cycle parameters. The x-axis represents the road
types, and the y-axis shows the values of the driving cycle parameters for different weather conditions and
weekdays/weekends.

In all graphs, it is evident that the driving cycle parameter values change with variations in fixed effects. This
supports the premise that driving cycle parameters are functions of road type, weather type, and
weekdays/weekends.

Additionally, the slope of the lines in these graphs indicates the direction and magnitude of the relationship
between road type and driving cycle parameters under specific weather conditions and times of day. For instance,
a steep upward slope signifies a strong positive relationship, suggesting that the creeping time increases as the
road type changes from one category to another. A flat line indicates no relationship, whereas a downward slope
signifies a negative relationship.

Upon examining the generated graphs, it becomes clear that driving cycle parameters vary across all road
types, weather conditions, and days of the week. For example, velocity is observed to decrease significantly from
road type 1 to road type 2 under all weather conditions.

Table 4 presents the most significant fixed effect associated with each driving cycle parameter. Notably, the
p-values for all factors were found to be less than 0.05, indicating a statistically significant association between
the driving cycle parameters and the fixed effects.

As demonstrated in Eq. (4), the constructed mixed model examines the relationship between fixed effects and
driving cycle parameters independently. This enables the model to explore the impact of a single factor while
controlling for the effects of others. Furthermore, it assesses the impact of interactions between fixed effects on
driving cycle parameters.

The results underscore the importance of considering all fixed effects simultaneously when analyzing driving
cycle parameters. For instance, regarding velocity, the most influential isolated factors are RT3, WT7, and WE,
while in real driving conditions, the interaction RT3WT8WE has the most significant impact.

Fig. 6 Changes of driving cycle parameters in different road types, weather types in weekend and weekdays
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Table 4 The most important exogenous factors for each driving cycle parameters

Driving cycle parameters Road type Weather type Days of week Combination of fixed effects (real driving
conditions)

V RT3 WT7 WE RT3WT8WE

V_std RT4 WT8 WD RT3WT2WD

Vm RT5 WT6 WD RT3WT6WD

Acc RT5 WT5/WT7 WE/WD RT3WT7WE

Dcc RT3 WT5 WD RT3WT4WD; RT3WT7WE

Idle_p RT2, RT3 WT7 WD RT3WT3WE

Acc_p RT2 WT7 WE RT2WT7WE

Dcc_p RT2 WT7 WE RT3WT3WE

Cru_p RT3 WT3 WD RT3WT3WD

Cre_p RT3 WT7 WE RT3WT3WE

Determining aggregation level for the developed methodology

As elaborated in Sect. "Optimal number of driving cycles", the initial step to identify the optimal number of
driving cycles involves the use of information loss indicators to ascertain the ideal level of data aggregation. This
is done by following the methodology delineated in Sect. "Driving cycle generation" for five different levels of
data aggregation. These are:

1. The highest level of aggregation, in which all driving data are amalgamated and only one driving cycle is
produced.

2. The second level, where data are grouped according to road types, resulting in five driving cycles.

3. The third level, where data are aggregated based on different driving conditions across various road types,
resulting in a total of 40 driving cycles.

4. The fourth level applies the recommended methodology of this study, where data are grouped according to road
types, weather conditions, and weekdays or weekends, resulting in 80 driving cycles.

5. The fifth level involves the generation of microtrips for each trip.
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Information loss is calculated using Eqs. (3 and 4). Figure 7 presents the variation of information loss for
different driving cycle parameters across the defined levels. The information loss values in Fig. 7 range from 0,
signifying no information loss, to 1, representing the highest level of information loss. It is evident that the highest
and lowest information loss levels are observed for levels L1 and L5, respectively. The results confirm that the
methodology presented in this study yields the minimum possible level of information loss. It is worth noting that
Fig. 7 displays information loss for indicators Eqs. (3 and 4), as well as the overall information loss of all driving
cycle parameters. The latter allows for the determination of average information loss using the mean values of all
driving cycle parameters across different levels of aggregation.

Fig. 7 Comparison of information loss in different aggregation level for information loss indicators
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Fig. 7 (continued) Overall information loss across aggregation levels

Step 2: Determining the optimal number of driving cycles

In order to determine the optimal number of driving cycles, it is critical to assess the similarity of the
produced driving cycles. This is accomplished by constructing a similarity matrix, where each array represents the
similarity between two driving cycles. Figure 8 presents a heatmap of the similarity matrix, with similarity
intensifying from dark to light shades. Moreover, the associated dendrogram indicates levels of similarity. The
dendrograms on both sides of the matrix are identical and are included to provide a clearer presentation of
similarity levels. The value in each cell represents the similarity between a pair of driving cycles. The highest
similarity observed is 92%, between RT4WT1WE and RT4WT2WE, while the lowest similarity is 0%. Figure 9
provides a breakdown of the different levels of similarity. Similarity levels of less than 40% account for the
largest proportion, indicating that most of the generated driving cycles represent distinct driving behaviors.
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Fig. 8 Similarity matrix of the generated driving cycles
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Fig. 9 Share of similarity level in the similarity matrix

To identify the optimal number of driving cycles, the similarity matrix was utilized to pinpoint and merge
driving cycles exhibiting the highest similarity at each similarity level. Essentially, within each level of similarity,
driving cycles that share the highest degree of similarity were merged into one representative cycle. For instance,
at the 69% similarity level, four driving cycles were present; therefore, each pair of similar driving cycles had
their data aggregated, and a new driving cycle was calculated as a substitute, yielding a total of two derived
cycles. Subsequently, information loss and variability were calculated using Eqs. (3 and 4), respectively. This
recursive process continued until variability reached its maximum and information loss reached its minimum.

Figure 10 illustrates the changes in information loss (based on the average of both indicators) and variability
across different similarity levels. The blue graph depicts the fluctuation of information loss across various
similarity levels. Notably, as the similarity level decreases from 92 to 62%, information loss reaches its minimum.
Subsequently, as merging continues, information loss begins to rise.

Moreover, the red graph shows an increase in variability as the similarity level decreases from 92 to 62%,
moving from 0.6734 to its peak at 0.6896, and then declining to 0.6667, maintaining this trend at lower similarity
levels. The red circle highlights the point of minimum information loss and maximum variability, which occurs at
the 62% similarity level.
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Fig. 10 Similarity level, driving cycle number vs. information loss and variability

In conclusion, by considering the results of both information loss and variability, it is determined that the
optimal number of driving cycles required to represent driving behaviors across all road types and driving
conditions in Montreal is 76. Table SI 4 presents the parameters of the selected driving cycles.

Comparative evaluation of proposed driving cycles versus traditional approaches

To illustrate the advantages and the accuracy of the newly developed driving cycles generated by our
proposed context-aware method, a comparison was conducted against well-established traditional
approaches—namely, the local Montreal driving cycle (Nouri and Morency, 2015) and the Standard Driving
Cycle (SDC) derived from Canada's 5-cycle test. The primary goal of this comparative evaluation was to
determine whether our method, which explicitly accounts for road and weather conditions as well as
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weekday/weekend variability, offers improved representation and accuracy in capturing urban driving behavior.

Initially, a descriptive statistical analysis was performed to outline key differences between parameters of the
newly developed driving cycles and those of traditional methods. Specifically, key parameters such as average
velocity, maximum speed, acceleration/deceleration rates, and proportions of different driving modes (idle,
cruising, etc.) were assessed. Preliminary observations revealed notable deviations; for example, velocity ranges
captured by our method spanned broader values (approximately 26 to 48 km/h) compared to the narrower ranges
reported by traditional approaches (approximately 25 to 34 km/h). This indicates that conventional driving cycles
may lack the representational capacity required for reflecting real-world urban driving variability influenced by
diverse road and weather conditions.

To statistically confirm whether the observed differences were significant, a One Sample t-test was
employed, evaluating each driving cycle parameter against those from the traditional cycles. The null hypothesis
(H

0
) asserted that there is no statistically significant difference between the mean values of each parameter in our

generated driving cycles (µ) and those reported in existing local and standard driving cycles (µ
0
). The alternative

hypothesis (H
1
) suggested a significant difference between these mean values. The hypotheses are thus defined

as:

H
0
: µ = µ

0
, H

1
: µ ≠ µ

0

The test statistic is computed using the standard t-test formulation, where s represents the standard deviation
and n the number of newly constructed driving cycles.

Table 5 summarizes the outcomes of the t-tests, clearly illustrating significant differences across all driving
cycle parameters when compared to both the local Montreal driving cycle and Canada's SDC. All observed
p-values were consistently below 0.05, reinforcing that the proposed approach significantly diverges from
previous methods.

These findings underscore two important conclusions:

1. Enhanced Representativeness: The broader range and significant differences in parameter values indicate that
traditional cycles do not sufficiently reflect the variability observed under actual diverse driving conditions.

2. Context-Aware Advantage: By explicitly incorporating road types, weather conditions, and temporal
variations (weekday/weekend distinctions), the new methodology significantly enhances the precision of driving
cycle representation, thereby offering a more robust basis for accurate emissions estimation.

Overall, this comparative analysis clearly demonstrates the superiority and enhanced accuracy of the
proposed method over conventional approaches, highlighting its suitability and reliability for estimating vehicle
emissions in complex urban environments.
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Table 5 Differences between the developed driving cycles and local and standard driving cycles

V Vr Vm V_std Acc Dcc Acc2 Acc_std Idle_p Acc_p Dcc_p Cru_p Cre_p

Proposed model Min-WDs 13 13 17 1 0 −0.6 0 0.1 0% 0% 1% 0% 1%

Max-WDs 58 58 91 15 0.8 0 1.5 1.2 79% 32% 38% 79% 92%

Min-WE 12 12 16 0 0 −0.8 0 0 0% 7% 7% 0% 0%

Max-WE 50 50 99 8 0.9 0 1.8 1.3 78% 43% 38% 76% 85%

µ 30 38 57 5.25 0.2 −0.2 0.17 0.33 31% 16% 17% 11% 47%

s 16.52 12 22.92 2.29 0.16 0.16 0.33 0.35 25% 8% 8% 22% 10%

(Nouri 2015) (µ
0
) 23 32 104 — 0.43 −0.5 — 0.29 19.9% 34.5% 12.5% 31.2% 1.6%

5-cycle test (city) (µ
0
) 34 — 90 — 5.3 — — — 18% — — — —

One sample T-test (Nouri 2015) T-statistic 2.62 4.37 −21.70 — −10.29 16.84 — 2.27 6.63 −19.21 4.73 −6.89 42.16

P-value 0.01 0.00 0.00 — 0.00 0.00 — 0.03 0.00 0.00 0.00 0.00 0.00

One sample T-test 5-cycle test
(city)

T-statistic −3.64 — −15.80 — −240.9 — — — 7.43 — — — —

P-value 0.00 — 0.00 — 0.00 — — — 0.00 — — — —
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Conclusion

This paper aimed to address three key gaps in the literature on driving cycle generation: (1) determining the
optimal number of driving cycles, (2) proposing a novel methodology for the aggregation of driving data, and (3)
developing a mixed model to examine the influence of exogenous factors on driving cycle parameters.

Firstly, a driving cycle is a dynamic construct with parameters that change over time and location. However,
in the existing literature, typically one or a few driving cycles have been used to represent driving behaviors. In
response to this, a novel methodological framework was developed in this study to create and determine the
optimal number of driving cycles that adequately represent driving behaviors under all driving conditions across
an urban street network. The results suggest that 76 driving cycles are sufficient to capture the maximum
variability in driving behaviors, thereby minimizing the uncertainty arising from information loss.

Secondly, data aggregation can cause discrepancies between real driving behavior and the generated driving
cycle, which may introduce uncertainty into the driving cycle generation process. Many studies have not
accounted for the impact of data aggregation on information loss and the accuracy of the generated driving cycles,
often aggregating all driving data collected from various road types and weather conditions. This study proposed
an approach that uses two indicators to determine the ideal level of data aggregation for generating driving cycles.
This methodology aims to minimize information loss and enhance the representativeness of the generated driving
cycles.

Thirdly, this study pioneered the development of a multilevel mixed model to examine the influence of road
types and weather conditions on driving cycle parameters. The mixed model effectively demonstrated these
intricate relationships, contributing to a deeper understanding of the dynamic nature of driving cycles.

While this study focuses on the impact of route, weather, and day type on driving cycles, the significant
influence of traffic composition on driving behavior is acknowledged. However, due to constraints related to the
availability of traffic flow data, it was not feasible to incorporate traffic composition variables such as vehicle
type diversity and overall traffic density in the current analysis. Future research could benefit from including these
factors to further improve the accuracy and representativeness of the driving cycles. Therefore, the findings of this
study should be interpreted in light of these limitations.
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