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Abstract 

This thesis presents a framework for developing a multiday travel demand modelling system 

utilizing single-day travel data, addressing the limitations of traditional travel demand models. The 

framework includes three core methods: a pseudo-panel approach to construct longitudinal 

datasets from single-day surveys, a multiple sequence alignment technique to derive representative 

weekly activity patterns, and a simulation-based optimization model to generate weekly schedules 

within an integrated urban modelling system. This thesis advances the understanding of temporal 

dynamics of travel behaviour without the high cost of multi-day data collection, demonstrating 

that single-day data can effectively approximate weekly travel patterns. The iTLE WeekSim 

module developed in this thesis provides detailed simulations of weekly travel schedules for a 

synthetic population, including crucial information related to in-home and out-of-home activity 

durations, travel origin-destinations, and travel modes. The outcomes of this research can 

significantly benefit policymakers by offering a decision support tool for adaptive urban 

transportation planning. The iTLE WeekSim module can enable policymakers to analyze weekly 

travel patterns and design data-driven strategies to improve transportation efficiency, reduce 

emissions, and manage congestion. Besides, this framework lays the methodological foundation 

for multi-day travel demand modeling with limited data, an approach rarely explored previously 

by the travel behaviour researchers.  
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Chapter 1  

Introduction 

 

 

 

1.1. Background and Motivation 

A travel demand model is an analytical tool that offers a structured framework for understanding 

how travel demand shifts in response to varying input assumptions. Based on the desired level of 

disaggregation, implementation, and prediction outcome, travel demand models can take various 

forms, such as sketch-planning models, strategic-planning models, trip-based models, and activity-

based models (Castiglione et al., 2015). This thesis primarily focuses on the activity-based model, 

an approach originating in the 1960s (Chapin, 1974). Unlike traditional models that treat trips as 

isolated events, activity-based models view travel as a means to participate in activities, creating 

a chain of interdependent events shaped by an individualôs or householdôs daily needs, preferences, 

and constraints. 

The activity-based modelling (ABM) framework is developed to meet the growing need for 

realistic travel demand models capable of analyzing a wide range of transportation policies. 

Modern transportation research increasingly relies on activity-based modelling (ABM) due to its 

behavioural foundation. Methodologically, activity-based models (ABMs) are grounded in 

econometric micro-behaviour models and utilize a disaggregate agent-based approach. This 

framework allows for the incorporation of diverse and complex travel patterns, capturing chain-

travel behaviours where trips are often linked by purpose rather than viewed as isolated events 

(Shiftan & Ben-Akiva, 2011). Because of this strong behavioural foundation, ABMs can effectively 

evaluate the impact of policies on a wide range of travel choices and activity patterns, making them 

policy-sensitive and well-suited for analyzing interventions. For example, these models can reveal 
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how policies, such as reduced public transit fares for low-income residents, may influence transit 

mode share and household car ownership decisions. 

While the current generation of ABMs can model unprecedented levels of details, almost all 

existing activity-based models still model travel demand for a 'typical day' of the week. The 

underlying assumption behind such approach is that the travel patterns for weekdays are mostly 

similar (Verreault & Morency, 2011). If travel behaviour is reported for a randomly chosen day 

within a longer period, it provides an unbiased sample of behaviour for that timeframe (Pas & 

Sundar, 1995). Single-day travel surveys are commonly conducted to gather information for 

different weekdays, leading to unbiased samples of average weekday travel behaviour. Thus, the 

implicit assumption is that, by randomly sampling households and individuals on a random 

weekday, the resulting data will accurately represent the travel behaviour of the overall population 

(Stopher & Zhang, 2011). Though single-day cross-sectional surveys remain appealing due to the 

ease of acquiring a large sample size and acceptable population representation, they cannot capture 

the variability in individual and household travel patterns across different days of the week. While 

it provides a useful snapshot, it does not fully capture the patterns of discretionary activities such 

as social events, shopping, and recreation, that are often planned over a week or longer (Spissu et 

al., 2009). Single-day models assume uniformity across days, potentially misrepresenting actual 

behavioural patterns and leading to an incomplete understanding of the temporal variability in 

activity-travel behaviour  (Kagerbauer et al., 2016). Moreover, the traditional concept of a typical 

weekday has become outdated in the post-pandemic context due to changing work routines 

(Basunia et al., 2024).  

Individual travel and activity choices vary significantly both within a single day and across a week, 

making single day scheduling inadequate for capturing these day-to-day dynamics (Schlich & 

Axhausen, 2003). The sequence of activities depends on prior actions and the remaining 

opportunities to engage in various activities, reflecting the need for specific tasks and the limited 

time allocated to each type throughout the week (Arentze & Timmermans, 2009). Consequently, a 

week-long planning horizon better represents how individuals manage their time budgets. Work 

schedules, though relatively fixed, can fluctuate due to daily lifeôs stochastic elements, 

necessitating week-long models to accurately predict non-work activities. Additionally, activity 

and travel patterns differ between weekends and weekdays due to variations in time budgets, rush-
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hour periods, and sleep schedules (Kitamura et al., 2004; Habib & Miller, 2008; Schlich & 

Axhausen, 2003). Longitudinal consideration in transportation research is crucial for 

understanding how travel behaviors evolve over time. Unlike cross-sectional studies, which 

capture travel patterns at a single point in time, longitudinal data tracks individuals or households 

over extended periods, allowing researchers to capture the temporal variability in travel behaviors 

caused by different factors. This approach provides insights into long-term behavioral changes, 

improves the accuracy of travel demand models by accounting for day-to-day or week-to-week 

variations, and enables better evaluation of the lasting effects of transportation policies. 

The limitations of single-day models are particularly evident in policy analysis, as they fail to 

account for the distribution and variation of activities across different days. Policies such as 

congestion pricing, workweek restructuring, and demand management initiatives are designed to 

influence travel behaviour over multiple days. By focusing solely on single-day behaviour, these 

models may inaccurately represent activity participation patterns and, consequently, undermine 

their effectiveness in alleviating congestion or pollution. 

Despite the theoretical correctness and behavioural depth a weekly model promises to offer, the 

primary reasons for adhering to a typical day approach are limitation of longitudinal data, coupled 

with conceptual and computational complexity. Acquiring multi-day household activity-travel data 

is not just expensive, but faces limitations such as lack of representativeness, underreporting, and 

attrition (Pendyala & Pas, 2000). Another challenge in developing week-long activity-based 

models is achieving a balance between behavioural realism and computational complexity as the 

existing literature does not clearly define the optimal modelling time frame or identify appropriate 

applications within activity-based travel demand models to adequately capture daily rhythms 

(Habib et al., 2007).  

The literature demonstrates significant weekly rhythms, pronounced dependencies within the 

week, and similarities in weekly patterns. This underscores the timely need for multi-day 

modelling within activity-based models, as identified by many researchers. However, a clear 

research gap exists in implementing day-to-day variability concepts into activity-based travel 

demand models and extending these models to account for longer horizon activity and travel 

demand modelling. This thesis addresses this research gap by introducing a novel framework to 

derive representative weekly travel patterns from single-day travel diaries, utilizing advanced data 
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fusion, pattern recognition, and optimization techniques and implementing it within an activity-

based integrated Transport, Land Use, and Energy (iTLE) model. Developed by the Dalhousie 

Transportation Collaboratory (DalTRAC), the iTLE model is a C#.NET-based micro-simulation 

framework that analyzes travel behaviour and urban sustainability through long-term, short-term 

decision simulators, and a traffic assignment module. While the earlier version of iTLE modeled 

activity, travel and mode choice decision for only a typical weekday, the version proposed in this 

thesis (iTLE WeekSim) is capable of simulating activities and durations over a period of five 

weekdays. It accounts for seven out-of-home activities- eating out, escorting, personal business, 

recreation, school, shopping, and work, as well as five in-home activities- in-home meals, in-home 

school, in-home work, staying at home, and other in-home activities. In total, iTLE WeekSim 

schedules 12 activities, incorporating activity durations, origins, and destinations. 

1.2. Research Objectives 

The broad objective of this thesis is to understand the day-to-day variability of activity-travel 

patterns across weekdays, to model representative weekly travel patterns for similar 

sociodemographic population groups, and to implement this understanding within an agent-based 

microsimulation framework, enhancing its ability to generate detailed weekly activity-travel 

agenda. The specific objectives of this thesis are: 

1) To develop econometric, machine learning, and pattern recognition models for deriving 

multiday travel patterns from single-day travel diaries. 

2) To generate weekly activity schedules for individuals, including activity durations and 

locations, within an integrated urban systems model. 

1.3. Research Contributions 

The methodological contributions of this thesis include the development of a data fusion 

framework that leverages single-day travel diary data and behavioural insights to derive 

longitudinal, multiday travel patterns. This research maximizes the utility of single-day travel 

surveys by grouping individuals with similar sociodemographic profiles, based on the assumption 

that people within comparable sociodemographic groups often exhibit consistent, time-invariant 

travel behaviours. Sociodemographic similarity, daily travel pattern similarity indices, and stated 
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weekly participation frequencies in activities were integrated to create longitudinal representations 

of travel patterns, referred to as "weekly pseudo-diaries." These pseudo-diaries serve as a proxy 

for true panel data, capturing weekly travel behaviour in the absence of actual multiday datasets. 

The framework employs advanced data fusion techniques, including machine learning-based 

clustering, sequence alignment methods from bioinformatics, and optimization algorithms, to 

achieve robust and realistic longitudinal travel pattern estimations. 

From a practical implementation standpoint, the iTLE WeekSim tool developed in this thesis offers 

a robust capability to model weekly schedules for both in-home and out-of-home activities, 

including details on duration and location. This enables a longitudinal, disaggregate understanding 

of travel behaviour and provides essential inputs for the Traffic Flow Simulator (TFS) to estimate 

network-level traffic, daily flow variations, and weekly vehicular emissions. By modelling 

emissions over a week rather than a single day, the daily fluctuations and high-emission periods 

can be identified, offering a more accurate and comprehensive understanding of emission patterns. 

Such insights can facilitate better-informed policy design, enabling assessment of multi-day 

interventions such as congestion pricing and carpool incentives. It can also aid in monitoring 

compliance with environmental standards such as Canada's Net Zero Emission Goal, enabling 

targeted emissions reduction strategies, and gain a clearer understanding of cumulative public 

health impacts by reflecting prolonged exposure to pollutants. 

Additionally, the model's detailed treatment of in-home activities provides an opportunity to 

estimate energy consumption associated with in-home activities such as cooking, entertainment, 

and remote work, using a bottom-up approach. This approach can provide more accurate 

household energy use profiles, allowing policymakers to assess the impacts of specific policies on 

energy consumption and emissions across various settings. For instance, policies that promote 

remote work might reduce vehicular emissions but increase in-home energy use, presenting trade-

offs that this model can evaluate effectively.  

While applying the model's output to determine network impacts, vehicular emissions, and in-

home energy consumption is not within the scope of this thesis, these areas represent intriguing 

opportunities that will be explored in the future. Instead, this thesis asserts its contribution as one 
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of the first to explore pseudo-longitudinal activity-travel patterns and to implement them within 

an activity-based integrated urban modelling system. 

1.4. Thesis Outline 

The general outline of the thesis is as follows: 

Chapter 1: Introduction- This chapter discusses the background, purpose, and objective of the 

research. 

Chapter 2: Literature Review- This chapter reviews current Household Travel Survey (HTS) data 

collection methods, highlighting limitations in longer-duration data collection. It explores prior 

studies on multi-day travel behaviour and provides an overview of the architecture of existing 

activity-based travel demand microsimulation models. The chapter discusses how these models 

facilitate longer-horizon activity scheduling and travel decision-making and reviews methods for 

deriving multi-day travel patterns from single-day data. Through this, key research gaps are 

identified, forming the basis for the research questions addressed in this thesis. 

Chapter 3: Conceptual Framework and Data- Chapter Three outlines the methodology, study 

area, and conceptual framework of the thesis. It details the data requirements for each stage of 

model estimation. Additionally, it describes the relationships and interactions between the 

individual studies conducted.  

Chapter 4: Multiday Travel Pattern Sampling: A Pseudo-Panel Approach- This chapter 

presents a framework to transform single-day travel diaries into longitudinal multi-day data using 

a pseudo-panel approach. Leveraging the constructed longitudinal data, the study evaluates the 

determinants of peopleôs daily participation in work-school, routine, and discretionary activities 

through fixed and random effects panel regression models. 

Chapter 5: Modelling Weekly Representative Activity Patterns: A Multiple Sequence 

Alignment Approach- This chapter introduces a bioinspired multi-module framework to derive 

weekly travel patterns from single-day travel diaries. Using hierarchical clustering and progressive 

sequence alignment, day-level patterns are grouped and aligned to form representative weekly 
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activity patterns, creating archetypal pseudo-diaries. Analysis of these patterns provides valuable 

insights into weekly travel behaviours. 

Chapter 6: Microstimulating Weekly Travel Activities: A Simulation-based Optimization 

Approach- This chapter introduces a simulation-based optimization framework for generating 

weekly travel activities from single-day data. Building on an integrated land use and energy (iTLE) 

model, this study develops the iTLE WeekSim system, leveraging iTLEôs decision components, a 

Markov Chain Monte Carlo (MCMC)-based activity generator, and an activity scheduler. An 

optimization model incorporating individual travel preferences is used iteratively to calibrate 

activity transition probabilities within the MCMC process, achieving accurate weekly travel 

activity simulations. 

Chapter 7: Conclusions- Chapter 7 provides a comprehensive summary of the thesis, highlighting 

the key research findings and contributions. It also discusses the policy implications of the research 

and outlines potential directions for future studies to further advance the field of activity-based 

travel demand modelling. 
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Chapter 2  

Literature Review 

 

 

2.1. Introduction  

This research aims to address the gaps in literature on modeling and simulating weekly activity 

participation and travel decisions, as well as exploring alternative approaches to overcome data 

limitations in multiday modelling. It does so by reviewing existing studies on longitudinal travel 

behaviour modeling, current practices in activity-based travel demand models (ABMs), and efforts 

to extend these models to a longer temporal horizon. Additionally, this review examines travel data 

collection processes, survey methods, the challenges of multiday data collection, and alternative 

or surrogate approaches to multiday travel demand modeling when data are limited. 

This chapter specifically focuses on bridging gaps in multiday travel demand modelling by 

exploring studies within the travel behaviour domain that emphasize a longitudinal perspective. It 

aims to understand the weekly rhythms of individual activity participation, daily variability in 

travel behaviour, and the decision-making processes involved when a weekly or multiday time 

budget is available.  

The literature review in the following sections offers valuable insights but also highlights notable 

gaps in research, particularly concerning multiday modeling under conditions of limited data 

availability. These gaps lead to the formulation of key research questions, which define the scope 

and contributions of this study. 

2.2. Urban Rhythms and Routines in Multiday Perspective 

Travel behaviour researchers began examining variation in individual and household travel 

patterns over an extended period of time as early as 1980 (Hanson & Huff, 1981; Kitamura & Van 

Der Hoorn, 1987; Pas, 1988; Pas & Koppelman, 1986). Hanson & Huff (1981) studied the Uppsala 

Household Travel Survey data (1971) spanned over 35 consecutive days and reported that, while 
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individuals' daily travel patterns showed significant repetition, there was still considerable 

variability in travel behaviour, even on weekdays. Pas & Koppelman (1986) analyzed a 7-day 

travel record from Reading, England (1973) and concluded two key points: first, individuals with 

fewer economic and role-related constraints exhibit greater variability in their daily trip frequency. 

Second, those who meet personal and household needs without daily out-of-home activities also 

show higher variability in their daily travel patterns. Recent studies looking at the similar topic 

also show that intra-personal variability accounts for a large proportion of day-to-day travel 

variation by analyzing longitudinal travel data (Elango et al., 2007; Kang & Scott, 2010; Kitamura 

et al., 2006; Raux et al., 2016; Susilo & Kitamura, 2005; Watanabe et al., 2021). These studies 

share a common approach: using longitudinal data to infer variations in daily patterns.  According 

to Pendyala & Pas (2000), utilizing multi-day, multi-period data at the individual level provides 

comprehensive insights into the short- and long-term dynamics of travelers' behaviour that are 

otherwise unattainable through conventional single-day or single-period cross-sectional surveys, 

which currently dominate travel behaviour research. Several prominent multi-day data collection 

efforts were studied in detail in this research and the results are presented in Table 2.1.  

Table 2.1: Multi-day Travel Survey Efforts in Chronological Order (Li et al., 2018; Stopher 

et al., 2008) 

Location Year Sample Size Duration 

Uppsala, Sweden 1971 296 HH 35 days 

Reading, United Kingdom 1973 136 HH 7 days 

Dutch panel 1984 1,687-1,928 HH 7 days 

Puget Sound panel 1989 1,700 HH 2 days 

San Francisco, California 1990 10,838 HH 
1, 3, and 5 

days 

Raleigh, Durham, North Carolina 1994 2,000 HH 2 days 

German Mobility Panel 1994 750-800 HH 7 days 

Portland, Oregon 1994 4,451 HH 2 days 

Lexington, Kentucky 1995 100 individuals 7 days 

San Francisco, California 1996 2,000 HH 2 days 

MobiDrive, Germany 1999 139 HH (317 individuals) 42 days 

Thurgau, Switzerland 2003 99 HH 42 days 

Toronto, Canada 2003 262 HH 7 days 

Michigan 2004 14,315 HH 2 days 

South Australia 2005 50/46/36 HH (Wave 1/2/3) 28 days 

Michigan 2005 15,000 HH 2 days 

Amersfoort, Veenendaal, Zeewolde, 

Netherlands 
2007 1,104 individuals 7 days 
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Location Year Sample Size Duration 

Ghent, Belgium 2008 717 individuals 7 days 

UTRACS, Chicago 2009 100 HH Up to 2 weeks 

Hanoi, Vietnam 2010 47 HH 7 days 

Portland, Oregon 2010 323 HH 5 days 

German Mobility Panel 2010 
More than 1,500 HH per 

year 
7 days 

UK National Travel Survey 2014 Around 7,000 HH 7 days 

Puget Sound Regional Travel Study 2017 697 HH 7 days 

Note: HH= Household 

 

Despite the availability of multi-day data in some cities, the current research does not clearly 

identify the appropriate modelling time frame and suitable applications within activity-based travel 

demand models to sufficiently capture daily rhythms (Habib et al., 2007). Additionally, the benefits 

of multi-day surveys for analysis and modelling purposes have not been thoroughly established 

yet (Miller et al., 2018). Other limitations of these initiatives include high costs, fatigue effects, 

issues with sample representativeness, underreporting, attrition, initial nonresponse, panel effects, 

and varying reporting effects between waves due to seasonality and holidays (Deschaintres et al., 

2022; Jara-D²az & Rosales-Salas, 2015; Pendyala & Pas, 2000). This has led researchers to explore 

alternative methods for deriving multi-day travel patterns from single-day data, including 

systematic sampling, data fusion, and other surrogate techniques. The next section reviews 

literature on these approaches within travel behaviour research. 

2.3. Multiday Sampling from Single-day Travel Surveys 

Household Travel Surveys (HTS) are essential for transportation planners as they provide detailed 

household, individual, and trip-related data that inform travel behaviour and system performance 

analysis. These surveys capture key trip attributes such as distance, time, mode, purpose, and cost; 

vital for developing travel demand models. Most HTS, particularly those for mainstream 

modelling, are cross-sectional, focusing on a ñtypical dayò to represent weekday travel behaviour, 

based on the assumption that weekday patterns are largely consistent (Verreault & Morency, 2011). 

This single-day sampling method is efficient, with large sample sizes providing a representative 

snapshot of population behaviour (Stopher et al., 2008; Stopher & Zhang, 2011). However, while 

effective for general trends, single-day surveys cannot capture the full variability of travel patterns 

across different days of the week (Pas & Sundar, 1995). To address this limitation, some studies 
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have developed methodologies to extend single-day trip diaries into multi-day formats. The 

following paragraph summarizes these studies and the approaches they employed. 

Previous studies have explored the formation of multi-day pseudo-diaries from single-day data as 

an alternative to multi-day data collection. This was achieved through data fusion with large 

passive datasets or sampling from existing single-day household travel survey data to generate 

multi-day activity-travel data. These methods aimed to leverage all available data sources while 

mitigating their respective drawbacks. Deschaintres et al. (2022), for example, fused household 

survey data for a ótypical dayô with longitudinal passive data (O-D survey) categorized by mode 

and day. They applied a weighted expansion factor to obtain comprehensive survey data for each 

day. Following this, they performed marginal calibration based on age, gender, and home region 

to ensure the aggregated population maintained similar socio-demographic characteristics to the 

initial sample. Verreault & Morency (2011) demonstrated an innovative approach for utilizing 

survey samples through a segmentationïfilteringïexpansionïaggregation process, enabling the 

collection of representative subsets from data. Using the 1998 O-D survey and parallelly conducted 

household survey, the study pooled individual samples to reconstruct significant temporal units 

and expanded based on household representation for population-level inference. Jara-D²az & 

Rosales-Salas (2015) studied nine detailed European surveys having seven-day diaries. To analyze 

data quality, activity duration and variability, pseudo-diaries of 1, 2 (one weekday, one weekend), 

and 3 (one weekday, both weekend days) days were constructed using the seven-day diaries as a 

benchmark. Results indicated that two and three-day weighted surveys adequately replicate the 

information from weekly surveys, capturing the basic workïleisure cycle. Zhang et al. (2018) 

proposed generating multi-day activity-travel data by sampling from existing single-day household 

travel survey data, assuming that the distribution of interpersonal variability in single-day datasets 

mirrors the intrapersonal variability in multi-day datasets. They used a unidimensional activity-

travel sequences to represent the data and applied the Levenshtein distance concept to quantify the 

minimum number of operations (substitutions, insertions, deletions) needed to transform one 

sequence into another. This approach allowed them to measure single-day population-wide 

interpersonal variability and multi-day intrapersonal variability. In essence, their method is a 

clustering-based sampling technique that considers travel patterns, distances, and variations to 

generate multi-day data. 
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2.4. Multiday Modelling in ABM Environment 

From a modelling standpoint, individual travel and activity choices vary significantly both within 

a single day and across a week, making single day scheduling inadequate for capturing these day-

to-day dynamics (Schlich & Axhausen, 2003). The sequence of activities depends on prior actions 

and the remaining opportunities to engage in various activities, reflecting the need for specific 

tasks and the limited time allocated to each type throughout the week (Arentze & Timmermans, 

2009). Consequently, a week-long planning horizon better represents how individuals manage their 

time budgets. Work schedules, though relatively fixed, can fluctuate due to daily lifeôs stochastic 

elements, necessitating week-long models to accurately predict non-work activities. Additionally, 

activity and travel patterns differ between weekends and weekdays due to variations in time 

budgets, rush-hour periods, and sleep schedules (Kitamura et al., 2004; Habib & Miller, 2008; 

Schlich & Axhausen, 2003). Studies advocate for a multi-day approach, as single-day models 

cannot capture the full dynamics of activity-travel behaviour (Tajaddini et al., 2020). Despite the 

data and computational challenges, multi-day models are crucial for understanding the rhythms of 

human activity participation and the influence of transportation systems and social networks over 

extended periods. Ignoring these daily variations undermines the concept of travel as derived 

demand, which evolves over time (Doherty, 2006). 

In recent years, modelling travel behaviour over longer periods, such as a week or a month, has 

gained significant importance (Tajaddini et al., 2020). A one-week period offers comprehensive 

insights as it encompasses both weekdays and weekends, reflecting the weekly routines of 

individuals. This timeframe allows for a detailed understanding of everyday travel patterns and 

schedule generation. Periods longer than one week can provide even deeper insights into personal 

behaviour and mode usage. In this chapter, some notable activity-based models have been reviewed 

and only a limited number of travel demand models have focused on a typical week as the study 

period (Table 2.2).  
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Table 2.2: Attributes of Some of the Existing Activity-Based Models (Dianat et al., 2020; 

Khan, 2020; Tajaddini et al., 2020) 

Model Name Reference Region Theoretical 

Basis 

Model 

Horizon 

Activity 

Generation 

Activity 

Scheduling 

ALBATROSS Arentze & 

Timmermans 

(2004) 

Netherlands Computational 

Process Based 

Typical Day Heuristics Heuristics 

TASHA Miller & Roorda 

(2003) 

Greater 

Toronto-

Hamilton 

Area 

Computational 

Process Based 

Typical Day Heuristics Rule-based 

ADAPTS Auld and 
Mohammadian  

( 2009) 

Chicago Computational 
Process Based 

Weekly Hazard-based 
model 

Micro-
behavioural 

model 

CEMDAP (Pinjari et al. 

(2006) 

Dallas-Fort 

Worth 

Utility 

Maximization 

Based 

Typical Day Micro-

behavioural 

model 

Micro-

behavioural 

model 

DaySim Bradley et al. 

(2010) 

Sacramento Utility 

Maximization 

Based 

Typical Day Micro-

behavioural 

model 

Micro-

behavioural 

model 

FAMOS  Pendyala et al.   

(2005) 

Phoenix Utility 

Maximization 

Based 

Typical Day Micro-

behavioural 

model 

Micro-

behavioural 

model 

MATSim Horni et al. 

(2016) 

Various Agent-Based Typical 

Day/Weekly 

Rule-based Utility -

based 

TRANSIMS Smith et al. 

(1995) 

Various Agent-Based Typical Day Rule-based Utility -

based 

SimMobility  Lu et al. (2015) Singapore Agent-Based Typical Day Rule-based Utility -

based 

POLARIS Auld et al. 

(2016) 

Chicago Agent-Based Typical Day Rule-based Utility -

based 

mobiTopp Schnittger & 
Zumkeller 

(2004); Hilgert 

et al. (2017) 

Germany Agent-Based Weekly Utility -based 
regression 

models 

Stepwise 
modelling 

 

The literature clearly establishes that activity participation and time allocation to various activities 

significantly vary throughout the week. Many authors have explored the temporal rhythms of 

activity-travel behaviour within different spatial and temporal contexts (as discussed in section 

2.2), demonstrating significant weekly rhythms, pronounced dependencies within the week, and 

similarities in weekly patterns. This underscores the timely need for multi-day modelling within 

activity-based models. However, a clear research gap exists in implementing day-to-day variability 

concepts into activity-based travel demand models and extending these models to account for 

longer horizon activity and travel demand modelling. Table 2.2 shows the modelling horizon of 

several prominent activity-based models. Only mobiTopp, MATsim, and ADAPTS currently 
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model activity-travel for a typical week, while the others still rely on a typical day modelling 

framework. 

The mobiTopp model simulates individualôs activity schedule (activity chain) executed over the 

period of one week based on German Mobility Panel (MOP) survey, which is a longitudinal data 

collection initiative. To generate weekly activity schedules, the actiTopp (mobiTopp's activity 

generator) model relies solely on sociodemographic information of the relevant population, 

utilizing data from the German Mobility Panel (MOP). This model comprises multiple decision 

levels, including person, day, tour, and activity information, each represented by specific data rows. 

The model follows a stepwise approach, as proposed by Bowman (1998), to construct activity 

schedules by breaking down decisions into manageable steps. This weekly approach adds 

complexity due to the need to account for both consistent daily patterns (e.g., work schedules) and 

variable activities (e.g., shopping, sports). The logit model incorporates weekday as a significant 

variable to capture differences in daily activities, such as increased leisure activities on weekends 

(Hilgert et al., 2017). 

MATSim (Multi-Agent Transport Simulation) is a large-scale multi-agent, activity-based transport 

simulation model which has been expanded to a weekly time horizon (Medina et al., 2012; Medina 

& Sergio, 2016). To expand MATSim's time horizon, differentiation between fixed and flexible 

activities is proposed, allowing for on-the-fly scheduling of flexible activities. The model's 

extension includes initializing agents with incomplete plans and using parallel computation to 

enhance efficiency. Case studies demonstrate the feasibility and improvements in utility, despite 

increased memory and computation time requirements. MobSim, MATSim's activity generator, is 

modified to handle multi-day scenarios, with components such as initial demand modelling, 

weekly iterations, and the categorization of activities. The methodology includes developing data 

structures for weekly plans, implementing scheduling algorithms, and utilizing continuous travel 

diaries for large-scale simulations. This approach enables a more comprehensive analysis of travel 

behaviour and better addresses the complexities. 

The ADAPTS (Agent-based Dynamic Activity Planning and Travel Scheduling) model is an 

activity-based computational process model designed to simulate the planning, scheduling, and 

execution of activities for individuals and households by treating activity planning as a dynamic, 

time-dependent process. At the core of the ADAPTS framework is the Activity Planning Order 
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model, which has been extended in 2012 to support weekly simulations. The Activity Planning 

Order framework, which captures the sequence and flexibility of decisions that individuals make 

when organizing their schedules. Unlike sequential models, ADAPTS allows each activity attribute 

(such as timing, location, mode, and companions) to be planned as discrete events, meaning 

attributes can be scheduled in any order, based on current needs, constraints, and prior plans. This 

flexibility is further refined through ordinal probit models that estimate the flexibility and 

preplanning of activity attributes, ranging from impulsively planned to routinely scheduled. Data 

for ADAPTS were gathered through the Urban Travel Route and Activity Choice Survey 

(UTRACS), which used GPS data from Chicago-area households to capture real-world planning 

behaviours. The modelôs iterative, multi-level structure allows it to address scheduling conflicts 

dynamically and adapt planned activities according to temporal, spatial, and contextual changes, 

providing a realistic and adaptable approach to travel demand modelling. 

However, while MobiTopp, MATSim and ADAPTS effectively utilize rich weekly data to model 

travel behaviour, the difficulty in acquiring such data has limited activity-based models (ABMs) 

in their ability to model multi-day travel demands. Although the existing literature has attempted 

to infer multi-day travel patterns by aggregating observations or measuring daily variability from 

single-day travel surveys (Bhuiyan & Habib, 2024; Deschaintres et al., 2022; Verreault & 

Morency, 2011; Zhang et al., 2018), no such study has been conducted within the ABM research 

domain. This thesis contributes to the literature by proposing a less data-intensive, surrogate 

approach to multi-day travel demand modelling within an ABM environment. 

2.5. Research Questions and Concluding Remarks 

From the above discussion, it is evident that existing activity-based travel demand models face 

limitations in capturing day-to-day variability over a multiday horizon, particularly when restricted 

to single-day travel data. While multiday data collection provides more robust insights into weekly 

travel patterns, it is often costly and challenging to obtain, prompting researchers to explore 

surrogate methods such as pseudo-panel and clustering approaches. Despite recent advances, there 

remains a need for innovative, data-efficient frameworks to bridge these gaps in travel behaviour 

modeling.  

 



 

16 

 

From the literature, the following aspects are identified as key gaps in multi-day travel demand 

modeling: 

1) Challenges in collecting multi-day data 

2) Limitations of single-day models in policy analysis  

3) Balancing behavioral realism and computational complexity in longer duration models  

4) Lack of measures to capture day-to-day variability in existing activity-based models 

5) Approaches to extending single-day travel demand models to multi-day models 

Accordingly, this study addresses the following research questions: 

1) How do sociodemographic factors, work-arrangement, and travel preferences influence 

weekly participation in work, routine, and discretionary activities? 

2) What data-driven methods can be employed to achieve accurate representation of weekly 

rhythms in activity-travel decisions from limited single-day travel data? 

3) How can day-to-day variability in travel patterns be incorporated into ABMs to better 

simulate temporal rhythms across a week? 

4) How to overcome the conceptual and computational challenges of applying a multi-day 

travel demand model within an activity-based integrated urban modeling system? 

This research aims to answer these questions by developing a novel framework to transform single-

day travel data into representative weekly patterns, leveraging clustering and sequence alignment 

techniques to enhance ABMs. Through this approach, the study addresses a critical need for less 

data-intensive, multiday travel modeling, ultimately contributing to the accuracy and utility of 

activity-based models for both policy analysis and transportation planning. 
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Chapter 3  

Conceptual Framework and Data 

 

 

 

3.1. Framework of the Thesis  

In this thesis, a comprehensive framework is developed to model travel patterns across multiple 

weekdays, leveraging both single-day travel diaries and advanced data fusion techniques. The 

research begins with an extensive literature review, examining the existing activity-based 

modeling approaches, household travel survey methodologies, and the limitations of single-day 

data for representing weekly travel patterns. This review highlights critical gaps, specifically the 

challenges in capturing weekly rhythms and multi-day variability in travel behaviour, which are 

fundamental to accurately modeling activity patterns in urban environments. Through this analysis, 

the research questions and objectives of the study are shaped, guiding the direction and 

methodologies employed in the thesis. 

Chapters 4, 5, and 6 of this thesis implement a detailed, step-by-step approach to developing a 

comprehensive multi-day activity-travel model. Chapter 4 initiates this process by expanding 

single-day travel diaries into longitudinal, multi-day data using a pseudo-panel approach. Through 

fixed and random effects panel models, the chapter analyzes the daily participation in work, 

routine, and discretionary activities. Chapter 5 presents a multi-module framework to generate 

representative weekly travel patterns from single-day diaries. Using hierarchical clustering to 

group individuals with similar travel patterns, followed by progressive multiple sequence 

alignment, this chapter establishes weekly archetypes known as "pseudo-diaries." These weekly 

patterns reveal differences in activity behaviour across population groups, including shorter work 

durations on Fridays and overall reduced work hours for teleworkers. This nuanced exploration of 

weekly travel behaviours provides policy-relevant insights and addresses challenges associated 
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with traditional single-day modeling. The framework significantly advances the capability to 

model weekly activity-travel behaviour and lays the groundwork for the modelôs practical 

application in the face of data limitations.  

Chapter 6 culminates these behavioural insights within an integrated simulation framework, the 

iTLE WeekSim module, an extension of the existing iTLE model. This chapter employs a novel 

simulation-based optimization approach that incorporates the behavioural insights from the 

previous chapters. The model leverages iTLE's short- and long-term decision components, as well 

as an MCMC-based activity generator, to iteratively refine activity transition probabilities, 

yielding accurate weekly simulations. Deployed for 10% of the study areaôs population (42,229 

individuals), the iTLE WeekSim generates 24-hour schedules that encompass in-home and out-of-

home activities, travel origins and destinations, mode choices, and joint tour formations where 

applicable. This approach overcomes the "typical day" limitations, providing a realistic weekly 

activity-travel framework that can inform urban policy by simulating nuanced, behaviourally 

grounded multi-day travel patterns. Figure 3.1 presents the conceptual framework of this thesis, 

delineating the interactions between the chapters and the final outcomes of the research. 

 

Figure 3.1: Conceptual Framework  
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3.2. Study Area 

The study area selected for this research is Halifax Regional Municipality (HRM), one of Canadaôs 

fastest-growing urban centers, both in population and economic activity. According to the 2021 

Census, HRMôs population reached 439,819, marking substantial growth over previous years. This 

population increase reflects Halifaxôs rising appeal as a hub for economic opportunity, cultural 

diversity, and quality of life. With a population density of 80.3 people per square kilometer, HRM 

spans urban, suburban, and rural areas, offering a blend of both urban and expansive rural 

landscapes. 

 

Figure 3.2: Study Area ï Halifax Regional Municipality (HRM) 

HRMôs land area is divided into three main zones: urban, suburban, and rural. The urban core, 

covering 34.23 kmĮ, includes downtown Halifax and Dartmouth, featuring a mix of commercial, 

industrial, and residential uses. Surrounding this core, the suburban area spans 470.24 kmĮ, 
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predominantly residential with some commercial and industrial spaces. Extending further, the rural 

area encompasses 5,349.82 kmĮ, offering low-density housing and large natural landscapes, which 

support a rural lifestyle and outdoor activities.  

HRMôs unique blend of urban, suburban, and rural zones presents valuable opportunities for 

transportation modeling, particularly in examining travel behaviour, time-use patterns, and land-

use interactions. HRM's ongoing urban growth and policy initiatives aimed at sustainable 

development provide a rich context for investigating the impacts of urban planning on mobility, 

emissions, and infrastructure needs. HRM thus serves as an important case study for advancing 

transportation research, offering insights that can inform strategies to support efficient, equitable, 

and sustainable transportation systems. 

3.3. Data Source  

The thesis utilizes data from the Halifax Travel Activity (HaliTRAC) Survey, conducted from July 

2022 to March 2023 as a collaborative initiative between Dalhousie Transportation Collaboratory 

(DalTRAC) and the Halifax Regional Municipality (HRM). The survey aimed to analyze and 

understand residents' travel behaviour in Halifax by using a robust, multi-phased data collection 

approach. This survey targeted randomly selected households across HRM using civic address-

based mail, random-digit dialing for cellphone outreach, landline sampling, and a targeted social 

media campaign on Meta platforms such as Facebook and Instagram. The four-phase methodology 

allowed for broad outreach across diverse demographic groups, reaching residents through 

multiple channels and offering flexible response options such as online, telephone, and mail-in 

questionnaires. In total, 3,731 households participated in the survey, with detailed 24-hour travel 

logs captured for 5,095 individuals. This comprehensive dataset provides valuable insights into 

HRM residents' daily travel patterns, from the time and mode of travel to the nature and location 

of activities, forming a foundational basis for further analysis and planning. 
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Figure 3.3: The HaliTRAC Web Survey User Interface 

For the HaliTRAC survey, a place-based activity survey design was followed, which asked 

respondents to detail each activity conducted on a designated travel day. This approach involves 

capturing trip sequences by tracking respondentsô movements and activities throughout the day, 

including specific travel details such as departure and arrival times, locations, and travel modes. 

The survey design was informed by best practices from similar travel surveys and previous 

iterations of the survey (such as the 2018 NovaTRAC Halifax Survey). To streamline the data 

collection, a customized Computer Assisted Web Interviewing (CAWI) system was developed, as 

shown in Figure 3.3. This in-house software supported online responses while also integrating data 

collected via mail and phone. Advanced features such as Google Maps API integration allowed 

respondents to search and confirm locations, enhancing the accuracy of location data (Figure 3.4). 

This technological infrastructure supported consistent data management and quality assurance, 

facilitating smooth integration and analysis of data from various collection methods. 
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Figure 3.4: The 24-hr Travel Log Coupled with Google Maps API 

During the survey, a structured monitoring process was employed to ensure data quality, checking 

for issues such as response rates by demographic segment, geographic distribution, and survey 

completion across instruments. Quality checks included regular spot reviews and adjustments to 

survey questions to improve completion rates. Post-survey, data from the travel logs underwent 

validation to correct any unusual entries, ensuring a reliable dataset. The overall response rate was 

13.6%, and completion rates varied by phase, with landline-based sampling yielding the highest 

response rate of 30.1%. Comparison with the 2021 Census confirmed the survey's 

representativeness, allowing for confident generalization of findings to the wider HRM population. 

Data collected included household demographics, individual profiles, detailed travel behaviours, 

and preferences, including insights on travel during COVID-19 and attitudes toward emerging 

transport options such as electric vehicles. 
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Chapter 4    

Multiday Travel Pattern Sampling: A Pseudo-

Panel Approach 1 

 

 

 

4.1. Background  

Transportation planners and professionals largely rely on cross-sectional surveys to examine travel 

behaviour and system performances where respondents are asked to report their travel information 

for a ótypical day of the weekô. However, as established from a large pool of post-pandemic travel 

behaviour research, the idea of a ótypical dayô donôt exist anymore given flexibles work 

arrangements in the post-covid period (Anik & Habib, 2023; Goulias et al., 2020; Pendyala et al., 

1991; Wºhner, 2022). Besides, conclusions drawn from analyzing single-day travel diaries fail to 

measure the daily variation in activity participation. Multi-day travel information not only captures 

the time effect on travel behaviour but also provides a better representation of socio-demographic, 

location, and travel resource-related determinants of activity participation as impacts can be 

measured across time and space.  Some researchers have utilized genuine longitudinal panel data 

to overcome this issue where an individualôs travel information is collected for a week or more. 

The German Mobidrive survey is an example of such an initiative where six weeks of travel logs 

were collected from 139 participating households to explore the impact of seasonality and long-

term travel attributes (Axhausen et al., 2002). Good quality panel data however is difficult to 

acquire due to the high cost, small sample size, and lack of representativeness (Deschaintres et al., 

 
1 This chapter is adapted from: 

 

Bhuiyan, M.R.H., & Habib, M.A. (2024). Missing Typical Weekdays in Travel Surveys: A Pseudo-Panel Approach 

to Explore Weekly Travel Patterns. Transportation Research Record, 2678(9), 481-494. 

https://doi.org/10.1177/03611981241230307 

https://doi.org/10.1177/03611981241230307
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2022; Tsai et al., 2014). Hence, studies exploring the temporal effects on travel behaviour are 

scarce.  

An alternative to the genuine panel is the application of pseudo-panel, created by stitching together 

repeated cross-sectional data from different timelines to mimic longitudinal data. The pseudo-

panel concept was first proposed by Deaton (1985). The difference between genuine and pseudo-

panel is that similar individual is not observed over time rather samples are drawn from waves of 

cross-sections from a pool of cohorts. This pool of cohorts can be addressed as groups where 

individuals with similar attributes are placed. The attributes are generally time invariant in nature 

and exhibit high within-group similarity and between-group dissimilarity. Different fields of study 

including the transportation domain have utilized this method to estimate time effects from 

repeated cross-sectional data. Weis & Axhausen (2009) studied the induced travel demand and 

aggregate effects of altered generalized cost on an individualôs travel behaviour based on Swiss 

National Travel Survey data collected at 5-year intervals since 1974. They followed the pseudo-

panel approach to generate longitudinal time-series data from seven repeated cross-sectional 

surveys. They considered birth year, gender, and region as cohort sub-divider to obtain 838 

observations. To assess the impact on mobility, variables such as age, household size, employment, 

car ownership, number of trips, out-of-home trips, duration of out-home activities and trip 

distances were considered in this study. Kasraian et al. (2018) examined the effect of built-

environment characteristics and socio-demographic determinants on daily distance traveled by 

pooling data from seven time points spanning from 1980 to 2010. They constructed 21 groups and 

103 cohorts based on respondents' birth year and education. Econometric panel data estimation 

models such as pooled ordinary least squares (POLS), fixed effects (FE), and random effects (RE) 

were applied to estimate the impact of independent variables such as age, gender, household size, 

income, dwelling area, distance to motorway exit on the dependent variable óaverage daily distance 

traveledô. Their study revealed a gradual increase in travel distances till 1990 followed by a 

decrease till 2010. Factors such as age and dwelling location were found influential to daily travel 

distances. Feng et al. (2017) studied the impact of economic, social, and spatial changes on the 

urban travel behaviour of the Chinese population on the basis of repeated cross-sectional surveys 

conducted between 2008 and 2011. In this research, travel characteristics were assessed for 

different travel purposes such as commuting, shopping, leisure, and others. Multivariate analysis 

included factors such as age, gender, education, car ownership, income, household size, and 
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dwelling characteristics. Their study identified the presence of social exclusion in travel attitude 

as a higher gap between middle- and high-income groups were observed. Daisy and Habib (2015) 

explored the temporal effect on Canadian populationsô discretionary activity participation by 

forming pseudo-panels based on cross-sectional data from 1992 to 2010. Discretionary activity 

participation such as shopping, groceries, entertainment etc. were analyzed by a random coefficient 

model and the results showed noticeable variation in activity participation across time and 

generation. The Pseudo-panels approach has been largely adopted in vehicle ownership studies 

due to the availability of good quality repeated cross-sectional data. Anowar et al. (2016) 

conducted a vehicle ownership evolution study for Montreal, Canada where datasets from three 

time periods (1998, 2003, and 2008) were utilized to assess the observed and unobserved vehicle 

ownership attributes. Cornutôs (2016) car ownership and travel demand study for Paris; Dargay 

and Vythoukasôs (1999) car ownership model for UK also followed similar methodology to capture 

the dynamic effect from independent static cross-sectional surveys.  

Previous literatures in transportation domain involving pseudo-panel and dynamic time-series 

analysis mostly explored long-term travel behaviour, policy evaluation, demand estimation, and 

car ownership attributes (Anowar et al., 2016; Cornut, 2016; Daisy & Habib, 2015; Dargay, 2002; 

Dargay & Vythoulkas, 1999; Feng et al., 2017; Kasraian et al., 2018; Song et al., 2020; Tsai et al., 

2014; Weis & Axhausen, 2009).  In these studies, longitudinal data were derived by merging 

repeated cross-sectional surveys conducted over years, or even decades. However, exploration of 

day-to-day fluctuations of activity participation requires longitudinal data spanned over days, not 

years. Hence, multi-day travel diaries are often collected by the researchers where selected 

households report their activities for a week or more (Axhausen et al., 2002). The problem with 

such data collection efforts are high expenses and varying levels of inaccuracy stemming from 

fatigue or reduced motivation to participate in long surveys (Axhausen et al., 2002; Backor et al., 

2007; Jara-D²az & Rosales-Salas, 2015c). To overcome these problems, various methods have 

been explored to extend single-day trip diaries into multi-day formats. Some studies have 

conducted comparisons between short-spanned diaries and 7-day diaries, revealing that a shorter 

duration can still retain the richness of information if the days are selected appropriately (Hedges, 

1986; Jara-D²az & Rosales-Salas, 2015). Deschaintres et al.  (2022) for example, segmented the 

population by day and applied an expansion factor to obtain full-fledged travel information for 

each day. Zhang et al. (2018) developed a clustering-based sampling method that considers travel 
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patterns, travel distance, and travel variation to generate multi-day data from single-day travel 

information. Nevertheless, to the best of the authors' knowledge, only a limited number of studies 

have been undertaken to explore the expansion of independently reported single-day travel diaries 

into comprehensive multi-day travel logs through pseudo-panel formation. Besides, most of the 

prior pseudo-panel studies considered time-invariant factors such as birth year, education, gender, 

and household location to heuristically form groups and cohorts without adhering to any data-

driven approach (Cornut, 2016; Kasraian et al., 2018; Song et al., 2020, 2021; Tsai et al., 2014). 

The following study aimed to bridge the research gap by demonstrating a data-driven clustering 

approach for cohort formation followed by a pseudo-panel expansion of single-day travel diaries 

to attain longitudinal multi-day travel data. Econometric panel data estimation models were then 

applied to investigate how sociodemographic factors influence people's daily activity participation. 

4.2. Study Design 

This study utilized data from the HaliTRAC survey, detailed in Chapter 3, Section 3.3 of this thesis. 

The HaliTRAC survey adopted a location-focused approach to gathering information, aligning 

with similar travel surveys conducted throughout North America. With this method, respondents 

were asked to detail their activities for the designated travel day, providing insights into the specific 

locations and the nature of each activity undertaken. The survey also delved into the participants' 

movement between these activities, capturing essential details such as departure and arrival times, 

modes of travel, and other trip-related information. By interpreting the sequence of activities as a 

series of trips for analysis, this survey methodology offers a comprehensive understanding of travel 

patterns and behaviours. 

Figure 4.1 illustrates the process diagram of the research. By eliminating partial, and incomplete 

responses, 2573 individuals were considered in this study. To transform the single-day travel 

diaries into multi-day (5-days), a pseudo-panel approach was adopted. Individuals were divided 

into various groups based on day-to-day time-invariant factors such as their age, gender, education, 

and employment. For grouping and cohort formation, machine-learning-based clustering was 

applied to ensure that cohorts within each group share quantifiable within group similarity and 

between group dissimilarity. Lastly, multi-variate analyses such as fixed effects and random effects 

were performed to estimate the impact of independent variables on the dependent variable. Table 
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4.1 illustrates the demographic and trip-related variables used in the econometric models with 

descriptive statistics.  

 

Figure 4.1: Process Diagram of the Research Presented in this Chapter 

In this study, respondentsô activities were classified into three broad categories based on purpose: 

Work/school, routine, and discretionary. This classification is drawn from previous research on 

activity participation and time allocation (Aas, 1982; Khan & Habib, 2023; Reichman, 1976). For 

modelling, all variables in Table 4.1 were treated as independent variables, except for Vehicle 

Kilometers Traveled (VKT) which served as the dependent variable for each activity category. The 

multivariate analysis estimated the impact of these variables on VKT for each activity. 
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Table 4.1: Descriptive Statistics of Respondentsô Demographic and Trip Attributes 

Demography 

Variables N % Definition 

Age  

        <25 268 10.5 

Respondents age distribution.  
        25-55 1066 41.9 

        56-75 1016 39.9 

        >75 197 7.7 

Gender 

Respondents self-reported gender identity.         Male 1324 51.5 

        Female 1223 47.5 

Education High- Individuals holding a bachelorôs/ masterôs/other 

degrees from university; Medium- Individuals holding high 
school/college/non-university certificates; Low- Individuals 

holding no certificate/diploma/degree. 

        Low 144 5.6 

        Medium 999 38.8 

        High 1430 55.6 

Income High- Individuals/households earn equal or more than 

$75,000 per year; Medium- Individuals/households earn 

between $25,000 to $75,000 per year. Low- 

Individuals/households earn less than $25,000 per year. 

        High 1649 64.1 

        Medium 545 21.2 

        Low 379 14.7 

Employment Employed- Full-time workers; Retired- Retired from work; 

Student- Involved in full-time studies. The response from 

part-time workers and unemployed populations was minimal, 
and the clustering algorithm identified them as outliers. 

        Employed 1426 55.4 

        Retired 914 35.5 

        Student 233 9.1 

Household Size 

Number of members present in the household 

        One 290 11.3 

        Two 1195 46.4 

        Three 462 18 

        >Three 623 24.2 

Child Present in Household 

Presence of a household member under the age of 12         Yes 261 10.1 

        No 2312 89.9 

Household Location 

Location of the household         Urban 562 21.8 

        Suburban 1988 77.3 

Travel Resources 

Variables N % Definition 
Vehicle Ownership 

Number of cars owned by the household 

         No Car 101 3.9 

        One 972 37.8 

        Two 1184 46 

        Three 232 9 

        >Three 84 3.3 

Driving License 

Respondentôs possession of driving license         Yes 2340 93.4 

        No 169 6.6 
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Variables N % Definition 

Transit Pass 

Respondentôs possession of transit pass         Yes 169 6.6 

        No 2404 93.4 

Trip Information 

Variables N % Definition 
Trips Per Day 

Number of self-reported daily trips made by the individuals 

         One 242 9.4 

        Two 961 37.3 

        Three 388 15.1 

        Four 484 18.8 

        >Four 498 19.4 

Reported Daily Trips  

        Monday 2383 24.8 

Total number of self-reported trips occurring on a particular 
day of the week 

        Tuesday 1563 16.2 

        Wednesday 1740 18.1 

        Thursday 1530 15.9 

        Friday 2194 22.8 

Reported Activities  

Work/School  2755 28.6 Activity purpose is work or school  

Routine 3549 36.9 Activity purpose is shopping, groceries, clothing, personal 

business, health care, religious activities etc. 

Discretionary 3320 34.5 Activity purpose is recreation, dining out, visiting 

friends/relatives, etc. 

VKT-Work/School (KM) 26240.35 Combined vehicle kilometers traveled (vkt) for participating 

in different activities measured from the origin and 
destination lattitudes and longitudes by the Haversine 

formula 

VKT-Routine (KM) 21282.11 

VKT-Discretionary 

(KM) 

22905.12 

Note: Dollar amounts are Canadian Dollars (CAD) 

The representativeness of the sample considered in this study was evaluated by comparing sample 

data with the Census 2021 data available on the Statistics Canada webpage (Statistics Canada, 

2021). Socio-demographic variables age, gender, income, and employment were utilized for this 

purpose. The distribution of the attributes was found to align closely with the census data at 0 to 

7% variation. Therefore, the sample is considered representative of data for the population of 

HRM. Based on these conclusions, the dataset has not been weighted for further analysis. Figure 

4.2 shows the bar charts of compared attributes. 
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(a) Age 

 
(b) Gender 

 
(c) Employment 

 
(d) Income 

 

Figure 4.2: Comparison Between HaliTRAC and Census 2021 Data 

 

4.3. Methodology  

4.3.1. Pseudo-panel 

Deaton's (1985) pseudo-panel method acts as a proxy for genuine panel data by forming 

observations from aggregation of cohorts. While individual observations are time-independent, 

once cohorts are created, they can be treated as a single observation with attributes spanning over 
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time, similar to genuine panel data (Verbeek & Nijman, 1992). A general mathematical formulation 

of the panel data regression model is shown in Equation 4.1.  

ώ  ‍  ‍ὼ  ‘  ‐                                                                                                 (4.1) 

Here, ‍ is the incerpect, ‍is the coefficient to be estimated, ‘ is the unobserved individual 

effect, ‐ is the error term and ὼ is the independent variable for individual Ὥ across time-period 

ὸ. However, in pseudo-panel, cohorts are treated as a single observation in the dataset, and the 

mean values of the variables are used to represent the observations (Daisy, 2018). Hence, the 

regression formula takes the shape presented in Equation 4.2.  

ώ   ‍  ‍ὼӶ  ‘Ӷ  ‐Ӷ                                                                                                (4.2) 

Here, subscript ὧ instead of Ὥ denotes constructed cohort observations and the bar denotes the mean 

values. 

4.3.2. Dataset Construction 

Similar to genuine panel data, a pseudo-panel dataset requires observations of a similar entity 

traced over a period of time. Given that cross-sectional data from various time periods contain 

observations of different individuals, aggregated observations are created based on distinct time-

invariant characteristics. These observations are addressed as cohorts belonging to groups 

formulated in a way that large within group similarity and between group dissimilarity exist. 

Pseudo-panel dataset construction is highly data demanding and to attain better model fit, a large 

cohort size along with a higher number of observations is required. A higher number of groups 

provide more observation but reduces cohort size and a large cohort size reduces the number of 

observations. Hence, a balance needs to be identified between the size of cohorts and the total 

number of observations (Tsai et al., 2013). Smaller cohort sizes can still yield better outcomes if 

the cohort construction process ensures maximum inter-group variation (Verbeek & Nijman, 

1992). This research employed an unsupervised machine-learning-based K-prototype clustering 

algorithm to form well-defined groups based on four time-invariant sociodemographic variables 

age, gender, education, and employment. While previous research often used birth year as a 

common grouping factor (Tsai et al., 2014), this study finds age more appropriate as a time-

invariant factor due to the time variable being measured in days instead of years.  
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Huang's (1998) K-prototype clustering method was deemed most suitable for its compatibility with 

both numerical (age) and categorical (gender, education, and income) data. The K-prototype 

algorithm for clustering begins by determining k centroids, represented as {C1, C2, ..., Ck,} by 

selecting starting points on each variable {V1, V2, é, Vp}. It then proceeds to compute the 

distance between data points in the dataset and the centroids of the clusters, and subsequently 

assigns the data points to the cluster with the closest prototype distance to the centroid. After all 

objects have been allocated into clusters, the algorithm recalculates the new centroids of the 

clusters and reassigns all objects based on the updated prototypes. The error/cost function in K-

prototype measures the distance between the observed data points and the assigned prototype 

center. The mathematical formulation of cost minimization function for a mixed dataset 

ὛȟὛȟȣȢȢȟὛȟὛ ȟȣȢȢȟὛ  having  ὲ number of observations with ὴ are numeric ὶ and  

ά ὴ categorical ὧ is shown in Equation 4.3 (Huang, 1998; Ji et al., 2012; Li et al., 2019; Pham 

et al., 2011). 

Ὁ  ύȟὨὛȟὗ                                                                                                                     τȢσ 

Here, ύȟ belongs to the partition matrix ὡ , ὗ is the cluster prototype, and ὨὛȟὗ  measures 

dissimilarity of the numerical and categorical data. The term ὨὛȟὗ  is further interpreted in 

Equation 4.4. 

ὨὛȟὗ  Ὓ  ὤ  ‎ ‏Ὓȟὤ                                                                         τȢτ  

The first term of this equation measures squared Euclidean distance of the numeric values and the 

second term identifies dissimilarities of categorical data. ‎ is the weighted balance between the 

terms. 

4.3.3. Estimation Models 

Estimating from pooled cross-sectional data often leads to biased estimates, primarily because of 

the presence of time-invariant unobservable variables correlated with the regressors. Models such 

as Fixed Effects and Random Effects control this bias by canceling it out or by considering it an 
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exogenous factor. Tsai et al. (2013) conducted a study to explore the performance of various 

estimation models on pseudo-panel data. Their findings revealed that the accuracy of the models 

is significantly influenced by the between and within-group variance in the data, making it difficult 

to determine a definitive preferred model. Hence, this research explored both static Fixed and 

Random effects models to identify the best fit.  

4.3.4. Fixed Effects Model 

The fixed effects model has been largely used by researchers for static pseudo-panel estimation 

(Barzin et al., 2018; Dargay & Vythoulkas, 1999; Kasraian et al., 2018; Tsai et al., 2014). This 

model adjusts against unobserved group effect by demeaning or subtracting the time-mean of each 

unit from its respective observations. By doing so, the pooled regression formula takes a reduced 

shape as shown in Equation 4.5.  

ώ  ώ  ‍  ‍ ὼ  ὼ  ‐                                                                                  (4.5)           

Fixed effect models are more flexible as they do not necessitate any specific assumptions regarding 

the distribution of unobserved heterogeneity. But, in FE, the unobserved group effect varies over 

time, while the unobserved individual effect remains constant. Besides, the model focuses solely 

on within-group predictors, disregarding between-group differences. So, when there is significant 

variation in both within-group and between-group attributes, the accuracy of the Fixed Effects 

estimation may be compromised (Allison, 2009).  

4.3.5. Random Effects Model 

Random Effects model on the other hand considers unobserved heterogeneity exogenous and 

unrelated to the explanatory variables. Since entityôs error term is assumed to be uncorrelated with 

the regressors, time invariant variables can also be considered independent variables. The model 

is estimated using Generalized Least Squares (GLS) or Maximum Likelihood (ML) methods, and 

it considers both between-group and within-group variations (Kasraian et al., 2018). The Random 

Effects model is a hierarchical multilevel model and is especially suitable for research designs that 

involve data organized at multiple levels i.e., individuals and groups. However, if the assumption 

of exogenous unobserved heterogeneity is violated, the estimates may become biased. 
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4.4. Analysis and Results 

The primary objective of this research was to develop a methodological framework for expanding 

single-day travel diaries to multi-day using a pseudo-panel approach. To achieve this, a series of 

comprehensive analyses were conducted. This chapter presents the systematic analysis approach 

along with its corresponding outcomes sequentially. 

4.4.1. Cohort Formation and Dataset Construction 

For cohort formation, four grouping criteria- age, gender, education, and employment were chosen. 

Unsupervised K-prototype auto clustering was applied to the study sample using the IBM SPSS 

software tool. Auto clustering in SPSS determines the optimum number of clusters by monitoring 

changes in Schwarzôs Bayesian Information Criteria (BIC) value. BIC serves as a measure of the 

prediction likelihood of the clustering model. When the optimal number of clusters is achieved, 

the BIC change becomes negligible, and the iteration process stops. In addition, silhouette measure 

of cohesion and separation measure cluster quality based on data points' similarity to their own 

cluster and dissimilarity to other clusters. Figure 4.3 demonstrates the optimum number of clusters 

and cluster quality from the analysis.  

 

Figure 4.3: Optimum Number of Clusters and Cluster Quality from Analysis 
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To adhere to the conventional terminology of pseudo-panel studies, clusters have been designated 

as groups, and individuals within these clusters have been referred to as cohorts from onwards. 

Table 4.2 presents the profiles and cohort sizes of the groups derived from the analysis. The results 

identified four groups of retired-old males and females, four groups of working-class middle-aged 

males and females, and one group comprising young students with diverse genders and education 

levels. 

Table 4.2: Summary of the Profiles and Cohort Sizes of the Identified Groups 

Groups 
Grouping Criteria 

Cohort Size 
Mean Age Gender Education Employment 

Group 1 70.2 Male High Retired 286 

Group 2 70.4 Male Medium Retired 212 

Group 3 67 Female Medium Retired 192 

Group 4 68 Female High Retired 224 

Group 5 43.4 Female High Employed 501 

Group 6 45.8 Female Medium Employed 198 

Group 7 17.5 Mixed Medium to Low Student 233 

Group 8 44.5 Male High Employed 419 

Group 9 46.6 Male Medium Employed 308 

    Total 2573 

 

It has been discussed earlier that the pseudo-panel dataset requires observations of similar entities 

traced over a period of time. Hence, it is important that the systematically constructed observations 

(cohorts) exhibit their attributes at each time point. To satisfy this requirement, the formulated 

groups were re-evaluated based on the reporting days of the cohorts' travel diaries. As shown in 

Table 4.3, cohort sizes have been adjusted based on the minimum number of five-day observations 

available for each group. For example, for Group 1 in Table 4.3, a minimum of 38 samples can be 

extracted that have observations for all five days of the week. Therefore, the cohort size has been 

adjusted to 38 for Group 1. While this group initially contained 286 individuals, the sampling 

process required for longitudinal representation allowed for only 38 individuals to be sampled 

from this group in order to carry out the econometric analysis. This significant reduction in sample 
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size is certainly a drawback of this approach, but it cannot be avoided due to data limitations. 

Following this process, 329 synthetic observations have been drawn from a pool of 2,573 cohorts 

and included in the pseudo-panel dataset for further analysis. 

Table 4.3: Cohort Size Adjustment Based on Reported Travel Diaries 

Groups 

Reported Day of the Week Adjusted 

Cohort 

Size 
Monday Tuesday Wednesday Thursday Friday 

Group 1 66 38 50 59 56 38 

Group 2 44 39 41 26 48 26 

Group 3 35 37 47 24 38 24 

Group 4 43 34 36 45 56 34 

Group 5 143 88 72 80 111 72 

Group 6 54 26 42 22 50 22 

Group 7 78 38 47 24 46 24 

Group 8 136 65 57 59 100 57 

Group 9 90 63 63 39 74 32 

     Total 329 

 

4.4.2. Travel Pattern Analysis 

The constructed pseudo-panel data constituted the cohortôs multi-day travel log. Therefore, several 

dynamic observations were made leveraging the longitudinal data format.  The travel behaviour of 

each group during weekdays was analyzed by dividing the total daily trips into hourly intervals. 

Noticeable dissimilarities in daily and hourly travel patterns across the groups were found. Figure 

4.4 depicts the distribution of the trips and day-to-day variations. Groups 1 to 4, comprising retired-

old males and females, exhibited a gradual increase in trips from late morning to a peak during 

mid-day, followed by a gradual decline in the evening. Their late evening trip count was observed 

to be relatively lower. Groups 5,6 and 8,9 were full-time workers and they exhibited two distinct 

morning and evening peaks which are presumably the work trips. Besides, they started trips earlier 

than the retired population and took part in a higher number of evening trips. In terms of day-to-

day fluctuation of trips, working cohorts had higher fluctuations compared to the retirees. The 

student group also showed discernable characteristics in their travel pattern. For them, two distinct 

daily peaks were seen, the later peak occurring between 12 PM to 3 PM, considerably earlier than 

the working peopleôs evening peak. In general, there were significantly higher numbers of evening 

and late-night trips on Fridays among workers and students, but not among retirees.  
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(a) Group 1 (b) Group 2 (c) Group 3 

   

(d) Group 4 (e) Group 5 (f) Group 6 

   
(g) Group 7 (h) Group 8 (i) Group 9 

 

Figure 4.4: Daily and Hourly Distribution of the Trips 

 

Though disaggregated hourly and daily travel information provided interesting travel behaviour 

inference, this study largely focused on cohortsô weekday activity participation. Hence, 

work/school, routine, and discretionary activities have been plotted in Figure 4.5 to examine the 

daily variation in activity participation across the groups. From the results, work or school trips 

were mostly observed for the employed and student groups. A óday of the weekô effect was also 

discovered for work/school trips since the number of trips gradually decreased from Monday to 

Friday.  
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(a) Work/School 

 
(b) Routine 

 
(c) Discretionary 

Figure 4.5: Daily Variation in Activity Participation Across the Groups 
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From Figure 4.5, the highest number of individuals belonging to employed and student cohorts 

were found making work trips on Mondays whereas the lowest number of trips were observed for 

Fridays.  This outcome is most likely the effect of largely adapted hybrid/remote work and study 

arrangements in the post-pandemic periods. Routine activities, however, did not show significant 

temporal trend. However, a few important revelations were noted. Older cohorts were found to be 

more involved in routine activities whereas young students were seen as less interested in it. 

Females took part more in routine activities compared to their male counterparts. Significant daily 

variations were observed in discretionary trips. Mondays and Fridays stood out as the days with 

the highest participation in discretionary activities, with Fridays being the most favored day. Older 

cohortsô participation was considerably low compared to the middle-aged working people. 

Students, however, were found less involved in discretionary activities. From overall observation, 

studentsô travel behaviour seemed more restricted compared to the other groups possibly due to 

reasons such as lacking a driving license, access to a car, or other necessary travel resources. 

 

4.4.3. Model Implementation and Estimation 

Based on the cohorts developed in this study, this study utilizes fixed and random effects modelling 

techniques to gain a comprehensive understanding of the factors influencing activity participation. 

Vehicle Kilometers Traveled (VKT) to participate in three major activities- work/school, routine, 

and discretionary was considered the continuous dependent variable. Thus, one Fixed Effects 

model and one Random Effects model were developed for each activity, yielding a total of 6 

alternative models. The specification of the developed models is shown in Equation 4.6. 

ÌÎ ὠὑὝ Ⱦ ȢȾ Ȣ  ‍  ‍ὛὈ  ‍ὝὙ  ‍ὝὍ  ‘  ‐                         (4.6) 

Here, ὛὈȟὝὙȟὥὲὨ ὝὍ denotes Socio-demographic, travel resource, and trip information related 

independent variables. ‍ is the intercept and ‘ is the unobserved individual effect, ‐ is the error 

term. Table 4.4 shows the estimation results obtained from the Fixed and Random effects model 

for the logarithm transformed dependent variable ὠὑὝ Ⱦ Ȣ 
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Table 4.4: Estimates from the Work/School Activity Model 

Variables Coefficients 

(a) Fixed Effects 

Coefficients 

(b) Random Effects 

Vehicle Ownership  0.181***  0.254*** 

HH Size -0.221*** -0.201*** 

Gender (Ref: Female)   

        Male  0.229*** -0.015 

Education (Ref: Low)   

        High 0.802*** 0.535*** 

        Medium 0.769*** 0.575*** 

Income (Ref: Low)   

        High 0.933*** 0.649*** 

        Medium 1.159*** 0.653*** 

Employment (Ref: Student)   

        Employed  0.801**  0.068 

        Retired -1.000*** -0.636*** 

Child Present in HH 0.467***  0.787*** 

Driving License 0.663***  0.661*** 

Transit Pass -0.179** -0.255*** 

Teleworker -0.153 -0.127 

Travel Partner (Ref: Alone)   

Drive with Child -0.699*** -0.897*** 

Drive with Others  0.071* -0.026 

Suburban Dweller  0.370***  0.289*** 

Day of the Week (Ref: Friday)   

        Monday  0.372***  0.208*** 

        Tuesday -0.092* -0.183*** 

        Wednesday  0.403***   0.400*** 

        Thursday  0.112**   0.179** 

Constant -0.03*   0.127 

Overall R2  0.37   0.34 

Significance: zᶻzὴ πȢππρȠ zz ὴ πȢπυȠ zὴ πȢρ   
 

The findings from the work/school activity model (Table 4.4) revealed several intriguing insights. 

Most of the independent variables had a statistically significant influence on work/school VKT. 

Factors such as vehicle ownership, high income, and education, employment, presence of children 

in the house, driving license positively impacted the dependent variable. Suburban dwellers were 

found traveling more for their work and school trips compared to urban dwellers. The study 

identified driving alone to work as the most favored travel arrangement while teleworking and 

using public transit were found to travel less for work/school-related purposes. Moreover, lengthier 

commutes for work or school were noted specifically on Mondays and Wednesdays, mirroring the 

observations depicted in Figure 4.5. A Durbin-Wu-Hausman (DWH) test was carried out to 
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understand whether any correlation exists between the error terms and the regressors. The test 

results confirmed the correlation between unobserved effects and the independent variables. As a 

result, the Fixed Effect model was considered more suitable for result estimation.  

The next model also employed similar independent variables and modelling methods to estimate 

the determinants of routine activity participation. Table 4.5 illustrates the outcomes of the model. 

Table 4.5: Estimates from the Routine Activity Model 

Variables Coefficients 

(a) Fixed Effects 

Coefficients 

(b) Random Effects 

Vehicle Ownership 0.229***  0.144*** 

HH Size 0.001  0.056*** 

Gender   

        Male -0.286*** -0.144*** 

Income   

        Medium 0.127***  0.126*** 

        Low 1.031***  1.141*** 

Employment   

        Employed  0.513***  0.106** 

        Retired  0.783***  0.054 

Child Present in HH -0.513*** -0.305** 

Driving License  0.099  0.117* 

Transit Pass -0.641*** -0.474*** 

Teleworker -0.434*** -0.354*** 

Travel Partner (Ref: Alone)   

Drive with Child  0.683***  0.482*** 

Drive with Others  0.460*** 0.506*** 

Urban Dweller -0.266*** -0.296*** 

Day of the Week (Ref: Friday)   

        Monday  0.041  0.024 

        Tuesday -0.053 -0.051 

        Wednesday  0.109**  0.090** 

        Thursday  0.092**  0.081* 

Constant  0.228*  0.630*** 

Overall R2  0.148  0.132 

Significance: zᶻzὴ πȢππρȠ zz ὴ πȢπυȠ zὴ πȢρ   
 

Factors such as vehicle ownership, household size, income, retirement, and driving license were 

found positively associated with routine VKT. Teleworkers and transit pass holders were found to 

travel less to participate in routine activities such as shopping, groceries, clothing, personal 

business, health care, and religious activities. In contrast to work and school trips, routine trips 

were frequently undertaken with partners or children, and males were less inclined to participate 
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in routine activities. Significant temporal trend in terms of daily variation was not observed for 

routine activities. The model omitted a few observations due to collinearity and the DWH test 

identified the Fixed Effects model as more applicable as the assumption of variation across entities 

being random and uncorrelated did not hold true. Table 4.6 below illustrates the variables and their 

estimates for discretionary activity participation. 

Table 4.6: Estimates from the Discretionary Activity Model 

Variables Coefficients 

(a) Fixed Effects 

Coefficients 

(b) Random Effects 

Vehicle Ownership  0.313***  0.312*** 

HH Size -0.059*** -0.037** 

Gender (Ref: Female)   

        Male -0.098***  0.133 *** 

Income (Ref: High)   

       Medium -0.258 *** -0.169*** 

        Low -0.312 **  0.175* 

Employment (Ref: Student)   

        Employed -0.672*** -0.096* 

        Retired -0.366*** -0.156** 

Child Present in HH -0.479*** -0.650 *** 

Driving License  0.335***  0.189** 

Transit Pass -0.121 -0.048 

Teleworker  0.038  0.029 

Travel Partner (Ref: Alone)   

Drive with Child  0.859***  0.934*** 

Drive with Others  0.327***  0.352*** 

Urban Dweller -0.241*** -0.236*** 

Day of the Week (Ref: Monday)   

        Tuesday -0.266***  0.024 

        Wednesday  0.046 -0.051 

        Thursday  0.058  0.090** 

        Friday  0.183***  0.081* 

Constant  1.258***  0.843*** 

Overall R2  0.166  0.187 

Significance: zᶻzὴ πȢππρȠ zz ὴ πȢπυȠ zὴ πȢρ   
 

Results showed that vehicle ownership and driving licenses positively influence discretionary 

activities. Participation in discretionary activities was higher among retirees and employed 

individuals. The urban residents tended to travel shorter distances to engage in these activities. 

Having children and using public transit were identified as factors that decreased involvement in 

discretionary activities. It was observed that people often drove with their partners or children 

when attending such activities. Additionally, the findings indicated that teleworkers had a higher 
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likelihood of participating in these activities. A compelling temporal effect emerged, revealing that 

individuals are more inclined to extend their driving distances when engaging in discretionary 

activities, particularly on Fridays. Based on the DWH test, the random effects model was 

determined to be a more suitable fit. 

4.5. Conclusions 

This research aimed to develop a methodological framework for expanding single-day travel 

diaries to multi-day using a pseudo-panel approach and explore the temporal nexus in cohort-level 

activity participation. To achieve this, a data-driven clustering approach was followed for cohort 

formation and a time-series pseudo-panel dataset was constructed. Econometric estimation models 

were employed, and sociodemographic factors and travel resources-related determinants of 

activity participation were identified. Looking at the daily and hourly distribution of the trips, 

several interesting patterns were observed. The retired cohorts exhibited lower variation across the 

weekdays and a gradual mid-day peak. Their evening to after-hour trips were found limited. 

Worker and student cohort on the other hand showed two distinct AM and PM peaks with high 

travel variation across the weekdays. The PM peaks observed for the student cohorts occurred 

earlier than the workers. Work and school trips demonstrated a significant daily effect as the 

number of trips gradually decreased from Monday to Friday. Older and female cohorts were found 

more involved in routine activities whereas young students were seen less interested. Among the 

days of the week, Mondays and Fridays had the highest engagement in discretionary activities, 

with Fridays being the most preferred day. Activity participation was found largely attributed to 

vehicle ownership, income, education, license, and household structure. Possession of a transit 

pass not being positively associated with activities gives a hint of social exclusion faced by the 

transit users. This study also unveiled that teleworkers are more likely to take part in discretionary 

activities as they are not burdened be mandatory or routine tasks. This notion has been supported 

in earlier studies also (Chakrabarti, 2018; Wºhner, 2022). In every instance of activity 

participation, it was observed that suburban residents tended to travel more than urban residents, 

indicating that mixed land-use developments lead to shorter trips and reduced vehicle kilometers 

traveled (VKTs). The findings of this research call for policy re-evaluation to adjust and 

accommodate daily and hourly variations by optimal transit scheduling, and route operation. 

Besides, by the detailed exploration and profiling of activity participants can support decision-
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making that positively impacts transportation, the environment, public health, and social well-

being. 

There are several limitations and scope for future improvements. The aggregation effect on 

pseudo-panel data reduces individual-level heterogeneity making nuanced observation of 

individual characteristics difficult. Also due to limited data, static models were implemented 

overlooking the influence of past day's activities on the current day's activity participation. 

Incorporating accessibility measures and factors related to the built environment has the potential 

to produce intriguing results in the proposed models. Future studies can investigate these 

shortcomings by collecting large samples of true panel data which can be implemented for both 

validation and dynamic model development. Nonetheless, this study offers a framework for 

analyzing travel patterns form a single-day data collection approach, where typical day 

assumptions are challenged given emerging post-pandemic travel behaviour. This modelling 

approach will help to rethink multiple modelling aspects, including activity participation, 

scheduling, mode choice, shared travel, and destination choice models within newer activity 

models that address ótypical weekdayô barrier. 
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Chapter 5   

Modelling Weekly Representative Activity 

Patterns: A Multiple Sequence Alignment 

Approach 2 

 

 

 

5.1. Introduction  

The sequential representation of activity patterns was first introduced in travel behaviour research 

by Wilson (1998). The Sequence Alignment Method (SAM), primarily used in bioinformatics, 

aims to align identical sequences for optimal matching. Pairwise Sequence Alignment tools 

identify regions of similarity between two biological sequences, indicating possible functional, 

structural, or evolutionary relationships. Multiple Sequence Alignment (MSA) extends this 

alignment to three or more sequences of similar length, allowing researchers to infer homology 

and study evolutionary relationships among the sequences (Sofi et al., 2022). Sequence alignment 

methods can account for the sequential relationships of activities, quantify similarities and 

differences among activity patterns, and identify groups with similar activity-travel sequences. 

These features have made them popular in travel behaviour research (Joh et al., 2002; Joh & 

Timmermans, 2011). Xianyu et al. (2017) utilized multi-dimensional sequence alignment to 

measure dissimilarities in individual daily activity-travel sequences across different travel days. 

Subsequently, they employed a series of panel regression models to assess the impact of socio-

demographics and days of the week on these sequences. Hafezi et al. (2019) analyzed the 

 
2 This chapter is adapted from: 

 

Bhuiyan, M.R.H., & Habib, M.A. (2024). Modelling Weekly Representative Activity Patterns of Population Groups: 

A Bioinspired Multiple Sequence Alignment Approach. Transportation. (under review). 
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complexity of activity sequences using the Fuzzy C-Means (FCM) clustering algorithm, 

identifying twelve unique clusters of homogeneous daily activity patterns. They used the 

Classification and Regression Trees (CART) classifier to characterize these clusters based on 

socio-demographic attributes and employed the multiple sequence alignment (MSA) method to 

identify representative activity patterns. Allahviranloo et al. (2017) proposed a methodology for 

synthesizing activity chains and their space-time distribution. This involved clustering activity 

patterns into representative sets using message passing algorithms and then employing multivariate 

probit models to capture correlations between travelers' demographic profiles and their activity 

bundles and sequences. Saneinejad & Roorda (2009) used multiple sequence alignment methods 

to measure similarities in routine weekly activity sequences. Moiseeva et al. (2014) applied 

sequence alignment to analyze sources of variability in longitudinal activity-travel patterns, 

finding that interpersonal variability is significantly higher than intrapersonal variability and both 

types of variability are influenced by sociodemographic factors such as gender and country of 

origin.  

Although previous studies on multiple sequence alignment have primarily focused on day-to-day 

travel variability, clustering homogeneous activity groups, and identifying representative activity 

patterns, very few have investigated the construction of weekly representative travel patterns for 

population groups using single-day data based on activity patterns and socio-demographic 

similarities. Addressing this gap, this research proposes a novel framework to derive weekly 

representative travel patterns from single-day travel diaries. The approach uses multiple sequence 

alignment with hierarchical clustering, followed by progressive sequence alignment to construct 

day-level and week-level representative patterns, ultimately producing archetypal weekly pseudo-

travel diaries. While this research does not seek to enhance the sequence alignment approach itself, 

it introduces a novel framework to address a critical concern in travel behaviour research: 

maximizing the utility of single-day activity-travel data. By effectively sampling a diverse set of 

activity-travel patterns, the proposed framework allows them to serve as surrogates for multi-day 

activity-travel data. 
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5.2. Data and Concept 

5.2.1. Data Description 

This study utilized data from the HaliTRAC survey, detailed in Chapter 3, Section 3.3 of this thesis. 

In this survey, 3,731 households and 5,095 individuals participated, providing detailed accounts of 

their activities over a designated 24-hour period (from 3 AM to 3 AM). The data captured includes 

information on locations, types of activities, departure and arrival times, modes of transportation, 

and other trip-related details. The research presented in this chapter includes the information of 

2295 individual travel diaries containing activity-travel data for all five weekdays (Monday- 720, 

Tuesday- 348, Wednesday- 442, Thursday- 417, and Friday- 368). The detailed socio-demographic 

and activity-related information of the sample is presented in Table 5.1. 

5.2.2. Data Processing 

The data from the 24-hr travel log was processed to generate unidimensional (only temporal 

dimension, no spatial consideration) activity sequences for each individual. By dividing the 24-hr 

(1440 min) time budget into 15-minute intervals and 10 distinct activities, 96-character activity-

sequences were prepared. This approach included defining 10 activity types, character coding each 

activity, examining time-use per activity from the travel log to represent each 15-minute time slot 

with an activity character. Activities lasting less than 15 minutes were ignored, and the remaining 

activities were rounded up or down to the nearest 15-minute interval. Figure 5.1 demonstrates a 

simplified activity sequence chain, where each character (H, W, C, R, M) represents a specific 

activity type (Home, Work, Chore, Recreation, and Shopping), along with their respective time 

stamps. Table 5.1 presents the 10 activity categories considered in this study, their character codes, 

and description along with daily time use statistics. 

 

 

Figure 5.1: Representation of an activity pattern sequence 
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Table 5.1: Descriptive Statistics of demographics and daily activities 

Demography  N Sample  

(%) 

Census (%) 
Statistics Canada 

(2023, 2024) 

Description 

Age <25 292 12.72 12.9 Respondentsô age distribution. 
 

25-55 845 36.82 43.7 
 

55-75 951 41.44 34 
 

>75 207 9.02 9.1 

Gender 
     

 
Male 1180 51.42 48.7 Respondentsô self-reported 

gender identity.  
Female 1115 48.58 51.3 

Employment 
     

 
Full-time 1022 44.53 51.9 Respondents' employment status. 

 
Part-time 73 3.18 

 
Retired 930 40.52 40.5 

 
Student 270 11.76 7.6 

Education 
     

 
University 1271 55.38 33.7 Respondents' education level. 

 
College 377 16.43 19.8 

 
Highschool 494 21.53 25.3 

 
No degree 153 6.67 12.1 

Daily Activity  Code Total 15-

Min 

Episodes 

Sample 

Average 

Duration 

(hr.) 

S.D. 

(hr.) 

Census Average 

Duration (hr.)  

Description 

In home  H 151103 16.46 4.51 8.9 In-home activities such as home 
leisure and sleep, excluding 
working from home and in-home 
chores. (census considers only 
sleep activities) 

Work at 

workplace 

 W 19699 2.15 3.8 3.5 Work activities, including 
regularly scheduled work and 

work-related tasks such as calls 
and meetings. 

Work from 

home 

 T 7317 0.8 2.41 - Performing paid work from 
home  

School  S 5448 0.59 2.01 0.6 Daycare, school, or activities 
related to school. 

Shopping M 5875 0.64 1.55 0.4 Shopping for goods and services, 
routine shopping. 

Escort  E 1315 0.14 0.68 0.9 Pickup/drop off. 

Recreation  R 9050 0.99 1.9 0.8 Eating out, meeting friends, and 
other entertainment activities. 

Home chore  C 15259 1.66 3.01 2.1 Eating or meal preparation, 

cleaning, home maintenance, 
childcare, and other in-home 
activities. 

Personal 

business 

 P 3380 0.37 1.24 0.8 Fitness activities, medical, and 
banking. 

Other activities  O 1874 0.2 0.94 0.2 All non-routine, non-traditional 
activities. 
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While Table 5.1 demonstrates that the sample data is demographically representative of the 

population at an acceptable level (Ḑ5%), this research further leverages the sequential nature of 

the dataset by visualizing the start-time, end-time, and duration of daily activities for all defined 

activities, excluding in-home activities (demonstrated in Figure 5.2 (a) & (b)) 

 

 

 
Figure 5.2: (a) Activity start-time, end-time and duration (b) density plot of the dataset 

Figure 5.2(a) illustrates the frequency of occurrence of specific activities at various times 

throughout the day, providing some interesting insights about activity start time, end-time, 

duration. Activities such as work, home chores, and personal business peak in the morning. Home 

chores and personal business gradually decline after the morning peak, while work remains steady 

for much of the day before dropping off in the evening. Home chores exhibit two peaks: one in the 

morning and another in the evening. Shopping peaks significantly in the morning, primarily due 
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to the retired population shopping early. Recreation shows two peaks, with a morning peak 

associated with retirees and an evening peak linked to the working class. Additionally, school 

activities and at-home work begin later in the day and conclude earlier than other activities. Figure 

5.2(b), on the other hand, presents the density plot of activity sequences for all 2,295 individuals, 

revealing time spans with higher durations of both in-home and out-of-home activities. 

5.2.3. Conceptual Framework 

The framework of this study comprises of four modules. The modules are briefly discussed in this 

section. Figure 5.3 below provides a visual demonstration of the framework. 

 

Figure 5.3: The Conceptual Framework of this Research 

Firstly, the 2295 activity sequences were divided into 5 datasets based on the day for which the 

responses were recorded. Hierarchical clustering using Levenshtein distance was then applied to 

each dataset to form ówithin-day similarô groups with homogeneous activity-travel patterns. 

Secondly, the Needleman-Wunsch algorithm was used for pairwise alignment within these groups 

to measure the levels of similarity and dissimilarity. Thirdly, progressive multiple sequence 

alignment was conducted on each ówithin-day similarô group to create single representative activity 

sequences. For instance, if hierarchical clustering identifies 11 groups (each group contains several 
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similar sequences), progressive alignment generates 11 representative sequences. This process 

involves utilizing pairwise alignment scores from module 2, followed by sequence alignment of 

the closet pairs based on a dynamically updating distance matrix. Detailed methodology and 

processes are discussed in the methodology and analysis section. The fourth module involves 

quantifying across-day similarities of representative patterns (using pairwise alignment) and 

demographic profiles (based on the Jaccard Index). These similarity scores are then merged to 

obtain overall similarity scores, identifying population groups with high similarity levels across 

different days to construct the longitudinal data structure. 

5.3. Methods 

 In transportation research, similarities are typically assessed based on attributes such as activity 

type, location, timing, duration, and transport mode. However, these conventional measures often 

fail to capture the sequential relationships inherent in activity-travel patterns. The Sequence 

Alignment Method (SAM), initially developed for molecular biology and introduced to travel 

behaviour research by Wilson (1998), offers a novel approach. Unlike traditional geometric 

distance measures, SAM utilizes biological distance, defined as the minimum number of changes 

(mutations) required to align sequences. This method effectively incorporates sequential 

information, allowing for a more nuanced and accurate comparison of activity-travel patterns (Joh 

et al., 2002).  

In generating multi-day activity-travel data from single-day diaries through the Sequence 

Alignment Method (SAM), this study assumes that individuals with similar socio-demographic 

profiles display consistent and comparable travel behaviours over time (Bhat, 1996; Hensher & 

Rose, 2007; Meloni et al., 2009; Pas, 1984; Xianyu et al., 2017). Additionally, it posits that single-

day data encompasses a diverse array of activity-travel patterns, sufficient to serve as a surrogate 

for multi-day patterns (Zhang et al., 2018a). As previously discussed, this research analyzed 

activity patterns in four steps to achieve a longitudinal orientation of the data. The methodologies, 

algorithms, and processes utilized in each step are detailed in this section. 

5.3.1. Hierarchical Clustering Using Levenshtein Distance 

This method combines Levenshtein distance, a measure of dissimilarity between sequences, with 

hierarchical clustering to group sequences based on their similarity. The goal was to cluster 
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ówithin-day similarô groups exhibiting homogeneous activity-travel patterns. Levenshtein 

distance, also known as edit distance, is the minimum number of single-character edits (insertions, 

deletions, or substitutions) required to transform one sequence into another. Given two sequences  

! and " of lengths a᷄᷄ and ὦ᷄᷄respectively, the Levenshtein distance ὰὩὺ ὨὭȟὮ is defined as- 

ὰὩὺ Ὠ ὭȟὮ  

ừ
Ử
Ừ

Ử
ứ

Ὦ
Ὥ

ÍÉÎ

ὨὭ ρȟὮ ρ

ὨὭȟὮ ρ ρ

ὨὭ ρȟὮ ρ ɿὥȟὦ

 

Where, Ὠ ὭȟὮ is the Levenshtein distance between the first Ὥ characters of string ! and the first Ὦ 

characters of string "Ȣ ɿὥȟὦ is the indicator/cost function that equals to 0 when ὥ  ὦ and 1 

otherwise. ὨὭȟὮ ρ ρ represents character insertion in sequence ! ÔÏ ÍÁÔÃÈ "ȟ ὨὭ ρȟὮ

ρ represents deleting a character from ὃȟ and ὨὭ ρȟὮ ρ ɿὥȟὦ represents substituting a 

character in ὃ with a character in ὄ if they differ. 

This research followed an bottom-up approach to build hierarchy of clusters. Ward's Method in 

hierarchical clustering created the linkage criteria which was then used to determine the distance 

between clusters. According to the Ward's minimum variance method, the aim is to minimize the 

increase in total within-cluster variance when two clusters are merged. The total within-cluster 

variance for a set of clusters is defined as the sum of the squared Euclidean distances from each 

point to the centroid of its cluster. For two points ὼ ὥὲὨ ὼ in a multidimensional space, the 

squared Euclidean distance Ὠ ὼȟὼ is- 

Ὠ ὼȟὼ  ὼ ὼ                                                                                                           υȢς 

As per Wardôs method, while merging two clusters ! and ὄ into a new cluster ὅ, the increase in 

within-cluster variation is quantified as-  

ῳὉ Ὠ ὼȟА Ὠ ὼȟА  Ὠ ὼȟА                                                                υȢσ 

ὭὪ É π 

ὭὪ Ê π 

ὭὪ É πȟὥὲὨ Ὦ π 
υȢρ 
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Where, А, А, and А are the centroids of clusters ὃ, ὄ, and ὅ respectively. Based on the given 

criteria, the pair of clusters that leads to the minimum increase in total within-cluster variance is 

chosen.  

5.3.2. Pairwise Alignment 

Pairwise alignments involve comparing two sequences, known as the source and the target. The 

target is positioned below the source to align equivalent elements, referred to as matches. To 

equalize their lengths and align corresponding elements, null elements, or gaps, are inserted. 

Alignments are evaluated using similarity or distance measures, with algorithms employed to 

either maximize similarity or minimize distance. This alignment process can either be local, or 

global. Global alignment compares the sequences over the entire length, looking for overall 

similarity. This study applies the global alignment with Needleman-Wunsch algorithm to calculate 

the pairwise alignment scores. The Needleman-Wunsch algorithm involves three main steps: 

initialization, matrix filling, and traceback. In this study, we avoid explaining the mathematical 

framework of the algorithm, but interested readers can refer to the following paper (Jackson & 

Aluru, 2005). Rather, we focus on the application of the framework from an activity-travel pattern 

perspective using a simple example. Two unidimensional 8-character activity sequences are- 

ὛὩήρ  ὌὌὓὓὛὛὌὌ; and 

ὛὩής  ὌὌὓὛὛὛὌὌ 

While results in classifying sequences with known patterns can be achieved by setting any gap 

penalties, this research aligns with the scoring schemes used in previous similar studies 

(Saneinejad & Roorda, 2009; Wilson et al., 1999). Hence, the following scoring-scheme for match, 

mismatch, gap insertion, and gap extension were followed- Match score: 10; Mismatch score: 0; 

Gap insertion: -3; Gap extension: -3.  

(a) Initialization: 

This step initializes the score matrix Ὂ with dimensions 9Ĭ9 (since each sequence has 8 characters, 

and one extra row and column added for the initial gaps). The first row and the first column are 

initialized with gap penalties. The gap insertion penalty is used for the first gap, and the gap 

extension penalty is used for subsequent gaps. 
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First row: 

ὊὭȟπ Ὣὥὴ Ὥ ρ Ὣὥὴ ȟᶅ  ɴ ρȟὰὩὲ ίὩήρ 

Which is,         ὊὭȟπ ψ Ὥ ρ σȟᶅ  ɴ ρȟψ 

Thus,                ὊὭȟπ πȟψȟρρȟρτȟρχȟςπȟςσȟςφȟςω 

First column: 

ὊπȟὮ Ὣὥὴ Ὦ ρ Ὣὥὴ ȟᶅ  ɴ ρȟὰὩὲ ίὩής 

Which is,         ὊπȟὮ ψ Ὦ ρ σȟᶅ  ɴ ρȟψ 

Thus,                ὊπȟὮ πȟψȟρρȟρτȟρχȟςπȟςσȟςφȟςω 

Top-left cell:  Ὂπȟπ π  

 

(b) Matrix Filling: 

For each cell, (Ὥ,Ὦ), scores based on match/mismatch, deletion, and insertion are computed. For cell 

(1,1); comparing "H" from ὛὩήρ with "H" from ὛὩής: 

Match/Mismatch:  

ὛὧέὶὩὊὭ ρȟὮ ρ άὥὸὧὬ ὭὪ ίὩήρὭ ρ ίὩήςὮρȠ ὩὰίὩ άὭίάὥὸὧὬȠ Ὓ Ὂπȟπ
ρπ  π ρπ ρπȢ  

Deletion: ὛὧέὶὩὊὭ ρȟὮ Ὣὥὴ Ƞ Ὓ Ὂπȟρ σ ψ σ ρρ 

Insertion: ὛὧέὶὩὊὭȟὮ ρ Ὣὥὴ Ƞ Ὓ Ὂρȟπ σ ψ σ ρρ  

Hence,     Ὂρȟρ ÍÁØρπȟρρȟρρ ρπ  

Continuing this process for all cells, we get the filled matrix having bottom right cell Ὂψȟψ χπȢ 

(c) Traceback: 

To determine the optimal alignment, a traceback is performed from (8,8) to (0,0), following the 

path of maximum scores. This alignment shows: Matches: H, H, M, S, S, H, H (7 matches), and 

Mismatch: M!= S (1 mismatch). Since the maximum possible score is ψ ρπ ψπ given all 

positions matched and the obtained alignment score is χπ, the percentage similarity is- 

ὖὩὶὧὩὲὸὥὫὩ ὖὥὭὶύὭίὩ ὛὭάὭὰὥὶὭὸώ 
Ὂψȟψ

ὓὥὼȢὛὧέὶὩ
ρππ 

χπ

ψπ
ρππψχȢυϷ   
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5.3.3. Progressive Alignment 

Progressive alignment is a widely used method in bioinformatics for creating multiple sequence 

alignments (MSA). The core idea behind progressive alignment is to build a final sequence 

incrementally by aligning sequences or groups of sequences step by step. The process involves 

three major steps: pairwise alignment score calculation, guide tree construction, and alignment 

according to the guide tree. This research applies a dynamic programming approach with specific 

scoring parameters to achieve the pairwise alignment scores (detailed in section 5.3.2). Guide tree 

construction in bioinformatics is done by methods such as UPGMA (Unweighted Pair Group 

Method with Arithmetic Mean) or Neighbor-Joining based on the computed distance matrix. This 

tree reflects the evolutionary distances between sequences and dictates the order in which 

sequences are aligned, ensuring that the closest sequences are aligned first. While this is achievable 

for aligning a small number of sequences, the computational burden is extremely high when 

comparing many sequences. To overcome this limitation, the merging of sequences was done based 

on immediate proximity in terms of pairwise distances without an explicit tree structure guiding 

the merging order. Hence, the iterative merging based on the current minimum distance in the 

matrix acts as an agglomerative clustering method. The alignment process included steps such as-

(1) identifying the closet pair at each iteration base on the current distance matrix, (2) aligning the 

pair which returns the best alignment based on the scoring rules, (3) creating a new sequence which 

replaces the original pair in the sequence list, and (4) updating the distance matrix to reflect the 

introduction of the new sequence. This process was repeated, reducing the number of sequences 

in each iteration, until only one combined sequence remained, representing the aligned sequence 

of all input sequences. The pseudo code for the ñprogressive_alignmentò has been included in 

Appendix A.  

5.3.4. Transcending to Multi-day 

The objective of this research was to derive multi-day activity patterns for population groups, 

considering overall activity and demographic similarities present in single-day data. Initially, the 

hierarchical clustering process detailed in Section 5.3.1 was implemented to cluster similar activity 

groups at the daily level. Subsequently, pairwise and progressive alignments were conducted to 
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create a single representative activity string for each group. However, these measures focused 

solely on within-day similarities. 

To extend this analysis across multiple days, we performed pairwise alignment on all identified 

group representative patterns (from Monday to Friday) to examine across-day similarities, 

following the methodology described in Section 3.2. This analysis revealed new 'week-groups' 

exhibiting similar activity patterns throughout the week. However, forming 'week-groups' based 

solely on activity pattern similarities is not comprehensive, as literature suggests that socio-

demographic profiles significantly influence travel behaviour (Bhat, 1996; Hanson, 1982; Hensher 

& Rose, 2007; Meloni et al., 2009; Pas, 1984; Strathman et al., 1994; Vetern²k & Gogola, 2017; 

Xianyu et al., 2017). To address this, we traced back the socio-demographic profiles of the groups 

and quantified the socio-demographic similarities between these groups using the Jaccard 

Similarity Index. Jaccard Similarity is a widely used metric for comparing the similarity and 

diversity of sample sets particularly having large numbers of categorical data. The mathematical 

formulation of this approach is- 

 

 

ὐ ὃȟὄ  
ὃ᷊ὄ

ὃ᷾ὄ
                        υȢτ 

 

 

Where, A and ὄ are the comparison sets of attributes. ȿὃ᷊ὄȿ represents the number of elements 

in the intersection of sets ὃ and ὄ, whereas ȿὃ᷾ὄȿ represents the number of elements in the union 

of ὃ and ὄ. For example, the matrix above lists the demographic attributes of two individuals 

(Ind1, Ind2). From the attribute matrix, we find that ὃ᷊ὄ ρ and ὃ᷾ὄ υ. Hence, 

ὐ ὃȟὄ  
᷊

᷾
 πȢς . Thus, from analysis, 20% similarity between the demographic 

attributes was observed. After performing demographic and activity pattern similarity 

measurements, the scores were combined to achieve an overall similarity score, defined as-  

Ὓ πȢψ ὖὥὸὸὩὶὲ ὛὭάὭὰὥὶὭὸώπȢς ὨὩάέὫὶὥὴὬὭὧ ίὭάὭὰὥὶὭὸώ                                            (5.5) 

Attributes Ind1 (A) Ind2 (B) ! .  A B᷾ 

Age (<25) 1 0 0 1 

Age (>25) 0 1 0 1 

Male 1 1 1 1 

Female 0 0 0 0 

Student 1 0 0 1 

Worker  0 1 0 1 

Sum 1 5 
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A heuristic approach was proposed to assign weightages for measuring overall similarity, 

prioritizing activity patterns over demographic similarity due to greater demographic variability. 

Groups with the highest weekday similarity were selected to form óweek-groups.ô 

5.4. Results and Discussions 

5.4.1. Clustering Results 

The hierarchical clustering process identified 'within-day similar' groups exhibiting homogeneous 

activity-travel patterns (results presented in Table 5.2). To keep the results succinct, cluster analysis 

for all five datasets is not included here. Instead, we present a dendrogram in Figure 5.4 to visualize 

the arrangement of clusters produced by the hierarchical clustering algorithm specifically for 

Thursday (Day 4). In hierarchical clustering, the elbow plot is utilized to determine the optimal 

number of clusters by plotting the distance at which clusters merge at each step of the clustering 

process. The point where the rate of increase in ómerge distanceô sharply changes indicates the 

most appropriate number of clusters. For this case, nine distinct clusters were identified. 

 

Figure 5.4: Dendrogram of clusters produced by hierarchical clustering algorithm 
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Table 5.2: Cluster Results with demographic and activity pattern information 

 G1 G2 G3 G4 G5 G6 G7 G8 G9 G10 

 Recreation/shop

ping 

Telework Household 

Chores 

Personal 

Business 

Other Activities Shopping Extended 

Recreation 

Escort/Chore/ 

Late Recreation 

School Work at 

Workplace 

D1 Mean Age- 56.3 

Female (52.7%) 

Retired (60.3%) 

University 

(52.6%) 

Major Activity- 

R (35.1%) 

Simplified Rep. 

Pattern- HMRH 

Mean Age- 40.6 

Female (55.3%) 

Full-time Work 

(96.4%) 

University 

(80.3%) 

Major Activity- 

T (96.4%) 

Simplified Rep. 

Pattern- HTH 

Mean Age- 54.1 

Male (52.3%) 

Retired (51.4%) 

University 

(60.55%) 

Major Activity- 

C (96%) 

Simplified Rep. 

Pattern- HCH 

Mean Age- 57.7 

Male (60.7%) 

Retired (50%) 

University 

(60.55%) 

Major Activity- 

P (100%) 

Simplified Rep. 

Pattern- HPH 

Mean Age- 69.5 

Male (71.4%) 

Retired (100%) 

University 

(64.3%) 

Major Activity- 

O (100%) 

Simplified Rep. 

Pattern- HOH 

Mean Age- 64.7 

Male (71.4%) 

Retired (100%) 

University 

(64.3%) 

Major Activity- 

O (100%) 

Simplified Rep. 

Pattern- HMH 

Mean Age- 61.6 

Male (55.5%) 

Retired (77.8%) 

University 

(54.9%) 

Major Activity- 

R (80%) 

Simplified Rep. 

Pattern- HRH 

Mean Age- 49 

Male (52.8%) 

Retired (47.8%) 

Highschool 

(43.5%) 

Major Activity- 

C (35%) 

Simplified Rep. 

Pattern- 

HEPCRH 

Mean Age- 18.9 

Male (52.8%) 

Student (92%) 

No Degree 

(62.8%) 

Major Activity- 

S (100%) 

Simplified Rep. 

Pattern- HSCH 

Mean Age- 44 

Male (53.7%) 

Full-time Work 

(95%) 

University 

(62.2%) 

Major Activity- 

W (96%) 

Rep. Pattern- 

HWCRH 

 Work at 

Workplace 

School Telework Shopping/Exten

ded at Home 

Extended 

Recreation 

Miscellaneous 

Non-work 

Household 

Chores 

Personal 

Business 

  

D2 Mean Age- 43.5 

Male (51.7%) 

Full-time 

(96.5%) 

University 

(75.9%) 

Major Activity- 

W (96%) 

Rep. Pattern- 

HWCMRH 

Mean Age- 18.8 

Female (61.3%) 

Student (84%) 

No Degree 

(35.5%) 

Major Activity- 

S (83.9%) 

Rep. Pattern- 

HSCRH 

Mean Age- 45 

Female (51.3%) 

Full-time 

(87.2%) 

University 

(76.9%) 

Major Activity- 

T (87.2%) 

Rep. Pattern- 

HTCMH 

Mean Age- 60.7 

Female (50.8%) 

Retired (71%) 

University 

(47.8%) 

Major Activity- 

M (42%) 

Representative 

Pattern- HCMH 

Mean Age- 63.7 

Female (53.9%) 

Retired (76.9%) 

University 

(66.7%) 

Major Activity- 

R (92.3%) 

Representative 

Pattern- HRH 

Mean Age- 62.5 

Female (56.9%) 

Retired (70.8%) 

University 

(41.3%) 

Major Activity- 

M (24.6%) 

Representative 

Pattern- 

HCOMPH 

Mean Age- 53 

Male (50.8%) 

Retired (63.5%) 

University 

(41.3%) 

Major Activity- 

C (92.7%) 

Representative 

Pattern- HCMH 

Mean Age- 67.3 

Female (57.2%) 

Retired (78.6%) 

University 

(71.4%) 

Major Activity- 

P (92.8%) 

Representative 

Pattern- HPH 

- - 

 Telework Extended 

Recreation 

Household 

Chores 

School Shopping/Exten

ded at Home 

Personal 

Business 

Hybrid Work Shopping Miscellaneous 

Non-work 

Work at 

Workplace 

D3 Mean Age- 47.6 

Male (51.4%) 

Full-time 

(94.3%) 

University 

(57.2%) 

Major Activity- 

T (91.5%) 

Rep. Pattern- 

HTCRH 

Mean Age- 66.1 

Male (65.5%) 

Retired (86.2%) 

University 

(51.7%) 

Major Activity- 

R (75.9%) 

Rep. Pattern- 

HRMPH 

Mean Age- 56.9 

Male (57%) 

Retired (58.9%) 

University 

(49%) 

Major Activity- 

C (92.2%) 

Representative 

Pattern- HCH 

Mean Age- 16.7 

Male (54.9%) 

Student (83.8%) 

No Degree 

(56.8%) 

Major Activity- 

S (97.3%) 

Rep. Pattern- 

HSCH 

Mean Age- 64.5 

Male (54.9%) 

Retired (72%) 

University 

(51.6%) 

Major Activity- 

M (35.5%) 

Representative 

Pattern- 

HCMRH 

Mean Age- 58.5 

Male (65%) 

Retired (85%) 

University 

(50%) 

Major Activity- 

P (95%) 

Representative 

Pattern- HPH 

Mean Age- 47.5 

Male (63.6%) 

Full-time 

(100%) 

University 

(63.6%) 

Major Activity- 

W (72.7%) 

Rep. Pattern- 

HTWMCH 

Mean Age- 60.4 

Male (55.6%) 

Retired (81.5%) 

University 

(44.5%) 

Major Activity- 

M (70.4%) 

Representative 

Pattern- HMPH 

Mean Age- 65.5 

Male (50%) 

Retired (78.6%) 

University 

(50%) 

Major Activity- 

C (28.6%) 

Representative 

Pattern- 

HEMCPOH 

Mean Age- 46 

Male (55.9%) 

Full-time 

(89.2%) 

University 

(60.4%) 

Major Activity- 

W (98.2%) 

Rep. Pattern- 

HWCRH 

 Household 

Chores 

Extended 

Recreation 

School Personal 

Business 

Shopping Telework Hybrid Work Work at 

Workplace 

Miscellaneous 

Non-work 

 

D4 Mean Age- 56.9 

Female (53%) 

Retired (64.2%) 

University 

(50.6%) 

Major Activity- 

C (43.2%) 

Mean Age- 60.6 

Male (50.6%) 

Retired (79%) 

University 

(60.5%) 

Major Activity- 

R (92.1%) 

Mean Age- 17.7 

Female (59%) 

Student (95.5%) 

No Degree 

(59%) 

Major Activity- 

S (100%) 

Mean Age- 63.3 

Female (57.2%) 

Retired (66.7%) 

University 

(65%) 

Major Activity- 

P (66.7%) 

Mean Age- 65.7 

Male (60%) 

Retired (95%) 

University 

(65%) 

Major Activity- 

M (95%) 

Mean Age- 45 

Female (58.6%) 

Full-time 

(100%) 

University 

(62%) 

Major Activity- 

T (96.5%) 

Mean Age- 38.5 

Female (75%) 

Full-time 

(100%) 

University 

(62.5%) 

Major Activity- 

W (50%) 

Mean Age- 44.2 

Male (52.2%) 

Full-time 

(88.6%) 

University 

(60.4%) 

Major Activity- 

W (91.7%) 

Mean Age- 64.7 

Male (57.2%) 

Retired (76.2%) 

University 

(52.4%) 

Major Activity- 

C (33.3%) 

- 
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Representative 

Pattern- 

HCMRH 

Representative 

Pattern- HRMH 

Rep. Pattern- 

HSCH 

Representative 

Pattern- HPMH 

Representative 

Pattern- HMH 

Rep. Pattern- 

HTRCH 

Rep. Pattern- 

HTWCH 

Rep. Pattern- 

HWCRH 

Representative 

Pattern- 

HPCROH 

 Extended 

Recreation 

Shopping/Exten

ded at Home 

Work at 

Workplace 

Hybrid Work Shopping Household 

Chores 

Telework School   

D5 Mean Age- 59 

Female (53.7%) 

Retired (66.7%) 

University 

(79.6%) 

Major Activity- 

R (90.8%) 

Representative 

Pattern- HRH 

Mean Age- 56.9 

Male (53.6%) 

Retired (62.5%) 

University 

(48.2%) 

Major Activity- 

M (67.9%) 

Representative 

Pattern- HMH 

Mean Age- 47.8 

Female (51.7%) 

Full-time 

(79.8%) 

University 

(56.2%) 

Major Activity- 

W (92.1%) 

Rep. Pattern- 

HWRH 

Mean Age- 40.6 

Male (57.1%) 

Full-time 

(85.7%) 

University 

(71.4%) 

Major Activity- 

W (85.7%) 

Rep. Pattern- 

HWPTCRH 

Mean Age- 64.7 

Female (59.2%) 

Retired (70.4%) 

University 

(70%) 

Major Activity- 

M (70.4%) 

Representative 

Pattern- HMRH 

Mean Age- 52.2 

Male (58.2%) 

Retired (46.3%) 

University 

(62.7%) 

Major Activity- 

C (82%) 

Representative 

Pattern- HCRH 

Mean Age- 46 

Female (52.1%) 

Full-time 

(91.7%) 

University 

(85.4%) 

Major Activity- 

T (100%) 

Rep. Pattern- 

HTCRH 

Mean Age- 16.2 

Male (61%) 

Student (100%) 

No Degree 

(71%) 

Major Activity - 

S (100%) 

Rep. Pattern- 

HSCRH 

- - 

[Note: D1= Monday, D2= Tuesday, D3= Wednesday, D4= Thursday, D5= Friday; G1= Group1] 

 

 

 Figure 5.5: Representative activity patterns of the ówithin-day similarô activity groups 
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The clusters are presented in Table 5.2, detailing their demographic profiles, the major activity of 

the day (allocated the most time), and a simplified representative activity pattern (discussed in 

Section 5.4.2). Since the clustering was based on activity-pattern similarity, the groups were 

labeled accordingly. From the analysis, ten distinct groups were identified from the Monday 

dataset, with names such as school, telework, and recreation/shopping, reflecting their dominant 

activities. 

5.4.2. Representative Activity Patterns 

In this study, representative activity patterns refer to generalized sequences that encapsulate the 

common characteristics of a group of individual activity-travel patterns. For each group identified 

through cluster analysis, we extracted a representative activity pattern that best captures the 

common features of the sequences within that group. By aligning individual sequences, we 

identified common activities, transitions between activities, and their durations. This process 

involved first developing a pairwise similarity matrix, followed by employing progressive multiple 

sequence alignment. While we derived the representative patterns for all the identified 'within-day 

similar' groups, Figure 5.5 specifically illustrates the results for Tuesdayôs groups. Notably, Figure 

5.5 presents a simplified version of the fine-grained 15-minute interval representative pattern to 

facilitate easier plotting. Table 5.2 provides a simplified version of the representative activity 

patterns for all groups, including at least one activity character for each identified activity in the 

representative pattern. For more detailed information, readers are referred to Appendix B, which 

presents the 96-character representative activity strings for the ten Monday activity groups. 

5.4.3. Homogeneous Week-Group Formulation 

For the formulation of homogeneous week groups, we calculated across-day similarities of the 

group-level representative patterns and demographic similarities. These analyses produced two 

separate score matrices. We combined these matrices by applying an 80/20 weightage, as 

demonstrated in section 5.3.4. This approach allowed us to identify the most similar population 

groups across the five days of the week, based on both activity and demographic similarities.  
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Figure 5.6: Demographic, Travel Pattern, and Overall Similarity Matrices 

 

Figure 5.7: Identified Week-Groups with Highest Across-Day Similarity 
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Figure 5.6 presents heatmaps of activity similarity, demographic similarity, and overall similarity 

matrices. In these figures, cells with dark-red shades indicate high levels of pairwise similarity for 

all the ówithin-day similarô groups. From the overall similarity matrix, all pairwise values below a 

60% similarity threshold were removed, resulting in six final week-groups that exhibited over 60% 

overall similarity in each day-to-day pairwise comparison. These six identified week-groups were 

thus considered the most representative, displaying the most similar attributes across the days. 

Figure 5.7 illustrates that 'week-group 1' (WG1) includes D1G1 (Monday, Group 1), D2G4 

(Tuesday, Group 4), D3G5 (Wednesday, Group 5), D4G4 (Thursday, Group 4), and D5G2 (Friday, 

Group 2), as determined by the similarity-based sampling approach. The proposed 4-module 

framework thus systematically sampled population groups from the five temporal data points 

(weekdays) to establish a longitudinal orientation of the data. 

Following the formulation of the 'week-groups,' we analyzed the demographic profiles of the 

individuals within these groups (Figure 5.8) and plotted their weekly activity patterns (Figure 5.9). 

This analysis aimed to deepen the understanding of the demographic composition, daily time-use 

behaviour, and day-to-day variations in travel patterns within these groups. The findings from this 

analysis are presented in the next section. 

Looking into the demographic profiles and weekly activity patterns revealed interesting insights. 

Figure 5.8 shows a simplified version of the profiles, only portraying attributes possessed by the 

major share of the group members. Figure 5.9, on the other hand, shows fine-grained details of 

weekly activity and time use patterns at 15-minute intervals. The overall attributes of the groups 

are presented here. 

Week-Group1# This group primarily consists of extended home stayers who spend most of their 

day at home, with occasional out-of-home shopping and personal activities. A significant 

proportion of this group are older females (64.7%) who are currently not in the workforce. 

Week-Group2# This group consists of full-time workers, predominantly working from home, 

with a female majority (53.2%) and a high educational attainment (74.4% with a university 

degree). Their weekly activity and time-use patterns show shorter work durations on Fridays, 

followed by late recreational activities. 
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Week-Group3# his group is mostly comprised of early-age retirees with a mean age of 55.3. A 

significant 91.5% of this groupôs members primarily engage in non-mandatory activities. Based 

on their weekly representative travel patterns, they mostly perform household chores, with 

occasional recreational and shopping activities. 

Week-Group4# This group predominantly consists of male retirees (65.9% male, mean age 61.8), 

primarily engaging in recreational activities. Extended periods of recreational activity are 

particularly observed on Fridays. 

Week-Group5# This group primarily includes young students (mean age 16.3) who spend their 

time on school activities, followed by home chores and recreation. Notably, they experience shorter 

school durations on Thursdays and Fridays, with Fridays showing extended late recreational 

activities. 

Week-Group6# This group is comprised of full-time workplace workers with an average age of 

44.9, with 53% being male. For this group, work durations do not show significant temporal 

variations. However, long periods of late recreation are observed on Fridays. 

While this detailed exploration of weekly activity and time-use patterns provides insightful and 

policy-relevant outcomes, the proposed framework represents a significant step towards multi-day 

activity-based travel demand modelling, especially in the face of data limitations. Additionally, the 

potential for further studies based on these outcomes is immense. More about this has been 

discussed in the next and final section of this chapter. 
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(a) WG1- Female Retiree (b) WG2- Full-time Teleworker 

 
 

(c) WG3- Early Age Retiree (d) WG4- Male Retiree 

  
(e) WG5- Young Student (f) WG6- Full-time Workplace Worker 

 

Figure 5.8: Synthesis of Week-Groupsô Demographic Profiles 



 

65 

 

 

  
(a) WG1- Extended Stay Home (b) WG2- Telework 

   
(c) WG3- Household Obligation (d) WG4- Extended Recreation 

  
(e) WG5- School (f) WG6- Workplace Work 
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5.5. Conclusions 

Understanding people's weekly travel behaviour provides valuable insights with significant 

applications in travel behaviour research and beyond. While longitudinal studies offer a more 

accurate and realistic representation of travel behaviours, traditional travel surveys are still largely 

reliant on single-day data due to myriads of reasons. The methodology proposed in this research 

capitalizes on the limited single-day travel data by applying a multi-module pattern recognition 

method on peoplesô activity patterns, capturing the sequential order, complexity of daily travel 

behaviours, and across-day similarities and dissimilarities. Furthermore, this study incorporates 

hierarchical clustering to identify homogeneous activity-travel groups and employs pairwise and 

progressive alignments to generate representative sequences. This clustering approach ensures that 

the representative activity sequences accurately reflect the most common features of individual 

patterns within each group. By aligning individual sequences, common activities, transitions, and 

durations are identified, leading to more representative activity patterns. Additionally, integrating 

socio-demographic similarities using the Jaccard Similarity Index adds another layer of 

behavioural realism (Zhang et al., 2018a).   

The analysis of weekly activity patterns across the formulated week groups revealed diverse and 

nuanced insights into the travel behaviours and socio-demographic characteristics of different 

population segments. Week-Group 1, predominantly older females not in the workforce, primarily 

spends their days at home with occasional out-of-home activities. Week-Group 2, consisting 

mainly of full-time home workers with a female majority and high educational attainment, exhibits 

shorter work durations on Fridays followed by recreational activities. Early-age retirees in Week-

Group 3 engage mostly in non-mandatory activities, household chores, and occasional recreation 

and shopping. Week-Group 4, composed largely of male retirees, focuses on recreational activities, 

especially on Fridays. Young students in Week-Group 5 primarily perform school activities, home 

chores, and recreation, with shorter school durations on Thursdays and Fridays. Lastly, Week-

Group 6, comprising full-time workplace workers, shows consistent work durations with extended 

late recreation on Fridays. While the authorôs do not possess original multi-day data to validate the 

results, the general pattern observed in weekly travel behaviour corroborates with the findings of 

the recent studies. For example, studies have shown a rise in remote work or flexible work 

arrangements on Fridays, leading to a decrease in traditional commuting but an increase in 
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localized travel for personal errands and recreational activities (Gim®nez-Nadal et al., 2018; 

Lindblom, 2023; Vohra et al., 2024), which was reflected in the results.  

While there are significant limitations to this research, these limitations also open numerous 

avenues for further investigation. The framework involves multiple levels of aggregation and 

generalization, which in turn subdues infrequent daily activities that might impact other major 

activities of the day. Additionally, each day of the week is modeled separately and fused together 

to act as a weekly representative. This approach does not fully account for the influence of the 

previous day's activities on the current day's activity decisions, particularly for some non-

mandatory activities. However, the proposed framework can be considered reliable for developing 

the skeletal structure of the week since major activities of the day do not largely vary across the 

weekdays and are somewhat similar across similar demographics. 

Moving forward, the authors plan to implement a measure of variability to identify activities that 

show a high level of variation and incorporate them into the skeletal activity pattern, accounting 

for the distribution of this variation. Additionally, available survey information regarding the 

weekly frequency of participating in activities such as grocery shopping, recreation, and 

commuting to work or working from home will be used in future extensions of this study to better 

arrange non-mandatory activities within the representative activity patterns.  
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Chapter 6  

Microstimulating Weekly Travel Activities: A 

Simulation-based Optimization Approach 3 4 

 

 

 

6.1. Background  

The activity-based modelling (ABM) framework was developed to meet the growing need for 

realistic travel demand models capable of analyzing a wide range of transportation policies. Unlike 

traditional aggregate flow models that primarily assess network capacity improvements, ABMs 

evaluate comprehensive daily activity and travel patterns at a disaggregated level (Auld & 

Mohammadian, 2012). Modern transportation research increasingly relies on disaggregate travel 

demand modelling due to its behavioural foundation. Advancements from early trip-based models 

to tour-based models have addressed several limitations by capturing inter-trip interactions. 

Activity-based models further enhance this by incorporating interactions among tours, making 

them increasingly prevalent in contemporary transportation studies (Chen et al., 2023). The many 

advantages of activity-based models over traditional trip-based models including enhanced policy 

sensitivity, comprehensive accessibility and equity assessments, the ability to capture complex 

land use-transportation interactions, and robust long-term forecasting capabilities have been 

 
This chapter is adapted from: 

 
3 Alam, M.J., Bhuiyan, M.R.H., & Habib, M.A. (2024). Weekly Travel Activity Simulation within an Integrated 

Transport, Land Use and Energy (iTLE) Modelling System. Presented at the Transportation Association of Canada 
(TAC) Annual Conference, September 22-25, 2024, Vancouver, Canada. 

 
4 Alam, M.J., Bhuiyan, M.R.H., Mandapati, V.V.R.R., & Habib, M.A. (2024). A Hybrid Optimization and 

Microsimulation Modelling Framework for Simulating Weekly Travel Activities. Accepted for Presentation at the 

104th Annual Meeting of the Transportation Research Board (TRB), January 5-9, 2025, Washington D.C., USA. 
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extensively explored in prior research. (Chen et al., 2023; Chu et al., 2012; Henson et al., 2009; 

Tajaddini et al., 2020).  

While the current generation of ABMs can model unprecedented levels of details, almost all 

existing activity-based models still model travel demand for a 'typical day' of the week. This 

approach overlooks the variations in travel behaviour that occur across different days (Kagerbauer 

et al., 2016). The primary reason for adhering to typical day approach are limitation of longitudinal 

data, conceptual and computational complexity. Acquiring multi-day household activity-travel 

data is not just expensive, but faces limitations such as lack of representativeness, underreporting, 

attrition, initial nonresponse, panel effects, and varying reporting effects between waves due to 

seasonality and holidays (Deschaintres et al., 2022; Jara-D²az & Rosales-Salas, 2015; Pendyala & 

Pas, 2000). Additionally, current research does not clearly identify the appropriate modelling time 

frame and suitable applications within activity-based travel demand models to sufficiently capture 

daily rhythms (Habib et al., 2007).  

As of today, mobiTopp and the weekly extension of MATSim remain among the few operational 

models capable of simulating weekly travel activities. The mobiTopp model, based on the German 

Mobility Panel (MOP) survey, creates weekly activity schedules through actiTopp, its activity 

generator, which uses sociodemographic data from MOP. The model builds schedules across 

multiple levels (person, day, tour, activity) following a stepwise approach proposed by Bowman 

(Bowman, 1998) to account for both regular daily activities (e.g., work) and variable ones (e.g., 

shopping), while the logit model includes weekday as a key variable to capture leisure activity 

increases on weekends (Hilgert et al., 2017). The MATSim model, a large-scale, activity-based 

transport simulation, extends to weekly analysis by distinguishing between fixed and flexible 

activities, allowing real-time adjustments for the latter. Enhancements to MobSim, MATSimôs 

activity generator, support weekly scenarios through demand modelling, scheduling algorithms, 

and multi-day diary data for scalable simulations, offering insights into complex travel patterns. 

Despite MATSim and mobiTopp leveraging extensive weekly data to model travel behaviour, the 

challenge of data acquisition limits activity-based models (ABMs) in capturing multi-day travel 

demands in general. Existing studies have tried to infer multi-day patterns by aggregating single-

day data or assessing daily variability, but this has not been explored within ABM research. This 

study addresses this gap by introducing a surrogate, less data-intensive method for modelling 
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multi-day travel demand in an ABM framework, advancing the field's capacity to analyze extended 

travel patterns with limited data. 

This research introduces the iTLE WeekSim module, a three-stage, constraint-based optimization 

approach developed on the foundation of the typical weekday model. This module leverages most 

of the existing components from the activity-based Integrated Transportation, Land Use, and 

Energy (iTLE) model to generate comprehensive weekly activity schedules, including activity 

durations and locations. The framework executes a simulation-based optimization to generate the 

weekly travel activity pattern for 10% of the study-area population (42,229 individuals). It utilizes 

single-day travel diaries and constraints such as the anticipated frequency of specific activities on 

a weekly basis and the likelihood of activities occurring on a particular day. The optimization 

process ensures minimal deviation from observed travel patterns. 

The subsequent sections in this chapter discuss the data sources for this research, provide a 

description of the iTLE model, elaborate on the conceptual and mathematical formulation of iTLE 

WeekSim, and demonstrate the model results. 

6.2. Data Source 

This study utilizes data from the Halifax Travel Activity Survey (HaliTRAC). The HaliTRAC 

survey, conducted from July 2022 to March 2023, targeted 31,400 households in Halifax Regional 

Municipality to study daily activity participation. Utilizing a mix of civic-address postcards, 

random digit dialing, landline sampling, and social media outreach, the survey achieved a 13.6% 

response rate, with 3,731 households and 5,095 individuals participating. The survey collected 

detailed 24-hour travel logs (3AM to 3AM), including locations, travel modes, companions, and 

activities, to capture daily travel behaviour. Data were compared with the 2021 Census, showing 

close alignment and confirming the survey's representativeness. 

Participants provided individual and household information and detailed their 24-hour in-home 

and out-of-home activities on a self-selected typical weekday between Monday and Friday. The 

survey collected 710 travel diaries for Monday, 890 for Tuesday, 754 for Wednesday, 609 for 

Thursday, and 450 for Friday. These independently reported travel diaries, along with self-reported 

frequencies of participating in five distinct activities (work, in-home work, shopping, eating out, 



 

71 

 

recreation), were primarily utilized in the study for weekly in-home and out-of-home activity 

generation. 

6.3. The iTLE Framework 

The Integrated Transportation, Land Use, and Energy (iTLE) model developed by the Dalhousie 

Transportation Collaboratory (DalTRAC) is a comprehensive simulation framework designed to 

analyze and predict travel behaviour and its impacts on urban sustainability. The iTLE model 

operates within the micro-simulation system iTLE Sim, built using the C#.NET Framework and 

Visual Studio 2019. The model's core structure consists of three main components: the long-term 

decision simulator (LDS), the short-term decision simulator (SDS), and the traffic simulation 

system (TSS) which is a third-party application connected to the structure by feedback loop. The 

model starts the simulation process by generating 10% synthetic population for Halifax, Canada. 

The LDS updates the synthetic population annually, reflecting realistic demographic transitions. 

The SDS schedules activities for each agent, including travel mode choices, vehicle allocation, 

and shared travel decisions. The iTLE model employs a relational data structure to maintain 

connections between agents (individuals) and objects (activities). This integration allows for 

detailed forecasting of travel behaviour and the evaluation of policy impacts on urban 

transportation systems. The LDS and SDS modules enable the simulation of long-term decisions, 

such as housing and employment changes, as well as short-term travel behaviours. The behavioural 

models within iTLE are informed by the Halifax Mobility and Travel Survey (HMTS) 2013 and 

the Nova Scotia Travel Activity (NovaTRAC) 2018 survey, the Halifax Travel Activity Survey 

(2022) and have been validated against the 2016 and 2022 Canadian Census. Interested readers are 

directed to the following studies to learn more about the iTLE model (Anik et al., 2024; Fatmi & 

Habib, 2018; Habib & McCarthy, 2021). 
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Figure 6.1: Components of the iTLE Model 

While there are several modules and sub-modules within the iTLE framework, this research 

primarily extends the activity generation sub-module inside the Short-term decision simulator to 

generate multi-day activity schedules. The activity generation sub-module is designed to generate 

seven out-of-home and four in-home activities. The out-of-home activities include- work, 

shopping, school, recreation, personal business, eating out, and escort. The four in-home activities 

on the other hand are in-home activities, in-home meals, in-home school, and in-home work.  

The microsimulation process for the ótypical weekdayô activity generation in the base iTLE model 

begins with the creation of baseline activity information. It utilizes inputs from the population 

synthesis and the LDS module, which provide detailed demographic and household data at the 

dissemination area (DA) level. This includes information on residence, household characteristics, 

and individual attributes. Once the synthetic population and their attributes are established, 

activities are generated for each individual within a household, starting from the base year of 2006. 

Using the Markov Chain Monte Carlo (MCMC) method, the model simulates the sequence of out-

of-home activities an individual participates in during a typical weekday. This stochastic process 

generates possible activities in sequence, with the probability of each activity being influenced by 

the preceding one. This method ensures the probabilistic dependence between consecutive 
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activities, forming a Markov Chain to create each individual's daily activity chain (Khan & Habib, 

2023). ó!ȭ denotes the activity undertaken by an individual at time ὸ and let Ὗ represent the set of 

all potential activities an individual can engage in throughout a day. According to the Markov 

Chain framework, the conditional probability of performing an activity ὃὸ+1 based on the current 

activity ὃὸ is given by: 

ὖὃ όȿὃ όȟȣȢȢȟὃ ό ὖὃ όȿὃ ό                                  (6.1) 

But, this indicates that the probability of transitioning to the next activity ὃὸ+1 depends solely on 

the current activity ὃὸ, ignoring the prior sequence of activities. Hence, the transition probability, 

encompassing all conditional probabilities of undertaking a subsequent activity based on the 

preceding one, can be expressed as: 

ὴ ὖὃ Ὦȿὃ ὭȟύὬὩὶὩ ὭȟὮ‭ Ὗ                                                                  (6.2) 

These transition probabilities are derived from the survey data, which defines the likelihood of 

moving from one activity to another based on observed travel and activity behaviours.   

6.4. The iTLE WeekSim 

This research introduces the iTLE WeekSim module, a three-stage, constraint-based optimization 

approach developed on the foundation of the typical weekday model. This module reutilizes most 

of the existing components from the longer-term decision simulator (LDS) and shorter-term 

decision simulator (SDS) sub-models to generate comprehensive weekly activity schedules, 

including activity durations and locations. The three stages of the proposed modelling system are: 

(1) processing HaliTRAC survey data to develop a sets of individual weekly travel activity 

preferences, and optimization constraints, (2) developing an optimization model within the iTLEôs 

activity agenda formulator to simulate weekly travel activity accounting for individual travel 

preferences, and (3) calibrating and validating the weekly activity simulation modelling systems 

utilizing the observed activity distributions derived from the HaliTRAC survey.  

6.4.1. Model Description 

In the base iTLE model, the generation of daily activities for individuals is based on a Markov 

Chain Monte Carlo (MCMC) approach, with transition matrices estimated from HaliTRAC data. 
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This approach assumes that the probability of performing an activity depends on the previous 

activity. The iTLE WeekSim initiates the weekly activity generation process by running the 

Markov Chain model five consecutive times to cover all five weekdays. However, this approach 

does not produce valid variations across weekdays, as the probabilities derived from the survey 

data reflect a similar distribution of activities without accounting for the effects of specific days of 

the week. To address this issue, frequency of activities performed by individuals on a weekly basis 

was utilized. The survey collected data on the frequency with which individuals engage in five 

activities each week: working from home (IHW), in-person work (IPW), shopping, recreation, and 

eating out. This was a simple five-point Likert scale question outlining how frequently people 

performed each of the listed activities from ñneverò to ñmore than five times a weekò. Among 

these activities, IHW, IPW, and shopping were calibrated by applying specific weights to the values 

in the transition matrix, while the other two activities, eating out and recreation, were used for 

validation. By integrating this frequency data with the MCMC model, activities are generated and 

verified against frequency probabilities before being stored, as indicated by the "frequency 

condition" in the flow chart (Figure 6.2). Additionally, the probability of a particular activity 

occurring on a specific day of the week is calculated based on survey data, referred to as the 

"weekly probability condition" in the flow chart (Figure 6.2).  

An optimization model is developed to generate activities using the MCMC method, ensuring 

alignment with both frequency and daily activity probabilities. If a generated activity does not 

meet the probability criteria, the MCMC model is rerun, with a maximum of six iterations to 

prevent excessive computation or infinite loops. Calibration of the model involves updating the 

transition matrix probabilities (TP) to match observed frequencies and activity probabilities 

through the optimization process.  

Following the generation of activities, sub-models within iTLE designed for a typical day were 

updated to support a weekly model. The updates include calculating morning home duration and 

the number of activities for each day individually. Tour start times are assigned based on morning 

home duration, ensuring accurate calculations for all tours across weekdays. Shared travel 

algorithms are updated to join tours of individuals only on the same weekday. Separate end times 

are stored for each day to manage activities crossing the 24-hour threshold. The mode choice and 

vehicle allocation model are repeated for each weekday to ensure correct allocation without 
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exceeding 24 hours. These enhancements ensured that the iTLE model generates realistic activity 

patterns across a typical workweek, reflecting variations and aligning with empirical data from the 

HaliTRAC survey.  

 

 

Figure 6.2: Process Diagram of Weekly Activity Generation and Scheduling 

 

6.4.2. Optimization Model for Activity Generation  

This study develops an optimization model to calibrate transition probabilities and generate weekly 

travel activities while satisfying both daily and weekly activity distributions. Figure 6.3 presents 

the overall framework for transition probability calibration and activity generation through the 

proposed optimization process. 
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Figure 6.3: The framework for weekly travel activity simulation and optimization 

 

The optimization model involves constraints, Cts. representing individual travel preferences such 

the proportion of people willing to perform a specific type of activity (e.g., working from home) 

in a certain frequency. The objective functions, Obj. of the optimization model minimize the 

deviation between the observed and simulated proportion of the respective activity. This is a single-

objective optimization problem focused on minimizing the deviation between observed and 

simulated activity proportions by calibrating the transition probabilities for each activity. As the 

╣╟ requires modification to represent each day of the week, the modification factor of the ╣╟ 

namely ╚╣╟ is the solution to the optimization model.  

This study mutates ╚╣╟ values based on the objective values of the optimization model derived in 

the previous simulation. ╚╣╟ for any specific activity is mutated based on the under or 

overestimation of that activity proportion (i.e. percent people performing the activity) in the 

previous simulation and is increased or decreased by a consistent interval, Ⱪ. Then the current 



 

77 

 

simulation, ░ with respect to the updated ╚╣╟ provides inputs to generate optimization parameters, 

╖ to estimate Cts.  and Obj.  functions of the optimization model. If all Cts. are satisfied and no 

significant improvements are observed in objective values in consecutive simulations, the 

generated activities are considered the final weekly activities for the population obtained from the 

population synthesis (10%). The following formulation is developed and run within the short-term 

simulator to accomplish a set of weekly activities for all individuals. Table 6.1 describes all 

parameters of the optimization model. 

Objective (week-level):  Minimize В ὴȟȟȟ
Ȣ ὴȟȟȟ

Ȣ ȿ▀  

 

Subjected to daily activity constraints: 

 

1. ὴȟ
Ȣ ‍ȟᶅ ὥȟὪ  

2. ὴȟȟ   
Ȣ  ὴȟ

Ȣ ‐ȟᶅ ὥ ὼ Ὢ 

3. Ὕὖᶻ ὑ ȟȟ   Ὕzὖ, ᶅ  ὥ 

4. ὑ ȟ   πȟᶅ Ὥ 

 

Table 6.1: Parameters used in simulation-based optimization. 

Parameters Description Source 

Day ▀ Id for days of the week; ▀  for Monday to ▀

 for Friday 

n/a 

Simulation run ░ Ὥ is numerical id for each iTLE simulation run n/a 

Activity type ╪ 

 

 

╪ ȟ ; IHW and IPW (1&2), shopping (3), 

recreation (4), eating out (5) 

HaliTRAC data 

Frequency class █ A range of the frequency of activity ὥ 

representing personal travel preferences, e.g., ■╪

█╪ ◊╪, where ■╪ refers to lower bound and ◊╪ 

refers to the upper bound 

HaliTRAC data 

Observed proportion 

(▬╪ȟ█
▫╫▼Ȣ 

Proportion of people performing a specific activity 

╪ with a frequency of █ 

HaliTRAC data 

(6.3) 
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Parameters Description Source 

Simulated proportion 

(▬╪ȟ█ȟ░
▼░□Ȣ 

Proportion of simulated people performing a 

specific activity ╪ with a frequency of █ in iTLE 

WeekSim run, ░ 

iTLE WeekSim 

model 

Deviation (Ⱡ) The tolerable difference between the observed 

▬╪ȟ█
▫╫▼Ȣand simulated (▬╪ȟ█ȟ░

▼░□Ȣ proportion of people 

performing a specific activity with a frequency of 

█ 

Estimated 

through 

optimization 

and simulation 

Transition probability 

weighting factor, 

╚╣╟ȟ╪ȟ░ 

A multiplier ╚╣╟ȟ╪ȟ░ for the calibration of the 

transition probability of an activity ╪ in the ╣╟ 

matrix in each simulation run ░  

Optimization 

model 

Transition probability 

matrix, ╣╟ 

Transition probabilities with a dimension of ╪ ● ╪ 

to generate activity type, frequency, and sequence 

HaliTRAC data 

Calibrated Transition 

probability matrix, 

╣╟░
ᶻ  

╣╟░
ᶻ ὑ ȟ   ░z ╣╟ is the calibrated matrix in each 

simulation run ░; where ╚╣╟ȟ╪ȟ░ value is changed in 

each iteration based on under or overestimation of 

an activity ╪ for a weekday; change occurs with 

±0.5 from the current state  

iTLE WeeK 

Sim  

 

The final activity agenda is fed into the Activity Scheduling module to form activity plans with 

durations, start time, destination, and mode choice information. The activity scheduler in iTLE 

generate activity agenda by simulating activity durations conditioned on the activity frequency and 

start time for each activity is simulated conditioned on the joint distribution of duration-start time. 

Activity scheduiling in this study can be expressed through the following equations. 

The model outcome is validated in terms of the deviation between the observed and simulated 

distributions of those activities that are not used for calibration purposes in the stage of 

optimization modelling.  
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6.4.3. Calibration and Validation 

The optimization model is repeatedly run to calibrate ╚╣╟ for different activities on each day of 

the week. For example, the optimization model modifies the value of  ╚╣╟ and creates twenty 

combinations of  ὑ  values for the activity ñwork from home, in-person work and shopping. Table 

6.2 shows the best twenty combinations, and corresponding objective values demonstrating the 

improvement in model performance. 

Each combination is executed in a simulation run ░, and optimization parameters (e.g., ▬╪ȟ█ȟ   ░
▼░□Ȣ ) 

are estimated utilizing the simulation outputs. For example, a simulation run with the combination 

╒ yields the objective values of 0.348, 0.423 and 0.184 for IHW, IPW and S, respectively which 

are greater than the given threshold (0.20). This urges to continue the next simulations until the 

objective values for all types of activities satisfy the threshold minimization. The combinations are 

designed based on the overestimation or underestimation of an objective value in the preceding 

iteration. For example, the last combination ╒  yields the satisfactory objective values of 0.190, 

0.164 and 0.152, for IHW, IPW, and S respectively. The calibrated results were validated against 

two other activities, "Eating out" and "Recreation," which deviated from the observed data by 

0.043 and 0.023, respectively. 

Table 6.2: Calibration of KTP for optimization solution 

Combination # (╚╣╟) 

Objective Values 

In -Home 

Work 

(IHW)  

In -person 

work 

(IPW) 

Shopping 

(S) 

╒ (IHW=1; IPW=1; S=1) 0.3480 0.4236 0.1849  

╒ (IHW=4; IPW=12; S=0.6) 0.3270 0.1850 0.2120 

╒ (IHW=6; IPW=15; S=0.6) 0.2970 0.1630 0.2340 

╒ (IHW=8; IPW=15; S=1) 0.2790 0.1630 0.1860 

╒ (IHW=10; IPW=16; S=1.5) 0.2410 0.1610 0.2920 

╒ (IHW=12; IPW=17; S=0.9) 0.2350 0.1660 0.1950 

╒ (IHW=15; IPW=15; S=0.9) 0.2150 0.1710 0.2240 

╒ (IHW=17; IPW=17; S=1) 0.1960 0.1570 0.1950 
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Combination # (╚╣╟) 

Objective Values 

In -Home 

Work 

(IHW)  

In -person 

work 

(IPW) 

Shopping 

(S) 

╒ (IHW=18; IPW=17; S=1.1) 0.1950 0.1610 0.2000 

╒ (IHW=19; IPW=18; S=1) 0.1730 0.1430 0.1960 

╒ (IHW=20; IPW=20; S=1) 0.1530 0.1390 0.2010 

╒ (IHW=22; IPW=22; S=0.8) 0.1610 0.1850 0.2060 

╒ (IHW=20; IPW=20; S=0.9) 0.1660 0.1720 0.2020 

╒ (IHW=20; IPW=20; S=0.8) 0.1790 0.1980 0.2040 

╒ (IHW=20; IPW=20; S=1.1) 0.1820 0.1490 0.2250 

╒ (IHW=20; IPW=20; S=1; max loops=5) 0.1710 0.1430 0.2220 

╒ (IHW=20; IPW=20; S=1; max loops=10) 0.2610 0.2290 0.0940 

╒ (IHW=20; IPW=20; S=1; max loops=8) 0.2310 0.1850 0.1280 

╒ (IHW=20; IPW=20; S=1; max loops=7) 0.2180 0.1890 0.1380 

╒ (IHW=20; IPW=20; S=1; max loops=6) 0.1900 0.1640 0.1520 

╒ (IHW=20; IPW=20; S=1; max loops=6) 0.1900 0.1640 0.1520 

 

 

Figure 6.4: Error Rate Per Execution Per Activity Type 
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6.5. Results and Discussions 

The output of iTLE WeekSim module includes activity types, activity durations, and activity 

locations among many other. The model generated a total of 7444,290 activities for 42,230 

synthetic agents spanned across five weekdays. This section delves deep into the activity results 

to understand weekly activity patterns and time use based on the simulated data.  

 

6.5.1. Weekly Activity Participation 

As previously mentioned, this study simulated 7 out-of-home and 4 in-home activities for 10% of 

the synthetic Halifax population, excluding stay-at-home activities, which are considered the 

default activity in the model. Figure 6.5 demonstrates the daily proportions of these activities at 

different times of the day across the five weekdays. For ease of representation, the activities have 

been assigned character codes as follows: H (at-home), W (work), S (school), M (shopping), P 

(personal business), R (recreation), E (escort), F (eat out), A (in-home activities), D (in-home 

meal), L (in-home school), and T (in-home work). From the figure, it is noticeable that the 

proportion of out-of-home activities predominantly takes place between 8 AM and 8 PM, with 

work comprising the major share of both in-home and out-of-home activities. A day-of-the-week 

effect is also noticeable, with an earlier decline in work duration on Fridays. 

 
(a) Monday 



 

82 

 

 

   

(b) Tuesday 

 
(c) Wednesday 

 














































