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Abstract. During and after the COVID-19 pandemic, significant changes occurred in lifestyles
of residents worldwide. This study aims to develop an activity-based urban energy modelling
framework to capture the impact of changes in urban residents' activity time and location choices
on cross-sectoral urban energy demand. The framework employs a utility-based model to
characterise the spatiotemporal patterns of urban population activity choices and derives the
temporal and spatial variations in energy demand. The model was validated using data from the
Guangzhou Resident Lifestyle Survey (GRLS). In addition, this study examines a typical local
neighbourhood as a case study, calculating changes in building energy demand resulting from
the promotion of home-based, hybrid, and multi-locational working arrangements through
scenario settings. Research findings indicate that flexible working arrangements shift daytime
energy demand on workdays from office buildings to residential buildings, with this shift also
influenced by external climatic factors such as temperature and weather conditions. This study
provides a novel activity-based perspective for urban energy management, enabling scholars to
gain insights into energy demand trends arising from emerging changes in residents' activity
patterns in fast-growing cities. These insights will assist urban policymakers in formulating
cross-sectoral energy strategies and planning measures to enhance community and urban energy
resilience.

1. Introduction
The spatial and temporal distribution of human activities fundamentally shapes urban energy systems.
As individuals navigate through their daily routines, moving between residences, workplaces, and
leisure venues. They create activity chains that generate distinctive patterns of energy consumption
across multiple building sectors. These activity chains represent the sequential engagement in various
pursuits, each with its own locational, durational, and intensity characteristics that directly influence
energy demand profiles [1], [2]. Especially, these patterns are not static: they respond dynamically to
socioeconomic, technological, and environmental changes that alter how activities are conducted [3].
In the past decades, the urban population has witnessed unprecedented shifts in established activity
patterns. After the COVID-19 pandemic, the emerging working pattern changes play a critical role in
such a process [4], [5]. The new productivities and remote collaboration tools enable novel working
patterns such as home-based work, hybrid workings, and decentralised office utilisation [6]. While
initially accelerated by the pandemic and associated mobility restrictions [6], [7], the transformations
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have crystallised into enduring structural changes across countries [8]. Post-pandemic assessments
indicate that new working patterns have become embedded in organisational practices [6], [8], [9].

These emerging working patterns have profound implications for cross-sectoral energy flows [2],
[10]. When activities shift spatially, for instance, from commercial offices to residential settings, they
create corresponding shifts in energy consumption profiles across building sectors [11]. For example,
homeworking may reduce demand in commercial buildings whilst simultaneously increasing residential
consumption [12], thus creating a complex redistribution rather than a simple reduction or increase in
aggregate demand [13]. This energy demand flow across sectors presents new challenges for energy
systems planning and carbon reduction strategies. Despite the significance of these interconnections,
current energy modelling approaches often treat building sectors as discrete entities, failing to capture
the dynamic flows driven by human activity chains [14].

Traditional city-scale energy analysis has typically emphasised single functional sectors. Following
the foundational work of Hégerstrand's [15] on time geography, researchers have increasingly
recognised the importance of individual activity patterns in shaping urban and regional dynamics [16],
[17]. However, existing research has insufficiently addressed how different working patterns influence
activity chains and derived cross-sectoral energy demand change. This paper aims to bridge this gap by
proposing a utility-maximising modelling framework that captures the heterogeneity of individual
activity patterns under different working patterns: specifically comparing homeworkers, commuters,
hybrid workers, and multi-workplace workers. Utilising data collected in Guangzhou, China, this study
examines how various working patterns influence broader activity decisions among residents with
diverse sociodemographic characteristics. Building upon these analytical findings, we employ a local
community as a case study for energy modelling. The study then evaluates working pattern-based
scenarios to assess potential impacts on residential and office sectoral energy demands.

The research offers several unique contributions: (1) it conceptualises energy demand not as sector-
bound but as activity-driven and spatially mobile across building types. (2) it provides a framework for
quantifying how working pattern shifts cascade through activity chains to redistribute energy demand
and offering insights for energy interventions. The findings have significant implications for urban
policies aimed at reducing environmental impacts and promoting cross-sectoral energy management.

2. Methods and Data

2.1. Modelling Method Overview

Figure 1 illustrates the theoretical framework underpinning our modelling approach, which builds upon
the Wang and Wan’s concept [2]. The framework consists of four interconnected components. The first
component captures the constraints that influence activity demand patterns (e.g., new trends of working
patterns). The second component then generates residents' activity demands accordingly. In the third
component, these demands are allocated across different sectors. The fourth component examines how
these demands affect sectoral performance and energy requirements, which could in turn modify social
and environmental conditions, potentially triggering further changes in residents' activity demands.

Social & environment Activity demand Activity demand Sectoral energy
constraints generation distribution demand

Figure 1. The Theoretical Framework

This research presents a case study focusing on Guangzhou, China during the COVID-19 pandemic.
Following the theoretical framework outlined above, we first collect time use diaries of local employed
residents to identify typical working patterns. The study then develops a utility-maximising model to
simulate changes in activity demands under different working patterns. Subsequently, we employ an
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energy modelling case study of a representative local community to capture the energy implications of
these activity pattern shifts. This approach generates occupancy schedules for both residential and office
buildings based on the endogenous activity patterns, enabling to quantify the energy impacts of working
pattern changes across residential and office buildings. This methodology allows for a comprehensive
assessment of cross-sectoral energy flows resulting from new working patterns.

2.2. Time Use Survey Data Processing and Working Pattern Identification

This study employs time-use data from the Guangzhou Resident Lifestyle Survey (GRLS), which forms
part of the broader Greater Bay Area (GBA) Resident Lifestyle Survey. Guangzhou, as one of the most
significant cities in China's Greater Bay Area, is renowned for its trade and service industries. The GRLS
was conducted during autumn 2021, collecting 30-minute interval activity records throughout workdays
from 205 urban residents. Participants were required to meet two key criteria: (1) being currently
employed, and (2) having resided in the city for more than three months (thus excluding temporary
visitors). At the time of data collection, Guangzhou had already experienced its first wave of virus
outbreak. By this point, the city had lifted strict social distancing restrictions.
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Figure 2. Overall time allocation patterns of the respondents
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The survey recorded both activity type and location at each time interval. To facilitate our approach,
we reclassified these data according to the research objectives: activity types were consolidated into
three categories (paid work, non-work activities, and sleep), while locations were grouped into four
categories (residences, workplaces, other fixed locations, and transport). Figure 2 illustrates the time-
use characteristics reported by respondents across both activity type and location choice dimensions.
For the respondents, the average time allocated for paid-work, non-work, and sleep are 468.44 minutes,
543.80 minutes, and 427.76 minutes respectively. The average time at residences, workplaces, others,
and transport means are 770.20 minutes, 516.44 minutes, 93.07 minutes and 60.29 minutes.

Table 1. Comparison of the four working patterns

Working Pattern Number (%) Residence Workplace Others Transport
(unit: minute) (unit: minute) | (unit: minute) | (unit: minute)

Home-based 4 (1.95%) 1102.5 0 262.5 75

Commuting 149 (72.68%) 751.0 547.7 83.4 58.0

Hybrid 24 (11.71%) 796.3 515.0 66.3 62.5

Multi-location 28 (13.66%) 802.5 4254 143.6 68.6

We classified respondents into four distinct working patterns based on their locational preferences
for paid work activities: (1) Home-based working; (2) Commuting; (3) Hybrid working; and (4) Multi-
locational working. Residents adopting the first pattern conducted all their paid work activities within
residential settings. In contrast, those following the second pattern allocated all their work time to
dedicated workplaces. Under the third pattern, hybrid workers distributed their working hours between
residences and workplaces. The fourth pattern, multi-locational working, extended beyond these two
locations, enabling residents to conduct work-related activities in other places as well. Table 1 presents
the distribution of respondents across these four patterns and their characteristic time-use profiles.

2.3. Activity Modelling

The study employs the Multiple Discrete Continuous Extreme Value (MDCEV) model developed by
Bhat et al. [18] for activity modelling, which has been applied to model budget-constrained activity
time-use decisions over the past decade [5], [19]. The MDCEYV structure surpasses conventional discrete
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choice models by simultaneously accommodating both discrete (e.g., activity type) and continuous (e.g.,
duration) decisions under resource constraints. Our activity model is built on random utility
maximisation theory that assumes that individuals make their time allocation decisions to maximise the
utility derived from their chosen activity patterns, subject to a time budget constraint (i.e., 24 hours).
We identify sleep as an essential Hicksian composite (outside) good. Function (1) shows the MDCEV
utility function for a time allocation choice X in K alternative activities:

U0 = s + B {2+ D% - 1) subjectto Ty w = T (1)

In equation (1), U(X) is a quasi-concave, increasing, and continuously differentiable function. x is
a (K x 1) vector of time allocation to activity 1, 2, .... K (%, = 0, for all k). To make the utility function
valid, the parameter a should no more than 1, i;and ¥, > 0. ;. represents the marginal utility of time
allocated to activity k. & and y}, represent satiation parameters to provide a satiation effect. In our case,
a is not associated with activity k. y,, enables the corner solutions. T is the time budget. The model
considers 3z as a set of attributes to represent the characteristics of activity k, and ¢, represents
unobserved characteristics that impact the baseline utility. The model parameterised ;. as exp (8'zy),
Y(xq, &) = exp(&y), Y(xy, &) = exp (B'zy + € ). We use the package Apollo [20] for modelling.

2.4. Building Energy Modelling

Our case study utilises a typical Danwei community located in Guangzhou, China, to understand the
energy implications of emerging work patterns among residents. Danwei community is a community
type encompasses both enterprise office buildings and staff accommodation. The specific case includes
three office buildings of varying heights: a 10-storey building (total area 4,583.646 sqm), a 6-storey
building (total area 2,916.86 sqm), and a 3-storey building (total area 1,666.78 sqm). Also, it contains
five 8-storey residential staff quarters (each with an area of 1,739.30 sqm), comprising 16 residential
units per building. In our model configuration, the office buildings are assigned maximum occupant
densities of 0.033 persons per sqm for public areas and 0.125 persons per sqm for office arecas. We
assume each residential unit houses three employed occupants. The climate characteristics are derived
from local Typical Meteorological Year data. The activity model generates the occupancy schedules for
each building based on the simulated location choice patterns. EnergyPlus v9.5 is employed for analysis.

3. Model Validation and Scenario Analysis

3.1. Activity Model Validation

This study randomly selected data from 75% of the sample for model calibration, with the remaining
25% used for validation. Figure 3 compares the observed time-use against those estimated by our model.
Each point represents time allocation for different activities across various time periods. The coefficient
of determination (R-squared) is 0.9876, demonstrating satisfactory predictive capability of the model.
Table 2 further illustrates time allocation across residence (active/inactive), workplace, transport and
other locations. Sleep (the outside good) was not included in Figure 3, but its data are listed in Table 2.
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Figure 3. The validation results of activity modelling

Table 2. Aggregated time allocation by location (unit: minute)

Residence Workplace Others Transport Sleep (outside)
Observed 351.35 503.65 112.50 68.08 404.42
Estimated 364.07 512.57 96.92 58.28 408.16
Diff. (%) 3.62% 1.77% -13.85% -14.39% 0.92%
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3.2. Scenario Analysis

To understand the impacts of three working patterns, we established scenarios to examine the resulting
residential and office occupancy patterns and their derived energy demands. The first two scenarios
(S1A and S1B) focus on home-based working, scenarios S2A and S2B address hybrid working, whilst
the final two explore multi-locational working. Table 3 provides detailed information on the settings of
these scenarios. Within these scenarios, an increase in the number of employed residents engaged in
new working patterns corresponds to a proportional decrease in traditional commuters.

Table 3. Scenario settings

Dimension Home-based Hybrid Multi-location
Scenario Baseline S1A SIB S2A S2B S3A S3B
Change N/A +15% +25% +15% +25% +15% +25%
Commuting% 72.68% 57.68% 47.68% 57.68% 47.68% 57.68% 47.68%
Home-based% 1.95% 16.95% 26.95% 1.95% 1.95% 1.95% 1.95%
Hybrid% 11.71% 11.71% 11.71% 26.71% 36.71% 11.71% 11.71%
Multi-loc.% 13.66% 13.66% 13.66% 13.66% 13.66% 28.66% 38.66%

3.2.1. Location Choices

We generate occupancy schedules for residential and office buildings based on the time-use patterns of
employed populations derived from our activity model. Figure 4 illustrates these results, with Figures
4(a), (b) and (c) displaying the residential building (active), the residential building (including sleep),
and the office building occupancy schedule, respectively. Compared to the baseline, all scenarios
demonstrated longer residential active occupancy. Especially, SIA and S1B, associated with home-
based working, increase active residential occupancy by 9.12% and 22.57%. These increases were
concentrated between 10AM and 4PM. Also, S3A and S3B revealed that elevated multi-locational
working ratios resulted in active residential occupancy increases of 3.22% and 6.02%. Home-based
working similarly emerged as the working pattern with the most significant influence on office building
occupancy, with effects generally inverse to the trends observed in residential occupancy.
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Figure 4. Generated residential and office building occupancy

3.2.2. Building Energy Demand

Figure 5 illustrates the energy demand changes in office buildings, residential buildings, and total energy
requirements across the case study community. Results indicate that home-based working demonstrates
a significant effect in reducing overall energy demand within this community: scenarios S1A and S1B
yield electricity demand savings of 18.25 and 47.42 MWh respectively. Whilst home-based working
may cause a slight increase in residential sector energy demand, the energy conservation effect in office
buildings is more pronounced, reaching 11.36% in scenario S1B, resulting in an overall reduction in
energy demand. The impact of home-based working on office energy demand exhibits seasonal variation,
with energy-saving effects of 14.95% and 16.03% during the cooler months of January and February,
compared to approximately 9% during the hot summer months (June-August). This discrepancy may be
attributed to larger and more dispersed cooling requirements resulting from home working arrangements.
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The scenarios focused on hybrid working demonstrate energy impacts similar in trend to SIA/S1B
across both building types, albeit with more moderate effects (S2B achieving total savings of 3.91 MWh).

(a) Office (unit: kWh) (b) Residential (unit: kWh) (c) Total (unit: MWh)
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Figure 5. Building energy demand by scenario

4. Implications, Limitations and Future Directions

The significant shifts in building occupancy patterns resulting from emerging working arrangements
necessitate proactive policy responses from urban planners and energy providers. Policymakers should
monitor the evolving work pattern trends to accurately forecast building energy demand distributions.
The transfer of daytime energy demand from office to residential areas may require reconfiguration of
electricity grids to address increased residential daytime loads and prevent potential network stress.

Our findings indicate that home-based working produces the most dramatic shifts in energy demand
patterns, whilst hybrid and multi-locational working create more moderate but complex energy
distribution challenges requiring more nuanced management approaches. Multi-locational working
particularly warrants attention as it may create scattered energy demand across various urban locations,
potentially straining local infrastructure in previously low-demand areas. In the future, solutions could
include time-of-use electricity pricing structures for remote workers, and neighbourhood-level energy-
sharing schemes. In addition, urban planners might consider establishing local co-working hubs within
residential areas to optimise energy distribution whilst maintaining the benefits of flexible working.
Such strategic approaches would enhance urban energy resilience whilst supporting the sustainable
transition to more flexible working patterns in post-pandemic urban environments.

Our data was collected during the COVID-19 pandemic, potentially not fully representing post-
pandemic conditions. Also, the findings may be affected by the small sample size (205 respondents).
Future research should incorporate activity chains to examine interactions among buildings, transport
and facilities. Our case study assumed that the staff quarters contained only employed residents,
neglecting the presence of non-employed residents. This simplification may not accurately reflect the
complex inner household interactions. Furthermore, future studies would benefit from considering the
complex activity-chain interaction between employed and non-employed residents.

Lastly, applying our findings in other regions requires a careful consideration of local building
geometrical characteristics, climatic conditions, and work cultures. These factors can influence the
relative prevalence of various working patterns as well as the energy performance of buildings. For
example, while European cities are increasingly adopting a four-day working week, its adoption remains
considerably lower in Asia. Also, in contrast to Asian metropolises, European cities typically exhibit a
higher proportion of low-rise buildings. The influence of these variations could steer future localised
energy retrofit [21] and city-level energy management.

Acknowledgements

The authors would like to thank the support from CISBAT travel and attendance grant and City
University of Hong Kong through the Presidential Assistant Professor Start-Up Grant (Project Number:
9382011). Also, we wish to extend our gratitude to the anonymous reviewers for their invaluable and
constructive feedback.



CISBAT 2025 IOP Publishing
Journal of Physics: Conference Series 3140 (2025) 062013 doi:10.1088/1742-6596/3140/6/062013

Declaration

Throughout the drafting of this paper, ChatGPT was utilised solely to enhance readability and linguistic
clarity. The authors confirm that all outputs have been meticulously reviewed and edited, and maintains
full accountability for the final content of the work.

References

[1] S. De Lauretis, F. Ghersi, and J. M. Cayla, “Energy consumption and activity patterns: An analysis
extended to total time and energy use for French households,” App! Energy, vol. 206, pp. 634—648, Nov.
2017, doi: 10.1016/J. APENERGY.2017.08.180.

[2] Q.-C. Wang and L. Wan, “Activity-Based Models for Smart and Sustainable Urban Environment,” in
Routledge Handbook of Smart Built Environment, Taylor & Francis, 2025, ch. 13, pp. 220-242.

[3] M. de Haas, R. Faber, and M. Hamersma, “How COVID-19 and the Dutch ‘intelligent lockdown’ change
activities, work and travel behaviour: Evidence from longitudinal data in the Netherlands,” Transp Res
Interdiscip Perspect, vol. 6, p. 100150, Jul. 2020, doi: 10.1016/J.TRIP.2020.100150.

[4] R.Yu, M. Burke, and N. Raad, “Exploring impact of future flexible working model evolution on urban
environment, economy and planning,” Journal of Urban Management, vol. §, no. 3, pp. 447-457, 2019.

[5] Q.C.Wang,P.He, Y. Li, Y. Hou, Y. L. Jian, and X. Liu, “Towards a human-centric city emergency
response: Modelling activity patterns of urban population,” Developments in the Built Environment, vol.
21, p. 100633, Mar. 2025, doi: 10.1016/J.DIBE.2025.100633.

[6] O.D. Adekoya, T. A. Adisa, and O. Aiyenitaju, “Going forward: remote working in the post-COVID-19
era,” Employee Relations, vol. 44, no. 6, pp. 1410-1427, Sep. 2022, doi: 10.1108/ER-04-2021-
0161/FULL/XML.

[7] T. Galanti, G. Guidetti, E. Mazzei, S. Zappala, and F. Toscano, “Work from home during the COVID-19
outbreak: The impact on employees’ remote work productivity, engagement, and stress,” J Occup
Environ Med, vol. 63, no. 7, p. €426, 2021.

[8] A.Kaduk, K. Genadek, E. L. Kelly, and P. Moen, “Involuntary vs. voluntary flexible work: insights for
scholars and stakeholders,” Community Work Fam, vol. 22, no. 4, pp. 412—-442, 2019, doi:
10.1080/13668803.2019.1616532.

[9] J. Merkel, “‘Freelance isn’t free.” Co-working as a critical urban practice to cope with informality in
creative labour markets,” Urban Studies, vol. 56, no. 3, pp. 526547, Feb. 2019, doi:
10.1177/0042098018782374.

[10] R. Roberto, M. Penna, B. Felici, and M. Rao, “Smart working and flexible work arrangements:
opportunities and risks for sustainable communities,” Intelligent Environments, pp. 243-283, Jan. 2023,
doi: 10.1016/B978-0-12-820247-0.00001-1.

[11] G. M. Huebner et al., “Survey study on energy use in UK homes during Covid-19,” Buildings and Cities,
vol. 2, no. 1, pp. 952-969, 2021, doi: 10.5334/BC.162.

[12] M. Aldubyan and M. Krarti, “Impact of stay home living on energy demand of residential buildings: Saudi
Arabian case study,” Energy, vol. 238, p. 121637, Jan. 2022, doi: 10.1016/J.ENERGY.2021.121637.

[13] A. Hook, V. Court, B. K. Sovacool, and S. Sorrell, “A systematic review of the energy and climate impacts
of teleworking,” Environmental Research Letters, vol. 15, no. 9, p. 093003, Aug. 2020, doi:
10.1088/1748-9326/AB8A84.

[14] Q.-C. Wang, M. Sun, X. Liu, F. Tao, D. Yang, and R. Bardhan, “Reflecting City Digital Twins (CDTs) for
sustainable urban development: Roles, challenges and directions,” Digital Engineering, p. 100035, Jan.
2025, doi: 10.1016/J.DTE.2025.100035.

[15] T. Hagerstrand, “What about people in regional,” 1970.

[16] J. Lee and H. J. Miller, “Analyzing collective accessibility using average space-time prisms,” Transp Res D
Transp Environ, vol. 69, pp. 250-264, Apr. 2019, doi: 10.1016/J.TRD.2019.02.004.

[17] H. Timmermans and T. A. Arentze, “Transport Models and Urban Planning Practice: Experiences with
Albatross,” Transp Rev, vol. 31, no. 2, pp. 199-207, Mar. 2011, doi: 10.1080/01441647.2010.518292.

[18] C. R. Bhat, “The multiple discrete-continuous extreme value (MDCEV) model: role of utility function
parameters, identification considerations, and model extensions,” Transportation Research Part B:
Methodological, vol. 42, no. 3, pp. 274-303, 2008.

[19] Y. L. Rovira, A. F. Imani, A. Sivakumar, and J. Pawlak, “Do in-home and virtual activities impact out-of-
home activity participation? Investigating end-user activity behaviour and time use for residential energy
applications,” Energy Build, vol. 257, p. 111764, 2022.



CISBAT 2025 IOP Publishing

Journal of Physics: Conference Series 3140 (2025) 062013 doi:10.1088/1742-6596/3140/6/062013

[20] S. Hess and D. Palma, “Apollo: A flexible, powerful and customisable freeware package for choice model
estimation and application,” Journal of choice modelling, vol. 32, p. 100170, 2019.

[21] C.R. Yu, X. Liu, Q. C. Wang, and D. Yang, “Solving the comfort-retrofit conundrum through post-
occupancy evaluation and multi-objective optimisation,” Building Services Engineering Research and
Technology, vol. 44, no. 4, pp. 381-403, Jul. 2023, doi:
10.1177/01436244231174354/ASSET/IMAGES/LARGE/10.1177_01436244231174354-FIG10.JPEG.



	2.1.   Modelling Method Overview
	2.2.   Time Use Survey Data Processing and Working Pattern Identification
	2.3.   Activity Modelling
	2.4.   Building Energy Modelling
	3.1.   Activity Model Validation
	3.2.   Scenario Analysis

