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Highlights

e The study has its origins in the Sustainable Energy in Cities summer school held in Shanghai, China, in
July 2015

o It statistically explores the effect of temporal and spatial randomness of stochastically generated
occupancy schedules on a building’s energy performance

e It adopts a scalarized single-objective optimization to minimize heating and cooling energy needs

e It presents a quality assurance procedure for numerical models of buildings that cannot be calibrated
using measured data

e Modeling of high-performance buildings requires a (spatially) detailed and (timely) precise description
of occupancy and occupant-dependent input variables
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Abstract

Building performance simulation is frequently used to support building design, renovation, and operation.
However, modelers are traditionally concerned with accurately describing technical input data, and have only
limited interest in investigating the influence of occupant behavior on buildings’ energy performance.

To fill this gap, this article examines the effects of stochastically generated occupancy schedules on the energy
performance of a multiresidential high-rise building located in Shanghai, China. The building’s energy
performance is analyzed under two design proposals: a law-compliant proposal developed by the designers, and
a second proposal conceived through an automatized optimization process. A statistical analysis quantifies the
energy implications of adopting different degrees of randomness when creating occupancy and occupancy-
dependent schedules.

Simulation outcomes show that temporal and spatial randomness of occupancy and occupancy-dependent
schedules have a statistically significant influence on the building’s energy performance, with an estimated
uncertainty of up to 10%. At least in Shanghai, occupant behavior affects cooling more than heating, and its
influence on the energy performance is stronger in high-performance buildings than in poorly insulated ones.
Finally, accurate modeling of high-performance buildings would require a detailed and precise description of
occupancy and occupant-dependent input variables even if this increases the modeling effort and costs.

1 Introduction

This article investigates the influence of occupant behavior on the energy performance of a multiresidential high-
rise building located in Shanghai, China, and has its origins in the Sustainable Energy in Cities (SEniC) summer
school organized by the Norwegian University of Science and Technology (NTNU) in collaboration with the
Shanghai Jiao Tog University (SJTU) and held in Shanghai in July 2015.

The object of this study was chosen because, over recent decades, there has been a growing interest in reducing
the environmental impact of the building sector, which is believed to be responsible for more than two-thirds of
the world’s primary energy usage and more than one-third of the world’s greenhouse gas emissions [1].
Focusing on China, the International Energy Agency (IEA) and the World Bank state that China is currently the
biggest greenhouse gas emitter in the world [2-4]. Furthermore, the US Energy Information Administration
(E1A) claims that the Chinese building sector was responsible for up to 18% of the overall Chinese greenhouse
gas emissions in 2009 [5]. Regarding energy demand, the EIA estimated that China is the largest energy user
worldwide, with a rate of 18% in 2010 [6], and that one-fifth of China’s total primary energy is attributable to
the building sector. The IEA has also pointed out that China’s residential and commercial energy usage were
ranked respectively first and third among those of all the world’s countries [2]. Additionally, it shall be recalled
that, after the Reform and Opening-up policy launched in 1978, China entered into a frenetic period of rapid
urbanization [7, 8], with a level of urbanization that rose from 19.4% in 1980 to 53.7% in 2013 [9] and is
expected to achieve saturation by 2030 [10]. This aspect is closely linked with the phenomenon of the rapid
growth of the Chinese population, which increases the demand for residential buildings.

China’s census indicates that energy usage has increased by more than 3.5 times from 1990 to 2013 (i.e., from
987 million tons of coal equivalent, Mtce to 3750 Mtce), while the amount of carbon dioxide (CO,) emissions
increased almost four times in the same period (from 2269 Mtce to 8106 Mtce) [11]. Berardi [5], elaborating
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data from IEA [12] and World Bank [4], pointed out that, in China, the energy requirement in 2050 will be 15
times higher than the level in 1970. In this scenario, some tremendous challenges related to environmental

pressures, including energy usage and CO, emissions, have become more and more urgent in China [13, 14].

Furthermore, as urbanization continues to increase rapidly, much still needs to be done to achieve energy
security and environmental sustainability and to sensitize users’ awareness of energy utilization. A study
conducted by Murata, Hailin and Weisheng [15] showed that, in China, at least 21% of residential energy (up to
50% in some regions) may be saved by using household appliances with a higher efficiency. However, since the
building standards’ requirements are getting stricter, the relative impact of occupants on a building’s energy
usage is going to increase, and “better models of occupation presence and interaction are necessary” [16].
Indeed, the presence of people in a building affects its thermal and energy performance not only through the
production of sensible and latent heat, but also, and to a large extent, through their activities and interaction with
the building’s systems, devices, and appliances. However, improper use of electric devices and appliances is a
key factor that makes occupancy one of the weakest points of the energy balances of a building [17]. Wu, Zhu
and Zhou [18] compared electricity consumption, measured in 1999, among 410 apartments in Beijing and
provided evidence that variations in household electricity use is mainly due to occupant behavior. In another
study carried out in Beijing in 2006, Li, Jiang and Wei [19] monitored the summer use of air-conditioning in 25
identical apartments in a low-rise building. Outcomes showed relevant discrepancies in energy usage among
these apartments, with a maximum value of 991 kWh per year and a minimum value of 170 kWh per year due to
different occupant behaviors. Jian, Li, Wei, Zhang and Bai [20] found a significant impact of occupant behavior
on the whole electricity use in 44 individual apartments in Beijing. Regarding heating, Guo, Yan, Peng, Cui,
Zhou and Hu [21], during the winter of 2013, monitored energy use for heating, indoor temperatures, and CO,
emissions in 48 dwellings located along the Yangtze River (China) and belonging to the so-called hot-summer-
and-cold-winter (HSCW) climate zone. Unlike Northern China, this region is not provided with district heating,
and heating needs are managed at the building or even individual apartment level. Consequently, the operation
time of each heating device varies significantly among different units and families’ patterns of use.
Measurements showed that the heating consumption was quite low, due to the fact that heating devices were
used just for 30% of the entire heating season. Furthermore, indoor air temperatures, which reached on average
16 °C, were largely below any thermal comfort zone. In relation to all of the above-mentioned matters, one of
the research questions investigated in this work is to estimate to what extent occupant behavior influences the

energy performance of a multiresidential building while ensuring comfortable conditions.

It can be inferred from the aforementioned examples that, to fully characterize the performance of a building,
several occupancy patterns seem necessary, shifting building modeling from a deterministic to a stochastic
approach. Unfortunately, modeling occupant behavior is complex. Six typologies of models are available to
describe occupant behavior': psychological models, average value models, deterministic models, probabilistic
models, agent-based models, and action-based models [22]. Focusing only on probabilistic models, different

techniques can be used for developing these models, such as logistic regressions, state-transition analyses using

! In general, these typologies of models allow a description of the occupant’s status and action or reaction in response to
external or internal stimuli in order to adapt ambient environmental conditions that can affect the energy performance of a
building. However, in this article, only occupancy and occupancy-related energy usages are addressed.
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Markov chains, Monte Carlo modeling, and artificial neural networks. Several reviews are available in the
scientific literature that discuss the strengths and weaknesses of these models and techniques, for example Reff.
[23, 24]. Therefore, another research question consists of evaluating to what extent the (temporal and spatial)
implementation of a probabilistic occupancy model in a simulation tool influences the energy performance of a

multiresidential building.

Moreover, social, cultural, and economic factors provide a further significant contribution to defining occupants’
attitudes towards energy usage in buildings. However, no occupancy model specifically built for Chinese society
that was suitable to be used in the summer school was identified in the literature; hence, an occupancy
probabilistic model developed for Japanese society [25] was implemented after a qualitative check was made
regarding the reliability of its extension to the presented case study by the Chinese students and professors

participating in the summer school.

In summary, this work aims at providing further insights into the influence of occupant behavior on energy uses
for heating and cooling, electric lighting, and appliances by modeling stochastic schedules for occupancy and
occupant-dependent input data in both a current law-compliant and an optimized design proposal for a high-rise
residential building in Shanghai. However, in this article, occupant behavior is used exclusively to describe
occupancy and occupant-dependent energy uses for electric lighting and appliances. It does not refer to the effect
of those actions taken by occupants to manipulate the built environment to create more comfortable and pleasant

indoor conditions, such as the operation of windows, solar shading devices, and thermostats, etc.
2 Methodology

During the SEniC summer school, three main learning outcomes were pursued to provide students with
information and knowledge in the following areas: (i) numerical modeling and dynamic energy simulation of
buildings, (ii) mathematical optimization techniques that are useful for supporting the design of high-
performance buildings, and (iii) statistical analyses that are useful for interpreting the sets of data populated with
the simulation outcomes due to the implementation of several stochastically generated occupancy schedules.
During the first week of the summer school, 15 students were split into two groups, which worked in parallel
creating (i) the numerical model of the Base case, according to the law-compliant proposal developed by the
designers and (ii) several stochastically generated occupancy schedules. Starting from the same blueprints, two
subgroups, autonomously and in isolation, created two numerical models of the Base case, which were
eventually compared and refined against input errors. During the second week, most of the students were
involved in the simulation of the Base case using the stochastically generated occupancy schedules. Another
smaller group set up and carried out the mathematical optimization of the Base case, obtaining the so-called
Optimized case. All the students then simulated the Optimized case with the same stochastically generated
occupancy schedules previously integrated into the Base case. Finally, they collaborated to summarize the work
activities in a report and a poster. The work done during the summer school was the basis for the present article,

which has recently been refined by the authors.
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2.1 Description of the case study

The object on which students worked during the summer school was the Zhoukanghang (J& L) resettlement
residential project located in Shanghai’s southeastern area. This resettlement residential project acts on a
neighborhood scale and represents a typical Chinese housing development project constructed after the
introduction of the Reform and Opening-up policy [7, 8]. In this section, the main features of the local climate

are briefly introduced and a description of the study area is presented.
2.1.1 Climate of the Shanghai region

China is characterized by large regional differences in climate. According to the Chinese Code for Thermal
Design of Civil Buildings (GB50176-93) [26], China is divided into five climate zones: a severe-cold region, a
cold region, a hot-summer-and-cold-winter region, a hot-summer-and-warm-winter region, and a mild region
[27]. The city of Shanghai (latitude 31.20° N, longitude 121.50° E) is classified as being in the hot-summer-and-
cold-winter (HSCW) region and is characterized by being in a humid, subtropical climate zone with hot, moist,
and rainy summers and overcast, cold winters. It is indicated with the code Cfa in the climate classification of
Koppen and Geiger [28]. The annual weather data are presented in Figure 1. They were elaborated from the .epw
weather file made available by the US Department of Energy [29] and represent the monthly mean daily values
of the principal meteorological quantities, that is, an average for each of the 24 hours of the day is calculated and
represented per month.

Regarding the air temperature, the winter outdoor temperature can be below 0 °C and can reach =5 °C in
December, while in summer, it usually reaches above 30 °C with peaks of over 35 °C in July and August. In
relation to the annual solar radiation, the highest contribution of the direct component is registered in winter,
thanks to a lower level of cloudiness®. However, due to the combined contribution of direct and diffuse radiation,
in summer the global radiation reaches the highest values. Finally, the level of relative humidity can achieve
values that are higher than 85% during summertime.

2 Air pollution seems, hence, not to be considered by the weather file.
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Figure 1: Trends of (a) global solar radiation on a horizontal plane, and direct and diffuse solar radiation, (b) outdoor

temperature and its daily excursion and (c) relative humidity in Shanghai.
2.1.2 The study area

The Shanghai urban region covered an area of about 176 km? in 1984, while, during the period of rapid
urbanization, it grew until it covered 412 km? in 1996 and 886 km? in 2008 [30]. The chosen case study is

included in one of the new urban densification interventions: the Zhoukanghang (& BEfii) resettlement
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residential project. It is located in the Pudong District, in the southeastern area of Shanghai, and is intended for
the relocation of people formerly living downtown. The project started in 2013 and is still under construction.

It is composed of a cluster of nine high-rise multiresidential building blocks and a community center. The entire
intervention covers an area of 2.45 hectares and has a total net floor area of 59 672 m? which allows for the
possibility of hosting 588 households. Each block has 18 conditioned storeys plus a free-running basement. Each
storey includes six apartments: four designed for three-person families and two for couples. The layout of the

apartments is symmetrical and is represented in Figure 2.

A\| A Double bedroom
/ T\ Single bedroom

Living room/kitchen

Bathroom

Balcony

Stairs block

Apartment B

Figure 2: Layout of the typical floor unit of the Zhoukanghang (/Z£%#7) resettlement residential project.

The apartments A, B, and C have a total net floor area of about 66, 50, and 60 m? respectively.

According to the current design proposal, the external walls, the roof, and the floor are made of concrete and
have a thin insulating layer. The windows are made of a clear, air-filled double glazing unit mounted into an
aluminum frame with a thermal break. Furthermore, no external solar shading devices or overhangs are foreseen
to control the incoming solar radiation. The characteristics of the building envelope components according to the

current design proposal are summarized in Table 1.

Table 1: Characteristics of the building components in the Base case.

Building component Steady-state transmittance, U, Periodic transmittance, Yo,
W/(m*K) W/(m*K)

External walls 1.46 0.23

Flat roof 0.71 0.17

Floor against basement 1.80 0.03

Basement walls 0.48 0.08

Internal partitions between rooms 2.63 2.06

Internal partitions between 1.40 0.34

apartments

Internal floor between apartments 1.43 0.32

Glazing unit 2.80 Not applicable

Frame with thermal break 3.45 Not applicable
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2.2 Description of the numerical model

In this section, a description of the process followed by the students to create the numerical model of the
building in the Base case is presented, as well as the necessary information to comprehensively understand the

feature of the model and all the assumptions made.
2.2.1 Modeling simplifications and thermal zoning

Building performance simulation (BPS) is a computer-based process for assessing through a numerical model
some aspects of a building performance based on fundamental physical principles and engineering models. As
with all other models used in science, its purpose is to represent as closely as possible a given object or real
phenomenon, but it always remains distinct from the object or phenomenon itself. Therefore, the purpose of BPS
is to create an abstracted building representation that reproduces a selected behavior with a controlled deviation.
Moreover, for large buildings, a trade-off has to be found between available computational capacity, the running
period of each individual simulation, and the number of the exported outputs.

For this purpose, only one high-rise multiresidential building block in the Zhoukanghang (J& FEfiT) resettlement
residential project was modeled in DesignBuilder. The building block was chosen to be representative of the
average energy performance of the nine building blocks, taking into account the mutual shadows projected by
the designed blocks and the surrounding buildings (Figure 3, left). Given the symmetry of the original project
(Figure 2), only half of the building block was modeled (Figure 3, right), and the partition normally facing the

other half of the building was assumed to be adiabatic.

Figure 3: Graphical representation of the Zhoukanghang (/&/##7) resettlement residential project and of the simplified

geometry of the numerical model.

This choice halved the number of apartments without affecting significantly the simulation outcome since energy
benchmarks are typically normalized by the conditioned net floor area.

Since each building block has 18 storeys, the total number of apartments to model would have been 54, and,
zoning for each room, the total number of thermal zone would have been 325; these are numbers outside the
simulation capabilities of most BPS software. Therefore, the model was reduced in size in order to take into

account only three storeys and the free-running basement for a total of nine apartments and 50 thermal zones.

10
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Basement aside, the three storeys are: (i) the top floor, mostly affected by solar radiation incident on the flat roof,
(ii) an intermediate storey representing all the storeys from the second to the seventeenth floor, and (iii) the
bottom storey, which is in thermal contact with the free-running basement. Obviously, this simplification affects
the energy balance of the whole building block since the top and the bottom storeys have a more significant
impact on the overall energy bill. Looking next at the whole building, the reduced-size model is characterized by
a lower thermal inertia and a higher shape ratio (S/V). Furthermore, the lower height of the reduced-size building
model implies a lower over-shading effect from surrounding buildings, which were therefore moved closer to the
analyzed building block than set out in the original project (Figure 3).

Since one of the purposes of this article is to assess the effect of the stochastically generated occupancy
schedules on the energy performance of the building, every room was modeled as an individual thermal zone
(Figure 2). In addition to the thermal zones of the apartments, that is, bedrooms, living rooms, kitchens, and
bathrooms, some buffer zones were also modeled to better account for the heat exchanges between the indoor
and outdoor environments. Hence, the basement, entrance, stair block, and sheltered balconies were modeled as
free-running zones. The surrounding building blocks were modeled in all simulations without any thermal zones,
but with surfaces that can shade or reflect direct solar radiation.

The values for maximum occupancy and the installed power for electric lighting and appliance set for each room of the
model are reported in

Table 2.
Table 2: Definition of internal gains for each type of room of the building model.
Maximum Installed power Installed power
number of for lighting for appliances
people per room (W/m?) (W/m?)
Double bedroom 2 5 10
Single bedroom 1 10 10
Living room of Apartments A and C 3 12 10
Living room of Apartment B 2 12 10

Bathrooms

2.2.2 Setup of the numerical models

The weather file used in all simulations was the International Weather for Energy Calculations (IWEC) file of
Shanghai made available by the US Department of Energy [29].

The case study was modeled in DesignBuilder, version 4.2.0.054, which was used as the interface for the whole-
building dynamic simulation engine EnergyPlus [31], version 8.1.0.009. Each released version of EnergyPlus
undergoes two major types of validation tests [32]: analytical tests, according to ASHRAE Research Projects
865 and 1052, and comparative tests, according to the ANSI/ASHRAE 140 [33] and IEA SHC Task 34/Annex
43 BESTest method. Within the capability of EnergyPlus, the building models were set up with a priority of
reproducing in significant detail the geometrical features of the building and the physical phenomena that
determine the thermal behavior of the building, although this was at the expense of a rather large computational
time. The update frequency for calculating sun paths was set to 7 days, rather than the default 20 days, to better
estimate solar gains entering the model. The heat conduction through the opaque envelope was calculated via the

finite difference method using a 3-minute time-step, rather than the default transfer function method that has a

11
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15-minute time-step, in order to improve calculation accuracy in the presence of components with high thermal
inertia, such as the thick concrete layers [34]. The natural convection heat exchange near external and internal
surfaces was calculated via the adaptive convection algorithm [35] to better meet the local conditions of each
surface of the model. The initialization period of simulation was set at 25 days to reduce the uncertainties
connected to the thermal initialization of the numerical model. The voluntary ventilation and involuntary air
infiltration were calculated using the AirflowNetwork module to better calculate the contribution of natural

ventilation and infiltration.
2.2.3 Additional assumptions

Besides the selection of physical models and numerical schemes, it is necessary to make a number of
assumptions and choices to comprehensively describe the numerical model used for the simulations. Ideal
systems were integrated into the model to provide heating and cooling. Therefore, hereafter we will refer only to
the energy need for heating and cooling® without assessing the efficiencies of any building systems.
Furthermore, since the building is considered conditioned throughout the year, the Fanger thermal comfort
model [37] is adopted to set suitable set-point operative temperatures for the heating and cooling periods [38,
39]. For both periods, it is assumed that (i) the indoor operative temperature is calculated as the mean of the air
and the mean radiant temperature, (ii) the external work of the occupants is zero, (iii) the occupants are in a
sedentary activity*, so their metabolic rate is 1.2 met, (iv) the relative humidity is fixed at 50%, and (v) air speed
is fixed at 0.1 m/s. Specifically, the occupants are supposed to wear typical summer clothing with a clothing
resistance, I, 0f 0.5 clo during the cooling period, while the clothing resistance is set at 1.0 clo during the
heating period. Accordingly, the cooling set-point operative temperature is 24.7 °C and the heating set-point
operative temperature is 21.5 °C. Such assumptions are implemented in all the models simulated in this work: the
Base case, the Optimized case, and in all building variants simulated in the optimization run.

Furthermore, operable solar shading devices and a mechanical ventilation system equipped with a high efficient
heat recovery unit (Eff = 80%) have been introduced in the reference building model used in the optimization
run and, hence, in the Optimized case, which is the optimal building variant identified by the optimization run
(Section 3.2).

2.3 Quality assurance of a numerical model

Since every model is a simplified representation of a real-world problem, it is necessary to be confident that a
building models provides an accurate representation of how a building and its systems would behave in reality.
Quality assurance is a process that aims to develop confidence in the predictions of a simulation tool [40]. This is
of fundamental importance because designers base design decisions on the results of simulations. The main
strategies used to enhance the quality of a BPS are undertaking rigorous validation and calibration of a building

model.

% The energy need for heating or cooling is defined as “heat to be delivered to, or extracted from, a conditioned space to
maintain the intended temperature conditions during a given period of time” [36] CEN, Energy performance of buildings -
Overall energy-use and definition of energy ratings, in, European Committee for Standardization, Brussels, Belgium, 2008.
* The metabolic rate was set according to table A.3 of the EN 15251 for “Residential buildings, living spaces (bed room’s
living rooms etc.) Sedentary activity ~ 1,2 met”.

12
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In general, validation is “the process of determining the degree to which a model is an accurate representation of
the real world from the perspective of the intended uses of the model” [41]. Its purpose is therefore to assess the
physical fidelity of a model for a specific predictive application [42]. Operationally, it is a procedure that uses
statistical metrics to evaluate the deviation in the prediction of a model built on a data sample commonly called a
training set, with respect to the actual data of the sample used to carry out validation, commonly called a test set.
If a training set and a test set belong to the same population of data, this assessment process is called internal
validation; if they belong to a different population of data, it is called external validation. Internal validation
results in an evaluation of the reproducibility of a model on a different data set belonging to the same population
of data, whereas external validation evaluates the generalizability, or transportability, of a model to a related, but
different, population from that used for developing the model itself. In the specific case of BPS, the model is not
built on data collected from the field using, for example, regression techniques, but is a mathematical system of
partial differential equations that represent physical phenomena and is solved by approximation using adequate
numerical methods. In order to assess the accuracy of a model in representing the behavior of an actual building,
aleatory uncertainties (i.e., “the inherent variation associated with the physical system or the environment under
consideration” [43]) have to be minimized, and, hence, a building model should be simulated using the most
accurate boundary conditions, for example, weather conditions and occupancy profiles, etc., which represent as
much as possible the real conditions to which the actual building is exposed. Therefore, only external validation
can be employed to evaluate the quality of a BPS model.

Calibration “is the process of improving the agreement of a code calculation or set of code calculations with
respect to a chosen set of benchmarks through the adjustment of parameters implemented in the code” [42]. Its
purpose is therefore to help the analyst to choose those values of the design variables that improve the agreement
of a simulation model with a defined set of physical benchmarks, increasing the credibility of the model.
Operationally, it is a process that starts with the choosing of a physical benchmark (e.g., delivered energy, indoor
air temperature, etc.) with which to calibrate a model. At the same time, the epistemic uncertainty (i.e., “a
potential inaccuracy in any phase or activity of the modeling process that is due to lack of knowledge” [43]) of a
set of design variables (also called independent variables or input variables) has to be quantified. Several
versions of the model are then generated, setting different values for each design variable, which are compatible
with the already identified epistemic uncertainties. Finally, all models are simulated, and the individual
simulation outcomes are collected and compared with the measured values of the same benchmark. The
agreement between simulation outcomes and measurements is assessed via statistical metrics. ASHRAE
Guideline 14 [44] suggests the use of the mean bias error, MBE, and the coefficient of variation of the root mean
square error, Cy(RMSE). MBE is a non-dimensional measure of the overall bias error between the measurements
and the simulation outcomes in a known time resolution, and it is usually expressed as a percentage:

ZiN:i(mi )

Np
i=1 1

MBE = [%] 1)

where m; (i =1, 2, ..., N,) are the measured data, s; (i = 1, 2, ..., Ny) are the simulated data at time interval i, and
N, is the entire number of data values. Positive values indicate that regression underpredicts values; negative
values indicate that the model predicts values for the benchmark that are higher than the actual values, whereas
Cy(RMSE) indicates overall uncertainty in a model. The lower Cy(RMSE) is, the smaller the residuals between

the measurements and the simulation outcomes are. This is defined as:
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where, besides the quantities already introduced in Eq.(1), M is the average of measured data values.
ASHRAE Guideline 14 [44] also provides useful criteria that can be used to declare a model calibrated (Table 3).

Table 3: Acceptable calibration tolerances according to ASHRAE Guideline 14.

Calibration type Acceptable value  Acceptable value

of MBE~ of Cy(RMSE)”
Monthly +5% 15%
Hourly +10% 30%

” Lower values indicate better calibration.

The building that was studied in this research is still under design, and therefore its numerical model cannot be
validated against monitored data, nor can it be calibrated to identify those values of the design variables that
increase model credibility. Therefore, a dedicated quality assurance procedure was implemented in order to
minimize the following:

e specification uncertainty due to interpretation of the design specification

e modeling uncertainty due to the construction of the geometrical model and the selection of the physical
models.

However, any quality assurance procedure cannot prevent:

e numerical uncertainty that might be due to the settings of the solver and that therefore mostly depends
on the modeler’s knowledge and expertise

e scenario uncertainty, which refers to uncertainty regarding all types of external factors to which the
building and its technical systems are exposed, such as weather conditions and occupant behavior, and
which is inherently present in any virtual experiments.

In addition, a seven-step procedure was designed and adopted:

1. All of the following modeling specifications were assembled in a design package: blueprints; all
technical reports about the project developed by the designers; the typical weather file of the site to be
used in all simulations; standard profiles for occupancy, as recommended by the UK National
Calculation Methodology, to be used in the optimization; and electric lighting and appliances usages to
be used in optimization.

2. The design package was delivered to two independent groups of students, who developed two building
models in absolute autonomy and avoided reciprocal interference.

3. Anindicator suitable for characterizing the thermal behavior of the building zones was identified. The
purpose of the research is to assess the influence of different occupancy profiles in the several zones of
a complex building model; hence, the criteria used to guide the selection of an indicator were: (i) that it
should be comprehensive and capable of describing the entire energy performance of a thermal zone,
(ii) that it should be simple to extract from the model and easy to statistically elaborate it, (iii) that a

time serial metric rather than a cumulative metric should be used so that the dynamic behavior of the
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building could be represented. The hourly operative temperature reached in the selected thermal zones
of the models (living room plus kitchen) was finally chosen.

4. A comparison of the quality benchmarks of the two models was carried out graphically using a
scatterplot.

5. The bias between the two models was quantified using MBE, and the overall uncertainty was evaluated
using Cy (RMSE).

6. An independent comparison of the input parameters of the two numerical models was run to find the
source of discrepancy that caused the deviation in the quality benchmark.

7. Finally, the errors were fixed and the reference model was finalized for the subsequent analyses.

The above procedure cannot guarantee that the simulation outcome reflects the actual performance of the

building, but it can help to minimize both specification and modeling uncertainties.
2.4 Building energy optimization

The energy design of a building is a multivariable problem that, leading to a large number of alternative
solutions that cannot all be simulated in a time span compatible with the design phase of a building [45, 46]. In
order to explore a very large number of building variants in a relatively short time, mathematical optimization is
used to reduce the energy need for space conditioning of the building while guaranteeing high indoor thermal
comfort conditions [47-50].

From among several options, scalarized optimization was considered a suitable trade-off between serving a
pedagogical purpose and searching for a solution to the given design problem. It is a process whereby an
optimization algorithm assesses an a priori combination of two or more objective functions that is called a utility
function. Based on the values of the utility function, the optimization algorithm guides a simulation engine to
simulate several building variants of the entire design space that makes up the optimization problem.

In our optimization problem, the two objective functions are the energy need for heating and cooling. They are
combined linearly, through a simple summation, into a new variable that represents the energy need for space
conditioning. The target of the optimization process is to find the building variant that minimizes the energy
need for space conditioning of the entire building model by varying the values of six design variables: the
constructions of exterior walls, the roof, the floor, the glazing units of windows, the control strategy of solar
shading devices, and the set-point value of the control strategy of the solar shading devices.

First of all, the students built the numerical model of the reference building in DesignBuilder and exported it in
the .idf format, which is the source file of the simulation engine EnergyPlus. Next, an automated iterative
simulation process was built by coupling an optimization engine, GenOpt version 3.1.0 [51], with EnergyPlus.
Finally, GenOpt was configured by customizing four files: the Model template file, the Command file, the
Initialization file, and the Configuration file. The Model template file is a copy of the Building model file in .idf,
which incorporates special codes substituting the names of the design variables. In the Command file, these
special codes indicating the design variables are defined using all the values that can be taken by each design
variable, and the optimization algorithm and the stopping criterion are tuned. In the Initialization file, the
objective functions are recalled from EnergyPlus’s .eso file, and the utility function is defined as an algebraic

equation of the objective functions. Finally, the Configuration file manages the optimization process and is
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368  available for several operating systems; in general, it is not necessary to modify it. A flowchart of the entire

369  optimization process is depicted in Figure 4.
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371
372 Figure 4: Flowchart of the optimization process.

373 2.4.1 Scalarized optimization

374 In mathematics, optimization is a process that aims to select the best element or set of elements, according to
375  given criteria, that minimizes, or maximizes, one or more objective functions. More generally, optimization

376 means finding the best available values of some objective functions given a defined domain, called the problem
377  space, and also subject to a given set of equality or inequality constraints. A general optimization problem can be
378  formulated as [52, 53]
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min F(x)

zeZ
G (x)=0
subject to { H,(x) > C
{ishe™

where F(x) is the set of objective functions, X is the vector of design variables, z are the simulations analyzed, Z

®3)

is the problem space, i equality and j inequality constraints are given for a general optimization problem in terms
of the functions G(x) and H(x), which are dependent on the x design variables, and C is a constant.

On the basis of the number of the objective functions, an optimization is called a single- or a multi-objective
optimization. In the case of single-objective optimization, a single optimum solution of the optimization problem
exists and it is either its global maximum or minimum, depending on the purpose, whereas for a multi-objective
optimization, a set of non-dominated variants belonging to the so-called Pareto front are the solution to the
optimization problem. Finally, two or more objective functions, F(x), can also be analytically combined into a
utility function U(x). This is called scalarized optimization and a priori condenses a multi-objective optimization
problem into a single-objective one.

To solve the optimization problem related to this case study, a scalarized optimization combining both the
energy need for heating and the energy need for cooling into a utility function built using the weighted sum

method [54] and with unitary weighting factors was set as follows:

U (%)= 3w, ()

subjectto:w, =1 V ieN

- Econd (X) = Eheat (X) + Ecool (X) (4)

where E¢,nq(X) is the total energy need for space conditioning, Epex(X) is the energy need for heating, Eco(X) is
the energy need for cooling (sensible plus latent), i is the counter of the objective functions, and k is the total

number of the objective functions of the optimization problem.
2.4.2 Design variables and available design options

The building is assumed to be fully conditioned by an ideal system. Therefore, the design variables were selected
from among those that only influence the building envelope and the solar shading control strategies, such as
external-wall construction, roof construction, floor construction, glazing system, control strategy of solar shading
devices, and set-point value of the solar shading control strategy. For the constructions, nine options were
created in order to modulate the steady-state thermal transmittance, U, and the periodic transmittance, Yo, over
three values labeled with -* for a low performance, ‘0’ for a medium performance, and ‘+’ for a high
performance (Figure 5).
Six options, however, were available for the glazing unit and were created by modulating the steady-state
thermal transmittance, U, and the solar factor, g, over the same aforementioned three values (Figure 5).
Solar shading devices and natural ventilation strategies were introduced in the numerical model, and the control
strategies of solar shading devices can take three options in the optimization run:

e The solar shading devices installed on the sun-facing windows of the entire building close if the outdoor

air temperature exceeds a set-point value in a given time-step (OutTemp).
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e The solar shading devices installed on the sun-facing windows of a given thermal zone close if the
indoor air temperature of the zone exceeds a set-point value in a given time-step (InTemp).
e The solar shading devices installed on the sun-facing window close if the irradiance incident on the

window exceeds a set-point value in a given time-step (WinTemp).
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Figure 5: Available options for the design variables of the building envelope.

Finally, for each control strategy of the solar shading devices, four available set-point values are available:

e Set-point value of a zone’s indoor air temperature: [23, 24, 25, 26] °C

e  Set-point value of the outdoor air temperature: [23, 24, 25, 26] °C

e  Set-point value of irradiance incident on a window: [80, 100, 120, 150] W/m?.
The problem space of this optimization consists of 183 708 possible building variants, which clearly highlights
the need to use an appropriate optimization technique that can guide the simulation engine towards the optimal
solution without exploring explicitly all the building variants that form the entire problem space.

2.4.3 Optimization algorithm

Particle swarm optimization (PSO) is the optimization algorithm chosen to solve this scalarized single-objective
optimization because of (i) its robustness in controlling parameters and (ii) its computational efficiency

compared with other existing heuristic algorithms and (iii) the fact that it can be applied to nondifferentiable,
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nonlinear, and huge search problem spaces [55]. It is a heuristic population-based optimization algorithm
developed by Kennedy and Eberhart [56], which is inspired by the social behavior of fish and birds in search of
food. The searching units exploring the problem space that are looking for the optimal solution are called
particles in the semantics of PSO. The swarm of particles aims at those areas characterized by lower values of
the objective function where there is a minimization problem. The speed with which each particle moves
depends on its best value compared with the overall best value found by the particles in its neighborhood. In
order to improve the search-and-balance exploitation and exploration process of this swarm, particle velocity is
controlled by the concept of inertia weight, developed by Shi and Eberhart [57]. Therefore, a particle swarm

optimization with inertia weight (PSOIW) was implemented in GenOpt using the code reported in Code 1.

Algorithm{
Main = PSOIW;
NeighborhoodTopology = vonNeumann;
NeighborhoodSize = 5;
NumberOfParticle = 32;

NumberOfGeneration = 40;

Seed = 0;

CognitiveAcceleration = 2.8;
SocialAcceleration = 1.3;
MaxVelocityGainContinuous = 0.5;
MaxVelocityDiscrete = 4;
InitialInertiaWeight 1.2;

FinalInertiaWeight = 0;
}
OptimizationSettings{

MaxIte = 2000;

MaxEqualResults = 100;
WriteStepNumber = false;
UnitsOfExecution = 0;

Code 1: PSOIW algorithm and the optimization settings implemented in the Command file GenOpt.

As recommended by van den Bergh and Engelbrecht [58], the number of particles and generations was set in
order to obtain accurate results; specifically, 32 particles per generation was set for a total number of 40
generations. Moreover, a stopping criterion was also implemented in order to stop the optimization run if the

algorithm should find 100 of the same instance of the best solution.
2.5 Stochastically generated occupancy and occupancy-dependent schedules

In our study, a probabilistic model that uses parameters and equations to evaluate the occupants’ state was used
to generate the probability distributions for a number of family-component types living in an apartment. Typical
days were then stochastically extracted from the probability distributions for each family-component type and
assembled to create family profiles corresponding to typical Chinese family types. Next, the daily family-
component schedules assembled per family type were translated into room occupancy schedules suitable for the
apartment types in the case study. Afterwards, the stochastically generated occupancy schedules for apartment

types were applied to all the apartments in the model of the multiresidential building, with the aim of taking into
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account the proportions of the Chinese family types that accord with those detailed in the national census. In the
following subsections, all the mentioned steps are described in detail.

While most of the techniques used to develop probabilistic models, such as logistic regressions, state-transition
analyses using Markov chains, Monte Carlo modeling, and artificial neural networks, allow an automatic
generation of occupancy schedules to be implemented in a whole-building simulation, these automatized
processes cannot control family composition and the proportion of family types in the multiresidential building.
To overcome these limits, a manual procedure was implemented by the students during the summer school to
create ad hoc family types representing Chinese society (see Section 2.6.1). This allowed to take into account for
the proportion of family types in the model in each occupancy schedule (for each room of each apartment) and
occupant-dependent schedules (electric lighting and appliance usages and availability of heating and cooling) in
each simulation. The adopted methodology was very time-consuming, but it permitted only reliable simulation
scenarios, for example, scenarios with just children (i.e., without parents) or with only two nonworking people

were not admitted.

2.5.1 Development of the schedules

In the Zhoukanghang buildings, there are three apartments on each storey: one small and two large (Figure 2).
For each apartment, different types of family compositions were hypothesized.

In order to create a distribution of families that could represent a typical Chinese scenario, data were gathered
from the Sixth National Chinese Census [59] and used to define the family types that were used in the building
model. This census identifies the compositions for the main types of Chinese families: nuclear families (60.9%),
linear families (23.0%), and singles (13.7%). A nuclear family is a traditional family composed of two parents
and one child. A linear family is made up of two or more generations. Finally, single is a family type made up of
a single working person living on their own. On the basis of these family types, several family-component types
were identified, and the probability method proposed by Yamaguchi and Shimoda [25] was used to
stochastically generate probability distributions of the occupant’s activity for these family-component types. A
trade-off between the accuracy of the characterization of family types and the total number of the analyzed
alternatives was made, and only four family-component types were defined and used in this analysis. These four
family-component types were defined on the basis of demographic attributes such as gender, age, and working
activity and were used to create the four Chinese family types mentioned above:

e  Working person (female or male). This family-component type is based on the data referring to a male
aged from 20 to 65, who is a full-time worker who works both in the morning and the afternoon.

e Nonworking person (female or male). This family-component type is based on the data referring to a
female without a job aged from 20 to 65 who takes care of a student who attends school (primary to
high school).

e Student (female or male). This family-component type is based on the data referring to a male student
attending junior high school.

e Retired person or weekend (female or male). This family-component type is based on the data referring
to a female older than 65, who lives with a family. It is also used for the weekends of the Working

person, Nonworking person, and Student schedules.
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Required data about (i) the probability distribution of the duration of routine behaviors, (ii) the probability
distribution of the beginning or ending times for routine behaviors, (iii) the percentage of people who adopt the
behavior at time t (PB), and (iii) the probability distribution of duration for non-routine behaviors (CF) were
taken from the outcomes of the national survey administered by Statistics Japan in 2006 [60]. Unfortunately,
such data are not available for China, and a cross-cultural analysis between Japan and China was not found in the
literature. However, even if typical daily activities carried out by Japanese and Chinese people might be slightly
different, their energy usage in dwellings is more similar than to that of Western ones (specifically American and
Canadian ones) [61]. For the purpose of this research, it is assumed that the behavior of typical Japanese family-
components may be transferred to the Chinese context.

Moreover, according to the design instructions, the small apartment is designed for a couple whereas the two
bigger apartments can host no more than three people. Nine types of family compositions were developed: four
for the small apartment (indicated by S1, S2, S3, and S4) and five for the big ones (indicated by B1, B2, B3, B4,
and B5). They are represented in Table 4.

Table 4: Types of family compositions for small and big apartments.

Number of people per family-component type

Family-component type Small (Apartment B) Big (Apartments A and C)

S1 S2 S3 S4Bl B2 B3 B4 B5
Working person 1 2 1 0 3 2 1 2 1
Nonworking person 0 0 1 0 0 0 1 0 1
Child 0 0 0 0 0 1 1 0 0
Retired person 0 0 0 2 0 0 0 1 1
TOTAL 1 2 2 2 3 3 3 3 3

So, typical days were randomly extracted from the probability distributions of each family-component type and
assembled to create specified family types and assigned to and merged together in each room (living room plus
kitchen, double bedroom, and single bedroom)® of each apartment of the multiresidential building model.
Therefore, on the base of the occupant’s activity (sleeping, working/studying, not in the apartment, eating,
housework, watching TV or engaging with other media, e.g., social media), hourly occupancy of each room was
defined for each apartment in the models. During the composition of the room schedules, a control quality
procedure was implemented to check that the number of occupants never exceeded the maximum allowed by the
room type, for example, no more than two people in the double bedroom and no more than one person in the
single bedroom, and by the apartment size. In this way, the randomly assigned and stochastically generated
occupancy schedules should reflect a reliable daily occupancy time for each apartment.

One of the research questions investigated in this work is to what extent the creation of occupancy schedules and
how they are linked to model thermal zones can influence the energy performance of a multiresidential building.
Thus, randomized distributions of occupancy schedules were created to test (i) the effect of the method used to
generate yearly schedules with an hourly resolution repeating a reference to a stochastically generated period
(temporal randomness), such as a day, a week, or a month and (ii) the effect of spatial randomness of the

occupancy schedules when they are linked to thermal zones.

5 It is assumed that the bathrooms were unoccupied since the schedule time-step is 1 hour, and the constant presence of a
person for that period or more was unlikely. The balconies, the basement, the entrance, and the stair block were also modeled
as unoccupied.
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Regarding temporal randomness, starting from the daily schedule of each family type (Table 4), yearly schedules
were created using four temporal randomness approaches to allocate and combine the stochastically generated
daily schedules:
e Day-repeated schedule: one random weekday and one weekend day were opportunely repeated 257 and
108 times respectively.
o Week-repeated schedule: one week composed of five random weekdays and two random weekends was
repeated 52 times.
e  Month-repeated schedule: one month composed of four random weeks was repeated 12 times.
e Whole-year randomized schedule: an entire year was composed of 365 random days. Weekdays and
weekend days were opportunely allocated.
Regarding spatial randomness, two approaches were implemented:
e Apartment-repeated schedules: the same set of occupancy schedules were repeated for the same
apartment of all the storeys.
e Whole-building randomized schedules: the set of occupancy schedules are randomized in all the
apartments.
Applying this randomization process, 25 different schedules were generated for each type of temporal
randomness approach, which were applied in the two spatial randomness approaches for a total of 200
occupancy scenarios; these were then implemented for both the two design quality proposals, Base case and
Optimized case. The same randomization process was applied to the schedule of the appliances, the electric
lighting, and the power system. Due to the direct link between these schedules and the occupancy schedules, no
further randomization is needed. The occupant-dependent schedules (lighting, appliances, heating, and cooling
availability schedules) were, accordingly, randomized as well. Specifically, the schedules for the electric
appliance usage were directly linked to the occupancy of each room. They can take the binary values on/off, and
it is on when at least one person is inside a given room in a given hour. As with the electric appliances, the
electric lighting was also linked to the presence of the occupants, but lighting is always off from 0:00 A.M. to
5:00 A.M., and from 7:00 A.M. to 5:00 P.M. due to the presence of enough daylight. The heating and cooling
systems were assumed to be autonomous for each apartment, so that they are linked to apartment occupancy, and
the heating and cooling systems are on in an apartment when at least one person is inside a given apartment.
Next, the coefficient of variation (Cy) was calculated to provide an overall assessment of the dispersion of

frequency distribution of the energy needs in the Base case and in the Optimized case. This can be formulated as
(o)

c, == ®)
18

where o is the standard deviation of a frequency distribution and p is its mean.
2.5.2 Statistical analysis

The following statistical analysis was carried out on the seven variables using the software package IBM®
SPSS® Statistics version 21: design proposal, temporal randomness, spatial randomness, energy need for heating,
energy need for cooling, energy use for electric lighting, and energy use for electric appliances. However, the

influence of the design proposal was not analyzed in relation to the energy use for electric lighting or the energy
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use for electric appliances since there is no difference in this use between the Base case and the Optimized case
according to the assumptions mentioned in Section 2.5. Specifically, Design proposal is a within-groups
independent, binary, and balanced variable that takes the two values Base case and Optimized case. Spatial
randomness is a between-groups independent, binary, and balanced variable that takes the two values
Apartment-repeated schedules and Whole-building randomized schedules. Temporal randomness is a between-
groups independent, categorical, and balanced variable that takes the four values Day-repeated schedules, Week-
repeated schedules, Month-repeated schedules, and Whole-year randomized schedules. Energy need for heating,
energy need for cooling, energy use for electric lighting, and energy use for electric appliances are dependent
and continuous variables expressed in KWh/(m? a). Several statistical techniques were adopted to extract patterns
and general findings from the dataset created by collecting all the data exported from the simulations. A few
techniques aimed to explore relationships between groups of data, and others compared groups in the dataset.
The continuous variables were tested for normality for each category of the independent variables using the
Shapiro-Wilk’s statistic [62], due to the dimension of the samples. Since this testing of the continuous variables
produced results that were not normally distributed for p < 0.05 (see Table 6), Spearman’s Rank Order
Correlation was used to explore the strength of correlation among continuous variables, and non-parametric
statistics were adopted to explore the differences among groups of data. Wilcoxon Signed Rank test was used to
statistically characterize the energy performance of the building in the two proposed design qualities: Base case
and Optimized case. The Mann-Whitney U test was used to assess the dependency of energy quantities on spatial
randomness that takes two values: Apartment-repeated schedules and Whole-building randomized schedules.
The Kruskal-Wallis H test tested for the dependency of energy quantities on temporal randomness that takes four
values: Day-repeated schedules, Week-repeated schedules, Month-repeated schedules, and Whole-year
randomized schedules. Finally, the Wilcoxon Signed Rank Test and the Mann-Whitney U test were used to
estimate the magnitude of the difference between each pair of energy terms by computing the effect size defined
by Cohen [63] as

r=— (6)
where r is the effect size, z is the statistic’s value and N is the sample size. According to Cohen [63], the effect
size is large if the value of r varies more than 0.5, medium if it varies by around 0.3, and low if is around 0.1.

3 Results and discussion

The main outcomes of the article are presented and discussed in the following subsections. Specifically, the
quality check of the numerical modeling is discussed in Section 3.1, its mathematical optimization is presented
in Section 3.2, and the statistical analyses exploring the impact of stochastically generated schedules on the

building’s energy performance are reported in Section 3.3.
3.1 Quality check of the Base case model

The building has not been built yet and measured data are not available. Hence, a quality check procedure was

implemented to minimize the errors that could have been caused because of the interpretation of design
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information, as well as the construction of the numerical model. From two modeling groups, called Group A and
Group B, two building models were developed avoiding reciprocal interference, both starting from the same
design package. The hourly indoor operative temperature in the living room and the kitchen was adopted as a
benchmark, and the criteria for hourly data, recommended for calibration by the ASHRAE Guideline 14 [44],
were used to check the models’ quality. Figure 6 shows the comparison of the simulation outcomes produced by
the two groups of students for the initial model and for the model refined after the tutor applied an independent

control.
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Figure 6: Quality check of the two numerical models of the Base case.

The initial comparison showed a substantial difference in the temperatures calculated by the two models:

MBE = 33.4% and C\(RMSE) = 2.0%. The differences were not randomized but were affected by a strong bias
(Figure 6). During the independent control carried out by comparing the two source files, several differences
were identified: the type of indoor temperature used for the set-point, the height of the rooms, the degree of
orientation of the building, the construction used for the floor of the first storey (i.e., against the basement), the
material used for the window frames, the thermo-physical properties of a few materials, and the monthly average
temperatures of the ground below the building. All of the identified differences were fixed, and the comparison
of the two refined models showed MBE = 9.1% and C(RMSE) = 0.6%, which met both of the ASHRAE
Guidelines 14 criteria, but a few differences still affected the two models. Therefore, to find the sources of these
differences, the two models were exported in the .idf format, and the two texts were automatically compared.
The two models were affected by small geometrical differences regarding the entire building and some rooms:
by a slightly different position of the windows on the fagades, and by marginally different dimensions of
balconies. Finally, the model that more accurately represented the architectural design concept was chosen to
represent the Base case model.
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3.2 ldentification of the optimal building variant

The simulation engine executed 1440 simulations in 13 h 13’ 42" on a workstation equipped with an Intel Xeon
Processor E5-1660 v3 (8-Core, 20 MB Cache, 3.0 GHz Turbo), 16 GB RAM (2 133 MHz, DDR4) and an
AMD FirePro W4100 graphic card (2 GB of dedicated memory). The optimization engine combined 727
different building variants throughout the entire optimization: the optimal building variant was identified four
times as a possible solution. It was tested the first time in the 33" generation after 1180 simulations and was the
702" building variant combined by the algorithm. Figure 7 shows the evolution of the values taken by the

objective function throughout the optimization process.

L T B
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100.0- - -

90.0 - -

80.01 - -

700 - - -

Energy need for space conditioning, kWh/(m? a)

60.0-1

Simulation number

Figure 7: Minimization of the objective function throughout the optimization run.

With respect to the Base case, the optimal building variant reduces the total energy need for space conditioning
from 124.8 to 62.7 kWh/(m? a) with a percentage saving (evaluated with respect to the Base case) of 78% and
26% respectively for heating and cooling. This optimal building variant is characterized by 16.2 and

46.5 kWh/(m? a) respectively for heating and cooling whereas the minimum values of energy needs for heating
and cooling identified during the entire optimization are 12.9 and 43.2 kWh/(m? a) respectively. It should be
recalled that the energy need for cooling considers both sensible and latent contributions.

Figure 8 shows that the two objective functions (energy need for heating and energy need for cooling) are
antagonistic in the present case study, and a multi-objective optimization could provide a more detailed outcome
in the form of a Pareto front [47].

Finally, the options for all design variables that characterize the optimal building variant are reported in Table 5.
The optimal building variant is characterized by a highly insulated building envelope, high-performance glazing
systems, and external solar shading that has to effectively prevent unwanted solar gains. The identified optimal

building variant is called Optimized case outside this section.
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Table 5: Technical features of the optimal building variant.

Design variable Code " Steady-state transmittance, ' Periodic transmittance, Y,
U, W/(m?K) W/(m?K)
® value * Solar factor, g (%)
External walls U+|Yo 015 0.04
Flat roof U+|Yo 015 0.05
Basement floor U-]Y+ 040 0.30°
Glazing U+|g+ 0.60 35%*
Solar shading control strategy  InTemp Internal air temperature’
Set-point value for solar InTemp23 23 °C’

control strategy
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Figure 8: Scatterplot of the energy needs for heating and cooling of the building variants simulated in the optimization.
3.3 Impact of stochastic schedules on the building’s energy performance

A total of 400 simulations were carried out to assess the impact of stochastically generated schedules for
occupancy and occupancy-dependent input variables (electric lighting usage, electric appliances usage, and
availability of active heating and cooling in each apartment) on the energy performance for heating and cooling
in the Base case and in the Optimized case. Specifically, three dimensions of the problem were investigated: (i)
the design proposals, (ii) the spatial randomness of occupancy schedules, and (iii) the temporal randomness of
occupancy schedules. These dimensions are expressed with categorical data. In particular, the names used to
describe the design proposals, that is, the different levels of the building envelope quality and of the integration
of passive strategies are Base case (described in Section 2.1) and Optimized case (modeled in Section 2.2 and
described in Section 3.2). The names used to describe spatial randomness of schedules are Apartment-repeated
schedules and Whole-building randomized schedules (both described in Section 2.5). The names used to describe
temporal randomness of schedules are Day-repeated schedules, Week-repeated schedules, Month-repeated

schedules, and Whole-year randomized schedules (all described in Section 2.5). Figure 9 shows the outcomes of
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simulations as frequency distributions of the energy quantities for both design proposals, Base case and

Optimized case. Table 6 summarizes the principal statistical descriptors of the energy distributions.

Energy need for heating Energy need for cooling Energy use for lighting Energy use for appliances
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Figure 9: Frequency distributions of the energy quantities for each design quality category.

The energy needs for heating and cooling are much higher in the poorly insulated multiresidential buildings. A
high-performance building envelope can drastically reduce the heating need of the building by about four times,
while cooling need (sensible plus latent) can be reduced by about 25%. Furthermore, it emerges that the energy
need for cooling is higher than the heating need for high-performance residential buildings in the HSCW climate
zone of China, as already mentioned in Ref.[64]. Furthermore, simulation outcomes show that the spread of
values of the energy need for heating is reduced in low-energy buildings due to several occupant patterns. This
result agrees with the findings of the final report of the IEA-EBC Annex 53 [22]. The coefficient of the variation
of the frequency distributions of the energy needs for heating and cooling shows that, even if the spread of
energy needs is reduced in low-energy buildings due to several occupant patterns, the spread of the frequency
distribution standardized by the distribution mean for the optimized building is from 42% to 82% higher than for
the building in the Base case (Table 6). Therefore, there is a need for further investigation of the robustness of
low-energy buildings against occupant behavior.

According to the assumptions mentioned in Section 2.5, energy uses for electric lighting and appliances only

depend on room occupancy and are hence the same in both the Base case and the Optimized case.
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Table 6: Principal descriptive statistics of the energy distributions grouped by design quality categories.

N Max.” Min" Mean" Median” Stdev™® C,” Skewness Kurtosis Shapiro-Wilk

p-value

Base case
Energy need for 200 69.85 62.88 65.81 65.51 1.61 2.4 0.69 -0.21 0.000
heating
Energy need for 200 4231 3580 38.00 37.77 1.45 3.8 0.87 0.27 0.000
cooling
Energy use for 200 21.19 1498 1654 16.19 1.14 6.9 1.40 2.10 0.000
electric lighting
Energy use for 200 3432 2479 2762 27.08 1.92 6.7 1.10 0.79 0.000
electric appliances

Optimized case
Energy need for 200 14.48 12.11 1357 13.68 0.47 3.4 -0.71 0.26 0.000
heating
Energy need for 200 39.01 27.93 31.18 30.59 2.16 6.9 111 0.96 0.000
cooling
Energy use for 200 21.19 1498 1654 16.19 1.14 6.9 1.40 2.10 0.000
electric lighting
Energy use for 200 34.32 2479 2762 27.08 1.92 6.7 1.10 0.79 0.000

electric appliances

" Values in kWh/(m? a).
¥ St.dev stands for standard deviation.
* Cy stands for coefficient of variation that is expressed in %.

The statistical analysis pursues two main purposes: (i) the statistical characterization of the energy performance
of the building in the two design proposals and (ii) the estimation of the effects of spatial and temporal
randomness on buildings’ energy performance for heating and cooling.

First, a normality test was carried out to address the selection of suitable statistical methods and tests. All the
dependent variables are affected by skewness and kurtosis®. A Shapiro-Wilk’s test (p > 0.05) showed that all the
depended variables reject the null hypothesis for each category of the independent variables and that they are
non-normally distributed.

Regarding the first purpose of the statistical analysis, Figure 9 shows a clear reduction in the energy needs for
heating and cooling and that the energy uses for electric lighting and appliances are identical by definition for the
Base case and the Optimized case. The Wilcoxon Signed Rank Test quantified a statistically significant
reduction in the energy needs for heating and cooling in the Optimized case, for both z = -12.26” and p < 0.01,
with a large effect size (r = 0.87) according to Cohen [63]. The median score on the energy need for heating
decreases from the Base case, Md = 65.51 kWh/(m? a), to the Optimized case, Md = 13.68 kWh/(m? a), and the
energy need for cooling decreases from the Base case, Md = 37.77 kWh/(m? a), to the Optimized case,

Md = 30.59 kWh/(m? a).

The relationships between all the energy quantities in the two design proposals are assessed using Spearman’s
Rank Order Correlation (Table 7).

In general, a Spearman’s Rank Order Correlation shows that the strength of the linear relationship between all
the pairs of energy quantities is stronger in the Optimized case than in the Base case. Therefore, the influence of
occupant-dependent quantities, such as the availability schedules for electric lighting and appliances, on energy

needs for cooling and heating is stronger in high-performance buildings than in poorly insulated buildings.

® Even if they are not the cause for rejecting the normality hypothesis since the z-values are both lower than 1.96 for all the
continuous variables.
" We recall that a nonparametric statistic converts scores to ranks and compares them.
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Table 7: Correlation analysis among the energy quantities. The values referring to the Base case are shaded in light gray,

and those referring to the Optimized case are shaded in dark gray.

Spearman’s Rank Order Energy need for  Energy need for  Energy use for  Energy use for

Correlation cooling heating lighting appliances
Energy need for cooling 0.361"" 0.698"" 0.929""
Energy need for heating -0.651""" -0.056"" 0.362""
Energy use for lighting 0.809"" -0.742"" 0.719""
Energy use for appliances ~  0.985" -0.583"" 0.719""
:*Correlation is significant at the 0.01 level (2-tailed).

N = 200.

The energy need for cooling in the Base and the Optimized case is strongly and positively related to energy use
for both electric lighting and appliances, meaning that internal electric gains contribute to increasing the need for
cooling in a statistically significant way in the HSCW climate. On the contrary, the energy need for heating is
quite strongly and negatively correlated with energy uses for both electric lighting and appliances only in the
Optimized case. In this sense, electric internal gains can effectively contribute to reduce heating need only in
highly insulated, low-energy buildings. In other words, even if the absolute effect of electric internal gains is the
same for both building types, their relative contribution in covering the total heating requirement is higher in the
Optimized case due to its much lower heating demand. Finally, the energy needs for heating and cooling are
characterized by a weak but positive correlation in the Base case, that is, when one increases, the other is also
likely to increase, whereas the correlation is stronger and negative in the Optimized case, that is, when one
increases, the other is quite likely to decrease. These last two behaviors are well represented in Figure 10.

This means that, assuming occupants do not deliberately modify their seasonal behavior, some virtuous
behaviors can reduce the overall energy performance of poorly insulated buildings, diminishing both heating and
cooling needs. For highly insulated buildings, however, occupant behavior has an antagonistic effect on energy
needs for heating or cooling, that is, if the former is reduced, the latter has a tendency to increase. Furthermore,
Figure 10 shows better than Figure 9 that, given the same occupancy schedules, the spread of the energy need for
cooling is much higher in the Optimized case than in the Base case, that is, the sensitivity to the impact of user
behavior has a tendency to become greater with a better insulated building. On the contrary, given the same
occupancy schedules, the spread of the energy need for heating is lower in the Optimized case compared to the
Base case, confirming what has already been found by Polinder, Schweiker, van der Aa, Schakib-Ekbatan, Fabi,
Andersen, Morishita, Wang, Corgnati, Heiselberg, Yan, Olesen, Bednar and Wagner [22]. This means that low-
energy buildings are, from a heating perspective, more robust against occupant behavior than poorly insulated

buildings.
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Figure 10: Scatterplots of the energy needs for heating and cooling in the Base case and the Optimized case. The linear

regression lines for the two set of data are shown in red.

The second purpose of the statistical analysis aimed to identify possible patterns in the energy demands of the

building caused by the different assumptions used to create the spatial and temporal randomized schedules.

Regarding spatial randomness, a Mann-Whitney U test revealed:

A statistically nonsignificant difference in the energy need for heating in the two spatial randomization
scenarios, U = 17 905.5, z = -1.81, and p = 0.07, with a small effect size (r = 0.13) according to Cohen
[63]. The median score for the energy need for heating remains the same for Apartment-repeated
schedules, Md = 38.68 kWh/(m? a), and Whole-building randomized schedules,

Md = 38.68 kWh/(m? a).

A statistically nonsignificant difference in the energy use for electric lighting in the two spatial
randomization scenarios, U = 19 538.0, z = -0.40, and p = 0.69, with a small effect size (r = 0.03)
according to [63]. The median score for the energy use for electric lighting is slightly higher for
Apartment-repeated schedules, Md = 16.30 kWh/(m? a), than for Whole-building randomized schedules,
Md = 16.13 kWh/(m? a).

A statistically significant difference in the energy need for cooling in the two spatial randomization
scenarios, U =17 037.5, z = -2.56, and p = 0.01, with a small effect size (r = 0.18) according to [63].
The median score for the energy need for cooling is slightly higher for Apartment-repeated schedules,
Md = 36.16 kWh/(m? a), than for Whole-building randomized schedules, Md = 35.64 kWh/(m? a). It is
relevant to recall that Shanghai is classified as being in a humid, subtropical climate zone, indicated
with Cfa in the Kopper and Greiger’s classification [28].

A statistically significant difference in the energy use for electric appliances in the two spatial

randomization scenarios, U = 14 016.0, z =-5.176, and p < 0.01, with a medium effect size (r = 0.37)
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according to [63]. The median score for the energy need for heating remains almost the same for

Apartment-repeated schedules, Md = 27.44 kWh/(m? a), and Whole-building randomized schedules,

Md = 26.83 kWh/(m? a).
On the basis of the Mann-Whitney U test outcomes, it can be stated that a detailed definition of occupancy
schedules for all the individual apartments is important to accurately estimate the energy need that is required to
face the predominant local climate challenge, for example, cooling in summer-dominated climates. Moreover, a
detailed definition of occupancy schedules for all the individual apartments is also important for estimating the
occupancy-dependent energy use for electric appliances. However, it is not statistically relevant for estimating
the occupancy-dependent energy use for electric lighting. This might be due to a stronger dependency on
occupancy for energy use for electric appliances than for energy use for electric lighting, since, during the
daytime in the simulations, lighting is assumed to be switched off whether or not the room is occupied.
Regarding temporal randomness, a Kruskal-Wallis H test revealed a statistically significant difference among the
four approaches used to generate the sets of schedules for each apartment. A total of 100 schedules were created
for each of the four approaches. Specifically, the outcomes of the test are:

e A statistically significant difference in the energy need for heating across the four temporal-
randomness approaches, y° (3 df) = 25.24 and p < 0.01. The lowest median score for the energy need for
heating is achieved by Day-repeated schedules, Md = 38.51 kWh/(m? a), then by Month-repeated
schedules, Md = 39.04 kWh/(m? a), Week-repeated schedules, Md = 39.10 kWh/(m? a), and eventually
by Whole-year randomized schedules, Md = 39.35 kWh/(m? a).

e A statistically significant difference in the energy need for cooling across the four temporal-
randomness approaches, y° (3 df) = 36.91 and p < 0.01. The lowest median score for the energy need for
heating is achieved by Month-repeated schedules, Md = 35.70 kWh/(m? &), then by Whole-year
randomized schedules, Md = 35.79 kWh/(m? a), Week-repeated schedules, Md = 36.26 kWh/(m? a), and
eventually by Day-repeated schedules, Md = 37.03 kWh/(m? a).

e A statistically significant difference in the energy use for electric lighting across the four temporal-
randomness approaches, y° (3 df) = 143.88 and p < 0.01. The lowest median score for the energy need
for heating is achieved by Whole-year randomized schedules, Md = 15.95 kWh/(m? a), then by Month-
repeated schedules, Md = 16.12 kWh/(m? a), Week-repeated schedules, Md = 39.10 kwWh/(m? a), and
eventually by Day-repeated schedules, Md = 38.51 kWh/(m? a).

e A statistically significant difference in the energy use for electric appliances across the four temporal-
randomness approaches, y° (3 df) = 117.59 and p < 0.01. The lowest median score of energy need for
heating is achieved by Whole-year randomized schedules, Md = 25.98 kWh/(m? a), then by Month-
repeated schedules, Md = 26.33 kWh/(m? a), by Week-repeated schedules, Md = 27.44 kWh/(m? a), and
eventually by Day-repeated schedules, Md = 28.50 kWh/(m? a).

In order to assess to what extent the six available pairs of schedules differ for each energy quantity, some post-
hoc Mann-Whitney U tests were carried out between pairs of groups. According to Cohen [63], the effect size is
large if the value of r varies by more than 0.5, medium if it varies by around 0.3, and low if it varies by around

0.1. A summary of the analysis is reported in Table 8.
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Table 8: Effect size according to Cohen [63] of the differences in the energy quantities for each of the four temporal

randomness approaches used to create the occupancy schedules.

Paired simulation outcomes Energy use Energy use Energy need Energy need
for electric for electric for cooling for heating
lighting appliances

Day-repeated Month-repeated Large Large Medium Small

schedules schedules

Day-repeated Whole-year Large Large Medium Small

schedules randomized schedules

Week-repeated Whole-year Medium Large Small Small

schedules randomized schedules

Day-repeated Week-repeated Large Small Small Small

schedules schedules

Month-repeated Whole-year Large Small Small Small

schedules randomized schedules

Week-repeated Month-repeated Small Medium Small Small

schedules schedules

Therefore, at least for the climate of Shanghai and tanking into account the simulation assumptions mentioned in
Section 2.2, according to a Kruskal-Wallis H test and six follow-up Mann-Whitney U tests, (i) the differences in
the energy need for heating caused by the four temporal randomness approaches are always statistically
significant but are always small; (ii) the differences in the energy use for electric lighting caused by the four
temporal randomness approaches are always statistically significant and are quite large; (iii) the differences in
the energy use for electric appliances caused by the four temporal randomness approaches are always statistically
significant and the effect size is high when comparing approaches separated by at least one temporal category;
(iv) the differences in the energy need for cooling caused by the four temporal randomness approaches are
always statistically significant and the effect size is medium when comparing the most repeated approach (Day-
repeated schedules) with the most randomized ones (Month-repeated schedules and Whole-year randomized
schedules); (v) for all the energy quantities, the difference between the Month-repeated schedules and the
Whole-year randomized schedules is negligible when compared with the Day-repeated schedules. However, it
should be noted that such outcomes strictly depend on the assumptions made, and additional work would be
needed to generalize them. For example, if individual differences in preferred set-point temperatures or diverse
usage patterns were considered, some of the findings shown above might be characterized differently.

Finally, it is possible to summarize as follows: (i) the different approaches to creating temporal randomized
schedules cause a statistically significant difference in all the analyzed energy quantities, which affects the
internal electric gains more since they are directly dependent on the occupancy schedules rather the heating and
cooling needs and (ii) intermediate temporal randomness approaches (i.e., Week-repeated schedules and Month-
repeated schedules), do not appreciably change the assessment with respect to the closest extreme (i.e., Day-
repeated schedules and Whole-year randomized schedules, respectively), and therefore it is suggested that
Whole-year randomized schedules should be used generally (this is stated on the basis of previous findings too).
However, (iii) for simplified simulations, Day-repeated schedules could be sufficient if the main interest is
solely energy performance.

Finally, if the energy needs for heating and cooling are depicted with respect to spatial and temporal randomness
for the Base case and the Optimized case (Figure 11 and Figure 12 respectively), it is possible to observe that (i)
the spread is appreciably reduced in the space- and temporal-randomized schedules, (ii) apartment-repeated

schedules are generally characterized by higher energy needs both for heating and for cooling, and (iii) a higher
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Figure 11: Energy need for heating depicted with respect to spatial and temporal randomness for the Base and Optimized

cases.

Regarding the medians (Md) of the distributions, Table 9 shows the relative uncertainty (Uyq) due to spatial and

temporal randomness for the energy need for heating and cooling.

Table 9: Relative uncertainty due to spatial and temporal randomness for the energy needs for heating and cooling.

Relative uncertainty Energy need for heating Energy need for cooling

Base case Optimized case  Base case Optimized case
Spatial randomness 4.4% 3.8% 4.0% 3.4%
Temporal randomness 4.7% 8.6% 4.6% 9.8%
Spatial and temporal randomness 5.8% 8.6% 6.4% 9.8%
Relative uncertainty (Uyyg) is defined as
Md_ —Md_
U = max min . 7
W = ™

max
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Figure 12: Energy need for cooling depicted with respect to spatial and temporal randomness for the Base and Optimized

cases.

The principal findings of this analysis are:

Uncertainty in the energy performance due to spatial randomness seems to have less weight than
temporal randomness and is around 5%. This might be because of the similar structure of the
apartments.

Uncertainty in the energy performance due to temporal randomness is in the order of 10%.

Uncertainty due to occupant modeling is higher in low-energy buildings than in poorly insulated ones.

Uncertainty due to occupant modeling is almost the same for the energy needs for heating and cooling.

4 Conclusions

This study has its origins in the Sustainable Energy in Cities summer school hosted in Shanghai in July 2015 and

jointly organized by the Norwegian University of Science and Technology (NTNU) and the Shanghai Jiao Tong
University (SJTU).

Fifteen students from Europe and China with different academic backgrounds worked intensely together for two

weeks using: (i) an optimization technique to improve the quality of and reduce the energy needs for heating and

cooling of a new neighborhood of high-rise residential buildings located in Shanghai and (ii) computer-based,
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dynamic, whole-building simulations to estimate the impact of occupant behavior on the energy performance of
such buildings. During the months following the summer school, the work was further developed, refined, and
clarified by a more limited number of students and the tutors.

The article has three main purposes: (i) to carry out a quality check of a whole-building numerical model for
which calibration cannot be executed, (ii) to adopt a scalarized single-objective optimization to minimize the
energy need for space conditioning of a reference building, and (iii) to explore the implications of temporal and
spatial randomness of stochastically generated occupancy schedules on the energy performance of the reference
building through several statistical tools.

Regarding the first purpose, a seven-step quality assurance procedure is presented in this article and a method
that can be used for the quality assessment of the whole-building model is suggested. However, the presented
procedure cannot guarantee that the simulation outcome reflects the actual performance of the building, but it
can help to minimize at least specification uncertainty (due to the interpretation of the design specification) and
modeling uncertainty (due to the construction of the geometrical model and the selection of the physical models).
Regarding the optimization of the high-rise residential building block, a particle swarm optimization algorithm
with inertia weight (PSOIW) guided a scalarized single-objective optimization that reduced the total energy need
for space conditioning from 124.8 to 62.7 kWh/(m? a), that is, by 50.0%, with a percentage reduction in heating
of 78% and cooling of 26%, evaluated with respect to the current design proposal. It should be recalled that the
energy need for cooling considers both sensible and latent contributions. The optimal building variant for the
discussed optimization problem is characterized by a highly insulated building envelope, high-performance
glazing systems with low thermal transmittance and a low solar factor, and automated external solar shading that
has to effectively prevent unwanted solar gains.

Regarding the third purpose, the outcomes of 400 simulations were statistically analyzed to assess the impact of
stochastically generated schedules for occupancy and occupancy-dependent input variables on the energy
performance for heating and cooling of the building model in the current design proposal and in the optimized
design proposal. The following findings were found:

e The influence of occupant-dependent quantities, such as internal electric gains, on the energy needs for
heating and cooling is statistically significant and is stronger in high-performance buildings than in
poorly insulated buildings.

e Internal electric gains contribute to increasing the cooling need in all buildings located in the HSCW
climate zone.

e Internal electric gains contribute in an effective manner to reducing the heating need only in highly
insulated, low-energy buildings, where the relative contribution is higher due to a much lower heating
demand.

e A detailed definition of occupancy schedules for all the individual apartments is important to accurately
estimate the energy need that is required to face the predominant local climate challenge, for example,
cooling in summer-dominated climates; however, further analysis for a winter-dominated climate is
required to confirm this behavior and to allow a full generalization of this finding.

e The different approaches to creating temporal randomized schedules causes a statistically significant
difference in all the energy quantities analyzed, which affects the internal electric gains more since they

are directly dependent on the occupancy schedules rather than on the heating and cooling needs.
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e Intermediate temporal randomness approaches, i.e. Week-repeated schedules and Month-repeated
schedules, do not change the assessment appreciably with respect to the closest extreme; therefore, the
following is suggested:

o generally, Whole-year randomized schedules should be used, and
o Day-repeated schedules could be sufficient for simplified assessment if the main interest is
solely energy performance of the building.

e Uncertainty in the energy performance due to spatial randomness is estimated to be in the order of 5%,
whereas uncertainty due to temporal randomness is in the order of 10%.

e Uncertainty due to occupant modeling is higher in low-energy buildings than in poorly insulated ones
and is almost the same in magnitude for the energy needs for heating and cooling.

Finally, it is possible to state that an accurate modeling of high-performance buildings requires a spatially
detailed and temporally-precise description of occupancy and occupant-dependent input variables for each
thermal zone of the building even if this implies that more effort and increased costs might be needed to achieve

such modeling.
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Figure 24: Energy need for cooling depicted with respect to spatial and temporal randomness for the Base and Optimized

cases.
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