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As a state-of-the-art green facade technology, building-integrated microalgae bioreactor has the potential to
reduce buildings’ carbon footprint and energy consumption. The present study aims to address the knowledge
gap in the energy and daylighting performance of algae photobioreactor facade. The paper first studies the effects
of algae windows on building energy saving through simulation analysis of an office building in Mashhad, Iran,
with a cold semi-arid climate. It also presents a multi-objective optimization framework for the optimization of
the energy and daylighting performance of algae windows integrated with an office building facade. Two
optimization metrics include maximum Useful Daylight Illuminance (UDI) (%), and minimum Energy Use In-
tensity (EUI) (kWh/m?/yr), representing optimal daylighting and energy performance metrics, respectively. The
results demonstrate that a microalgae window significantly reduces building energy consumption comparing
with single-glazed, double-glazed, and water windows. The extent of energy savings varies with window size,
algae density, and facade orientation. The proposed optimization framework helps increase the average values of
energy performance metrics by 21.37%, 33.25%, 36.22%, 39.67%, and daylighting metrics by 4.60%, 14.43%,
13.34%,14.33%, in the north, south, east, and west, respectively and sequentially. Sensitivity analysis demon-
strates that window size has the highest effect on two studied performance metrics for all orientations, while
algae density has minimal effect on energy consumption and no considerable effect on daylighting performance.
Building energy performance simulation is validated by ASHRAE140-2017.

production [11-16], decreased energy consumption in both building
and bioreactor [6,17,18], adaptable shading [19,20], acoustical insu-
lation, and economic and environmental viability [8,9]. The symbiosis

1. Introduction

The building sector is responsible for more than one-third of the

global total energy consumption and about 40% of CO; emissions [1],
and various technologies, such as solar facades [2-4], climate-adaptive
building shells [5], and algae fagades [6,7], have been applied to reduce
the energy demand and carbon footprint of buildings. The algae facade
as a green facade system, as a recently-emerged technology, has received
significant attention in the field of high-performance buildings [8], and
integrating microalgae culture systems into buildings is believed to offer
advantages such as a reduced ecological footprint [8-10], bio-fuel

between the microalgae culture system and the building can also be
beneficial for medical purposes [21], human food [22] and animal feed
production [23], wastewater treatment [24,25], and production of
bio-products [26] as well as energy [27]. Yet, there have been few at-
tempts to integrate algae bioreactors into building envelopes as a kind of
green facades [28] for thermal regulation [29], despite there are
numerous researches on green building envelopes in terms of thermal
and energy performance [30-33]. Besides, this technology is still in its
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infancy stages [8] in both research and development, and numerous
challenges remain to be addressed before the wider application of this
technology.

Previous research has examined the microalgae bioreactors from
energy [34] and environmental aspects [35] and addressed some
application challenges. Using experimental techniques, Umdu et al. [36]
evaluated the interrelations between the U-value, and the thicknesses of
the reservoir, air layer, and reservoir wall, in a flat-panel bioreactor.
They concluded that air layer thickness has the highest contribution to
the U-value. Pruvost et al. [6] studied a flat-panel bioreactor to define
how the integration of a photobioreactor (PBR) into the building can
affect its operation. Their study showed that the symbiosis between PBR
and building facade can considerably reduce the energy demand for
microalgal culture, in comparison to solar standalone bioreactors [6].
Kerner et al. [37] developed a system to provide optimum conditions for
producing microalgae and heat. They showed that 80% of the heat
produced by the PBR facade can be utilized for the building’s heat
supply system. Negev et al. [29] studied the effects of a microalgae
bioreactor on the energy consumption of buildings in the Mediterranean
climate. Through an experiment, they measured U-value, Solar Heat
Gain Coefficient (SHGC), and visible transmittance (VT) of an algae
window and studied how the algae concentration, window size, and
combination of algae concentration and window size could reduce en-
ergy consumption. The results showed that incorporating algae windows
into building facade, mostly in west and south orientations, leads to
energy savings, as compared with single- and double-glazing windows.
L. Pagliolico et al. [38] studied microalgae photobioreactor as a shading
system (PBS) through an experiment in a real building, a kindergarten
classroom, and identified 0.75 as the reference Ty for this system. They
also calculated the daylight amount in the room and energy demand for
lighting ED; by Diva simulations comparing the results with a traditional
Venetian blind in different locations. According to the simulation phase,
daylight amount and the ED; for PBS and the VB showed slightly better
results for PBS in Turin and Athens and slightly better results for the VB
in Ostersund and Abu Dhabi. Lo Verso et al. [39] presented a case study
applying PBR as a shading system for an external workspace located on
an open terrace of the State Library of Queensland (SLQ) in Brisbane.
They realized two main objectives; describing the application of the
specifically designed PBR system and assessing the daylight perfor-
mance of the outdoor space where the PBR system is installed. To
encounter fluctuating weather conditions and direct sunlight and pro-
vide visual comfort for the work environment, various biomass densities
were adjusted to provide a wide range of light transmittance (in the Tv
= 10%-80% range). Daylighting performance of the workplace was
analyzed by calculating the distribution of illuminance values inside the
workspace using DIVA-for-Rhino, for different range of T,. They also
calculated daylighting metrics such as the Daylight Autonomy and
Useful Daylight Illuminance and compared the results with two other
climates (Turin, Italy, and Dubai, United Arab Emirates), to verify the
system’s performance under various environmental conditions. The
daylighting results showed that to remain in the ‘optimal’ comfort range
in clear sky, the maximum Tv of PBRs results should be in the range 5%-—
20% and to remain in the ‘acceptable’ comfort range Tv should be in the
range 20%-30%. For overcast sky conditions, the maximum Tv of PBRs
resulted in the range 40%-80% to remain in the ‘optimal’ comfort range.
In overcast sky the maximum Tv of PBR resulted in the range 40%-80%
to remain in the ‘optimal’ comfort range and for ‘acceptable’ comfort
range the maximum value of 80% was suggested.

Despite previous research, a framework for the optimization of pa-
rameters affecting the environmental performance of PBR facades is
missing in the field. Since optimization is a mathematical process for
finding the minimum or maximum values of given functions and eval-
uating the design and decision options based on the ‘best combination’
of variables, it can complement the building performance simulation
techniques and serve as a useful tool in the early stages of the archi-
tectural design of buildings to investigate design possibilities that yield
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the optimum objectives, as defined by project stakeholders [40]. Pre-
vious building energy and daylighting performance optimization studies
have focused on variables such as window-to-wall ratio, glazing mate-
rials, shading types, materials, dimensions, and building orientation
[41-48]. In Table 1, summarized the literature reviewed in the present
study on multi-objective optimization for improving building
performance.

No previous study has tried to optimize building-integrated PBR
parameters for high daylight availability and low energy use. Moreover,
the thermal performance and energy-saving potentials of PBR systems
have not yet been evaluated in various climates. This research, for the
first time, aims to fill these knowledge gaps, accordingly, it has two key
objectives. The first objective is to analyze the thermal performance of
algae culture system used in an office building facade for different
building orientations, in the BSk (cold, semi-arid) climate, according to
the Koppen climate classification, and comparing the results with those
reported by previous studies for the Csa (hot-summer Mediterranean)
climate to evaluate the performance of this innovative system under
various environmental conditions. The second objective of this research
is to define a framework for multi-objective optimization of algae fa-
cades for energy and daylighting performance. The proposed optimi-
zation framework incorporates parametric design, integrated energy-
daylighting simulation, and Pareto fronts definition. Using the case
study for pilot-testing, the optimized design solutions for all four ori-
entations (North, South, East, West) are proposed and their character-
istics are compared. Finally, sensitivity analysis is applied to evaluate
the sensitivity of design variables to performance metrics. Applying
ASHRAE Standard 140-2017 [62], this study evaluated and validated
the accuracy of simulation software results by comparison method.

2. Material and methods

The research pursues three main steps to develop the proposed
framework, as illustrated in Fig. 1. Step 1 is the model definition, in
which the design variables of interest for simulation and optimization
were identified and the initial parametric geometry model was gener-
ated. Step 2 is energy performance simulation, in which the energy use
intensity (EUI) of the models for a different combination of design
variables was evaluated for North, South, East, and West orientations.
This step aimed to examine the effects of algae concentration and
window-to-wall ratio on energy use intensity, based on four main
building orientations, and compare potential energy savings achieved by
algae windows with standard models using Single-Glazed (SG-Win),
Double-Glazed (DG-Win), and Water-window (Water-Win = Algae 0%)
systems. Step 2 also involved analyzing and comparing the energy
performance in two climates: a cold semi-arid climate (BSk) and a hot-
summer Mediterranean climate (Csa). Therefore, the energy use in-
tensity results for algae-window, SG-Win, DG-Win, and Water-Win sys-
tems studied in this research for cold semi-arid climate were compared
with those for the hot summer Mediterranean climate, as reported by
Negev et al. [29]. Finally, step 3, multi-objective optimization including
two methods, employed the multi-objective optimization technique to
find the design combination, based on different algae window scenarios
for four main building orientations in the BSk climate, for maximum
useful daylight illuminance (UDI) and minimum energy use intensity of
an office environment. The optimized design options were accordingly
suggested, and a sensitivity analysis was applied to study the sensitivity
of performance metrics. The independent variables for optimizations
included window-to-wall ratio and algae concentration. In this research,
the first method for the optimization process includes simulating design
solutions and investigating Pareto optimum solutions by using the
Utopian point method applied for multi-objective optimization [63,64],
while the second method was conducted based on an evolutionary al-
gorithm to evaluate the first process and enhance the methodology.
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Table 1

Literature on multi-objective optimization of the building performance design.
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References  Location Building Performance metrics Design parameters Simulation & Optimization method Tools
[49] Tehran, Iran Office Quality of view Window size and location Ladybug + EnergyPlus + Octopus
energy performance,
daylighting
[50] Palermo, Torino, Office Energy consumption Number, position, shape, and type of windows, Non-dominated Sorting Genetic Algorithm
Italy; Frankfurt, (heating, cooling, thickness of the masonry wall (NSGA-II) + EnergyPlus
Germany; Oslo, lighting)
Norway
[51] Seoul, Korea Office Energy saving Orientation, Slat angle in blinds, Window-to- EnergyPlus + DOE-2-+ BLAST
wall ratio Multi-factor combination exploration
[40] Miami, Atlanta, Office Daylight, energy Building geometry, window and skylight size EnergyPlus + Radiance + Octopus
Chicago, USA performance and placement
[52] The Netherlands Office Daylight, energy Window-to-wall ratio, thermophysical and Genetic Algorithm
performance optical material properties
[53] Korea Office Heating, cooling Floor area, building orientation, ceiling height, NSGA-II + TRNSYS
loads aspect ratio, plenum height, window-to-wall
ratio, wall insulation, window insulation, solar
heat gain coefficient, air leakage
[54] Helsinki, Finland Residential Thermal Envelope insulation thickness of the external MATLAB, TRNSYS, NSGA-II
performance, Life- wall, roof, floor, window type, building
cycle-cost tightness, a heat-recovery unit
[55] Ankara, turkey Library Daylight, energy Building form, spatial layout, orientation, Multi-objective Architectural Design Explorer
performance envelope articulation (MADE)+ Open Studio + EnergyPlus
[41] China School Energy use, summer Building orientation, building shape, Window- EnergyPlus + Radiance + Octopus
discomfort, Daylight to-wall ratio, glazing material, and shading
illuminance types
[56] Xi’an, China Office Energy efficiency, Window-to-wall ratio, outer and inner glass NSGA-II + TRNSYS + Artificial Neural
visual, thermal metrical, and the filling gas Network (ANN)
comfort
[571 Athens, Greece Office Energy consumption, Window-to-wall ratio, wall U-value, glazing DesignBuilder + EnergyPlus + mode-Frontier
adaptive thermal construction U-value, glazing g-value, air- + Daysim
comfort tightness of the facade, cooling set-point of the
mechanical cooling system and PV facade
surface area
[58] Canada Residential Thermal comfort and HVAC system settings, thermostat ANN prediction model + GA + TRNSYS
energy consumption programming, and passive solar design
[59]1 Brisbane, Darwin, Commercial Energy Saving Building envelops and orientation Ant colony optimization (ACOR) + EnergyPlus
Hobart and
Melbourne,
Australia
[60] Cairo, Egypt Heritage Thermal, visual Skylight configuration Octopus + Diva-grasshopper + ArchSim
palace performance
[61] Marrakech, Morocco Residential Thermal comfort, Building envelope characteristics Artificial Neural Networks (ANNSs)+

energy performance

Feedforward Neural Networks (MFNN), NSGA-
1I + Multi-Objective Particle Swarm
Optimization (MOPSO)-+ Multi-Objective
Genetic Algorithm (MOGA)+ TRNSYS

2.1. Simulation

In this research, the energy simulation outputs include annual energy
loads related to lighting, heating, cooling, and electrical equipment.
Also, the energy use intensity (EUI) in kWh/m?2/yr, which is defined as
the summation of these loads divided by the building gross floor area, is
used as the normalized building energy performance metric [40,65,66].
The other performance metric used in this research is UDI which is
unitless and aims to determine the useful daylight levels for building
occupants as a condition that is not too dark (<100 Ix) or too bright
(>2000 1x) [67]. UDI is the ratio of the number of hours throughout a
year when daylight illuminances are within the useful range of
100-2000 Ix to the total number of occupied hours in a year [68]. In this
research, the two performance metrics are used simultaneously to find
design options that provide a high level of daylight availability while
leading to low energy consumption.

Daylighting and energy simulation were integrated into this step of
research. Integrating lighting and energy simulation means that the
savings in lighting, heating, cooling, electrical equipment energy use as
caused by daylighting are fully considered in the energy simulation
process [40]. This would require the application of a light control system
in building models in which lighting systems turn off when the inner
space receives sufficient daylighting for specific activities or otherwise

turns on. Daylight simulation provides hourly illuminances for specific
lighting sensor positions, based on which electrical lighting is adjusted
to be dimmed or turned off depending on the illuminance adequacy for
specific spaces and tasks. The process leads to generating a lighting
schedule for the entire year. The lighting schedule is imported to the
energy model to integrate lighting, cooling, heating, and equipment
energy consumption based on daylighting. The size of the spatial grid
cells for placement of daylighting sensors to calculate UDI was assumed
to be about 0.5 x 0.5 m, placed at 0.8 m above the floor in the para-
metric model.

The simulation and optimization process initiates in the 3D Software
Rhino and Grasshopper as a parametric modeling tool [69] to generate
geometry models with pre-determined WWR, whose values can change
by sliders. Moreover, the microalgae bioreactor was modeled as a win-
dow with various concentrations. Meanwhile, Honeybee and Ladybug
[40,70]1, environmental plug-ins for Grasshopper, were used to simulate
the energy and lighting performance of the models. Besides, EnergyPlus
[55] and OpenStudio [71] engines were used for the energy simulations.
Validation of energy simulation results was conducted by case No.600
(BESTest) in the ASHRAE Standard 140-2017 [62]. (See Validation.
Section).

For daylight simulation, the software Daysim using the validated
Radiance algorithm for annual calculations was used [38]. Daysim as a
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Fig. 1. A methodological framework for simulation and optimization of PBR facades.

Radiance-based daylight simulation method uses the concept of the
Daylight Coefficient method and the Perez all-weather sky luminance
model [72]. In this research, the parametric geometry of the model as
well as other inputs including weather files, location of the sensors, and
other settings, were connected to the Daylight Simulation component in
Honeybee. Using the component Read Annual Result, based on the
Daysim, the lighting performance results were then obtained and, as
previously mentioned, a lighting schedule was generated to integrate
daylighting and artificial lighting. After the simulation, the simulation
results file was imported to Grasshopper, by Ladybug reading the
daylight performance metrics and generating an annual lighting
schedule [40,49]. As the ‘idf file is generated by the energy simulation
engine, Ladybug returns the simulation to Grasshopper and provides
energy performance metrics.

2.1.1. Case study

The case study is a referenced office room based on a typical office
building in Mashhad, Iran, consisting of single-zone working space of 4
x 5%3.10 m, located on the middle floor of a multi-story building with no
obstructions. The weather data file for Mashhad, Iran, was downloaded

from EnergyPlus, onebuilding [73]. Located at the latitude of N 36°17’
45 and longitude of E 59° 36’ 43 with 985 m elevation above the sea
level, Mashhad, Iran, has a cold semi-arid climate based on Koppen
climate classification and has a dry climate with little precipitation
throughout most of the year. July is the month with the highest average
high temperature (34.4 °C) and highest average low temperature
(18.7 °C), and January is the month with the lowest average high tem-
perature (7.1 °C) and the lowest average low temperature (—3.8 °C). The
climate parameters are summarized in Table 2.

Fig. 2 shows the case-study office space characterized by concrete
walls (0.2032 m thick) with thermal insulation (0.049 m thick) and
gypsum (0.0127 m thick) on the inner side. The roof construction system
is a metal deck (0.0015 m thick) with insulation (0.17 m thick), and the
floor includes two Gypsum layers (0.0127 m thick) in addition to attic
floor insulation (0.30 m thick). The other materials used in the base
model including glazing and their properties are shown in Table 4. The
room is surrounded by other office spaces, having adiabatic common
walls. Hence, only the fagade is diabatic. The studied window is located
in the center of each orientation. According to ASHRAE 90.1 recom-
mendations [74], the HVAC system for this building is defined as
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Table 2
Mashhad climatic parameters, based on EnergyPlus data for Mashhad, Iran [73].

Weather Data Unite Average daily Average monthly
Min Max Min Max

Dry-bulb C —0.145 31.46 3.333 28.99
temperature

Relative humidity % 12.33 99.62 19.83 67.22

Dew point C —17.96 11.92 -3.59 6.92
temperature

Wind speed m/s 0.62 8.16 2.005 3.76

Direct normal Wh/ 0.0 331.54 134.02 310.93
radiation m?

Diffuse horizontal Wh/ 28.45 162.62 39.07 107.65
radiation m?

Global horizontal Wh/ 36.95 346.87 93.92 330.81
radiation m?

Horizontal infrared Wh/ 232.12 402.79 274.64 382.89
radiation m?

Total sky cover tenth 0 10 0.53 5.98

Barometric pressure Pa 89.77420 90525.62 89989.34 90394.53

packaged rooftop VAV (Variable air volume) with reheat. The input
parameters for the case study are presented in Table 3.

The materials for the base model were defined according to ASHRAE
90.1-2010 recommendation for the studied climate zone. Material
characteristics are shown in Table 4. The properties of the window
profile, SG-Win, DG-Win, and Water-Win systems adopted for simula-
tion and comparison with the algae window system are presented in
Table 4, too.

2.1.2. Daylighting and energy modeling

Simulated window parameters: The studied parameters in this study
are based on the comprehensive literature review to find the variables
affecting the thermal and energy performance of the algae bioreactor
facade [75]. Among relevant parameters, this study chose to focus on
window-to-wall ratio and algae concentrations as two factors that are
directly related to algae bioreactor structure and can impact the
building-integrated bioreactor’s thermal performance. The species of
interest in this research is C. Vulgaris due to its high adaptability to
severe conditions, such as 10-15% CO3 vol. %, up to 200 and 50 ppm of
NO and SO2, respectively [76], high temperature [77], and acidic pH
[78].

In this study, two main simulation processes were pursued to achieve
research objectives:
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1. A parametric simulation was conducted on an existing algae window
in the studied office space (Fig. 2). In this step, the energy use of
models with the algae window having various concentrations A-10%
to A-100% is compared with that of SG-Win, DG-Win, and Water-Win
systems. The simulation was conducted for four main building ori-
entations (north, south, east, and west) and 6 different window-to-
wall ratios (15%, 30%, 45%, 60%, 75%, 90%), so that we could
compare the results with a previous study on the Mediterranean
climate [24] that uses the same variables/values. The total number
of simulations in this step was 288, which leads to results for all
design combinations in four orientations per year.

2. Another parametric simulation was conducted to optimize the pa-
rameters of interest and find the optimal solution values based on
two desired performance metrics including EUI and UDL. In this step,
all possible combinations of 9 window-to-wall ratios (from 10% to
90% at 10% interval), as well as 8 algae concentration levels, were
simulated to examine the Pareto front (See optimization section).
The total number of simulations for each orientation was 640,
leading to 2560 total simulations conducted for all four orientations
and all variables of interest.

The thermal characteristics of the algae bioreactor window, as pre-
sented in Table 4, are based on Negev et al. [29] that applied an
experimental and simulation-based research methodology and deter-
mined the algae window U-value, VT, and SHGC for two algae species
including Chlamydomonas reinhardtii and Chlorella vulgaris. The algae
window’s U-value in this research was determined to be 4.9 W/m?K
throughout the year, despite small changes in summer and winter. We
used 4.9 as the algae window’s U-value for the entire year as applying
the same U-value for all cases of interest eliminates the impacts of errors
from the same source. Additionally, because this study has a

Table 3

Input parameters for the research base model.
Parameters Value
Occupied period 7-15
Heating and Cooling setpoints 20 and 26° C
Heating and Cooling setback 15 and 30° C
Daylight Illuminance setpoint 500 Lux
Number of people per unit of area 0.1 ppl/m?

Infiltration rate per area’ 0.0003 m®/s-m**

@ According to ASHRAE recommendation for Average building (0.5 cfm/ft2
at 75Pa corresponds to 0.0003 m3/s-m2 at 4Pa).

wzo'e

WWR:10-90%

4m

Fig. 2. Reference model and the other reference office.
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Table 4

The input parameters for this case study.

Journal of Building Engineering 42 (2021) 102832

Construction U-Value (W/m3K) R-Value (m2.0 K/W) Solar Heat Gain Coefficient (SHGC) Visible Transmittance (VT)
Roof Total 0.28 3.53 - -
Roof Membrane 16.84 0.05 - -
IEAD Roof Insulation R-19.721P  0.28 3.47 - -
Metal Decking 30004.00 0.00 - -
Wall Total 0.77 1.28 - -
1IN Stucco 27.34 0.03 - -
8IN CONCRETE HW RefBldg 6.45 0.15 - -
Mass Wall Insulation R-5.74 IP 0.98 1.01 - -
1/2IN Gypsum 12.59 0.07 - -
Floor Total 0.15 6.33 - -
1/2IN Gypsum 12.59 0.07
Attic Floor Insulation R-35.07IP  0.16 6.17
Window  SG-Win 5.80 - 0.90 0.86
DG-Win 3.12 - 0.81 0.76
Water-Win 4.90 0.69 0.79
Algae Window  Algae-Concentration  20% 4.90 0.40 0.45
30% 4.90 0.30 0.33
40% 4.90 0.20 0.17
50% 4.90 0.16 0.14
60% 4.90 0.13 0.11
70% 4.90 0.11 0.08
85% 4.90 0.09 0.06
100% 4.90 0.07 0.04

comparative objective and, achieving the exact values of energy and
daylighting performance metrics is not of interest, variations in algae
window’s thermal characteristics are not going to impact the results
[29]. Umdu et al. [36] in another study determine the U-value of the
algae panel through an experiment. Their research, however, aimed to
study the effects of design parameters on the thermal conductivity of
algae systems. They proposed U-values of 3.84-53.19 W/m?K for algae
bioreactors, based on different parameters including air layer, water
reservoir, and reservoir wall thickness [36]. Instead of relying on Umdu
et al. [36], this research used Negev et al. [29] for thermal properties of
the algae window because the latter proposes the algae window char-
acteristics based on various algae concentrations which have consider-
able impacts on thermal performance. Meanwhile, L. Pagliolico et al.
[38] analyzed the potential link between VT values of bioreactor
shading screen (PBS) and various sky conditions to explore the rela-
tionship between light transmittance changes with different combina-
tions of direct and diffuse solar radiation. The witnessed chaotic
behavior of the visible transmittance of PBS and evaluated various VT
median values based on various sky conditions. They determined a
median value of 0.75 as the reference VT. This mean value is dedicated
to PBS without any glazing. In this research PBS regarded as a radiance
material while Negev et al. [29] considered algae bioreactor as a win-
dow proposing needed parameters for simulation including VT, SHGC
and U-value. In the present study the algae bioreactor considered as a
window not a mere material, hence the input parameters for simulation
tools are different with parameters of a material.

2.2. Optimization

In this research, multi-objective optimization was applied. Multi-
objective optimization differs from a single objective in complexity,
mainly due to the complicated nature of simultaneously meeting several
goals that often have competing outcomes [49]. There are two common
methods for multi-objective optimization including the weighted sum
model and Pareto optimization. The first method assigns different
weights to various objectives. The weighted objectives are then summed
up to a single cost function. Using this method, the multi-objective
optimization problem is turned into a single objective optimization
problem. The second method tries to find the Pareto front between each
objective [79]. None-dominated or feasible solutions make up
Pareto-fronts. To precisely optimize multi-objectives, a set of conditions
must be defined to describe the optimal solutions, resulting in Pareto

front generation [71,80]. Considering these sets of circumstances, all
points known as non-dominated solutions are logically valid and lead to
miscellaneous values for the objectives. A multi-objective optimization
problem can be expressed mathematically as follow [81]:

Minimize:

F(F)=[((F), o(X); @] €))
Subject to

g(x) <0
h(X)=0

where

Xmn <X, < XM (i=1,2,...,n)

X=[X, X, ..X,]" €6

Y=[1, Y, .. V]  €¥

Here m indicates the number of objective functions which is two in the
case of the present study, O is the search space with n dimensions which
is recognized as upper and low bounds of the decision variable xi (i = 1,
2, ..,1n).

Xmax — )qnax7 ‘szax7 .-..X:’mx]r (2)
Xmin — )(llnin7 ){;ﬂin7 ....X’Tin}T (3)

Y is the m-dimensional vector space of objective functions and is defined
by @ and the objective function f(x). g (x) 0 =1, 2, ..,p) and h(x) = 0 (j
=1, 2, ..,q) denotes p and q being the number of inequality and equality
constraints, respectively. If both p and q are equal to zero then the
problem is simplified as an unconstrained optimization problem.

In the present study, the multi-objective optimization technique was
applied to find design options with minimum energy use intensity and
maximum useful daylight illuminance (Equation (4)).

E ot = (En + Ec + EL + Ep) ()]
EUI _ E (ya1 ; Gross floor area

Where Ey indicates basic demand for heating energy, Ec for cooling, Ej,
+ for lighting, and Eg for electrical equipment, respectively. Since
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daylight and artificial lighting are regarded as important factors having
a great impact on building energy consumption, they should be
considered in building simulation. Also, solar radiation influences the
cooling and heating loads of the building, hence multi-objective opti-
mization was applied to enhance the optimal solution for the two ob-
jectives EUI and UDIL.

F(x;) = min (EUI)
F(x,) = max (UDI)

The algorithm based on dimensions and features of the algae window
was identified. The parameters applied in this research are window to
wall ratio and algae window concentration resulting in different window
characteristics including VT and SHGC. The parameters including algae
window to wall ratio and algae concentration range from 10% to 90%,
and 10%-100% density at 10% interval (Table 4), respectively.

Pareto-front is used to find optimal solutions. Hence, by recognizing
the Pareto solutions considering the best EUI and UDI as well as the
balanced options, the best optimal solution variable values were rec-
ommended (Fig. 11). The best Pareto front solutions can be achieved by
applying the Utopian point method assuming that there is a Utopian
point, and the Pareto front points have the minimum Euclidean dis-
tances from the Utopian point. The optimal value can be defined [64] by
finding the shortest Euclidean distance using equation (5).
dg :min\/(Ql — QT/Q,norm)2 + (Qz — Q;/sz)rm)2 5)
where Q; and Q; are the coordinates for the Utopia point of the objective
function F (x;) whose minimum value is desirable, and objective
function F (x3) which demands maximum values. Besides, Q1 and Q, are
the point coordinates on the Pareto optimal front. Q; norm and Q; norm
are regarded as normalization point coordinates in the problem areas.
Q1 norm and Q3 norm are defined based on the minimum value of Q,
and the minimum value of Q,, respectively.

At the beginning of the optimization design process, evolutionary
algorithms [82], were first considered to be applied to achieve
multi-objective optimization. However, since this method may omit
some solutions through creating new generations and suggests only
some of the possible optimal solutions and not illustrates the trends of
the optimal results, after conducting an optimization process and
analyzing the results for one orientation, it was decided not to apply the
computational plugins which are based on evolutionary algorithms in
the first step. Since, this research aims to optimize design parameters for
each orientation of the building separately, to comprehensively evaluate
the impact of parameters on performance metrics, and observe the result
trends for 640 design option in each orientation, it was decided to
pursue the process of simulating possible solutions and not omit some
options to reach the optimum design options and visualize and analyze
the results by Design explorer [83], then applying Utopian point
method. On the other hand, evaluating all possible design options for
each orientation and all building aspects is a time-consuming process.
Therefore, tools in Grasshopper which are vastly applied for
Performance-based parametric design were used. By applying the TT
toolbox and its tool Colibri [84] possible solutions were simulated. Since
modeling and computing the design options are a laborious process,
using the tools was a practical help to achieve this aim. Design param-
eters were connected to the Colibri Iterator component and the perfor-
mance metric was connected to the Colibri Parameters. Then both
component outputs were connected to the Colibri Aggregator compo-
nent. Parameters were considered as Genome and UDI and EUI were
linked to Phenome. Through its tools, the TT toolbox automatically
saves all possible solutions and their features, and the Design explorer
visualizes design solutions. Hence, by selecting each option, all related
information is accessible. Providing visualization and filtering group of
iteration-sets of design solutions that are both intimately related and
potentially scattered across a vast, high-dimensional possibility space,
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Design Explorer is tool for exploring design spaces on the web. The re-
sults of this part are illustrated in Figs. 6-9, and the range of optimum
solutions achieved by using the Utopian point method is evaluated based
on algae density and window to wall ratio.

In the second step, Octopus a Grasshopper plugin used for multi-
objective optimization to enhance the methodology and evaluate the
results and complete the first run of optimization. Octopus is based on
Pareto Evolutionary Algorithm (SPEA-2) in combination with the
Hypervolume Estimation Algorithm (HypE) [85,86] used in this study,
to achieve multi-objective optimization. Being deployed in most recent
multi-objective evolutionary algorithms, the contributing hypervolume
is one of the most popular second-level sorting criteria due to its
attractive theoretical properties. The hypervolume measure or S-metric
of a population A is the volume of the union of regions of the objective
space which are dominated by A and bounded by some appropriately

chosen reference point E) €R™, that is [87],
HYP(A) : =VOL(Ugealfi(@), 1] X oo X [fru(@), ) 6)

By using the hypervolume as a second-level sorting criterion for
comparing incomparable individuals, the respective contribution of
each individual to the total hypervolume is measured. The contributing
hypervolume of an individual a € A is given by

CON (o, A):= HYP(A)—HYP (A\{a}) 7

Besides, being applied to problems with arbitrary numbers of
objective functions, HypE as a novel hypervolume-based multi-objective
evolutionary algorithm incorporates a new fitness assignment scheme
based on the Lebesgue measure, where this measure can be both exactly
calculated and estimated employing Monte Carlo sampling. Monte Carlo
methods can be considered as a collection of computational techniques
for the (usually approximate) solution of mathematical problems mak-
ing fundamental use of random samples. Integration and optimization
are two classes of statistical problems which are most commonly
addressed within this framework [88,89]. According to Everson et al.
[90], the Monte Carlo algorithm can compare two nondominated sets X
and X' by calculating the fraction of space dominated by X and not by X',
and vice versa. This can be done by normalizing all objectives onto the
range [0 ... 1] then randomly generating points in the unit hypercube
and testing each point to understand whether it is dominated by X
and/or X'. This algorithm has complexity O(nmN) in the worst case,
where N is the number of samples used, and this complexity can be
reduced by using a more advanced data structure to store the points. The
error induced by the random sampling decreases as \/N, and it is in-
dependent of n [91].

Hence, Monte Carlo approximation, in brief, as a technique obtaining
random configuration for the variable of interest can be defined math-
ematically with the following formula [92,93]:

N
Ex~ 1/N > x, ®
n=1

Where X refers to random variables, while x is for the random elements
making that population. All x’s can be regarded as the possible outcomes
of the random variable X. The approximation of the average value of X as
the random variable is equal to the sum of the sample size N chosen from
the population divided by the sample size.

Octopus plugin is getting popular especially in the field of multi-
objective optimization of building performance design [40,49,94] and
verified by recent research [95,96]. Parameters including WWR and
algae density were connected to the Genetic input, while performance
metrics, EUI, and UDI were connected to the Fitness input (Fig. 1). In the
present study, according to the possible design options population size of
the first generation was considered 50, meaning that 50 design solutions
were selected from all candidate options, randomly. The population size
of all the further generations was 20 according to the number of possible
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Fig. 3. Energy use differences (kWh/m?/y) in the case of algae window from the reference single-glazed window (SG-Win), based on variations in algae concen-
tration and window-to-wall ratios in four orientations. Each diagram in the Figure shows 8 groups of 6 bars. Bars with unique colors represent window to wall ratios,

and each of the 8 bar groups represents a certain algae density percentage.

design solutions. There are various criteria for terminating the process.
The first is meeting the number of generations defined by the user, the
second is time simulation defined by the user too, and the third is
manually stopping the process when the user decides that the result is
satisfactory [40,97]. The termination criterion in this study was defined
by users which continued to 15 generations.

Applying principal in nature including selection, crossover, and
mutation, the Octopus improves the population of solutions [40].
Elitism, Mutation probability, Mutation rate, and Crossover rate are
defined as 0.5, 0.2,0.9, and 0.8 respectively, and sequentially in the
present study. Blend Crossover Algorithm [98] an operator for cross-
over, includes the following steps [99]:

. Select two parents X® and Y® from the parent pool

. Create two offspring x*™, and y“ as follows:
.Fori=1tondo

A=0.2

. Choose a uniform random real number a € { — A, 1 + A)
XY = (o x X+ (@ - @) x v

Y= (@ x Y+ (A - a) x X

. End do

©®N O UTA WM

The steps of the Point Mutation algorithm [100] for mutation are as
follows (A refers to the parents’ attribute range):

. Select one parent X from the parent pool

. Create one parent x**1 as follows:

. Choose an integer random real number u € 0,n — 1
. Sigma = A/10

. Choose a Gaussian random real number g € 0, 1
XD = x4 (sigma x g)

o UlAWN

Comparing with other similar optimization tools in Grasshopper,
Octopus has advantages including having the ability to define multiple
objectives that can be evaluated simultaneously, which provides optimal
solutions, presenting the best mode of objectives. This method provides
the potential for examination of correlations between different objec-
tives as well as a more comprehensive arrangement of outcomes
compared to single-objective optimization analysis [94]. After several
iterations, while removing the unfit solutions, the results which are
optimized design alternatives meeting the objective function sets are
yield. The comparison between the results of the two methods is illus-
trated in Table 9. The main objective of the optimization process in this
research is to identify the optimum design solutions for integrating
bioreactor technologies with the building facade for all four main
building orientations in the BSk climate to meet designers’, architects’,
and engineers’ needs in the early design stage of building. When inte-
grating microalgae bioreactors in facade systems, it should be noted that
microalgae have three major techniques of culturing: batch, continuous,
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Fig. 3. (continued).

and semi-continuous [101]. In the batch technique, the algae are har-
vested after inoculating the cells into a container of fertilizer and
growing them to reach their maximum density. Hence, the bioreactor is
filled with algae which are later emptied after the algae reach their
highest density, and this cycle continues. In the continuous technique, it
is possible to keep the medium density constant even during the year to
reach an efficient culture density for various purposes. In this system, a
certain amount of microalgal culture solution will be harvested inter-
mittently while the same amount of medium is refilled [102,103].
Hence, the growth environment of the cells in the reactor remains
constant. In this technique, microalgae are harvested and, in the
meanwhile, new microalgae are injected into the bioreactor. The
continuous system is the technique that can best be applied in
building-integrated bioreactors as the shape of algae culture density has
the potential to be integrated with the building facade [8,104]. Hence,
the algae medium density is controllable based on desired parameters. In
this study, the algae density is considered as an independent variable for
optimization, and its effects on performance metrics are examined with
the aim to provide an energy-efficient building solution with sufficient
daylight since the algae impact both thermal and shading properties of
the window [14,29,105]. In other words, algae density is optimized for
building performance metrics only, and algae density optimization for
biomass production is not included in the scope of research. This
ofcourse would be an interesting topic to be studied by future research.
The main drawback of the batch culturing system for building applica-
tions, as compared with the continuous system, is that it cannot reach
the steady-state conditions [103]. This is because the condition in which

microalgae culture spends its natural growth period to reach the highest
density is not always favorable for building energy efficiency, as the
culture density cannot be adapted with the needed amount of sunlight
penetrating indoors. For example, consider the warmest period of the
year that the building demands windows with high shading and thermal
insulation performance. In the batch culture, when algae reach the high
density, it should be harvested and replaced with a low-density medium,
which for a while cannot block sunlight from entering indoors until it
reaches acceptable density. This in turn increases building cooling loads
in the warmest parts of the year. Accordingly, this research uses the
continuous culture technique to propose optimal solutions based on two
variables including algae density and WWR to minimize EUI and
maximize UDI

3. Results and discussion

The results are analyzed in two main categories: first, energy simu-
lation results of microalgae window-based building model to be
compared with that of SG-Win, DG- Win, and Water-Win systems based
on WWR and algae density variations at four main orientations; second,
optimization results.

3.1. Simulation

The simulation was conducted based on 8 different algae densities
with their specific thermal characteristics and 6 various window-to-wall
ratios at four main orientations. Figs. 3-5 illustrate the changes in



M. Talaei et al.

100
90
80
70
60
50
40
30
20
10

Energy Use Difference (kWh/m?/y)- North

100% 85% 70%

60%

Journal of Building Engineering 42 (2021) 102832

50% 40% 30% 20%

Algae-Concentration

m15% m30% m45%

210
160

/y)-South

,
—_
—_
[«

Energy Use Difference (kWh/m’

m15%

m30%

m60%

45%

m75% ®m90% WWR

m60% m75% m90% WWR

Algae-Concentration

Fig. 4. Energy use differences (kWh/m?/y) in the case of algae window, from the reference double-glazed window (DG-Win), based on variations in algae con-
centration and window-to-wall ratios in four orientations. Each diagram in the Figure shows 8 groups of 6 bars. Bars with unique colors represent window to wall
ratios, and each of the 8 bar groups represents a certain algae density percentage.

energy consumption of the studied model containing the algae window,
as compared with models with double-glazed window (DG-Win), single-
glazed window (SG-Win), and water window (Water-Win) in four main
building orientations. The results show that the potential energy saving
is different based on algae density, window to wall ratio, and facade
orientation (Also see Tables A1, A2, and A3 in appendix). Figs. 3-5 were
determined as energy use differences between the algae window and the
reference models with SG-Win, DG-Win, and Water-Win systems.
Figs. 3-5 each consists of four diagrams representing north, south, east,
and west orientations. Each diagram in Figs. 3-5 shows 8 groups of 6
bars. Bars with unique colors represent window to wall ratios, and each
of the 8 bar groups represents a certain algae density percentage. The
results demonstrate that compared to the south, east and west orienta-
tions, the north-facing algae window performs differently in terms of
energy-saving, meaning that this is the only orientation that does not
lead to energy saving except when algae density is 20% and 30% and
WWR is not 30% based on the SG-Win reference case. Limited energy-
saving opportunities in the case of a north-facing algae window occur
mainly because there is minimal direct solar radiation in the north re-
sults in more thermal effect by U-value than VT and SHGC. Conversely,
in the south, east, and west, radiation transmittance and shading have
more impact on energy consumption than thermal effect. In the mean-
while, except for the case of the model with a north-facing algae window

10

in which finding a general energy-saving pattern across different vari-
ables is a challenge, the increase in the window-to-wall ratio of algae
window leads to more energy savings in all other orientations, with 90%
WWR leading to greatest energy savings. The greatest energy saving
potentials among all possible design solutions occur in the model with a
west-facing algae window with 100% algae concentration, and 90%
WWR which leads to 243.55, 164.65, and 183.16 kW h/m?/y of energy
savings, compared with reference models using SG-Win, DG- Win, and
Water-Win systems, respectively. In the south and east orientations, the
greatest energy savings occur in the algae window with 70% algae
density and 90% WWR, which leads to 179.08 and 205.99 kW h/m?/y of
energy savings, respectively, compared with the single-glazed reference
model. In the north, the highest energy saving potential occurs in algae
window with 90% WWR and 20% algae density, leading to 18.66 kW h/
m?/y of energy savings, compared with the single-glazed reference
model. Table 5 provides further details for comparison of algae window,
SG-Win, DG-Win as well as Water-Win by listing percentile and
maximum energy use differences. In general, the highest energy saving
percentages are achieved by using algae windows in the south (algae
density of 70% and WWR of 90%), with a maximum energy use
improvement of 53.74% over the SG-Win reference model. This
improvement significantly drops when comparing algae window with a
double-glazed window and water window reference models.
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Fig. 4. (continued).

The simulation results in this step confirm the results reported by
Negev et al. [29] for algae windows containing C. vulgaris species in the
Mediterranean climate. The results in both climate zones demonstrate a
similar trend, even though the exact values are different. Negev et al.
[29] similarly report the performance of algae windows in the north
orientation being different as compared with other orientations, as no
energy savings are reported in this orientation for different algae den-
sities and window-to-wall rations, as compared with SG-Win, DG-Win,
and Water-Win reference models. Besides, as Negev et al. [29] report for
the south, east, and west orientations, the greater the window-to-wall
ratio, the more energy-saving is provided, generally. Besides, despite
Negev et al. [29] that reports no energy saving for the PBR algae win-
dows of less than 30% WWR at any of the four main orientations in the
Mediterranean climate zone, we found potential energy savings in algae
windows of less than 30% WWR in the cold BSk climate. In the Medi-
terranean climate, Negev et al. [29] report the greatest energy use dif-
ferences to occur in south orientation, followed by the west, while in the
cold semi-arid climate the maximum energy use difference was found to
occur in the west, while the highest energy saving in percentage happens
in the south. Consequently, in terms of the percentages of energy-saving,
south, west, and east stand at the first, second, and third place, respec-
tively, in both climate zones, while the algae window in the north leads
to no energy savings in the Mediterranean climate and the least
energy-saving (10.18%) in BSk climate, comparing with the SG-Win
reference model (Table 6).
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3.2. Scatterplots of optimization results

In the optimization process, the energy use intensity and useful
daylight illuminances were evaluated based on various algae culture
densities and window-to-wall ratios for different building orientations,
using all possible design solutions. Accordingly, scatterplots were
developed based on 2560 simulation results in the optimization data
collection process. Figs. 6-9 illustrate the optimization results including
scatter plots of two performance metrics; energy use intensity and useful
daylight illuminance. In these figures, the colors represent various algae
densities for the algae window integrated into different building orien-
tations. Scatterplots illustrate all possible design options as well as the
optimal ones defined by the Pareto frontiers. According to the optimi-
zation objective of achieving minimum EUI and maximum UDI, the
optimal design solutions tend to occur in the top-left corner of the graphs
in Fig. 6-9. As shown in Figures, scatterplots have negative and positive
correlations as shown by the trends. In other words, some design options
that have optimum EUI are associated with unfavorable percentages of
UDI and vice versa. Meanwhile, the optimum options on the upper-left
of the graphs in Figs. 6-9 include non-dominated solutions that sur-
pass other solutions in terms of minimum EUI and maximum UDI at the
same time and there are no better solutions for the two main perfor-
mance metrics than these Pareto optimums. In the optimization step of
this research, the best design options for each of the four main orien-
tations were selected in terms of best EUI, best UDI, and the balanced
options in between. Due to the sharp shape of the Pareto front in the east
and west, it can be concluded that the relationship between the two
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Fig. 5. Energy use differences (kWh/m?/y) in the case of algae window, from the reference water windows (Water-Win), based on variations in algae concentration
and window-to-wall ratios in four orientations. Each diagram in the Figure shows 8 groups of 6 bars. Bars with unique colors represent window to wall ratios, and

each of the 8 bar groups represents a certain algae density percentage.

objectives is stronger in these two orientations than in the north and
south where there is a curved shape.

3.3. Optimization results

Fig. 10 illustrates three optimal design options including best UDI,
best EUIL, and a randomly selected balanced option, created by the
parametric model for different orientations. The numerical values for
each option are listed below the option in Fig. 10 and the percentages of
UDI are shown as a color block at each sensor location in the building
work plane. Accordingly, the highest EUI value is about 75-112 kW h/
m?/y and the highest UDI value is between 78% and 91%. Table 7
demonstrates the minimum and maximum EUI and UDI values for each
orientation as well as the total average values of the two performance
indices based on the window-to-wall ratio and algae density. According
to this table, the highest total average EUI in south, east and west ori-
entations occurs in the algae window with the low density (20%) and is
131.78, 185.79, and 205.00 kW h/mz/y, respectively, while in the
north, the highest average EUI value occurs in 100% algae medium with
143.31 kW h/m2/y. Besides, the lowest total average EUI in the south,
east, and west occurs in algae densities of 60%, 70%, and 100%,
respectively. In general, the lowest total average EUI value, considering
all algae density percentages, occurs in the south with 117.20 kW h/m?2/
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y, while the west leads to the highest average EUI value of 171.22 kW h/
m?/y. Meanwhile, an algae window in the north could enjoy the
maximum average UDI of 85.27%, whereas the minimum average UDI
occurs in the south with 70.33%. According to Table 9, the results of the
optimization process using the Octopus plugin as the second method
falls within the range of the first method as mentioned above. However,
a few points fall out of the range. Besides, the number of Pareto solutions
is limited in the second method. This is justifiable, since considering the
history of Octopus Pareto front, the number of points is fewer than that
of the first method. This is due to fact that evolutionary algorithms
provide a randomly selected population for the first generation and the
other generations are based on the selection, mutation, and crossover
between the first options. Hence, the number of options evaluated may
be more limited than the situation considering all options.

3.3.1. Optimum solutions

Fig. 11 illustrates the design solutions with optimum EUI and UDI,
and the balanced options, clustered for each building orientation and
shows related window size and algae density. The main results, ac-
cording to Fig. 11, are summarized as follows:

1. In the north, the highest UDI happens in the design option with 38%
WWR and the minimum EUI occurs in the option with 10% WWR,
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Fig. 6. Scatterplots showing the performance of EUI against UDI and Pareto fronts for north orientations.

across all algae densities (Table 7, Fig. 11). The optimum solutions to
simultaneously provide the maximum possible EUI while keeping a
minimum UDI occur in options with 20%, 30%, and 40% algae
densities. The optimum solutions for north orientation include a

13

window with 20% algae density, and 20-29% to 30-38% WWR, a
window with 30% algae density and 31-37% WWR, and a window
with 40% algae density and 33% WWR.
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Table 5

Fractional impact of maximum energy use differences of the algae window compared to three reference cases at all facade orientations.

Max. Energy use differences from Water-Win

Energy use (kWh/m?/

y)

Max. Energy use differences from DG-Win

Energy use (kWh/m?/

y)

Max. Energy use differences from SG-Win

Energy use (kWh/

m?/y)

Orientation

Fractional
impact

Energy use
difference

Water- Size

WIN

Algae-

Win

Fractional
impact

Energy use
difference

Size

DG-WIN

Algae-

Win

Fractional
impact

Energy use
difference

Size”

SG-WIN

Algae-

Win

21.45%

162.217 W- 34.80

52.65% 197.026

67.961

W-

129.064

10.18% 197.026

—18.666

W-

164.561 183.227

North

90%

90%

90%

D-20%

100%

W-

100%

W-

45.95%

—131.09

285.255

154.157

47.11%

—137.333

—179.085 53.74% 154.157 291.4902

333.242 W-

154.157

South

90%

90%

90%

D-70%

W-

D-70%

D-70%

W-

212.284 356.925 —144.64 40.52% 212.284 362.92 —150.63 41.50%

49.24%

—205.996

418.28

212.284

East

90%

90%

90%

D-70%

W-

D-70%

W-

D-70%

W-

44.52%

228.203 411.366 —183.163

41.91

228.203 392.859 —164.656

51.62%

—243.559

471.762

228.203

West

90%

90%

90%

100%

100%

100%

(—) = Saving.

(€3]

Non saving.

=WWR.

Density, W

2 Size: D
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2. In the south, 23% WWR leads to an optimum UDI in all algae den-
sities. In this orientation, the optimum EUI occurs window with 14%
WWR and 20% algae density (Table 7, Fig. 11). However, consid-
ering both EUI and UDI performance metrics through multi-objective
optimization, only 20% and 30% algae densities lead to optimum
solutions. The optimum solutions in the south include the use of a
window with 20% algae density and 16-23% WWR, and a window
with 30% algae density and 19-21% and 23% WWR.

3. In the east, similar to the north, the optimum solutions are defined
within a 20-40% algae density range. Besides, the favorable
window-to-wall ratios for optimum EUI and UDI are 10% and 16%,
respectively. The optimum design options for an algae window in-
tegrated with the east facade include a window with 20% algae
density and 12-14% WWR, a window with 30% algae density and
13-16% WWR, and a window with 40% algae density and 16%
WWR.

4. In the west, contrary to the other orientations, the optimum solutions
are not limited to specific density percentages and can occur in any
algae density. Therefore, the optimum solutions in the west include
algae windows of any algae density but with 12-18% WWR. Corre-
spondingly, the window with 20% and 50% algae medium have a
14-17% window to wall ratio. This value for 40%,70% and 85% is
15-17%, while for 30% and 100% algae density, WWR is between
12-18% and 15-16%, sequentially.

5. In general, it can be concluded that using algae window in the cold
BSk climate to achieve maximum daylighting and minimum energy
consumption can be realized by integrating the low and medium
algae densities of 20-40% and the low window-to-wall ratio of
10-25% in the north, south, and east. Only in the west, this tech-
nology can use any algae medium density to reach the optimization
objectives, as long as window-to-wall ratio is within 12-18% window
size range.

Table 8 lists the improvement percentages in EUI and UDI achieved
by balanced design options as well as the average of all balanced options
at four main orientations. By comparing the objective results of the best
optimum solutions and objective results of the average value, it is
observed that the optimization process results in an improvement in
daylighting and energy saving. The average EUI improvement percent-
ages across all optimum solutions are 39.67% and happen in the west
(Tables 7 and 8). Besides, the north represents the lowest improvement
in average EUI (i.e., 21.37%). The east and south stand at the second and
the third in terms of energy-saving improvement when the design is
optimized, respectively. In terms of improvement in optimized
daylighting design, lesser overall improvement is seen in UDI, as
compared with EUL for all orientations. The improvement in UDI for
north, south, east, and west include 4.60%, 14.43%, 13.34%, and
14.33%, respectively. According to Tables 7 and 8, the lowest total
average UDI value for all densities occurs in the south, and the highest
improvement after optimization happens in the south, too. Moreover,
the north with the highest total average UDI value represents the lowest
increase in percentile UDI improvement, after optimization.

3.4. Sensitivity analysis

Sensitivity analysis is a valid tool to investigate the complicated re-
lationships between design variables and performance metrics
[106-108]. It also helps to understand the most influential variables. By
adjusting the input values, it can also help decrease uncertainties in the
model outputs to small thresholds [109,110]. In this research, sensitivity
analysis is applied to explore the relative contribution of design pa-
rameters to building performance indices including EUI and UDL

In this research, the regression technique is used for sensitivity
analysis, as a common method in building energy performance studies
[111-114]. Besides, the multiple linear regression (MLR) using Stan-
dardized Regression Coefficients (SRC) was applied as a sensitivity
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Table 6

Comparing energy simulation results with Negev et al. [29].

Algae Algae-Win Concentration Climate Orientation WWR Maximum energy Use Minimum energy Use Energy use differences in Order of facades
Species differences compared with the differences compared with different facade orientations orientations in terms of
base cases (kWh/m2/y) the base cases (kWh/m2/y)  comparing with the base cases energy saving
(Energy Savings) (None-savings)
20 30 40 50 60 70 85 100 N S E W 15 30 45 60 75 90 Water- DG-Win SG-Win Water- DG-Win SG-Win SG-Win DG- Win Water-
Win Win Win
[29] Chlorella Csa South South South North North  North North North North 1 — South (Max.)
vulgaris D:60% D:60%  D:60%  D:100% D:100% D:100% (+)" ) +) SG-Win = 53.9%
W:90% W:90% W:90% W:90%  W:90% W:90% DG-Win = 29.6%
Water-Win®
South South South 2 — West
), ), =) ), (=) SG-Win = 22.5%
)’ DG-Win = 16.1%
Water-Win®
East (+), East (+), East(+), 3 - East
(=) ) ) SG-Win = 13.8%
DG-Win = 8.6%
Water-Win®
West West West 4- North (+)
) =) ), (=) (), (=) SG-Win = 32.5%
DG-Win = 36.1%
Water-Win®
The Chlorella BSk West West West North North North North North North 1 - South (Max.)
Present  vulgaris D:90% D:90% D:90%  D:100% D:100% D:75%  (+), () (+) +) SG-Win = 53.74%
Study W:100% W:100% W:100% W:90%  W:90% W:100% DG-Win = 47.11%
Water-Win = 45.95%
South South South 2 — West
), ) (), ) (1), (=) SG-Win = 51.62%
DG-Win = 41.91
Water-Win = 44.52%
East (—) East (+), East(—) 3 - East

=)

West (—) West
), (=)

West (—)

SG-Win = 49.24%
DG-Win = 40.52%
Water-Win = 41.50%

4- North

SG-Win = 10.18%
DG-Win = 52.65% (+)
Water-Win = 21.45% (+)

D = Density, W=WWR.
2 (4) = Non saving.
b (—) = Saving.

¢ Only energy Use differences (kWh/m2/y) was presented in Negev et al. [29].

D 12 100 L W

z£8201 (120Z) zb Sumeauisug Suippng fo pwnor
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Best EUI

Best UDI

Balanced

North

(%)
100.00<
93.20
86.40
79.60
72.80
66.00
59.20
52.40
45.60

. l 38.80
<32.00

(%)

100.00<

92.40
84.80
77.20
69.60
62.00
54.40
46.80
39.20
I 31.60
<24.00

(%)

100.00<

92.40
84.80
77.20
69.60
62.00
54.40
46.80
39.20
l 31.60
<24.00

WWR: 20%,
Density: 20%

EUL 96.028 kWh/m*/y
UDI: 80.5875%

WWR: 38%,
Density: 20%

EUL 112.343 kWh/m?/y
UDI: 91.075%

WWR: 35%,
Density: 30%

EUL 112.365 kWh/m¥/y
UDI: 90.9875%

South

87.90

78.80

69.70

60.60

51.50

42.40

33.30

24.20

l 15.10

- <6.00

(%)
97.00<

(%)
98.00+
88.50
79.00
69.50
60.00
50.50
41.00
31.50
22.00

l 12.50
<3.00

(%)
98.00-
88.60
79.20
69.80
60.40
51.00
41.60
32.20
22.80

l 13.40
<4.00

WWR: 16%,

EUL 75.122 kWh/mP/y

WWR: 23%,

EUL 81.095 kWh/m?/y

WWR: 20%, EUIL: 78.427 kWh/m?/y

WWR: 12%,

EUL: 99.935 kWh/m’/y

WWR: 16%,

Density: 20% UDI: 78.13% Density: 20% UDI: 81.18% Density: 30% UDL: 81.06%

East
(%) (%) (%)
99.00< 99.00< 100.00<
90.20 92.30 90.30
81.40 85.60 80.60
72.60 78.90 70.90
63.80 72.20 61.20
55.00 65.50 51.50
46.20 58.80 41.80
37.40 52.10 32.10
28.60 45.40 22.40

l 19.80

<11.00

I 38.70
<32.00

I 12.70
<3.00

EUIL: 104.697 kWh/m?/y

WWR: 16%,

EUI: 104.697 kWh/m?/y
UDI: 83.5125%

Density: 30% UDI: 80.21% Density: 20% UDI: 83.51% Density: 20%

West
(%) (%) (%)
99.00< 100.00< 100.00<
89.50 92.40 90.90
80.00 84.80 81.80
70.50 77.20 72.70
61.00 69.60 63.60
51.50 62.00 54.50
42.00 54.40 45.40
32.50 46.80 36.30
23.00 39.20 27.20

l 13.50 I 31.60 l 18.10

<4.00 <24.00 <9.00

WWR: 12%,
Density: 20%

EUL 98.383 kWh/m?/y
UDI: 81.47%

WWR: 19 %
Density: 20 %

EUL 110.188 kWh/m%/y
UDI: 84.05%

WWR: 15%,
Density: 40%

EUL 102.269 kWh/m?/y
UDI: 83.75%

Fig. 10. Optimal design solutions including design options with the best EUI, the best UDI, and a selected balanced option.

analysis indicator, to investigate relative contributions of the design
variables including window and algae medium density to building
performance metrics (EUI and UDI) in the four main orientations. While
Standardized Regression Coefficient is a normalized unit-less coefficient,
Unstandardized Regression Coefficient (USRC) has units and a ‘real-life’
scale. High SRC absolute values would demonstrate a greater relative
effect of one variable on performance indices. In other words, the higher
the SRC value, the more impactful the independent parameter.

Moreover, positive and negative SRC show positive and negative effects
on performance metrics, respectively. In this study, all the 2560 design
options, and not just the optimized solutions, were used for sensitivity

analysis.

Table 10 indicates the USRC and SRC values of two design variables
including window-to-wall (WWR) ratio and algae concentration, for
daylighting and energy use intensity. The corresponding values are
determined by considering all building orientations. The higher values
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Fig. 11. The optimum design solutions in terms of Best EUI, UDI, and the balanced options at each orientation.

indicate that the variable of interest has a higher impact on both per-
formance metrics. In terms of EUI, the USRC values of algae density and
WWR for north, south, east, and west are 23.275, 114.786; —9.496,
119.052; —31.514, 173.572, and —49.951, 206.021, respectively and
sequentially. By comparing the regression coefficients, it is observed
that WWR in all orientations in the BSk climate has a greater effect on

18

both energy and daylighting performance. Contrary to WWR, algae
density’s impact on UDI is ignorable in all orientations. Fig. 12 illus-
trates the effects. Sensitivity analysis results also show that, except for
the north, algae density in all other orientations is negatively correlated
with energy use intensity. Also, both algae concentration and WWR have
the strongest effects on EUI in the north. East orientation takes the
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Table 9

Result comparison between the first and the second optimization method in
terms of design parameters.

North South East West
First D: 20% D: 20% D: 20% D: 20%, 50%
method W: 20-29%, W: 16-23% w: W:14-17%
30-38% D: 30% 12-14% D:30%
D:30% W: 19-21%, D: 30% W:12-18%
W: 31-37% 23% W: D:
D:40% 13-16% 40%,70%,85%
W: 33% D: 40% W:15-17%
W: 16% D:60%
W:16-17%
D:100%
W:15-16%
Second D: 20% D: 20% D: 30% D: 20%
method W: 25-28% W: 15-21% w: W:15%
D:30% D:30% 13-15% D:30%
W: 35% W: 17-20% D: 40% W:14-18%
D:40% W: 16% D: 40%,70%
W: 12% D: 50% W: 17%
W: 16% D:50%
W: 13-17%
D:60%
W:17-18%

D = Density W=WWR.

second rank in the effect of WWR on EUI, followed by south and west. In
terms of algae density, east stands second, followed by west and south.
WWR also has a negative correlation with UDI in the south, east, and
west, and a positive correlation with it in the north.
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4. Validation
4.1. Validation of building performance simulator

In this research, to evaluate the accuracy of the results, the Honeybee
plugin applying OpenStudio and EnergyPlus engines for energy simu-
lation was validated to examine the precision of its data and consequent
results using the comparison method. Honeybee plugin an old version of
0.0.64 was validated in a previous study [115]. In the present study, the
results of the Honeybee plugin version of 0.0.69 were compared with the
validated sample. Besides, this paper added the validation of the annual
solar radiation results (Fig. 14 and A1-A2 in appendix), not embedded in
[115], to the evaluation process, along with evaluating annual heating
and cooling energy. Validation has been conducted by case No.600
(BESTest) in the ASHRAE Standard 140-2017 [62]. Case No.600 is
categorized as Class I Test Procedures, analyzing the ability of software
to model building in a low-mass configuration (Fig. 13). There are the
low mass basic tests applying lightweight walls, floor, and roof, whose
details are described in the standard [62]. Consequently, by comparing
the results of the Honeybee simulation with the BESTest (Figss. 14-18,
Figs. Al and A2) it can be inferred that Honeybee could get the sample
600 (BESTest) validation showing the accuracy of the simulation results.
In general, the result of the simulation is in accordance with ASHRAE
140-2017 standard validation [62].

5. Conclusion

This research bridges the knowledge gaps in adopting microalgae
photobioreactors as window systems in the building by achieving two
main objectives including to study the effects of building-integrated
microalgae windows on energy savings in the BSk climate and to

Table 10
SRC and USRC of design variables.
Group Variable EUI UDI
Unstandardized Coefficients Standardized Coefficients R Square Unstandardized Coefficients Standardized Coefficients R Square
B Std. Error Beta B Std. Error Beta
North (Constant) 65.222 .466 .983 76.233 1.049 .209
Density 23.275 .561 .215 .000 1.263 .000
WWR 114.786 .615 .968 18.078 1.384 .457
South (Constant) 63.080 1.346 .875 84.818 421 .808
Density —9.496 1.622 -.081 .000 .508 .000
WWR 119.052 1.777 932 —28.957 .556 -.899
East (Constant) 91.505 1.513 924 88.749 .230 .946
Density —31.514 1.823 -.188 .000 277 .000
WWR 173.572 1.996 .943 —32.256 .304 -.973
West (Constant) 94.802 6.246 .509 90.089 237 .948
Density —49.951 7.525 -.183 .000 .285 .000
WWR 206.021 8.242 .690 —33.853 313 -.974
EUI UDI
1.5 1
1 0.5
8 g 0
2 05 & North South Eaft WSt
-0.5
0 | — -
North South !ast ﬂcst
-0.5 -1.5
H Desnity @ WWR EDensity ®WWR

Fig. 12. SRC for design variables including algae density and window size on EUI and UDIL.
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Fig. 13. Sample testing Case. Case No.600. ASHRAE Standard 140-2017 [62].

develop an optimization framework to identify algae PBR design solu-
tions that lead to best energy and daylighting performance in buildings.
To achieve the first goal, the energy efficiency of building-integrated
PBR was compared with that of three reference cases with single-
glazed, double-glazed, and water windows, in four main orientations
(Tables A1-A3). The results show that the PBR window has the potential
to greatly improve building energy efficiency in the BSk climate. The
multi-objective framework can evaluate the daylighting and energy
function of the building-integrated PBRs as a green building facade
while proposing the optimal design solutions for each orientation. The
variables of interest in this research included microalgae density and
window-to-wall ratio in four building orientations. Sample testing case
No.600 (BESTest) (Fig. 13), was applied to validate the simulation
software results. According to Fig. 14-18 and Fig. A1-A2 comparing the
simulation results with the BESTest, the Honeybee plugin could get a
sample 600 (BESTest) validation. The results of this research also reveal

Annual Incident Solar Radiation
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several design strategies for integrating algae windows into building
facade and achieving optimum energy and daylighting performance, as
follows:

(a) The energy performance of the building-integrated microalgae
PBR is affected by facade orientation. The south orientation
surpasses the other three orientations in terms of energy perfor-
mance improvement, followed by the west and east. In the north,
using algae window leads to no improvement in energy effi-
ciency, as compared with the reference cases, except when algae
density is low in comparison to SG-Win. The results demonstrate
that given algae densities and WWR:s in the south, east, and west
can have considerable effects on energy consumption. As a gen-
eral rule of thumb, the higher WWR and denser algae medium
result in greater energy efficiency in algae windows compared to
the three reference cases. In the north and with low algae den-
sities, there are some exceptions to this rule. Considering all three
reference cases and all orientations, the maximum energy use
differences occur in the highest window to wall ratios (i.e., 90%
in this research). The algae density of 70% in the south and east
and algae density of 100% in the west lead to the highest energy
savings. In the north and only in comparison with the SG-Win,
there was a 10.18% decrease in energy consumption where the
WWR and density were 100% and 20%, respectively (Table 5).

(b) The effectiveness of the proposed multi-objective optimization
framework was shown by its ability to identify design combina-
tions with optimum energy savings and daylight improvements
for building-integrated PBRs. This method was evaluated by
applying an evolutionary algorithm using the Octopus Grass-
hopper plugin which is based on Genetic Algorithm (SPEA-2
multi-objective  algorithm) and Hypervolume Estimation

Fig. 14. Comparison of the results derived from
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Fig. 15. Comparison of the results derived from low mass annual heating energy.
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Fig. 16. Comparison of the results derived from low mass annual cooling energy.
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Algorithm (HypE). The optimization framework increased the
simulation-based average EUI values by 21.37%, 33.25%,
36.22%, 39.67%, and the average UDI values by 4.60%, 14.43%,
13.34%, and 14.33% in the north, south, east, and west, respec-
tively. The optimized design options in the north, south, and east
would have low algae densities as well as a low window-to-wall
ratio, while the optimum results for the west would include any
algae density and low window-to-wall ratio. When in an office
building in the BSk climate, saving in energy is the only objective,
the greater WWR, and denser algae medium lead to better per-
formance improvements. However, when daylighting perfor-
mance is integrated with energy efficiency, the optimum
solutions are limited to the low WWR and low algae density,
except for the west as mentioned above. The results of multi-
objective optimization conducted by the second method using
Octopus also certifies the results achieved by the first method. In
general, Table 9 shows that according to the two methods the

22

optimum design options include low WWR for all building ori-
entations and low algae density for all building aspects except for
the West which includes all studied algae concentrations ac-
cording to the first method. However, the number of Pareto so-
lutions suggested by Octopus is more limited than that of Pareto
suggested by the first method although they fall within the same
range. Hence, best solutions were suggested based on the wider
range of results in method 1 for designers

(c) The regression analysis showed that two design variables (win-

dow size, and algae density) in four main building orientations
differently impact the two studied performance metrics (EUI and
UDI). WWR yields the largest effects on energy consumption in all
orientations, while its large impact is negatively related to UDI
metrics in all orientations, except north. Also, without consider-
able effect on UDI, algae density negatively affects energy per-
formance in all orientations, except for the north. The results
show that applying algae window with high WWR is beneficial in
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the north only when UDI is considered. However, the positive
effect of algae density and WWR on EUI in this orientation shows
that in general, the higher window size and algae density, the
higher energy consumption. In the south, east, and west the
higher WWR also results in higher energy consumption, while
with more algae density there is more energy efficiency in a
general trend.

Overall, In the BSk climate, larger WWR results in higher energy
consumption across all studied cases (single-glazed, double-glazed,
water, and algae windows). Besides, optimization results demonstrate
that algae window with high WWR and high density acts imperfectly in
providing low energy consumption as well as high UDI. The favorable
orientations for applying algae windows in the BSk climate are south
and west. Finally, further research needs to study the effects of algae
window design on other performance metrics such as thermal and visual

Journal of Building Engineering 42 (2021) 102832

comfort, cost, and life cycle impacts. The potential of adaptable shading
of the algae window can be investigated based on the proposed perfor-
mance metrics, too. Also, the proposed framework must be com-
plemented by adding more design variables and exploring their effects
on other building types and climate zones.
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Appendix
Table Al

Annual energy consumption between PBR window and SG-Win.

Orientation Window Size (%) Energy use differences in kWh/m?/y according to microalgae concentration and Window size
Density (%)
100 85 70 60 50 40 30 20
North 15 4.340948 3.932885 3.932885 3.005125 2.386942 1.672491 —0.797933 —2.567626
30 11.802134 11.019629 10.217555 9.339973 8.176887 6.771918 2.817305 0.456529
45 12.670939 11.375206 10.059088 8.697341 6.827619 4.536559 —1.053469 —4.094638
60 13.515775 11.672321 9.777274 7.856825 5.205026 2.017871 —5.462457 —8.975554
75 13.944976 11.554351 9.133868 6.702171 3.34515 —0.652262 -9.8127 —14.02531
90 13.798488 10.897347 7.965045 5.040547 1.004732 —3.789922 —14.521275 —18.666329
South 15 4.99971 4.5721 4.61023 4.93149 5.81436 3.9181 —1.479372 —3.877817
30 —24.58536 —26.7075 —28.66701 —30.74377 —33.06924 —34.73389 —35.48865 —32.96746
45 —58.24399 —66.55217 —69.85764 —72.3286 —73.21487 —73.03984 —67.22701 —58.24399
60 —97.79849 —103.3889 —108.1175 —109.9386 —109.5884 —107.2728 —94.56369 —80.42417
75 —130.9703 —138.7537 —144.8699 —145.5105 —143.8355 —139.1632 —120.3463 —100.3378
90 —162.7851 —171.6569 —179.0851 —178.2813 —175.2973 —168.2941 —143.7579 —117.6072
East 15 —9.54186 —9.82934 —10.166842 —10.673384 —11.058619 —11.215579 —12.322466 —11.769462
30 —49.781112 —52.287389 —53.549881 —53.551273 —53.170563 —52.172681 —47.790558 —40.882918
45 —89.299224 —91.693226 —94.352962 —94.080631 —92.508665 —89.348429 —78.121554 —65.45805
60 —127.463943 —131.289464 —134.703478 —133.304654 —130.371974 —125.077036 —107.549596 —89.390206
75 —163.424765 —168.410868 —171.90347 —169.76765 —165.476004 —157.822216 —134.301991 —110.551603
90 —196.441997 —202.626233 —205.995608 —203.190224 —197.374507 —187.634872 —157.945209 —128.515124
West 15 —12.562877 —13.504593 —14.424922 —14.523174 —15.249388 —15.820285 —17.005732 —15.986124
30 —58.612391 —59.964094 —60.010121 —59.98044 —59.276611 —57.573311 —51.534835 —43.24756
45 —110.102157 —110.215712 —109.198551 —107.89194 —105.180998 —100.453853 —86.470049 —71.151811
60 158.823663 157.224676 155.220718 152.771592 147.969221 140.247278 118.844628 —96.783331
75 —202.880613 —200.558108 —197.448328 —193.624026 —186.749983 —176.049999 —147.349287 —118.512685
90 —243.558746 —240.394583 —236.218735 —231.201714 —222.211618 —208.525669 —172.416559 —137.021615
Table A2
Annual energy consumption between PBR window and DG-Win.
Orientation Window Size (%) Energy use differences in kWh/: m?/ y according to microalgae concentration and Window size
Density (%)
100 85 70 60 50 40 30 20
North 15 10.749247 10.341184 9.922543 9.413424 8.795241 8.08079 5.610366 3.840673
30 27.585252 26.802748 26.000673 25.123091 23.960005 22.555037 18.600423 16.239648
45 38.248969 36.953237 35.637118 34.275371 32.40565 30.11459 24.524561 21.483392
60 49.091105 47.247651 45.352604 43.432155 40.780356 37.593202 30.112873 26.599776
75 59.115526 56.7249 54.304418 51.872721 48.5157 44.518287 35.35785 31.14524
90 67.961499 65.060358 62.128056 59.203558 55.167743 50.373089 39.641736 35.496682
South 15 12.670266 12.242657 12.280787 12.602047 13.48492 11.588658 6.191184 3.792738
30 —6.741672 —8.863805 —10.823325 —12.900085 —15.225547 —16.890196 —17.644964 —15.123769
45 —37.849243 —42.032118 —45.337589 —47.808555 —48.694818 —48.519791 —42.706958 —33.723944
60 —66.794208 —72.384653 —77.113253 —78.934359 —78.584163 —76.268544 —63.559415 —49.41989
75 —94.16805 —101.951477 —108.067638 —108.708282 —107.033273 —102.360933 —83.544078 —63.53557
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Table A2 (continued)

Orientation Window Size (%) Energy use differences in kWh/m?/y according to microalgae concentration and Window size

Density (%)

100 85 70 60 50 40 30 20
90 —121.032858 —129.90463 —137.332844 —136.529048 —133.545038 —126.541811 —102.005667 —75.854924
East 15 2.408574 2.121093 1.783591 1.277049 0.891814 0.734855 —0.372032 0.180972
30 —24.406442 —26.912719 —28.175211 —28.176604 —27.795893 —26.798011 —22.415888 —15.508248
45 —52.05399 —54.447991 —57.107728 —56.835396 —55.26343 —52.103195 —40.876319 —28.212816
60 —80.768304 —84.593825 —88.007839 —86.609014 —83.676334 —78.381396 —60.853956 —42.694566
75 —108.682256 —113.668359 —117.160961 —115.02514 —110.733495 —103.079707 —79.559482 —55.809094
90 —135.086862 —141.271099 —144.640474 —141.835089 —136.019372 —126.279737 —96.590074 —67.159989
West 15 1.940909 0.999192 0.078864 —0.019388 —0.745603 —1.316499 —2.501946 —1.482338
30 —27.535208 —28.886912 —28.932938 —28.903258 —28.199429 —26.496129 —20.457652 —12.170378
45 —64.036654 —64.150208 —63.133047 —61.826436 —59.115494 —54.388349 —40.404545 —25.086307
60 —99.834366 —98.235379 —96.231421 —93.782295 —88.979924 —81.257982 —59.855332 —37.794034
75 —132.987416 —130.664912 —127.555132 —123.73083 —116.856786 —106.156803 —77.456091 —48.619489
90 —164.656179 —161.492016 —157.316168 —152.299147 —143.309051 —129.623102 —93.513992 —58.119048

Table A3
Annual energy consumption between PBR window and Water-Win.

Orientation Window Size (%) Energy use differences in kWh/m?/y according to microalgae concentration Window size

Density (%)

100 85 70 60 50 40 30 20
North 15 11.057258 10.649195 10.230554 9.721434 9.103252 8.3888 5.918376 4.148684
30 15.818762 15.036257 14.234183 13.356601 12.193515 10.788546 6.833933 4.473158
45 21.121992 19.82626 18.510141 17.148395 15.278673 12.987613 7.397584 4.356415
60 26.184663 24.341209 22.446161 20.525713 17.873914 14.686759 7.206431 3.693333
75 30.830654 28.440028 26.019546 23.587849 20.230827 16.233415 7.072977 2.860368
90 34.808256 31.907115 28.974813 26.050314 22.0145 17.219846 6.488493 2.343439
South 15 9.76365 9.33604 9.37417 9.695431 10.578303 8.682042 3.284567 0.886122
30 —8.029838 —10.151971 —12.11149 —14.18825 —16.513712 —18.178362 —18.933129 —16.411935
45 —35.771095 —39.95397 —43.259441 —45.730407 —46.61667 —46.441643 —40.62881 —31.645796
60 —62.602988 —68.193432 —72.922033 —74.743139 —74.392943 —72.077324 —59.368195 —45.22867
75 —88.796454 —96.579881 —102.696042 —103.336687 —101.661678 —96.989337 —78.172482 —58.163974
90 —114.797794 —123.669567 —131.09778 —130.293985 —127.309974 —120.306748 —95.770603 —69.61986
East 15 —1.451624 —1.739105 —2.076607 —2.583149 —2.968384 —3.125343 —4.23223 —3.679226
30 —29.537331 —32.043608 —33.3061 —33.307492 —32.926782 —31.9289 —27.546777 —20.639137
45 —57.543441 —59.937443 —62.597179 —62.324848 —60.752882 —57.592646 —46.365771 —33.702267
60 —85.903465 —89.728986 —93.143 —91.744175 —88.811495 —83.516557 —65.989117 —47.829728
75 —114.226544 —119.212647 —122.705249 —120.569429 —116.277783 —108.623996 —85.103771 —61.353383
90 —141.081881 —147.266118 —150.635493 —147.830108 —142.014391 —132.274756 —102.585093 —73.155008
West 15 —3.323522 —4.265239 —5.185567 —5.283819 —6.010034 —6.580931 —7.766378 —6.746769
30 —36.014599 —37.366303 —37.412329 —37.382649 —36.67882 —34.975519 —28.937043 —20.649768
45 —75.149846 —75.263401 —74.24624 —72.939629 —70.228686 —65.501542 —51.517738 —36.199499
60 —113.641749 —112.042762 —110.038804 —107.589678 —102.787307 —95.065364 —73.662714 —51.601417
75 —149.276856 —146.954352 —143.844572 —140.02027 —133.146226 —122.446242 —93.745531 —64.908929
90 —183.162803 —179.998641 —175.822792 —170.805772 —161.815675 —148.129727 —112.020616 —76.625672
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Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.jobe.2021.102832.
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