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Abstract
The actual performance of buildings in operation can
differ significantly from their design performance because
of various uncertainties throughout their life-cycle.
However, current design practice seldom considers
uncertainties. In this paper, a holistic method integrating
sensitivity analysis and probabilistic optimal design is
proposed for zero/low energy buildings. A comprehensive
objective, integrating energy consumption and winter
discomfort degree, is defined for design optimization in
subtropical regions. A case study is performed using
Hong Kong Zero Carbon Building as the reference
building. Results show the key envelope design
parameters in subtropical regions as well as their
probabilistic optimal design.

Introduction
Buildings, as the largest energy consumer (consuming 40%
of energy in the world (IEA Publications, 2017) and up to
90% of electricity in Hong Kong (Hong Kong Energy
End-use Data, 2016)), play a very significant role in the
serious energy and environmental problems today. In
order to reduce building energy consumption, zero/low
energy buildings have attracted increasing attention.
Many efforts have been made on the design for zero/low
energy buildings. The design consists of building
envelope design and energy system design. In this paper,
the building envelope design for zero/low energy
buildings is concerned.
The impacts of main design parameters and climate/site:
The impacts of the main building design parameters in
different climates/sites have been studied by many
researchers, and the results show that the highly-sensitive
parameters of building thermal performance are different
in different climate regions. Thermal insulation of
external walls is important for buildings in the climate
regions with cold winter (Yu et al. 2013; Sanchez et al.
2014; Zhao et al. 2015), while window area, glazing and
solar protection are very sensitive to building energy
consumption in the climate regions with hot summer
(Yildiz et al. 2011; Yu et al. 2013; Lam and Hui 1996;
Zhao et al. 2015). However, they only adopted one
sensitivity analysis method to assess the effects of design
parameters on buildings, which may result in the
ignorance of some important design parameters. In
addition, they did not combine the sensitivity analysis
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with design optimization to identify the key design
parameters in specific design conditions.
Uncertainty analysis for building design: The research of
uncertainty analysis for building design can be classified
into two categories: (1) impacts of uncertainties on
building design; (2) building design considering
uncertainties. Many efforts have been made on impacts of
uncertainties on building design. Corrado and Mechri
(2009) analyzed the impacts of uncertainties in climatic
data, envelope data and building use data on the building
energy rating. Wang et al. (2012) investigated
uncertainties in energy consumption due to actual weather
and building operational practices. Uncertainties were
considered by several researchers for building energy
system design (Cheng et al. 2017; Gang et al. 2015; Gang
et al. 2015), whilst one research (Hopfe 2009) integrated
the uncertainties of internal loads and envelope thermal
characteristics in building envelope design and no study
integrating weather uncertainties in building envelope
design can be found.
In this paper, a holistic method integrating sensitivity
analysis and probabilistic optimal design is proposed for
zero/low energy buildings considering uncertainties in
design condition. A comprehensive objective, which
integrates energy consumption and winter discomfort
degree, is defined for design optimization and
performance assessment of buildings without heating in
subtropical regions. A multi-stage sensitivity analysis is
first conducted to identify the key design parameters for
the probabilistic optimal design. Several uncertain inputs,
which have significant influence on building performance,
are considered in the probabilistic design optimization of
buildings. The application of the method is verified in a
case study by studying the main design parameters and
probabilistic optimal design of a zero energy building in a
subtropical region.

Methodology
Concept of probabilistic optimal design method
Uncertainties existing throughout building life-cycle can
make a big discrepancy between the actual and design
building performance. Conventional optimal design
methods determine/optimize building envelope design by
treating the uncertainties using typical and deterministic
values/parameters, which can only guarantee good
performance under design conditions. The proposed
probabilistic optimal design methods can maintain good

performance under design conditions and non-design
conditions by quantifying all the possible uncertainties
and considering them properly in design.

used to sufficiently sample from the probability
distribution of the significant uncertain design inputs in
order to generate all possible design conditions. At the
third step, the corresponding annual objective values of
the tried design option during the building life cycle under
each possible design condition are obtained by building
performance simulation. At the fourth step, the average
annual objective values under all the possible design
conditions are calculated and evaluated by the GA
optimizer. These steps are repeated until the optimal
design options are reached within the convergence
tolerance.

Procedures of sensitivity analysis and probabilistic
optimal design
A holistic approach combining sensitivity analysis and
probabilistic optimal design is proposed in this study as
illustrated in Figure 1. At first, sensitivity analysis is
conducted to assess the impacts of the main design
parameters on the design objective in order to identify the
key design parameters for design optimization. Then the
identified key design parameters are optimized using the
proposed probabilistic optimal design method to identify
the optimal design with the minimum design objective.

Design objective of buildings
A comprehensive objective, which integrates building
energy consumption and winter discomfort degree, is
defined for performance assessment and design
optimization of buildings without heating system in
subtropical regions. The objective function is defined as
Eq. (1) - (3). A discomfort index is introduced primarily
to consider the cold indoor environment which likely
occurs in winter period. A penalty ratio (a) is assigned to
the discomfort index, which indicates the energy that
consumers would like to pay to mitigate the discomfort. It
can be determined based on the weighting of thermal
comfort in the mind of consumers.
F = (Etot + a * ∑Ddis)/N.
(1)
Etot = Eele +Qcool/COP.
(2)
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Figure 1: Procedures of probabilistic optimal design.
Sensitivity analysis and identification of key design
parameters
A multi-stage sensitivity analysis is proposed for the
identification of the key design parameters, which
involves two stages. At the first stage, global sensitivity
analysis is adopted to identify the highly-sensitivity
parameters. Three global sensitivity analysis methods,
namely the regression method, Morris method (Morris
1991) and FAST method (McRae et al. 1982), are adopted.
The top 5 highly-sensitive parameters of individual
methods and the highly-sensitive parameters (but not top
5) of 2 or 3 sensitivity analysis methods are identified as
the highly-sensitive parameters to be considered at later
stage. At the second stage, the highly-sensitive design
parameters identified earlier are further assessed with the
local sensitivity analysis method (Tian 2013) to select the
key design parameters. The parameters with opposite
effects on annual discomfort index and annual total
electricity consumption are identified as the key design
parameters which really need to be optimized.

-PMV-0.5

PMV < -0.5
Ddis = { 2.5
(3)
0
PMV ≥ -0.5.
where, F is the average annual performance objective
(kW). Etot is total electricity consumption (kW) during the
building life cycle, including the electricity consumption
of equipment, lighting and air-conditioning (cooling)
system. Ddis is hourly discomfort index. a is the penalty
ratio (kW) of discomfort. N is the years of building life
cycle. Eele is electricity consumption (kW) of lighting and
other equipment during the building life cycle. Qcool is
building cooling demand (J) during the building life cycle.
COP is the overall COP of air-conditioning system. PMV
is the hourly Predicted Mean Vote value (Fanger 1972).
Building performance quantification
EnergyPlus is applied for building performance
quantification in this study. The control logic, adopted in
EnergyPlus for building performance simulation and
quantification, is set to maximize natural ventilation and
daylight in order to minimize the energy consumption
while maintaining an acceptable thermal comfort as far as
possible. The system availability manager, “hybrid
ventilation availability manager” in EnergyPlus is used
and “Operative temperature control using adaptive
comfort 90% acceptability limits” is selected as the
ventilation control mode in order to maximize natural
ventilation. The zone artificial lighting output is adjusted
based on the daylight illuminance. If the daylight
illuminance reaches or exceeds 500lux, the lighting
system will be switched off. The hourly PMV value and
availability manager hybrid ventilation control status are

Probabilistic optimal design
The detailed steps of the proposed probabilistic optimal
design method are shown in Figure 1. The design
optimization is implemented in the platform of MATLAB.
The GA optimizer in MATLAB is used to generate trial
values of the key design parameters identified by the
sensitivity analysis and evaluate their performance until
the optimal design option is found. At the first step, the
GA optimizer generates trial values of the key envelope
design parameters (one possible design option). At the
second step, Latin Hypercube sampling (LHS) method is
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Table 1: Input parameters for sensitivity analysis and their rankings based on different sensitivity indexes
Category

Layout

Envelope
thermal
characteristics

Construction
quality

System
design

Energy
efficient
measures

Parameter
Building orientation
Window to wall ratio
Skylight to roof ratio
Wall U-value
Wall specific heat
Wall solar absorptance
Ground slab U-value
Ground slab specific
heat
Roof U-value
Roof specific heat
Roof solar absorptance
Window U-value
Window solar heat gain
coefficient
Window visible
transmittance
Skylight U-value
Skylight solar heat gain
coefficient
Skylight visible
transmittance
Infiltration air mass flow
rate
Floor slab linear
transmittance
Glazing transition linear
transmittance
Parapet linear
transmittance
Corner linear
transmittance
Interior wall intersection
linear transmittance
Cooling setpoint
Outdoor air flow rate
Overhang projection
ratio
Discharge coefficient
(natural ventilation)
Sensible heat recovery
effectiveness
Latent heat recovery
effectiveness

Regression

Morris

PRCC



W/(m2·K)

20
6
1
18
14
12
10

12
5
1
15
17
13
10

FAST
Total
order
8
5
1
21
13
24
19

800-2000

J/(kg·K)

26

22

16

Uniform
Uniform
Uniform
Uniform

0.09-4.8
450-1400
0.1-0.9
0.2-9

W/(m2·K)
J/(kg·K)

11
22
8
25

9
20
6
16

4
25
9
14

Uniform

0.1-0.9

9

8

20

Uniform

0.06-0.81

19

19

29

Uniform

0.2-9

24

18

26

Uniform

0.1-0.9

2

3

3

Uniform

0.06-0.81

21

21

22

Uniform

0.01-0.03

kg/(s·m)

5

4

2

Uniform

0.007-1.842

W/(m·K)

23

25

17

Uniform

0.03-1.058

W/(m·K)

28

24

23

Uniform

0.056-1.06

W/(m·K)

16

26

11

Uniform

0.036-0.684

W/(m·K)

17

27

15

Uniform

0.039-1.15

W/(m·K)

27

28

28

Uniform
Uniform

22-26
0-0.02

o
C
m3/s/psn

4
3

29
2

6
10

Uniform

0.2-3

13

11

7

Uniform

0.6-1

29

23

27

Uniform

0-0.9

15

14

18

Uniform

0-0.9

7

7

12

Distribution

Values

Units

Uniform
Uniform
Uniform
Uniform
Uniform
Uniform
Uniform

0-360
0.045-0.9
0-0.9
0.09-11.1
800-2000
0.1-0.9
0.15-2.27

o

Uniform

selected as the simulation output as well as the annual
cooling demand and electricity demand (except for airconditioning system) for further performance assessment.

W/(m2·K)
J/(kg·K)

W/(m2·K)

W/(m2·K)

building, is the first and the only zero energy building in
Hong Kong, which covers a total land area of 14,700 m2.
A base model (as shown in Figure 2) is built based on the
ZCB design specification using OpenStudio Sketchup
Plug-in. The building shape, room distribution, room
functions, and design assumptions of internal loads for
energy simulation are assumed to be fixed as the same as
that of ZCB. For simplicity, the mechanical ventilating
and air-conditioning systems are assumed that they can

Outline of design case study
The reference building
Zero Carbon Building (ZCB) in Hong Kong is selected as
the reference building for the case study. ZCB, as a demo
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meet the ventilation and cooling demand in the building
at all times. The COP of the whole ventilation and airconditioning system is constant at 4, and its operation
hour is from 8AM to 7PM.

Table 2: Identified key envelope design parameters and
their searching ranges for design optimization
Optimization
parameter

Abbreviation

Searching
ranges

Unit

Building orientation

BO

[0,360]

°

Roof solar
absorptance

RSA

[0.1,0.9]

-

Window to wall ratio

WWR

[0.25,0.8]

-

WSA

[0.1,0.9]

-

WSHGC

[0.1,0.9]

-

OPR

[0.05,0.5]

-

Wall solar
absorptance
Window solar heat
gain coefficient
Overhang projection
ratio

Figure 2: Base model for further sensitivity analysis and
design optimization.

Results of sensitivity analysis

Results of probabilistic optimal design

29 main design parameters are listed by engineering
judgement for sensitivity analysis as shown in Table 1,
and all of them are taken as continuous uniform
distribution since for sensitivity analysis every design
option has an equal probability. Their variations are
determined based on the previous studies (Lam and Hui
1996; Bernal-Agustín and Dufo-Lopez 2009; Li et al.
2013; Ge and Baba 2015; Tavares and Martins 2007;
Schnieders et al. 2016; Johnson et al. 2012).
Three software tools, i.e. SimLab, jEplus and EnergyPlus,
are used for the global sensitivity analysis at the first stage.
The rankings of the design parameters based on the
sensitivity indexes of the three different global sensitivity
analysis methods are shown in Table 1. 14 highlysensitive parameters are identified. Then the directions of
the effects of the highly-sensitive design parameters on
the thermal discomfort and the energy consumption are
assessed respectively. The highly-sensitive parameters
with opposite impact directions on these two indexes are
finally identified as the key design parameters, including
building orientation (BO), roof solar absorptance (RSA),
window to wall ratio (WWR), wall solar absorptance
(WSA), window solar heat gain coefficient (WSHGC)
and overhang projection ratio (OPR) as shown in Table 2.
Among these identified key design parameters, BO,
WWR, WSHGC and OPR are the parameters which are
commonly taken as highly-sensitive parameters
(especially in hot climate regions) in previous studies. U
values of envelope which were optimized in various
research on building envelope design optimization are
proved to be not very sensitive in subtropical regions
without heating in terms of energy consumption and
thermal discomfort. However, RSA and WSA, which
were rarely considered as highly-sensitive parameters, are
identified key design parameters in this study. In order to
accelerate the optimization process, the searching ranges
of the key design parameters are narrowed down. BO is
optimized within 135o and 225o based on the experience
that south oriented building is better. WWR is optimized
between 0.25 and 0.8 to guarantee at least a small
percentage of window area. RSA, WSA and WSHGC is
optimized between 0.1 and 0.9. OPR is optimized
between 0.2 and 0.5.

Quantification of uncertain design inputs of
significant impacts in subtropical regions
The uncertain design inputs which influence the envelope
design can be classified into four categories, including
weather, internal loads, infiltration and thermal bridge.
These design inputs can influence the envelope design,
but may not have too much impacts on the building
performance. In addition, the design inputs which have
significant impacts on building performance differs
among different climate regions. According to the results
of sensitivity analysis, it can be seen that thermal bridge
has little impact on the building performance in
subtropical regions. Therefore, three kinds of
uncertainties are considered in distribution. Their
distributions are shown in Table 3.
Table 3: Uncertain design inputs considered for design
optimization and their distributions
Category

Uncertain design
inputs
Dry bulb
temperature

Distribution

°C

Relative humidity
Weather

Solar radiation

Unit

%
AMY(19792016)

Wh/m²

Wind speed

m/s

Wind direction
Climate change
trend

U(0,0.048)

°C/year

Factor:
Tri(0.3,1.2,0.9)

-

Occupancy density
Internal
loads

Lighting load
Equipment load

Infiltration air mass
Infiltration
U(0.0025,0.0075) Kg/(s·m)
flow rate

The uncertainties in weather includes the variation of
weather condition and the climate change trend. In this
study, the variation of weather condition during the
building life cycle is represented using a random order of
30 years’ historical weather data (1979-2008) in Hong
Kong. The climate change trend contributes to a uniform

570

distribution within 0 and 0.048°C/year. The maximum
possible climate change trend is determined by
considering the impacts of urban island and the predicted
dry bulb temperature change trend of +0.012°C/year
(from 1885 to 2016) as reported by the Hong Kong
Observatory. The future life cycle weather data is
generated by adding the climate change trend to the
random ordered historical weather data in Hong Kong.
The uncertainties in internal loads result from the
uncertainties in the occupancy density, lighting load and
equipment load. Since lighting load and equipment load
are related with occupancy density, the uncertainties in
internal loads is quantified by assigning an uncertain
factor to the design value of these three kinds of internal
loads. The factor contributes to a triangular distribution.
The uncertainties in infiltration are quantified by a
uniform distribution. Its ranges are determined based on
the best and worst cases may occur in the practice.

compared to the situation when energy consumption is
only concerned.
1

180
WSA

120

0.8

Building orientation

Design parameters

WSHGC

60

0.6

BO

0
RSA

0.4
-60

WWR

0.2

OPR

-120

0

-180

0

100 200 300 400 500 600 700 800 900 100011001200130014001500
Penalty ratio

Probabilistic optimal design considering uncertainties
Single objective design optimization is performed using
the proposed probabilistic optimal design method. Since
the design results are dependent on the penalty ratio in the
single objective, different penalty ratios are tried to see
the design options and their corresponding objective
values at different penalty ratios. The results are shown in
Figure 3. It can be seen that the optimal window to wall
ratio is always around the lower bound of its searching
range (i.e., 0.25). The optimal wall solar absorptance is
always close to the higher bound of its searching range
(i.e., 0.9). The optimal overhang projection ratio varies
within 0.05 and 0.15. The optimal roof solar absorptance
and window solar heat gain coefficient generally increase
with the penalty ratio since a higher penalty ratio means
the customers take the thermal discomfort more important.
The optimal building orientation tends to orient the higher
wall to south when the penalty ratio is higher, while a
north orientation is preferred when the penalty ratio is
lower than 300.
The annual discomfort index of the optimal design option
decrease with the penalty ratio, while the annual energy
consumption of the optimal design option increase with
the penalty ratio. When the penalty ratio is set as 0, which
means the energy consumption is the only concern, the
annual discomfort index reaches the highest, which is up
to 289. At this time, the annual energy consumption
reaches its lowest bound, i.e., 51175kW. When the
penalty ratio is increased, the energy consumption is
sacrificed to reduce the thermal discomfort. When the
penalty ratio is higher than 1000, the optimal annual
discomfort index and annual energy consumption become
stable. The minimum optimal annual discomfort index
can be around 176, while the maximum optimal annual
energy consumption can be up to 100000kW. The results
indicate that there are at least 289 working hours when the
indoor environment is cold if the consumers only care
about the energy consumption. If the consumers take the
discomfort very important, there are still at least 176
working hours when the indoor environment is cold and
one times of energy consumption need to be increased

350

120000

300

100000

250

80000

200
60000
150
40000

100
Discomfort index

50

20000

Energy consumption

0

0
0

300

600
900
Penalty ratio

1200

Annual energy consumption (kW)

Annual discomfort index

(A) Optimal design parameters vs penalty ratio

1500

(B) Optimal objective values vs penalty ratio
Figure 3: Optimal design and objectives vs penalty ratio
using probabilistic optimal design method.

Conclusions
A holistic method, integrating sensitivity analysis and
probabilistic optimal design, is proposed for zero/low
energy buildings considering uncertainties. A case study
is conducted to test the methods and steps using ZCB in
Hong Kong as a reference building. Based on the results
of the case study, conclusions can be made as follows.
The outputs of the sensitivity analysis using different
sensitivity analysis methods can be different and using a
single sensitivity analysis method to identify the key
design parameters may result in missing some important
design parameters.
The consideration of winter thermal discomfort
significantly affects outputs of sensitivity analysis for
buildings without heating provision in subtropical regions
and therefore the identification and selection of their key
design parameters.
It is necessary to consider uncertainties in building
envelope design. In the case study, the obtained
probabilistic optimal design option is dependent on the
penalty ratio. A higher penalty ratio leads to a higher
optimal annual energy consumption and a lower optimal
discomfort index. A variation in penalty ratio from 0 to
1500 results the variation in optimal annual energy
consumption from 50000kW to 100000kW and the
variation in optimal annual discomfort index from 176 to
289.
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