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ABSTRACT
In current practice, HVAC systems are sized based on
standardized procedures developed by the ASHRAE.
The method, however, implicitly deals with uncertainty
in system demand through the selection of design days
and the choices of safety factor. Thus, it offers no
transparency of the risks that a system design meets the
required level of performance. This paper explores a
new framework to guide the use of uncertainty analysis
(UA) and sensitivity analysis (SA) in system sizing.
The new method will replace the safety factor with
quantified margins, based on comprehensive
quantification of uncertainty. In addition, an efficient
probabilistic-based SA method is developed, which is
used to identify the important sources of risk with the
aim to effectively reduce the uncertainties by better
quality assurance or performance contracts.

INTRODUCTION
Over the last few decades, building simulation has
significantly matured, especially in predicting realistic
building performance (Hensen and Lamberts 2011)
where a lot of emphasis has been placed in the
capability to translate a design proposal in a
sophisticated energy model that can be used to inform
design and technology decisions. A comprehensive
discussion about the potential role of simulation in
performance-based building is found in Augenbroe
(2011). The sizing of HVAC equipment has received
less attention as its traditional methods are less rooted
in simulation than in standardized sizing methods.
As a major energy consumer, the HVAC system is
designed to fulfill the functional requirements of
maintaining thermal comfort and control relative
humidity given a schedule of use and loads of the
building zones. The approach to HVAC systems design
has been largely reduced to prescriptive procedures
developed by the ASHRAE (2009). Heating and
cooling load prediction is fundamental for sizing
boilers, chillers, coils, piping, ductwork, terminal

devices, and every other components of the HVAC
system. Therefore, load prediction significantly affects
the choice of components and their sizing, which
thereby determine system first cost, operational cost,
and energy consumption. Indirectly, a verification of
how well a chosen HVAC system meets thermal (and
acoustic) comfort requirements during certain extreme
loads or weather events over time is also dependent on
our ability to make adequate load predictions that
reflect expected variability.
The current load calculation method has been centered
on the ASHRAE Handbook of Fundamentals for
decades. In spite of recognized inadequacies, a shift
towards reliability engineering (O'Connor and Kleyner
2011) as witnessed in other engineering fields, has not
happened yet in the building systems domain. To make
up for this, a safety factor is still prevalent in HVAC
sizing to manage uncertainty, or rather to avoid a
system that is undersized to perform adequately in all
potential (but unspecified) circumstances. The safety
factor is deemed to render the resulting system robust
enough to deal with unspecified weather and load
conditions. However, the blind application of a safety
factor can easily lead to excessive oversizing,
considering that the design engineers are prone to
minimize their professional risk. For example, it was
reported that over 40% of the rooftop units were
oversized by more than 25% (Felts and Bailey 2000).
Another study found that it was not uncommon to
oversize the systems by as much as 100% (Djunaedy et
al. 2011). These studies support the general consensus
that oversizing may be happening across the board,
rooted implicitly in the current methods. In this paper
we explore the cause and effect and propose methods
for HVAC sizing that express a safety factor that is
driven in uncertainty and sensitivity analysis.
In this paper, we explore a new framework to guide the
use of Uncertainty Analysis (UA) and Sensitivity
Analysis (SA) in HVAC system sizing. The aim is to
replace the safety factor with quantified margins, based
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on comprehensive quantification of uncertainty.
Explicit knowledge of uncertainty in outcomes then
becomes the driver of sizing methods that guarantee a
certain minimum level of system performance as
required by or guaranteed for the building owners.

Climatic Data Center (NOAA) for the majority of cities
in the US. The data are categorized into two different
types: (1) design parameters, and (2) uncertain
parameters.

PROPOSED HVAC SIZING FRAMEWORK
The traditional method of HVAC system sizing is
described in the Chapter 14 to 19 of the 2009 ASHRAE
Handbook of Fundamentals (ASHRAE 2009). Hourly
zone-by-zone peak heating and cooling demands are
determined as the main quantity of interest (QOI) that
directly affects system sizing.

For those uncertainty parameters identified in the
previous step, their uncertainties are to be quantified,
taking the form of probability distributions. Examples
of parameter uncertainty quantification (UQ) work in
the building simulation domain are found in (De Wit
and Augenbroe 2002, Macdonald 2002, Lee et al. 2012,
Sun et al. 2014).

It has been well recognized that the actual heating and
cooling demands required to size the system are always
uncertain. Among different inputs, the traditional
method gives special attention to the weather
uncertainty, which lead to the development of the
design days. After the input data are collected, the
calculation procedure is done in a deterministic fashion.
As shown in the comparison in Figure 1, the traditional
framework takes these standardized inputs to generate a
point prediction using a heat balance method for
example. HVAC designers then apply safety factors to
further safeguard the system design against unknown
effects.

Besides parameter uncertainties, model form and
numerical solution uncertainty are two other types that
affect the probabilistic predictions (Oberkampf and Roy
2010). The difference between different types of
uncertainty is extensively discussed in (Roache 1998,
Oberkampf and Roy 2010). In the authors’ earlier work,
we have quantified the model form uncertainty in the
building microclimate variables (Sun et al. 2013).
Numerical solution uncertainty which is the concern of
model verification, was shown to be secondary, i.e. of
minor importance in state-of-the-art simulation
programs, such as EnergyPlus (ANSI/ASHRAE
2007b).

In contrast to the above method, the proposed
framework consists of the following six steps.

•

•

Step 1: Data assembly and categorization

Regarding the outdoor weather data, the proposed
method uses multiple actual meteorological years
(AMY) including weather variables such as
temperature, humidity, wind speed, and solar radiation,
which can be freely obtained from the National
QOI to determine
system capacity

QOI to determine system capacity
Data assembly and categorization

Data assembly

Calculation method

Uncertainty quantification
Dynamic simulation
Probabilistic prediction of QOI

Deterministic prediction
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(a) Traditional framework
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Figure 1 Comparision of traditional and proposed
system sizing framework

•

Step 2: Uncertainty quantification

Step 3: Dynamic simulation

The reason to use the dynamic simulation in this
context is twofold: (1) system sizing requires hourly
predictions of cooling and heating demand, and (2)
dynamic simulation uses a physical principles based
high-fidelity model so that the total model bias, which
is very difficult to quantify, is relatively small
compared to parameter uncertainties and can thus be
ignored. Moreover, dynamic simulation tools are
already popular within the building performance
community. There will hence be no steep learning
curve as it is straightforward to use the same simulation
for system sizing.

•

Step 4: Probabilistic prediction of QOI

The technical details and implementation procedures
are given in the section of uncertainty analysis.

•

Step 5: Sensitivity analysis

Sensitivity analysis (SA), and probabilistic SA in
particular, is concerned with how the total output
uncertainty can be attributed to uncertainties in
individual inputs or groups of inputs. SA ranks the
importance of input parameters based on their influence
on the uncertainties of model outcomes.
UA and SA are closely related, but SA is more difficult
than UA and may need a special design of computer
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experiments (samples) to construct the ranking of
parameters according to their influence. When the
number of uncertainty parameters gets large, which is
the case for most buildings, brute-force probabilistic SA
becomes prohibitively time-consuming because it
requires tens of thousands of simulations to enable the
calculation of the global sensitivity measures. Although
these SA methods have their generic use in engineering
models (Saltelli et al. 2008), they tend to be inefficient
and sometimes over-engineered for a particular
application. Here, we propose a regression-based SA
method that can better fit the needs of building energy
simulation than the generic ones. It will be shown in the
case study that SA is a cornerstone of the proposed
framework and an efficient implementation is crucial to
the success of the proposed sizing framework. We deal
with the detailed technical description of our novel use
of SA in the dedicated section of sensitivity analysis.

•

Step 6: Quantify margins based on desired
level of system performance guarantees

The UA generates a probabilistic prediction of the QOI,
which is represented as a cumulative density function
(CDF). Given the CDF, the stake holder (e.g owner or
occupant) can explicitly express the desired level of
system performance in the form of a guarantee. It is
then straightforward to find the size of the system that
meets this guarantee with the CDF. The extra system
capacity between the expected peak demand and the
system capacity is denoted as the system margin.

UNCERTAINTY ANALYSIS
Our UA is based on Monte Carlo simulation. Denote
the model input by        , and the model
output . The uncertainty in each parameter   
   , is quantified by its probability distribution. We
generate  samples,              , in
which each entry  is sampled from the distribution of
parameter . The samples are then executed in the
model to obtain the corresponding outputs of . The
empirical CDF of  is drawn from the simulated
outputs to conduct UA. As the number of samples
increases, the empirical CDF converges to the true CDF
of  with the rate of . The method of sampling inputs
is Latin hypercube sampling (LHS) proposed by
(McKay et al. 1979). Instead of random sampling, LHS
keeps all desirable features even if only a few of the
parameters, and no matter which of them are
significant.

SENSITIVITY ANALYSIS
In the paper, we introduce a two-step method for SA.
First we screen parameters by removing insignificant
parameters. The left-out parameters then enter the

second step. The sensitivity indices (SI’s) of them are
computed based on variance decomposition.
We first consider the parameters with associated
uncertainties in SA, which are given by the following
linear regression model,
           

     

where  is the model output,  ’s,      , are the
model inputs,  ’s,      , are the regression
coefficients.
Parameter screening is necessary before we compute
the SI due to the following reason. The accuracy of
sensitivity measurements will decrease if there exist
high correlations between significant and insignificant
parameters in samples. This becomes evident when
limited runs, e.g., 1000, are used to simultaneously
analyze a large number of uncertainty parameters, e.g.,
100s. Thus, the insignificant parameters need to be
removed before computing the SIs. The theoretical
foundation to use parameter screening relates to the
effect sparsity principle in statistics, i.e., only a few
parameters are significant among many candidates (Wu
and Hamada 2009).
We use lasso (Tibshirani 1996) as the screening
method. The procedure is briefly introduced here. The
lasso estimates of the coefficients  ’s in equation (1)
are given by


  







   








 

   

where  is the tuning parameter that controls how many
parameters are selected in the model. Larger 
generates smaller model. Compared with the ordinary
least squares (OLS) estimates,
  




   






 

 

lasso penalizes large  ’s, and shrinks the estimates of
them. All lasso estimates of the  ’s are hence
uniformly less than OLS estimates. Importantly, some
of them that have small OLS estimates are directly
shrunk to be zero because of the property of  penalty
(the last term in (2)). Thus, it is very effective in
parameter screening.
After  significant parameters are identified, we turn
to our second step to calculate SI’s based on ANalysis
Of VAriance (ANOVA). In ANOVA, the total variation
associated with the outputs is measured by total sum of
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squares (SST),        . SST can be split
into two components: regression sum of squares (SSR)
is the variation in the outputs explained by the linear
model,        , and error sum of squares
(SSE) is the variation in the outputs not explained by
the model,        . Then we have the
following form of variance decomposition.
    
The ratio of SSR to SST is the determinant of
coefficient, i.e.,  , indicating the goodness of fit using
linear model (1). Further decomposing SSR on each
parameter leads to the variation in the outputs explained
by parameter , which is defined by
      
where “full” means the fitted model with all 
parameters, and “reduced” the fitted model with   
parameters except parameter .
Finally, SI for parameter , the percentage of the
variation explained by parameter  over the total
variation, is computed by
 





The sum of SI’s over all parameters is less than or equal
to 100%.
Sometimes, parameters can be classified into several
logical groups. The group SI is more interesting and
easier to comprehend than the individual parameter. If
so, group SA can be done after the SI’s of all significant
parameters have been computed. The group SI is equal
to the total SI’s of the parameters that belongs to this
group.
It is also possible to analyze categorical parameters
using dummy variables. Dummy variables, which are to
replace one categorical variable with multiple 0-1
columns, are widely used to deal with categorical
variables in linear models (Faraway 2004). Consider a
categorical parameter  with  discrete levels. We first
sample  values as we do in LHS. Combine the ordered
 values and divide them into  levels. For each entry,
if the level is ,        , replace it by   
dimension row vector with all entries zero expect th
entry 1, that is,        . If the level is ,
replace it by    dimension row vector with all
entries zero,    . Run the screening on the
replaced sample matrix. If at least one of the columns
of a parameter is significant, this parameter is
considered significant. Keep all columns in the fitted
model. The SI is equal to the total SI’s of all columns.

A CASE STUDY
A case study is deployed to demonstrate the proposed
framework. We consider a typical office building at the
Georgia Tech campus in Atlanta for which the primary
equipment of a centralized HVAC system is to be sized.
We use EnergyPlus to carry out the modeling and
simulation jobs. Because of the size limit of this paper,
we only present results of the chiller sizing. It will
become clear that the sizing of other equipment, such as
air handling units, for example, can be conducted in the
same manner.

•

Weather data

We collect actual meteorological years (AMY) from
1982 to 2013. Our objective here is to test whether the
design day method can give similar results compared
with whole-year simulations using multiple AMYs. In
the ASHRAE Handbook of Fundamentals, a variety of
design days are developed based on the hourly data in
the period of 1982 to 2006, which uses the same data
source as in our framework. We take the annual 0.4%
cooling design day as an example to test whether the
building demand under the design day conditions can
approximate the similar percentile value of the 8760
hourly demands obtained from whole-year simulation
using AMYs. To make a fair comparison, we fix all
other (model input) parameters at constant nominal
values. We then run whole-year hourly simulations
from 1982 to 2013. Each year contains about 8760
hours of building cooling load, summarized in a CDF.
Figure 2 shows the CDF of 8760 hourly cooling
demands per year. The limits of the y-axis are set from
0.99 to 1 such that the upper quantile of the CDF can be
clearly observed.

Figure 2 Cooling load calculation with multi-year
AMYs and the 0.4% design day
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The combined CDF from 1982 to 2006 is used to
compare with the design day that is derived from the
same years. The value of building cooling load at the
0.996th quantile of the combined CDF is 322kW. This
means that 0.4% of the total hours for the period of
1982 to 2006 has a cooling demand equal to or greater
than 322 kW. In contrast, when we use the 0.4%
cooling design day, the calculated cooling demand is
385 kW. A 63kW difference (i.e., 19.6% higher than
322 kW) is found.
The simulation results using the more recent AMY, i.e.
from 2007 to 2013 are also plotted in the figure. It
shows that both cooling CDF curves of these recent
years are well bounded by those from the past years
from 1982 to 2006.

•

Uncertainty quantification

We organize the uncertainty quantification of both
model form and input parameters by spatial scale (Lee
et al. 2013), going from meteorological weather, to
urban microclimate, to building envelope and material,
to system components, usage scenarios and operations.
Table 1 summarizes the primary types of UQ. The
details are referred to Sun (2014).
The UQ of building operation is focused on three
parameters: lighting peak use, plug load peak use, and
occupant density. The base values are from building
energy standards (ANSI/ASHRAE 2007a), but very
little data is available to statistically estimate how much
the actual energy use deviates from the base values.
Thus, we treat them as a scenario uncertainty, which by
definition is a plausible description of how the building
is going to be used in the future (Walker et al. 2003).
We assume a relative uniform distribution over three
parameters according to some published work, such as
(Abushakra et al. 2004, Mahdavi and Pröglhöf 2009)
only for demonstration purposes. In a real-world
project, the building owner and the design team should
have better knowledge about the occupant portfolio,
primary activity, and lighting usage. The process of
eliciting operational information at design stage is
described in (TM54 2013).
Additionally, the uncertainty is classified into six
groups as shown in the table. This is used in the group
sensitivity analysis that focuses on the combined effect
of uncertainty from all parameters within a logical
group.

•

the balance of the weather effect, we use 960 samples
to ensure each AMY is used 30 times. In total, we have
960 simulation runs prepared for the following analysis.
Figure 3 shows the hourly cooling load for 960 runs.
The mean and 95% confidence interval are depicted in
the figure as well. We can see that the CDF curves
spread over a wide range. This means that given the
explicitly quantified uncertainty, the cooling load
cannot be predicted with great precision.
Now we shall discuss how this probabilistic prediction
can be used to size the system. Consider we allow 35
unmet hours (i.e., 0.4% of 8760 hours) over a year.
Figure 4 plots the distribution of the cooling load at the
99.6th percentile over the 960 sample runs with an
average of 326kW. Note that for any given year in the
future, the actual total unmet hours could be more than
35 hours in some situations, and also could be less than
35 hours in other situations because of uncertainty. The
expected number of unmet hours is 35 taken over all
960 situations we have considered.

Figure 3 Probabilistic prediction of cooling load

Probabilistic prediction of cooling load

With the quantified uncertainty, we now turn to the
propagation of uncertainty through simulations in
EnergyPlus. Because the weather is a discrete variable
with 32 levels (i.e., 1982 – 2013) in our case, to ensure

Figure 4 Chiller capacity sizing with quantified
margins
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Table 1 Summary of uncertainty quantification
Phenomena/Parameter
−

Weather

Uncertainty quantification
Atlanta AMY from 1982 - 2013

−

Microclimate
Urban heat island effect (°C)
Local wind speed (m/s)
Wind pressure coefficient
Diffuse solar on tilt surfaces (W/m2)
Ground solar reflectance

Model form uncertainty
Model form uncertainty
Model form uncertainty
Model form uncertainty
Uniform (0.1, 0.3)

2
2
2
2
2

−

Building envelope
External convective heat transfer
    
Internal wall convective heat transfer
   
Floor convective heat transfer
   
Ceiling convective heat transfer
   
Effective leakage area at 4Pa (cm2/m2)

Bivariate normal
   
Bivariate normal
      
Bivariate normal
      
Bivariate normal
      
Log normal distribution

3
3
3
3
3
3
3
3
4

−

Material
Conductivity (W/m.K)
Density (kg/m3)
Specific heat capacity (kJ/kg.°C)
Solar absorptance
Glazing front side solar reflectance
Glazing back side solar reflectance
Glazing solar transmittance

Relative Normal (1, 10%)
Relative Normal (1, 10%)
Relative Normal (1, 10%)
Relative Normal (1, 10%)
Relative Normal (1, 10%)
Relative Normal (1, 10%)
Relative Normal (1, 10%)

5
5
5
5
5
5
5

−

Operation
Lighting peak use (W/m2)
Plug load peak use (W/m2)
Occupant density (#/m2)

Relative Uniform (70%, 130%)
Relative Uniform (70%, 130%)
Relative Uniform (70%, 130%)

6
6
6

What if the building owner is not merely interested in
the expected system performance, but wants to control
the likelihood that the system fails to provide the
required service to be less than a threshold, e.g., 10%. It
is indeed a very natural logic that different building
owners differ in their risk attitude about system service.
Obviously, the traditional sizing framework seems
powerless to support such a natural request to reduce
the risk. In contrast, the proposed framework provides
the answer. As shown in the Figure 4, the value
corresponding to the 90% quantile of the CDF is
374kW. Thus, the cooling component needs to be sized
with a marginal capacity of 48kW (compared to the
original of 326kW) to meet the objective of the building
owner.

•

Group
1

In total, there are 32 weather years treated as a
categorical variable, , and 144 continuous uncertain
inputs with index of        . We use the twostep method to calculate the sensitivity index (SI) from
the same simulation runs used for UA. The SI for
individual parameters with respect to cooling and
heating load at the 99.6th percentile are obtained and
plotted in Figure 5. The   values for cooling load are
0.98. The first two parameters, X131: Occupant density
and X134: ELA (Effective Leakage Area), account for
more than 65% of the output uncertainty. This confirms
that the building simulation model also conforms to the
effect sparsity principle introduced in the previous
sensitivity analysis section. Therefore, the proposed
two-step SA method is very efficient and easy to use as

Sensitivity analysis
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a statistical postprocessor of UA to generate
informative feedback to the design team.
After we obtain SI for each individual parameter, we
turn to group SA. The parameters are classified into six
groups. Figure 6 shows the SI for the groups, which
represents the combined the effect of parameters in
each group. The group SA leads to more intuitive
interpretation and easier guidance of uncertainty
management than individual parameter SI. The group
SI can tell the allocation of resources to reduce the
uncertainty and estimate the payback in terms of using
smaller equipment. In our case, consider that we have
no better knowledge or control over weather
uncertainty (Group 1) and operational uncertainty
(Group 6). The infiltration uncertainty, Group 4,
becomes the clear target for both. A natural follow-up
question is whether infiltration control technologies
should be deployed, and if so, will the cost be paid off
from reducing the size of the HVAC system while
keeping the same level of system performance? This
would typically entail a second-round UA and SA, as
part of a continuous interactive UA process as UQ in
certain parameters and parameter groups is adapted by
better knowledge, deeper inspection or realization

Figure 6 Sensitivity indices of groups
guarantees, such
subcontracts.

as

packaged

in

performance

CONCLUSIONS
Existing HVAC sizing methods based on standardized
design day methods offer no transparency of the risks
that a system design meets the required level of
performance. The level of performance (meeting peak
load in 99.6% of all hours) is only implicitly guaranteed
by the definition of the method and the choice of safety
factor. This leads to undesirable practices of overengineering.
A new design method based on dynamic simulation
with inclusion of quantified uncertainties is proposed.
The method is defined through clearly defined steps,
using mainstream dynamic simulation and emerging
standardized uncertainty repositories for building input
and model parameters.
The new design model has three significant advantages,
(1) use of real weather data thus removing unwarranted
extremes from current design day methods, (2) explicit
tracking of the probability that the system meets the
99.6 percentile (or any other target), (3) ability to
support risk based sizing to meet stakeholder specified
guarantees, (4) support of sensitivity analysis to drive
system size reductions by building improvements while
satisfying identical system operation guarantees.
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