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ABSTRACT

A Methodology to Measure Retrofit Energy Savings in Commercial Buildings.
(December, 1993)
John Kelly Kissock,
B.S., University of Colorado;
M.S., Washington University

Chair of Advisory Committee: Dr. David E. Claridge

Measured energy savings promote and sustain energy conservation retrofits by
verifying the success of retrofits, determining pay-back schedules, guiding the selection of
future retrofits and identifying opportunities for further savings. This dissertation
develops a methodology to measure retrofit energy savings and the uncertainty of the
savings in commercial buildings. The functional forms of empirical models of cooling and
heating energy use in commercial buildings are derived from an engineering analysis of
constant-air-volume and variable-air-volume HVAC systems. One, two, three and four
parameter, temperature-dependent regression models are proposed to model baseline
energy use. Retrofit savings are measured as the difference between the baseline energy
use projected by the models and the measured post-retrofit energy use. A hybrid ordinary
least squares / autoregressive method is developed to determine the uncertainty of the
predicted energy use and savings. The annual predictive ability of models based on pre-
retrofit data sets of less than a full year is investigated. The energy delivery efficiency is
introduced to measure the efficiency of air-side systems at meeting the net building load.
A preliminary investigation of the use of artificial neural network models to measure
savings is presented. The methodology is demonstrated on case study examples using

software specifically developed for the analysis of commercial building energy use.
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CHAPTER1
INTRODUCTION

This introductory chapter describes the motivation for the work presented in this
dissertation, the primary objectives of the dissertation, a summary of previous related

work and a brief description of the chapters that follow.

Motivation

The buildings sector consumes over a third of the total U.S. energy budget (Energy
Information Administration, 1991). Moreover, experts believe that reductions in building
energy use of up to 75% are now possible and cost effective using current technologies
(Pacific Gas and Electric, 1990; Bevington and Rosenfeld, 1990). Some of these savings
can be achieved by implementing state of the art technology and design techniques in new
buildings New buildings are being designed to use as little as 20% of the energy
associated with traditional buildings the same size (see for example: Norford, 1984; or
Miller and Hittle, 1993).

However, the greatest potential for decreasing energy use in buildings lies in
retrofitting existing buildings, which generally have lifetimes of between 50 and 100 years
(Bevington and Rosenfeld, 1990). Because of these long lifetimes, the vast majority of
buildings use equipment that is far less energy efficient than today's best technology and
often has fallen into disrepair. In 1986 for example, over 80% of U.S. commercial
building floor space was more than 13 years old (Energy Information Administration,
1986). The application of high efficiency lighting, heating, cooling, and control
technology in existing buildings can therefore generate enormous savings.

Journal model is ASMI. Journal of Solar I-nergy kngineering.



As a case in point, consider the Zachry Engineering Center at Texas A&M University.
Energy costs at Zachry during 1992 were reduced by 31% (see Table 1.1) after the
constant volume air handling systems were retrofit with a variable-air-volume systems.
Because of the large savings such as these, there is substantial interest in retrofitting
existing buildings with energy saving technology. Retrofit programs on the national (The
Energy Policy Act, 1992), state (Claridge et al., 1991), local (Bevington and Rosenfeld,
1990) and utility (Kreig and Baker, 1992) levels are now being considered and

implemented.

Table 1.1 1992 Baseline and measured energy costs and savings at the Texas A&M
University Zachry Engineering Center after undergoing a retrofit to the air handling
system (Energy Systems Laboratory, 1993a).

Projected Energy Costs of Measured Savings | Savings
Unretrofitted Building Energy Costs | ($/year) (%)
($/year) ($/year)
Cooling Energy 228,100 157,100 71,000 31
Heating Energy 77,500 13,200 64,300 83
Electricity 265,400 233,000 42,300 16
Total 571,000 403,400 177,600 31

Energy conservation retrofits are typically initiated based on predictions of how much
energy and money a retrofit will save. Predicted energy savings are generally estimated
using the performance specifications of energy-using equipment and estimates
of the physical characteristics and operating conditions of the building. Frequently, several
values necessary for these calculations, such as the operating hours of lights and electrical
equipment, temperature set-point values, infiltration rates, solar loads, and outside-air flow
rates for ventilating equipment are assumed or estimated using "engineering judgment".
The calculation procedure or computer algorithm may also make simplifying assumptions

in order to reduce the complexity and time required for the calculations.



Because of these factors, predicted savings often differ substantially from measured
savings. In a study of over 1,700 building energy retrofits, fewer than one in six came
within 20% of measured results (Greely et al., 1990). Other examples of major
discrepancies between predicted and measured savings abound in the literature. For
example, a Swedish study of 306 residences found that glazing retrofits achieved only
48%, insulation retrofits only 53%, and electric heating retrofits only 83% of their
predicted savings (Anderlind et al., 1986). Meier and Nordman (1988) examined over 400
residential retrofits and found that predicted savings ranged from 50% to 58% of energy
use while measured savings ranged from only 17% to 49% of energy use. The coefficient
of determination (R2 value) between predicted and measured savings in over 300
Minnesota residential retrofits was only 0.11 (Hirst and Goeltz, 1984). And Jamieson and
Qualmann (1990) found that in a study of 16 commercial retrofits where the auditors had
been supplied with hourly pre-retrofit data, the mean absolute deviation between predicted
and measured savings was 165% even after four buildings with known changes in post-
retrofit energy use had been eliminated from the sample. Discrepancies such as these led
Jamieson and Qualmann to conclude that "utility concern regarding the reliability of model
predictions for the purchase of energy savings is well-founded". And Hirst et al. (1986)
report that "large discrepancies between predicted and actual energy use ... discourage
efficiency investments".

Because of the large discrepancies between predicted and measured savings, there is
substantial interest in measuring energy savings. Measured energy savings resulting from
energy conservation retrofits in commercial buildings can be used to verify the success of
the retrofits, determine the payment schedule for the retrofits, identify operational and
maintenance problems and guide the selection of future retrofits. Measured savings can
also benefit utilities that support energy conservation and demand side management

programs where an accurate measure of savings and savings potential can be a vital



component of a utility's strategic growth plans and ability to meet its demand. Fels and
Reynolds (1991) reminds us that "it is crucial not to lose sight of the need for monitoring
whole building energy savings as the 'bottom line’ for measuring the success of an energy

conservation intervention in a building."

Objectives
In response to these needs, the primary objective of this dissertation is to develop a
methodology to measure retrofit savings and the uncertainty of the savings in commercial
buildings. The methodology should:
« use models which are consistent with and derived from the engineering
principles which govern energy use in commercial buildings,
o require only those types of data which are readily obtainable and robust
to measurement error,
« include the software necessary for implementation, and
+ be demonstrated on several buildings which have received energy

conservation retrofits.

To some, the word measure in the above objective may seem inappropriate because the
measurement of retrofit savings necessarily involves modeling baseline energy use.
However, we point out that measurements are of two types: primary, such as the
measurement of mass, length, time and temperature and derived, such as the measurement
of weight, area, velocity and energy in which primary measurements are combined to
calculate a particular result (Holman, 1978, p.43). The measurement of retrofit savings is
a derived measurement, and although we acknowledge the uncertainty introduced by
modeling, we still choose to use the word measure in order to emphasize the reliance of

the methodology on monitored energy use data.



This methodology is limited to those cases where post-retrofit and at least three
months or so of pre-retrofit energy use data are available. It measures "actual” savings,
and does not attempt to measure "normalized” savings -- the savings that would have
occurred in a year of normal weather conditions. The methodology measures energy
savings only and does not determine cost savings resulting from reducing the peak
electrical demand. The methodology is primarily intended to be used with sub-metered
daily energy use data, but in some cases it can be adapted to other data time-intervals and
whole building energy use channels. The models developed here apply mainly to air-side

HVAC equipment and may not be applicable for retrofits to primary HVAC equipment.

Summary of Previous Work

When an entire year of pre- and post-retrofit data are available, the simplest method to
measure energy savings is to directly compare pre- and post-retrofit energy use. Because
of this method's inherent simplicity, it is widely used (e.g. Greely et al., 1990; or Jamieson
and Qualmann, 1990). However, varying weather conditions between the pre-retrofit and
post-retrofit periods can influence energy use and obscure the change in energy use caused
by the retrofit. For example, in a simulation study of commercial building energy use in
five U.S. cites, Eto (1988) demonstrated that simulated gas consumption during cold years
was 7.2% to 28.6% higher than gas use during average weather years; and during warm
years gas use ranged from 2.5% to 26.4% less than during average weather years.
Because these deviations are in many cases equal to the magnitude of the retrofit savings,
the need for weather normalization techniques to determine savings in commercial
buildings is clear. Unfortunately, Greely et al. (1990) report that "there is no generally
accepted methodology for adjusting commercial building energy use for year-to-year
changes in weather". The development and documentation of such a methodology is a

principle objective of this dissertation.



The Princeton Scorekeeping Method, PRISM, is a widely used methodology for
measuring weather-normalized, retrofit savings in buildings without simultaneous heating
and cooling such as residences, apartments and small commercial buildings (Fels, 1986).
The methodology for determining heating energy savings is based on the steady-state heat
balance of the building envelope:

Ep = UAg x (Tgp -To) - Q; (1.1)
where Ey, is the required space heating energy, UAg is the building overall loss coefficient,
Tsp and T, are the inside set-point temperature, T is the outside air temperature, and Q;
is the sum of the heat gains from occupants, equipment and solar radiation. The balance
point temperature Ty, is defined as the outside air temperature for which no heating is
required and can be determined by setting Ey, in Equation 1.1 equal to zero and solving for
Ty

Ty =Tsp-Qi/UAs. (1.2)
When the outside air temperature is less than the balance point temperature, heating is
required. A measure of the required heating potential over a season or year is the number
of degree-days referenced to T, , DD(Tp). During any period of n days, DD(Tp) is

defined as :

DD(T}) = é:](Tb ~Ty, (13)

where the + sign indicates that only positive quantities are taken into the sum. Using these
definitions, the required space heating energy use can be rewritten as:

Ep, = UAg x DD(Tp) . (1.4)
If the same fuel used to provide space heating is also used to provide domestic hot water
of for cooking, the total fuel use Efis:

Eg=Eq + UAg x DD(Tp) (1.5)



where Eq is the fuel used for applications other than space heating. PRISM determines
the values of Eg, UAg and Ty, that give the best fit for the total fuel use Ef using a search
technique and least squares regression from measured energy use and outside air
temperature data. If long term daily temperature data (12 years are recommended) are
available, PRISM calculates the long term degree-days referencéd to Ty, and estimates the
building's annual energy use during a year of "normal” weather. The Normalized Annual
energy Consumptions (NACs) computed by PRISM for the pre- and post-retrofit periods
can then be compared to determine retrofit savings. A similar version of PRISM to model
cooling energy use is also available.

PRISM's wide acceptance is due in part to its strong basis in the physical theory of
energy use in buildings. While that theory adequately describes thermal energy use in
buildings without simultaneous heating and cooling, it is not strictly applicable to energy
use in large, multi-zone commercial buildings. Commercial buildings generally have large
and continuous ventilation requirements and must supply differing amounts of cooling and
heating to the various zones. To meet these requirements, a typical commercial building's
space conditioning system will simultaneously cool and heat air streams and subsequently
mix them in order to supply the proper amount of ventilation, cooling and heating to each
zone. As a consequence of these control strategies, cooling and heating energy use in
commercial buildings may not be linearly related to outside air temperature and may never
encounter a no-load, balance point temperature. In addition, operational practices
common in commercial buildings such as temperature set-backs or variable HVAC
operating schedules cannot be accounted for by the degree-day procedure which implicitly
includes iemperatures from night-time and weekends. Thus, many important control and
operational characteristics common to commercial buildings are not well described by the
degree-day methodology, and as a result degree-day based savings methodologies have

limited power to describe energy use and measure savings in commercial buildings. As



Eto (1988) says "the operation and complexity of office building heating, ventilating, and
cooling (HVAC) systems tends to violate assumptions fundamental to formulation of these
(degree day) techniques”.

Despite the mismatch between the degree-day methodology and commercial building
energy use, most attempts to provide weather normalized savings in commercial buildings
still rely on some modification of the degree-day approach. For example, Eto (1988)
reports that "variations of this (degree-day weather normalization) technique have
appeared in more sophisticated shared-savings contracts". And in the public sector, the
Washington State Energy Office normalizes for commercial building retrofit savings using
a linear regression of variable-base degree days (Greely et al., 1990). The Center for
Neighborhood Technology normalized for heating retrofit savings by first removing base-
level (summer) energy use and subsequently applying an annual heating degree day factor
to winter energy use (Greely et al., 1990). And the Minnesota ICP program multiplied
annual heating energy use by the ratio of the long term average heating degree-days to the
annual heating degree-days encountered during the measurement period (Greely et al.,
1990).

In an attempt to assess the accuracy of degree-day based, weather normalization
techniques in commercial buildings, Eto (1988) compared four methods of weather
normalizing natural gas and electricity consumption for simulated buildings located in five
U.S. cites. The four methods are i) no weather correction, ii) all energy use is
proportional to degree-days, iii) energy use is proportional to a 18.3 °C (65 °F) based
degree-days and iv) energy use is proportional to variable-base degree-days. He found
that none of the methods proved clearly superior to the others for all cases and locations
(which is not surprising based on the previous discussion). What is needed then, is a
savings methodology which incorporates models developed explicitly for commercial

building energy use.



Energy use models that can be applied to the problem of measuring commercial
building retrofit savings fall into three categories: i) calibrated forward models, i) non-
linear regression models such as artificial neural network models and iii) ordinary least
squares (OLS) regression models.

In the calibrated forward modeling approach, a mathematical model of building energy
use is developed from engineering principles and then engineering estimates of the model
parameters are input to the model in order to predict energy use. Calibrated forward
models range from very complex hourly models such as DOE-2 (Lawrence Berkeley
Laboratory, 1980) which simulate the dynamic behavior of a building's thermal mass, to
moderately complex, steady state, bin-method models such as ASEAM 3.0 (Fireovid and
Fryer, 1991), to simplified system models such as those developed by Katipamula and
Claridge (1993). The values of model parameters are adjusted during the process of
calibration to make the model's prediction of energy use match measured energy use as
closely as possible. The accuracy of the final prediction of energy use is a function of the
accuracy of the assumptions, parameters and algorithms used by the model.

Calibrated simulation models embody much of our understanding about how energy is
used in buildings. When only a limited amount of measured energy use data are available,
this knowledge is vital in order to predict energy use over the full range of operating
conditions. However, when measured energy use data over the majority of operating
conditions are already available, as is assumed in this methodology, the use of simulation
models to estimate energy use is redundant and actually increases sources of error.
Therefore, the use of simulation models to predict energy savings will not be considered
here.

Artificial neural network (ANN) models attempt to simulate the leaming processes of
the human brain (McClelland and Rumelhart, 1989). These models are constructed from a

set of connected nodes as in Figure 1.1. Information is passed from input nodes to
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intermediate nodes to output nodes via connections. The output value computed by a
network is then compared to the desired output and a learning algorithm is invoked to
adjust the weights associated with each connection in order to minimize the deviation
between the computed and desired output. Typically, an ANN may require several passes
through the data in order to learn the relationships between the input and output data.
ANNS have been applied to building control problems (Miller and Seem, 1991; Nelson,
1993) and to the area of identifying operational and maintenance problems (Kreider and
Wang, 1991) with some success. At a recent ASHRAE building energy prediction
competition (Building Energy Predictor Shootout, 1993), an ANN model won the
competition and several other ANN models were among the most accurate models
entered. Because of their demonstrated modeling ability, the use of ANN models for
measuring savings will be investigated. No references describing the use of ANN models

to measure savings have been found in the literature.

To
Ec
Eir

Figure 1.1 Architecture of a simple ANN to model cooling energy use E as a function of
outside air temperature T, and lighting and receptacle electricity use Ejr. The circles
represent nodes and the lines represent connections.

OLS regression models are the third type of model applicable to the problem of
determining retrofit savings. The OLS regression methodology can be applied to a wide
variety of building energy use models including simple linear (F els, 1986, and Kissock et

al., 1992), multiple linear (Forrester and Wepfer, 1984; and Braun et al., 1987), change-
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point (Schrock and Claridge, 1989; and Ruch and Claridge, 1992a), principle component
(Ruch et al., 1993a; and Reddy and Claridge, 1993), singular value decomposition
(Anderson et al., 1989) and Fourier series (Seem and Braun, 1991) regression models; all
of which have been used to analyze building energy use. One reason for the popularity of
regression models is that they are almost always easier to develop than calibrated
simulation models (MacDonald and Wasserman, 1989). Another reason is that they
benefit from a body of well defined theory for determining the uncertainty associated with
each model (e.g. Neter et al., 1989). In addition, regression coefficients can sometimes be
interpreted as parameters with physical meaning (Rabl, 1988; Reddy, 1989; Zaheer-uddin,
1990; and Cox, 1993) and thus lend insight into the behavior of building energy systems.
Because of these advantages, this dissertation will mainly focus on the use of OLS
regression models to determine retrofit savings.

Several building energy analysis tools such as Lodestar (Analytical Sciences Co,
1991), LoadView (Quantum Consulting Inc., 1992), Electric Eye (Lee, 1991) and PV-
WAVE (Kreig and Baker, 1992) are currently available; however, none of these tools
provides the integration of data manipulation, graphing, and modeling capabilities required
for determining retrofit savings in commercial buildings. Therefore, a specific objective of
this dissertation is to develop a tool or computerized procedure specifically suited to the
analysis of commercial building energy data and the determination of savings. Previously
work in the field of data exploration software that may be directly applied to this objective
includes Voyager (Lantern, 1990). Voyager was one of the first data exploration
applications with an interactive graphical interface in the personal computer environment.
Another important development was the application of animated data graphics to the
analysis of building energy use data (Haberl et al., 1993). The savings measurement tool

described in this disseration draws on both of these previous works.
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Description of the Following Chapters

When modeling building energy use, steady-state energy balances are appropriate when
the data time-interval is much longer than the time constants of the energy storage
processes in the building. In Chapter II, a transfer function method, numerical simulation,
and a data analysis method are used to estimate the time-lags of radiant energy space
cooling loads in commercial buildings. Using this knowledge of the typical time-lags, we
determine the data-time intervals for which steady-state models of commercial building
energy use are appropriate.

In Chapter III, cooling and heating coil loads from dual-duct, constant-air-volume and
variable-air-volume systems are simulated. These simulation results suggest the proper
forms of regression models for measuring savings in commercial buildings.

In Chapter IV an overview of the methodology and its scope are presented.

In Chapter V, we describe the software developed to implement the modeling and
analysis procedures. This software reduces the time and expertise required to manipulate,
comprehend and model energy use data while maintaining high levels of modeling
accuracy. It integrates data processing, visualization and modeling functions in a single
user-friendly environment. The use of this software to measure savings is demonstrated.

In Chapter VI, a methodology to measure the uncertainty of savings determined from
regression models is developed. The methodology, which utilizes a hybrid ordinary least
squares / autoregressive model, pays particular attention to the problems caused by
autocorrelated residuals. The methodology is validated using measured data from four
commercial buildings.

Chapter VII presents an empirical study of the ability of models based on data sets of
less than one year to predict annual energy use. The chapter describes the magnitude of
annual prediction error and identifies characteristics of short data-sets which influence

their predictive ability.



In Chapter VIIL an index called the energy delivery efficiency (EDE) is proposed to
quantify the extent of simultaneous heating and cooling in a building. Another index
called the ideal multi-zone EDE is also proposed to differentiate between the intra-zone
and inter-zone mixing of thermal energy. The use of EDE to evaluate the performance of
constant-air-volume and variable-air-volume systems is demonstrated.

Chapter IX presents a preliminary study of the use of ANNs to determine savings. The
neurobiological model for ANNs and the generalized delta, back propagation algorithm
are described. The effects of different architectures and learning algorithms on the
learning rate and final level of accuracy are tested. A comparison of ANNs and least
squares regression models for determining savings is presented.

In Chapter X, the above methodology is applied to buildings participating in the
LoanSTAR program. The use of the methodology to measure electricity, cooling energy
and heating energy savings and the effectiveness of the retrofit at reducing thermal mixing
is demonstrated in detail at the Zachry Engineering Center. Modeling and savings results
for eight other buildings are also presented.

Chapter XI summarizes the work presented here, discusses its relevance and suggests

areas for future research.
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CHAPTER I
DATA TIME-INTERVALS FOR STEADY STATE MODELS

In this chapter, the time-constants associated with the storage of radiant energy ina
building's internal structure and furnishings are estimated. Using these time-constants,
data time-intervals which are appropriate for steady-state models of building energy use
are determined.

Three methods are used to quantify the time-constants. A transfer function method
quantifies the time-lag between the initiation of lighting load and the subsequent release of
the lighting energy absorbed by a building's structure and furnishings into the interior air.
A numerical simulation analysis estimates an upper limit to this time-lag by hypothesizing
that all of the energy is absorbed by a massive concrete floor. Finally, an investigation of
measured whole-building energy use data reveals that the time-constant of the whole-
building cooling energy use is significantly shorter than the time-constant of the lighting
load because of the influence of other drivers on cooling energy use which have little or no
thermal time-lag associated with them. In each case, simplified thermal networks are
solved to determine the time-constants.

The lighting load time-constant was less than five hours and the whole-building cooling
energy use time-constant was less than one hour. These results indicate that over 98% of
the stored radiant energy is released during a 24 hour time period. Thus we conclude that
radiant energy storage effects are minimal when considering daily data, and steady-state

models of daily cooling and heating energy use are appropriate.

Time-Interval of the Data
In many instances, the time-interval of the data used to measure savings may be

determined simply by what type of data are aQajlable. For example, in the absence of an
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energy management and control system with energy metering capabilities or dedicated
energy metering equipment, only monthly billing data may be routinely available.

However, the increasing use of dedicated metering equipment and energy management
and control systems in commercial buildings has dramatically increased the availability of
high time-resolution energy use data (Claridge et al., 1992b). In these cases, the selection
of the time-interval of data used to measure savings involves a subjective trade-off
between the information content of the savings, and the modeling and computational effort
required to derive the savings. For example, hourly data, if properly modeled, can provide
high time-resolution savings information in which the savings during any particular hour in
the post retrofit period can be determined. This information is especially valuable if used
to assess the effectiveness of individual retrofits and look for possible ways to improve
retrofits. Long time-interval data, such as monthly data, has much coarser time-
resolution, and the ability to assess hourly, daily or weekly variations in savings is lost.

There is, however, a price to pay when using high time-resolution data. This price is
the increased complexity of the energy use models and the increased difficulty of
acquiring, maintaining and manipulating the large data-sets associated with high time-
resolution data. Energy use models based on high time-resolution, short time-interval data
may have to consider the dynamic effects of energy storage in the structure and
furnishings of a building to be accurate. The added complexity of dynamic models, as
compared to steady-state models, makes the modeling process more difficult and the
resulting models more complex.

In this chapter, we determine time-constants for radiant energy storage in the structure
and furnishings of typical commercial buildings. Our intent is to determine which time-
intervals are appropriate for simpler steady-state models of commercial building energy
use. In the next chapter, steady-state models of commercial building energy use will be

developed to guide the selection of empirical énergy use models.



Time Dependency of Space Cooling Loads

Some types of heat gains to a space, such as infiltration or the heat dissipated by
electric motors and people, directly increase the air temperature within the space. As the
air temperature increases, the HVAC system strives to maintain the air temperature at a
fixed set-point temperature. Thus, these loads provoke an almost immediate reaction from
the HVAC system.

Other types of heat gains, however, such as solar and lighting radiation are first
absorbed by the furnishings and structure (walls, floor and ceiling) of a space and are
subsequently convected into the interior air. The delay between the initiation of the
lighting or solar radiation and the time that the energy is convected into the interior air is a
function of the surface area and energy storage capacity of the furnishings and structure of
the room and of the heat transfer coefficients between these objects and the interior air. A
measure of this delay is the time-constant, which represents-the time required for 63.2% of
the energy stored in the mass of the room to be convected into the air if the air
temperature is kept constant.

In the following sections, a transfer function approach, numerical modeling and an
investigation of measured data will be used to estimate the time-delay associated with a
typical interior lighting schedule. The results apply equally to the time-delays associated

with solar radiation absorbed by the interior structure and furnishings of a building,

Determining the Lighting Load Time-Lag Using ASHRAE Transfer Functions
Transfer functions were first proposed by Mitalas and Stephenson (1967). They

calculated room surface temperatures and cooling loads for several typical building

construction types using a detailed energy balance procedure. Based on these results, they

then determined functions which represent the cooling load response to a unit input pulse
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for each type of construction. These transfer functions are the basis of the Cooling Load
Factors and Cooling Load Temperature Differences (American Society of Heating,
Refrigerating and Air Conditioning Engineers, 1981) commonly used when calculating
design cooling loads.

The transfer function equation for energy convected into the interior air Qcy, at time t,
due to a lighting load Q_ is (American Society of Heating, Refrigerating and Air
Conditioning Engineers, 1981, p. 26.38):

Qcv(t) =voQL(t) + viQL(t-D+vaQr(t-2) - v3Qey(t-1) 2.1

where v, v1, and v5 are transfer function coefficients for the type of room furnishings,
and v3 is a transfer function coefficient for the type of room construction and ventilation
rate. Equation 2.1 is applicable when all of the lighting energy eventually becomes part of
the cooling load, as it does for interior rooms. The transfer function coefficients listed in
Table 2.1 (American Society of Heating, Refrigerating and Air Conditioning Engineers,
1981, pp. 26.22, 26.38-26.39) are intended to represent a typical interior space in a

relatively heavy weight structure where the time step is given in hours.

Table 2.1 Transfer function coefficients for lighting loads in a typical interior room of a
commercial building.

Coeflicient Value Description
vQ 0 Lighting load with medium weight furnishings
V] 0.55 Lights recessed, not vented
vy -0.49 vy=1+wl-vl
V3 -0.94 6" concrete floor with medium ventilation rate

Table 2.2 lists the ratios of the space cooling loads to the lighting input energy as

calculated by Equation 2.1 for the first 10 hours after the initiation of a constant lighting
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load. After the lights have been on for one hour only 12% of the lighting energy has
become part of the space cooling load, the rest of this energy being stored in the building
mass. As the mass warms up in the following hours, less of the lighting energy is stored

and more is transmitted into the air.

Table 2.2 Ratios of lighting energy convected into the
interior air to the lighting load calculated using the
ASHRAE transfer function method when lights are on for
10 hours and off for 14 hours.

Time (hours) Qcv/Qr
0.12
0.66
0.68
0.70
0.72
0.74
0.75
0.77
0.78
0.79

gsoooqmu-.pww—-

The delay between the time that the lights are turned on and the time that the lighting
energy becomes part of the space cooling load can be quantified using a lumped
capacitance, thermal network model (Sonderegger, 1978; Rabl, 1988; Taylor and Pratt,
1988; Reddy, 1989; and Claridge et al., 1992¢).
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Qcv

Tsp R

Figure 2.1 Simplified thermal network of lighting, Q,Tand lagged lighting, Qcy, loads in
the interior space of a building.

In Figure 2.1, the nodes Tgp and Ty, represent the inside air set-point temperature and
temperature of the interior mass, respectively. The capacity of the room's mass to store
thermal energy is denoted by C and the resistance to the heat flow from the mass to the air
space is denoted by R. Qp_is the /ighting energy absorbed by the room's mass and Qcy is
the energy convected from the room's mass into the interior air.

This simplified network assumes that all of the building mass in the furniture, walls,
floors, etc. is at the same temperature Ty, Similarly, the thermal capacitances of all of the
objects in the space have been lumped into a single capacitance term C. In addition, it is
assumed that the inside set-point temperature Tgp is constant.

An energy balance on the node Ty, gives the time dependent differential equation:

_ Tm-Tsp _ CdTm
R dt

where t is time. Assuming that Q. is a constant and using the initial condition: at t =0, Ty

QL (2.2

= Tj, the solution of Equation 2.2 can be written as:
-t
Tn-Tsp _,_.RC
RQL

The rate at which a building's mass stores and releases energy is described by the

(2.3)

product RC, which is called the time-constant. The quotient (Tm-Tsp)/RQL is the ratio of
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the temperature difference (T, - Tgp) at time t to the temperature difference after an
infinite amount of time. Because these temperature differences are directly proportional to
heat flows, this quotient is also equal to the ratio of heat flow from the mass into the air
space at time t to the steady-state value of the energy given off by the lights. Thus, this
ratio is equal to Q,/Qp. The time-constant RC can be found by regressing Equation 2.3
with the data from Table 2.2. Based on this regression, the time-constant for this energy
storage process is found to be 4.8 hours. The R2 of the regression is 0.88.

The time-constant is an indication of how fast the output of a system responds to
changes in input. After one time-constant, t = RC, the quantity on the right side of
Equation 2.2 equals 0.623 indicating that the system has reached 62.3% of its steady state
value; or equivalently, the temperature of the mass has increased 63.2% of the amount it
would if the lights were left on indefinitely. After four time-constants, t = 4RC, the
temperature of the mass is 98.2% of its steady-state temperature. Thus, if we consider a
time-interval four or more times longer than the time-constant of a system, the transient
effects become less than 1.8% of the system response and the process can be safely
approximated as a steady-state process.

From this analysis, it is clear that when using hourly data, heat-storage etfects should
be considered in order to properly model the time-dependent behavior of space cooling
loads due to lighting. For example, the absence of a heat storage term in an hourly energy
balance on this system would result in an error of 88% during the first hour after the lights
were turned on. However, when using daily data the transient heat storage effects are

only about 2%, thus justifying a steady state approximation.

Determining the Lighting Load Time-Lag Using Numerical Simulation
In this section, the time-dependent temperature response of a massive, 0.15 meter (six

inch), concrete floor exposed to ten hours of lighting radiation is simulated. Assuming
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that such a concrete slab is among the most massive components of a typical interior
space, the time-constant determined from this simulation will be an upper limit to the
lighting load time-constant.

We begin by assuming that the concrete slab is exposed to lighting radiation Qp, on the
top surface and exchanges heat via convection Qcy to the air at temperature Tgp both
above and below it (Figure 2.2). This configuration corresponds to the floor and

suspended ceiling arrangement common in many commercial buildings.

Jj_ ‘|‘ Qcev Tsp
o0

Qecv
Tsp
Figure 2.2 Cross section of a 0.15 meter (six inch) concrete floor with top surface
exposed to lighting.

For the purpose of simulation, the slab is approximated as being of infinite area such
that only one dimensional heat transfer is considered. The temperature distribution across
the slab is then modeled as six discrete temperature nodes. Energy balances are performed
on the regions defined by the six nodes, with the assumption that the temperature within
each region is constant and is given by the node temperature. Assuming that the

temperatures of the air and all of the nodes are equal to the indoor air temperature Tgp at
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time t = 0, the node temperatures at subsequent times can be calculated by successively
solving the system of energy balance equations for each time-interval using an explicit,
forward-difference method (Incropera and DeWitt, 1985, pp. 212 - 217). To perform the
simulation, a time-interval of one minute was chosen, which is well below the maximum
time-interval required to guarantee numerical stability.

The variation of nodal temperatures in response to ten hours of lighting is shown in
Figure 2.3. For this simulation, the convection coefficient is assumed to be 9.25 W / m2
°C (1.63 Btu / hr ft2 °F) (American Society of Heating, Refrigerating and Air
Conditioning Engineers, 1981, p. 23.12). The temperature response is similar to the
cooling load response calculated using ASHRAE transfer functions and found

experimentally (Treado and Bean, 1990).
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Figure 2.3 Nodal temperature variation within a six inch concrete slab exposed to ten
hours of lighting radiation.



The time-constant of the heat storage process simulated here can be determined, as
before, from a lumped capacitance, thermal network model (Figure 2.1). In this case Q¢
is calculated from the simulated temperature of the top of the floor slab Ty

Qcv =h x (Tgp - Tg) (2.4)
where h is the convection coefficient. The ratio of Q,, to Q for each of the first 10 hours
is calculated and listed in Table 2.2. The time-constant is determined by regression to be
9.7 hours with an R2 of .95.

This time-constant provides an upper limit for the time-delay associated with lighting
or solar loads. However, even in this limiting case, the system would achieve 91% of its
steady state value after 24 hours, reinforcing our previous conclusion that the steady-state

approximation is appropriate when considering daily data.

Determining the Cooling Load Time-Lag from Measured Energy Use Data

In the previous sections, the lighting load time-constant was found to be on the order
of 5 hours for a typical commercial building, and was not more than 10 hours even in the
limiting case. The lighting load, however, is only one of several factors that influence
whole-building cooling energy use. Many of the other factors which influence whole-
Euilding cooling energy use, such as the energy required to bring outside ventilation air to
the interior set-point temperature, have little or no time-lag associated with them.
Because multiple factors with different time-constants influence whole-building cooling
energy use, it can have a significantly different time-constant than the lighting load.

In this section, a month of hourly energy consumption data from the Zachry
Engineering Center on the Texas A&M University campus is analyzed. At the time that
these data were collected, the engineering center was equipped with a constant-air-volume

HVAC system which mixed cool and warm air streams to maintain the set-point
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temperatures in each zone. Whole-building cooling and heating energy use were
monitored and recorded on an hourly basis.

The difference between whole-building cooling and heating energy use is the net
cooling energy use Enc. The net cooling energy use is the net amount of heat extracted
from the building by the HVAC system and equals the sum of the envelope conduction
load, solar load, internal load, ventilation load and energy released into interior air from
the building's structure. Hourly values of the net cooling energy use are shown in Figure
2.4 plotted against outside air temperature. The strong influence of outside air
temperature on the net cooling energy use is clearly evident. Net cooling energy use is
also influenced by latent and internal loads and can be modeled using a multiple regression

model as:

Enc =80+ B1xTo + B2xWqo + B3xEyr (2.5)

where T, is the outside air temperature, W, is the outside air specific humidity, Ejr is
lighting and receptacle electricity use, and g, Bq, B2 and B3 are regression coefficients.
This model accounts for 88% of the variation of the net cooling energy use, i.e. R2 = 88,

and provides a tool to predict the net cooling energy use given these inputs.
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Figure 2.4 Plot of hourly values of net cooling energy use versus outside air temperature.

Figure 2.5 displays the average measured and predicted net cooling energy use for each
weekday hour. The predicted net cooling energy use curve was created by predicting the
net cooling energy use using Equation 2.5 for each of the 744 hours in the data set. The
hourly predictions of the net cooling energy use were then separated into 24 bins
corresponding to the 24 hours of the day and the mean value of each hourly bin was
calculated. These mean values are the average, predicted, net cooling energy use for each
hour of the day and are displayed in Figure 2.5. The average, measured, net cooling
energy use was calculated by separating the measured, net cooling energy use into hourly

b'mg and finding the mean value of each bin.
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Figure 2.5 Average weekday, measured and predicted net cooling energy use for each
hour of the day.

The shapes of the curves in Figure 2.5 approximate a commercial building lighting
profile; the smooth edges are caused by energy storage processes. Note that the predicted
net cooling load curve does not include lag effects because both the morning and evening
values are included in the model, and average the time-lag effects to zero. The measured
net cooling load curve, on the other hand, includes the energy storage time-lag effects.
The phase lag between the two curves is the thermal time-lag caused by energy storage in
the building's furnishings and structure. In the morning, the predicted cooling energy use
increases rapidly in response to increasing outside air temperature, specific humidity and
building electricity use. The measured cooling energy use increases more slowly because
the structure of the building is cool and is absorbing part of the lighting load. In the
evening, when the building occupants leave, the opposite behavior is observed. The
predicted cooling energy use drops off quickly because outside air temperature, specific

humidity and building electricity use are decreasing. The measured cooling energy use



declines more slowly because the building's mass is discharging the energy stored during
the day into the interior air.
The magnitude of the phase lag evident in Figure 2.5 can be determined by modeling

each curve as a cosine function of the form:
Epc=a+b xcos(%_%tﬂb) (2.6)

where a is the mean value of Ep, b is the amplitude of Epc, ¢ is the phase angle of Ep¢
and t is the hour of the day. Using the cosine addition formula, Equation 2.6 can be

rewritten as:

Enc = Bo+B1 x cos(3% 1) - B xsin(3F 1) @7

where B is the mean value a, By is b x cos(¢), and B2 is b x sin(¢). Equation 2.7 can
then be regressed against the data to determine B¢, B1 and B2 and subsequently a, b and ¢.
Using this procedure, the difference between the predicted and measured phase angles was
aetemined to be 45 minutes. The R2 values for the predicted and measured regressions
were .94 and .93 respectively. The mean values, a, and amplitudes, b, of the predicted and
measured net cooling energy uses were nearly identical as is evident in Figure 2.5.

The time-constant for this energy storage process can be determined from the phase-
lag. To do so, we once again model the predicted Epc p and measured Epc m net cooling
energy uses as periodic functions with identical mean values but different amplitudes and

phase angles:

Enc,p = bp cos(zz—gt) (2.8)
Enc,m = bm X cos(%}t -9). (2.9)
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In Equation 2.9, the measured net cooling energy use is lagged by ¢ = 45 minutes behind
the predicted net cooling energy use given by Equation 2.8. The input and output
functions of the same thermal network shown in Figure 2.1 can then be renamed to

correspond to the predicted and measured net cooling energy usages (Figure 2.6).

Enc,p

Enc,m

Tm
Tsp R C

Figure 2.6 Simplified thermal network of predicted é;;_p and measured Ep¢ m net
cooling energy use.

An energy balance on Ty, in Figure 2.6 gives:

Tsp‘Tm _ d Ty

E + C 2.10
nept R dt @19
and the measured net cooling energy use is:
Tm-Ts
Enc.m =—-R—p. @2.11)

Combining Equations 2.8, 2.9, 2.10 and 2.11 to give the difference (Enc p - Enc,m), gives

the following equation for the time-constant RC:

2n 27
b/ 2y fudl
_( p/bm)xcos(24t) 005(24t b)

Re _(ZE)X sin(g—T—rt—cb)
24 24

2.12)
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Since RC is a constant, the value of RC can be determined by finding the ratio (bp/bm)
which gives a near constant value of RC. For a phase lag of 45 minutes, the net cooling
energy use time-constant is found to also equal 45 minutes.

The net cooling energy use time-constant of 45 minutes is significantly shorter than the
lighting load time-constant of 4.8 hours, however, the two results are not inconsistent.
The reason for this behavior is that the lighting load is only one of the influences on the
net cooling energy use. When multiple input functions with different amplitudes a~d phase
angles are summed to produce a single output function, the phase angle of the output
function will be different than the phase angles of the input functions.

This behavior can be demonstrated by developing a thermal network which includes
the effects of both outside air temperature and lighting loads on the net cooling energy use
(Figure 2.7). In this model, we make the following simplifying assumptions: i) infiltration,
solar, latent and instantaneous internal loads are small compared to lighting and outside air
temperature loads and are neglected, i) lighting and outside air temperature loads are
nearly in phase, and iii) the outside air temperature load can be modeled without an
energy storage term. Although the third assumption is not strictly true because of time-
lagged conduction loads through the building's envelope, we note that in commercial
buildings much of the net cooling energy use's temperature dependence is due to the
energy required to bring ventilation air to the interior set-point temperature; a load that is
nearly instantaneous. It is for this reason that we use an unlagged outside air temperature
load to demonstrate the effect of multiple loads with different time-lags on the net cooling

load.
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Figure 2.7 Simplified thermal network of net cooling energy use E_nc as a function of the
outside air temperature load Qr, and the lighting convection load Qcy.

To find the phase shift of the net cooling energy use Ep in terms of the amplitudes and
phase angles of the outside air temperature load Qr, and the lighting convection load Qcy,

we sum Qr, and Qgy to get Epc:

Enc=Qro + Qcv (2.13)
and once again model each load as a cosine function:
Qro=ax cos(%—t) (2.14)
2n, 2=
=b x cos(—t- — 2.15
Qcy =b x 05(24 24¢) (2.15)
2n. 2m
Epc = ¢ x cos(—t - —0 2.16
nc =€ X 5(24 24) (2.16)

In Equations 2.14 and 2.15 we assume that the lighting Q; and temperature Qr, loads are
initially in phase, however, the lighting convection load Qcy is lagged by ¢ hours due to
the thermal storage effect. Equations 2.13, 2.14, 2.15 and 2.16 can be manipulated to
give:

. (2)4 - (bja) x sin(i—:d))
24 1+(b/a) xcos(%:‘:-m

2.17)

Using a method similar to that described by Equations 2.8 to 2.12, the phase-lag
associated with the lighting load time-constant of 4.8 hours is found to be 3.4 hours.

Substituting 3.4 hours for ¢ in Equation 2.17 and solving for the ratio of amplitudes (b/a)
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that gives a net cooling load phase lag 6 of 45 minutes gives (b/a) equal to 0.30. This
result, that the lighting load is roughly 30% of the outside air temperature load seems
plausible. In addition, this exercise demonstrates that a net cooling energy use time-
constant of 45 minutes is not inconsistent with a lighting load time-constant of 4.8 hours.
A net cooling energy use time-constant of 45 minutes indicates that the system
achieves 99.99% of its steady state value after 24 hours, thus clearly demonstrating the
appropriateness of a steady-state approximation when modeling cooling and heating

energy use with daily data.

Chapter Summary

The results derived in this chapter indicate that for a data time-interval of one hour or
less, lighting energy thermal storage effects are significant and models of heating and
cooling energy use should account for energy storage processes. On the other hand, the
results also indicate that for models which use data with a time-interval of 24 hours or
more, energy storage effects are negligible and the use of steady state models of heating
and cooling energy use is appropriate.

Based on the above findings, steady state models of heating and cooling coil energy use
are developed in the next chapter. These models are appropriate for daily or longer time-
interval data. In general, we find that for the purpose of determining savings, daily data
(the summation of hourly values of energy use over a 24 hour period) provide the best
compromise between the high resolution provided by short time-interval data and the
modeling and computational convenience of longer time-interval data. For this reason, we

will use primarily daily data for the remainder of this analysis.
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CHAPTER I
ENGINEERING DERIVATION OF EMPIRICAL MODELS
FOR MEASURING SAVINGS

In this chapter, the functional forms of regression models used to measure retrofit
savings are derived. Weather independent energy use, such as constant-air-volume
electricity use, is modeled using one parameter, mean models. Cooling and heating energy
use are modeled using regression models which depend only on outside air temperature.
The proper functional forms of cooling and heating energy use models for constant-air-
volume (CAV) and variable-air-volume (VAV) systems are suggested from simulation
results. The effects on heating and cooling energy use of hot-deck reset schedules,
economizer cycles, latent and internal loads are also simulated. The results suggest that
one, two, three and four parameter regression models are appropriate for most of the
energy use patterns generated by the HVAC systems and control options investigated.
These regression models are used in subsequent chapters to model pre-retrofit energy use

and determine savings.

Modeling Weather Independent Energy Use

Certain types of energy use in commercial buildings, such as lighting and receptacle
electricity use and constant-air-volume air handler electricity use, are insensitive to
variations in weather and are primarily determined by a building's occupancy or operating
schedule. In many cases, these weather independent types of energy use are relatively
constant during each occupancy or operational period and may therefore be accurately
modeled as the mean energy use during each period. A common example occurs when air
handlers are partially shut down on weekends. In this case, air handler electricity use is

modeled with separate mean models for weekdays and weekends. Mean models of energy
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use are called one-parameter models because only one parameter, the mean, is determined
statistically.

Occasionally, it is not clear whether the energy use in one period is different enough
from energy use in another period to justify separate models for each period. In these
cases, a t-test (Appendix D) can be administered to determine whether the use of separate
models for each operational period is statistically justified.

The use of separate models for different operating or occupancy schedules enhances
the resolution of the savings but does not affect the determination of how much energy is
saved. Consider for example, a hypothetical lighting retrofit in a building with much
higher lighting loads on weekdays than on weekends. Separate weekend and weekday
models of pre-retrofit lighting use enable the analyst to determine the savings on both
weekdays and weekends and hence gain more insight into the performance of the retrofit.
If the differences between weekday and weekend electricity use are ignored and a single
"all-days" model for all seven days of the week is used as the baseline model, then neither
weekday nor weekend savings can be properly identified. The savings determined using
the all-days and the separate weekday and weekend models will, however, be the same fo1
any post-retrofit period which is a multiple of seven days. Therefore, the use of separate
models for the different operating or occupancy schedules enhances the information

content of the savings but does not affect the determination of how much energy is saved.

Choice of Independent Variables for Weather Dependent Models

The goal of modeling energy use to measure savings is to characterize building energy
use using a few readily available and highly reliable input (independent) variables. In
addition, each independent variable must be unaffected by the retrofit so that the model
can accurately predict the energy use that would have occurred if the retrofit had not

taken place. Environmental variables which meet the above criteria for modeling heating
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and cooling energy use include outside air dry-bulb temperature, solar radiation and
specific humidity. In commercial buildings, internally generated loads, such as the heat
given off by people and electrical equipment, are also strong determinants of heating and
cooling energy use. We have found that lighting and receptacle electricity use, which is
calculated as the difference between whole-building electricity use and motor-control
center electricity use, is 2 good surrogate variable for internal loads because it varies with
the occupancy level of the building. HVAC system variables, such as the zone set-point
temperatures or the outside air damper position in economizer cycles may also be
important.

Although all of these variables influence heating and cooling energy use, there are
strong practical incentives for identifying the simplest model that results in acceptable
accuracy. Multivariable models require more metering and are more sensitive to metering
errors and failures; thus models which depend on multiple independent variables become
useless if even one of the independent variables is unavailable. In addition, some
independent variables in multiple linear regression models may be linearly related. This
condition, called multicollinearity, decreases the precision with which regression
coefficients can be estimated and hence decreases the predictive ability of a model when
used on a new data set (Neter et al., 1989). Although principal component (Ruch et al,
1993a; Reddy and Claridge, 1993; and Cox, 1993) and singular value decomposition
(Anderson, 1990 ) techniques have been developed to deal with multicollinearity, these
techniques significantly increase the complexity of the modeling process and in many cases
do not substantially increase the accuracy of the prediction (Ruch et al., 1993a; Reddy and
Claridge, 1993).

For these reasons, this analysis will focus on identifying empirical models for heating
and cooling energy use which use only outside air dry-bulb temperature. Like the choice

of data time interval, this is a subject tradeoff. Some accuracy will be lost when



temperature is used as a surrogate variable for solar gains and latent loads. In addition,
changing internal loads and other operational changes which affect building cooling and
heating energy use must be accounted for by developing separate models for each
occupancy or operational period. On the other hand, the simplicity and relatively good
accuracy (see Chapter 1X) of temperature based models makes them highly desirable. In
addition, outside air temperature is easily measured and the data are widely available. For
those cases where the accuracy of temperature based models is not sufficient, multiple

linear regression or artificial neural network models (Chapter VIII) may be appropriate.

Dual-Duct Air Distribution Systems

A dual-duct HVAC system is shown in Figure 3.1. A single fan blows air through a
cooling coil ¢ and a heating coil, h. The latent and sensible heat removed from the air
stream in the cold deck is E; and the heat added in the hot deck is Ej,. From the cold and
hot decks, the air travels through supply ducts and mixing boxes mb to an interior zone
and an exterior zone. The building's exterior zone is defined to be the top floor of the
building and the first 5 meters or so inward from the exterior walls. In many cases the
width of the exterior zone can be defined by a ring of exterior offices or rooms. The
exterior zone is subject to conduction loads through the building's shell, solar loads
through fenestration and internally generated loads. The total load to the exterior zone is
Qext- The interior zone, which comprises the rest of the building, is effectively insulated
from conduction and solar loads by the exterior zones and is subject only to internally
generated loads, Qjp¢. The return air streams leaving the interior and exterior zones are
denoted as r.int and r,ext respectively and the total return air stream is denoted as r. Part
of the return air is exhausted to the outdoors and an equal amount of outside air, o, is

added to the return air stream. The mixed air entering the fan is denoted as m.
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Figure 3.1 Schematic of dual-duct air handling system.

In order to simplify the modeling of this system, we make the following assumptions.
The building is assumed to be maintained at a slight positive pressure and so no air
infiltrates the building through the shell. The temperature of the return air is assumed to
be constant at the room set-point temperature and the air leaving the cooling and heating
coils is assumed to be at constant set-point temperatures. Internally generated heat is
distributed evenly over the entire floor area. In addition it is assumed that the energy
added to the air stream by the fan is negligible, no heat enters or leaves the air ducts, and

the density of the air throughout the system remains constant.

Constant-Air-Volume Systems

Dual-duct, constant-air-volume HVAC systems are common in commercial buildings.
They provide excellent control of the space temperature and humidity level. In this
section, we examine the relationships between cooling and heating coil energy use and
outside air temperature in dual duct, CAV systems. These relationships will be used to

determine the proper form of empirical models of cooling and heating coil energy use.
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The process of deriving empirical, temperature-based models of cooling and heating
coil energy use begins with an energy balance on each coil. The sensible portion of the
cooling coil energy, E¢ sen, Is:

E¢ sen = Ve x pep X (T - Te) 3.1)
where V, is the volume of air flowing through the cooling coil, pcp is the product of the
density and specific heat of the air, Ty, and T are the temperatures of the mixed air
entering and cool air leaving the cold deck respectively. Since pcy and T are assumed to
be constant, the relationship of E sen With outside air temperature depends on the
relationships of V and Ty, with outside air temperature.

An energy balance on the outside air mixing boxes gives the mixed air temperature,
T

T =fo x To+(1-fo) x Ty (3.2)
where f, is the fraction of outside air, T is the temperature of the outside air and T is the
temperature of the return air stream. For a simple CAV system, f; and Ty are constant
making T, linear with outside air temperature.

The volume of air passing through the cooling coil, V¢, is the sum of the volume of
cooling air supplied to the interior zone, V¢ jnt, and the volume of cooling air supplied to

the exterior zone, V¢ ext- An energy balance on the interior zone yields:

Vr,int X PCp X (Tr-Th) - Qint
pCp X (Te - Th)

Ve.int = (3.3)

where Vp it is the volume of return air exiting the interior zone and Ty, is the temperature
of the air leaving the heating coil. Ina CAV system, the total flow rate to the interior and
exterior zones, Vr int and Vp ext, are fixed quantities that are defined in the design
process. Thus, V¢ jnt is entirely independent of outside air temperature.

Ve ext can be found from an energy balance on the exterior zone:
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Vr.ext XPCp X (Tr ~ Th) - Qext

G A .
The total load in the exterior zone, Qeyt, is the sum of conduction, solar and internal
loads:
Qext = UAgx(T - Tp) + (51 +52 X Tg) + Qj ext (3.5)

where UAg is the overall building load coefficient, s| and s are constants used to
approximate the solar load to the building and Q; et is the sum of all the internally
generated loads in the exterior space. We assume here that the solar load can be
approximated as a linear function of daily outside temperature (Vadon et al,, 1991). From
Equations 3.3, 3.4 and 3.5 it is apparent that V; ext, like Tpy, is linear with outside air
temperature. However, E sen (Equation 3.1), includes the product of V¢ and Ty, and
has both linear and quadratic outside air temperature terms.

The dependence of V on outside air temperature can be summarized as:

Vo =k + (UAg+s9) x T (3.6)
where k1 is a constant independent of outside air temperature. Substituting Equations 3.2
and 3.6 in Equation 3.1 gives a quadratic dependence of the sensible cooling coil load on
outside air temperature of the form:

Ecsen=Pot+B1xTo + BoxTo2 (3.7
where B, B1 and B are constants. This quadratic relationship results from the fact that
both the mixed air temperature Ty, and the volume of air passing through the cooling coil
V¢ in Equation 3.1 are functions of outside air temperature. Outside air temperature
affects the mixed air temperature because outside air and return air are mixed before
entering the cooling coil. The flow rate of air passing through the cooling coil is

dependent on outside air temperature because outside air temperature influences the
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conduction and solar loads in the exterior zones, hence influencing the quantity of cool air
required by these zones. When Ty, and V are multiplied to give the sensible energy
removed in the cold deck (Equation 3.1), a quadratic temperature term is created. The
energy added in the hot deck, Ej, also has a quadratic term for the same reasons.
Although the previous mathematical derivation yields considerable insight into
relationships between thermal energy use and outside air temperature, the complexity of
the resulting equations can diminish their instructive value. To better understand these
relationships, then, a simplified systems simulation model of energy use in commercial
buildings was developed. The simulation model uses the equations developed above to
simulate heating and cooling coil energy use. Table 3.1 lists the values of the parameters
used in the simulation. The equations and methodology employed by the simulation

program are listed in Appendix A.

Table 3.1 Values of parameters used in simulation model.

T, (temperature of return air) 22.2 (°C)
T, (temperature of air leaving the cooling coil) 12.8 (°C)
Th, (temperature of air leaving the heating coil) 48.9 (°C)

f; (ratio of interior to total floor area) 0.65

£, (ratio of outside air flow rate to return air flow rate) 0.10

UA (building load coefficient) 10,550 (W/°C)
s1 (solar load constant) 2,930 (W)
s7 (solar load slope) 211 (W/°C)
V; (volume flow rate of return air in CAV systems) 235,800 (I/s)
pcy (product of air density and specific heat at constant pressure) | 1.21 (JA1°C)
phy, (product of water density and latent heat of vaporization) 2,980 (JN)
Ej, (lighting and receptacle electricity use) 750,000 (W)

The sensible cooling and heating coil loads from the simulation model are shown

plotted against outside air temperature in Figure 3.2. The quadratic behavior predicted by
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Equation 3.7 is not evident to the eye, indicating that the value of the coefficient of the

quadratic term in Equation 3.7 must be relatively small. The quadratic coefficient, Bo, is:

_ (UAg +s9) x f
PCp .

B2

(3-8)

Even if B is increased by a factor of 10, the quadratic aspects of the sensible cooling and
heating coil loads are barely visible (Figure 3.3). Thus it appears that simple linear models
may adequately describe sensible cooling and heating coil loads in many buildings with
simple CAV systems. However, we expect the relationship between cooling and heating
coil energy use and outside air temperature to become increasingly non-linear in buildings
with large overall load coefficients, in buildings which require large quantities of outside

air and in buildings with large solar apertures (Equation 3.8).
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Figure 3.2 Simulated cooling loads for a CAV system. The loads appear to be linearly
related to outside air temperature.
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Figure 3.3 Simulated coil loads for a CAV system with 3, multiplied by 10. The slight
quadratic effect is barely visible.

Hot-Deck Reset Schedules in CAV Systems. Many commercial building CAV
systems are equipped with additional control options such as hot-deck reset schedules or
economizer cycles in order to reduce energy use and improve the level of comfort in the
conditioned space. These control options can significantly change the relationship
between coil loads and outside air temperature and are examined here.

A hot-deck reset schedule controls the flow of steam or hot water through the heating
coils in order to vary the temperature of the air leaving the coils. One type of hot-deck
reset schedule is controlled based on outside air temperature as shown in Figure 3.4. The
temperature of air leaving the coils is maintained at 48.9 °C when the outside air
temperature is less than 10.0 °C and declines linearly to a minimum of 26.7 °C when the
outside air temperature reaches 26.7 °C. At outside air temperatures above 26.7 °C, the
temperature of the air leaving the heating coils is maintained at 26.7 °C, barely above the

temperature of the return air. This type of control can significantly reduce heating and
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cooling energy use by limiting the amount of heating added to the building during warm

weather.
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Figure 3.4 A typical outside air, hot-deck reset schedule.

The effect of a hot deck reset schedule on cooling and heating coil energy use can be
demonstrated by adding this control option to the simulation model of the engineering
center. The previously linear relationships between outside air temperature and coil
energy use are now highly non-linear in the temperature interval where the heating coil
temperature is being reduced (Figure 3.5). The significant reduction in heating coil energy
use as the outside temperature increases is because the heating coil air discharge
temperature is being reduced. Less cooling energy use is required to balance the warm air
during mixing conditions now that the warm air stream is at a lower temperature.

In practice, the magnitudes of the reductions in energy use caused by a hot-deck reset
schedule will differ depending on the set-points and design characteristics of the actual

system. However, these simulation resuits clearly indicate the dramatic effects that hot-



deck reset controls can have on heating and cooling coil energy use. These results also

suggest the need for non-linear models of cooling and heating coil loads when hot-deck

reset controls are operational.
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Figure 3.5 Simulated coil loads for a CAV system with an outside air, hot-deck reset

schedule.
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Economizer Cycles in CAV Systems. An economizer cycle is another control feature

commonly used with CAV systems. Economizer cycles vary the amount of outside air

mixed with the return air stream in order to minimize the load on the cooling coil.

Although there are many different control algorithms, a typical control algorithm based on

outside air temperature is shown in Figure 3.6 (Mitchell, 1983). At temperatures below

the cooling coil temperature (taken here as 12.8 °C), the fraction of outside air to return

air is varied so that the mixed air temperature exactly equals the cooling coil temperature,

thus eliminating all load on the cooling coil. When the outside air temperature is between

the cooling coil temperature and the return air temperature (taken here as 22.2 °C), all of






