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pertinent statistical concepts and formulae to determine this uncerand to present
^Regression
models of energy use in commercial buildings are not of the
tainty.
in textbooks because of the changepoint behavior of the
"standari"
addressed
rype
models and the effect of patterned and non-constant variance residuals (largely as
a result of changis in operating modes of the building and the HVAC system). This
paper
atio aadresses iuch issues as how model prediction is impacted by both
'improper
model residuals and models identified from data periods which do not
enro*pors the entire range of variation of both climatic conditions and the dffirent
building operating modes.

1 Introduction
The need for uncertainty analysis and the various ways of
doing so in a general framework is well documented in the
engineering literature (for example, Coleman and Steele, 1989;
ANSI/ASME PTC 19.1 Standard,1990) as well as in the statistical literature (for example, Draper and Smith, 1981; Pindyck
and Rubenfeld, 1981). However, these general methodologies
have to be adapted to the specific application, which in the
presentcontext is the determination of uncertainty in the savings
due to a particular retrofit or energy conservation measure
(ECM) when monitored data is available both before and after
the retrofit.
A crucial element in the basic methodology used to determine
energy retrofit savings from continuously monitored data involves developing a model for the baseline or pre-retrofit energy
use. The various model approachesavailable and the advantages
and disadvantagesof each have been discussedin several papers
in this special issue (Kissock et al., 1998; Katipamula et al.,
I 998; Dhar et al., I 998 ) . Whenever appropriate, model development using the regression approach is used because it is generally the least demanding in effort and user-expertise, yields
adequateresults and permits uncertainty associatedwith savings
to be quantified. This last advantage dramatically enhances the
"value" of the amount of savings determined since this is a
prime factor while performing risk assessment.
There are three pertinent issues specific to regression models
of monitored energy use in buildings: (i) the statistical methodology used to determine prediction uncertainty in the type of
regression models frequently encountered in commercial building energy use (namely changepoint models) is not "standard"
and hence not presented in the published literature, (ii) the
baseline data period for which monitored data is available may
be shorter than the one year intuitively needed to capture the
range of climatic and operational changes which a building may
experience, and ( iii ) the time series nature of the data introduces
improper residual behavior which does not permit the use of
"standard" statistical formulae for determining model predic-

tion uncertainty. The main objective of this paper is to provide
an overview of these specific issues which influence the savings
uncertainty from monitored building energy use data, and to
present relevant published work in this regard.

2

General Approach
FollowingKissocket al. (1998), "actual" savings(as

against "normalized"

savings) are calculated as:
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where m is the number of periods (hour, day, week or month)
in the post-retrofit period,
4," ir the pre-retrofit energy use predicted by the baseline
model per period, and
Ey""" is the measured post-retrofit energy use per period.
Following ANSI/ASME PTC 19.1 Standard( 1990), the uncertainty A(x) of a quantity x can be represented by the square
root of its variance (var)r/z. Thus, with the assumption that
model prediction and measurement enors are independent, the
total variance is the sum of both:
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(2)

Inspection of Eq. (2) suggests that total prediction uncertainty
increases with m, i.e., as the post-retrofit period gets longer.
However, as the amount of energy savings also increases with
m, abetter indicator of the uncertainty is the fractional uncertainty defined as the energy savings uncertainty over m periods
by the energy saving over m periods:
ffifed
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where F is the ratio of energy savings to pre-retrofit energy use,
i.e.,
m
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provides a means of calculating the fractional
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uncertainty in the "actual" savings, which consists of a term
representativeof the regression model prediction uncertainty
and another terTnrepresentative of the measurement error in the
post-retrofit energy use. Note that the measurement elTor in the
pre-retrofit energy use ( in the absence of bias error defined in
iection 3 ) is inherently contained in the model goodness-offit parameter (namely, the mean square error (MSE) statistic
discussed in section 5 and should not be introduced a second
time.
As pointed out in an earlier paper by Reddy et al. (1992),
the fractional uncertainty in the savings decreasesaS the length
of post-retrofit period increases. Another paper by Reddy and
Claridge (1998) discussesthe issue of fractional uncertainty at
length and points out how this concept is critical in evaluating
theldequacy of a baseline model and for logical selection of
the appropriate monitoring and verification protocol to verify
savings for specific ECMs.
After a short presentation on measurement erTOrS,the rest of
this paper is devoted to a discussion of the various types of
predictive elrors which result when baseline regression models
are used, and to the determination of the associated uncertainty
bands or confidence limits.

and after the experimental data has been collected. is provided
by Coleman and Steele (1989). Bias and random errors are
usually treated as uncorrelated and their combined effect is
simply the quadraturesum of both (Coleman and Steele, 1989) .
Manufacturers usually specify instrument uncertainty as a percentage of the full-scale reading of the instrument' Hence,
knowing the value of ^8p."and the full-scale reading of the
instrument, an estimation of the R.H.S of eq. (3) i.e., (E**,1
^8r,"; can be obtained.

4

lssuesin Identifying Baseline RegressionModels
of preModels. Determination
4.1 Errors in Regression

diction errors due to regression models is subject to different
types of problems than that associatedwith measurement errors.
Such uncertainties are less well understood by the engineering
profession, while the statistical literature abounds in this regard.
The various sources of regression model elrors can be classified
into three categories:
(a) Model mis-specificati-ol errors arise from a functional
that is an approximation of the
form @
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the
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driving
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3 Measurement Errors
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Nomenclature
b : biaserror
E: energy use, baseline energy use
f,,n: energy use corresPonding to the
change point temperature
F = ratio of savings to baseline energy
use, defined by Eq. (a)
/ : indicator variable
k : number of regression parameters in
the model
nr : number of post-retrofit observation
points (months, days, hours, . . .)
n : number of pre-retrofit observation
points (months, days, hours, . . .)
p : number of model parameters (:/c
+ l)
4r : lighting and equipment use internal
to the building
Qsot: global horizontal solar radiation
outdoor dry-bulb temperature
I:
T,o : changepoint outdoor dry-bulb temperature
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Tao: outdoor dew point temPerature
T I o : : ( T a p - 7- : ) *
t = t-statistic
a : significance level
e : random error
p : autocorrelation coefficient
.* : model predicted value of X
AX : uncertainty in X
X: mean value of X
Subscripts
cP = change Point
d : dally
j = index for observation during the
pre-retrofit period
J : index for observation during the
post-retrofit Period
Meas : measurement
o : outdoor
Pre : pre-retrofit

Acronyms
AR = auto-regressive
CAV : constant air volume
CO = Cochrane-Orcutt
procedure
CV-RMSE = coefficient of variation of
the root mean square elTor
DD = dual duct
GLS = generalized least squares
HVAC = heating, cooling and airconditioning
MLR = multiple linear regression
MV = multi-variate model
MSE = mean square elTor, defined
by eq. (8)
OLS = ordinary least squares
R2 : coefficient of
determination
SV : single variate model
VAV : variable air volume
2P : two parameter model
3P : three parameter model
4P = four parameter model
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sets, which do not satisfactorily represent the annual behavior
of the system, will be subject to this source of error. Although
we cannot quantify this error in statistical terms alone, we can,
however, suggest experimental conditions to be satisfied that
are likely to lead to accurate predictive models. This falls under
the purview of "experimental design" (Montgomery, l99l)
and will be discussedin section 4.5.
Both sources (a) and (c) are likely to introduce bias and
random error in the predictions. If ordinary least squares( OLS )
regression is used for parameter estimation and if the model is
subsequentlyused for prediction, error due to source (b) will
be purely random, and no bias will be introduced. However,
models that are identified from short data sets and are later used
to predict seasonal or annual energy use are affected by both
(a) and (c) sourcesof error. These observations are also illustrated in section 4.5. It should be noted that no statistical assumptions regarding the errors need be made in obtaining OLS
parameter estimates. Information regarding the model residuals
or errors is required only when one wishes to specify confidence
limits of these parameter estimates (Beck and Arnold, 1977).
4.2 Importance of Studying Model Residual Behavior.
Inspection of the model residuals often provides insight regarding sources of errors. The most widely used set of assumptions
regarding model residuals is that the residuals: (i) have zero
mean; (ii) have constant variances, i.e., heteroscedasticityis
not presenU (iii) are uncorrelated, i.e., no serial correlation or
autocorrelation is present; and, (iv) are from a model where
the regressor variables are non-stochastic, (i.e. there is no measurement error in the regressor variables). This set of assumptions is called the Gauss-Markov set of assumptions (Beck and
Arnold, 1977). If any one of these assumptions is violated,
OLS does not yield the minimum variance estimators. In other
words, the practical implication of overlooking improper residual behavior is that equations presented in elementary statistical
textbooks (say, Draper and Smith, 1981) for model prediction
uncertainty that are only valid under Gauss-Markov assumptions will underestimate the true model uncertainty. We would
then be placi-ng rnorerconfidence in our model predictions and
in the savings estimates than is statistically warranted.
The zero mean condition is always satisfied during any type
of regression scheme. Estimating model parameters and model
prediction uncertainty in the presence of measurement errors in
the regressor variables is complex (Beck and Arnold, 1977)
and is not addressed in this paper. We discuss below ways of
dealing with residuals which do not satisfy assumptions (ii)
and (iii) stated above.
A statistically efficient way of dealing with improper residual
behavior (in terms of yielding minimum variance estimators)
is not to use OLS but to use other regression schemes that will
yield unbiased parameter estimates and narrower confidence
intervals, for example, the generalized least-square (GLS)
method ( see,for example, Pindyck and Rubenfeld, 1981). Beck
and Arnold (1977) give statisticalequations to deal with residual behavior that does not satisfy the Gauss-Markov assumptions. Parameter estimation schemes, however, get more complex and involve regressionschemes such as maximum likelihood methods, and non-linear regression. Another way, and the
one which seemsto be adopted in the building energy literature,
is to use OLS parameter estimates but to widen the confidence
intervals predicted under the Gauss-Mark@
Non-uniform
Variance.
4.3 Non-Uniform
Residual
variance behavior may arise for several reasons. Two of the
important causes,as they apply to building energy use modeling,
are:
( i ) measurement error. When the response variable exhibits
sever@de
variation, the accuracy of the measuring device is rarely constant, i.e., the actual fractional error
may remain constant but the absolute error may increase as
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Fig.1 Residualsof year-longhourlycoolingenergyusein a largeinstitutional buildingin centralTexasoperatedwith a dual duct CAVsystem
with weak hot and cold deck schedules.How residualbehaviorimproves
arechangedshouldbe noted(fromKatipaas the modelfunctionalforms
mulaet al., 1994).

the response variable increases.Under these circumstances, the
usual way of proceeding is to perform a weighted regression
with the observations inversely weighted with their variance
(Draper and Smith, 1981). Another approach to efficient parameter estimation is to use maximum likelihood estimation which
yields lower variance estimators than OLS, but the problem
becomes non-linear as a result (Beck and Arnold, 1977).
(ii)
model mis-specification errors. The variance of the model
residuals Ts often not constant in the presence of model misspecification errors. Figure 1 illustrates this phenomenon from
monitored year-long hourly cooling energy use data from a
large institutional building in central Texas having a dual duct
constant air volume (DDCAV) system (Katipamula et al.,
1994). We note that the simple linear or two parameter (2P)
model with outdoor temperature as the only regressor variable
suffers from abnormal residual behavior both at low temperatures and at high temperatures when latent cooling becomes
important. Adding other variables (that are defined in the nomenclature) in the model (Fig. 1(b)) removes some of the
residual spread at high temperatures while also partially
straightening the tail. Finally in Fig. I (c) we note that introducing the indicator variables (which have the ability to account
for changes in normal operation of the HVAC system) further
improves the model fit. Even in this case, the residual still
exhibits a little abnormality as the residual spread is wider tbr
higher temperature values than for lower temperature values.
Most of the SV
4.4 Autocorrelated Residual Behaviormodels developed at the hourly or daily time scale seem to
suffer from first-order autocorrelated residual behavior ( Reddy
et al., 1992: Ruch et al., 1993). Three causesfor this behavior
as they pertain to building energy use have been identified.
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energy use into the post-retrofit period. Depending upon the
model residual behavior, a separateuncertainty formulae needs
to be adopted. The various cases treated in this section are
summarized in Fig. 3.
5.1 Rigorous Approach to Change Point Models With
Well-Behaved Residuals. The energy use regression models
are not of the standard type encountered in statistical textbooks.
The change point behavior of SV ( 3P or 4P) or multiple regression models introduces nonlinearity in the models. For example,
consider the 4P-SV model:
Journal of Solar Energy Engineering

u:

E c o+ a . ( T - T " ) - + b ' Q

- T,o)*

(5)

where E"p, e, b and T,o are the four parameters of !tte. model'
Because'T.,ois a parameter to be determined, eq. (5) is.not a
linear modet and ihe treatment presented in standard textbooks
tor iine.ar rnodel prediction uncertainty does not apply'
The statistical theory behind confidence intervals of nonlinear regression modeis discussed by Beale ( 1960) and Hinckley (1969) has been adapted to change point-energy models
by doldberg ( 1982) and Ruch and Claridge (1993)' T" procedure involv-es determining the prediction intervals using a fine
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where x is the matrix of regressor variables and e denotes
then
is
prediction
individual
an
of
variance
The
residuals.
A ( E * ; ) ' : M S E ' [ 1 + x 1 ( x ' x ) - t* j ]
where x' is the transPoseof x.

regressor variables:
u - E c n* a ' T - + b ' T +

(10)

(6)

where
:- (T - T,p)* are the new regressor
T- : (T - T,p)- and T*
variables.

meth5.2.3 For Sum of Predictions. The retrofit savings
of
oaobgy is not, hoiever, based on individual predictions
of
i'e'
m
days'
over
sum
the
in
more interested
;;:."ftt-are
the quantity ( ) En",), see Eq. ( I ) ' The prediction uncertainty
; - l

( to be usedin Eq. 3 ) is given
of a sum of . iutu.e observations
by Theil ( 1971):
m

A ( > E n " . ) ' : M S E ' { l ' [ x r . , , ( x ' x ) - t x $+o ,1, ] ' 1 ]

(1la)

j:r
is the matrix of regressor
where / is an identity matrix and.trpo't,
post
variables during the post-retrofit period. Note that pre and
matriunit
by
brackets
square
the
within
multiplying the-matrix
ces is akin to summing all the elements of the matrix.
If a very simplifiedlstimate of the model prediction uncertainty is ioughi (for example, for preliminary evaluations),
Reddy and Claridge (1998) propose the following:
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Well-Behaved Residuals.
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I

where
MSE : mean square error of the model

: t > ( E ,- E ) ' l ( n - P ) l ( 8 )
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baseline portion of the fit (i.e., for the months when energy use
is independent of outdoor temperature). Assuming no model
uncertainty due to the change point, Reddy et al. ( 1997) suggest
that the residual variance be approximated by two variances on
either side of the change. Let n1 and n2 be the number of data
points during the pre-retrofit period which respectively fall in
the lower temperature portion and in the higher temperature
portion of the model. Then, for the model predictions falling
on the lower temperature range, the following simplified formulae can be used:

L,(En",)':

Table 1 Case study: Uncertainty in savings determination of a large
institutional building in central Texas retrofitted from a dual duct CAV
system to a VAV system (from Kissock, 1993)
Air handler eleclnoty

Pru-relroft
modcl Wgo
Model CVRMSE (%)
Residual
aulG

Ln

Easelrne
enemv usa
Numb€r ot
post-retrofil

{rru,

Ln

-l
]

'.t (tr _
E,),

n.

:'"'
i= I

0.59

26.1

94.3

6.41

96.1

455

369

649
4.051
2%
2.7 olo

37.2

44.0
5 o/o

5%
9%

1 3 . 0%

prrdiction

approach is valid only when the model elror terrns exhibit first
order autocorrelation. The interested reader can refer to Ruch
et al. ( 1993) for the complete equations.

where
:

0.86

O.EE

Gzb)

2(7,-TyzJl
i= I

rrcE

8.0

S8lrings

lnstrumeil

* MSEfr. -(4 D'

0.85
1.7

davs

> (?i - TTzJ)

and, for the higher temperature range (i.e., the right-hand side
portion of the model):

=
L,(E,*,),

mean

ZP

16ralrlidn

- r)'
* rrase
ll, 02a)
[l + ,(4

{tr",

2P

Model R'

thermal e

Coolino thermal e
GJ/dAY

( l3)

fl1

and MSE2 can be determined from Eq. (13) by analogy.
Graphically, the uncertainty bands of the 3-P model appear
as a band that narrow during the base-level months (i.e., winter
months for electricity, and summer months for natural gas) and
expands during the months when energy use is linearly related
to an outdoor temperature difference above the change point.
5.3.2 For Sum of Predictions. By extension of the above
equations, the following simplified formula for the variance in
the sum of n individual model predictions is obtained (Reddy
et al., 1991):

5.5 Case Study. The above equations for predicting uncertainty in retrofit savings were applied to a large institutional
building in central Texas which was retrofitted from dual-duct
CAV to VAV operation (Kissock, 1993). As a result of this
retrofit, electricity used by the air handler, cooling energy and
heating energy use decreased.The type of baseline model identified, the goodness-of-fit of the models, the magnitude of the
baseline energy use ,ue shown in Table 1. The serial correlation
and so the hybrid
of the residuals was strong (:0.6-0.86)
uncertainty equations (Ruch et al., 1993) had to be used. Assuming ZVo measurement uncertainty in electricity and 57o rn
thermal energy use, the 95Vo prediction uncertainty of the retrofit savings were estimated to be 2.7Vo for electricity use of the
air-handler and about t3%o for heating and cooling energy use.

m

A( I Er*r)'

6

j --l

: 1.6'

* rn2MS
E2 + m ttt
[ln,trr,

' ?]

( 14)

where m, and ffi2 artathe number of prediction periods in the
post-retrofit period that fall on the left-hand side portion and
the right-hand side portion respectively of the model change
point. Note that when MSEr = MSEz (i.e., uniform residual
variance), we get back Eq. (llb).
5.4 Models with Correlated Residuals. For many buildings it may not be possible to completely eliminate autocorrelation through model redesign, and autoregressive models are
inappropriate because the error component cannot be upgraded
once the building has undergone a retrofit. Fortunately, even if
autocorrelation is present the regression coefficient estimates
given by OLS are reasonable in the sense of being statistically
unbiased (Theil, l97t), and thus give the best estimates of
the coefficients under the circumstances. In this situation, the
problem with an OLS model is that the usual error diagnostics
are biased and may severely underestimate the prediction uncertainty.
A study by Ruch et al. (1993) has addressedthis issue and
suggesteda hybrid model approach consisting of a combination
of ordinary least squares (OLS) model and an autoregressive
(AR) model, which though similar to OLS in predictive ability
has more realistic error diagnostics than OLS. The statistical
theory of the hybrid model approach has been developed from
fundamental statistical concepts and though involving a certain
amount of mathematical sophistication in terms of matrix algebra, can be "conveniently" programmed on a computer. The
Journal of Solar Energy Engineering

Summary

This paper classified the various sources of uncertainty present in determining retrofit energy savings using the regression
model approach. It also discussed how model prediction is impacted by both improper model residuals and models identified
from data periods which do not encompass the entire range of
variation of both climatic conditions and the different building
operating modes. We illustrated, using both monitored data and
synthetic data generated from realistic HVAC simulations, how
model mis-specification can result in non-uniform residual variance and patterned residual behavior. Remedial procedures to
overcome these deficiencies are also discussed. We point out
that despite model redesign and introduction of indicator variables to account for building and HVAC operational changes
during the year, residual behavior may still be improper. In such
circumstances, "standard" statistical equations for uncertainty
under-predict actual uncertainty. This paper also presented relevant equations for prediction uncertainty bounds of regression
models with residuals exhibiting non-constant variance and patterned behavior.

Acknowledgments
This work has been funded by the Texas State Energy Conservation Office of the Intergovernmental Division of the General
Services Commission ( State Agencies Program) as part of the
LoanSTAR monitoring and analysis program. Useful discussions and overall support from D. Claridge, and S. Katipamula
are appreciated. Statistical insights provided by J. Hebert are
acknowledged. We acknowledge the assistanceof J. Wang for
her help in supplying data to generate some of the figures.

A U GU S T 1998. V ol . 12O| 191

Thanks also to the anonymousreviewerswhose comments
helpedimprove this PaPer.
References
..Measurement Uncertainty: Instruments and
ANSI/ASME PTC l9.l' 1990,
Society of MeApparatus''' ANSI/ASME Standard PTC l9.l-1985, American
chanical Engineers, New York, NY.
J' R' Srar'
Beale, E.]1960, "Confidence Regions in Non-Linear Estimation"'
Assoc., B-22, PP. 1-88.
and
Beck, J. V.,-and Arnold, K. J., 1977, Parameter Estimation in Engineering
Science, John Wiley and Sons, New York.
W' M'' Tombari'
Ctu.iAg", D., Haberl' J., Turner, W., O'Neal, D', Heffington'
C.,andJ-aeger,S.'1991'..ImprovingEnergyConservationRetrofitswithMeasured Savings," ASHRAE Journal, October.
Uncertainty
Coleman, H. W', and Steele, W. G.' 1989, Experimentation and
Analysis for Engineers, John Wiley and Sons, New York'
Special Issue'
Dhar, A., ReOOy,T. A., and Claridge' D. E', 1998, ASME JSEE
2nd Edition'
Draper, N., ani Smith, H.' 1981, Applied Regression Analysis'
John Wiley & Sons, New York.
Regression
Goldbeig, M., 1982, "A Geometric Approach to Nondifferentiable
Conservation,"
Models as Related to Methods for Asseiing Residential Energy
NJ'
-Ph.D. Thesis, Department of Statistics, Princeton University' Frinceton'
D. V.; 1969, "Inferences about the Intersection on Two-Phase RegresUi*f"y,
sion," Biometica, Yol' 56' pp. 495-504.
Model
iatipamula, S., and Claridge, D. E., 1993, "Use of Simplified Systems
ENsncY ENclto Meaiure Retrofit Energy Savings," ASME JounNru- oF SoLAR
Vol. ll5, PP. 57-68' MaY.
NEERING,
"Development and
Katipamula, S., fieAOy' T. A., and Claridge, D' E', 1994'
consumption in
Application of Regressi-on Models to Predict Cooling Energy
Solar Ene rgy
Large commercial- Buildin gs," ASME / J SM E / J SES International
Coiference Proceedings, p. 30?, San Francisco, March'
(atipamula, S., Red-"dy,'T.A., and claridge, D. E., 1995. "Bias in Predicting
Models Developed
Annuai Energy Use in Clmmercial Buildings with Regression
Solar Energy
from Short Data Sets," Proceedings of the ASME Intemational
Conference,pp.99-110, San Francisco, April'
JSEE' Special
fatlpumuta, S., Reddy, T. A.' and Claridge, D' E" 1998' ASME
Issue.

1993"'The
Kissock, J. K., Reddy' T. A.. Fletcher' D', and Claridge' D' E"
of TemperatureEffect of Short Data Periods on the Annual Prediction Accuracy
Use''
O"p.nO"nt RegressionModels of Commercial Building Energy
-Proceedpp' 455-463' Washinginis of the ASME International Solar Energv Conference,
ton
-- D.C., APril.
Savings In
Kissock, i. f., tSSf , "A Methodology To Measure Retrofit Energy
Department.
Commercial Buildings," Ph.D. dissertation, Mechanical Engineering
Texas A&M UniversitY, December.
Kissock,J.K.,Reddy'T.A.,andClaridge,D'E',l998,ASMEJSEE'Special
Issue.
---iIn".
SingleS., and McClintock, F. A., 1953, "Describing Uncertainties in
Sample Experiments," Mech. Eng., 15, pp 2 8
Liu, M.,'and Claridge, D. E.' 1998' ASME JSEE. Special Issue' 3rd Ed" John
Vfon,gorn"ty, D. C., 1991, Design and Analysis of Experimenrs'
Wiley and Sons, New York.
Economic
Finay.t, R. S., and Rubenfeld, D. L.. lggl, Economic Models and
Forecists, 2nd Edition, McGraw-Hill, New York'
Reddy,T.A.,Kissock,J.K.,andClaridge,D'E,lgg2,"UncertaintyAnalysis
Program,"
Estimating Building Energy Retrofit Savings in the LoanSTAR
in
-iriir"ai"gt"of
the AC-EEE l9d2 Summer Srudyon Energy Efficiencv in Buildings,
Pacific
Vof . :, ppiZZS-Zlt, American Council for an Energy Efficient Economy,
CA, Aug.-SePtGrove.
S., Kissock' J. K', and Claridge, D' E" 1995' "The
Reddy, i. n.Ifatipamula,
HVAC EquipFunctional Basis of Sieady-State Thermal Energy Use in Air-Side
vol. ll7, pp. 3l-39'
ment," ASME JounN,c.LOr Soun Eruency ENclNrenlNc,
February.
W' D" and
Reddy, T. A., Saman, N. F., Claridge, D' E'' Haberl, J' S" Tumer'
A., tggi , "Baselining Methodology for Facility-I-,evel Monthly Energy
Cillifd;,
Boston, MA technical
Use-Part l: Theoretical Aspects," ASHRAE BN-97-16-4,
paper.
'
..Uncertainty of Measured Energy
heddy, T.A., and claridge, D.E., lggg,
Journal'
Suuinlt irorn Statistical Baslline Models," submitted to HVAC&R
--nuEt,
and
D. K., Kissock, J. K., and Reddy, T. A., lgg3, "Model Identification
Prediction Uncertainty of Linear Building Energy Use Models YithAutoconelated
1993, Proceedings of the ASME International
Residuals," Solar ingineering
-Siii,
by
Conferince, pp. ASS-+ll, Washington D.C., April; accepted
i"ir,y
ASME
-nu"t',JSEE.
..A
p. K., and Claridge, D. E., 1993,
Development and.Comparison of
for Commercial
NAC Estimates for Lineai and Change-Point Energy Models
Buildings," Energlt and Buildings, Vol. 20' pp' 87-?l:
197f, Principles of Economerrics, John Wiley, New York'
fneifH.,

change of Address Form for the Journd of soler Energy Engineering

If you are planning
To Move, Please
Notify The
ASME-Order DeP't
22 Law Drive
Box 2300
Fairfield, N. J. 07007-2300
Don't Wait!
Don't Miss An Issue!
Allow Ample Time To
Effect Change.

Present Address - Affix

from Label

Print New AddressBelow
Name
Attention
Address

city -

192 I Vol. 120, AUGUST 1998

Label or Copy Information

Stateor country

ziP -

Transactions of the ASME

