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ABSTRACT
Accurate estimation of uncertainty in energy use predictions from statistical models finds applications in a number of
diverse areas of interest to building energy professionals.
Examples include the determination of measured energy
savings in monitoring and verification (M&V) projects;
continuous commissioning; and automated fault detection,
wherein improper building or equipment performance is to be
detected. All these applications generally involve identifying a
baseline statistical model representative of energy use prior to
the retrofit (or to energy use under fault-free operation) and
then ascertaining the energy savings (or the penalty for faulty
operation) as the difference between the measured post-retrofit
energy use and the corresponding model-predicted value.
Unfortunately, the model residual outliers are ill-behaved, and
estimates of the uncertainty in the energy savings tend to be
unrealistic. Developing a general methodology for determining more realistic, robust, and credible estimates of the uncertainty in energy savings would be of great value and is the
objective of this paper.
The proposed approach is to determine the uncertainty
from “local” system behavior rather than from global statistical indices of the model fit, such as root-mean-square error
and other measures, as is the current practice. This is done
using the nonparametric nearest-neighborhood-points
approach, which is well known in traditional statistics. The
methodology is applicable to any type of statistical model
approach, such as regression, time series, and neural
networks, and could be coded into a computer package that can
be appended to existing M&V analysis programs. Two case
study examples using daily building energy-use data serve to
illustrate the proposed methodology. The ultimate benefit of

such a reliable and statistically defensible method is to lend
more credibility to the determination of risk associated with
energy savings from energy efficiency projects and thereby
induce financial agencies to become more involved in “white
tag” and allied certification programs.
BACKGROUND
A monetary investment made into enhancing the energy
efficiency of various equipment in an existing building or
central plant carries some risk in energy savings not being
achieved in reality. The unavoidable uncertainty present in
these savings estimates is tied to risk in the investment and has
a well-defined monetary association. Reducing uncertainty
has a tangible monetary benefit and enhances market credibility. A comprehensive, quantitative, and widely accepted
approach to ascertaining monitoring and verification (M&V)
energy savings could revolutionize the energy efficiency
market. Consider the “Green tags” (also known as Tradable
Renewable Certificates, Renewable Energy Certificates, or
Renewable Energy Credits) that certify purchased renewable
energy and can be sold or traded. Measurement of the power
generated by, for example, a wind turbine and the procedure
for determining its associated uncertainty is generally well
accepted; this fact plays an essential part in establishing
market credibility. A method to “measure” savings from many
of the energy efficiency measures (called “White tags”)
requires much more analysis, since the savings that represent
the “absence” of use have to be determined indirectly.
In order to induce financial agencies to become heavily
involved in the widespread adoption of energy efficiency projects, an unambiguous, reliable, and statistically defensible
method must be developed for determining the uncertainties
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associated with the estimates. An uncertainty estimation
method cannot be tied to the specifics of the savings estimation
method; if it is, every time a new method is proposed for estimating the savings, one will have to revisit the uncertainty estimation method.
Statistical modeling of energy use in buildings and of
HVAC&R equipment and systems has been widely researched
by building energy professionals over several decades and has
achieved a certain amount of maturity and acceptance as testified by its routine application. This approach, described in
several papers and books (ASHRAE 2009), in essence
involves identifying regression models of either monthly,
daily, hourly (or subhourly) energy use of various equipment,
systems, or even whole-building cooling, heating, or electric
use against commonly measured regressors, such as climatic
variables, internal building loads, and other variables, which
can then be used for a variety of applications. Some examples
are determining measured energy savings in M&V projects;
continuous commissioning; and automated fault detection and
diagnosis (FDD), where improper building or equipment
performance based on baseline model residual outliers is to be
identified. Such conservation efforts would largely support
ongoing efforts toward a sustainable energy future. The
general discussion in this paper is geared toward M&V applications, though it is equally valid for FDD applications as well.
The development of M&V protocols and standards, such
as those by FEMP (1996), International Performance
Measurement and Verification Protocol (IPMVP) (DOE
2005), and ASHRAE Guideline 14 (2002), have provided a
crucial and needed engineering underpinning to the performance contracting business launched by the building energy
service companies (ESCOs) over two decades ago. Even back
in 2002, the ESCO industry was a $2 billion market, and it
continues to grow as increased energy prices drain the operational budgets of commercial and institutional owners (Goldman et al. 2005). An evaluation of the impact of the IPMVP
document alone concluded that the ratio of benefit to cost of
the IPMVP program was about 7:1 (Kumar 2006).
Several studies have demonstrated that large amounts of
energy (often over 30%) are needlessly wasted by HVAC&R
equipment due to improper operation or by equipment that
have developed incipient faults (Claridge and Liu 2001; Katipamula et al. 2001). Energy management and control systems
in buildings routinely collect large amounts of hourly or
subhourly performance data for various subcomponents (such
as the chiller, air-handlers, boilers, lights, etc.) and at the
system levels; regression models developed from this data are
useful in identifying faults and evaluating the impact of rectifying them. Procedures to perform ongoing commissioning on
building systems based on monitored data have been developed involving either periodic interventions (Claridge and Liu
2001) or quasi-online methods (Anderson et al. 1989; Pape et
al. 1991; Reddy 2007; Seem 2007).
Consider M&V programs used to estimate energy and
cost savings resulting from energy conservation measures
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(ECMs). One of the three M&V options proposed by the
IPMVP (DOE 2005) is to monitor specific end uses for a short
period (of the order of weeks) before and after implementation
of the ECM. The savings are estimated as the difference
between pre- and post-ECM energy use normalized for factors
such as weather, occupancy, etc. These ECMs could be any of
a number of measures, including modifications to the building
internal loads or the HVAC system, replacement of existing
equipment by more efficient equipment, or performing tuneups or commissioning at various levels of detail. Some energy
efficiency measures are straightforward to evaluate from
direct measurements; examples are high-efficiency lighting
and motors. The benefits can be quantified, and a robust
market exists for these products. On the other hand, benefits
from some measures, such as building commissioning and
optimal control of building HVAC systems, are often not easy
to determine through simple direct measurements.
The determination of savings from such ECMs requires
that
1.

2.

an accurate baseline model be identified (often based on
statistical regression) in order to determine energy use
were the ECMs not implemented (see, for example, the
change point models developed by Kissock et al. [1998]
or the multivariate linear models by Katipamula et al.
[1998]), and
uncertainty in the savings (determined as the difference
between baseline model predicted and post-retrofit
observed values) be ascertained properly. Professionals
responsible for implementing M&V programs recognize
the importance of determining this uncertainty as accurately and realistically as possible and, if feasible, minimizing it. The ability to determine this uncertainty
provides both the energy professional and the building
owner with a better sense of the risk involved in the stated
energy savings estimate. The issue of how to determine
uncertainty from statistical models has been addressed in
numerous papers (Reddy et al. 1998; Reddy and Claridge
2000; ASHRAE 2002).

PROBLEM STATEMENT AND OBJECTIVE
The functional forms of the regression models are postulated empirically or from engineering thermodynamic and
heat transfer considerations, and statistical packages can be
used for conveniently performing the regression. However, the
error or uncertainty associated with these regression models is
often not characterized properly. In fact, most of the statistical
packages have error diagnostics that apply only to a limited
number of practical cases, and often users are not sufficiently
knowledgeable to discern these limitations.
An examination of the data fits on baseline energy modeling of most published studies (Katipamula et al. 1998; Reddy
et al. 1997; Reddy et al. 1998) reveals the model residuals are
improper (two of the most common patterns with (a)
heteroscedasticity or nonconstant variance and (b) patterned
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residuals, which are discussed in most statistical texts, for
example Reddy [2011] or Wonnacott and Wonnacott [1990]).
While some papers do not highlight this fact explicitly, those
that do so do not offer any satisfactory solution other than to
suggest that alternative model formulations or weighted
regression methods need to be explored. In any case, the standard uncertainty equations modified for this purpose (Reddy
et al. 1998; Reddy and Claridge 2000) simply use an overall
root-mean-square error (RMSE) of the model and neglect
issues such as heteroscedasticity and implicitly assume the
errors to be normally distributed. Most textbooks that discuss
regression model identification and the effect of improper
residuals (Reddy 2011) point out the danger of using models
with improper behavior in terms of interpreting the confidence
intervals of model predictions. One relevant result is that these
intervals would be either too narrow or too wide, depending on
the local region at which predictions are being made.
For example, change point models of energy use that
increase with outdoor temperature (such as electricity use)
seem to suffer from nonuniform model residual behavior on
either side of the change point as shown in Figure 1a. An
attempt by Reddy et al. (1997) to deal with heteroscedasticity
as illustrated in Figure 1a was to approximate this behavior
with a step-change behavior as shown in Figure 1b and derive
expressions for the model prediction uncertainty. Such an

(a)

(b)

Figure 1 Schematic representation of two types of
nonconstant model residuals with outdoor DBTs
commonly encountered with change point cooling
energy models (from an analysis of real data by
Reddy et al. 1997).
©2011 ASHRAE

attempt lacks both rigor and accuracy, though it could result in
somewhat more realistic uncertainty estimates over certain
ranges of parametric variation.
While including additional regressors is one choice, developing a general methodology to treat such improper behavior
would greatly enhance the credibility of M&V savings predictions and result in reduced risk to the program. The objective of
this paper is to propose a general methodology for determining
uncertainty in energy savings that is applicable to any statistical
baseline model and makes no assumptions of the probability
distribution of the model residuals.
METHODOLOGY PROPOSED
A rather different approach is proposed for determining
the uncertainty of savings estimates, which relies on local
model behavior as opposed to global estimates such as the
overall RMSE. To understand this approach, consider the
extreme case: the error distribution for winter days can be very
different from that for summer days. One can use separate
error distributions for the two seasons. More generally, to
determine the error distribution for a given day, only days
similar to that day should be used. This is the essence of the
proposed methodology. Before delving into details, let us
summarize how similar days are determined. If we are interested in daily energy use and if it depends only on the daily
average ambient dry-bulb temperature (DBT), then obviously
two days with DBTs close to each other would be similar (a
mathematical definition of closeness will be given later). The
energy use may also depend on other variables. Consider one
such variable: solar radiation. Two days with DBTs and solar
radiation close to each other would be similar. To implement
this concept, we need to assign proper weights for DBT and
solar radiation. The relative weight for a building with a large
glazing area should be different from the one with a small glazing area. Similar considerations apply to other important
determinants such as humidity. A quantitative method is
developed to address these issues.
First consider the traditional method. A statistical model,
such as a multiple linear regression (MLR) model or an artificial neural network (ANN) model of energy use is developed from pre-retrofit data. For a given post-retrofit day j, the
model is used to determine what the energy use would have
been prior to the retrofits E pre, model, j . The difference
between this and the measured energy use E post, measured, j
is the estimate of savings for the day:
E savings, j = E pre, model, j – E post, measured, j

(1)

Following the industry-accepted approach (Kissock et al.
1998; Reddy et al. 1998; Reddy and Claridge 2000), the uncertainty in the savings ΔE savings, j would be determined by the
measurement error in E post, measured, j 1 and the error in the
model prediction E pre, model, j . The latter error is usually the
more influential, while its accurate determination is elusive
given that traditional model prediction uncertainty statistical
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formulae apply only to well-behaved model residuals with
normal error distributions.
Energy use models identified by global or year-long data
do not adequately capture seasonal changes in energy use due
to control and operation changes made to the various building
systems, since these variables do not appear explicitly as
regressor variables (Reddy et al. 1998). Hence, global models
are handicapped in this respect, and this often leads to model
residuals that have different patterns during different times of
the behavior. The central premise of this paper is that the
uncertainty in this estimate is better characterized by identifying a certain number of days in the pre-retrofit that closely
match the specific values of the regressor set for the postretrofit day j and then determining the error distribution from
this set of days. Thus, the method is applicable regardless of
the type of model residual behavior encountered. The distribution of errors in E post, measured, j is specified by the set of
errors associated with the points in its vicinity. However, the
concept of vicinity requires a definition of the distance
between days, which is addressed below.
Let us assume that a statistical model with p-regressor
parameters has been identified from the pre-retrofit period
based on daily variables. Any day, to be specific, a pre-retrofit
day j can be represented as a point in this p-dimensional space.
If data for a whole year is available, the days are represented
by 365 points in this p-dimensional space. Associated with
each point, or day j, is an error term that is identical to the
model residual:
E error, j = E meas, j – E model, j

It can be argued that the uncertainty in Epost,measured,j is more than
simply the measurement error because of the effect of extraneous
factors that do not appear explicitly in the model. In such a case,
this uncertainty could be as high as the error in the pre-retrofit
model (i.e., model RMSE). This issue merits further investigation
and is outside the scope of this paper.
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p

d ij =

2
∑ w k2 ( X k, i – X k, j ) ⁄ p

(3)

k=1

where the weights w k are given in terms of the derivative of
energy E with respect to the regressors:
∂E pre, model
w k = ⎛ -----------------------------⎞
⎝
⎠
∂X k

(4)

The partial derivatives can be determined numerically by
perturbing the inputs by a small amount (say 2%) and recalculating the energy use. (A general exposition of numerical
computation of partial derivatives can be found in Reddy
[2011] or Holman [2001]). It is advisable to evaluate different
amounts of perturbations (say 1% and 4%) to ascertain the
robustness of the partial derivative computed.
The motivation for this definition of distance is that the
weight given to a direction in the parameter space should be
proportional to the rate of change of energy in that direction.
Days that are at a given energy distance from a given day lie
on an ellipsoid whose axis in the k-direction is proportional to
( 1 ⁄ w k ) . This concept is illustrated in Figure 2. Once a
maximum distance is selected, or if a pre-specified number of

(2)

One could expect that energy use during days that are
contiguous in the calendar will be akin to each other (with
consideration given to type of day: weekday, weekend, etc).
This could be one criterion by which to select neighborhood
points. Since one would expect the characteristics of the days
relevant for energy use to be similar too—i.e., the regressor set
of climatic and operational variables change slowly from one
day to the next. Rather than adopting this approach, the traditional and superior approach has been to view the data as cross
sectional in nature, overlook the time series nature of the data,
and use statistical regression models. Commonly used regressors for daily energy use in a building are the average daily
ambient temperature, solar radiation, and humidity; a more
exhaustive set would include, in addition, not just the average
daily values but the profiles during the day of ambient temperature, solar radiation, and humidity. It is therefore natural that
statistical regression models for E pre, model, j are multivariate
in nature. The definition of the distance d ij between two given
1.

days i and j specified by the set of regressor variables X k, i and
X k, j is defined as

Figure 2 Illustration of the neighborhood concept for a
baseline with two regressors (DBT and DPT). If
the DBT variable has more weight than the DPT
on the variation of the response variable, this
would translate geometrically into an elliptic
domain as shown. The data set of neighborhood
points to the post datum point, 75°F (23.9°C),
60°F (15.6°C), would consist of all points
contained within the ellipse. Further, a given point
within this ellipse may be assigned more influence
the closer it is to the center of the ellipse.
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points are taken, we can associate an ellipsoid with each postretrofit day in the parameter space; pre-retrofit days that lie
inside this ellipsoid contribute to the determination of uncertainty in the estimation of the savings for this particular postretrofit day. The distribution of uncertainties in the estimate
E post, j is given by the distribution of the estimates of
( E pre, j – E post, j ) inside the ellipsoid. The overall size of the
ellipsoid is determined by the requirements of making it as
small as possible (so that variations in the daily energy use are
small) while having a sufficient number of pre-retrofit days
within the ellipsoid. This may be a problem in sparsely populated regions, but one could argue that, for this very reason, the
contribution of such regions to annual energy use is likely to
be small.
A technical problem needs to be addressed. Given a baseline model that predicts energy as a function of the regressors,
it can also be used for derivatives with respect to the regressors. However, a model with possible bends and turns trying to
capture the energy use variations, while acceptable for energy
predictions, can result in artificially rapid changing derivatives. For this reason, a simpler model with slowly changing
derivatives should be used for computing the derivatives. The
implementation of this approach is explained with specific
examples. A more sophisticated but complex approach could
be developed but is left for future study.
SOME BROADER ISSUES
The above discussion can be reframed in a broader
perspective (see Figure 3). The determination of savings from
M&V programs involves two distinct issues:
1.

the basis of how energy use is predicted under baseline or
pre-retrofit conditions and

Figure 3 Overview of various approaches to determine
savings and associated uncertainty.
©2011 ASHRAE

2.

the basis of how the uncertainty in the baseline predictions is quantified.

Traditionally, a simple regression model or a multivariate
linear (MLR) model (Kissock et al. 1998; Katipamula et al.
1998) is used to capture the global behavior using the entire
data set (Figure 3). Both the model development (adopting
ANN or MLR) and the determination of uncertainty in the
predictions (using the overall RMSE and assuming the residuals to be normally distributed) are based on parametric methods. One improvement to issue (1) above would be to use ANN
models, which have several redeeming qualities, such as being
able to handle spatial nonlinearities in the response variable in
a logical and automated manner. The drawback is that it
requires larger data sets and, hence, one cannot use it to regress
monthly utility bills over one year except (perhaps) with ambient temperature as the only regressor. However, robust ANN
models can be identified from daily data as illustrated in the
next section. Another approach to issue (1) is not to use a
model at all but instead to use the observed energy use values
of the neighborhood points, weighted with the distance term
(route f in Figure 3). This is a valid option if the baseline data
set is rich enough in terms of data being available continuously
over the entire range of variation of all regressors. One can
simply break up the range into small discrete bins for each
regressor and determine the mean values and the standard
deviation of the corresponding response variable at each of
these bins to generate the necessary baseline model as a
lookup table. This approach would be acceptable even for data
with some scatter. However, this is almost never the case, and
either an interpolation or a regression model approach is
warranted. Another issue with such a nonparametric approach
is that although it is attractive in its simplicity, finding a suitable distance-weighting function is still an unresolved issue.
Hence, the model-free approach to baseline energy use determination cannot be advocated at this time, and the use of the
parametric approach (route e of Figure 3) should be taken as
superior to route f, with ANN having distinct advantages over
the traditional MLR method.
As for issue (2), one can envision two approaches irrespective of which approach was used for issue (1): a parametric
method (route b of Figure 3) and a nonparametric method
(route c) for determining uncertainty. The former entails
computing the RMSE of the global model, assuming a probability distribution for the errors (usually the normal distribution) and thereby inferring the confidence limits at any
significance levels (usually 95% but possibly 90% or 99% as
well). This is illustrated for the case study example using actual
data. However, it is our opinion that the errors are usually not
well behaved and may not have a neat distribution that one
could identify. The second approach (route d) is to generate the
error distribution from the residuals of the nearest neighborhood points and use either parametric method, depending on
whether the residuals are normal (route c) or not (route d), in
which case percentiles are used to specify confidence levels.
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For example, the 95% confidence levels could be determined
from 20 neighborhood points simply by dropping the lowest
and largest residuals and selecting the residual values of the 2nd
and 19th residuals. This is illustrated below in the synthetic
data set example.
Finally, the derivative in Equation 4 can be determined by
any accepted approach. If the numerical route is followed, this
is determined as follows: given the measured energy E pre, i
for each pre-retrofit day, and the characteristics of each day, a
method such as ANN is used to determine the functional
dependence and to obtain numerical derivatives. The use of
ANN models rather than the more widely accepted procedures, such as change point or MLR models, are preferable
because the ANN model approach provides a convenient way
to capture nonlinear functional discontinuities even though the
physical significance is lost. Further, the residuals tend to be
unbiased, provided a sufficiently high order of the ANN model
(as characterized by the number of nodes in the hidden layer)
is used.

Figure 4 Scatter plot of thermal cooling load Qc versus
DBT for the synthetic case study.

SYNTHETIC CASE STUDY
The proposed approach is illustrated with a simple example involving synthetic daily data generated by the DOE 2.1 E
building energy simulation model developed for a large hospital in the framework of another study (Maor and Reddy 2008).
The building, located in Newark NJ, is a seven-story
315,000 ft2 (29,300 m2), rectangular-shaped building with 10
thermal zones. Floors 1 thru 6 include 4 perimeter zones and
one interior (all assumed identical from one floor to the other),
and floor 7 also includes 4 perimeter zones and 1 interior
(these zones are different because of the roof). Building envelope properties, systems efficiencies, as well as operating
schedules (lighting, occupancy, etc.) are based on
ASHRAE 90.1 (2004) minimum requirements. Although a
variety of secondary air systems can be found in large hospitals, variable-air-volume and hot-water reheat systems were
assumed. Additional information on the building and the
building secondary systems can be found in the final project
report by Maor and Reddy (2008).
Though the simulation involves numerous variables, only
one the following variables are considered as they relate to a
subsequent statistical model:

Figure 5 Residuals of cooling load model for the synthetic
data set with DBT as the only regressor (ANN
model 1-10-1 with training using 80% data and
random testing data of 20%). Note the large
nonuniform residual variance.

regressors: DBTs, dew-point temperature (DPT), and
building internal electrical loads due to lights and equipment (Eint)
response: cooling coil thermal load (Qc)

due to humidity loads. How well a model fits the baseline data
and the quality of the fit can be ascertained by looking at the
model residuals. Figure 5 illustrates that even an ANN model
with DBT only still suffers from residuals that are ill behaved
(patterned with nonconstant variance). Thus, multiple regressor models are more appropriate for this case study example.

The hourly data is first separated into weekdays and
weekends and then averaged/summed to represent daily
values. Only the weekday data set consisting of 249 values
has been used to illustrate the concept of the proposed methodology. Figure 4 is a scatter plot of cooling load Qc versus
DBT. This is a typical plot showing strong change point
nonlinear behavior and a large cloud at the high DBT range

Previous studies (Katipamula et al. 1988) have demonstrated that only when the outdoor air dewpoint temperature
is higher than about 55°F (12.8°C) (which is usually close to
the cold-air deck temperature of the air-handler unit) do
humidity loads appear on the cooling coil due to the ventilation air brought into the building. Hence, the variable (DPT –
55)+ rather than DPT is used as the regressor variable in the

•

•
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model, such that (DPT – 55)+ = 0 when DBT < 55°F, and (DPT
– 55)+ = (DBT – 55) when DBT > 55°F. One issue that may
be encountered with MLR models is overfitting, which can
cause spurious variations in the derivative given by Equation
4. A simple solution to this problem is to use the most parsimonious model following well-known statistical concepts
such as stepwise regression (Reddy 2011; Wonnacott and
Wonnacott 1990). A more critical issue with multivariate
models in general is the collinear behavior between regressors; in the case of building energy use models, the most critical is the significant correlation between DBT and DPT. If
we ignore this, then the energy use model may have physically unreasonable internal parameter values but continue to
give reasonable predictions. However, the derivatives of the
response variable with respect to the regressor variables can
be very misleading. One variable may steal the dependence
from another variable, which will affect the weights assigned
to the different regressors.2 To mitigate this problem, we
propose fitting a model to (DPT – 55°F)+ vs DBT and using
the residuals of this model (ResDPT) instead of DPT in the
regressor set for energy use modeling. Thus,
+
+
ResDPT = ( DPT – 55° ) meas
– ( DPT – 55° ) model

(5)

where (DPT – 55°)+model may be either a simple regression
model or an ANN model between (DPT – 55°F)+ and DBT.
Though this procedure assigns more influence to DBT,
the collinearity effect is reduced. The model could be a simple
linear model or could be an ANN model, depending on the
preference of the analyst. The relationship between DBT and

Figure 6 Plot illustrating collinearity between DBT and
(DPT – 55)+ variables for the synthetic data set.
2.

If this correlation between regressors is linear, a standard way to
minimize its adverse effects is to use principal components,
which, unfortunately, seems to have little to no benefit in building
energy use modeling (Reddy and Claridge 1994).

©2011 ASHRAE

(DPT – 55°)+ shown in Figure 6 is modeled using a simple
linear model, which allowed us to determine ResDPT values.
Fitting the data with a 3-10-1 ANN model (three regressors,
one hidden layer with 10 nodes, and one response variable) has
much better residual behavior (almost unbiased with tight and
almost constant variance), as illustrated in Figure 7.
Consider the case when we wish to determine the uncertainty in the response variable corresponding to a set of operating conditions specified by DBT = 75°F (23.9°C), ResDPT
= 5°F (2.78° C), and Qint = 25,600 kW. The ANN 3-10-1 model
was used to numerically determine the gradients of these three
regressors:
∂Q c
------------------- = 5.0685
∂ ( DBT )

∂Q c
----------------------------= 7.606
∂ ( ResDPT )

∂Q c
------------ = 0.050
∂E int
Note that although the sensitivity of the model to Eint
appears small, its numerical value is high, so its absolute
impact on Qc is not negligible. However, this variable changes
little from one weekday to the next over the year, typically by
±20 kW from an average value of 25,600 kW. Consequently,
in order to better illustrate the implementation of the proposed
methodology, we have dropped this variable altogether.
The distance statistic for each of the 249 days in our
synthetic data set has been computed following Equations 3
and 4 and the data sorted by this statistic. The top 20 data
points (with smallest distance) are shown in Table 1, as are the
regressor values, the measured and predicted values, and their
residuals. The last column assembles the distance variable.
Note that this statistic varies from 1.78 to 23.06. Figure 8
depicts how the magnitude of the model residual varies with
the distance quantity defined by Equation 3. Where the 90%
confidence intervals are to be determined, a distribution-free
approach is to use the corresponding values of the 5th and
95th percentiles of the residuals. Since there are 20 points, the
two extreme values of the residuals shown in Figure 9 are
rejected, which yields the 90% limits (–8.426 and 8.29)
around the model predicted value of 233.88 MMBtu/day
(246,756.5 MJ/day) for the cooling energy use. In this case,
the distribution is fairly symmetric, and one could report a
local prediction value of (233.88 ± 8.3) at the 90% confidence
level. If the traditional method of reporting uncertainty were
to be adopted, the RMSE for the 3-10-1 ANN model, found
to be 5.7414 MJ/day (or a CV = 6.9%), would result in (±9.44
MMBtu/day or 9960 MJ/day) at the 90% confidence level.
Thus, in this case, there is some reduction in the uncertainty
interval around the local prediction value; but more importantly, this estimate of uncertainty is more realistic and robust
since it better represents the local behavior of the relationship
between energy use and the regressor variables. Needless, to
say, the advantage of this entire method is that even when the
residuals are not normally distributed, the data itself can be
used to ascertain statistical limits.
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(a)

(b)
Figure 7 Scatter plots of two different ANN models using synthetic daily data. These plots serve to illustrate (1) how model
residuals improve with multivariate regression and (2) that residual nonuniform behavior still persists even though
it is greatly reduced. (a) Residuals vs Qc of ANN model 1-10-1 with DBT as the only regressor and (b) residuals vs
measured Qc and measured vs modeled plots of ANN model 3-10-1 with three regressors (DBT, ResDPT, Eint).
ACTUAL BUILDING CASE STUDY
The approach described above has been applied to data
from a large campus building (Haberl and Thamilseran 1996).
The daily chilled-water energy (Qc) use is the response variable, while the regressor set is composed of the daily average
outdoor temperature (DPT), daily average residual dew point
(ResDPT), daily total global horizontal solar radiation (SOL),
and daily total lights and equipment electrical energy usage
(Eint). A total of 91 days of data for the campus in session was
available. As with the synthetic case study, decorrelation
between DBT and DPT is accomplished by using ResDPT as
the regressor variable. A 1-1-1 neural net was used to determine the overall relationship between DBT and DPT; the
resulting fit is shown in Figure 10. A 4-4-1 neural net model
466

is used to relate Qc to the four regressors; the resulting fit is
shown in Figure 11. This results in a set of 91 residuals.
Consider the problem of determining the savings for a
given post-retrofit day (May 7). The measured Qc for that day
was 94.5 MMBtu/day (99,703 MJ/day). The neural net model
of pre-retrofit energy use predicts that the energy use would
have been 120.1 MMBtu/day (126,607 MJ/day) without the
retrofits. The savings estimate is 25.6 MMBtu/day (27,009
MJ/day). The uncertainty distribution in the estimate of 120.1
MMBtu is determined from the prediction errors for the 20
pre-retrofit days closest to the post-retrofit day based on the
regressor variables. The distance between days is defined
through Equations 3 and 4. The derivatives needed to evaluate
the distance are very sensitive to overfitting; small twists and
turns in the response surface have significant effect on the
ASHRAE Transactions
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SUMMARY

Figure 8 Model residuals vs distance for the 20 nearest
neighborhood points for the synthetic case study
data.

derivative even though the effect is not significant in the model
fit. One way to mitigate overfitting is to use a cross-validation
approach (Reddy 2011). During model development a
randomly selected portion, for example 20% of the data (testing data) is set aside, and the model is developed with the rest
of the data (training data). A signal for overfitting is if the
model gives significantly better fit to the training data than to
the test data. Some commercial software programs automatically perform this check in model development and reduce the
number of parameters (for example, they reduce the number of
hidden nodes in a neural net). For computing derivatives
needed to calculate distance between days, it is essential to
avoid artificially large changes in the derivatives. Therefore,
we start with a simple model and increase the number of
parameters only if it does not result in large changes in derivatives. The simplest neural net model is one with zero hidden
nodes, which is equivalent to a linear regression. In such case,
resulting derivatives are shown in Table 2.
Daily internal gains vary little and, therefore, the corresponding derivative is not significant. This distribution is
shown in Figure 12, ordered by distance. From these 20 days,
the standard error is determined to be 6.4 MMBtu/day (6752.3
MJ/day). If the post-retrofit energy use for the day has no
errors, then the uncertainty in the savings estimate would be
6.4 MMBtu/day.Thus the final estimate of savings for the day
is 25.6 ± 6.4 MMBtu/day (27,009 ± 6752.3 MJ/day). Had all
91 days been used, the uncertainty estimate for this day
(May 7) and for all the days would have been 4.3 MMBtu/day
(453.7 MJ/day), which would have been an underestimation of
the uncertainty. The new method gives a more robust and realistic estimate.
©2011 ASHRAE

This paper proposes a general methodology, using local
system behavior, for determining uncertainty in baseline
models, which is more realistic and more robust than current
approaches. The entire process is summarized in Table 3 in
the form of algorithmic steps. Rather than use global model
goodness-of-fit measures, such as the RMSE, and presume
certain distributions for the residuals, the proposed approach
involves determining the uncertainty from local system
behavior using the nonparametric nearest neighborhood
points approach. The methodology is applicable to any baseline model (i.e., any type of statistical model approach, such
as regression, time series, neural networks, etc.) and could be
coded into a computer package that can be appended to existing M&V analysis programs. This paper discusses the issues
of savings determination and its associated uncertainty in a
broad contextual framework and clearly identifies and
discusses the different pathways that one could adopt to
reach the above goals. Two case study examples using daily
building energy use data, one based on synthetic data and the
other on monitored data from two large commercial buildings, serve to illustrate the proposed methodology. The ultimate benefit of such an unambiguous, reliable, and
statistically defensible method is to lend more credibility to
the determination of risk associated with energy savings
from programs such as LEED certification, cap-and-trade
programs for carbon dioxide emissions, and financing
programs involving energy efficiency.
NOMENCLATURE
DBT
DPT
d
E
Eint
Isol
i
j
k
m
n
p
Qc
ResDPT
w
SOL
X
ΔE

= dry-bulb temperature, °F
= dew-point temperature, °F
= distance between two days defined by
Equation 3
= energy use, baseline energy use
= electrical internal loads of the building, kW
= daily total solar radiation on a horizontal
surface
= index for day in pre-retrofit period
= index for day in post-retrofit period
= index for model parameters
= number of post-retrofit observation points
= number of pre-retrofit observation points
= number of model parameters or regressors
= cooling thermal loads, MMBtu/day
= variable defined in Equation 5
= weights of the regressor parameters, defined
by Equation 4
= daily total global horizontal radiation

= mean value of X
= uncertainty in E
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Table 1.

How Sorted Model Residual Values Can Be Used to Ascertain Pre-Specified Confidence Levels of the
Response Adopting a Nonparameteric Approach1

DBT, °F

ResDPT, °F

Qint , kW

Qc,model ,
MMBtu/day

Qc,model ,
MMBtu/day

Residuals,
MMBtu/day

Distance

1

74.67

4.76

25617.06

225.59

233.88

8.29

1.78

2

75.42

4.22

25635.42

236.36

231.39

–4.97

4.47

3

77.08

5.45

25630.61

240.21

248.19

7.98

7.85

4

76.54

6.23

25629.88

251.99

252.94

0.95

8.62

5

77.00

4.08

25623.76

239.01

238.55

–0.46

8.71

6

77.46

4.32

25618.99

241.97

242.60

0.64

9.54

7

72.83

3.88

25611.56

224.54

217.61

–6.93

9.82

8

77.75

5.00

25629.27

240.63

247.13

6.50

9.86

9

75.04

2.88

25607.72

221.23

223.84

2.61

11.40

10

75.29

2.85

25630.00

224.36

222.07

–2.29

11.61

11

74.71

2.80

25612.91

214.56

220.89

6.33

11.89

12

78.08

6.08

25635.17

252.04

256.14

4.10

12.49

13

77.33

3.07

25614.63

231.57

234.58

3.00

13.32

14

71.42

3.37

25612.97

210.83

204.44

–6.39

15.53

15

78.83

3.61

25619.70

238.85

242.55

3.70

15.63

16

73.67

2.19

25631.20

200.35

209.02

8.66

15.87

17

79.42

3.60

25635.32

250.10

241.68

–8.43

17.54

18

73.00

1.62

25604.46

213.35

204.23

–9.12

19.55

19

79.96

2.74

25625.37

240.66

239.73

–0.92

21.53

20

78.42

1.37

25606.91

224.75

230.06

5.32

23.06

1. Values of the regressor and response variables for the twenty closest neighborhood points from a reference point of DBT = 75°F (23.9°C) and DPT – 55°F = 5°F (2.78°C) determined using ANN model 3-10-1 are shown, as are the “distance” and the model residual values.

Subscripts
meas

= measured

post

= post-retrofit

pre

= pre-retrofit or baseline

savings

= energy savings
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Figure 9 Plot of the sorted residuals for the 20 closest neighborhood points to the reference point of DBT= 75°F (23.9°C) and
DPT – 55° = 5°F (2.78°C) for the synthetic case study data (based on the “Residuals” column data in Table 1). These
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Figure 10 Correlation between DPT and DBT from pre-retrofit weather data and best fit to that data from a 1-1-1 neural net
and residuals.
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Figure 11 Modeled (by a 4-4-1 neural net with regressors
DBT, ResDPT, Eint and global horizontal solar
radiation) vs. measured daily chilled-water
energy use for the 91 days in the data set.
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Table 3.

Algorithm of the Nearest Neighborhood Method of Determining Uncertainty in
Statistical Building Energy Use Models1

Step #

Description

1

Identify relevant regressors for the energy use of the given building and obtain these for each day of the pre-retrofit period. Make
appropriate variable transformations if necessary (such as for humidity) for each of the days.

2

Use the pre-retrofit daily energy use data to identify a suitable pre-retrofit daily model. This can be achieved with any modeling
approach of choice (such as change point models or neural network models).

3

For the specific post-retrofit day in question, measure the energy use and obtain the numerical values of the regressors at the daily
time scale.

4

Predict the pre-ECM energy use from the model of Step 3 and determine energy savings for the specific day from Equation 2.

5

Use global indices of the model fit such as RMSE to estimate the associated confidence intervals using traditional statistical formulae assuming ordinary least square assumptions. This optional step is done only to show what the traditional confidence interval would be, in comparison with the method proposed in this paper following the steps below.

6

Create a table listing all the days in the pre-retrofit period along with the corresponding regressor values, measured energy use,
predicted energy use (as per the model identified in Step 2) and the model residuals (similar to Table 1 except for the last column
under the heading “Distance”).

7

Identify a model for determining the sensitivity of energy to various regressors. This can be the same as the one in Step 2 or a
simpler one that completely avoids overfitting.

8

Using the model from Step 7, determine the partial derivatives of energy use versus each of the regressors (defined in Equation 4)
using any method of choice.

9

Compute the distance statistic defined by Equation 3.

10

Apply this distance statistic to each of the days in the table of Step 7 and sort them in ascending order (as in Table 1).

11

Subjectively decide on a total number of days to be used for the nearest neighbors (such as 20 in the example).

12

Determine confidence intervals from this nearest neighbor subset. If the 90% confidence interval is to be determined, take the 5th
and 95th percentiles of the residuals.

1. The steps are specific to daily timescales and to M&V application meant to verify savings resulting from an ECM. Steps 1–5 pertain to the traditional savings estimation methodology, while the new uncertainty algorithm proposed in this paper is described in Steps 6–12.
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