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ABSTRACT
This paper reports on some of the research findings of
ASHRAE RP-1404 meant to develop and assess methods by
which short-term in-situ monitoring of weather-dependent
building energy use could be used as a workable alternative to
yearlong monitoring in monitoring and verification (M&V)
projects. The RP-1404 research explored two different
approaches: a detailed one based on hourly data and monitoring periods ranging from two weeks to a full year, and a
coarse approach based on daily data and monitoring periods
in monthly increments. A specific aspect pertinent to the latter
approach is described in this paper, which is an advancement
to the current state of the art for M&V baseline modeling.
An earlier paper (Abushakra et al. 1999) had proposed the
hybrid inverse model (HIM) approach, which, based on shortterm monitoring, allows the development of inverse models
capable of accurately predicting the hourly building energy
use for the whole year. The approach combines the information
from recent yearlong utility bill data (which captures the
annual energy-use pattern) along with monitored building
energy use, weather variables, and internal loads for a few
weeks (which capture the effect of building operating schedules). This approach (referred to in this paper as HIM-D, where
D stands for daily) has been reevaluated with data for three
commercial buildings, but with data summed at the daily level
as compared to the original study involving hourly timescale.
Further, this paper also reports on the relative accuracy of the
historic utility bill method where only yearlong utility bills are
used to develop the inverse model (UBIM). The study
concludes that about one month of monitored data is adequate
in developing accurate inverse models, and that monitoring
could be done at any time of the year. Further, it was found that

there is a significant improvement in daily model prediction
accuracy in using some amount of monitored data for developing the inverse model. Though inverse utility bill analysis is
a well known approach, this paper demonstrates that complementing utility bill data with short-term monitoring will
improve the accuracy of M&V baseline modeling methods
requiring daily energy-use predictions.
BACKGROUND
A crucial element in the basic methodology followed in
monitoring and verification (M&V) projects related to energy
retrofit savings involves developing a model for the baseline or
preretrofit building energy use. The various model approaches
available and the advantages and disadvantages of each have
been discussed in several papers; to name two: Kissock et al.
(1998) for single-variate (SV) models and Katipamula et al.
(1998) for multivariate linear models (MLR). A pertinent
issue specific to regression models of monitored energy use in
buildings that are weather-dependent, relates to the length of
the baseline data period from which the inverse model is identified. Although there are no absolute rules for determining the
minimum acceptable length of the preretrofit period for the
regression model to accurately predict long-term system
performance, a full year of energy consumption data is likely
to encompass the entire range of variation of both climatic
conditions and the different operating modes of the building
and of the HVAC system. However in many cases, the M&V
project costs and timelines may preclude monitoring over a
whole year, so model development would need to be done over
shorter periods.
The accuracy with which temperature-dependent regression models of weather-dependent building energy use identified
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from short data sets (i.e., data sets of less than one year) are able
to predict annual energy use has been investigated with monitored data by Kissock et al. (1993) for SV models and by Katipamula et al. (1995) for MLR models. Further investigation has
also been done with synthetic energy-use data generated from
engineering models (Reddy et al. 1998) and has been studied in
previous ASHRAE research projects (for example, Reddy et al.
(2002) in the framework of RP-1004). All of these studies
concluded that regression modeling could be accurate and reliable only when several months (more than six months) of daily
data are used to develop the model. They also noted that excluding the effect of seasonal variation of the outdoor dry-bulb and
dew-point temperature in the models developed from short data
sets can cause significant prediction errors.
Abushakra (2000) and Abushakra et al. (1999) suggested
an analysis method (HIM) involving, in addition to utility
bills, a few weeks of hourly data of building energy use and
internal loads (so as to capture building schedules) along with
weather variables. The data would then capture both diurnal
and seasonal variability in energy use. Abushakra (2000) also
developed a procedure for selecting the two-week period of
the year that has the widest range of dry-bulb temperatures and
humidity ratio values while capturing the yearly mean of these
two variables. The annual predictive accuracy of models identified from short term data is discussed in the companion paper
(Singh et al. 2014) and by Abushakra and Paulus (2014a,
2014b, and 2014c).
OBJECTIVES
The objectives of this study are to reevaluate the hybrid
approach (referred to as HIM-D) with data from three
commercial buildings, summed at the daily level as compared
to the original work, involving hourly timescale; and to evaluate the superiority of this method as compared to inverse
models identified using historic utility bill data only.

+

E k = a + b  X 1 – DBT k  + c  DBT k – X 1 
+ d  w k – 0.009 

+

(1)

+

where k = 1 to 12 (indicating the 12 months of the year counted
from January), Ek is the monthly average daily energy use (for
electricity use in kWh/day and for heating and\ CHW in Btu/day
or in MJ/day), DBTk is the average monthly dry-bulb temperature (in °F or °C), and (wk – 0.009)+ is the average specific
humidity potential, which is dimensionless. X1 is the value of the
x-coordinate of the change point for DBT, while a, b, c and d are
regression coefficients. The ( )+ notation indicates that the value
of the parenthetic term shall be set to zero when it is negative.
This function can be used in either SI or IP units. Reductions to
two and three-parameter model formulations are obvious and
can be found in standard references such as Guideline 14
(ASHRAE 2002).
The second stage uses the daily lights and equipment
loads (LTEQ) as the regressor variable (thereby accounting for
the occupancy patterns of the building), so as to create a hybrid
model. The coefficients d and e are found by taking the residuals of the previous model using the regressors at a daily basis
i and regressing them against LTEQ:
+

E i – b  X 1 – DBT i  – c  DBT i – X 1 
– d  w i – 0.009 

+

+

(2)

= e + f  LTEQ i 

where Ei is the energy use during day i of the year. Finally, the
model coefficients from stage one and two are combined to
yield a consolidated complete model for predicting energy use
during any day i (Figure 1):
+

E i = e + b  X 1 – DBT i  + c  DBT i – X 1 
+

+

(3)

+ d  w i – 0.009  + f  LTEQ i 
UBIM: Utility Bills Only

DESCRIPTION OF ANALYSIS METHODS
HIM-D: Utility Bills + Monitored Data
The HIM-D approach for predicting energy use combines
monitored daily energy use, internal loads, and weather variables, with at least one year of recent utility bills (representing
the long-term data) to predict the building energy performance
for the whole year. The utility bills are usually accurate and are
an easily acquired source of building energy-use information.
In order to minimize the confounding effects of colinearity
between regression variables, the model identification is
conducted in two stages (Abushakra 2000). The first stage is
to formulate a regression model functional form. Selecting a
multivariate version of the 4P model (i.e., a four-parameter
model with a hinge or change point model in temperature plus
a humidity term) will result in:
2

The utility bill inverse modeling (UBIM) approach is the
traditional approach widely used to analyze yearlong utility
bills. There is extensive literature on the various inverse methods to model utility bill data, and one of the variants, namely the
monthly mean temperature model (or MMT) approach is
adopted here (ASHRAE 2002). This model is essentially what
is given by Equation 1 if a four-parameter model is chosen. The
model parameters once identified from utility bills can be used
to predict energy use at daily timescales if the corresponding
regressors are also selected at daily timescales. The analysis
results in terms of predictive accuracy of the models can be
evaluated at both the monthly as well as annual timescales.
EVALUATION APPROACH
The HIM-D and UBIM modeling approaches have been
applied to three buildings (two synthetic and one actual) for
which a full year of data was available for analysis. These
DE-13-015

PREPRINT ONLY. Authors may request permission to reprint or post on their personal
or company website once the final version of the article has been published.

buildings corresponded to a large hotel in Chicago, IL, to an
office building in Albuquerque, NM, and to a large hotel in
Washington, DC. Table 1 summarizes the key features of
buildings chosen for analysis, while the final project report
contains detailed description of these buildings (Abushakra et
al. 2013). Three energy-use channels are considered for analysis, namely, whole building electric (WBE), cooling energy
use (CHW), and heating energy use (HW) and the analysis has
been done at daily timescales.
To determine the accuracy of the models derived from the
short data sets, the values of annual energy use predicted by

Figure 1 Flowchart showing the manner in which the
Hybrid Inverse Model using daily data (HIM-D)
was identified and then used in the present
analysis, which involved investigating the effect
of different starting months and lengths of
monitoring (1–3 months).
Table 1.
No

Building Description

models obtained from short data sets are compared to the
actual energy use in the original data set. The predictive accuracy of the models is evaluated based on two statistical indices:
coefficient of variation of the root mean square error or CV
(%), and the normalized mean bias error or NMBE (%)
(ASHRAE 2002; Reddy 2011).
In the research reported in this paper, the analysis has been
limited to daily timescales instead of hourly. Since the overall
ASHRAE RP-1404 research aims at finding the shortest period
suitable for in-situ energy-use monitoring, the length of the
period for this analysis is limited to a maximum of three contiguous or consecutive months. Thus, the models are generated for
each starting month of the year (January–December), with each
selection subsequently augmented in increments of one month
to a maximum of three consecutive months to mimic different
durations of monitoring. For example, for the starting month of
January, the first model is generated using the data for January
only which is then augmented in increments of one month, i.e.,
January–February, and then, January–February–March. The
same is repeated for each starting month of the year. The entire
process is depicted by the flowchart in Figure 1. It is noted that
all analysis results presented in this paper are based on the year
separated into six periods instead of 12 monthly periods. For
example, one could have performed the two-contiguous month
analysis by overlapping the months; for example January–
February, February–March, March–April, which would have
resulted in 12 periods. No substantial insights were gained by
doing so, and selecting six periods reduces the analysis effort
and the clutter in the presentation of the results.
Since the CV (%) is calculated as the ratio of the root
mean squared error (RMSE) to the mean of the dependent variable, it describes the model fit in terms of the relative sizes of
the squared residuals and mean outcome values. Lower CV
(%) implies smaller residuals relative to the predicted value.
NMBE (%), often simply stated as bias error, refers to how far
the average statistic lies from the parameter it is estimating,

Descriptive Summary of Buildings Chosen for Analysis
Area

Type of data*

Variables
Response (Energy)

Regressor

1

Large Hotel
Chicago, IL
(06/06–05/07 Data)

619,200 ft2
(57,525.6 m2)

S

WBE, CHW, HW

DBT, LTEQ

2

Office Building
Albuquerque, NM
(2004 Data)

17,430 ft2
(1619.3 m2)

C

WBE, HW

DBT, LTEQ

3

Full Service Hotel
Washington DC area
(2009 Data)

212,000 ft2
(19,695 m2)

A

WBE

DBT

* S = synthetic data from detailed simulation program, C = detailed simulation model predictions calibrated against few months of monitored data, A = actual monitored data
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Figure 2 Month-by-month variation in CV (%) and NMBE (%) for WBE energy-use predictions using HIM-D and SDIM
approaches for the large hotel in Chicago, IL. The top frames correspond to one month of monitored data while the
bottom frames correspond to two months.

i.e., the biased error which arises when estimating a quantity.
Thus, low CV (%) and low NMBE (%) values are indicative
of a good predictive model.
A model that has a low NMBE (%) can accurately predict
the total energy consumption even if the prediction CV (%) is
high. The fact that electric utility rate structures have an important demand component along with energy-use rates suggests
which pertinent statistical goodness-of-fit measures to
consider. Thus, when evaluating the accuracy of models for
predicting WBE, both CV and NMBE at monthly timescales
need to be considered. However, CHW and HW energy-use
models need to predict energy use more accurately. Thus for
WBE, a model with lower CV (%) is deemed to be better,
while for CHW and HW, a model with lower NMBE (%) is
perhaps the better choice.
In addition, for each case, the results have been compared
against an alternative model identified uniquely from shortterm monitored data. This approach, called SDIM (short data
inverse model) has the following functional form:
+

+

E i = A + B  X 1 – DBT i  + C  DBT i – X 1  + D  LTEQ i 
(4)
where Ei is the daily energy use (WBE, CHW, and HW), and
A, B, C, and D are regression coefficients.
4

The SDIM models for the three energy-use channels are
generated using daily averages for DBT and LTEQ.
ANALYSIS RESULTS
Results of the HIM-D Approach
The time series plots of CV (%) and NMBE (%) for WBE
and CHW are shown in Figures 2 and 3 for different starting
months and lengths of monitoring. The corresponding figures
for HW can be found in either Singh (2011) or in Abushakra
et al. (2013). The y-axis scales have been deliberately chosen
to have a maximum of 200% since goodness-of-fit values
beyond that threshold imply such poor models that exact
numerical values have little practical use. The results obtained
for all three energy channels for both buildings are summarized in Tables 2 and 3. The SDIM results are also shown on
the graphs for easier comparison between the two methods.
It is obvious that there is a clear advantage in using HIMD since the CV (%) and NMBE (%) values are: much lower
than those from SDIM, vary little with the monitoring length
chosen or with the month in which monitoring is initiated, and
one month of monitoring would provided the goodness-of-fit
that can be achieved with the data at hand. The variations in the
goodness-of-fit indices for CHW models identified from
SDIM are very large with them reaching acceptable levels
DE-13-015
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Figure 3 Month-by-month variation in CV (%) and NMBE for CHW, but for CHW energy use and for the three instances
where one month, two months, and three months of monitored data are available for model identification.

only during certain months of the year. The length of monitoring seems to have only a little effect on the model fits. On
the other hand, SDIM models for WBE are acceptable and
comparable to those of HIM-D when two months are used.
Looking closely at the results, one finds that the models
regressed with data from the swing seasons tend to have
marginally better predictions compared to the data obtained
from the peak summer or winter periods. This conclusion
agrees with the algorithm developed by Abushakra (2000) that
finds the (relatively) best time of the year to conduct the monitoring. If one was constrained to monitor for one month only,
April/May or October would be the best choices for Chicago.
For Albuquerque, March and September are found to be the
best for identifying predictive models for WBE, while any
month from April to September is equally good for HW model
identification. Such recommendations are obviously dependent on the location and type of building, and some insights
DE-13-015

into this issue are provided in the companion paper (Singh et
al. 2013).
Results of the UBIM approach
The UBIM approach aims at predicting long-term building performance at daily timescales using utility bills only
with no monitoring at all. The analysis method has been tested
only for the WBE energy channel for the three data sets. The
intent is to determine if utility bills alone can be used to satisfactorily predict daily energy use, and also to investigate the
loss in predictive accuracy compared to the HIM-D approach.
Energy-use data for each day of the year have been generated using the models. The errors between the model predictions
and the measured data, i.e., NMBE (%) and CV (%), have been
computed and analyzed at monthly as well as annual timescales.
This would help provide insights into how well the model gener5
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Table 2. Summary of the Two Statistical Goodness-of-Fit Indices for
Three Energy Channels for the HIM-D Approach for the Large Hotel in Chicago, IL
WBE

CHW

HW

Base Period
CV (%)

NMBE (%)

CV (%)

NMBE (%)

CV (%)

NMBE (%)

January

5.78

0.49

29.18

3.18

31.15

20.01

March

4.50

2.24

28.96

2.92

24.43

–7.67

May

3.44

0.38

31.51

7.81

23.09

1.81

July

3.86

–1.97

31.71

–12.52

23.63

–1.24

September

3.60

–1.14

30.02

–2.79

24.32

4.59

November

3.59

0.58

29.12

0.22

25.77

8.15

January–February

4.01

1.81

29.16

3.37

23.20

3.51

March–April

3.38

0.45

28.87

–2.34

24.81

–4.14

May–June

11.85

–4.50

29.73

7.48

23.13

1.27

July–August

3.37

–0.19

31.04

1.38

23.69

–2.06

September– October

3.38

–0.49

29.40

3.07

23.37

5.69

November–December

21.03

1.18

28.96

1.30

24.01

4.00

January–March

4.12

1.94

29.12

3.28

23.90

–4.27

March–May

3.38

0.31

29.72

2.84

23.59

–4.47

May–July

3.36

–0.54

28.88

0.95

23.24

0.41

July–September

3.45

–0.63

30.44

0.35

23.56

–0.26

September– November

3.32

–0.12

28.76

1.42

23.63

6.57

November–January

3.67

1.24

28.96

1.73

24.66

9.60

One month of monitoring

Two months of monitoring

Three months of monitoring

ated from utility history alone is able to predict the energy use for
each month of the year as well as for the whole year.
Large hotel – Chicago, IL. The time series plots (Figure 4)
illustrate the difference between the baseline energy use and data
predicted from the HIM-D and UBIM modeling approaches.
Monitored data for the two months (March–April) are used to
identify the regression model for HIM-D. The loss in prediction
accuracy when adopting UBIM is clearly evident. Since utility
bill data alone do not capture the daily schedules in the internal
loads of the building, the model overpredicts the energy use over
the weekends for a major portion of the year and underpredicts
for some portions. On the other hand, HIM-D is able to satisfactorily capture the energy-use dips during weekends.
The time series plots of CV (%) and NMBE (%) in Figure
5 and Figure 6, respectively, allow comparison of the predictive
accuracy of the two methods. Table 4 assembles the relevant
goodness-of-fit statistics for all models. The NMBE errors are
6

in most cases less than ±3% for either case. The errors for HIMD, however, are lower compared to those of UBIM. Since the
CV (%) is a better indicator of the predictive accuracy when
analysis is done at monthly timescales, one would unambiguously conclude that HIM-D allows for more accurate predictions on both monthly as well as annual timescales. The
monthly CV(%) values for UBIM vary from 12% to16%. It is
further reduced by approximately 10% when information from
monitored data from just two months (March-April in this
case) is used in addition to utility history for generating the
regression model. The CV(%) values of monthly predictions
for HIM-D range between 2.4% to 4.3% while the annual CV
(%) values for HIM-D and UBIM are 3.38% and 14.26%,
respectively.
Office building – Albuquerque, NM. Analysis of the
office building at Albuquerque (see Singh 2011) also supports
the previous conclusions. The utility bill data model fails to
DE-13-015
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Table 3. Summary of the Two Statistical Goodness-of-Fit Indices for
Two Energy Channels for the HIM-D Approach for the Office Building in Albuquerque, NM
Base Period

WBE

HW

CV (%)

NMBE (%)

CV (%)

NMBE (%)

January

27.50

–11.57

14.47

0.50

March

23.50

–5.06

11.53

0.32

May

23.78

–1.95

12.54

0.04

July

27.05

9.62

12.66

–0.35

September

26.88

12.62

12.52

–0.52

November

25.98

0.20

12.36

2.00

January–February

26.50

–8.37

13.29

–0.79

March–April

22.90

–4.49

11.85

1.15

May–June

24.45

0.71

12.59

–0.01

July–August

28.34

11.50

12.65

–0.41

September–October

23.91

7.98

12.18

0.73

November–December

25.97

–5.19

14.45

–2.09

January–March

25.37

–7.15

12.51

–0.22

March–May

22.95

–3.54

11.48

0.39

May–July

25.03

3.38

12.61

–0.13

July–September

27.67

11.64

12.60

–0.45

September–November

23.48

5.89

11.52

0.98

November–January

26.17

–7.19

14.39

–1.10

One Month of Monitoring

Two Months of Monitoring

Three Months of Monitoring

capture the daily trends of internal loads in the building, and
so, not surprisingly, the model generated using utility data
only overpredicts the energy use for the weekends when internal loads are lower.

history for generating the regression model. The CV(%)
values of monthly predictions for HIM-D range from 12% to
28%, while the annual CV (%) values for HIM-D and UBIM
are 22.9% and 53.5% respectively.

Table 5 assembles the relevant goodness-of-fit statistics
for all models. The time series plots of CV (%) and NMBE (%)
are shown in Figures 7 and 8 respectively. The average
monthly NMBE errors for HIM-D range from –15% to13%,
and for UBIM from –26.8% to –9%. Since the CV (%) is a
better indicator of the predictive accuracy when analysis is
done at monthly timescales, clearly, HIM-D yields more accurate predictions on monthly as well as annual timescales. The
monthly CV(%) values for UBIM, when only the utility data
is used, vary from 40% to 55%. Further, it reduces to approximately half when information from monitored data from two
months (March–April in this case) is used in addition to utility

Service hotel – Washington DC area. The data available
for the full service hotel located in Washington DC includes
only monitored data for WBE and DBT for one complete year.
Since there is no information available regarding the LTEQ
loads of the building, only utility bills have been used for
predicting the performance of the building. The specific
humidity data was unavailable, and so humidity potential
(w·0.009)+ could not be used as a regressor; therefore, only
DBT is used as the regressor. Table 6 summarizes the results
for the UBIM method for the service hotel located in Washington DC.

DE-13-015
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Figure 4 Plot illustrating how the two modeling approaches (HIM-D and UBIM) are able to capture the annual variation in
WBE for the entire year for the large hotel in Chicago, IL. Note that UBIM is unable to capture the weekend drop
in WBE while HIM-D is able to do so.

Figure 5 Month-by-month variation in the CV(%) for WBE for different modeling approaches for the large hotel in Chicago,
IL at monthly and annual timescales.

The time series plots of CV (%) and NMBE (%) in Figure
9 reveal the predictive accuracy of the UBIM model approach.
The average errors for predictions for different months of the
year vary from –11.3% to 2.9%. The CV (%) also shows large
variations over the year and ranges between 7% to 16.9%. The
annual CV (%) for this case is 11%. In this case, the utility bills
prove to be a good source for accurately predicting the building energy use. However, additional knowledge regarding
internal loads would have probably made the prediction
results even more accurate.
Clearly, there is an advantage in using some amount of
monitored data for predicting annual building performance.
As seen in the three case studies described above, adding only
two-months of monitored data to the utility bill information
greatly improves the prediction results. However, in case there
is no monitored data available, utility bills can be used to
provide a fairly accurate estimate of the long-term energy-use
8

patterns of the building energy use at both monthly as well as
annual timescales.
CONCLUSIONS
The HIM-D approach enhances the value of utility bill
data with information from a short data set of monitored daily
energy-use, internal loads, and weather variables. The results
showed a clear advantage in using such a hybrid inverse
modeling approach for the prediction of energy use in a building, when compared with the traditional utility bill analysis (of
the order of 10% to 30% in CV and 3% to 15% for NMBE in
absolute terms). Since the method uses utility history to represent the long-term data, a much shorter monitoring period was
found to be sufficient for estimating long-term energy-use.
The long-term predictions for the energy channels were found
to be almost the same irrespective of the time of the year
chosen for monitoring. Not much improvement in the longDE-13-015
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Figure 6 Month-by-month variation in the NMBE (%) for WBE for different modeling approaches for the large hotel in
Chicago, IL.

Table 4. Summary of The Two Statistical Goodness-of-Fit Indices for
WBE for HIM-D and UBIM Models for the Large Hotel in Chicago, IL
UBIM Approach

HIM-D Approach

Month of Year
NMBE (%)

CV(%)

NMBE(%)

CV(%)

January

0.1

13.0

–0.3

3.1

February

–1.1

13.9

–0.4

3.0

March

–2.1

13.4

–0.7

2.7

April

–2.4

14.9

0.8

2.4

May

2.2

12.3

0.1

2.4

June

3.4

13.4

1.1

3.5

July

1.1

12.1

2.1

3.6

August

–2.9

15.1

0.1

4.3

September

1.2

16.1

1.5

4.1

October

0.5

12.8

0.9

3.2

November

–3.0

13.4

–0.1

3.2

December

–1.5

15.2

–0.4

3.1

Annual

–0.27

14.26

0.45

3.38

term predictions was observed when the period from which
the regression models were generated was increased from one
to three months. In almost all cases, only one month of monitored data was sufficient in predicting long-term energy use of
the building within acceptable accuracy levels. Models
regressed with data from the swing seasons were found to have
marginally better predictions compared to the data obtained
from the peak summer or winter periods. In the case of the
building in Chicago, April/May or October would be the best
DE-13-015

choices if monitoring were to be constrained to one month
only. In the case of Albuquerque, March and September were
found to be the best for measuring the WBE, and any month
from April to September was good for predicting HW of the
building. Enhancing the value of the utility bill information
with a short period of monitored daily energy-use data (as
short as one month) is therefore a simple and practical way of
improving the predictive accuracy of inverse building energyuse models for M&V purposes.
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Table 5. Summary of the Two Statistical Goodness-of-fIt Indices for
WBE for HIM-D and UBIM Models for the Office Building in Albuquerque, NM
UBIM Approach

HIM-D Approach

Month of Year
NMBE(%)

CV(%)

NMBE(%)

CV(%)

January

–14.5

43.2

9.4

20.5

February

–12.7

42.5

1.0

25.0

March

–9.7

40.8

–0.2

12.9

April

–10.6

47.9

0.3

14.8

May

–16.7

55.1

–2.7

24.9

June

–13.4

45.3

–5.6

15.5

July

–21.1

51.7

–10.8

27.6

August

–24.0

51.5

–14.4

20.0

September

–23.6

52.5

–15.0

27.3

October

–26.8

54.9

–9.4

26.0

November

–18.8

43.7

–7.3

28.2

December

–19.7

49.0

13.1

21.8

Annual

–17.9

53.5

–4.5

22.9

Figure 7 Month-by-month variation in the CV(%) for WBE for different modeling approaches for the office building in
Albuquerque, NM.

NOMENCLATURE

IMT

CHW = Cooling energy use, Btu/day (MJ/day)

LTEQ = Light and equipment, kWh/day

CV

= Coefficient of variation of the root mean square
error, dimensionless

NMBE = Normalized mean bias error, dimensionless

DBT

= Dry-bulb temperature, °F (°C)

HIM

= Hybrid inverse model

UBIM = Utility bill inverse model

HW

= Heating energy use, Btu/day (MJ/day)

WBE

10

= Inverse modeling toolkit

SDIM = Short data inverse model

= Whole building electric (kWh/day)
DE-13-015
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Figure 8 Month-by-month variation in the NMBE (%) for WBE for different modeling approaches for the office building in
Albuquerque, NM.

Table 6. Summary of the Two Statistical Goodnessof-Fit Indices for WBE for UBIM model for the hotel in
Washington D.C.
UBIM Approach
Month of year
NMBE%

CV%

January

0.0

7.0

February

–2.9

9.2

March

–9.5

16.8

April

–9.8

16.9

May

–11.3

14.2

June

–1.2

9.9

July

2.4

9.2

August

2.9

7.3

September

–1.2

10.4

October

–4.8

12.0

November

–8.2

13.6

December

–1.9

8.1

Annual

–3.2

11.0
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