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EXECUTIVE SUMMARY

This is the second report of the ASHRAE 1093-RP project that reports on the progress
during the scheduled Phase II effort. In this report, we present:

(1) the data sets identified and acquired required for the analysis:
We have acquired data from 45 office buildings as follows: (1) lighting and
equipment data from 29 Office buildings available in the database at the ESL, (2)
lighting and equipment data from 9 Office buildings from LBNL (buildings that were
part of the Energy Edge project, and another project performed by LBNL), (3) typical
load shapes from 7 district-heated office buildings in Swedish cities (Noren 1997).
We will continue our contact with sources who originally offered help in this project.

(2) the method adopted for classifying the Office building categories:
We identified three Office building subcategories: (1) Small (1,001 - 10,000 ft2), (2)
Medium (10,001 - 100,000 ft2), and (3) Large (> 100,000 ft2) based on CBECS
(1997a and b).

(3) the relevant methods for daytyping necessary for creating the typical load shapes for
energy and cooling load calculation:
We describe the well-documented methods that were identified in the Preliminary
Report and three additional methods identified during Phase II; in total, we are
describing 10 methods developed in the U.S., and 1 method used in Europe. The
procedure and the use of each of these methods are described, and a method is
proposed for use in this project. Examination showed that none of the original
methods was optimal for use in this project. Therefore, the proposed method
incorporates elements of several previously developed techniques, and is presented as
a step by step method to achieve the goals of this research project.

(4) the relevant robust variability (uncertainty) analysis:
We propose an approach to account for the variability in developing the typical load
shapes, and the uncertainty in using the results based on a percentile measure of
central tendency.

(5) typical load shapes reported in the literature:
We include typical load shapes of lighting and equipment and total electricity
consumption in Office buildings that are given in the available literature. These
typical load shapes will be used as reality checks after we develop the diversity
factors and typical load shapes for this project.

(6) a test to assure the non-weather dependency (seasonal variation) of the lighting and
equipment data sets:
We propose to use BWM plots of the weekly-binned lighting and equipment hourly
loads as a first step in the daytyping to check for seasonal variation in the data which
will suggest an additional criterion for the final daytyping (i.e., summer/winter).
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(7) a proposed occupancy surrogate variable:
We propose using a surrogate variable for the occupancy typical load shapes. We
derived this variable from typical lighting and equipment load shapes, by two
different approaches: (1) using a transformation function, and (2) using linear
regression. We propose to use the transformation approach which was shown to be
more accurate in our tests.

The results obtained during Phase II will enable us to proceed with Phase III, as
planned.

Phase III will cover: (1) developing the typical load shapes for the acquired data sets,
using the proposed method, for both energy and cooling load calculations, (2) developing the
tool-kit for deriving the new diversity factors and general guidelines for their use, and (3)
developing illustrative examples of the use of the diversity factors in the DOE-2 and BLAST
simulation programs.

Most of the identified methods for daytyping and generation of typical load shapes were
developed to disaggregate monitored whole-building electricity consumption data (load research
data) into different end-uses, to avoid the additional cost of monitoring these end-uses. After
obtaining the reconciled end-uses data, the daytyping procedures were applied in order to
develop typical load shapes. For this project, we identified sets of monitored lighting and
equipment loads in office buildings; thus, in most cases there will be no need to disaggregate the
whole-building electricity consumption into end-uses, in the data sets acquired for use in this
project.

Most of the buildings include both the whole-building electricity consumption, and end-
use data (Lighting, Equipment, or Lighting + Equipment), and the daytyping approaches that
were developed for use with this type of data were mainly used for energy baselining and retrofit
savings calculation purposes within the inverse modeling techniques. We will combine elements
of these different approaches to generate the typical load shapes and diversity factors which will
be used in forward energy simulation programs (DOE-2, BLAST) for energy and cooling
calculation. In our analysis, we are proposing a method that combines the work that was
previously performed by Abbas (1993), Thamilseran and Haberl (1994), and Dhar (1995) to best
serve the purposes of this project, and assure the robustness of the results. None of these
methods, individually, can be used to automatically determine the daytypes and obtain the
corresponding diversity factors and typical load shapes that this research project wants to
achieve. Therefore, selected procedures have been extracted from different methods and merged
into a combined approach.

The work scheduled for Phase III of the project will be initiated based on the findings of
Phase II. The comments of the PMSC will be taken into consideration as of whether we should
try to modify our approach.

The typical load shapes that will be developed for design cooling load calculation
purposes, will differ from the ones developed for energy use purposes. For design cooling load
calculation, one needs to account for extremes (peaks) in the data. However, the absolute peak
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values of the lighting and equipment consumption may represent outliers or values that do not
robustly represent the case. Therefore, we propose two approaches to develop the typical load
shapes for design cooling calculations:

1. After identifying the daytypes for energy calculation, aggregate for each daytype a
"Design Day" with the hours equal to the mean of the 90th percentile values at each
hour (1-24).

or, if there is a clear seasonal variation identified in the data,

2. Consider summer and winter seasons separately, and aggregate for each season a
"Design Day" with the hours equal to the mean of the 90th percentile values at each
hour.

We will test these two approaches and consider other approaches as well, and recommend
the approach that is judged most appropriate.

The objectives of the project will be accomplished by completion of three phases, as
described in the RFP, with review and approval by the Project Monitoring Subcommittee
(PMSC) provided after the first and second phases, before initiating the next phase. The results
of Phase I of the project (Literature review and database search, Preliminary Report) are
reported in the Preliminary Report (May 1999), and the results of Phase II of the project
(Identified data sets, methods and variability analysis) are included in this report.

Phase III (Compilation of Diversity Factors and Preparing a library of diversity factors
and load shapes for energy and cooling load calculations, Project Reports and Technical Papers)
will proceed as soon as comments and suggestions on Phase II have been received.
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1. INTRODUCTION

This is the second report of the ASHRAE 1093-RP project that reports on the progress
during the scheduled Phase II effort. In this report, we present: (1) the identified and acquired
data sets required for the analysis, (2) the method adopted for classifying the office buildings
category, (3) the relevant methods for daytyping necessary for creating the typical load shapes
for energy and cooling load calculation, and (4) the relevant robust variability (uncertainty)
analysis. We also included in this report: (5) typical load shapes reported in the literature, (6) a
test to assure the non-weather dependency (seasonal variation) of the lighting and equipment
data sets, and (7) a proposed occupancy surrogate variable. The results obtained during Phase II
will enable us to proceed with Phase III as planned.

Phase III will cover: (1) developing the typical load shapes from the acquired data sets,
using the proposed method, for both energy and design cooling load calculations, (2) developing
the tool-kit for deriving the new diversity factors and general guidelines for their use, and (3)
developing illustrative examples of the use of the diversity factors in the DOE-2 and BLAST
simulation programs.

1.1 Work Completed in Phase I

The first report (Preliminary Report) for the ASHRAE 1093-RP project included: (1) an
extended literature search of methods used to derive load shapes and diversity factors in the U.S.
and Europe, (2) a survey of available databases of monitored commercial end-use electrical data
in the U.S. and Europe, and (3) a review of classification schemes of the commercial building
stock listed in national standards and codes, and reported by researchers and utility projects. The
findings of this preliminary report were the basis for performing the next phases of the project
where appropriate daytyping methods on relevant monitored data sets of lighting and equipment
(and other surrogates for occupancy) could be identified and tested to develop a library of
diversity factors and schedules for use in energy and cooling load simulations.

The goal of the ASHRAE 1093-RP project is to compile a library of schedules and
diversity factors for energy and cooling load calculations in various types of indoor office
environments in the U.S. and Europe. Two sets of diversity factors, one for design cooling load
calculations and one for energy calculations will be developed.

In the Preliminary Report we described the related literature for the ASHRAE 1093-RP
project. To accomplish this we have divided the previous literature into three categories: (1)
existing literature on diversity factor and load shape calculations, (2) literature that reports on
existing databases of monitored data in the U.S. and Europe, and (3) relevant studies about
classifications of commercial buildings. In the literature on diversity factors and load shapes, we
covered papers reporting the existence of databases of monitored end-uses in commercial
building, methods used in developing the daytypes and load shapes, and what classification
schemes were used in the commercial building sector. We reported the names of the scholars
and energy analysts whom we contacted in the U.S. and Europe, who provided detailed
information on existing databases on monitored end-uses in commercial buildings in the U.S.

December 1999, Phase II Report Energy Systems Laboratory - Texas A&M University



ASHRAE RP-1093, page 2

Finally, we summarized the classification schemes of the commercial building sector that are
reported in national standards and codes.

We reviewed a total of 51 sources on diversity factors and load shapes from conference
proceedings and scientific journals (47), internet websites (2), standards (1), and a professional
handbook (1). We also consulted 10 bibliographies related to deriving load shapes, and other
subjects like commercial buildings end-uses, and we reviewed methods used to calculate
uncertainty analysis.

Five papers were reviewed in which the authors reported the existence of databases of
monitored commercial building end-uses, from which data was utilized to develop typical load
shapes. Besides these reported databases in the literature, we conducted our own search and
contacts and located various sources of monitored end-uses in commercial buildings.

For methods used in deriving load shapes of end-uses in the U.S., we reviewed 28 papers,
one standard, one professional handbook, one thesis, and two reports on an organization website
in which the authors described (either explicitly or briefly) different methods used in daytyping
weather-dependent and weather-independent end-uses, and deriving typical load shapes, that we
felt could create a basis for our analysis. For methods used in Europe, we have been able to
review three papers.

From the literature on methods used in deriving load shapes of end-uses in the U.S., we
identified 12 unique methods that were used when metered end-uses were not available, and/or
employed some sophisticated techniques. Besides these methods, several other simpler methods
were also reviewed. The simple methods were based on averages and standard deviations of
typical daytypes, and were usually utilized whenever metered end-uses existed. From the few
European papers on this topic which we were able to obtain, only one paper described the
methodology of deriving the load shapes. However, these papers are useful in providing a basis
for comparison between the energy use in commercial buildings in the U.S. and Europe.

In the Preliminary Report, we also reviewed previous literature on different classification
schemes that were used in various commercial building energy-use daytyping and determination
of load shapes projects. These papers reflect how utility companies and research laboratories
divide the commercial building stock. We included these papers to provide an example of
commercial building classification followed in the load shape studies.

Since the publication of the Preliminary Report, an extensive search was conducted in
order to locate and identify databases of monitored data in the U.S. and Europe. Direct contacts
through e-mail, fax, and phone calls were conducted with scholars, researchers, and energy
consultants, and their responses ranged from providing us with further names and references to
readiness for help with or without charge to this research project. The available databases and
sources of monitored lighting and office equipment data have been compiled in a tabulated
format. Major sources of data were found through the ASHRAE FIND database, EPRI-CEED,
ELCAP, and the Energy Systems Laboratory database that includes data monitored under the
LoanSTAR program and other contracts for buildings inside and outside the state of Texas.
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We also reviewed various national standards and codes, and major public surveys to
identify commercial building classification schemes proposed and followed. We proposed to
follow the classification followed by the Commercial Buildings Energy Consumption Survey
(CBECS) (CBECS 1997a and b), a national survey of commercial buildings and their energy
suppliers, in compiling their statistics of the commercial building stock in the U.S. We based our
proposal on the detailed compiled survey results of CBECS that helped us in drawing meaningful
conclusions. The CBECS classification scheme agrees with that of ASHRAE Standard 90.1
(ASHRAE 1989), taking into consideration the small representation, in the whole commercial
building stock, of the "Religious Worship" and the "Public Order and Safety" categories that
appear in the CBECS classification.

Therefore the proposed commercial building classification in developing the diversity
factors and schedules for energy and cooling load calculations will consist of the following
categories: (1) Offices, (2) Education, (3) Health Care, (4) Lodging, (5) Food Service, (6) Food
Sales, (7) Mercantile and Services, (8) Public Assembly, and (9) Warehouse and Storage.

1.2 Work Completed in Phase II

This is the second report of the ASHRAE 1093-RP project that reports on the progress
during the scheduled Phase II effort. In this report, we present:

(1) the data sets identified and acquired required for the analysis:
We have acquired data from 45 office buildings as follows: (1) lighting and
equipment data from 29 Office buildings available in the database at the ESL, (2)
lighting and equipment data from 9 Office buildings from LBNL (buildings that were
part of the Energy Edge project, and another project performed by LBNL), (3) typical
load shapes from 7 district-heated office buildings in Swedish cities (Noren 1997).
We will continue our contact with sources who originally offered help in this project.

(2) the method adopted for classifying the Office building categories:
We identified three Office building subcategories: (1) Small (1,001 - 10,000 ft2), (2)
Medium (10,001 - 100,000 ft2), and (3) Large (> 100,000 ft2) based on CBECS
(1997a and b).

(3) the relevant methods for daytyping necessary for creating the typical load shapes for
energy and cooling load calculation:
We describe the well-documented methods that were identified in the Preliminary
Report and three additional methods identified during Phase II; in total, we are
describing 10 methods developed in the U.S., and 1 method used in Europe. The
procedure and the use of each of these methods are described, and a method is
proposed for use in this project. Examination showed that none of the original
methods was optimal for use in this project. Therefore, the proposed method
incorporates elements of several previously developed techniques, and is presented as
a step by step method to achieve the goals of this research project.
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(4) the relevant robust variability (uncertainty) analysis:
We propose an approach to account for the variability in developing the typical load
shapes, and the uncertainty in using the results based on a percentile measure of
central tendency.

(5) typical load shapes reported in the literature:
We include typical load shapes of lighting and equipment and total electricity
consumption in Office buildings that are given in the available literature. These
typical load shapes will be used as reality checks after we develop the diversity
factors and typical load shapes for this project.

(6) a test to assure the non-weather dependency (seasonal variation) of the lighting and
equipment data sets:
We propose to use BWM plots of the weekly-binned lighting and equipment hourly
loads as a first step in the daytyping to check for seasonal variation in the data which
will suggest an additional criterion for the final daytyping (i.e., summer/winter).

(7) a proposed occupancy surrogate variable:
We propose using a surrogate variable for the occupancy typical load shapes. We
derived this variable from typical lighting and equipment load shapes, by two
different approaches: (1) using a transformation function, and (2) using linear
regression. We propose to use the transformation approach which was shown to be
more accurate in our tests.

1.3 Schedule and Work Plan

The objectives of the project will be achieved by completion of three phases, as described
in the RFP, with review and approval by the Project Monitoring Subcommittee (PMSC) provided
after the first and second phases, before initiating the next phase. The results of Phase I of the
project (Literature review and database search, Preliminary Report) are reported in the
preliminary report (May 1999), and the results of Phase II of the project (Identified data sets,
methods and variability analysis) are included in this report.

During Phase II we have identified the relevant data sets and methods required to derive
the daytypes and typical load shapes for energy and cooling load calculations

After conducting all the contacts in the U.S. and Europe, that we noted in the preliminary
report, we acquired data from Office buildings in an LBNL database (9 buildings). These
buildings were analyzed during the Energy Edge project (Piette et al. 1994). Besides the data
from LBNL, the major source of data was the monitored data that is available in the ESL
database. All the data identified is for Office buildings only (44 buildings), as required for this
project. Many other buildings monitored by ESL fall within other Commercial buildings
categories like Hospitals (Health Care), Lodging (Hotels, Motels), Retail, Restaurants,
Classrooms and Laboratories, or buildings housing Classrooms and Offices (typical of university
and college campuses). These categories were excluded from our data identification. The
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identified data for this project consists of monitored lighting loads, receptacle loads, or lighting
and receptacles together (i.e., the difference between whole-building electricity consumption and
the motor-control-center loads).

From Europe, we acquired typical load shapes from seven district-heated office buildings
in Swedish cities (Noren 1997).

We reproduced and studied the relevant daytyping methods required for deriving the
diversity factors and report them in this report. We also proposed methods: (1) to generate
typical load shapes for energy and cooling calculation, and (2) to obtain a surrogate occupancy
variable. We also reviewed the variability (uncertainty) analysis methods reported in the
literature, and proposed a method to account for the variability of the results from using the
proposed method for daytyping and derivation of diversity factors.

Phase III (Compilation of Diversity Factors and Preparing a library of diversity factors
and load shapes for energy and cooling load calculations, Project Reports and Technical Papers)
will proceed as soon as comments and suggestions on Phase 2 have been received. Table 1
shows the scheduled phases and tasks of ASHRAE 1093-RP as proposed in our work plan.
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Table 1. Phases and Tasks of ASHRAE 1093-RP.
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2. IDENTIFICATION AND ACQUISITION OF RELEVANT EXISTING DATA
SETS

During Phase I of the project we identified all possible sources for lighting and
equipment data in commercial buildings within the U.S. and Europe. During Phase II of the
project we contacted most of these sources (when it was clear that data could be made available),
and we report herein the result of this data identification and acquisition.

2.1 Previously Identified Data Sets

In Phase I of the project, an extensive search was conducted in order to locate and
identify databases of monitored data in the US and Europe. Direct contacts through e-mail, fax,
and phone calls were conducted with scholars, researchers, and energy consultants, and their
responses ranged from providing us with further names and references to readiness for help with
or without charge to this research project. The initial search was presented in a tabulated format
in the Preliminary Report and we repeat the tables (Tables 2 to 6) in this report for illustrative
purposes. Table 2 shows the names of scholars, researchers and energy consultants that we
contacted during our search, and their corresponding organizations.

The available databases and sources of monitored lighting and office equipment data
have been compiled in a tabulated format. Major sources of data were found through the
ASHRAE FIND database (ASHRAE 1995), EPRI-CEED, ELCAP, and the Energy Systems
Laboratory database that includes data monitored under the LoanSTAR program and other
contracts for buildings inside and outside the state of Texas. Initial contacts with European
references also produced a number of promising leads shown in Table 3. Table 3 was intended
to summarize the availability of databases of monitored equipment and lighting loads in
commercial buildings, both in the U.S. and Europe. The name of the contact person, the name of
the organization, the type of data available and the cost to obtain this data are listed in this table.

From Europe, the only successful contact was with Mr. Guislain Burle from MD3E (a
consulting firm in France). Mr. Burle proposed offering us monitored data from Commercial
Buildings (Small, Medium, and Large Office buildings, University Buildings, and Hotels)
including: General, Lighting, Equipment, Lighting+Equipment, Water Heating, Air-
Conditioning, Lifts, and Restaurant). The offered data would be 10-minute data, 3 weeks in
length, and cost US$9,840. We contacted Mr. Burle again and reminded him that we are looking
for Lighting and Equipment data for Office Buildings only, and we have not heard back from
him as of this moment. Other contacts in Europe have not resulted in producing any data.

The information from EPRI-CEED was very clear about the type of data available in
terms of commercial building category, type of end-use, sample size, data format and length.
The data can be obtained at a cost to be discussed. Table 4 lists the commercial building metered
end-use data available at EPRI-CEED. These sample sizes of end-use were obtained by personal
communication with Mr. John Farley. However, when we contacted EPRI-CEED during Phase
II of this project, we were informed that they do not have a policy that allows them to provide
raw data in the format we requested. They only provide processed data (i.e., in our case the
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typical load shapes). We concluded that this will not be of a major help to our project since our
objective is to acquire raw data, and process it with different methods to produce the typical load
shapes and diversity factors. Moreover, EPRI-CEED offered to provide one typical load shape
for each office building category (small, medium, and large), which would be a result of
averaging the whole stock of monitored data from different buildings that fall in each category.
The cost for obtaining such data was approximated to be between $1,000 and $2,000
(correspondence e-mails available).

Battelle PNNL has offered access to ELCAP data that represents 80 to 90 commercial
buildings in Seattle, Oregon, and Idaho. These data include whole-building electricity
consumption, and various sub-metered channels. Square footage, address, city, state, and type of
building are associated with the hourly data, and the data can be provided in an ASCII format.
The cost for obtaining these data still needs to be determined. As of this date, we have not heard
back from PNNL regarding this issue.

Table 5 was shown previously in the Preliminary Report to summarize the data that can
be available for this project as compiled in the ASHRAE FIND database. This database
summarizes a survey conducted in the U.S. and Canada in order to locate available measured
energy use at national laboratories, universities, utility companies, cities, and energy consultant
firms. We note here data on lighting and equipment loads from the Commercial building sector
only (as required in this project), since the ASHRAE FIND database covers Residential
buildings, Agricultural buildings, Industrial buildings, and Multiple Building Complexes, along
with Commercial buildings. The data in the table is listed according to the name of the
organization, building type, sample size, type of measured end-use, data format, availability of
data, cost, and medium of recorded data. Thirty-four sources of data were found.

During Phase II, and as it was determined in Seattle (ASHRAE Annual Meeting 1999)
by the PMS Committee, the project focus was on Office Buildings as compared with other
commercial buildings subcategories (restaurants, schools, hospitals, etc.). Most of the ASHRAE
FIND data (as seen in Table5) covers different commercial sectors and only few data sources
cover the three categories of Office Buildings (small, Medium, and large), namely, the Energy
Systems Laboratory, Lawrence Berkeley National Laboratory, ADM Associates Inc, and Battelle
PNNL. It is worth noting also that most of the sources do not make the data available to the
general public, or if they do, it would be conditional and with the agreement of the utility
company or the specific clients. From these sources, we contacted LBNL through Ms. Mary
Ann Piette and received a positive response.

Table 6, in the Appendix, lists all buildings monitored by the Energy Systems Laboratory
(ESL) at Texas A&M University. The table shows the building name, location, square footage,
weather-dependency nature of the whole-building electricity consumption, availability of
lighting and equipment load, source of data (type of contract), data format, cost, and data quality.
The table also shows how the lighting and equipment variables are recorded, either explicitly or
implicitly (as the difference between Whole Building Electricity Consumption and Motor
Control Center Consumption - AHU, Pumps). From these buildings, we chose the Office
buildings only to be analyzed for the Phase II of the project.
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Table 2. Contact list of scholars and energy analysts in the U.S. and Europe
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Table 3. Response obtained from the list of contacts who have data in the U.S. and Europe which will (or may) be available
for use in RP-1093.
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Table 4. List of available commercial building metered load data at EPRI-CEED
(Data presented as obtained from EPRI-CEED. Sample sizes do not match with number of metered end-uses for some building categories; we assume

that the sample size figures should be updated to match with number of metered end-uses)
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Table 5. ASHRAE FIND survey of databases of Lighting and Equipment monitored electricity use in Commercial Buildings
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2.2 Data Acquired

During Phase II of the project we recontacted many of the sources that we identified in
Phase I, with the purpose of acquiring data from Office buildings which is the category of
interest within the wider range of the Commercial buildings sector. The Phase II search
produced a set of data from 9 Energy Edge Office buildings, through LBNL, 29 Office buildings
from the ESL database, and load shapes from 7 Office buildings in Sweden. The data now in
hand comprise monitored hourly lighting and receptacles (equipment) loads in small, medium,
and large office buildings. This section describes the efforts undertaken to acquire the data.

2.2.1 ESL Data

Table 7 below shows the 29 office buildings monitored by the ESL. These buildings are
all "pure" office buildings, where the typical offices schedule is predominant, as compared with
office buildings where part of the building serves some other purpose, like classrooms and
laboratories, which modifies the overall operation of the building systems.

The 29 buildings consist of:
21 Large Office buildings (> 100,000 ft2)
8 Medium Office buildings (>10,000, and < 100,000ft2).

The 21 Large Office buildings consist of:
• 1 Federal Office building
• 2 Private Office buildings
• 15 State Office buildings
• 1 County Office buildings
• 2 Court buildings

The 8 Medium Office buildings consist of:
• 6 State Office buildings
• 1 County Office building
• 1 State Court building

An initial data quality check was performed on the data, by viewing the channels to
provide a clear identification of creep, missing data gaps, turned-off periods, and sudden big
changes that suggest changes in the building operation or an addition to the building. We
include in Appendix (8.1) one-page descriptions of each building showing information such as
the floor area, the number of stories, and the operation. In Appendix (8.2), we show sample
lighting and equipment data from the monitored Office buildings in the ESL database. Samples
of the graphs used for data quality checks are shown in Appendix (8.3).
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Table 7 All Office Buildings monitored at ESL and relevant to the ASHRAE 1093-RP project
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2.2.2 LBNL Data

We contacted Ms. Mary Ann Piette at LBNL for data, and she referred us to Ms.
Satkartar Khalsa and Mr. Bruce Nordman. LBNL provided us the data at no cost. Mr. Khalsa
offered us one year worth of hourly lighting and receptacles loads data from a large Office
building in San Francisco, CA. Mr. Nordman offered us two years (more or less) worth of
hourly lighting and receptacles data from 8 large, medium, and small buildings monitored under
the Energy Edge program; the buildings are located in Washington, California, Oregon, and
Idaho. Table 8, below, shows the data acquired from LBNL. The LBNL data has already been
processed and used (by LBNL), and is judged clean. We include in the Appendix (8.2) samples
from the LBNL lighting and receptacles data.
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Table 8 Energy-Edge Office Buildings provided by LBNL for ASHRAE 1093-R

December 1999, Phase II Report Energy Systems Laboratory - Texas A&M University



ASHRAE RP-1093, page 18

2.2.3 Lund Institute of Technology Data

We obtained the thesis of Mr. Corfitz Noren at Lund Institute of Technology - Sweden
(Noren 1997), which includes the processed data used in the developed typical load shapes. Mr.
Noren has also published two papers (Noren and Pyrko 1998a) and (Noren and Pyrko 1998b)
which we reviewed in the Preliminary Report. The raw data was unretrievable since Mr. Noren
graduated and left the institute. We contacted Dr. J. Pyrko, C. Noren's advisor who could not
help us. However, the thesis clearly documents the method for developing the typical load
shapes. The processed data for the load shapes for six categories of Swedish Commercial
Buildings are available in a Spreadsheet Format, and in Graphs. These data represents whole-
building electric data for 7 district-heated office buildings in an urban area in South Sweden.

2.3 Potential Data

In addition to the data from LBNL and ESL, there is still a potential for acquiring more
data by contacting three sources again, if this is deemed of sufficient priority, by the PMSC. The
three sources are: (1) EPRI-CEED, (2) Battelle PNNL (ELCAP data), and (3) European data.
Below, we explain the circumstances of our Phase II communication with these sources.

2.3.1 EPRI-CEED Data

The information from EPRI-CEED was very clear about the type of data available in
terms of commercial building category, type of end-use, sample size, data format and length.
However the data are obtainable at a cost. When we contacted EPRI-CEED during Phase II of
this project, we understood that they do not have a policy that allows them to provide raw data.
They only provide processed data, i.e., in our case the "typical load shapes". This will be of
limited help to our project since we prefer to acquire raw data, and process it with clearly defined
methods to produce the typical load shapes and diversity factors. Moreover, EPRI-CEED
offered to provide one typical load shape for each office building category (small, medium, and
large), which would be a result of averaging the whole stock of monitored data from different
buildings that fall in each category. The cost for obtaining such data was approximated to be
between $1,000 and $2,000 (correspondence e-mails available). We will contact EPRI-CEED
again if the PMSC requests that we do so.

2.3.2 Battelle PNNL (ELCAP) Data

During Phase I of the project, Battelle PNNL, through Mr. Todd Taylor, has indicated
their willingness to offer access to ELCAP data that represents 80 to 90 commercial buildings in
Seattle, Oregon, and Idaho. These data include whole-building electricity consumption, and
various sub-metered channels. Square footage, address, city, state, and type of building are
associated with the hourly data, and the data can be provided in an ASCII format. The cost for
obtaining this data was yet to be determined. We will try again to obtain the data from Battelle
PNNL, if the PMSC asks us to do so.
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2.3.3 European Data

From Europe, the only completed contact was with Mr. Guislain Burle from MD3E (a
consulting firm in France). Mr. Burle proposed offering us monitored data from Commercial
Buildings (Small, Medium, and Large Office buildings, University Buildings, and Hotels)
including: General, Lighting, Equipment, Lighting+Equipment, Water Heating, Air-
Conditioning, Lifts, and Restaurant). The data sets would have a 10 minutes frequency, and are
3 weeks in length, and cost US$9,840. We contacted Mr. Burle again and reminded him that we
are looking for Lighting and Equipment data only, and for Office Buildings only. We have not
heard back from him as of this moment. We will pursue the contact with MD3E if the PMSC
feels this is important.

Other contacts in Europe, i.e., Universite de Liege, and DEFU (a consulting firm in
Denmark) have not resulted in any data. We will continue to pursue the European contacts, with
the Universite de Liege and DEFU, if the PMSC feels this is important.
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3. IDENTIFICATION OF METHODS FOR THE CLASSIFICATION OF
BUILDINGS

Commercial buildings are classified according to different criteria by national standards
and agencies. In the Preliminary Report we listed major classification schemes of the
commercial building sector that were used by various national laboratories and agencies, and
published in standards. Our survey of the classification schemes covered: ASHRAE FIND
(ASHRAE 1995), ASHRAE Standard 90.1 (ASHRAE 1989), CBECS (CBECS 1997a and b),
NAICS (NAICS 1997), ELCAP (ELCAP 1989 and Gillman et al. 1990), BECA (Wall et al.
1984), and EPRI -CEED. However, after the ASHRAE meeting in Seattle (June 1999), the
PMSC asked us to perform our analysis on only the Office building category.

3.1 Previously Identified Categories

In the Preliminary Report, we proposed to follow the classification followed by the
Commercial Buildings Energy Consumption Survey (CBECS), a national survey of commercial
buildings and their energy suppliers, in compiling their statistics of the commercial building
stock in the U.S. We based our proposal on the detailed compiled survey results of CBECS, that
helped us in drawing meaningful conclusions. The CBECS classification scheme agrees with
that of ASHRAE Standard 90.1, taking into consideration the small representation, in the whole
commercial building stock, of the "Religious Worship" and the "Public Order and Safety"
categories that appear in the CBECS classification. Therefore, we determined in Phase I that the
commercial building classification that we will follow in developing the diversity factors and
schedules for energy and cooling load calculations will consist of the following categories:

3.2 Office Buildings

After the ASHRAE meeting in Seattle (June 1999), the PMSC suggested that we perform
our analysis on the Office building category only. Therefore, we will used data from Office
buildings only for this project, but we will divide the Office buildings into three subcategories,
based on CBECS:

. Small (1,001-10,000 ft2)
• Medium (10,001 - 100,000 ft2)
. Large (> 100,000 ft2).
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4. IDENTIFICATION OF RELEVANT METHODS FOR DAYTYPING

In this report 8 of the 12 methods, listed in the Preliminary Report, for daytyping and
generation of typical load shapes of lighting and equipment loads in Office buildings are
documented. Three additional methods have since been identified during the Phase II work.
From these 11 well-defined methods we are proposing to use a specific procedure that combines
features of several previously used methods together, to produce a robust technique for
daytyping and generation of typical load shapes.

4.1 Previously Identified Methods

In the Preliminary Report, we identified a total of 12 existing methods for daytyping and
determining load shapes of end-uses. These 12 methods consist of 4 deterministic methods and 8
statistical methods. Moreover, these methods are either based on engineering simulations and
monitoring (Total Electricity Consumption), or totally based on monitored energy uses. Table 9,
below, shows the 12 methods.
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Table 9. Existing methods for daytyping and determining load shapes of end-uses.

In Table 9, the first Deterministic method listed for deriving load shapes is the Stephan-
Deming Algorithm (SRC 1988, ref. Eto et al. 1990), which is a statistical adjustment procedure
in which elements of an end-use matrix are adjusted when the terminal values (i.e., total hourly
loads) are known. When only the hourly whole-building load is known, a weighted distribution
of the difference between the measured total and the sum of the simulated end-uses, based on the
magnitude of the original simulated estimates, is applied.

The second Deterministic method listed uses the Energy-use Disaggregation Algorithm
(EDA) (Akbari et al. 1988) which is an engineering method that primarily utilizes the statistical
characteristics of the measured hourly whole-building load and its statistical dependence on
temperature. In the EDA the sum of the end uses is constrained at hourly intervals to be equal to
the measured whole-building load, providing a reality check not always possible with pure
simulation. The intent of the method is to supply reasonable end-use breakdowns when detailed
information is scarce. This method is a hybrid method that uses monitored data, statistical
disaggregation, and a prorating based on a simulation.
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The third Deterministic method listed is the Variance Allocation method (Schon and
Rodgers 1990) which is a hybrid engineering/ statistical approach to end-use load shape
estimation for the commercial sector. The method: (1) identifies systematic biases in
engineering model hourly end-use load estimates, (2) adjusts the engineering model to
significantly reduce these biases for individual building end-use estimates, and (3) uses a
variance-weighted approach to reconcile adjusted engineering estimates with whole-building
metered data. To reconcile the sum of the hourly end-use load estimates with each individual
facility's hourly research data, the variances observed for each regression coefficient are used.
The difference between simulated and metered totals is prorated based on statistical variation in
the simulated end-use loads. The largest and most variant end-uses receive the largest portion of
the difference between the engineering simulation and the metered whole-building load.

The fourth Deterministic method listed is the Heuristic Pattern Recognition Algorithm
(Margossian 1994) which is used to disaggregate premise-level load profiles. This algorithm
uses as input 5-minute or 15-minute residential premise-level load data, and also requires as
input connected load estimates of the cooling, heating and water heating appliances. The
algorithm first scans the premise-level load profile and identifies all spikes in the profile that are
large enough with respect to the connected load of the space conditioning appliance, and
categorizes these spikes with various attributes such as shape, timing, magnitude, and duration.
In a second stage, the classification stage, the algorithm decides whether or not to attribute each
of the identified spikes to the space conditioning appliance. The resulting spikes comprise the
end-use load profile for the space conditioning appliance on that day. For example, the load
profile of the water heating appliance is derived from the residuals of the premise-level load
profile, after subtracting the space conditioning appliance load profile, using the scanning and
classification stages.

The first Statistical method listed is the Conditional Energy Demand (CED) technique
(Parti et al. 1988). In this technique the end-use metered consumption information are used only
for comparison to the CED estimates of end-use load shapes. The CED carries out the
disaggregation of the total load into its end-use components by applying Multiple Linear
Regression (MLR) analysis to a data set composed of total load data, survey and weather
information. The model breaks down the hours of the day into four general hourly categories:
(1) Night, (2) Morning, (3) Midday, and (4) Evening.

The second Statistical method listed is the Statistically Adjusted Engineering approach
(SAE) (CSI, CA, ADM 1985, ref. Eto et al. 1985) which is very close to the Deterministic
methods. First an engineering simulation is developed to provide an initial estimate of end-use
loads. Next, the initial estimates are regressed against control totals, which are averages of
hourly energy use for typical days. The estimated coefficients can then be thought of as
adjustment factors that reconcile the initial estimates to the control total.

The third Statistical method listed is the Bi-level Regression approach (SSI 1986, ref. Eto
et al. 1986) which involves two levels of time series and cross section regression analyses. In the
first level, the hourly load of individual households is regressed against both weather-related
variables, and sine and cosine functions which capture daily, weekly, and seasonal periodicity in
loads that are independent of weather. In the second level, the coefficients estimated in the first
level (separately for each household) are regressed as a group against customer characteristics.
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The fourth Statistical method listed is the Mean/Standard Deviation/Regulatory Index
method (Katipamula and Haberl 1991). The method identifies typical daytypes for a building,
using monitored non-weather-dependent electricity use. Load shapes are generated from the data
for each typical daytype. In deriving the daytypes, the mean and the standard deviation of the
energy use at each hour for the entire data group were calculated, and a Regularity Index (Rl) is
calculated and checked against a maximum acceptable value (10%) for each hour. If the Rl for
all 24 hours exceeds the 10% value, hourly data is summed to daily totals and the mean and
standard deviation of the daily consumption are calculated. Three daytypes are then identified as
follows: (1) LOW-D days with daily consumption lower than Y (10%) times one standard
deviation below the mean; (2) HIGH-D days with daily consumption higher than Y times one
standard deviation above the mean; and (3) NORMAL-D , the remaining days. The daytypes are
then subdivided to LOW-LOW D, LOW-HIGH D, LOW-NORMAL D, HIGH-LOW D, HIGH-
HIGH D, HIGH-NORMAL D, NORMAL-D, NORMAL-LOW D, AND NORMAL-HIGH D.

The fifth Statistical method listed is the Temporal Synoptic Index approach (TSI)
(Hadley 1993) for weather-dependent data which uses a combination of principal component
analysis (PCA) and cluster analysis on the resultant principal components (PC's), to identify
days which are considered meteorologically homogeneous. Once the number of daytypes is
specified, each day in the data set analyzed can be assigned to a specific, unique daytype and the
average values of each meteorological variable calculated for each daytype. Each weather-
daytype is defined in terms of the daily average of the dry-bulb and wet-bulb temperature,
extraterrestrial and total global horizontal radiation, clearness index, and wind speed. The
unique character of each weather daytype is established by: (1) the mean value of each of the
original weather variables within each daytype; (2) the frequency of occurrence of the daytype
by month; and (3) the diurnal variation of each variable within each daytype. The statistical
techniques followed in this method might be helpful in deriving weather-independent load
shapes.

The sixth Statistical method listed is the Inverse Binning approach (Thamilseran and
Haberl 1994) for non-weather-dependent loads. In this method the general pattern of the energy
use is identified graphically to show the effect of weekdays-weekends and holidays and the
periodicity of the peak consumption. Then Pearson's correlation technique is used to identify the
correlation between dependent and independent variables. The "hour of the day" is used as a bin
variable in the non-weather-dependent loads model. Duncan's, Duncan-Waller's and Scheffe's
multiple comparison tests are used to aggregate the data into daytypes that have means with
statistically insignificant differences. The technique includes the following steps: (1)
identification of general patterns of data (from database), (2) checking for temperature
dependency of Hour of the Day (HOD) dependency, (3) checking for data quality and outliers
identification, (4) identification of comprehensive daytypes, (5) checking for impact of ON/OFF
mode, (6) calculation of binned energy, (7) correction for missing bins, (8) checking for need for
thermal lag, (9) checking for need for humidity sub-binning, (10) final calculation of binned
energy and correction for missing bins.

The seventh Statistical method listed is the Temperature-binning Daytyping technique
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(Bou-Saada and Haberl 1995). With this method, the whole-building electricity consumption of
an electrically heated-cooled building was categorized into three weather-daytypes (below 45°F,
between 45 °F and 75°F, and above 75°F). An average heating profile was chosen to represent all
hours when temperatures were below 45 °F, an average cooling profile was selected for
temperatures above 75 °F, while non-HVAC profile was assigned for all hours between a
temperature of 45 °F and 75 °F. For the non-HVAC profile, two representative days, weekday
and weekend days, were chosen by visual inspection of the data. Disaggregation of the non-
weather-dependent electric load was then performed by reviewing site plans, hand measurements
during site visits and personal interviews. In a similar way, Noren and Pyrko (1998) presented
load shapes developed for different mean daily outdoor temperatures and different daytypes;
standard weekdays and standard weekends. The load shapes are presented as non-dimensional
normalized 1-hour loads. The methodology consisted of calculating the normalized load by
dividing the measured load at time t by the mean annual load. Then the data are split into
different groups, depending on the daytype. The data in every group are sorted by hour, and
every hour sorted into different temperature intervals. Six different integrals for mean daily
outdoor temperature were used to sort the data. A mean normalized value of the load can be
calculated for every hour and each temperature interval, by dividing the calculated normalized
load by the total number of observations at time t for a category at specified temperature interval.
The statistical techniques used in these two methods can prove helpful in deriving the diversity
factors for this project.

Finally, the eighth Statistical method listed is the Pattern Group Assignment (Emery and
Gartland 1996) which groups together days with common behavioral load shapes or patterns,
instead of grouping energy behaviors together based on the day of the week, as in daytyping
algorithms. Pattern codes are assigned in reference to the frequency distribution of a certain
behavior. With this technique, there is flexibility in the level of detail available to the pattern
code. Different numbers of sections, and different numbers and designations of time periods can
be chosen depending on the data and the level of accuracy needed. Once the pattern codes are
assigned to each day, the days are iteratively assigned to groups. In the first iteration, days with
the same pattern code are grouped together. In the second and proceeding iterations, groups with
similar pattern codes and the lowest combination errors are combined until there are no more
groups with sufficiently similar pattern group codes.

In summary, daytyping and load shape determination methods that have been reviewed
are unique, however only 8 of them were reproducible. The Stephan-Deming Algorithm (SRC.
1988, ref. Eto et al. 1990), the Bi-level Regression (SSI 1986, ref. Eto et al. 1990), the Heuristic
Pattern Recognition Algorithm (Margossian 1994), and the Pattern Group Assignment method
(Emery and Gartland 1996) could not be reproduced without additional documentation.

4.2 Typical Load Shapes Samples from the Literature (U.S. and Europe)

In this section we show the typical load shapes of Office buildings taken from the
literature covered in Phase I of the project. Some original graph captions (as they appeared in
the references) are changed for illustrative purposes. Each graph is referenced in the new
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Figure 1. Reconciled Load Shapes for Large Office Buildings (Akbari et al. 1989)
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Figure 2. Reconciled Load Shapes for Small Office Buildings (Akbari et al. 1989)
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Figure 3. Average Summer Typical Load Shapes of Medium Office Buildings (Alereza and
Faramarzi 1994)
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Figure 4. Typical Whole-Building Load Shapes for Commercial Buildings (Baker 1990)
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Figure 5. Typical Load Shapes (July Weekdays) for Large Office Buildings (Baker 1990)
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Figure 6. Typical Load Shapes of Office Buildings in the Pacific Northwest (Baker and
Guliasi 1988)
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Figure 7. Typical Load Shapes from Measured and Simulated Data for Office Buildings
(Barrar et al. 1992)
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Figure 8. Typical Load Shapes Derived with a Weather-Daytyping Approach (Bou-Saada
and Haberl 1995)
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Figure 9. Typical Load Shapes for a Large Federal Office Building (Bou-Saada and Haberl
1996)
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Figure 10. Typical Load Shapes for a Large Institutional Building (Bronson et al. 1992)
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Figure 11. Typical Load Shapes for a Medium Office Building (Energy Edge) (Diamond et
al. 1992)
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Figure 12. Typical Load Shapes of Whole-Building Electric, with Electric Space Heating,
for an Office Building (Gillman et al. 1990)
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Figure 13. Typical Load Shapes for a Large Federal Office Building (Halverson et al.
1994)
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Figure 14. Typical Load Shape for an Energy-Star-Compliant PC in an Office Building
(Katipamula et al. 1996)
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Figure 15. Typical Load Shapes of Occupancy and Lighting in an Institutional Building
(Keith and Krarti 1999)
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Figure 16. Typical Load Shapes for a Large Federal Office Building (Mazzuchi 1992)
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Figure 17. Typical Load Shapes of a PC in an Office Building (Nordman 1996)
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Figure 18. Typical Weekdays Load Shapes for Office Buildings in Sweden Derived with a
Weather Daytyping Approach (Noren 1997)
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Figure 19. Typical Weekends and Holidays Load Shapes for Office Buildings in Sweden
Derived with a Weather Daytyping Approach (Noren 1997)
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Figure 20. Typical Load Shapes for Equipment in Small Office Buildings (Norford et al.
1988)
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End-Use Composition of Loads for an Office Building

Figure 21. Typical Load Shapes of End-uses in Office Buildings (Rohmund et al. 1992)
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Figure 22. Typical Load Shapes of End-uses (Metered and Adjusted) in Office Buildings
(Rohmund et al. 1992)
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Figure 23. Typical Load Shapes for Office Buildings (Stoops and Pratt 1990)
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Figure 24. Typical Load Shapes of Workstations in Office Buildings (Szydlowski and
Chvala 1994)
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Figure 25. More Typical Load Shapes of Workstations in Office Buildings (Szydlowski and
Chvala 1994)
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Figure 26. Typical Load Shapes for a Large Institutional Building (Thamilseran and
Haberl 1994)
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4.3 Reproducible Methods

Of the 12 methods identified in Phase I of the project, only 8 methods were possible to
reproduce based on the available literature. We also identified three additional methods; the
Interquartile Analysis (Abbas 1993), the Duncan's Multiple Range Test, and Frequency
Univariate Analysis (Dhar 1995), and the Singular Value Decomposition (SVD) (Verdi 1989).
All of these three methods are Statistical methods applied for daytyping and generation of typical
load shapes. These 11 methods are shown in Table 10, below.

The daytyping required in this project requires that extensive time-series data sets of
lighting and equipment (without the presence of weather-dependent heating and cooling inputs)
be processed to determine the typical daytypes required for energy analysis and for
determination of design cooling loads.

The first four methods, the End-use Disaggregation Algorithm (EDA) (Akbari et al.
1988), the Conditional Energy Demand (CED) (Parti et al. 1988), the Variance Allocation
(Schon and Rodgers 1990), and the Statistically Adjusted Engineering Approach (SAE) (CSI,
CA, ADM 1985, ref. Eto et al. 1990), were mainly used to disaggregate the Whole-Building
Electricity consumption into end-uses. The fifth method, the Temporal Synoptic Index (TSI)
(Hadley 1993) is a weather daytyping technique which is not generally required in daytyping the
lighting and equipment loads. The sixth method, the Singular Value Decomposition (SVD)
(Verdi 1989), was mainly used to reduce the number of data points required to describe a set of
data from different buildings.

The only well documented and reproducible European method that we were able to
identify is the Temperature Binning Method that was used at Lunds Institute of Technology in
Sweden (Noren 1997, 1998a and b). However, the foundation of this daytyping method is the
binning according to predetermined temperature ranges. Even though the temperature
dependency (seasonal variation) of the lighting and equipment loads should be evaluated, this
European method, by itself, is not sufficient to be applied in our project, as we need additional
procedures in order to determine the typical load shapes of the lighting and equipment loads.

This leaves only the following four methods, Mean / Standard Deviation / Regulatory
Index (Katipamula and Haberl 1991), Interquartile Analysis (Abbas 1993), Inverse Binning
Method (Thamilseran and Haberl 1994), and Duncan's Multiple Range Test and Frequency
Univariate Analysis (Dhar 1995), which are appropriate for the daytyping needs of this project.
The main characteristics of all the 11 methods are discussed in detail in the following sections
and in the Appendix (8.5).
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Notes:

Deterministic Methods:
Used when monitored end-uses are not available, these methods rely on exact reconciliation to an hourly
control total, which is provided by the hourly whole-building load research data. The starting point for the
reconciliation is an engineering simulation which is relied upon by the earliest load shape estimation
methods. The methods typically rely on much more detailed information to develop the simulation input
(i.e., minimizing the extensive reliance on engineering judgement) (Eto et al. 1990).

Statistical Methods:
1. Used when monitored end-uses are not available, these methods typically rely on regression techniques

that correlate explanatory variables with the hourly control total (measured total electricity
consumption). These variables need not all be physical and the reconciliation to the control total is
usually expressed in goodness of fit.

2. Used when monitored end-uses are available, these methods use different statistical and mathematical
methods for daytyping.

Engineering methods:
Methods based on pure simulations of whole-building energy use and/or different end-uses.

Monitoring Methods:
Methods that involve monitored whole-building energy use.

1. Simple average and standard deviation deterministic methods, based on monitored end-uses, are not included in this table.
2. Methods 1 to 4 are developed to disaggregate whole-building energy use (when measured end-uses are not available) to

derive typical load shapes for the end-uses.
3. Methods 5 to 10 represent sophisticated approaches for daytyping, that can be used in deriving typical load shapes for end-

uses.

Table 10. Existing Reproducible methods for daytyping and determining load
shapes of end-uses.

4.3.1 Documented Methods of Daytyping and Generation of Typical Load Shapes

From previous work, we identified 4 well-documented methods that were used in
daytyping required for energy baselining and retrofit savings calculations. Various elements of
these methods are applicable to this project. These 4 methods are: (1) Mean / Standard
Deviation / Regulatory Index (Katipamula and Haberl 1991), (2) Interquartile Analysis (Abbas
1993), (3) Inverse Binning Method (Thamilseran and Haberl 1994), and (4) Duncan's Multiple
Range Test and Frequency Univariate Analysis (Dhar 1995).
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4.3.1.1 Mean / Standard Deviation / Regulatory Index

If the Rl for all 24 hours exceeds the 10% value, hourly data is summed to daily totals
and the mean and standard deviation of the daily consumption are calculated. Three daytypes are
then identified as follows: (1) LOW-D days with daily consumption lower than Y (10%) times
one standard deviation below the mean; (2) HIGH-D days with daily consumption higher than Y
times one standard deviation above the mean; and (3) NORMAL-D , the remaining days. Then
the grouped daily data is sorted in Weekdays/Weekends groups. The weekdays are then checked
for including any Vacation, Holiday, Special Event, and classified as such. Then, the weekday
group is sorted into Monday through Friday, and the weekend group is sorted into Saturday and
Sunday groups. The mean and standard deviation for each hour are then calculated for each
group. This will result in a total of 7 load shapes in each daytype: LOW-D, HIGH-D, and
NORMAL-D. The data then are regrouped (Monday through Sunday), for instance, Monday-
Tuesday, Monday-Tuesday-Wednesday, and so on, and checked for having a relative difference
in the mean at each hour across the group less than 10%. This procedure is repeated until no
additional groups can be formed. After this regrouping, the mean and standard deviation for
each group are calculated. If the Rl at each hour for all the new groups is less than 10%, then the
typical load shapes are generated. If not, the procedure is applied again in a recursive fashion,
and the daytypes are then subdivided to LOW-LOW D, LOW-HIGH D, LOW-NORMAL D,
HIGH-LOW D, HIGH-HIGH D, HIGH-NORMAL D, NORMAL-D, NORMAL-LOW D, AND
NORMAL-HIGH D. As a result, the hourly load average profile for each daytype is generated.

This is a labor-intensive technique and involves some subjectivity when 10% of the
standard deviation below or above the mean is considered for variability in the data. We believe
that the Interquartile Analysis (Abbas 1993) and other statistical tests like the Duncan's Multiple
Range test, and the Univariate Analysis (Thamilseran and Haberl 1994, and Dhar 1995) produce
more robust daytypes, and corresponding typical load shapes.

4.3.1.2 Interquartile Analysis

Abbas (1993) developed graphical indices for building energy data to help building
energy analysts to efficiently view and analyze large amounts of hourly building energy
consumption data. These graphical indices were based upon statistical analysis of the data.
Different types of graphical representation of the data were proposed. The most relevant type of
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Katipamula and Haberl (1991) developed a method, that uses a Mean/Standard
Deviation/Regulatory Index, that identifies typical daytypes for a building, using monitored non-
weather-dependent electricity use. Load shapes are generated from the data for each typical
daytype. In deriving the daytypes, the mean and the standard deviation of the energy use at each
hour for the entire data group are calculated, and a Regularity Index (Rl), which is a measure of
grouping within a sample that determines if the data are tightly grouped, is calculated and
checked against a maximum acceptable value (10%) for each hour,
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graphs developed by Abbas are the Box-Whisker-Mean plots, which use the Interquartile
Analysis technique. These plots were developed for daily data, and weekly data. The daily data
is obtained by binning the hourly data of the year (hour 1 to hour 24) for "weekdays",
"weekends", and "all days", which provides a graphical identification of the diurnal variation of
the data. The daily data are obtained by binning the hourly data of the year into 53 weeks, which
provides a graphical representation of the seasonal variation of the data. Figure 27 shows a
flowchart of Abbas' method. Figure 30 below shows the BWM plot developed for weekly data.

Figure 27. Interquartile Analysis (Abbas 1993)
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While the BWM plots produces a simple daily binning of the data into the "weekdays",
"weekends", and "all days" groups, it cannot make any distinction between different days in the
same group, and thus this technique is not, by itself, sufficient for daytyping. However, it is very
useful as a first step in the daytyping, for outlier rejection, and for checking for any seasonal
variation in the data sets.

4.3.1.3 Inverse Binning Method

Thamilseran and Haberl (1994) developed a binning approach for non-weather-dependent
loads for the purpose of calculating retrofit savings. The general pattern of the energy use is
identified graphically to show the effect of weekdays-weekends and holidays and the periodicity
of the peak consumption. Then the Pearson's correlation technique is used to identify the
correlation between dependent and independent variables. The "hour of the day" is used as a bin
variable in the non-weather-dependent loads model. Duncan's, Duncan-Waller's and Scheffe's
multiple comparison tests are used to aggregate the data into daytypes that have means with
statistically insignificant differences. The technique includes the following steps: (1)
identification of general patterns of data (from database), (2) checking for temperature
dependency of Hour of the Day (HOD) dependency, (3) checking for data quality and outliers
identification, (4) identification of comprehensive daytypes, (5) checking for impact of ON/OFF
mode, (6) calculation of binned energy, (7) correction for missing bins, (8) checking for need for
thermal lag, (9) checking for need for humidity sub-binning, (10) final calculation of binned
energy and correction for missing bins, (11) prediction of baseline energy use. Figure 28, below,
shows the flowchart of the Inverse Binning method. Bou-Saada et al. (1996) applied the
methodology developed by Thamilseran and Haberl (1994) successfully to provide an overview
of the lighting retrofit and the resultant electricity and thermal savings at the DOE Forrestal
Building. Their study determined that three 24-hour daytype profiles would be required to
characterize the electricity use for the baseline period; a weekday profile, a winter weekend
profile, and a summer weekend profile.
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Figure 28. Inverse Binning Method (Thamilseran and Haberl 1994)
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The procedures used in the Inverse Binning method are very helpful in reaching robust
daytypes. These procedures include checking for: (1) Temperature-dependency, (2) Hour of Day
- dependency, (3) ON/OFF modes, and (4) Outlier rejection.

4.3.1.4 Duncan's Multiple Range Test, and Frequency Univariate Analysis

Dhar (1995) developed a procedure for daytyping of building energy use where the whole
year of hourly data is divided into daytypes based on the calendar: weekdays, weekends,
holidays, and Christmas (for the special characteristics on the Christmas breaks). After grouping
the data, a Duncan's Multiple Range test is applied to determine if the daily mean energy use of
different daytypes are in fact different. Daytypes of same daily mean are then aggregated to
obtain the Primary daytypes. The Univariate Analysis of each important frequency for each
primary daytype is then performed, to check the presence of a consistent Multimodal
Distribution. In the absence of the multimodal distribution, the primary daytypes are retained as
Final daytypes. If the multimodal distribution exists in the data, Duncan's test is applied again to
aggregate the daytypes with the same mean energy use in order to obtain the Final daytypes.
Figure 29, below, describes Dhar's daytyping procedure.

Duncan's Multiple Range test and the Univariate Analysis will be used in our analysis for
daytyping and generation of typical load shapes, in addition to other technique also required for
refinement, and described in earlier sections (4.3.1.1 to 4.3.1.3).
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Figure 29. Duncan's Multiple Range Test, and Frequency Univariate Analysis
(Dhar 1995)
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4.3.2 Other Well-Documented Methods in the U.S. and Europe

From the U.S. we identified six well documented methods used for generating typical
load shapes, the End-use Disaggregation Algorithm (EDA) (Akbari et al. 1988), the Conditional
Energy Demand (CED) (Parti et al. 1988), the Variance Allocation (Schon and Rodgers 1990),
the Statistically Adjusted Engineering Approach (SAE) (CSI, CA, ADM 1985, ref. Eto et al.
1990), the Temporal Synoptic Index (TSI) (Hadley 1993), and the Singular Value
Decomposition (SVD) (Verdi 1989). The main characteristics of each of these methods are
described in the Appendix (8.5). The first four methods were mainly used whenever only the
total electricity consumption (Whole-Building Electric) is monitored, and engineering simulation
were required to disaggregate the total into end-uses. The fifth method (TSI) is a weather
daytyping technique which is not necessarily required in daytyping the lighting and equipment
loads. The sixth method (SVD) was mainly used to reduce the number of data points required to
describe a set of data from different buildings.

The only well documented and reproducible European method that we were able to
identify is the Temperature Binning Method that was used at Lunds Institute of Technology in
Sweden (Noren 1997, 1998a and b). However, the foundation of this daytyping method is the
binning according to predetermined temperature ranges. Even though the temperature
dependency (seasonal variation) of the lighting and equipment loads should be evaluated, this
European method, by itself, is not sufficient to be applied in our project, as we need additional
procedures in order to determine the typical load shapes of the lighting and equipment loads.
This European work mixes normalization, and binning techniques and is somewhat similar to the
weather-daytyping used by Bou-Saada and Haberl (1995). The main characteristics of the
Temperature Binning Method is described in the Appendix (8.5).

4.3.3 Other Methods

It is worth adding at the end of this section (Reproducible Methods), one unique study in
which the authors developed average and peak occupancy profiles for an office building. Keith
and Krarti (1999) summarized a methodology used to develop a simplified prediction tool to
estimate peak occupancy rate from readily available information, specifically average occupancy
rate and number of rooms within an office building. The study was carried on in a laboratory
campus with three similar two and three story buildings in Boulder, CO, comprising
approximately 1200 rooms, with 1174 having individual occupancy sensors. A total of 195
sensors were selected, and the raw data included each room's status as either "occupied" or
"unoccupied", and an associated time/date stamp taken from the central facility management
computer, at nominal 15 minutes intervals, for a 12-month period.

The average occupancy rate was defined as the average over a period of one month, for
either the entire 9-hour workday period (8:00 AM to 5:00 PM) or for each hour separately.
Calculations were performed with every 5-minute period within the daily period of interest over
the month, counting the occupied and unoccupied records for all the rooms in the specified set.
The average occupancy rate is equal to the number of occupied records divided by the number of
both occupied and unoccupied records. The average hourly occupancy is the monthly average of
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the occupancy rate in that particular hour of all workdays. Therefore for any given set of rooms,
there are nine average hourly occupancy rates associated with each month. To determine the
peak occupancy rate, numerous combinations of linear terms were evaluated, starting with just
the two independent variables of average occupancy rate and number of rooms, and increasing
the number and variety of terms to develop the best fit.

A multiple linear regression model of peak occupancy rate was finally developed which
is a function of average occupancy rate, number of rooms, and other variables which are
combinations of these two variables. Predicting the peak occupancy rate can help in determining
potential savings due to occupancy-sensing lighting controls, in order to avoid errors in
predicting the effect on peak demand. The paper shows the derived average and peak typical
occupancy profiles for the case study office building. This is a unique paper where the
occupancy variable was measured and studied to develop typical occupancy load shapes.
However, the results are based on measurements conducted in one site only. The derived typical
load shapes for occupancy and consumption are shown in Section 4.2 (Typical Load Shape
Samples from the Literature - U.S. and Europe), above. Although few such efforts of monitoring
the occupancy variable with different techniques exist, acquiring such data on a large scale was
not possible for the purpose of our project, and therefore we are proposing a surrogate occupancy
variable.

4.4 Proposed Methods to Generate the Typical Load Shapes

Most of the identified methods for daytyping and generation of typical load shapes
involved approaches to disaggregate the monitored whole-building electricity consumption data
(load research data) into different end-uses to avoid the additional cost of monitoring these end-
uses. After obtaining the reconciled end-uses data, the daytyping procedures were applied in
order to develop the typical load shapes. For this project, we identified sets of monitored
lighting and equipment loads in office buildings, thus, in most cases there is no need to
disaggregate the whole-building electricity consumption.

Moreover, most of the buildings monitored by the ESL include both the whole-building
electricity consumption, and the end-use data (Lighting, Equipment, or Lighting + Equipment),
and the daytyping approaches that are developed using these data were mainly used for energy
baselining and retrofit savings calculation purposes within the inverse modeling techniques (for
instance, regression, Fourier series, bin methods, neural networks, etc.). We will therefore apply
several different approaches in a combined way to generate the typical load shapes and diversity
factors which will be used in forward energy simulation programs (DOE-2, BLAST) for energy
and cooling calculation. It is worth noting that these approaches complement each other in
achieving one robust daytyping technique that will enable us to produce the typical load shapes
for energy and cooling calculation.
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4.4.1 Typical Load Shapes for Energy Calculations

We are proposing to combine three methods for daytyping. These three methods (Abbas
1993, Thamilseran and Haberl 1994, and Dhar 1995) complement each other in identifying a
robust daytyping technique.

The Interquartile Analysis which provides the BWM plots in Abbas (1993), will be
performed as an initial step for identifying general patterns in the data, before applying more
sophisticated daytyping techniques, as the graphical representation of the data is generally able to
reveal problems (i.e., outliers, drift, etc.) before the data is analyzed statistically.

The Inverse Binning technique described in Thamilseran and Haberl (1994) provides
several other features useful in identifying the daytypes, namely:

• Examines for existence of ON/OFF modes
• Examines for Hour of Day dependency
• Identifies linear correlation to outdoor temperature
• Outlier rejection
• Daytyping using Duncan's Multiple Range Test.

The third technique that will be used is Univariate Analysis (Dhar 1995) that will
ascertain the existence of a Multimodal Distribution in the data after running Duncan's Multiple
Range Test. If a Multimodal Distribution is found, Duncan's test should be performed again and
the daytypes will be reaggregated based on similar mean energy use in order to obtain the final
"distinguished" daytypes.

Finally, by using the weekly-binned BWM Graphs from Abbas (1993) as the first step in
the data analysis, we will be able to determine the "indirect" weather dependency of the Lighting
and Equipment data sets; in other words, the seasonality of the data. The seasonality of the
lighting and equipment loads in a commercial buildings are basically explained by the variation
in the Occupancy and the Length of day between a Summer Day, and a Winter Day. The BWM
weekly graph will show if such variation exists. Figure 30, below, suggests such variation for
the building whose data are plotted.

December 1999, Phase II Report Energy Systems Laboratory - Texas A&M University



ASHRAE RP-1093, page 63

Figure 30. Seasonal Variation of the energy use (Abbas 1993)

The steps of the daytyping and typical load shapes generation will include:

Step 1. Perform a Weekly-binning of the whole-year of data for identifying any seasonal
variation that would dictate additional Primary Daytypes (i.e., one for each season).

Step 2. Check for linear correlation to outdoor temperature for possible weather binning of the
data.

Step 3. Check for the existence of ON/OFF modes.

Step 4. Select "Temperature" as the binning variable for the weather-dependent days, and the
"Hour of Day" as the binning variable for weather-independent days.

Step 5. Perform Interquartile Analysis on the data.

Step 6. Remove outliers.

Step 7. Divide data into Daytypes based on calendar.

Step 8. Perform Duncan's Multiple Range test to determine if daily mean of different daytypes
are different.

Step 9. Aggregate the Daytypes of same daily mean to obtain the primary Daytypes.
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Step 10. Perform Univariate Analysis on each important Frequency for each primary Daytype.

Step 11. Perform Duncan's Test again if a Multimodel Distribution of the data exists.

Step 12. Obtain final Daytypes.

4.4.2 Typical Load Shapes for Cooling Calculations

The typical load shapes that will be developed for design cooling load calculation
purposes, will differ from the ones developed for energy use purposes. For design cooling load
calculation, one needs to account for extremes (peaks) in the data. However, the absolute peak
values of the lighting and equipment consumption may represent outliers or values that do not
robustly represent the case. Therefore, we propose two approaches to develop the typical load
shapes for design cooling calculations:

1. After identifying the daytypes for energy calculation, aggregate for each daytype a
"Design Day" with the hours equal to the mean of the 90th percentile values at each
hour (1-24).

or, if there is a clear seasonal variation identified in the data,

2. Consider summer and winter seasons separately, and aggregate for each season a
"Design Day" with the hours equal to the mean of the 90th percentile values at each
hour.

We will test these two approaches and consider other approaches as well, and recommend
the approach that is judged most appropriate.

4.5 Proposed Surrogate Occupancy Variable

An effort to monitor the occupancy variable (Keith and Krarti 1999) developed average
and peak typical occupancy load shapes. However, acquiring such data on a large scale is not
possible for this project, and therefore we are proposing a surrogate occupancy variable, in order
to produce typical occupancy load shapes.

To develop a surrogate occupancy variable, we investigated Lighting and Equipment load
schedules (diversity factors) determined by a previous study (Bronson 1992) for the Engineering
Center at Texas A&M University based on the daytyping method of Katipamula and Haberl
(1991), described above, and the ELF/OLF technique developed by Haberl and Komor (1990a).
The data used to determine these schedules (diversity factors) was monitored by the ESL. In
(Bronson 1992), the author generated occupancy profiles (for 12 different zones of the case-
study building) for the determined daytypes based on a walk-through survey in the building.
Figure 31, below, shows the Average Occupancy profiles that we derived from the 12 different
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profiles used by Bronson (1992), and Figure 32 shows the typical load shapes for lighting and
equipment for the specified daytypes.

Figure 31. Average Occupancy profiles derived from a walk-through survey in the
Engineering Center (Bronson 1992)

Figure 32. Average Typical Load Shapes of Lighting and Equipment Loads in the
Engineering Center (Bronson 1992)
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After examining the occupancy and the lighting and equipment profiles and analyzing the
data, we found a strong correlation, through a linear regression analysis, between the occupancy
and the lighting and equipment variables, as one would intuitively expect. The details of the
linear regression analysis are covered in details in the Appendix (8.6). This strong correlation
lead us to establish a relationship between these two variables, the occupancy, and the lighting
and equipment. The proposed function, which is a linear transformation of the lighting and
equipment data, provides a surrogate occupancy variable, as follows:

(15)

In Equation (15), the maximum occupancy (OccupMax) can assume any value, for
instance, 1, 0.7, or even 1000 (for example, if the total number of occupants is required), and can
never result in a negative value as with the linear regression models shown above.

This simple manipulation of the lighting and equipment typical load shapes, which
reflects the strong correlation between the occupancy and the lighting and receptacles loads,
produced profiles reasonably similar to the occupancy profiles obtained by the walk-through
survey, which suggests accepting the results of a surrogate variable for the true occupancy
variable. Physically, the data manipulation is explained by the fact that the lighting and
equipment load is strongly correlated (and in fact driven) by the occupants, with the difference of
having some lights and equipment left "ON" during the unoccupied hours. Figures 33 to 35
show the proposed derived surrogate occupancy profiles as compared with the profile generated
with the walk-through survey. This method is proposed for discussion with the PMSC.
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Figure 33. Proposed Derived Surrogate Occupancy Profile for the Weekdays Daytype.

Figure 34. Proposed Derived Surrogate Occupancy Profile for the Weekdends and
Vacations Daytype.
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Figure 35. Proposed Derived Surrogate Occupancy Profile for the Semester Breaks
Weekdays Daytype.
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5. IDENTIFICATION OF RELEVANT ROBUST VARIABILTY ANALYSIS
METHODOLOGIES

Akbari et al. (1989) categorized the uncertainty in developing typical load shapes in three
major groups:

• Input data, for instance, load research data
• Estimation Method, for instance, aggregation of load research data by building type to

obtain average whole-building load shapes, development and use of statistical
weighting factors, and regression of weather whole-building load against weather
data.

• Post-processing of the Typical Load Shape Method Results, for instance, averaging
hourly end-use data into load shapes for the daytypes, and estimation of final load
shapes.

Reddy et al. (1992 and 1998) divided the uncertainty (errors) in regression models in
three groups: (1) Model Mis-specification, caused by inclusion of irrelevant, or exclusion of
important, regressor variables, using a linear when a non-linear model is needed, and incorrect
order of model (2) Model Prediction Errors, which are random errors, with no bias, and (3)
Model Extrapolation Errors, when a model is used to predict outside the domain of the original
data from which it had been identified. Besides the errors, there are also the Measurement
Errors (Reddy et al. 1999) that result from: (1) calibration errors, (2) data acquisition errors, and
(3) data reduction errors. Reddy et al.'s work provided a clear understanding for various sources
of errors when regression models are used for baselining, and proposed equations to quantify the
uncertainty in calculating retrofit savings.

Although we are using measured data for this project, we will not deal with the
Measurement Errors as to account for the imbedded uncertainty in the data sets, since we are
proposing an approach for outlier removal in the daytyping method, and we assume that the rest
of data is precise. We will also account for the errors emerging from the modeling (calculations
and daytyping techniques) a described below.

To account for the variability of the results, Noren and Pyrko (1997, and 1998a and b)
showed the final typical load shapes as three curves: (1) Mean, (2) Mean + One Standard
Deviation, and (3) Mean - One Standard Deviation.

The band between "mean + one standard deviation" and "mean - one standard deviation"
is equal to a 68.27% Confidence Interval, which provides the range in which the "true value"
exists with a defined probability. The confidence limits are calculated for each hour in the
typical load shape. The mean can be defined with any confidence level using the following
equation:

(16)
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Zc = the Critical Value of the confidence level (found tabulated in Statistics
textbooks)
a = the Standard deviation for each hour (1 to 24)
N = sample size (for each hour, the number of days in each daytype).

The confidence interval defined in Eq. (16) is appropriate when the data shows a Normal
Distribution, which is not necessarily the case with the lighting and equipment data distribution.
We binned the lighting and equipment hourly data for the whole year used in a previous study
(Bronson et al. 1992) to show the frequencies and the cumulative percentages of the whole data
set (Figure 36). The histogram shows clearly that the data does not exhibit a Normal
Distribution, rather the data suggest a Multimodal Distribution. Therefore, it is more appropriate
to account for the Confidence Interval of the results with a Percentiles Measure of Central
Tendency, instead of the mean and the standard deviation.

The typical load shapes will be presented as mean values, bound by the 25th and the 75th

percentiles. This interval, or band, covers 50% of the data that is used to define a typical value
for each hour. The 25th and the 75th percentiles will be calculated for each hour, and the
confidence limits will be calculated for each hour as follows:
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where:

We are also proposing to use a new way of comparing the final results, i.e., the typical
load shapes of lighting and equipment loads with the "actual" measured data from different
buildings categories, i.e., small, medium, and large Office buildings. First, a "typical year" of
hourly lighting and equipment typical load shapes will be developed, by multiplying the
calculated diversity factors of each daytype by the corresponding intensities (for instance, the
results found in 822-RP) and projecting the results over the whole year. The differences between
this "typical year" of lighting and equipment loads and a whole year of "actual" data will be
accounted for in the following fashion:

(1) binning the data (for instance, in lOkWh/h bins) and obtaining the frequencies in each
bin, and the corresponding cumulative percentages (Figure 36, below), and

(2) calculating the percentiles for the whole set of hourly data.

This procedure will be performed on both, the "typical year" and the "actual year" of
hourly lighting and equipment loads, and the variability will be accounted for by calculating the
Coefficient of Variance of the Root Mean Square Error (CVRMSE%) and the Mean Bias Error
(MBE%) of: (1) the frequency of the data, (2) the cumulative percentages, and (3) the
percentiles. The results will determine how representative the typical load shapes are, of the
actual lighting and equipment loads in office building.
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Figure 36. Histogram of a Whole-year of Hourly Lighting and Equipment Loads (data
generated with a DOE-2 simulation for the Engineering Center)

Moreover, another way of comparing the frequencies in the whole-year of data generated
with the typical load shapes, and those associated with a monitored data sate will be performed
by comparing the frequencies (shown in Figure 36, above), by using the %2 statistic as follows:

(18)

(19)

where; v is the degree of freedom, and
k is the total number of bins
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If X2 = 0, the typical and actual frequencies agree exactly; while %2 > 0, they do not agree
exactly. In practice, % can be computed and compared with critical values such as x 0.95 or
X2o.99, designating the 0.05 and 0.01 significance levels respectively and which are found
tabulated in statistics textbooks. If the results are greater than a certain defined critical value,
than one can conlcude that the typical frequencies differ significantly from the actual frequencies
obtained from a certain monitored data set.

It is worth adding that when consulting the tables in a textbook, one should use a Degree
of Freedom, herein found as:

where:
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6. CONCLUDING REMARKS

We would like to mention that we have not tested all the daytyping methods as we
proposed in the Preliminary Report against the Predictor Shootout I (Kreider and Haberl 1994)
and Predictor Shootout II (Haberl and Thamilseran 1996) data sets which were used by
contestants from within and outside the U.S. to test different energy use prediction methods.
This is because we felt no need to test each and every method identified, after it became clear
what each method was developed for; for instance, the EDA (Akbari et al. 1988), CED (Parti et
al. 1988), SAE (CSI, CA, ADM 1985, REF. Eto et al. 1990), and Variance Allocation (Schon
and Rodgers 1990) methods were utilized when only the total electricity consumption is
monitored in a building. Thus, these techniques were proposed and used to avoid the additional
cost of monitoring the end-uses. However, when the end-uses are monitored (like in the data that
we acquired for this project), there is no need to use the engineering simulations and combine
them with the monitored total electricity consumption, in order to accurately disaggregate the
total and "produce" the reconciled end-uses, which then are processed to produce the typical
daytypes.

Moreover, in our analysis, we are proposing a method that combines the work that was
previously performed to best serve the purposes of this project, and assure the robustness of the
results. None of these methods, individually, can be used to automatically determine the
daytypes and obtain the corresponding diversity factors and typical load shapes, that this research
project seeks to achieve. Therefore, different parts of each method will be extracted and
combined into an approach that will accomplish the objectives of this project.

The comments of the PMSC will be taken into consideration as to whether or not we
should try to modify our approach. Meanwhile, the work scheduled for Phase III of the project
will be initiated based on the findings of Phase II.
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8. APPENDIX

This appendix includes samples of: (1) Descriptions of the Buildings in the ESL
Database, (2) Files of Lighting and Equipment Raw Data, (3) Graphs for Data Quality Checks,
and (4) a table containing all Buildings Monitored by the ESL.
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8.1 Descriptions of the Buildings in the ESL Database

In this appendix, we are presenting a sample of building descriptions that is adopted in
the report as developed by the ESL to document each building site. In the final report of this
ASHRAE project, we will provide similar building description pages to document all buildings
used in the analysis.

Descriptions of Building # 205 in the ESL database

Building Envelope:
80,000 sq.ft
6 floors, offices, data processing and computer facility.
major remodeling and renovation in 1988
walls: masonry, with a cast stone on north face and
a brick-veneer facing on the remaining.
windows: single glazed with interior blinds
roof: fiat

Building Schedule:
• offices: 7:30 am to 6:00 pm (M-F)

Building HVAC:
6 constant volume multi-zone AHUs (2-20hp, 2-15hp, 2-7.5hp)
2 constant volume dual duct AHUs (2-65hp)
2 chillers (1-110 hp, 1-lShp)
2 cooling tower (l-6hp, l-2hp)
1 constant volume condensate pump
6 chilled water pumps (3-Shp, l-20hp, l-7.5hp, l-15hp)
3 computer room AC (3-40hp)
3 hot water heaters (small hp)
14 return fans (28 hp total)

HVAC Schedule:
• 24 hrs/day

Lighting:
• 100% fluorescent 34-W

Installed Retrofits:
• Replace exit signs - started Apr. 1993, completed Dec. 1993
• Chiller lead lag modification - canceled

Other Information:
• steam is supplied by the main physical plant located at Sam Houston building
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Descriptions of Building # 201 in the ESL database

Building Envelope
• 182,961 Eq. ft.
• Ten story building constructed in 1958
• Contains offices as well as the central power plant which provides chilled water, steam, and electricity to

several of the capitol complex buildings
• Walls: Texas granite, Roof: n/a
• Windows: single pane, but sealed to minimize infiltration

Building Schedule

• 7:30 am to 6.-00 pm during the week

Building HVAC and Equipment

• 2-75 AHUs, 2-50 hp AHUs, 1-10 hp AHU, 1-5 hp AHU, 2-1.5 hp AHUs, 1-2 hp AHU, 3-3 hp AHUs

HVAC Schedule

• 8760 annual hours of operation

Lighting

• 2 and 4-lamp high efficiency 2x4 fluorescent fixtures
• 50-170 watt incandescent lamps

Proposed Maintenance and Operation Measures

• No quantifiable O&Ms identified. However, a quantifiable O&M for utilization of the existing Honeywell
1000 EMS was identified

Proposed Retrofits

• Install motion sensors to control bathroom lighting
• Retrofit incandescent lamps with compact fluorescents
• Provide timed control for domestic hot water pump
• Reduce 1ffi*'"c levels in corridors
• Replace existing inlet vanes in AHUs for AC1 and AC2 with variable frequency drives. Shut off AHUs during

unoccupied periods
• Replace incandescent exit signs with electroluminescent exit signs

Status of Retrofits

Installed motion sensors-cancelled
Provide timed control for domestic hot water pump-completed Sep. 1994
Reduce lighting levels in corridors-completed May 1993
Installation of variable frequency drives-started Feb. 1994, completed Sep. 1994
Replaced incandescent exit signs with electroluminescent exit signs-completed May 1993
Incandescent lamps retofitted with compact fluorescents-completed May 1993
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Descriptions of Building # 146 in the ESL database

Building Envelope:
473,800 sq.ft.
fourteen story structure constructed in 1966 with two stories below grade
steel and concrete structure with marble fascia
windows: N/A
roof: built-up flat

Building Schedule:
• the building houses County Clerk offices, District Courts, District Attorney Staff offices and County jails
• jail (top seven floors): 24 hours per day, 7 days a week
• rest of the facility: 7:00 am to 6:00 pm Monday through Friday

Building HVAC and Equipment:
• 2 electric centrifugal chillers (750 ton each)
• 3 boilers (2 - 21,000 MMBTU/hr, 500 hp and 1 - 4200 MMBTU/hr, 100 hp)
• 1 condenser water pump (75 hp)
• 3 chilled water pumps (75 hp each)
• 1 secondary chilled water pump (75 hp)
• 2 drinking water chiller (20 hp each)
• 2 water chiller circulating pump (0.75 hp each)
• 16 double duct and single zone constant volume AHUs (AHU 1 to AHU 162,15 hp, 10 hp, 50 hp, 40 hp, 75

hp, 40 hp, 75 hp, 40 hp, 60 hp, 15 hp, 60 hp, 15 hp, 40 hp, 40 hp, 75 hp, and 75 hp)
• 5 return air fans (2-15 hp, 1-75 hp, 1-5 hp and 1-2 hp)
• the boiler provides the stream for the heating units, as all of the domestic hot water. Steam is also provided

to kitchens
• double duct units serve the lower floor, and are turned off on nights and weekends
• single zone units with terminal reheat which serve the jail area are in operation at all times

HVAC Schedule:
• double duct units - 14 hrs/day (6:00 am to 8:00 pm), 5 days/week
• single zone units - 24 hrs/day, 7 days/week

Lighting:
• mixture of 34-W fluorescent (5422 lamps) and incandescent lamps

Proposed Maintenance and Operation Measures:
• none

Proposed Retrofits:
install reflectors and delamp fixtures
install motion sensors to control lighting
chiller replacement
Energy Management System upgrade
install VFDs on chilled water pump
replace/rebuild faulty stream traps
steam generation modification
time clock control of chilled drinking
replace fluorescent fixture at the plaza
VAV conversion
total loan amount for the county was $1,050,050 with an estimated annual savings of $237,989
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Descriptions of Building # 146 in the ESL database (Cont'd)

Status of Retrofits:
steam trap replacement completed in December 1991
steam generation modification which included installation of a turn-down boiler in one of the 500 hp boiler
was completed in December 1992
chiller replacement. Installation of VFDs on chilled water pumps was completed in May 1994. Fluorescent
fixture replacement is in construction stage
all the other retrofits (energy management upgrade and VAV conversion) were cancelled

Other Information ic Comments:
electricity is supplied by Texas Utilities Electric Company and natural gas by Lone Star Gas
electric meter is located in the basement of the building and the natural gas meter'is in the basement parking
lot
the W/ft2 scale on the electricity consumption graph (fourth page) is only valid for the total electricity
consumption
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8.2 Sample Files of Lighting and Equipment Raw Data

In this appendix, we show a sample of the raw data that we identified for this project.
The data shown represent lighting and equipment loads for buildings monitored by the ESL, and
building data provided by LBNL.
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Lighting and Receptacles Data of a Medium Building in Austin (data from ESL)
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8.3 Sample Graphs for Data Quality Checks

In this appendix, we show graphical displays of the raw data retrieved from the ESL
database, which helped us in identifying clean data sets for this project.

Whole-Building Electricity and Lighting+Equipment Use in Building # 205 in the ESL
database
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Whole-Building Electricity and Lighting+Equipment Use in Building # 205 in the ESL
database (Cont'd)
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Whole-Building Electricity Use in Building # 201 in the ESL database
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Whole-Building Electricity Use in Building # 201 in the ESL database (Cont'd)
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Whole-Building and Motor Control Center Electricity Use in Building # 146 in the ESL
database
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Whole-Building and Motor Control Center Electricity Use in Building # 146 in the ESL
database
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8.4 All Buildings Monitored by ESL

In this appendix, we show all buildings monitored by ESL, whose data are available in
the database. Table 6 includes information on how the lighting and receptacles data can be
calculated, if not measured directly.
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Table 6. All buildings monitored by ESL
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8.5 Other Documented Methods in the U.S. and Europe

From the U.S. we identified six well documented methods used for generating typical
load shapes, the End-use Disaggregation Algorithm (EDA) (Akbari et al. 1988), the Conditional
Energy Demand (CED) (Parti et al. 1988), the Variance Allocation (Schon and Rodgers 1990),
the Statistically Adjusted Engineering Approach (SAE) (CSI, CA, ADM 1985, ref. Eto et al.
1990), the Temporal Synoptic Index (TSI) (Hadley 1993), and the Singular Value
Decomposition (SVD) (Verdi 1989). The first four methods were mainly used whenever only
the total electricity consumption (Whole-Building Electric) is monitored, and engineering
simulation were required to disaggregate the total into end-uses. The fifth method (TSI) is a
weather daytyping technique which is not necessarily required in daytyping the lighting and
equipment loads. The sixth method (SVD) was mainly used to reduce the number of data points
required to describe a set of data from different buildings.

The only well documented and reproducible European method that we were able to
identify is the Temperature Binning Method that was used at Lunds Institute of Technology in
Sweden (Noren 1997, 1998a and b). However, the foundation of this daytyping method is the
binning according to predetermined temperature ranges. Even though the temperature
dependency (seasonal variation) of the lighting and equipment loads should be evaluated, this
European method, by itself, is not sufficient to be applied in our project, as we need additional
procedures in order to determine the typical load shapes of the lighting and equipment loads.
This European work mixes normalization, and binning techniques and is somewhat similar to the
weather-daytyping used by Bou-Saada and Haberl (1995).

The main characteristics of these 7 methods are described below.

8.5.1 End-use Disaggregation Algorithm (EDA)

The Energy-use Disaggregation Algorithm (EDA) developed by Akbari et al. (1988) is a
Deterministic method that relies on exact reconciliation to an hourly control total, which is
provided by the hourly whole-building load research data. It is mainly used when the end-uses
in a building are not monitored.

The starting point for the reconciliation is an engineering simulation of the sort relied
upon by the earliest load shape estimation methods. The method typically relies on much more
detailed information to develop the simulation input (minimizing the extensive reliance on
engineering judgement). The intent of the method is to supply reasonable end-use breakdowns
when detailed information is scarce. This method is a hybrid method that uses monitored data,
statistical disaggregation, and prorating based on a simulation. The EDA is an engineering
method which primarily utilizes the statistical characteristics of the measured hourly whole-
building load and its statistical dependence on temperature. In the EDA the sum of the end uses
is constrained at hourly intervals to be equal to the measured whole-building load, providing a
reality check not always possible with pure simulation. The primary component of the EDA is
the regression of hourly load with outdoor dry bulb temperature. Two season-specific (summer
and winter sets of temperature regression coefficients are used to cover the temperature
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dependency of the building load. Twenty-four regression models (one for each hour) are
developed for each season. The temperature regression equations are used to separate the load
predicted by the regression, LREG, into a temperature-dependent part, LTD, and a temperature-
independent part, LTI. The temperature-dependent load is attributed to space conditioning
equipment. The temperature-independent load is the sum of loads such as lighting and
miscellaneous equipment, as well as temperature-independent cooling at the base temperature
TBASE-

The temperature-independent load is then prorated according to the loads predicted by a
simulation developed based on a building audit. If the actual load at a particular hour on a
particular day does not perfectly lie on the best-fit regression line, then the difference A between
the actual load LACT and LREG is split between the two parts of the load.

As described in (Akbari et al. 1988), the EDA consists of 5 steps (repeated for each hour
of the day) as follows:

Step 1. Calculate the nominal load (LREG), estimated from the regression, separately for Summer
and Winter, at TACT (actual measured outside temperature over the same period of time of
measuring the whole-building load (LACT):

(2)

where i = s for summer, and w for winter.

Step 2. The regressed load is divided into a temperature-independent (base) load (LTI), and a
temperature-dependent load (LTD)- Since TBASE is most clearly defined in winter, and it is
assumed not to vary by season LTI is defined by the winter regression to be:

(3)

(4)

and LTD = is then found from:

Step 3. Prorate the base load (LTI) according to the fractions (f) provided by the simulation
performed at TBASE. For example, temperature-independent conditioning is found
from:

(5)

(6)

and so on, for the rest of the temperature-independent loads. The nominal load (LREG)

has now been broken down into end-uses.
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X is assumed to be 0.25 for the winter, assuming that the cooling energy use then is
entirely a function of internal loads, and that the cooling equipment has a COP of 3.

Step 5. The measured load (LACT) has now been completely disaggregated into end-uses. The
conditioning end-use is composed of a temperature-dependent element, temperature-
independent element, and a fraction of the residual:

8.5.2 Conditional Energy Demand (CED)

The Conditional Energy Demand (CED) approach (also called the Conditional Demand
Approach (CD A)) is essentially a correlation analysis of the energy use of many separate
premises against the energy using equipment in each of these premises. The analysis seeks to
determine the difference in observed load due to the presence of a given energy-using device, all
other things being held equal. The difference is taken to be the energy contribution of the
device. The technique was first applied to annual and monthly billing data. With the availability
of whole-building load shape data, the technique was extended to an hourly time step.

Parti et al. (1988) used the Conditional Energy Demand (CED) technique which allows
for the development of estimated residential appliance-specific energy usage and conservation
effects without placing end-use meters on the appliances. End-use metered consumption
information was used only for comparison to the CED estimates of end-use load shapes. The
specific objectives of this load research project were: (1) to measure the contribution to system
hourly load of the residential class, (2) to measure the components of this load resulting from the
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Step 4. The end-uses will now be adjusted so that they sum to the actual measured load (LACT),
rather than to LREG- Of the difference A between LACT and LREG> a fraction %A is
attributed to conditioning and the remainder, (1 - j)A , is proportionately distributed to
the non-conditioning end-uses. % is the fraction of the total statistical variation around
the regressed load that is attributable to conditioning, and is found for the summer from:

(7)

(8)

The EDA method was applied to buildings in the cooling mode (seven buildings in
Southern California). It does not account for nonlinearities of load, latent load, heat storage,
special load management options such as cool storage and daylighting, and temperature or
seasonal dependencies in end-uses other than conditioning loads. However, the intent of the
method is to supply reasonable end-use breakdowns when detailed information is scarce. This
method is a hybrid method that uses monitored data, statistical disaggregation, and prorating
based on a simulation. The method is fundamental and can be used when disaggregation of the
whole-building electricity (WBE) consumption is required (buildings where only the WBE is
monitored).
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operation of room ACs and refrigerators on the peak day, (3) to determine the effect of
substituting more energy efficient ACs and refrigerators, and (4) to attempt to develop a model
for estimating end-use profiles based on total load and demographic data without the need for
end-use metering.

The CED carries out the disaggregation of the total load into its end-use components by
applying Multiple Linear Regression (MLR) analysis to a data set composed of total load data,
survey and weather information. In the MLR estimating equation, the hourly residential load, Eh,
is written as the sum of the hourly end-use demand functions for room AC, frost-free
refrigerators, non-frost-free refrigerators, pool pumps, central AC, an "unspecified" category, at
hour "h". In the MLR model, the hourly AC variable is obtained using regression models
function of estimates of building thermal mass temperatures, building indoor air temperature, and
energy consumed by end-uses other than AC. The refrigerators variables are also obtained using
regression models function of the capacity of the refrigerators. The model breaks down the
hours of the day into four general hourly categories: (1) Night (12AM-6AM), (2) Morning
(7AM-9AM), (3) Midday (10AM-5PM), and (4) Evening (6PM-11PM). Load shapes were
developed based on the MLR model and the time categories schemes.

The CED is a statistical method that involves many estimates and weights for appliances
derived from engineering studies, estimated efficiencies for the HVAC system, and estimates for
the internal loads generated by occupancy, lighting, equipment, and solar radiation. This
technique, although not available in a detailed documentation, could also be useful in generating
end-use loads when only whole-building loads are available.

8.5.3 Variance Allocation

To provide a cost-effective alternative to end-use metering for electric utilities, Schon
and Rodgers (1990) have applied a hybrid engineering/statistical approach to end-use load shape
estimation for the commercial sector. The authors developed a method which: (1) identifies
systematic biases in an engineering model's hourly end-use load estimates, (2) adjusts the
engineering model to significantly reduce these biases for individual building end-use estimates,
(3) uses a variance-weighted approach to reconcile adjusted engineering estimates with whole-
building metered data, and (4) offers to estimate end-use load shapes at an order of magnitude
less cost than that end-use metering.

The authors stated that end-use metering alone provides only descriptive data and
provides no predictive modeling component. Alternatively, the engineering models provide the
predictive modeling component missing from the end-uses. Moreover, the statistical methods
that rely on existing end-use and whole building hourly loads have the advantage of capturing
the behavioral components of the building operation, in the whole-building load variations.
Thus, the hybrid method combines the advantages of both engineering and statistical methods.
The method was applied for work at Florida Power and Light (FPL). Hourly data which were
collected in 457 statistically sampled commercial facilities. Biases in the engineering models of
end-uses, developed using the ASHRAE CLTD method, were identified from regressing whole-
building metered loads on individual end-use load estimates at each hour:
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(9)

where, Lt is the actual whole-building load at time t
Ejt is the estimated end-use load (from engineering models) at time t
j is the index for each end-use

If the engineering models were unbiased, the coefficients pjt would be equal to 1 and a t

would be equal to 0.

Finally, to reconcile the sum of the hourly end-use load estimates with each individual
facility's hourly research data, using the variances observed for each regression coefficient (3jt.
The CV (standard deviation of pjt /mean pjt) of each end-use represents the uncertainty in the
end-use estimate at hour t. This uncertainty in coefficient Pjt can be used in a variance-weighted
reconciliation applied to each hour in the form of:

8.5.4 Statistically Adjusted Engineering Approach (SAE)

The Statistically Adjusted Engineering approach (SAE) (CSI, CA, ADM 1985, ref. Eto et
al. 1990) is very close to the Deterministic methods. It is yet another method where the whole-
building electricity use needs to be disaggregated in order to obtain different end-uses. First an
engineering simulation is developed to provide an initial estimate of end-use loads. Next, the
initial estimates are regressed against control totals, which are averages of hourly energy uses for
typical days. The estimated coefficients can then be thought of as adjustment factors that
reconcile the initial estimates to the control total. In other words, correlational analysis is used to
perform the allocation of differences statistically, whereas, in the deterministic methods the
allocation is performed deterministically. This method is a Statistical Method, and typically
relies on regression techniques that correlate explanatory variables with the hourly control total.
These variables need not all be physical and the reconciliation to the control total is usually
expressed in goodness of fit.
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The factor Fjt, for each end-use j and hour t is used to prorate the difference between
simulated and metered totals based on statistical variation in the simulated end-use loads. The
largest and most variant end-uses receive the largest portion of the difference between the
engineering simulation and the metered whole-building load.

The variance allocation approach, thus, is an allocation rule, and involves prorating the
difference between the simulated and control totals based on the observed statistical variation in
the simulated end-use loads. The basic intuition for this approach is that loads which are highly
variable are more likely to account for any differences between a point estimate (simulated) of
their magnitudes than loads which are relatively stable. This approach was applied to a study of
commercial buildings in the Florida Power and Light Company service territory. This approach
could also be useful in generating end-uses load shapes.
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Schrock (1997) stated that SAE models which are a subclass of the CED models are used
to quickly reconcile engineering estimates with a known total. In the SAE model a known total
is regressed against end-use estimates, and a coefficient is obtained for each end-use. The
regression is performed for each hour separately (1 to 24). Next, each end-use is multiplied by
the reciprocal of the associated coefficient.

This approach could also be used to generate synthetic end-use loads.

8.5.5 Temporal Synoptic Index (TSI)

Hadley (1993) employed a Temporal Synoptic Index (TSI) approach for weather-
dependent data which uses a combination of principal component analysis (PC A) and cluster
analysis on the resultant principal components (PC's), to identify days which are considered
meteorologically homogeneous. The new weather variables, Principal Components (PC's)
reduced the number of original weather variables required for determining the daytypes. Daily
values for these PC's are then calculated. Days with similar daily PC values are grouped into
"clusters" that are meteorologically homogeneous.

Hadley used this technique to determine the response of the HVAC system of four
buildings, monitored as part of ELCAP project, to different weather conditions. Once the
number of daytypes has been specified, each day in the data set analyzed can be assigned to a
specific, unique daytype and the average values of each meteorological variable calculated for
each daytype. The weather data was obtained from the National Weather Service (NWS). Each
weather-daytype was defined in terms of daily averages of the dry-bulb and wet-bulb
temperature, extraterrestrial and total global horizontal radiation, clearness index, and wind
speed. The unique character of each weather daytype was established by: (1) the mean value of
each of the original weather variables within each daytype; (2) the frequency of occurrence of
the daytype by month; and (3) the diurnal variation of each variable within each daytype. In
Hadley's work, twenty different daytypes were specified arbitrarily which resulted in some
daytypes that were not significantly different from others. Finally, average hourly heating and
cooling profiles were generated for each of the weather daytypes for three different buildings.

The Principal Component Analysis and the Cluster Analysis can be performed using
commercial statistical packages. This technique proved to be useful for daytyping of weather-
dependent data. However, for weather-independent data, like lighting and equipment, this
technique becomes unnecessary.

8.5.6 Singular Value Decomposition (SVD)

The Singular Value Decomposition (SVD) reduces the necessary amount of data (herein,
required to explain the variety of commercial load shapes) to only a few vectors containing the
matrix's eigenvalues, shapes and scaling. Press et al. (1992) stated that in many cases where
Gaussian elimination and Lower triangular-Upper triangular (LU) decomposition fail to give
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satisfactory results, the SVD techniques will precisely diagnose the problem. In some cases, the
SVD solves the problem and gives a useful numerical answer, although not necessarily the
answer that one thinks he/she should get. The SVD also is a method for solving Linear Least
Square problems where the problem is either overdetermined (number of data points greater than
number of parameters) or underdetermined (ambiguous combinations of parameters exist).

Verdi (1989) used this technique to develop typical load shapes. Verdi applied the SVD
to a single matrix representative of all buildings (11 buildings were considered), and also to
matrices representing individual buildings. In both cases, i.e., all buildings, or individual
buildings, the rank necessary to describe differences across buildings or within a single building
was minimized. When SVD was applied to "all buildings" in one matrix, the distinction between
different building classes prevailed. When the technique was applied to a single building the
distinction between different days became clear.

In the way the SVD was applied in Verdi (1989), the matrix representing all buildings
take the following form:

where: A is the matrix of the Normalized Median Hourly values (1 to 24) for each building
U is the matrix of the Primary Load Shapes
D is the matrix of the Eigenvalues
VT is the matrix of the Scale Factor for each building
m is the number of buildings.

To obtain the typical load shape for each building one can take the matrix formed by the
following multiplication: Ui.di.Vi1 (i.e., (24 x 1). (1 x 1). (1 x m)). Each column of this matrix
will be the typical load shape of the corresponding building as arranged in the original A matrix.

It is worth mentioning that the convergence of the data (typical load shapes as close as
possible to the original median load shapes) occurred in Verdi's study at the fifth column of the
U matrix.
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For matrices representing individual buildings, the index m will represents the day, thus
the matrix A will be a (24 x 365) matrix, and each column represents then one day of hourly
data.

This SVD technique was used by Verdi mainly to condense the number of data points of
a data set, and to compare differences among building classes. Thus it is a data handling
technique, rather than a robust method to define the daytypes and typical load shapes of a certain
building category.

The methods described in Section 4.3.2 provide helpful insight into techniques that might
be required in cases where the end-uses are not monitored (but still required), and the analysis is
therefore based on the whole-building electricity consumption.

8.5.7 Temperature Binning Daytyping

Noren (1997) developed a temperature daytyping technique for developing typical load
shapes for six different commercial building categories (Hotels, Warehouses/Grocery Stores,
Schools with kitchens, Schools with no kitchens, Office buildings, and Health buildings). The
work is also described in Noren and Pyrko (1998a and b).

In the Office building category, the authors presented and discussed typical load shapes
developed based on data from 7 district-heated Office buildings in south Sweden. Load shapes
were developed for different mean daily outdoor temperatures intervals and different daytypes.
The daytypes were simply the "weekdays" and the "weekends and holidays". In "weekdays"
daytype 5 temperature intervals were considered: <0C, 0-5C, 5-IOC, 10-15C, 15-20C, >20C.
For the "weekends and holidays" daytypes the 15-20C and >20C interval were combined as
>15C. The load shapes were presented as non-dimensional normalized 1-hour loads.

The methodology consisted of calculating the normalized load by dividing the measured
load at time t by the mean annual load. Then the data are split into different groups, depending
on the daytype. The data in every group are sorted by hour, and every hour sorted into different
temperature intervals. Different intervals for mean daily outdoor temperature were used to sort
the data. A mean normalized value of the load was calculated for every hour and each
temperature interval, by dividing the calculated normalized load by the total number of
observations at time t for a category at specified temperature interval. Outliers in the data were
detected visually and removed, basically removing obvious very high and very low values in the
monitored data. This European work mixes normalization, and binning techniques and is
somewhat similar to the weather-daytyping used by Bou-Saada and Haberl (1995).

Earlier, Bou-Saada and Haberl (1995) developed a weather daytyping approach that
categorized the whole-building electricity consumption of an electrically heated-cooled building
into three weather-daytypes (below 45°F, between 45 °F and 75°F, and above 75°F). An average
heating profile was chosen to represent all hours when temperatures were below 45 °F, an
average cooling profile was selected for temperatures above 75 °F, while non-HVAC profile was
assigned for all hours between a temperature of 45 °F and 75 °F. For the non-HVAC profile, two
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representative days, weekday and weekend days, were chosen by visual inspection of the data.
Disaggregation of the non-weather-dependent electric load was then performed by reviewing site
plans, hand measurements during site visits and personal interviews. Weather-dependent
daytyping will only be used in our analysis if only the whole-building electricity consumption is
monitored, and shows to be strongly weather-dependent.
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8.6 Correlation Between Occupancy and Lighting and Equipment Loads

After examining the occupancy profiles and the lighting and equipment load profiles, we
performed a simple linear regression of the occupancy variable (OCCUP) as a function of the
lighting and equipment variable (LTEQ). We obtained the following equations:

For the Weekdays daytype:
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(13)

(14)

For the Weekends and Vacations daytype:

For the Semester Breaks Weekdays daytype:

where:

Figures 37 to 42 show the derived surrogate occupancy profiles as compared with the
profile generated with the walk-through survey. The results of the simple linear regression of the
occupancy variable against the lighting and equipment loads shapes produced profiles reasonably
similar to the occupancy profiles obtained by a walk-through survey, which shows the strong
correlation between them.
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Figure 37. Linear Regression of Occupancy as a Function of Lighting and Equipment for
the Weekdays Daytype.

Figure 38. Derived Surrogate Occupancy Profile for the Weekdays Daytype.
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Figure 39. Linear Regression of Occupancy as a Function of Lighting and Equipment for
the Weekends and Vacations Daytype.

Figure 40. Derived Surrogate Occupancy Profile for the Weekends and Vacations
Daytype.
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Figure 41. Linear Regression of Occupancy as a Function of Lighting and Equipment for
the Semester Breaks Weekdays Daytype.

Figure 42. Derived Surrogate Occupancy Profile for the Semester Breaks Weekdays
Daytype.
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