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Collecting energy use data is becoming common practice in the buildings sector. Current applications include understanding regional energy flows in the building stock, and tracking energy performance of individual buildings. Beyond these, research and commercial applications of building energy data are as yet unexplored. Research is needed to provide insight into the data being collected, to identify appropriate applications of these data, and opportunities to improve data collection efforts. To that end, we present an exploratory analysis of the existing public large-scale building energy datasets, focusing on the two largest datasets: the Commercial Building Energy Consumption Survey and the Building Performance Database. We provide backgound information on both datasets, present an overview of the detail and sparsity of information in each, and report on the relationships we observe between data fields included in the two datasets, and compare our findings with results from the literature. We discuss how these results could be applied to support energy efficiency investments, and opportunities to improve data collection efforts to ensure that the data collected are adequate to provide insight into building energy consumption and support novel applications of building energy data.
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1. INTRODUCTION

In recent years, empirical data and data-driven decision support tools have been transformational in numerous industries including marketing (Bryand et al., 2008), crime-fighting (U.S. Departments of Transportation and Justice, 2009), and political campaigning (Issenberg, 2012). The success of these tools in other industries has led to speculation about the role big data can play in buildings, for example to scale up investments in energy efficiency.

Numerous studies (e.g., Pacala and Socolow, 2004; McKinsey & Co., 2009; Williams et al., 2011) suggest that relatively modest investments in energy efficiency at scale can yield large energy and economic savings for the buildings sector. These studies rely on engineering-based models to predict energy savings. Uncertainty in these predictions combined with high retrofit costs are thought to present a major barrier to eliciting the scale of investment needed to unlock deep energy savings in the building stock (Mills et al., 2004).

Unlike engineering-based models, data-driven algorithms can quantify uncertainty in energy use and energy savings predictions, with or without detailed information about building characteristics. By quantifying uncertainty, these algorithms can help stakeholders to identify low-risk and/or high-savings building retrofits. However, data-driven algorithms are thought to be limited by the quantity, quality, and scope of the supporting data.

A recent increase in building data collection has led to parallel efforts to aggregate (Mathew et al., 2015) and summarize (Kontokosta, 2012a; Hsu, 2014a,b) the available data, and to develop data-driven algorithms for modeling building energy consumption (Kontokosta, 2012b; Hsu, 2014a, 2015; Walter et al., 2014). Mathew et al. (2015) and Brown et al. (2014) identify the Building Performance Database (BPD) (U.S. Department of Energy, 2015a) as a candidate for supporting data-driven algorithms to inform investments in energy efficiency. Another candidate is the Commercial Buildings Energy Consumption Survey (CBECS) (U.S. Energy Information Administration, 2003).

The current work presents an exploratory analysis summarizing the building data available in the BPD and in CBECS, which are among the largest and most detailed sources of data about building energy consumption in the United States. This analysis presents just one of many possible studies these data could support, and is the first of several publications that rely these data. With this work, we aim to understand: (1) what information are available, (2) what are the limitations of these datasets, (3) what insights do these datasets provide into similarities/differences in energy use patterns among buildings, (4) are these insights consistent across the two datasets and with results in the literature, and (5) what additional data (if any) are needed to support the potential big-data applications discussed above. The key contributions of this work are to determine whether we can leverage the empirical building data available today confirm confirm or refute conventional knowledge about building energy use and identify/quantify energy efficiency opportunities, or whether more detailed data are needed to support these applications.

The current paper is structured as follows: section 2 reports on the emphasis and content of the two datasets. Section 3 outlines our analysis approach. Section 4 highlights the range and distribution of reported values for various data fields in different subsets of each database, and identifies relationships between these variables. Section 5 provides an interpretation of the results in section 4, and discusses the implications of these results on current and future applications of the data.

2. DATA

2.1. Building Performance Database (BPD)

When we performed this analysis (March 2015), the BPD contained 45,000 commercial and 650,000 residential building records. To our knowledge, the BPD contains more buildings than any other public building dataset. BPD data are collected by independent agencies and volunteered for inclusion in the database. To date, more than 50 contributors have provided data (U.S. Department of Energy, 2015b). Contributors include researchers, building owners, local governments, electric utilities, and federal agencies. CBECS is among the BPD's source datasets.

Unlike CBECS, representativeness is not considered in compiling data for the BPD. Because BPD relies on volunteered data, the dataset has an inherent bias toward buildings with benchmarked energy use. In practice, policy and market influences make benchmarking more common among certain subsets of the building stock than among others. Furthermore, individual contributors typically provide data for portfolios of buildings they own, manage or track for other reasons. More often than not, these portfolios share some attribute such as: geographic proximity, common ownership, or participation in an energy efficiency or building certification program. For example, because energy regulation typically happens at the local or state (rather than federal) level, certain regions are very well represented in the BPD, while others may be unrepresented altogether.

The BPD contains only the information provided by data contributors. Thus the level of detail in the dataset is constrained by the interests and expertise of the organizations/individuals that collect and/or volunteer the data. Table 1 lists reporting frequencies for the 24 most populated data fields in BPD; CBECS reporting frequencies for the same fields are also provided. The most commonly reported data fields (e.g., gross floor area) constitute the minimum requirements for inclusion in the database, as detailed in Custodio et al. (2014). The completeness and quality of other data fields is varies among data contributors. However, the BPD reports only measured (not predicted) values. Refer to Mathew et al. (2015) for further detail about BPD contents, data sources, and procedures for aggregation and quality control.


Table 1. Reporting frequencies in BPD and CBECS for the 24 most frequently reported data fields in the Buildings Performance Database.
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2.2. Commercial Buildings Energy Consumption Survey (CBECS)

To our knowledge, CBECS is the most detailed public repository of commercial building energy and characteristics data available today. Because CBECS is collected through an in-person survey that covers all reported data fields, reporting frequencies are high for all surveyed data fields.

Through CBECS, the Energy Information Administration (EIA) aims to provide a representative snapshot of the U.S. building stock. The present analysis uses the 2003 survey data. Buildings in CBECS are sampled so as to capture a diverse cross-section of the building stock, and weighted based on the number of similar buildings in the larger building stock.

Because BPD is not representative of the larger building stock, the current analysis aims to understand relationships between variables in the two datasets. We do not intend to make inferences about relationships in the underlying building stock. Thus our analysis reports on the un-weighted values provided in CBECS building records and does not take into account the number of buildings each record represents in the larger building stock.

3. METHODS

3.1. Exploratory Data Analysis

The current work aims to identify relationships between energy use and building characteristics using exploratory analysis (Behrens, 1997). We report on the range, distribution, Pearson correlation coefficient, and the slope of a least squares regression line fitted to the data. From these results, we identify similarities/differences in energy use among peer groups of buildings in the two datasets, and relationships between numeric data fields.

We select fields for analysis from each database based on data availability. Although CBECS contains many more data fields than we report on, the scope of the current work is limited to fields that are well populated in both datasets. We evaluate trends between energy use and each of five data fields: (1) gross floor area, (2) year built, (3) average weekly operating hours, (4) HDD, and (5) CDD.

3.2. Units of Measurement

We report energy use in terms of site (or delivered) energy consumption. Site energy consumption includes all electricity and other fuels (e.g., natural gas, fuel oil) used in a building (e.g., for heating and/or cooking). We follow the convention of reporting site energy consumption in SI units (MJ) to aggregate fuels streams characteristically reported in different units of measure, for example in kWh or by volume. Energy use is also commonly reported in terms of source (or primary) energy consumption. Source energy consumption is typically used to understand regional energy flows, while site energy consumption is used to understand energy flows and expenditures within a building. The two values can differ substantially due to losses during heat conversion and electricity transmission. Because the focus of this work is to report similarities/differences between individual buildings, rather than on drawing inferences about the larger building stock, we report building energy consumption in terms of annual site energy use (MJ) and annual site energy use intensity (MJ/m2).

3.3. Peer Group Analysis

Differences in energy use among buildings are related not only to physical and operational characteristics, but also to differences in energy useage patterns in various building types and climates. To highlight correlations in the data, we control for extraneous differences among buildings in two ways: (1) normalizing by observed correlates, and (2) filtering the database to compare buildings only with their peers with respect to building type or climate.

By comparing buildings with their peers, we aim to control for unreported or extraneous characteristics/consumption patterns common to certain subsets of the building stock. For example, defining regional peer groups controls for regional differences in building codes and heating/cooling requirements related to climate.

We identify trends in peer groups defined first by building type, then by building location. The building types we examine include: education, office, and retail. Combined, these account for 75% of commercial buildings in the BPD, and 45% of buildings in CBECS. The locations we examine include: San Francisco and New York City. Although the two cities make up only a small fraction of buildings in BPD, they are illustrative examples of disparate climates.

CBECS building records report locations by census division, but provide no more granular location information. Therefore, we compare local BPD peer groups with CBECS peer groups defined by the census divisions that contain each local peer group. Although the local and regional building stocks differ, we expect differences in climate to be evident both locally (in BPD) and regionally (in CBECS).

3.4. Heating and Cooling Degree Days Calculation

Each building record in CBECS includes annual heating and cooling degree days (HDD and CDD) for the survey year, in this case 2003. Although HDD and CDD are not reported in the BPD, they can be computed using building location (postal code) and the energy measurement interval, given by start and end time stamps for energy use readings. We compute HDD and CDD by linking BPD data with orthogonal temperature data obtained from NOAA's Integrated Surface Database (ISD) (U.S. National Oceanic and Atmospheric Administration, 2014). We use reported building locations to identify the nearest weather station, and hourly temperature data for that weather station to compute HDD and CDD. We use base 65°F (18.3°C), as detailed in ASHRAE (2004). Only about 5% of building records in BPD report insufficient data to compute HDD and CDD using this approach.

4. RESULTS

In the following sections, we identify and compare relationships between data fields for various peer groups of buildings in BPD and in CBECS.

4.1. Peer Groups by Building Type

Figure 1 shows a strong correlation between whole-building (site) energy use and gross floor area. Pearson correlation coefficients range from ρ = 0.83 to ρ = 0.96 among peer groups. Regression line slopes range from m = 0.77 to m = 1.12; the narrow range suggests that energy use scales similarly with respect to floor area for all three building types and in both datasets. Box-and-whisker plots illustrate the range and distribution of reported values along each axis.
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FIGURE 1. Scatterplot showing annual whole-building site energy use (MJ) (vertial axis) verses gross floor area (m2) (horizontal axis) for office, education and retail buildings in the Building Performance Database (BPD) and in CBECS. Red lines denote the least squares fit. The number of observations (N), Pearson correlation coefficient (ρ) and linear regression coefficient (slope) for each plot is provided. Box-and-whisker plots along the vertical and horizontal axes indicate the range of reported values along each axis; whiskers denote the 5th and 95th percentiles.



BPD peer groups in Figure 1 contain between 10 and 20 times more buildings than the corresponding peer groups in CBECS. As we examine other data fields with lower reporting frequencies, BPD peer group size declines by an order of magnitude due to data sparsity. Although CBECS peer group sizes do not change, BPD peer groups consistently outnumber their counterparts in CBECS.

The median energy use is similar across building types and datasets. The similarity is surprising, as some education buildings are only operational during the school year. The range and distribution of floor areas and energy use are also similar across building types and in both datasets. Retail and education buildings in BPD do report a narrower distribution of energy use than their counterparts in CBECS.

To control for the effect of floor area on site energy use, we examine subsequent trends in terms of annual energy use intensity (EUI) with units MJ/m2. Figure 2 reveals no correlation between EUI and floor area, with correlation coefficients ranging from ρ = −0.41 to ρ = 0.24. The range and distribution of values along the EUI axis are the same across all six peer groups.
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FIGURE 2. Annual energy use normalized by gross floor area (MJ/m2) verses gross floor area (m2) for office, education and retail buildings in the Building Performance Database (BPD) and in CBECS. All figure elements are shared with Figure 1.



Table 2 reports summary statistics by peer group for the most frequently reported data fields. We also list correlation and linear regression coefficients relating each data field to site EUI. We observe no strong correlations between site EUI and any other variables in the database.


Table 2. Table showing range and distribution of reported values in BPD and CBECS for office, education and retail buildings.
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4.2. Peer Groups by Building Location

Table 3 lists summary statistics for data fields by location. Again, we observe no strong correlations between site EUI and any other variables in either location. Given the differences in climate between San Francisco and New York, we expect that heating and cooling loads will be higher in New York than in San Francisco, and that these differences will be evident in site EUI. Although the distribution of site EUI for buildings in New York is shifted slightly to the right of the distribution for buildings in San Francisco, the difference is minimal, and the range of values is roughly the same in the two regions. These observations pertain to both BPD and CBECS peer groups.


Table 3. Table showing range and distribution of reported values in BPD and CBECS for office, education and retail buildings.

[image: image]



We further investigate these differences in EUI by examining the cumulative distribution of EUI for various fuel types in each local peer group, as shown in Figure 3. Surprisingly, comparing buildings in San Francisco and New York, neither peer group is clearly more energy intensive than the other. Similarly, electricity use intensities among the two peer peer groups in CBECS are identically distributed. We do find that buildings in the regions with more extreme winters (New York and the Middle Atlantic) use slightly more fuel than buildings in the regions with milder climates (San Francisco and the Pacific). However, the observed differences in EUI are surprisingly small considering the vast differences in climate.
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FIGURE 3. Cumulative distribution of annual whole-building, electricity, and fuel energy consumption normalized by gross floor area (MJ/m2) for commercial buildings in San Francisco and New York in the Building Performance Database (BPD), and commercial buildings in the Pacific and Middle Atlantic census divisions in CBECS.



5. DISCUSSION

5.1. Distributions of Values

Comparing the range and distribution of values in each data field listed in Tables 2, 3, we observe only slight differences among buildings in the two datasets and among peer groups, including all three building types and both locations. We find that BPD peer groups are consistently more narrowly distributed than their counterparts in CBECS. Two factors contribute to the narrow distribution of values in BPD relative to CBECS. First, the range of values reported in CBECS is likely wide because CBECS captures a diverse cross section of the building stock (Hsu, 2015); the distributions of values in the building stock and in the weighted CBECS dataset are likely narrower than what we observe in the unweighted dataset. Second, BPD may represent only a narrow cross section of the building stock due to self-selection of buildings represented in the dataset.

5.2. Energy Use Correlates

The only clear correlation we observe is between floor area and whole-building energy use (Figure 1) with correlation coefficients (ρ) ranging from 0.83 to 0.96. The strong correlation is not surprising, and confirms conventional knowlege that energy use scales with floor area. Floor area is a key input in physics-based building models (Kavgic et al., 2010; Deru et al., 2011; U.S. Department of Energy, 2014).

Both Hsu (2014a) and Kahn et al. (2014) report a negative correlation between EUI and floor area in local subsets of the commercial building stock. We observe a weak negative correlation (rho = −0.43) among BPD buildings in New York, which is consistent with results in Hsu (2014a) for a comparable peer group of buildings in New York. However, we observe no such correlation in any other peer group.

Kontokosta (2012b) reports a positive correlation between EUI and operating hours among buildings in New York City; we also observe a weak correlation among BPD buildings in New York City and in San Francisco (see Table 3). Despite evidence of a weak correlation in select peer groups, fitted regression lines relating operating hours to EUI have approximately zero slope for nearly all peer groups. In other words, we observe no change in EUI with respect to different operating hours.

The lack of a relationship linking EUI to operating hours is surprising, and seems to suggest that buildings use as much energy while unoccupied as they do while occupied. Unoccupied buildings can often improve energy performance by scheduling reductions in loads designed to support occupant needs, such as HVAC and lighting. Thus the lack of a relationship between EUI and operating hours may point to an opportunity to reduce comsumption while buildings are unoccupied.

Results from the literature reporting on correlations between EUI and year built are mixed. Kontokosta (2012b) and Kahn et al. (2014) observe a positive correlation between EUI and year built, while Kolter and Ferreira (2011) observes no correlation. Our own results show no correlation in any peer group. That we observe no correlation does not necessarily prove a relationship does not exist, but rather that year built has less pronounced impacts on EUI than other differences between buildings.

Walter et al. (2014) observe a relationship between temperature and energy use in individual buildings at high tempeartures (or high CDD). Our own results show no similar correlation between EUI and either HDD or CDD. The lack of a correlation seems to suggest that buildings in moderate climates use as much energy as buildings in extreme climates. This result is surprising, as weather-sensitive loads (i.e., heating and cooling) often constitute a large portion of whole-building energy use. If confirmed, this result could reveal an opportunity to improve energy performance among buildings in moderate climates. However, the lack of a correlation may also suggest that differences in weather have less pronounced impact on EUI than other differences between buildings; controlling for those differences could reveal correlations not evidenced in Tables 2, 3.

To further explore the relationship between energy and climate, we compare whole-building, electricity, and fuel intensity between buildings in an extreme climate (New York City) and a moderate climate (San Francisco), shown in Figure 3. Based on climate normals, New York typically experiences twice as many HDDs and 20 times as many CDDs annually than San Francisco (U.S. National Oceanic and Atmospheric Administration, 2013). However, for the years on record in BPD, buildings in New York and San Francisco experience on average about the same HDDs (4,400 and 4,100, respectively), and buildings in New York only experienced about 10 times as many CDDs than buildings in San Francisco (on average 1,300 and 18, respectively). The observed similarities in HDD are due to a particularly mild winter in New York in 2011-12 (U.S. National Oceanic and Atmospheric Administration, 2015), which coincides with the energy measurement interval for most BPD buildings in New York. Thus the similarities in energy use between buildings in New York and San Francisco, as shown in Figure 3, are likely attributable to atypical weather in New York.

Because most of the buildings included in this analysis (for both BPD and CBECS) report only 1 year of energy use data, the current datasets do not necessarily capture typical regional and seasonal trends in energy use. Both datasets could benefit by incorporating multiple years of energy use data to reduce the impact of atypical weather on regional trends in energy use. Further, collecting monthly or daily interval energy use data may provide further insight into seasonal energy use patterns in heating/cooling loads.

6. CONCLUSION

Current empirical building data reveals limited insight into the factors that drive energy use in buildings. Our results show that, with the exception of floor area, the building characteristics collected today are largely uncorrelated with energy consumption. However, we exercise caution in drawing conclusions based on these results due to the limited size and depth of the current datasets. Although we control for building type, building size, and location, controlling for other characteristics or for different combinations of characteristics may reveal trends that are not evidenced in the current analysis. A large, detailed, and high-quality dataset with information about building energy use and characteristics is needed to support a more detailed analysis. Unfortunately, accuracy and detail are key limitations of the self-reported data that constitutes much of the BPD, while size is costly to achieve when administering a detailed survey such as CBECS. As a result of these limitations, no such dataset currently exists.

Key limitations of the current datasets include: low resolution of energy use data, sparse detail in BPD records, and the small number of buildings in CBECS. Addressing these limitations in future data collection efforts may increase the range of applications these datasets can support. The data may be used to identify specific opportunities to improve energy performance; for example, the lack of correlation between energy use and operating hours could suggest that buildings can improve performance by reducing consumption during unoccupied hours. These results could also be used to target outreach efforts to specific subsets of the building stock likely to see the highest every savings, such as buildings with relatively low operating hours.

Although more data can support more detailed analysis, the current datasets are capable of supporting broad analysis of buildings, for example to: (1) examine trends in energy use, (2) identify low-performing subsets of the building stock, or (3) evaluate the performance of buildings relative to their peers. Additional research is needed to determine whether the datasets are capable of supporting applications examining energy use drivers to: (1) identify inefficiencies in the building stock, (2) predict energy savings due to building retrofits, or (3) confirm or refute our current understanding of building physics.

The correlations and distributions of values we observe in BPD are largely corroborated in CBECS, and vise versa. Thus despite concerns we and others raise with data quality in self-reported datasets, we did not find that data quality changed broad conclusions drawn from the data. We caution that newer, more detailed, or higher quality data may be warranted to support certain applications of the data.

Finally, we find the magnitude and slope of trends to be nearly identical across all peer groups and datasets. These similarities suggest that certain trends in energy use are shared among diverse subsets of the building stock. That the same trends are present in both a representative and a clustered dataset further supports the conclusion that energy use correlates are shared between buildings of different types and and buildings in diverse climates.
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For each data field we report the number of buildings (N), the minimum (Min), and maximum (Max) values, the quartiles of each distribution (Q1-Q3), and the average value (Avg), as

well as the correlation coefficient (p) and slope of least square regression line (m) relating each data field to energy use intensity.





OPS/images/fbuil-05-00105-t003.jpg
Location Field

Site
Energy
Site
EUI
Floor
Area

San Francisco  Year
Buit

HDD

CDD

Operating
Hours
Site
Energy
Site

EUl

Floor
Area

New York Year
Buit

HDD
coD

Operating
Hours

Source

BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS
BPD
CBECS

1,131
633
1,131
633
1,131
633
480
633
39
633
39
633
150
588
7
669
7
669
7
669
396
669
433
669
433
669
151
636

Min

0.04
0.00
15

0.15
0.09
1850
1850
2,263

001

19
017
0.10
1799
177
2,198
1,906
472
123
31
0

Qi

0.90
0.44
372
589
232
056
1916
1960
2,263
729

309
54
45

1.81
0.87
536
833
1.56
091
1920
1940
2,456
2,856
708
303
55
50

Q2

3.19
212
629
1,160
582
218
1942
1977
2,263
1,124

497

4.02
3.80

1,458
8.68
3.39
1949
1966
2513
3,197
710
437
64
64

a3

12.26
10.93
902
1,961
18.00
743
1979
1991
2,283
2,536
1"
893
70
98
16.39
19.92
1,496
2,517
26.35
12.63
1970
1983
2,513
3,589
710
576
75
116

165.56
1163.65
6,920
16,405
182.48
148.64
2011
2003
2,302
6,144
12
3,105
168
168
374.34
777.43
9,203
25,345
265.48
130.06
2011
2003
2,765
5,393
945
862
122
168

Avg

10.88
16.30
780
1,676
14.87
8.95
1947
1973
2273
1,681
10
613
66
78
19.31
32.53
1,223
2,072
22.39
13.42
1945
1958
2,455
3,259
725
445
67
84

I3

0.29
0.29
1.00
1.00
—0.01
0.10
0.00
0.07
0.32
0.04
0.32
-0.00
0.56
032
0.08
0.30
1.00
1.00
-0.17
0.1
-0.04
0.02
-0.50
-0.10
0.36
0.10
0.45
0.35

m

10.42
7.85
1.00
1.00
—0.24
7.74
0.05
5.10
14.91
0.06
200.29
-0.02
9.06
10.81
2.30
7.85
1.00
1.00
—5.24
9.82
-0.89
1.59
-4.75
—0.42
8.38
1.35
527

16.41

For each data field we report the number of buildings (N), the minimum (Min), and maximum (Max) values, the quartiles of each distribution (Q1-Q3), and the average value (Avg), as

well as the correlation coefficient (p) and slope of least square regression line (m) relating each data field to energy use intensity.
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