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Abstract
The business of saving energy has begun to truly boom. And in a business of savings, it is
important to know where you are and where you would have been. Unfortunately, the most common
utility, electricity, is one of the most difficult to predict. This report outlines the approaches taken to
develop a better baseline for electricity consumption in UNC Chapel Hill residence halls. Though the
approach will be applicable for a wide range of building types, the specific findings will mostly only apply
to residence halls. Before beginning this research, electricity consumption was predicted based on the
outside air temperature. The typical R2 value (number describing how closely related two sets of data
are, 0 = unrelated, 1 = perfectly identical) between predicted usage and actual usage during the
baselining period, where ideally they would be identical, was around 0.4. The common standard R2 value
defining when two sets of data have a statistically viable relationship is 0.75. This meant the current
electricity baseline was highly inaccurate. However, this is a typical result for a residence hall type
building due to the large usage coming from lights and plug loads which are difficult to predict. The goal
of this research was to bring the R2 value up to or above 0.75. It was decided that the best way to
achieve this would be to consider multiple variables instead of just outside air temperature. At first,
different combinations of variables were tested until six were decided on: heating degree days, cooling
degree days, occupancy (also considering course load), cloud coverage, average wind speed, and hours
of day light. Data was analyzed by month and baselines were developed through a programmed Excel
spreadsheet. The baselines developed returned an average R2 value of 0.819 across 19 residence halls.
The relevance of each variable was also calculated throughout the process, and it was found that
average cloud coverage and hours of daylight were only relevant in a small fraction of the buildings.
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Introduction
The business of saving energy has begun to truly boom. And in a business of savings, it is
important to know where you would be and where you are. Unfortunately, the most common utility,
electricity, is one of the most difficult to predict. Electricity consumption can be affected by a wide
variety of factors that have different levels of impact. Heating and air conditioning consume a large
percentage, but lighting and plug loads make up the remaining consumption and are very difficult to
predict.
In order to find energy savings after the implementation of any form of energy conservation
attempt, there are two things that must be known: what the building uses now and what it would have
used had nothing been done. The ladder comes from a baseline which is the predicted energy use. A
baseline is formed by finding what factors or variables affect the buildings energy use, such as outside
temperature, and using them to predict what the energy usage would be. This is normally done by
plotting the consumption versus the variable on a graph and calculating the line of best fit. The graph
below shows how it is done with chilled water.
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Figure 1: Baselining

By using the line of best fit equation, anyone trying to find out how much chilled water is being saved
now can simply input the average outside air temperature as an “x” value, calculate what the chilled
water consumption would have been (“y” value), and subtract the current consumption from the
baseline consumption to get the savings. The other important variable on the graph is the R2 value. The
R2 value is a number describing how closely related two sets of data are where a value of 0 = unrelated
and a value of 1 = perfectly identical. This means that in the graph above, the baseline is very close to
the actual data and is thus a reliable, viable baseline. Generally, a R2 value of greater than 0.75 is
considered statistically viable, or defining a useable relationship.

This study stemmed from a project to find energy savings in college residence halls. The original
method of predicting electricity consumption used outside air temperature and did not return good
results. The typical R2 value found was around 0.4 and even though that result is common, it is still
highly inaccurate and the goal became to increase the accuracy of the predictions using the best method
available. It was decided to consider the affect of multiple variables simultaneously and see how well
predictions could be improved and which factors had the most consistent impact on electricity
consumption. Because this study focuses on residence hall electricity consumption, the methods
discussed in this report could be applied to nearly any building type, but the specific results discussed
will only be applicable to residence halls and very similar building types.

Choosing Wisely
The typical approach for measurement and verification of electricity usage at UNC Chapel Hill is
to use dry bulb temperature, date, or occupancy. Unfortunately, as mentioned before, though these
approaches match that of most others in the industry, they are still unreliable and do not give good
dependable data. This fact turned the relatively simple task of finding energy savings in residence halls
to a much more challenging task of developing a better way to baseline electricity consumption.
This task was taken on with very little prior knowledge and there was very little help to be found
elsewhere. As a result, the first task was to lay out the basic parameters. Electricity consumption data
was pulled from monthly billing. This meant that all data being used would be a monthly sum or
average. To keep monthly sums from being skewed by moths with fewer days, all monthly sums were
divided by the number of days in that month. This gave an average value per day per month and leveled
the playing field from month to month. All data was pulled over a four year period. This allowed for 2.5
years of data to be used in developing a baseline that could then be used to find savings over the
following 1.5 year period (see Figure 1).
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With the parameters established, the next task was to brainstorm possible influences in
electricity usage and investigate their potential affect. To begin, the most common factors were

included. In order to allow warm and cool days to influence predicted usage separately, it was decided
to use monthly total heating degree days (HDD) and cooling degree days (CDD). Another common
influence on usage is occupancy (OCC). In an attempt to customize this variable to better fit the task of
predicting usage in a residence hall, each month was given a score between 0 and 5 intended to
describe the amount of time students spend in the residence hall due to the number of days of the
month school is in session and the average level of course load during those months. So, for example,
July would receive a score of 0 due to class not being in session, and April would be given a score of 5
due to the heightened work load of exams and final projects at the closing of the semester.
After the common factors for electricity usage were incorporated, some less common factors
were investigated. One was the average hours of sunlight (HDL) each month. It seemed to make sense
that if it is darker for a larger percentage of the day, then students would need to use artificial lighting
for longer periods of time, and would spend more time in doors. Another variable that provided
surprisingly significant trends on its own was average wind speed (AWS). The reason for its relevance
was thought to be due to increased heat transfer between the building and the outside air on windy
days and the tendency of students to stay inside on windy days. Finally, cloud points (CP) are a score
derived from the number of cloudy, partly cloudy, and sunny days. Cloud points were calculated based
on the credentials of the data provided. The data was based on cloudy days being days of less than 20%
sun, sunny days being days of greater than 85% sun, and partly cloudy days being the days in between.
The equation used to calculate the cloud points was
(

)
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where the constants are the percentage of sun and the partly cloudy constant is the median of the
sunny and cloudy constants. The thought process behind these units was that the more sun, the more
time students spend outside, and the more heat the building picks up through radiation.

Turning Six to One
After deciding which factors to include, the next, and most important, question was how to
combine them. The ultimate goal was to be able to input the value of each variable for each month and
get out a baseline usage. In order to do this, it would be necessary to manipulate how much of an affect
each variable has on the baseline and quantify that affect. Quantifying the level of impact of each
variable should allow some insight as to which variables are the most important for baselining electricity
consumption.
The solution developed was actually rather simple. The variables were combined in the equation
|

|
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where each C# is a different constant. This way, the constants could be made larger or smaller and
adjust the impact that each variable has on the total sum. This also alleviated any issues coming from
differences in the magnitude of the values of different variables. Factors like CP that have large monthly
values, compared to ones like OCC, can be compensated for by using the constant. Only one set of

constants was developed for each building and then used for all of the months. By entering each
month’s value for the six different variables, a “Trend Unit” would be calculated for that month. Once
calculated, a line of best fit was calculated using the trend units as the “x” value and the same month’s
corresponding consumption as the “y” value. When graphed it looks like:
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Figure 3: Trend Line

With the equation for the baseline, the trend unit for any month can be entered into the equation as an
“x” value, and a very good estimate of that month’s consumption will be calculated as the “y” value.
To find the significance of each variable, the average value for that variable over the four year
period is divided by that variable’s constant. This suggests, on average, which factor is making the
greatest impact in equation 2.

Calculating the Constants
In order to calculate the constant, the baseline generator shown in the Appendix was built and
programed in Microsoft Excel. The next few steps outline the process of finding the combination of
constants that produce the best baseline:
1. The constants for each variable are set to equal the “Starting Point Dividers” (Table 1). The
starting points make the significance of each variable equal to one. This is to keep the baseline
generator as unbiased towards any one variable as possible. The “Trend Units” column
automatically calculates the trend units as the constants are changed.

Table 1: Starting Values
Variables

Unit
Significance

Constants

CDD
HDD
Work Load
cloud points
wind
Hrs DL

3.5
4.7
10
50
12
2.3

1.012244898
0.999264634
1.000832402
0.99072029
0.99781746
1.014492754

Starting
Point
Dividers
3.5
4.7
10
50
12
2.3

2. Next the monthly usage data, in kWh, is entered in its respective column and each month’s
consumption is automatically divided by the number of days per month in the “Units / Day”
column.
3. The baseline generator then uses a built in function to calculate a sixth order, line of best fit
equation between the data in the “Units / Day” column and the “Trend Units” column over the
baseline period (Figure 3).
4. In the “6th Order Normalize” column, the equation calculated in step three is used to calculate
the baselined, total consumption for each month.
5. Then, looking at the baseline period, an imbedded R2 function calculates how close the baseline
consumption is to the actual consumption.
6. Having this R2 value, a macro uses the goal seek function to adjust each constant so that it
produces the largest possible R2 value.
7. The macro has to be run multiple times since when one constant is changed; earlier constants
may no longer be at their ultimate value. But after 3-6 times of running the macro, which takes
about 10 seconds each time, the increase in the R2 value becomes insignificant.
8. Sometimes at this point it is possible to see some variables that were insignificant in creating the
baseline (Table 2). It can also be beneficial to test a very large constant for each variable to find
if there are some others that are making an insignificant contribution.

Table 2: Irrelevant Variables
Variables
CDD
HDD
Work Load
cloud points
wind
Hrs DL

Divider

Unit
Significance

1.898493253 1.86614155
-1.25657E+26 -3.73758E-26
1.589405729 6.296896909
-6.18968E+25
-8.003E-25
1.353429436 8.84701426
1.461955388 1.596035934

Starting
Point
Dividers
3.5
4.7
10
50
12
2.3

9. Because of how the line of best fit is formed, there tend to be extreme slopes at either end (see
Figure 4 b.). This can lead to any predicted consumption, falling on either extreme, being blown

way out of proportion. For this study, if that occurred, the predicted value was replaced with the
median value of the predictions for the month before and after that month.
10. With the best possible combination of constants reached, the baseline energy consumption
numbers can be copied from the “6th Order Normalize” column and pasted wherever applicable.
The procedure above only uses the 6th order best fit equation, but the baseline generator also
has the capability to use 5th and 3rd order equations. These can be helpful when pulling the equation
itself and a 6th order equation is either too complicated or too sensitive. The 3rd and 5th order best fit
macros can also be helpful when the 6th order tends to skew data. By running the 3rd or 5th order macro
two to four times and then running the 6th order, the distribution and results can be significantly
improved like what is shown in Figure 5.
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Figure 4: Advantage of 3rd Order Goal Seek

Results
It was with the baseline generator and the approach described above, that this study was
successful and achieved some very interesting results. For the 19 buildings investigated, R2 values
ranged from 0.55 - 0.9. When summed together as one group, the buildings attained a total R2 value of
0.819, surpassing our goal. The graph of the data in Figure 6 clearly shows a statistically viable baseline
that stays very close to actual usage during the baseline period.
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Figure 5: Baseline for All Buildings

Along with actually creating the baseline shown above, the relevance of each of the different
variables was also investigated. A variable was considered irrelevant if, after reaching the maximum R2
value, it’s constant could be replaced with 1E10 and the R2 value was not reduced by more than 0.02.
Table 3, shown below, lists how many buildings out of 19 ended up not using the specific factor, and the
graph below shows each building, its relevant factors, and how significant each factor was.
Table 3: Irrelevant Variables
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Figure 6: Variable Significance

When looking at the graph and table, there are a few interesting outcomes. For one, the table
shows that average wind speed and cloud cover were only involved in less than half of the buildings.
Based on that fact, it is likely that the two factors could be omitted when calculating baselines in the
future. CDD, HDD, and OCC were no surprise as they are the typical variables in most baselining by
measurement and verification companies. It was a surprise how well the occupancy, that was adjusted
for course load, worked as one of the variables. In fact, at one point it was decided to change it to purely
represent how many days of the month class was in session, but this had a significant negative affect on
the baselines being developed. The biggest surprise was the importance of average wind speed. It was
usually one of the smaller contributors based on the significance, but it almost always made an impact.

Analysis of Results
Through conducting this study, some very important information was found and some
important lessons were learned. When it comes to the baseline itself, numbers don’t lie. This study
proved that it is possible to have an electricity baseline with an R2 value greater than 0.75. However,
there are some difficulties due to how it was obtained. The baseline generator was a great tool, but
needs farther refinement. The results were rather inconsistent and could be significantly different
depending on which macro is used and what value is entered as the desired R2 value. Along with
inconsistencies, this also greatly increased the time required to find the best possible baseline. It is the
time that actually creates the larger issue for most applications. Even UNC Energy Management
department has to baseline over 130 buildings once a year. This would be an extremely time consuming
task using the specific method discussed in the paper. However, with the omission of the CP and HDL
variables, the process could be much more efficient.

Another important and reliable result is count of the number of times a variable was
insignificant. If a variable is removed and it doesn’t make a difference, then once again, the numbers
don’t lie; it wasn’t making an impact. However, the baseline generator could also be rather inconsistent
as to which variables it made insignificant. But due to the use of 19 buildings, whether or not there are
some inconsistencies, it is pretty clear which variables had a tendency to be important and which ones
did not.
The result that is the least reliable is the graph of significances (Figure 5). These values had a
tendency to spike and change significantly if a baseline was calculated more than once. Also, the
significance of a variable turned out to be very loosely related to the variables impact on the R2 value of
the baseline. It was thought that the variable significance would be the best way to show the
importance of each variable in developing a base line, but if this study was to be redone, it would be
much more useful to show how much the R2 is changed when each variable is canceled out with a very
large constant. However, there is still some information to be observed from Figure 5 such as the
consistency of the significance of AWS and OCC and the inconsistency of the impacts of the other
variables.

Conclusion
When calculating energy savings it is important to know where energy consumption is and
where it would be. Unfortunately, the most common utility, electricity, is also one of the most difficult
to predict. Though greater than half of energy consumption comes from heating and cooling in most
buildings, the rest comes from extremely inconsistent sources such as lighting and plug loads. This is
why this study was conducted to find the combination of factors in college residence halls that would
allow for an R2 value greater than 0.75.
This study produced a lot of truly interesting results. The most important, was that baselines for
electricity can be brought into the realm of statistical significance by surpassing a R2 value of 0.75. It was
found that if this task was to be run again, the CP and HDL factors could most likely be eliminated and
increase the applicability of this approach by making it simpler and more efficient. It was found that
considering school work levels as part of occupancy can improve electricity baselines, and that the
month’s average wind speed is another very consistent factor in electricity consumption.
Though this study focused on residence hall electricity consumption and found a few areas of
improvement, it is a study and approach that can be applied to any building type. The intent here, is that
with the results found and the lessons learned, the next individual intent on finding a better baseline for
electricity consumption will have an elevated platform as a starting point and be able to achieve even
better results.

Appendix

Figure 7: Monthly Values and Variables

Figure 8: Baseline generator

