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Common Considerations in Defining Baselines for Industrial Strategic Energy 

Management Projects 
 
The NW Industrial Strategic Energy Management (SEM) Collaborative was formed in 2012 by the Bonneville 
Power Administration (BPA), Energy Trust of Oregon (ETO), and the Northwest Energy Efficiency Alliance 
(NEEA) for the purpose of identifying and addressing market barriers to SEM adoption in the industrial sector. 
Three teams were subsequently formed to focus on: 1) Small-to-Medium Industrial Solutions, 2) Market Analysis 
and Planning, and 3) Energy Tracking and Savings Protocols (ETSP).  
 
The members of the ETSP team include representatives from BPA, ETO, NEEA, Idaho Power, U.S. Department of 
Energy, the Consortium for Energy Efficiency, Puget Sound Energy, BC Hydro, and the Northwest Food 
Processors Association.  This paper is the initial work product of the ETSP team, which was tasked with the 
identification of consistent and defensible methodologies for measuring and verifying SEM energy savings.  The 
examples in this paper were drawn from recent modeling efforts in BPA’s Energy Smart Industrial and the 
Energy Trust of Oregon’s Production Efficiency programs. 

Introduction 
The quantification of improvements in energy intensity resulting from the implementation of enhanced 
operations and maintenance (O&M) practices often involves a comparison of actual whole-facility 
energy use relative to the calculated energy consumption produced by a predictive 'baseline' model, for 
the same set of operating conditions.  The process of developing predictive baseline models is typically 
conducted in accordance with an established set of rules and protocols, which promotes consistency and 
transparency for participant and program stakeholders.  However, the model developer often faces 
specific judgment calls necessitated by real-world constraints such as the availability of historical data, 
the quality of the data set, the prevalence of non-standard operating modes, and the ability to identify a 
stable and representative time period immediately preceding the intervention.  Model developers need a 
thorough understanding of facility operations to be equipped to make informed decisions regarding the 
treatment of these issues in order to produce industrial baseline energy models with sufficient resolution 
and durability. 
 
In an effort to provide tools and resources to address structural barriers to SEM measurement and 
verification (M&V), the ETSP team elected to compile this paper to document case studies from existing 
programs.  These case studies are presented to illustrate common issues faced by model developers and 
the trade-offs associated with different solutions.  Ideally, this information can be used to help other 
implementers and program administrators address these challenges in an efficient manner. 

Common Challenges in Defining Baselines  
Early in 2013, the second work group of the ETSP team was formed and solicited ideas and feedback on 
common challenges implementers face in the process of establishing and maintaining baseline models 
throughout the SEM performance period.  Ideas included developing case studies to address decisions 
modelers must make in selecting a sufficient length for the baseline period (number of operating cycles, 
full range of production levels, one year versus two years, etc…), treatment of capital projects installed 
during the baseline and performance periods, considerations in transitioning from historical utility 
energy bill data to interval meter data during the performance period, the treatment of scheduled 
shutdowns, applying a back-casting model approach, and assessing when a baseline energy model is no 
longer valid. 
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In late summer 2013, the Northwest Energy Efficiency Alliance (NEEA) released a paper titled ‘Energy 
Baseline Methodologies for Industrial Facilities’ (Gilless et al. 2013) that incorporated several expert 
viewpoints on establishing an industrial energy baseline through a straightforward six-step process.  The 
paper addresses common challenges faced by energy model developers, and offers general 
recommendations with several helpful ‘case in point’ examples for industrial facilities with simple, 
moderate, or complex energy characteristic levels. 
 
Several of the above-mentioned industrial energy model topics that the ETSP team’s second work group 
considered sharing within this white paper are discussed in NEEA’s Energy Baseline Methodologies for 
Industrial Facilities paper, while others are lightly touched on or not addressed (for example: treatment 
of scheduled shutdowns, transitioning from monthly to interval metered data during the performance 
period, treatment of custom projects, and back-casting model approach).   
 
The NEEA paper was written to help facility energy management staff develop energy baselines and 
begin using energy data to support their Energy Management Systems, while the NW SEM ETSP white 
paper’s targeted audience includes, but is not limited to, SEM program M&V practitioners and energy 
model developers. 
 
Another SEM-related paper written for same targeted audience, and presented at the American Council 
for an Energy-Efficient Economy’s 2013 Summer Study, is ‘Elements of Defensible Regression-Based 
Energy Models for Monitoring and Reporting Energy Savings in Industrial Energy Efficiency Operation 
and Maintenance Projects’ (Amundson et al. 2013). This paper also outlines six major steps to develop 
defensible regression-based energy models for monitoring and reporting energy savings in industrial 
energy efficiency programs. 
 
It’s expected that more SEM industrial energy modeling related papers will be written and published in 
upcoming years, as future project M&V lessons learned and program evaluation results are shared 
within and beyond the Pacific Northwest region.  What follows are three case study examples – 
Considerations in Interval Selection, Treatment of Non-Production Days, and Managing a Transition in 
Reporting Intervals – all chosen from existing NW SEM programs. The case studies share detailed and 
informative content, respective of participant proprietary needs, with the intent to assist present and 
future energy modelers facing these types of challenges. 
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Example #1:  Considerations in Interval Selection  
 
A modeler faces choices when selecting data intervals for a baseline energy model.  Availability of 
historical data influences the modeler’s selection of data intervals.  At a minimum, data is generally 
available in monthly intervals.  For instance, energy consumption (both electricity and natural gas 
monthly use) are readily available in monthly intervals from utility billing data.  Production data are 
logged by most companies.  Average temperatures are available from many data sources.  Thus, monthly 
energy models can be readily developed for an industrial facility to predict energy use and measure 
savings.   
 
A modeler typically uses the following guidelines for selecting the baseline data set and data interval:  
 

 In principle, the baseline period should encompass the cycles and ranges of the hypothesized 
primary and secondary energy drivers.   

 Weather-dependent models should use complete years (12, 24, or 36 months) of continuous data 
during the baseline period to ensure balanced representation of operating modes.   

 Daily or weekly time interval data typically provide better insight into the process being modeled 
as statistical theory suggests that larger data sets typically lead to models with tighter confidence 
bands. 

 
What should be done if frequent time interval data (daily or weekly) is not available for a particular 
industrial site?  A baseline model could be developed using available monthly data.  Alternatively, 
metering equipment could be installed and the energy intervention might be delayed to collect baseline 
data (potentially delaying the energy intervention by 12 months).  Or the data collection period for 
frequent interval data could be condensed.  
 
Regression models for total energy use prior to energy project intervention were developed using several 
baseline period durations using available data in daily, weekly, or monthly intervals.  This case study 
examines the trade-off of delaying an energy intervention to collect frequent-interval energy data versus 
an immediate intervention using available monthly energy data for baseline modeling.   
 
Background 

Company A, a Northwest division of a national food manufacturer, was motivated to reduce its energy 
use in late 2011. The food processor was facing competitive pressures with significant input product cost 
increases, and the company was considering consolidation of operations, including shutdown of its 
operations in the Northwest to combat rising costs.  Company A approached the Northwest Food 
Processors Association (NWFPA) for recommendations to offset rising costs.  Energy efficiency was 
identified as an area with promising cost reduction opportunities.  NWFPA recommended BPA’s Energy 
Smart Industrial (ESI) Track & Tune (T&T) component, which provides technical resources and 
financial incentives to identify and implement operations and maintenance improvements, along with 
program co-funding for an energy performance tracking system (PTS).  The low-cost/no-cost emphasis 
of Track and Tune was a critical factor, as Company A sought to demonstrate cost-cutting results to 
corporate headquarters.    
 
Company A moved quickly to enroll in Track and Tune after meeting with its public utility, ESI, and 
NWFPA.  A scoping study was completed and the company promptly committed to a tune-up.  The 
tune-up project then proceeded sequentially through the following steps:   
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 1) Baseline energy use modeling  
2) Tune-up event  
3) Action item implementation 
4) Performance period 

 
The scoping study included a recommendation that the baseline energy model be developed on a daily 
interval, as a function of daily production volume.  Company A had production variables in daily and 
weekly intervals; however, monthly electrical consumption was the only energy data available from the 
end-user’s public utility.   
 
Data Considerations 

Upgrading to collect daily energy data was straightforward since two power meters were already 
installed and operational, although data from these meters had not been captured and stored.  Data 
acquisition and communication capabilities were added to the two power meters and integrated with a 
web-enabled energy information system.  The tune-up intervention was delayed to acquire daily 
consumption data as a baseline.   
 
This facility’s energy use is most strongly correlated to production levels.  The facility typically operates 
five days per week throughout the year, with some additional Saturday processing during periods of high 
demand.  Production levels do not vary significantly throughout the year.  Daily production data is 
available for product mix, and from numerous production gates throughout the facility. 
 
Ambient weather conditions are a secondary driver of plant energy use, with 80% of product leaving the 
plant being chilled and the remaining 20% of product being individually flash frozen.  The refrigeration 
system is the largest electrical energy consuming subsystem.  
 
Baseline Scenarios 

To accelerate the energy intervention because of Company A’s urgency; the baseline data collection 
period was reduced to seven months.  This seven-month baseline period is shown as Baseline Scenario 
A in Figure 1.  Other example baseline scenarios are included in Figure 1 for comparison purposes.  For 
instance, Baseline Scenario B is a typical 12-month baseline period with daily data covering the full 
range of ambient wet bulb temperatures across the seasons.  Baseline C is an example of a four-month 
baseline measurement period to examine further shortening the baseline data collection period.  Baseline 
D uses historical monthly utility data in a 12-month baseline energy model.  Baseline E is a monthly 
interval model with 24 months of historical data, albeit with differing production variables.  See Figure 1 
for an illustration of each of the baseline scenarios described above. 
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Figure 1.  Baseline Option Scenarios 

Weather 

Complete year(s) of data are typically used for models with weather dependency to ensure balanced 
representation for the full range of seasons.  Shortening the baseline period excludes the full range of 
operation across summer high temperatures, winter low temperatures and the spring and fall shoulder 
seasons.  Studies suggest that the most reliable results occur when regressions are developed using data 
that includes as much of the annual temperature range as possible (Montgomery, 1991).  Another study 
has shown that models developed during the swing seasons produce the lowest average bias errors 
(Kissock et al, 1993). 
 
The seven-month baseline period selected for Baseline A contains a reasonable representation of the full 
range of temperatures seen across the full 12-month year. Temperature distributions for Baseline 
Scenario A vs. Baseline Scenario B are compared in Figure 2.  Baseline A is shown in dark green with 
corresponding temperature distribution for the seven-month time period, as compared to the values for 
the full 12-month Baseline B period shown in the light green bars.  The seven-month baseline period 
mainly captures the full range of temperature values including low- and high-temperature conditions. 
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Figure 2.  Comparison of Temperature Distribution (Baseline A vs. Baseline B) 

A baseline period further shortened to four months excludes the summer months, thereby omitting the 
associated higher wet bulb temperatures during summertime.  See Figure 3 for a similar comparison of 
temperatures during Baseline C across four months as compared to the full-year period in Baseline B. 
 

 
Figure 3.  Comparison of 4-month vs. 12-month Temperature Distribution 

Regression modeling with this four-month baseline underrepresents the summer months - this will be 
illustrated later in this section. 
 
Regression Modeling 

Baseline energy use was established using two regression-based energy models: “Normal Production” 
mode and a second “Low and Non-production” mode.  The “Normal Production” model is used when 
the main production variable, P1, is greater than zero.  The “Low and Non-production” model is used 
when the main production variable is zero and uses other production variables (P2, P3, and P4) which 
represent product mix of P1 measured near the end of the production process. 
 
Comparison of Baseline Scenarios 

Coefficients for the regression-based energy models are shown in Table 1.  Dual models for “Normal 
Production” and “Low and non-Production” modes were used for Baseline Scenarios A, B, and C with 
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daily interval data.  A single regression model was used for the monthly models represented in Baseline 
Scenarios D and E. 
 

Table 1:  Model Coefficients 

 
 
Total energy savings are identical from the models for Baseline A and Baseline B; however, the savings 
from the component models differ for the production vs. non-production modes.  Table 2 contains a 
summary of savings for each baseline scenario.  The identical savings for Baseline A and Baseline B 
suggests little impact by shortening the baseline period to seven months in this particular case, because 
this specific baseline period contains a representative collection of temperatures as compared to a full 
year as shown above in Figure 2.  Shortening the baseline period further, such as the four-month 
Baseline C, inadequately predicts energy use.  This makes intuitive sense since Baseline C, established 
during winter- and early spring-time, omits the higher temperatures from the balance of the year.  
Energy savings for Baseline E were not calculated because challenges with availability of historical data 
and the quality of the data set resulted in energy models with unacceptable goodness-of-fit statistics. 
 

Table 2:  Savings Summary 

 
 
Predicted savings differs by a small amount, with monthly Baseline D model predicting 2.7% savings as 
compared to 3.1% for Baselines A and B.  However, the daily models are shown to be more precise 
when considering uncertainty of savings based on procedures outlined by ASHRAE Guideline 14.  

  

Table 3 below shows the fractional savings uncertainty at 80% confidence interval.  

Table 3.  Fractional Savings Uncertainty at 80% Confidence Interval 

Baseline
Baseline 

Period
Interval Operating Mode R‐sqr CV(RSME) Coefficient T‐value Coeff. T‐value Coeff. T‐value Coeff. T‐value Coeff. T‐value Coeff. T‐value

Production   0.83 3.32% 19061.531 12.08 250.079 13.55 0.10408 7.00 0.0897 12.61 0.0369 3.11 0.02116 7.00

Non‐production   0.91 6.26% 15442.084 77.93 ‐ ‐ ‐ ‐ 0.2146 0.074 ‐ ‐ 0.06770 13.54

Production   0.77 3.68% 18587.393 13.08 217.017 13.12 0.13197 10.47 0.0836 14.33 ‐ ‐ 0.01899 7.44

Non‐production   0.79 9.64% 12924.822 9.68 73.289 2.65 ‐ ‐ 0.2035 5.48 0.1001 2.12 0.06314 13.45

Production   0.87 2.77% 23564.407 11.78 90.514 2.85 0.136334 8.43 0.0837 10.78 ‐ ‐ 0.01776 5.14

Non‐production   0.88 6.62% 15424.233 47.5 ‐ ‐ ‐ ‐ 0.2671 3.81 ‐ ‐ 0.06595 11.04

Variables

Intercept Temperature (F) Prod1 (qty/day) Prod2 (lb/day) Prod3 (lb/day) Prod4 (lb/day)

A 7 months  Daily

B 12 months Daily

C 4 months Daily

D 12 months Monthly All modes 0.93 2.22% 264891 6051.565 4.22 0.287142 4.461.97

‐‐           ‐ ‐ ‐ ‐E 24 months Monthly All modes

‐ ‐ ‐ ‐0.0590 2.25

‐ ‐‐ ‐ ‐ ‐ ‐ ‐

Baseline Baseline Period Interval Operating Mode
Savings by 

Mode (kWh)

Total Savings 

(kWh)
% Savings

Production mode 368,236            

non‐production mode 35,375              

Production mode 279,357            

non‐production mode 123,717            

Production mode (213,103.00)    

non‐production mode 34,070.00        

3.1%

3.1%

2.7%

n/a

n/a

C 4 months Daily

381,180            

(179,033)          

All Operating ModesMonthly

Monthly 381,180            

n/an/a

A

D

403,611            

403,074            

E

12 months

24 months

Daily12 monthsB

All Operating Modes

7 months  Daily
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While both daily models provide a better estimate of baseline energy use with Baseline A and Baseline 
B with 8.9% and 8.4% uncertainty respectively, the uncertainty of monthly model Baseline D at 27.1% 
is still less than ASHRAE Guideline 14’s recommended threshold for fractional savings uncertainty of  
50% at a confidence level of 68%. 
 
Energy Savings for Baselines A through D 

Figures 4 through 7 shows energy savings predicted for baseline periods A through D.   
 

 
Figure 4.  Energy Savings with Baseline A (seven-month, daily data) 
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Period
Interval

Model 

Parameters

Actual 

Baseline 

Observations

Savings 

Observations
Auto‐correlation

Fraction 

Savings 

Uncertainty 

(%)

Fractional 

Savings 

Uncertainty 

(weighted %)

5 152 251 0.0990 7.3%

2 44 76 0.1534 14.5%

4 250 251 0.0152 7.1%

4 70 76 0.0380 13.1%

n/a n/a n/a n/a n/a

n/a n/a n/a n/a n/a

Daily

Daily

Daily n/a

n/a n/a n/a

12 months Monthly 3 12 12 0.1075 27.1%

E 24 months Monthly n/a n/a n/a

8.4%

8.9%A

B

C

D 27.1%
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Figure 5.  Energy Savings with Baseline B (12-month, daily data) 

 
Figure 6.  Energy Savings with Baseline C (four-month, daily data) 
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Figure 7.  Energy Savings with Baseline D (12-month, monthly data) 

 

 

 

Conclusions 

When selecting a measurement interval, a model developer needs to consider several factors, such as the 
availability of historical data and the potential benefit of high-frequency performance monitoring versus 
the ease of maintaining a monthly model.  This illustration shows similar predicted savings values 
between the daily models shown in scenarios for Baseline A and B, and the monthly model for Baseline 
D, so on the surface, they may seem equivalent.  The simplicity of model maintenance and ready 
availability of historical data are attractive to the end user.   
 
However, while the monthly model satisfies the ease-of-use objective, it does not provide any insight 
regarding the energy performance within different operating modes.  Nor does a monthly model provide 
timely feedback by enabling frequent inspection of inflections in savings rates. A daily or weekly model 
provides more immediate feedback on improvements and can also enable more immediate corrective 
action on any decline in energy savings.  Also, there is a practical limit to the number of variables that 
can be included in a model constructed from just 12 data points (limited to a single production variable 
and temperature).  A daily model allows the use of more predictor variables (in this case the model used 
four production variables and weather). 
 
The larger sample population associated with higher frequency data may result in a higher statistical 
confidence in the dependent variables and lower uncertainty of predicted savings.  This was shown with 
both daily models producing better model fits with lower uncertainties in comparison to the monthly 
model.  Certainly the monthly model would have produced adequate results; however, in this case, the 
daily model approach produces better results.   
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It is unknown how much the project would have benefited by an earlier intervention provided from the 
monthly model.  Certainly a prompt energy intervention enables more rapid realization of energy 
savings and reinforces the importance of energy management, thus benefiting the end user.  Delaying an 
intervention to collect data could diminish enthusiasm and commitment from the end user as time goes 
on.  However, these and other factors are less tangible and difficult to quantify. 
 
Interestingly, the model produced from the shorter seven-month baseline period predicted equivalent 
savings as compared to a full 12-month baseline.  In this particular instance there was little compromise 
with the shorter baseline period and the end user enjoyed earlier realization of energy savings.  One must 
be careful generalizing towards shorter baseline periods; this particular example included a reasonable 
range of summer peak and winter low temperatures and a shoulder season.  Nevertheless, ways to reduce 
delays for collection of baseline data should be considered to benefit end users with earlier interventions 
and realization of savings. 
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Example #2:  Treatment of Non-Production Days 
 
One common challenge a modeler may face when choosing a baseline is how to handle non-production 
days or any unique events that occur during the baseline time frame. These may include planned or 
unplanned production shutdowns, partial shutdowns, holidays, or just weekends. In general, each model 
should be created in order to best take all non-standard events into account so that the model is robust 
enough to be utilized to estimate energy use into the future. Some questions to ask when considering 
these events are: 
 

1. How likely is this event to repeat? If so, how often? 
2. Is there any opportunity to save energy during these events? 
3. If the data used to create the model is not daily – what should be done if the event occurs within 

the data interval? 
4. How will this event be recognized after the baseline period? 

 
Each of these questions can help a modeler better understand what should be done with data that doesn’t 
align with the standard “production” days. A modeler really has only a few options when deciding how 
to account for these events: 
 

 The data points which include these events can be thrown out  
 A indicator variable can be created to be added as a variable in the regression model 
 An ordinal variable can be created to account for the varying degrees of severity  

 
The following are a few examples of how unique events can be handled during the baseline period. 
 
Throwing out Unique Events 

Depending on the answers to the questions above, a modeler may decide to simply remove the offending 
data points all together. If, for instance, the answer to question 1 is that the event is unlikely to repeat, or 
will only repeat infrequently, it may make sense to not worry about the event at all and remove that 
point(s) as an outlier. One of the most important considerations when deciding whether to try and model 
the event or simply remove it, is the second question: is there any opportunity to save energy during 
these events? If there really is very little opportunity to reduce energy during a shutdown, does it matter 
if we add it to the model? 
 
In the industrial plant case study that follows, days when the site was shut down could be identified right 
away with a simple time series graph.  See Figure 8 below. 
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Figure 8.  Time Series of Daily Electricity Consumption 

 
In this graph, the two points that are highlighted in blue are scheduled shutdowns which typically occur 
on an annual basis. So in this case, the answer to question 1 is, yes, the shutdown will occur again but it 
only happens one day a year. In addition, the site informed us that these shutdowns are scheduled and 
they have very specific procedures that they have to follow. For testing and quality reasons, they cannot 
alter the energy use during those days. Based on this information, the best course of action was to throw 
out these points as “outliers” and create a baseline without the two points included. The next question to 
ask is how these points should be handled outside of the baseline, and how we would know if this event 
occurred again. In this case, if a shutdown occurred during the engagement period, it would also need to 
be removed.  We would need to rely on information from the facility in order to know if a shutdown 
occurs. 
 
Creating an Indicator Variable for Non-standard Events 

In many cases, a modeler would not want to throw out non-standard points from an energy model. This 
may be because an event is expected to repeat often, or because there is a lot of opportunity to save 
energy during these events. Two examples where this may be the case are holidays and weekends.  If an 
industrial plant does not operate 24 hours a day, seven days a week, like in the previous example, 
shutdown times may be very frequent. In addition, the plant may leave a lot of equipment in constant 
duty mode during this time which, if improved, should show up as energy savings in their energy model. 
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In this case it may make sense to add an indicator variable for the shutdown period so that the typical 
‘reduction” in energy due to the shutdown can be modeled. An indicator is a variable that is a 0 or 1; in 
this case it would be zero on production days and 1 on non-production days. In the following example 
the plant only operates 4.5 days a week. As the time-series graph in Figure 9 shows, the site has a partial 
day on Fridays and the site is totally shut down on the weekends. 
 

 
Figure 9.  Time Series of Daily Energy Consumption and Production 

In this case it doesn’t make sense to simply throw the data out; you would be throwing out three of 
seven data points. Therefore, an indicator variable can be created to try to estimate the weekend and 
Friday load. As can be seen from the time series graph above, the weekend days seem fairly constant 
and Friday, because it is only a partial shutdown, has a higher energy use.  Therefore, two indicator 
variables should be created, one for the weekend and one for Friday. Creating those variables and adding 
them into the model ensures that if the site makes an effort to reduce its energy use during the times it is 
shut down, the model will pick up the reduction. For example, the energy equation utilizing the indicator 
variable may look like this: 
 
Equation 1:  ࢟ࢍ࢘ࢋ࢔ࡱ ൌ ૙࢈	 ൅ ሻ࢔࢕࢏࢚ࢉ࢛ࢊ࢕࢘࢖૚ሺ࢈ ൅ ࢙ࢋሺ࢟	ࢊ࢔ࢋ࢑ࢋࢋࢃ૛ሺ࢈ ൌ ૚	࢕࢔ ൌ ૙ሻሻ ൅
࢙ࢋሺ࢟	࢟ࢇࢊ࢏࢘ࡲ૜ሺ࢈ ൌ ૚	࢕࢔ ൌ ૙ሻሻ 

 
Other types of events that may make sense to model with an indicator variable are holidays. Holidays 
are less frequent than weekends but they may have a lot of opportunity to save energy and therefore 
should be considered for inclusion in the model. When creating a daily model, holidays, most of the 
time, can be modeled using a simple indicator variable. The variable would have a value of 1 if the day 
was a holiday and 0 if it was not a holiday. The big pitfall with this type of indicator variable is how to 
ensure that it is used correctly after the baseline period. Because some holidays change day of the week 
or dates from year to year, it can be challenging to ensure that all the holidays are captured after the 
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baseline period. Feedback from the site, which might be its annual Human Resources holiday list or 
simply a list of generic holiday closures, is crucial to maintaining the model post-baseline. 
 
Creating an Ordinal Variable for Non-standard Events 

If the decision has been made that the non-standard events should be modeled but a simple indicator 
variable is not able to capture the differences in severity of shutdowns, an ordinal variable can be created 
to act as a proxy for varying degrees of shutdown. This method is used typically in non-daily models. 
For instance, in a weekly model, there may be holidays where the site has more than one day off in a 
week (i.e., Thanksgiving and the day after), as well as weeks where they only have one day off (i.e., 
Labor Day). In this case, in order to create an indicator variable that takes into account the different 
degree of shutdown, the modeler would have to create a variable for every holiday. Instead, the modeler 
can create a holiday variable that is defined as the number of days off in a week. This variable would be 
zero if the site was in normal production and 1 if the week had one holiday or even 7 if the site had the 
whole week off. In this way, using only one variable, the different degree of holiday can be accounted 
for. The chart below show a weekly time-series graph with the points labeled with their ordinal holiday 
values: 
 

 
Figure 10.  Time Series of Weekly Energy Consumption 

Figure 10 shows how the magnitude of electricity reduction during the holiday weeks are proportional to 
how many days off the plant has for that particular holiday. Once the ordinal variable is created, it can 
be added to the model and tested for statistical significance. For example, the energy equation utilizing 
the ordinal variable may look like this: 
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Equation12:			࢟ࢍ࢘ࢋ࢔ࡱ ൌ
૙࢈	 ൅ ሻ࢔࢕࢏࢚ࢉ࢛ࢊ࢕࢘࢖૚ሺ࢈ ൅ :ࢋࢍ࢔ࢇ࢘	ࢊ࢏࢒ࢇሺ࢜	࢑ࢋࢋ࢝	࢔࢏	ࢌࢌ࢕	࢙࢟ࢇࢊ	ࢌ࢕	࢘ࢋ࢈࢓࢛࢔૛ሺ࢈ ૙ െ ૠሻሻ 

 
This method can be applied to monthly models as well; it may be a variable that shows the number of 
holidays falling within a month. In addition, if the site has shutdowns that are preceded or succeeded by 
partial shutdowns, an ordinal variable could be created to model the partial shutdown. In that case the 
variable may be a 0.5 on the partial shutdown days and a 1 on shutdown days/weeks/months. 
 
Similar to the indicator variable, an ordinal variable is prone to error in the non-baseline period. Careful 
understanding of the holiday schedule and communication with the site will help ensure that the variable 
is maintained correctly post-baseline. 
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Example #3:  Managing a Transition in Reporting Intervals 
 
The growing market adoption of advanced metering infrastructure (AMI) has significantly enhanced the 
ability of industrial sites to track the energy consumption of their facilities on a near real-time basis.  
Between 2007 and 2011, the market penetration of advanced metering technologies increased more than 
ten-fold, with the number of AMI installations in the US industrial sector increasing from approximately 
9,000 to more than 150,000 over that five-year period1.  
 
As utilities and their industrial customers continue to invest in AMI technology, there is an increasing 
need for SEM implementers to consider strategies that leverage newly available interval data as an 
enabling tool, in the form of daily or weekly performance tracking.  In many instances, a demand-side 
management (DSM) program has already invested resources in establishing a predictive energy model 
based on the data available during the pre-engagement period (typically monthly bills), and the program 
may have already booked savings using the incumbent model.  In these cases, the program stakeholders 
need to recognize the considerations associated with applying the original model at a more granular 
interval, along with alternative approaches to the settlement of performance payment and performance 
tracking functions. 
 
Prior to reviewing field examples, it’s worth considering the commonly applied method for the 
treatment of models with irregular time intervals (e.g., monthly data).  In these instances, unless the time 
interval associated with each data point is accounted for in the regression exercise, the model will be 
subject to residual bias.  ESI’s Monitoring, Targeting, and Reporting Reference Guide (Energy 
Performance Tracking Team 2013) and ASHRAE Guideline 14 (ASHRAE 2002) describe a procedure 
for weighted regression analysis, which involves converting the source data to a standard time interval 
(e.g., daily or weekly) by duplicating each observation by the number of time intervals in the 
observation period.  In addition to eliminating net determination bias error (NBE), the application of 
weighted regression to monthly source data has the added benefit of establishing a common time 
interval for the independent variable(s), which helps establish a suitable framework for the decision-
making process outlined in the following two examples.  The reader is encouraged to reference the two 
aforementioned sources for a more detailed description of weighted regression.     
 
Participant A:  ESI High Technology Manufacturer 

Participant A enrolled in ESI’s High Performance Energy Management component in July 2010, and the 
preceding 12-month period was used to establish a baseline energy model.  The Energy Mapping 
exercise revealed an HVAC-dominated electrical load, so it wasn’t unexpected that the regression output 
showed that ambient temperature was the sole statistically significant predictor variable.  The first-order 
relationship is given by Equation 3, which yielded a coefficient of determination of 0.86. 
 

Equation 3:  ܇	 ቀ ܐ܅ܓ

܌ܗܑܚ܍ܘ
ቁ ൌ 	 ሾૡ, ૙૝ૢ ൅ ૚ૠ૞. ૢ	 ∙ ሿ܌ܗܑܚ܍ܘ	ܖ܍ܞܑ܏	ܚܗ܎	܍ܚܝܜ܉ܚ܍ܘܕ܍ܜ	܍܏܉ܚ܍ܞ܉ ∙ 	ቀ ܛܡ܉܌

܌ܗܑܚ܍ܘ
ቁ  

Equation 3 was developed using weighted regression, thus the value in parenthesis must be multiplied 
by the number of days in the specific month in order to generate a predicted monthly consumption value 
that can be compared to the actual consumption on the bill statement.    
 

                                                
1 http://www.eia.gov/electricity/annual/html/epa_10_06.html 
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In December 2010, six months into the Year 1 reporting period, the serving utility upgraded the 
participant’s revenue meter, and henceforth the site has had access to 15-minute interval data.  Figure 11 
illustrates the time series of temperature data, and the energy data presented in a daily normalized 
format. 

 
Figure 11.  Site A Energy and Temperature Time Series 

When interval data became available in December 2010, the model developer was faced with a decision 
whether to apply Equation 3 with the daily interval data, versus adhering to the established approach and 
aggregating the interval data to monthly time period.  The former strategy had the potential to equip the 
participant with a more robust performance tracking tool, while aggregating the interval data to a 
monthly period carried less risk in terms of certainty in the savings values. 
 
A point of caution in this decision-making process is that a particular regression model is only valid over 
the range of observations represented in the source data set.  In the context of applying a monthly model 
to data of a finer interval, one must recognize that the day-to-day variation of predictor variables is often 
much larger than the variation among the monthly average values.  Figure 11 shows that the extremes of 
the daily temperature observations extend beyond those represented by the monthly average values, and 
this is summarized quantitatively in Table 4.   
 

Table 4.  Summary of Ambient Observations - Participant A 

 Monthly 
Interval 

Daily  
Interval 

% of Daily Values outside monthly 
baseline observations 

Minimum observation 39.5 °F 26.0 °F 11.8% 
Maximum observation 72.4 °F 79.0 °F 4.1% 

 
At this point, the implementer might decide to assume that the ambient temperature and energy 
consumption maintain the linear relationship described by Equation 3, outside the observed range of 
39.5-72.4 °F.  However, the nature of the relationship between ambient temperature and energy 
consumption is in doubt outside this range, because the baseline data set provided no supporting 
evidence.   In deciding whether to expand the scope of coverage, one might consider whether the 
relationship maintains the functional form at the extreme ends of the observed spectrum.  A scatter 
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diagram of actual-versus-predicted consumption can illustrate whether the model resolution degrades at 
the outer limits of energy consumption. 
 
A more rigorous application of the original forecasting model involves treating the days outside the 
observed range as ‘invalid’ for the purpose of estimating savings.  This reduces the risk of producing 
erroneous savings values, but leaves the participant with no means of estimating performance on those 
days, which comprise approximately 16% of the reporting period.      
 
In deciding between these two options, it’s worth considering whether the savings values make practical 
sense in the out-of-range regime.  In an ex-ante assessment, a simple scatter diagram of the predictor 
variable plotted against the residual value can illustrate discontinuity in model performance.  The energy 
savings from this project were derived from more optimal utilization of the HVAC system in warm 
weather conditions, and therefore, Figure 12 shows a correlation between savings and cooling load.  On 
average, energy savings are zero under low-temperature conditions (ambient dry bulb approaching 
39°F), and extrapolating the model below 39°F results in negative savings values (i.e., backsliding).  
While this constitutes an extension of the trend that was already apparent, the implementer needs to 
consider whether this is aligned with his or her physical understanding of the mechanism for the energy 
savings associated with specific O&M improvement strategies. 

 
Figure 12.  Temperature versus Model Residual (Year 2 Performance Period) 

 
Table 5 shows a comparison of the Year 1 savings resulting from three different approaches.   
 

Table 5.  Year 1 Savings Estimations for Participant A 

 
Option 

 
Approach 

Annual Energy 
Savings (kWh/yr) 

①	 Monthly application of original model 355,998 

② 
Daily application of original model, without temperature 
limits 

355,998 
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Option 

 
Approach 

Annual Energy 
Savings (kWh/yr) 

③ 
Daily application of original model, within observed 
monthly average range (39.5 – 72.4° F) 

368,158 

 
Options ① and ② provide identical estimates of savings, because Option 1 is simply the monthly 
aggregation of the same data set, applied to a first-order regression model.  Note, if the temperature 
relationship was represented by a second-order term or a temperature change-point, the two options 
would yield different results.  This phenomenon is due to the different empirical emphasis on the daily 
variation in temperature associated with a higher-order term or change-point model. 
 
Option ③ shows a 3% higher savings value relative to the other two options.  This is expected, because 
the portion of the Year 1 reporting period with available interval data represented the cooler season.  
Therefore, 27 days with <39.4°F ambient temperature were excluded, and the mean savings for these 
days was -450 kWh/day (negative savings). 
 
Participant B:  Pulp and Paper Manufacturer 

In practice, the variation in daily data points often exceeds that of the monthly averages, particularly 
when considering direct or indirect metrics of production output.  A second example is provided by 
Participant B, for which energy use was characterized as a second-order function of production: 
 

Equation 4.  ܇	 ቀ ܐ܅ܓ

܌ܗܑܚ܍ܘ
ቁ ൌ 	 ൤૚, ૝૙ૠ	 ∙ ࢚࢛࢕	࢙࢚࢏࢔࢛

࢟ࢇࢊ
െ ૛. ૞૙	 ቀ࢛࢙࢚࢏࢔	࢚࢛࢕

࢟ࢇࢊ
ቁ
૛
	െ ૚૛, ૡ૚ૠ൨ ∙ 	ቀ ܛܡ܉܌

܌ܗܑܚ܍ܘ
ቁ 

Figure 13 illustrates the time series of the monthly production and energy consumption values, with the 
notable transition to interval day at the mid-point of the Year 1 performance period.  While the 12 
monthly data points captured an average daily production rate of 178 – 272 units/day, 70% of the daily 
data points fall outside that range.  Given the prevalence of out-of-range data points, applying the 
original model to the daily data set from the reporting period is not a valid approach. 
 

Figure 13.  Energy and Production Time Series – 
Transition to Daily Interval 

Figure 14.  Energy and Production Time 
Series – Transition to Weekly Interval 

The aggregation to a longer time period provides a means of establishing better alignment in the 
variances of the two data sets.  Figure 14 illustrates a contrasting strategy in which the interval data was 
aggregated to a weekly time period.  However, while the percentage of out-of-range points was reduced 
to approximately 50%, Equation 4 still cannot be assumed to accurately predict the energy consumption 
for the production observations below 150 tons/day.    
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In this instance, applying the backcasting method described in the Superior Energy Performance 
(Superior Energy Performance 2012) M&V protocol provides an alternative pathway for estimating 
savings during the Year 1 reporting period.  As described in the protocol’s section on backcasting, this 
example contains an instance where the recent conditions are out of range of the baseline observations, 
but the baseline conditions fall within the range of recent production rates.  To apply this approach, one 
would develop a new model based on recent observations, and apply the model to predict what the 
energy use would have been during the baseline period had the improvements been in effect.  One would 
expect the predicted values to be lower than the actual consumption, and the resulting difference would 
constitute the savings estimate of the reporting period.   
 
While this approach can be a bit counterintuitive for stakeholders accustomed to conventional 
forecasting methods, it represents a viable statistical alternative, and has the potential to provide the 
industrial participant a model with improved functional utility.  Specifically, the new model provides a 
better representation of recent operating characteristics, and can be developed based on a time interval 
that aligns with the participant’s requirements for performance monitoring frequency. 
 
To illustrate the backcasting method for Participant B, a least-square regression model was developed 
from the 182 daily observations during the Year 1 reporting period.  Note that ambient effects are 
negligible in this case, so this time period was determined to provide a suitable representation.  The 
resulting model is described by Equation 5, and the fit to the source data is illustrated in Figure 15. 
 

 Equation 5.  ܇	 ቀ ܐ܅ܓ

܌ܗܑܚ܍ܘ
ቁ ൌ 	 ൤ૡ૛ૠ. ૝	 ∙ ࢚࢛࢕	࢙࢚࢏࢔࢛

࢟ࢇࢊ
െ ૚. ૙૙	 ቀ࢛࢙࢚࢏࢔	࢚࢛࢕

࢟ࢇࢊ
ቁ
૛
൅ ૜ૠ, ૡ૜૛൨ ∙ 	ቀ ܛܡ܉܌

܌ܗܑܚ܍ܘ
ቁ 

 

 
Figure 15.  Production vs. Energy (Reporting Period - daily interval) 

Because Equation 5 was developed from the last 182 days of the Year 1 reporting period, the savings 
value produced by backcasting to the 12-month baseline period represents the annualized savings rate of 
the second half of Year 1.  Alternatively, the modeler could have also encompassed the first six months 
of monthly data into the new model, using the weighted regression technique.  Figure 16 shows the 
actual energy consumption for the 12 baseline observations relative to the consumption predicated by 
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Equation 5.  The aggregate of the difference between these data sets represents the estimated savings 
performance of 1.52 million kWh/year.   
 
It should be noted that the peak production event observed during the baseline (272 units/day) fell 
outside the valid range of the new model.  As shown in Figure 16, the backcasting calculation doesn’t 
result in any savings for that specific observation.  This appears to be anomalous relative to the other 11 
observations, which raises a question about the validity of the new model at the extreme high end of the 
production spectrum.  However, since the inclusion of that point would result in a more conservative 
estimate of energy savings, the modeler may decide whether to include or exclude this point, but the 
rationale for this decision should be documented. 
 

 
Figure 16.  Illustration of Backcasting Method Applied to Participant B 

As illustrated in this example, backcasting provides a means of estimating the energy savings for a 
performance period on which a new model is developed, relative to a defined baseline period.  In the 
context of a multi-year SEM engagement where incremental savings are expected in the remaining 
performance periods, two primary options exist for quantifying the total savings relative to the original 
baseline.  First, the new energy model for performance period ‘n’ can be applied in a forecasting 
application during periods ‘n+i’.  In this case, the period ‘n’ savings estimate may be carried over as a 
constant, and positive or negative incremental changes reflected against the period ‘n’ estimate.  This 
approach provides the participant with tools to measure performance on an ongoing basis, but may 
require a bottom-up sanity check of the original O&M measures.   
 
The second approach involves successive backcasting exercises in each ensuing performance period.  
This approach may be preferred when there’s a reluctance to accept the implicit assumption of the 
persistence of period 'n' savings.  However, this method requires the development of a new model for 
each settlement exercise, and therefore the practical limitations for ongoing performance monitoring 
should be recognized. 
  

125,000

150,000

175,000

200,000

150 200 250 300

En
e
rg
y 
C
o
n
su
m
p
ti
o
n
 (
kW

h
/d
ay
)

Production (units/day)

Baseline ‐ Actual Consumption

Predicted (Backcast) Consumption



- 23 -   
   

Summary and Conclusions 
 
Strategic energy management program administrators and practitioners have made significant progress 
in identifying consistent methodologies for application in the development of predictive energy models 
for industrial facilities.  Recent papers by the Northwest Energy Efficiency Alliance and ESI outline best 
practices for defining measurement boundaries, identifying predictor variables, and comparing 
competing statistical models.  These procedures generally result in strong models for instances where 
reliable baseline data is available for the desired interval, the data sets are largely free of anomalous 
operating conditions, and meter points and measurement intervals remain consistent over a long time 
horizon.  
 
In practice, these conditions cannot be implicitly assumed, and model developers need to be aware of 
common challenges and the tradeoffs associated with various solutions.  These decisions must be 
informed by a strong foundational knowledge regarding the plant’s operating characteristics, the 
anticipated level of savings relative to a model’s statistical uncertainty, and the capacity of plant staff for 
frequent performance monitoring. 
 
The first and third examples in this paper address tradeoffs in selection of a model interval.  The earlier 
example presented this issue in a front-end context, while the latter example illustrated scenarios where 
an implementer is faced with changing an interval after an incumbent model has been delivered.  While 
the logistical considerations are different in these two cases, the implementer should recognize the 
practical tradeoffs between the potential benefits of a short-interval model, with logistical considerations 
such as model maintenance.  The limitations of monthly models to characterize different operating 
modes and provide proactive monitoring functionality should also be recognized, but these may be 
reasonable comprises, depending on the situation. 
 
The second example illustrates methods of addressing different operating modes within a production 
plant, both of a predictable nature versus observations that would be considered outlier events.  While 
eliminating these observations from the model may provide an expedient solution, doing so without 
careful consideration of the nature of the event and alternative treatments may weaken the functional 
capability of the statistical tool to provide insight to energy savings opportunity.   
 
The majority of these situation-specific cases lack a singular statistically-correct solution, although the 
decision-making processes outlined in this paper are grounded in a common set of regression principles. 
By sharing these examples and building upon this base of knowledge with future illustrations, the 
authors seek to promote a greater understanding of the techniques used in the development of predictive 
energy models, which will ultimately result in greater acceptance of top-down SEM measurement and 
verification methods by the utility and regulatory community. 
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