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Abstract 
 

Buildings consume about 40% of total global energy production, and their 
greenhouse gas emissions and solid waste generation constitute a major part of global 
environmental impacts. Current “greening the built environment” efforts aim at 
improvements in energy supply and production systems, and at encouraging the adoption 
of energy-efficient devices and equipment. Large corporate owners, such as campuses 
need to implement greening strategies to manage their existing building stock, but lack 
the proper tools to look at all economic and technical implications. Most campuses face a 
legacy of poorly performing or even obsolete buildings, mostly due to underperforming 
and under maintained HVAC systems, inefficient lighting systems, badly maintained 
equipment, .inefficient control regimes and others.  This has led to overall poor energy 
efficiency of the building portfolio, creating considerable burden on the campus operating 
budget. To make matters worse, campuses typically operate in a short time investment 
cycle where long term investments in upgrading energy systems need a convincing cost 
benefit analysis. In the light of this, campuses need a tool that tells them how to make 
optimal investments in the effort to green their existing portfolio. This investment tool 
should allow investment risk analysis and therefore account for the inclusion of 
uncertainties in future energy prices, investment costs and savings expectations.  
 

This paper introduces a tool that supports an investment strategy aimed at 
improving the energy performance of existing buildings. It is particularly aimed at large 
building portfolios, such as encountered on university and corporate campuses, where 
typically a plethora of potential refurbishment interventions are candidates for the 
greening effort.  The tool helps the campus manager determine the best investment option 
from a set of available energy efficient systems and expected long range energy costs.  
The investment optimization strategy is implemented in web based software tool. Under a 
chosen financial constraint and investment time horizon, the tool empowers campus 
facility management to make complex “greening” decisions as part of their continuous 
building commissioning.   
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Introduction  
 

The United States is the world's largest energy consumer of energy , estimated as  
using 100 quadrillion BTU in 2005, and also ranks 7th in energy consumption per-capita 
(EarthTrends 2007). Of the four major energy consumer sectors in U.S. i.e., industrial, 
transportation, residential and commercial, it has been recorded in 2004 that the 
residential and commercial sectors account for 21% and 17% respectively of the total 
energy usage (Energy Information Administration 2007).  

Buildings constitute the major consumers of energy accounting to 38% of the total 
energy use (Energy Information Administration 2007). Underperforming systems in 
buildings, not only increase the operating costs to the occupants, but it also downgrades 
efforts carried on the supply side to improve energy efficiency and utilization. In a study 
of 60 commercial buildings, LBL found that more than half of the buildings suffered 
form control problems, 40% had HVAC equipment problem, 30% had problems with the 
sensors, 25% had problems with the Energy Management System (EMS), economizers 
and variable speed drives, and the remaining 5 % had equipments missing (Piette 1996). 
Underperforming systems could hinder optimal operations of buildings and may lead to 
excessive energy use, high maintenance requirements, etc. These systems can be 
systematically optimized so that they operate in an effective and efficient manner through 
a so-called retro-commissioning (RC) process (Haasl and Sharp 1999). 
In another case study carried out from 1995 to 2003 for a large office building in 
Colorado, the original RC project resulted in verified savings of 14 % in electrical 
demand, 25% in electrical use, and 74% in gas use (Selch and Bradford 2005).  Field 
results have shown that proper RC can yield cost-effective savings between 5 and 20 % 
with a typical payback of 2 years or less (Thorne and Nadel 2003). While RC is not a 
panacea, it can play a major and strategically important role in achieving national energy 
saving goals, with a cost-effective savings potential of $18 billion per year or more in 
commercial buildings each year across the United States (Mills, Friedman et al. 2004). 
However, improvement opportunities in the building are largely unknown, until the 
buildings are put through the RC process (Haasl and Sharp 1999). Even after an RC 
benefit is established, one frequently faces a major barrier when decision makers are 
uncertain about its long term cost-effectiveness (Mills et al. 2004), and better guidance is 
therefore needed to compare different improvement opportunities from an ROI 
perspective. 
 
Calculating the energy performance 
 
Building energy performance relates specifically to the objectified performance in 
relation to the functions of the client in the building (Augenbroe and Park, 2005). The 
authors show that to compare performance over time and between buildings, one needs 
normatively quantifiable measures. Augenbroe and Park (2005) developed a building 
performance toolkit for exactly this purpose, specifically for use by GSA and other large 
building owners. The web based performance assessment tool (referred to henceforth as 
the “GSA Toolkit”) supports performance assessments of energy, lighting, comfort, and 
maintenance systems. The investment tool, discussed in this paper calls on the energy 
performance module of the toolkit to calculate the energy performance improvement of 



any suggested intervention in an existing building. This is essential, as the use of full-
blown building simulation would be extremely cost prohibitive. For instance, on a 
campus with 100 buildings, and on average 5 considered intervention technologies one 
would face 500 simulation jobs. Even at the low fee of $ 5000 per simulation job the total 
cost would amount to 1.5 million. And this does not account for the parameter variations 
that will undoubtedly be on the mind of the campus management.  
The energy performance module calculates the normative separate energy consumers: 
heating, cooling, lighting, pump/fans, hot water, humidification, and appliances plug 
load. The tool does not rely on simulations, but uses a normative approach based on 
simplified calculations with parameters that are calibrated on a basket of typical 
buildings. The tool has been benchmarked on 10 large GSA buildings. A large scale 
application of the toolkit was done on the University of Pennsylvania campus, where 160 
buildings are assessed with an adapted version of the energy module to develop an energy 
cost allocation model.  
A building performance assessment is carried out in three phases: (1) records analysis of 
the building, followed by a site visit to record a set of predefined building input data, (2) 
uploading the data into the database of the toolkit, (3) running the calculation and 
verifying potential improvements of alternative improvements. All steps are supported by 
web based applications. Step 1 and 2 can be delegating to the local facility managers; step 
3 is typically done by the central campus management. For more details about the 
underlying normative approach and actual calculations we refer to (Augenbroe and Park, 
2005). Figure 1 shows the main webpage and start page of the energy module of the 
toolkit. 

 

 

Figure 1: GSA Toolkit webpage 



For the targeted investment tool, steps 1 and 2 are carried out as usual, typically requiring 
a sweeping data gathering for all buildings on campus. Step 3 is then automated as an 
embedded function in the investment tool. For every candidate building and every 
improvement option of that building, the data changes are automatically uploaded in the 
database and the calculation of the energy performance is activated by the investment 
tool. Parameter variations are extremely easy to do by tagging different variants of the 
same technology as applied to a particular building. 
Compared to the cost of full-blown simulation, the cost of the toolkit deployment is only 
a fraction, as the only cost is the data gathering (at a fairly superficial level) of all the 
buildings on campus. Moreover, with proper training, the data gathering can be done in 
house under control of the local facility managers. 
 
Commissioning Issues and Facility Managers 
 
Facility management deals with managing buildings and maintaining them to the required 
operational level. Facility managers (FM) have to maintain the building’s operational 
level to its as_designed performance. In this challenging task, FMs of large campuses 
face critical risk and uncertainties over the service lifetime of a building. They have to 
make investments in energy retrofits of existing buildings and advocate novel energy 
saving technologies in new buildings, but have no actionable information and no decision 
tools to do this responsibly in the light of uncertain investment costs, possible energy 
savings and utility prices.  
 
Campuses have traditionally under-invested in the sub-metering of individual buildings 
and have in general not paid enough attention to collecting up to date information about 
their existing buildings other than basic monitoring. This situation is changing as 
companies have entered the market that offer better monitoring and intervention systems. 
There are now intelligent utilities management systems like Central Building Utilities 
Metering System (CBUMS) installed at Yale University, which provide real-time 
monitoring, alarm reporting, on-line diagnostics, and report generation for billing, energy 
management, and engineering relevant to the utilities systems (Viktor 2000). Yet, 
campuses face enormous challenges:  

·  An increasing public pressure to improve their energy performance; the 
“Greening the campus” initiative is just one of the high profile initiatives in the 
public sector, promoted by U.S. Environmental Protection Agency (Shriberg 
2002).  

·  Facility managers would face energy price shocks in the near and long term for 
which they are ill prepared. Utility contract renegotiation will increase as 
electricity, gas and oil are going to increase (Energy Information Administration 
2007). 

·  Campuses allocate budget line items to their large plants without being able to 
judge them in relation to investments in retrofits or innovative systems in new 
buildings. 

 
As each one of the campus building undergoes constant changes like internal 

reorganizations, refurbishments, change of tenants, and even natural degradation of 



building systems, facility managers will require a continuous monitoring tool to 
determine energy retrofits required by each building in the campus.  

 
The purpose of the investment tool, described in the next sections, is to respond to the 
urgent need to be able to prioritize investment options in energy saving technologies from 
two perspectives, i.e. (1) the purely monetary ROI perspective,  (2) the green perspective, 
i.e. purely driven by energy saving potential.  
 

Methodology  
 

In this research we are trying to come up with an investment strategy which helps 
facility managers in allocate funds to poorly performing campus buildings based on the 
forecasting of the possible benefits of these investments under uncertainty. The 
investment strategy model as described in this section is intended for use by facility and 
portfolio managers, to determine the best retro-commissioning investment portfolio for 
their campus under the given budget. They can check the influence of different 
optimization criteria and inspect the role of uncertainty in investment and energy costs 
and expected performance. Figure 3 illustrates the schematic diagram of the strategic 
investment model.   
 

Figure 2: Schematic diagram of strategic investment model 



As shown in the Figure 2, at the core of the calculations sits the existing energy 
performance assessment tool mentioned in the previous section. This investment tool is 
developed as a decision making shell around the performance assessment toolkit. For a 
given a set of portfolio buildings and an applicable range of retrofit, re-commissioning, or 
new energy saving technologies, the portfolio optimization tool will select the best 
combination of improvements within a given investment budget, time horizon and risk 
tolerance. The tool calculates the optimal investment portfolio under uncertainty, and 
driven by optimization criteria of the decision makers, e.g. investment risk attitudes 
and/or commitment to “greenness”. Benefits of investments are represented in terms of 
“Investment Return” and “Energy Savings”; where Investment Return is the monetary 
value that will be saved in the operations, when a particular technology is deployed in the 
campus building, while Energy Saving is the total energy saved (in Mega Joules) by the 
modifying technology. The Energy Saving value can be considered as a measure of 
“Greenness”, which is more significant from a pure energy saving perspective than 
credits provided by any green building rating system. Energy saving in this case is 
translated as “amount of total energy saving for all selected options, within the period of 
the investment horizon, expressed in primary (fossil) energy units”. 

As it is (at this time) not possible to let the system automatically select the best 
retro commissioning technology for a building, our approach assumes that a human 
expert chooses appropriate technology or combination of technologies to be applied in 
the selected campus building. Optimizing investment involves five major stages in 
decision making as illustrated in Figure 3. 
 

 
Figure 3: Stages in decision making 

 



Stage 1: Building performance assessment in as-is situation 

The first stage consists of performing portfolio performance assessment, using 
normative calculations, with the help of the GSA Toolkit. PIs for each energy consuming 
system like heating, cooling, domestic hot water, etc. in every selected campus building 
are calculated. It is important to note here that the calculations are purely normative, 
based on readily observable building and systems data. Hidden defects in building 
systems control and operation will not be detected, unless a deeper energy audit precedes 
the use of the investment tool. In such case the GSA toolkit building input parameters 
will reflect the outcome of the preceding deep energy audit. 

Stage 2: Testing candidate technologies 

In this stage based on availability and the decision maker’s choice (informed by 
expert consultants), candidate retro-commissioning technologies are applied to each 
building that is deemed a good candidate for that technology. Every candidate technology 
for a given building leads to a change in expected building performance as calculated by 
the GSA toolkit. This is done automatically as every candidate technology has a pre-
established relationship with some input parameters in the GSA toolkit. For example, a 
change in glazing system leads to a simple change in the  characteristic U-value and 
SHGC (solar heat gain coefficient).  

In this stage every applicable technology is characterized by the following set of 
parameters: 

·  Calculated energy improvement. The uncertainty of the outcome is calculated 
based on known uncertainties in the input data (derived from industry averages). 
The calculation uses simple propagation of the uncertainties in the inputs through 
the calculation routine 

·  Initial investment cost: based on industry data, and associated with an expert 
supplied level of uncertainty, mean value and standard deviation of the cost are 
collected from the decision maker, or in most cases hired building technology 
expert/consultant. 

Stage 3: Energy source mix and price  

Additional input parameters required for determining the benefits of 
implementing the candidate technology are collected in this stage. The decision maker 
(DM) can either provide energy cost/price or determine energy costs by incorporating 
uncertainty, if any to the forecasted energy costs (provided by EIA until year 2030) as 
confidence interval. Figure 4 illustrates the electricity price (cents/kWh) forecasted by the 
Energy Information Administration. Although the EIA forecasted data is regarded as 
authoritative, the user has complete liberty to alter it. This allows integrating any future 
uncertain energy price shocks perceived by the DM, even if that contradicts the 
forecasted values for electricity and gas prices.    

 
 



 

Figure 4: Electricity price forecast (EIA, 2007) 

Figure 5 shows an example of an altered electricity forecast, where the DM has 
provided suitable confidence intervals to the electricity costs beyond 2013. The resulting 
energy cost would be a combination of mean and variance value for the given investment 
horizon/study period also provided by the DM at this stage. For this research, electricity 
and gas are considered to be the only source of energy to the campus. Building systems 
can be categorized as utilizing “Electricity” or “Gas” or “both” in each building. For 
practical reasons, the energy source mix (proportion of electricity and gas) is collected in 
this stage as an average value for the whole campus, and applied to every individual 
building usage.  

 

 

Figure 5: Corrected electricity forecast  

 



Stage 4: Investment return and energy saving functions 

The investment return (monetary, in $$) and energy saving (primary energy units, 
in MJ) values are calculated using their respective functions (given below); both of them 
will be utilized to distinguish between mutually exclusive investment options. The 
investment return value for the given building technology pair (Investment option) is 
calculated by the equation given below (Eq-1), where i = technology, j = building, r = 
minimum attractive rate of return, t = investment horizon/ study period. 

 

 j)(i,

t

0
j)(i,),( Cost Investment tCostEnergy PIin  Change)(  -

�
�
�

�

�
�
�

�

�
�
	



�
�

´

�

�
�
�

�
´= �AvgrNPVIRF ji  

.. (Eq-1) 

The investment return function (IRF) calculates the return on investment for the 
modified technology at the end of investment horizon. It is based on net present value 
(NPV) calculations for the benefit. It is assumed that the energy saving will remain 
almost the same throughout the investment horizon / study period (t). The latter means 
that maintenance is assumed adequate to avoid deterioration of the installed technology. 
Similarly, the amount of energy saving value for the investment option is calculated 
based on equation (Eq-2), where i = technology, j = building, c= energy consumer, �  = 
ecosystem efficiency for converting electricity to gas, t = investment horizon/ study 
period, Mgas = gas proportion of energy source mix, and Melec = electricity proportion of 
energy source mix.  
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The energy saving function (ESF), calculates total amount of energy which could 
be saved by the end of study period by implementing a retro-commissioning technology. 

efficiency-Ecoh  is the correction factor applied for generating electricity from gas (if at all) at 

the energy production site.  With this approach the decision maker will not only know 
how much energy is saved at the campus, but also the net energy saving for the 
ecosystem or community.  Both Investment return values and Energy savings values are 
calculated from normally distributed parameters, illustrated in Figure 6. 

 
 
 



 

Figure 6: Propagation of normal distribution functions 

To assess risk in the propagated outcome we will use Markowitz’ “Mean-
Variance paradigm” which was introduced to deal with risk, involving many financial 
instruments (F.Sharpe 2006). The basic assumption is that the decision criteria should be 
to minimize the variance for a given mean value of return or to maximize return for the 
given value of variance (Odegaard 1999). So, here the variance serves as a measure of 
risk - the greater the variance, the probability of mean value decreases, whereas, the 
lower the variance, the probability of mean value occurrence increases (Dixon and 
Massey 1983). In other words, higher variance has the effect of making values located 
away from the mean more likely. As shown in Figure 7, the final mean value and 
variance can be calculated using the mean and variance properties. The mean value for an 
investment return function can be calculated as follows: 
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While the IRF variance (var) is calculated by the following approach  
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Even though, the resulting return function has an undefined curve, its “Mean” and 
“Variance” value can still be used for decision making through “Mean –Variance 
Paradigm” (Ashton 1982, Kasper 2002).  

 



Stage 5: Portfolio Optimization  

After determining the investment return and energy saving values (mean, 
variance) for all the investment options in a campus, it is required to select the optimal set 
of investment options in a portfolio, which suits the DM’s budget and risk attitude. This 
problem can be solved using Linear Integer programming (LIP), which is a typical 
optimization approach that deals with problems of maximizing or minimizing a function 
of many variables subject to only linear inequality constraints, and with additional 
restrictions that some or all of the variables are required to take integer values (Beale and 
Mackley 1988). A variant of MIP, the well standard Knapsack problem is more suitable 
for this research. This is a very common type of optimization where the selection of a 
project subset from a given solution set is either 1 or 0, i.e. they can either be selected (1), 
or discarded (0). It is called the knapsack problem because of the analogy to the hiker’s 
problem of deciding what should be put in a knapsack; given a weight limitation on how 
much can be carried. In our investment problem the Knapsack problem is defined by the 
following objective function and generic constraints: 

 

Objective function:  Maximize Mean IRF(i,j) or Maximize Mean ESF(i,j)   

Generic Constraints 

·  For any portfolio, Investment options can either be selected completely (1) 

or discarded (0); as they cannot be selected in fractional manner.  

·  � £
j

1
j)(i, Budget  Cost Investment  

Along with the generic constraints the DM has an option to define selection characteristic 
of investment option in the portfolio through these mutually exclusive cases: 

·  Case 1: Optimize portfolio with the given variance constraint  

·  Case 2: Optimize portfolio with the given return/energy saving value.  

·  Case 3: Optimize portfolio with no variance constraint 

The DM can control variability of the return value by assigning variance constraint, as in 
Case 1. Under this condition the total variance, i.e., sum of all variance values, of 
selected investment options would remain within the given constraint. This case stands 
for “Risk averse” nature of the DM. While in Case 2, the DM can provide an anticipated 
return value as the constraint. The sum of all return values for selected investment option 
would equate to constraint value. In this case, the DM is mainly concerned for the mean 
value (return or energy savings) irrespective of their variance, which stands for the “Risk 
Prone” nature. In the last case there is no constraint, even though it would optimize the 
portfolio for given objective function and generic constraints. This case stands for the 



“Risk Neutral” nature of the DM. All the above described cases can be described as 
additional constraint as shown below: 

 

·  For Case 1: � £
j

1
j)(i, VarianceGiven   Variance IRF/ESF  

·  For Case 2: � £
j

1
j)(i, MeanGiven   Mean IRF/ESF  

·  For Case 3:  constraint additional No  

The Knapsack problem is utilized to optimize, and generate the optimal portfolio. The 
choice between optimizing either investment return portfolio or optimizing energy saving 
portfolio is independent from each other, which enables the DM to review both optimized 
portfolios. This option will reveal potential differences between the energy optimum and 
monetary ROI optimum.  
 
There are some limitations in the chosen formulation of the investment strategy model 
which are explained in detail in (Ramkrishnan, 2007).  
 
 

Prototype 

To facilitate the utilization of the investment strategy model, a web based 
investment tool “InvEnergy” was developed. The minimum requirements to operate this 
software are given below: 

·  Minimum 128 MB RAM of memory is required, this software can function on 
any processor platform irrespective of its make. 

·  Any Windows operating system i.e., Microsoft Windows 98, Windows 98 SE, 
Windows XP SP 2, Windows Vista.  

·  Microsoft Internet Explorer 6.0 or later, Microsoft Office 2003 or later, with 
Excel Solver Add-in installed.  

 
Figure 7 shows the screenshot of the InvEnergy Gateway page and Figure 8 show the 
screenshot of Portfolio optimization dialog box along with the results page.   
 



 

Figure 7: InvEnergy Gateway page 

 



 

 

Figure 8: Portfolio optimization wizard and Results Form 

The investment tool has only been tested in-house on a small set of buildings on the 
Georgia Tech campus. Larger scale testing is intended in the next stage of the research 
project. 

 



Conclusions   
 
The development of an optimal investment tool for “greening the campus” 

strategies was reported. The tool is used to determine the best retro-commissioning 
portfolio for campuses within a given budget and investment time horizon. The tool 
calculates and accepts user data  that reflect different types of risks, posed by 
uncertainties in investment costs,  energy performance, and energy cost scenarios. In 
addition, the decision maker can set different investment priorities, reflecting his/her risk 
attitude and commitment to “Greenness”.  

The investment tool can provide an essential instrument for the campus managers 
who are faced with the task to refurbish the buildings in their  portfolio.. In the current 
business culture, the question of investment in energy savings becomes more relevant in 
the early stages of decision making as competing initiatives for a greener campus are 
being launched. For example, the tool provides an answer to the question of what can be 
achieved, if we put a line item of $10 million dollars to improve energy of building 
portfolio in the campus budget. The tool will help the campus manager to select the 
optimal mix of technologies and buildings within the given budget limit and predict the 
long term monetary and green ROI. 
 
This research will be continued in the following directions: 

·  Testing and validation of the tool on a real scale campus 
·   “Investment returns” and “commitment to greenness” are just two elements 

considered in the broader decision making framework. Other elements that impact 
portfolio decision making can be identified in a common decision framework of 
which the investment tool. Is an integral part 

·  Provide the additional capability to determine retro-commissioning investment 
costs for a particular building; this could be based on a generic and groing 
database of technology applications.  
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