
 

USING BUILDING SIMULATION SOFTWARE TO QUANTIFY THE SAVINGS OF A 

MODEL PREDICTIVE CONTROL IMPLEMENTATION 

Trent Hilliard1, Lukas Swan1, Miroslava Kavgic1, Zheng Qin2, Simon DeWolf2 
1Department of Mechanical Engineering, Dalhousie University 

Halifax, NS, Canada 

trent.hilliard@dal.ca, Lukas.Swan@dal.ca, miroslava.kavgic@dal.ca  
2Green Power Labs, Dartmouth, NS, Canada 

zheng.qin@greenpowerlabs.com, sdewolf@greenpowerlabs.com  

 

ABSTRACT 
Verifying the performance gains of a building installed 

upgrade (such as a change in control logic) is an 

important and challenging task. This paper discusses a 

methodology to develop and validate a model 

predictive control (MPC) algorithm employed on a real 

test building using EnergyPlus and the Building 

Controls Virtual Test Bed (BCVTB). The process is 

detailed from the development of an initial calibrated 

energy model from historical consumption data, 

through the implementation of the new controls to the 

building. This is followed by a proposed recalibration 

and comparison of energy results between the new 

control strategy and the previous rule-based control 

designed for the building. They are done using the 

same weather data to validate the performance gains of 

the new control strategy. 

INTRODUCTION 
The use of model predictive control for buildings is a 

growing field of research (Afram & Janibi-Sharifi 

(2014), Hilliard et al. (2015), Wang & Ma (2008)) that 

impacts buildings at the timestep level (such as 15 

minute intervals). However, most building data is only 

recorded at the monthly level in the form of utility bills, 

along with rule-based temperature controls. Due to the 

mismatch in the control system scale (timestep) and 

provided energy data (monthly), and missing indoor 

temperature data, it is necessary to develop a detailed 

energy model to generate the data at the scale necessary 

for the MPC to make decisions at the timestep scale. 

The data from the model can then be used under the 

assumption that the timestep profiles produced by the 

models will match those of the actual building. While 

the model may be calibrated for monthly energy 

consumptions, this does not guarantee that the model is 

accurate at the timestep level, and will need to be 

verified with measurement data from the building once 

a measurement system has been installed. Prior to the 

acquisition of this data, work moves forward under the 

assumption that the data is indeed accurate, and several 

steps may be repeated if errors are found once recorded 

data becomes available. 

Once the MPC has been developed and installed on a 

building, it is then necessary to find a method to 

experimentally validate the results. A simulation of the 

MPC compared the existing control strategy for the 

same weather period is conducted to theoretically 

validate the MPC. However, due to variations between 

the model and actual building (modeling assumptions 

such as idealized component modeling, combined 

thermal zones), a different method of validation should 

also be considered. Some examples of currently used 

methods include: 

 Sequential period testing (i.e. test control A 

for week 1 and control B for week 2), which 

can isolate occupancy effects, but are 

subjected to weather variability as shown in 

Bengea et al. (2014).  

 Compare energy consumption for similar 

weather conditions, but can be exposed to 

changes in occupancies if the test periods are 

far apart.  

 Recalibrate the model to match the measured 

results of the MPC control on the building, 

and then re-simulate the original control 

strategy with the same weather and occupancy 

conditions for a comparison. This requires 

enough data collection from the site to have a 

model calibrated for both heating and cooling 

seasons. 

The work in this paper focuses on the Mona Campbell 

building at Dalhousie University. The building has a 

footprint of approximately 2000 m2 and a total of 

10,000 m2 of conditioned floor space. The HVAC 

system is a variable air volume (VAV) fresh air system 

with zone level heat pumps to provide additional 

temperature regulation for half of the building. The 

remaining half of the building contains a VAV fresh air 

system with a mixing box and hot water reheat coils in 

zone level VAV delivery ducts for temperature 

regulation. Heat is supplied to the building from the 

campus steam system through an externally located 

steam convertor. Simulation was conducted on a 15 

minute timestep for a complete year using an actual 

meteorological year climate file from Weather 

Analytics1 for the site, with the building divided into 32 

                                                           
1 http://www.weatheranalytics.com/wa/ 
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thermal zones. The building is shown in Figure 1, with 

a schematic of the HVAC system in Figure 7. 

 

Figure 1 Mona Campbell building 

This paper is organized as follows: 

 Methodology outlines the process of 

developing the calibrated model and 

development of the MPC controller. It also 

describes in detail the various methods of 

validating the energy savings results for an 

experimental test on a building. 

 Simulation shows the results of the calibration 

process and MPC development process. 

 Analysis considers the results of the MPC to 

date and hypothesizes the differences between 

the simulated temperatures and measured 

temperatures within the building. 

 Conclusions highlights the key findings of the 

work and provides guidance for future work. 

METHODOLOGY 
When developing an MPC control strategy from 

monthly utility bills and design drawings, it is 

necessary to create a calibrated energy model to 

provide the necessary timestep scale information. For 

this work, EnergyPlus has been used to create a 

detailed and calibrated energy model. Calibration has 

been conducted to ASHRAE Guideline 14-2002 for 

energy savings which states the following limits: 

 Normalized mean bias error (NMBE) of ±5% 

on an annual basis for monthly measurements. 

 Coefficient of variance for root mean square 

error “CV(RMSE)” of 15% for monthly 

measured data.  

After completion of the calibrated energy model, a 

separate simplified model is required due to limitations 

on EnergyPlus for use in an iterative control process 

such as MPC (Hilliard et al (2016)).  A sample of the 

MPC simulation process is outlined in Figure 2, where 

Figure 3 outlines the iterative approach of an MPC 

controller, where sequential ordering is important to 

provide the correct initial conditions to the model. 

 

Figure 2 MPC system layout 

 

Figure 3 MPC control solution example 

EnergyPlus cannot be used to perform the predictive 

analysis directly, so it needs to be coupled with a 

secondary software package. The software used for the 

predictive control aspect is R, a free software package 

used for statistical analysis and modelling. In order to 

link together the MPC in R to EnergyPlus, the software 

tool BCVTB has been used. BCVTB is also a free 

software developed by Lawrence Berkeley National 

Laboratory specifically to link advanced building 

simulation tools (such as EnergyPlus), to advanced 

control and computing tools (such as Matlab). Figure 4 

shows the interface diagram that links EnergyPlus 

(with outputs of building energy consumption, 

temperatures, and setpoints) to the MPC coded within 

R (which provides optimal setpoints). This setup then 

performs the predictive analysis, where a data file of 

the weather predictions is read in by the MPC in R. 
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Figure 4 BCVTB linkage of EnergyPlus to R 

The MPC energy consumption values can then be 

compared to the existing rule-based control energy 

values to identify the savings expected when applied to 

the building. To apply the MPC to the building, the 

EnergyPlus components are replaced by the actual 

building. The test building utilizes Johnson Controls 

Metasys building management system, for which a 

custom software adapter was developed to read and 

store the information that had been provided by 

EnergyPlus for the simulation platform. 

Communication is established through the Metasys 

System Secure Data Access DLL (MSSDA) to 

communicate with the site director. The software 

adapter also then uploads the optimal setpoints to the 

building from the MPC, performing the same 

functionality for the experimental environment as 

BCVTB does for the simulation environment. 

A second key feature of the software adapter is the 

ability to read and store information from Metasys that 

is otherwise not stored or easily accessed. The reason 

for this is due to storage limitations on the site, and the 

base Metasys data retrieval limited to 2000 data points 

at a time. The data being read by the adapter is outlined 

in Table 1. This information is databased so that it can 

be used in the validation process of the MPC. As stated 

previously, there are three approaches that can be used 

(either separately or combined) to validate the MPC 

results at this stage:  

 Recalibration of the EnergyPlus model to 

timestep data from the database (in contrast to 

the monthly utility bills used initially) and 

then simulate both control strategies. This 

method is time consuming in that it will take a 

considerable period to collect enough data to 

do a full model recalibration for both the 

heating and cooling seasons. However it does 

ensure that the same weather and occupancy is 

applied for both control strategies. The results 

are however influenced by modeling 

assumptions and/or errors. 

 Sequential control strategy tests. This method 

involves applying the existing control strategy 

for a fixed period of time (such as a week), 

and then applying the MPC control strategy 

for the following period. If the period is 

chosen carefully, the effects of occupancy 

variation can be minimized, as occupancy 

patterns are cyclical. While the occupancy 

uncertainty can be managed through proper 

period choices, the weather cannot be 

controlled, and weather is a key factor in 

determining building energy consumption. 

Thus the ideal scenario would have identical 

weather for both periods, but is difficult to 

achieve in a building setting. 

 Comparison to historical energy consumption 

for similar weather. This validation metric is 

used to reduce the impact of variations in the 

weather, but is subject to variations in 

occupancy in the periods of question. It is also 

limited to be used for periods where all of the 

HVAC equipment remains unchanged. The 

period of comparison will need to match the 

availability of data (i.e. monthly if only utility 

bills are available), where historical weather 

for the site can be obtained from government 

databases (such as Environment Canada). 

SIMULATION 
The first step in the simulation process is the 

development of a calibrated EnergyPlus model for the 

building. The model is calibrated to the monthly energy 

consumption bills provided by the university, with the 

model developed from the as-built drawings and site 

visits with the building operator. A direct comparison 

of simulation results to measured steam use for the 

Mona Campbell Building is show in Figure 5. It should 

be noted that monthly values are normalized by the 

number of days in a period, so that they can be directly 

compared, as well as compared to an annual average 

value “Ann”. A NMBE of 0% is realized for the year, 

with a winter (Nov-Apr) value of 6% and a summer 

(May-Oct) value of -9%. A CV(RMSE) of 11% for the 

year is realized, with a winter value of 9% and summer 

value of 13%, which meets ASHRAE Guideline 14 for 

annual monthly measurements. A Pearson coefficient 



 

of 0.97 confirms a positive correlation between the 

measured and simulated data. 

 

Figure 5 Steam calibration 

Figure 6 displays a comparison of total monthly 

electricity consumption. The data shows that while the 

initial winter months consume additional energy, the 

overall trending and annual consumption numbers 

match. A NMBE of -1% is achieved annually, with a 

winter NMBE of -1% and summer NMBE of -1%. A 

CV(RMSE) for annual data of 4% is realized, with 

winter having 2% and summer 5%, which meets 

ASHRAE Guideline 14. The data has a Pearson 

coefficient of 0.93 for the monthly measured totals, 

which confirms a strong correlation. 

 

Figure 6 Electricity calibration 

After completion of the calibration, the next step in the 

process is to develop a simple and fast executing model 

for use in the MPC due to limitations of EnergyPlus. 

The chosen methodology was a statistical model using 

the Random-Forest model package within R (Liaw and 

Wiener (2002)) to predict building energy usage and 

temperature, as it provided the best fit to the data of 

models tested. A list of sensors used by the statistical 

model are provided in Table 1, which was based on 

readily available measurements in the building 

management system and a model importance analysis 

to minimize data requirements. A sample of model 

prediction performance is in Figure 8 that verifies the 

statistical model can predict accurately to the 

EnergyPlus results, with a CV(RMSE) of 0% on 

temperature, 1 % on electricity, and 4% on steam. A 

cross validation is also done and provides similar levels 

of performance. 

Table 1 Simplified model inputs 

Sensor Measurement 

Thermostats Zone temperatures and 

setpoints 

AHU Flow meter HVAC air flow 

Weather station Outdoor temperature, 

humidity, and solar 

Condensate return Steam usage 

Electricity meters Electricity usage 

 

The MPC is then implemented as a brute force search 

methodology, with an 8 timestep look-ahead and three 

options per timestep. The day is discretized into three 

periods: morning from 06:00 to 07:45, night from 

22:00 to 06:00 and daytime from 08:00 to 21:45. 

Different optimizer options are available for each 

period and are outlined in Table 2. 

 

Table 2 Optimizer options 

 Morning  Night Daytime 

Option Heat Cool Heat Cool Heat Cool 

1 16 23 16 26 20 22 

2 21 26 16 26 21 23 

3 21 23 16 26 22 24 

With the options available to the optimizer defined, the 

next step is to define the objective function for which 

to optimize. For this work, a minimization scheme has 

been chosen to minimize energy usage while 

maintaining thermal comfort, with a focus on 

optimized start time. This is achieved by comparing the 

measurements and predictions for energy consumption 

and temperature to a reference vector r. The absolute 

errors between the predictions and reference are then 

multiplied by a weighting matrix W to generate a cost 

for that particular option within a sequence. The total 

cost of a decision sequence is the sum of all options 

along the path, as highlighted in Figure 3. The total 

cost of the decision sequences can then be analyzed to 

find the minimum cost sequence, and the first set of 

values are uploaded to EnergyPlus, with the process 

repeating for each timestep. 
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𝑟 = [0 0 22] 

𝐸 = 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 − 𝑟 

𝑊 = [1 1 0] for 22:00 to 07:45 

𝑊 = [1 1 1010] for 08:00      

𝑊 = [1 1 0] for 08:15 to 22:00 

𝐶𝑜𝑠𝑡 = |𝐸| ∗ 𝑊 

𝐶𝑇𝑜𝑡𝑎𝑙 = 𝐶1 + 𝐶2 + 𝐶3 + 𝐶4 + 𝐶5 + 𝐶6 + 𝐶7 + 𝐶8 

 

With the optimizer coded into R, the MPC simulation 

was then run as 52 separate weeks on the ACEnet 

computing cluster, as each simulation week takes 

approximately 20 hours to simulate. 

 ANALYSIS 
With the MPC simulation completed, a detailed 

analysis of the simulated savings can be conducted. 

The annual HVAC energy savings are outlined in Table 

3, which shows a 2% electricity reduction and 10% 

steam reduction which combine for a 5% total HVAC 

energy reduction. A monthly plot is shown in Figure 9, 

which indicates there is a larger savings in energy 

during the winter months than summer months. This is 

particularly true for steam usage, which is minimized 

by optimizing the morning start time, in comparison to 

the rule-based start of 06:00. An example of this is 

shown in Figure 11. 

 

Table 3 Annual energy consumption (kWh) 

 

RBC MPC MPC % 

HVAC Electricity 628447 617607 98% 

Steam 445728 400634 90% 

Total HVAC Energy 1074174 1018241 95% 

 
While the simulation results show improved 

performance, it is also necessary to validate the model 

performance by comparing model results to actual 

building feedback for the same conditions. This is 

achieved by creating a custom weather file based on the 

site weather station measurements and recorded 

setpoints. When this comparison is done, an offset in 

temperature and energy appears, as shown in Figure 10. 

The error in steam energy can be attributed to a faulty 

steam convertor controller that maintains a hot water 

loop of 90 °C when the setpoint is set to 80 °C. This 

faulty control logic leads to a flatter steam usage curve 

as the controller leaves the steam valve open longer, 

and does not open the valve to a higher value unless the 

temperature dips below the setpoint of 80 °C. The 

electrical HVAC energy has an overnight offset, while 

the daytime performance matches in both shape and 

magnitude. There is also a temperature offset, where 

the building appears to maintain a warmer overnight 

temperature than that of the simulation case. This may 

be linked to the electrical energy differences shown 

overnight, where fans remain on overnight and cool the 

building. This also relates to why the simulation drops 

in electricity consumption sooner at the end of the day, 

as the building is cooler and the air conditioning can be 

turned down earlier than for the measured case. For 

reference, a CV(RMSE) of 63% is present for 

electricity and 96% for steam for the measured data 

collected to date (September 22nd to December 31st 

2015). 

Once sufficient data for the heating and cooling 

systems has been collected, the model can be 

recalibrated to the timestep information, the MPC and 

prior rule-based control can be run on the updated 

model for a more accurate savings analysis.  

While the communication system has been connected 

to the building to download and store information in 

the system, work is ongoing to gain full control of the 

building to fully implement the MPC. Once full control 

is established, consecutive week periods will be used to 

do sequential testing validation, and the recorded data 

can then be used to compare with historical weather 

(from Environment Canada) and billing data to 

determine a level of savings with a third metric. The 

results of these metrics can then be compared to 

provide a better understanding of the savings generated 

by MPC compared to using a single metric. 

CONCLUSIONS 
This paper presents the results of an MPC simulation 

setup on the Mona Campbell building located at 

Dalhousie University. The initial calibration to 

ASHRAE Guideline 14-2002 of an EnergyPlus model 

was conducted using available billing data and setpoint 

definitions for the building. Simulations show a 5% 

HVAC energy reduction through the use MPC 

compared to the existing control strategy. Timestep 

level building data is being recorded from the site that 

will be used to recalibrate the model as necessary. 

Initial data collected indicates that the model may need 

to be recalibrated, as while the monthly criteria is 

satisfied, the timestep criteria is not. This highlights the 

importance of collecting data at the correct resolution 

for the task being implemented when estimating the 

savings on a real building. Two alternative methods are 

proposed to be combined with simulation to be used to 

help estimate the level of energy savings realized by a 

change in control strategy, but are not fully investigated 

due to the lengthy verification of the control 

implementation process through the software adapter 

developed in agreement with the site managers. 
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Figure 7 Mona Campbell HVAC system diagram 
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Figure 8 Statistical model performance verification 

 

Figure 9 Monthly energy consumption (kWh) 
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Figure 10 Model comparison to measured data for October  
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Figure 11 Sample winter daily profile 


