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ABSTRACT 

 

The cooling of buildings drives the peak electric demand in the summer, and the cost 

associated with this peak demand can significantly increase the summer electric bill for many 

commercial buildings. Modeling and optimization of heating, ventilating, and air-conditioning 

(HVAC) systems in commercial districts could provide significant benefits in terms of 

minimizing a) energy-related costs, b) carbon-dioxide emissions, and c) enduring natural or 

artificial disturbances. In addition, optimization of HVAC systems could provide different scales 

and degrees of demand flexibility that could make buildings and districts grid-friendly. However, 

district-scale modeling and optimization of HVAC systems requires a framework to automate the 

optimization process for connected buildings. While there are co-simulation approaches that 

could enable optimization of HVAC systems at the district-scale, previous studies have mostly 

conducted this optimization at the building level or at the standalone component level (e.g., 

chillers) for buildings and district cooling systems. Many of these studies use simplified models 

for HVAC components that do not fully represent the actual performance of air- and water- side 

components. These studies also neglect some of the utilized components for the air- and water- 

side. This thesis develops an open-source, non-linear approach to optimize the air- and water- 

side HVAC systems for existing cooling systems of commercial districts. Two demand scenarios 

(i.e., rigid or flexible) are analyzed for the waterside of the HVAC system and the savings 

projected by the flexible demand optimization of the waterside are justified by the airside 

components integration. Overall, this thesis provides an integrated framework for modeling and 

optimization of HVAC systems in existing commercial districts. The newly developed 

framework is demonstrated using the Colorado School of Mines’ main chilled water plant, 

developing data-driven performance models with as-operated data to realistically simulate 

district-scale HVAC components for both the air- and water- side of the HVAC system. 
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INTRODUCTION 

 

Commercial and residential buildings in the United States (U.S.) consume around 40% of 

the nation’s primary energy [1] and 70% of its electricity [2]. The Commercial Buildings Energy 

Consumption Survey (CBECS) revealed that the number of commercial buildings in the U.S. and 

their floor space has increased by 47% and 71%, respectively, from 1979 to 2012 [3]. At the 

same time, the U.S. population has changed from 225 to 314 million people (around 39% 

increase) [4, 5].  

Cooling drives the peak electric demand in summer; therefore, buildings play an 

important role in the electric grid as around 80% of the installed electric capacity in the U.S. is 

used for load-following and peak demand purposes [6]. In this respect, commercial buildings’ 

heating, ventilating, and air-conditioning (HVAC) systems significantly contribute to the total 

energy consumption in the U.S. [7]. Specifically, refrigeration, ventilation, cooling, and space-

heating systems of commercial buildings are responsible for around 15% of the U.S.’s total 

electricity consumption [8]. 

The U.S.’s educational buildings cover around 12 billion square feet of the U.S. land with 

approximately 400 thousand buildings [3], including a few to hundreds of buildings that exist in 

each of the 3,900 degree-granting institutions of the U.S. [9]. Around 2,400 of these institutions 

offer undergraduate (4-year program) and graduate degrees [9] which in total spend more than $6 

billion per year for energy commodities and cover around five billion square feet of floor space 

[10]. Considering the extent of energy usage in academic and/or research campuses and having 

long-standing and single-owner buildings in their portfolio, these campuses are an important part 

of any large-scale plan to mitigate global warming associated with carbon-contained energy 

commodities [11]. In addition, these campuses are ideal candidates for energy-related efforts and 

studies because of the following reasons [12]: 
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 Having long-standing and single-owner occupied buildings in their portfolio makes long-

term planning and life-cycle assessments straightforward. 

 Having community responsibilities in terms of carbon footprint makes them the leader of 

setting ambitious goals for being carbon-neutral or zero energy [11]. 

 Offering publicly available data without a non-disclosure agreement (NDA) makes them 

an ideal candidate for validation purposes. 

 Including aged buildings in their portfolio places academic and/or research campuses in 

an extreme need for a renovation prioritization list. 

 Offering energy commodity metering and sub-metering devices at different temporal 

scales makes them a data-rich portfolio. 

 Being flexible for load management due to different types of buildings in their portfolio 

and different principal activity in each building makes academic and/or research 

campuses a candidate for load shifting, shading, and control purposes. 

 Considering significant development plans and renovations in the existing infrastructure 

requires energy modeling and high-level understanding of the energy profile of the 

existing infrastructure. 

 Having a significant amount of rooftop, parking lots, and usually unused land makes 

them a possible candidate for renewable energy systems’ implementation.  

 Embracing the significant opportunity to couple the education of younger generations 

with energy programs provides long-term social and environmental commitments for 

energy consumption.  

Many academic and/or research campuses are not connected communities, but these 

campuses have district cooling and/or heating systems and could consist of grid-interactive 

efficient buildings (GEBs) with diverse and flexible end-use equipment without compromising 

occupant needs and comfort conditions [13]. The current literature review shows that in 

connected communities, the impact of buildings as grid assets is not well understood. 

Furthermore, there are not enough solutions to address diverse grid needs, which are often from 

different scales.  

Optimizing the energy performance of connected communities with district cooling 

and/or heating requires a holistic approach due to the a) extent of energy consumption in 
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connected communities, b) community responsibility for a lower carbon footprint, and c) internal 

regulations to minimize energy charges while moving toward carbon-neutral communities. In 

this respect, optimizing the energy performance of districts with a holistic approach focused on 

the HVAC system and its components is of a higher priority. This optimization might minimize 

electric power demand, consumption, cost, and/or carbon footprints; therefore, a flexible and 

expandable optimization structure is required. Optimized districts can become grid assets 

providing different grid services, such as damping disturbances imposed by renewable 

generation [14], electric vehicles [15], and extreme weather conditions. Nonetheless, any 

building or district energy optimization has to maintain occupant comfort conditions. Therefore, 

the overall goal of this research is to develop an integrated framework for modeling and 

optimization of HVAC systems in commercial districts with district cooling systems. This goal 

ensures that HVAC systems of connected communities are optimized without compensating 

occupant comfort. The following are the objectives of this research with the aforementioned 

goal: 

1. Develop a virtual district energy model using available co-simulation approaches to 

simulate the actual performance of a connected community and its response to external 

disturbances.  

2. Develop a supervisory model predictive control (MPC) for central chiller plants that 

integrates air- and water- side HVAC systems to reduce electric peak demand and cost. 

3. Evaluate the developed framework on an actual university campus with district cooling to 

verify and validate the capabilities.   

The objectives of this research are addressed in the following chapters.  

 Chapter 2: literature review  

This chapter provides a brief review of a) urban building energy modeling (UBEM), b) 

data-driven models, and c) co-simulation. Besides, the next chapters provide a more 

detailed literature review as Chapters 4 and 5 are accepted papers, and Chapter 6 is a 

manuscript under review. 

 Chapter 3: research plan and validation testbed 

This chapter lays out the research plan and tasks, and it describes the proof-of-concept 

demonstration campus.  
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 Chapter 4: building control virtual test bed and functional mock-up interface standard: 

comparison in the context of campus energy modeling and control  

This chapter is an accepted journal paper that compares two available co-simulation 

interfaces: Building Control Virtual Test Bed (BCVTB) and Functional Mock-up 

Interface (FMI) standard [16]. The comparison is based on proposed metrics for 

individual buildings or connected communities. 

 Chapter 5: electric demand minimization of existing district chiller plants with rigid or 

flexible thermal demand  

This chapter is an accepted journal paper that provides an open-source approach for 

electric demand minimization of existing district cooling systems by developing data-

driven performance models with as-operated data to realistically simulate district-scale 

HVAC systems [17]. In addition, a flexible, non-linear model for the electric demand 

minimization of district chiller plants, with a rigid or flexible thermal cooling demand, is 

proposed in this chapter. The proposed methodology is tested for the validation testbed, 

and the results are discussed in this chapter.  

 Chapter 6: comparison of data-driven statistical techniques for cooling demand modeling 

of electric chiller plants in commercial districts 

This chapter is a manuscript under review that uses statistical techniques such as OLS, 

Lasso, ARX, SARIMA, SARIMAX, and Cochrane-Orcutt to model and forecast the 

cooling demand of centralized chiller plants in commercial districts. The predicted 

cooling demand is coupled with Hydeman et al.’s electric chiller model that is calibrated 

using the field data.  

 Chapter 7: electric cost minimization for the air- and water- side HVAC systems in 

commercial districts   

This chapter provides an open-source approach for the electricity cost minimization of 

the air- and water- side HVAC systems in commercial districts. This chapter integrates 

the waterside HVAC systems’ optimization methodology proposed in Chapter 5 with the 

airside optimization of the HVAC systems. The proposed methodology of this chapter is 

tested for the validation testbed, and the results are discussed in this chapter. This chapter 

is planned to be submitted as a full-length article to the Journal of Applied Energy.  

 Chapter 8: conclusions and future work 
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This chapter discusses the summary of important results obtained from this study and 

includes suggestions for future projects.  

In addition, the following appendixes provide more in-depth discussions whenever applicable. 

 Appendix A: setpoint setback tests for Mines’ chiller plant six  

This appendix describes the field setpoint setback tests conducted on Mines’ chiller plant 

six. 

 Appendix B: data-driven models of HVAC components  

This appendix provides in-depth discussions and justifications for the data-driven models 

that are briefly presented in Chapter 5.   

 Appendix C: model development for PV and generators on Mines’ campus  

This appendix provides the models developed for the photovoltaic (PV) system and diesel 

generators available on the validation testbed campus. 

 Appendix D: developed models for CoorsTek’s AHUs and changes in the action 

variables for Brown Hall 

This appendix provides the models developed for the airside of the HVAC system in one 

of the buildings of the validation testbed campus. In addition, this appendix discusses the 

proposed changes in the action variables obtained from the integrated air- and water- side 

optimization.  

 Appendix E: permission from publishers  

This appendix provides the permissions from Taylor and Francis and Elsevier to include 

an article, in full or part, in thesis. 
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LITERATURE REVIEW  

 

 This chapter provides a brief literature review on a) UBEM, b) data-driven models, and 

c) co-simulation. These topics are chosen because all three are required basics for the 

development of an integrated framework. Thus, UBEM and its components as well as data-

driven models are briefly discussed in this chapter. Data-driven models are required for the 

optimization purposes to provide an explicit relation for the operation and electric demand of 

different HVAC components. Finally, co-simulation is presented as the solution to connect all 

the pieces required for the development of the integrated framework. A comprehensive literature 

review of each topic is presented in the next chapters.  

 Building energy modeling (BEM) and UBEM 

Physics-based building energy modeling (BEM) solves the heat and mass transfer 

equations in- and out- side of the building envelope to determine the heating and cooling energy 

needs. EnergyPlus is one of the highly used BEM tools that not only models energy consumption 

for heating, ventilating, air conditioning (HVAC), lighting, plug and process loads, but also 

water use in buildings [18, 19]. EnergyPlus uses a text-based input, called an input identification 

file (IDF), and it is the simulation engine behind various graphical user interfaces (GUIs), such 

as OpenStudio [20], BEopt [21], and GENopt [22]. OpenStudio and EnergyPlus are GUIs that 

facilitate the three-dimensional geometry development process and parameter input to optimize 

the building design in GUIs such as GENopt. 

BEM has been an active research area for more than 50 years. However, BEM is only one 

component of UBEM that provides insights about the individual building’s energy demand. In 

addition, there are other equally important components including but not limited to energy 

resources modeling as well as optimization to meet the required demand and perform building 

and districts’ operations control. While BEM has been an active research area for a long time, 

UBEM, using BEM techniques, has recently gained the interest of policymakers, researchers, 

and utility companies [23] because of the following reasons: 
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 Access to high-performance computing resources and/or computationally effective 

energy models facilitates computationally intensive simulations.   

 Interest to move toward decarbonized cities or states requires a shift from internal 

combustion engines to electric vehicles. 

 Renewable energy systems penetration, which requires a GEB structure. 

 Introduction of variable electric rates.  

 Change in energy management schemes from centralized to decentralized and distributed 

[24]. 

 Growth in the number of urban heat islands with stronger magnitudes or wildfires that 

affect the grid performance. 

 Growth in urban population and energy consumption per capita (urbanization trend).  

UBEM tools such as URBANopt [25], CitySim [26], and DER-CAM [27] might analyze 

multiple buildings (up to city-scale) using physics-based BEM to potentially explore a) building 

to building, b) building to a district (e.g., chilled water plant), c) building to microclimate, and/or 

d) building to systems (e.g., transportation and onsite generation) interactions [28]. Thus, there 

are different scales and levels of details used in UBEM, but in general, UBEM is usually more 

complex and computationally intensive than building-level simulations. However, due to the 

significant number of simplifications applied, UBEM is mostly applied for testing different 

design scenarios, energy retrofitting programs, and utility planning purposes [29].  

 Energy resources modeling and optimization  

Energy resources for building and district systems are categorized as renewable and 

conventional. Renewable energy resources (RES) have an intermittent nature and might not 

match the demand; thus, RES require extensive renewable networks or energy storage systems 

[30]. Large-scale users, such as energy districts and connected communities, have applied energy 

storage systems to store surplus onsite renewable and/or low-cost energy during off-peak hours 

and use them during peak hours [31]. Conventional energy resources do not have the inherent 

variability issues of RES but use fossil fuels and typically have higher carbon footprints.  

Most UBEMs consider energy supply from both central and distributed resources such as 

central steam or chilled water plants and distributed direct expansion (DX) cooling systems. Due 
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to the electrical and thermal demands of commercial districts, the electrical demand is supplied 

by the grid and/or onsite (renewable or conventional) generation. However, district systems 

typically have central heating and cooling plants due to lower operating costs. This is significant 

compared to other buildings in the commercial sector since out of 87 billion square feet of U.S. 

land covered by commercial districts [32], around 5.5 and 1.9 billion square feet  are supplied by 

district heating and cooling systems, respectively [33]. This low market penetration of district 

energy systems is mostly because of the a) cost imposed by interconnection, b) risk of installing 

new technologies, and most importantly c) lack of integrated tools to propose the optimal 

portfolio, sizing, placement, and dispatch of distributed energy resources (DERs) [34].  

To address some of the problems causing low market penetration of the district energy 

system, researchers have developed tools for design and operation of DERs. The Hybrid 

Optimization Model for Electric Renewables (HOMER), originally developed by the National 

Renewable Energy Laboratory (NREL), is a popular simulation tool for the design and dispatch 

of DERs; however, it has a predefined dispatch strategy (i.e., HOMER cannot optimize the 

dispatch) [35]. Lawrence Berkeley National Laboratory (LBNL)’s Distributed Energy Resources 

Customer Adoption Model (DER-CAM) has similar limitations to HOMER. Based on Pruitt et 

al.’s research [35], the Mixed Integer Nonlinear Program (MINLP) is required for accurate 

design and dispatch of load-following (off-design) operations, and they developed a MINLP that 

provides a globally minimum cost system design and dispatch. 

A DER system consisting of PV, battery, and diesel generator is a typical combination for 

onsite renewable and conventional generation as well as electricity storage. However, 

coordination of these assets is a key to either maximize revenue and/or reduce carbon footprints. 

Scioletti et al. [36] note that this combination is capable of powering remote locations that are 

isolated from the grid. They develop a cost minimization and nonconvex MINLP considering the 

acquisition of various technologies as an integer variable and their operation behavior as a 

nonlinear variable. With an hour fidelity, they conclude that their optimized hybrid system is 

capable to reduce fuel consumption by 50% compared to only conventional generation. 

Choobineh and Mohagheghi [37] propose a microgrid dispatch solution for emergency electric 

service restoration after a natural disaster event. They formulate the problem as an MINLP to 

find the optimal dispatch of the energy resources using GAMS with LINDO solver. 
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 Buildings and districts operation control 

Commercial buildings’ HVAC systems are a complex arrangement of chillers, pumps, 

cooling towers, air handling units (AHUs), and internal zones with various HVAC equipment, 

such as variable air volumes (VAVs) and fan coil units (FCUs). These are typically controlled 

with lower-level proportional integral derivative (PID) controls with no higher-level supervisory 

control. Heating and cooling systems usually follow the control sequences provided at the design 

stage and do not respond to dynamic changes in the HVAC system. In many cases, building 

performance depends on the experience of the building manager and the interpretations made 

from the sequences of operations since most of the buildings are running based on the rule-based 

(if-then-else or on-off) controllers [38].  

Faster computing resources, two-directional electric flow from the building to the grid 

and vice versa, and higher penetration of renewables and storage systems, have opened the field 

for smarter controls. In general, this allows a dynamic role for the buildings and districts but 

requires rule-based control techniques to be replaced with advanced and state-of-the-art control 

[39] or managed with higher-level supervisory control. As examples of new advanced control 

techniques, agent-based control, neural network, fuzzy logic, and MPC could be mentioned. 

Studies [40] have shown that for the HVAC system, MPC outperforms other techniques.     

Control strategies for buildings’ HVAC systems usually focus on air- or water- side 

systems, but not both. Waterside of the HVAC system consists of all the components and 

operations directly interacting with the chilled water (e.g., chiller, pump, cooling tower). The 

Airside of the HVAC system consists of all the components and operations indirectly interacting 

with the chilled water (e.g., AHU, VAV). The airside of the HVAC system directly affects 

occupant comfort conditions; therefore, major restrictions are in place. Studies controlling the 

airside of the HVAC systems mostly optimize the operation of airside components by 

implementing a dynamic model of the system. For instance, Yuan and Perez [41] use MPC to 

control supply air temperature and outdoor air intake rate of AHU and conclude that MPC can 

reliably regulate these two for different weather conditions. Liang et al. [42] numerically 

implement an MPC for an AHU of a multi-zone building on the University of California, 

Merced’s campus and demonstrate that around 27% of energy savings could be achieved by 

optimizing the cooling coil thermal load as well as the supply and return fans. Ma et al. [43] 
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utilize an MPC manipulating indoor air setpoint to minimize building energy costs. Li and 

Malkawi [44] propose an MPC framework using building thermal mass (energy charge and 

discharge) and numerically implement the proposed system for six commercial buildings in 

Boston, Chicago, and Miami for summer weather conditions. They find energy cost reductions 

from 20 to 60 % depending on the weather conditions. Wang and Song [45] develop steady-state 

AHU energy model and optimize the discharge air temperature to minimize the mechanical 

cooling power as well as the fan motor power and find energy savings as high as 90% under 

certain space load as well as outdoor air conditions.   

Contrary to the airside, waterside HVAC studies usually do not directly affect occupant 

comfort conditions; therefore, they do not have the same constraints as the airside. In this regard, 

Deng et al. [46] apply an MPC for the central cooling plant and the thermal energy storage (TES) 

tank in the University of California, Irvine’s campus to numerically provide the optimal chilled 

water temperature setpoints of both the campus loop and TES tank that minimizes electricity 

cost. They report energy and cost savings of around 9.7 and 10.8 %, respectively. Patel et al. [47] 

investigate the optimal temperature schedule of a large commercial building using a distributed 

MPC structure; they not only consider the supervisory and low-level controls but also categorize 

the low-level controller to the air- and water- side. Ma et al. [48] numerically implement a 

preliminary MPC study for the campus cooling system (at the University of California, Merced) 

with chilled water TES and report 11.9% improvement in the plant’s coefficient of performance 

(COP). Furthermore, Ma et al. [49] provide the novelty of developing a) a nonlinear model for 

the TES tank that has the switching capability and b) a robust MPC scheme against uncertainty 

in the building load demand. The electric power demand of chillers and cooling tower models are 

assumed as a function of temperature and mass flow rate of the evaporator leaving fluid as well 

as the temperature of the condenser entering fluid.  

There are also companies such as Optimum Energy [50], Siemens [51], and Johnson 

Controls [52] currently working on the optimization of both air- and water- side of the HVAC 

system. For the waterside optimization of the HVAC systems, these companies use Hartman’s 

Equal Marginal Performance Principle (EMPP) in which the energy performance of a chiller 

plant is optimized if the change in the supplied thermal cooling due to a unit change in the 

electric power input is the same for all the involved components [53]. EMPP is based on the 
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relational control as the operation of each chiller is optimized in relation to the operation of other 

components. EMPP has shown energy and cost savings; however, it has some limitations 

including the following: 

 High instrumentation requirements for electric energy measurement of every HVAC 

component to determine marginal COP.  

 Difficult to pursue a holistic optimization approach dealing with renewable energy 

systems and other DERs due to the structure of the tools which are not open-source.   

 Rigid objective function, which makes it difficult to assess and optimize other important 

criteria such as carbon footprints reduction or to integrate air- and water- side 

optimization. 

For the airside optimization of the HVAC system, companies are typically using a case 

study approach instead of a synoptic point of view. For instance, OptimumEnergy’s OptimumAir 

[54] only focuses on the AHU’s fan power, delivering a precise demand-based airflow. However, 

adjusting the indoor air temperature (IAT) setpoint at connected community scales has not been 

systematically investigated so far. The adjustment of the IAT setpoint is a demand management 

scheme, which is restrained by the occupant comfort.  

 Data-driven models  

Physics-based BEM is referred to as white-box modeling that considers heat and mass 

transfer mechanisms with the environment to predict the building thermal response and its 

energy use. White-box models usually require a substantial number of inputs and take significant 

simulation runtime [18]. Furthermore, their accuracy highly depends on user experience and the 

accuracy and availability of the inputs [55]. Therefore, data-driven models are typically 

implemented in some studies as an alternative to not only provide more accurate models, but also 

reduce runtime [56]. Data-driven models use data analytics methods to understand and forecast 

system behavior (e.g., chiller electric power demand). 

Data-driven models typically have shorter simulation runtimes than white-box models but 

require extensive training and feature selection. Data-driven models usually (in the HVAC field) 

predict electric power demand or IAT using one or more independent inputs (e.g., occupancy and 

outdoor air temperature) as well as their lag values [57]. There are numerous techniques such as 
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autoregressive with exogenous input (ARX) [58], autoregressive integrated moving average with 

exogenous input (ARIMAX) [56], Lasso [57], and ridge [57] regression that could be used to 

obtain the energy demand model using important endogenous and exogenous inputs. Each 

technique offers a unique set of benefits and drawbacks such as the level of model 

interpretability, runtime, and complexity. Due to the runtime and complexity of the models, 

many studies (e.g., [46]) use linear models for inherently nonlinear systems such as chillers, 

which adversely affect the accuracy of the results. Data-driven models could also be utilized for 

modeling of specific building systems (e.g., chillers and cooling towers) and this has been of 

interest for studies focused on the optimization of building energy systems. Nonetheless, there is 

no common approach to decide between the available range of linear, nonlinear, and time series 

models depending on the accuracy required and simulation runtime constraints. A further 

discussion about the data-driven models is provided in Appendix B. 

 Co-simulation 

While UBEMs are powerful tools that can potentially simulate multiple buildings or even 

an entire city, they do not optimize demand and/or supply due to the lack of an integrated 

platform that facilitates the connection between BEM, energy resources, and optimization tools. 

Currently, there is no integrated tool that is capable of holistically investigating all the 

aforementioned items. Different simulation engines could be connected using co-simulation 

approaches to provide higher simulation capabilities using tools that are already proved to work 

reliably in their specified scope. For instance, OpenStudio [20] is an example of co-simulation in 

the small-scale as it connects EnergyPlus as the building simulation engine to Radiance for 

advanced daylight analysis, and GUIs such as SketchUp [59], for building geometry 

development. Large-scale application of co-simulation is required for UBEM purposes that could 

couple BEM, energy resources modeling and optimization tools, and simple and advanced 

techniques for operation control. This is necessary as none of the available BEM tools such as 

EnergyPlus is designed to optimize the operation of the HVAC systems. In addition, they are not 

designed to conduct energy resources modeling and optimization based on the modeled demand. 

There are efforts to improve EnergyPlus leveraging open standards for equation-based modeling, 

Modelica [60], and co-simulation, Spawn of EnergyPlus (SOEP) [61].   
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Co-simulation could bridge the gap between different energy modeling and optimization 

tools. For example, BCVTB is a co-simulation approach capable of coupling different tools such 

as EnergyPlus, Modelica, FMI, Matlab, Simulink, Radiance, ESP-r, TRNSYS, and BACnet [62]. 

FMI [63], as one of the tools capable of being integrated to BCVTB, is another general standard 

that could be used for co-simulation purposes and allows direct coupling of various tools. Both 

BCVTB and FMI are the only co-simulation approaches that work with EnergyPlus; therefore, 

they are discussed and compared in Chapter 4.  

 Summary  

Available UBEM tools and methodologies are missing an integrated framework capable 

of analyzing demand and/or supply as well as district components that play a role in a connected 

community. Overall, previous studies have shown advanced control can provide potential cost 

and/or energy savings for connected communities but have not analyzed an integrated large-scale 

supervisory control scheme. This requires a holistic approach for the operation of both the air- 

and water- side of the HVAC system as well as the dispatch optimization of various on- and/or 

off- site energy resources. Thus, this research is addressing the following gaps identified in the 

literature: 

1. Gap: despite the availability of different co-simulation approaches that can be used to 

couple UBEM with optimization tools, there are not any comparative metrics. This makes 

the selection process more subjective and inefficient for researchers and engineers to 

develop new UBEM tools. 

Contribution: this thesis proposes new assessment metrics to compare and evaluate the 

capability of co-simulation approaches. This thesis applies the proposed metrics using 

two available co-simulation approaches for UBEM and compares them by developing a 

virtual campus model.  

2. Gap: current state-of-the-art methodologies for central chiller plants’ optimization (e.g., 

Hartman’s EMPP) are focused on energy savings and they are not flexible enough to 

provide various solutions for different utility rates and/or signals, renewable energy 

integration, demand response, and/or carbon footprint reduction.  

Contribution: this thesis provides a holistic and model-based, open-source optimization 

methodology for electric power demand minimization of central chilled water plants in 



 

14 

 

commercial districts. This minimization can be modified to minimize their energy cost, 

carbon footprint, or peak demand to help them become grid assets and assist the grid with 

the minimization of the imposed stress during unusual times, such as extreme weather 

conditions.  

3. Gap: most optimization methodologies use simplified linear models for HVAC 

components (e.g., air- and water- side of the HVAC system) and/or related variables. 

Although simplified models lower the simulation runtime and improve model 

interpretability, they adversely affect the accuracy of the results and saving projections. 

Contribution: this thesis develops data-driven models for several HVAC components and 

variables considering the underlying physics (nonlinear model for an inherently nonlinear 

component such as a chiller). The developed approach could be utilized as a guideline for 

other UBEM models. 

4. Gap: while BEM is a mature field that can accurately predict the energy behavior of 

standalone buildings, many UBEM tools use highly simplified models to predict the 

thermal cooling demand at the district scale. Statistical techniques could be used to solve 

this issue, but no study compares these statistical techniques to provide insights about the 

technique to be used for the prediction of the thermal cooling demand at the district scale, 

depending on the expected accuracy. 

Contribution: this thesis compares a wide range of statistical techniques to predict the 

thermal cooling demand of commercial districts. The predicted thermal cooling demand 

using statistical methods is utilized in developed chiller models to predict the electrical 

demand of chillers in commercial districts.   

5. Gap: previous studies do not provide a holistic optimization approach for the airside of 

the HVAC system in commercial districts. Similar to the waterside, there are tools 

available to optimize the airside of the HVAC systems; however, they usually follow a 

case study approach instead of a synoptic point of view. Furthermore, due to the 

mismatch between different components of the HVAC systems installed in commercial 

districts as well as the capital cost of available tools, these tools are not feasible options 

to all communities across the U.S. In addition, there is no holistic framework integrating 

BEM with the optimization of the air- and water- side of the HVAC system that can also 

consider energy resources. 
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Contribution: this thesis provides a holistic and model-based, open-source optimization 

methodology for the airside of commercial districts to reduce the electric power demand 

imposed by the airside. Furthermore, an integrated framework is developed with the 

intention to couple the air- and water- side of the HVAC system as well as providing 

flexibility for adding other options such as on- and/or off- site energy resources. Also, 

this study develops the PV and diesel generators model for the proof-of-concept 

demonstration campus that are discussed in Appendix C.  



 

16 

 

 

  

RESEARCH PLAN AND VALIDATION TESTBED 

 

The proposed research plan includes data-driven models, optimization, and UBEM 

framework, as three pillars of this research, which are discussed in Chapter 3. In addition, 

Chapter 3 describes the Colorado School of Mines’ (hereafter Mines) chilled water plant six as a 

case study to test the validity of the proposed methodologies and developed framework. This 

campus is selected because of available field data as well as technical and financial support from 

Mines’ facilities and sustainability offices.  

 Research plan  

This research aims to develop an integrated framework for air- and water- side 

optimization of HVAC systems in commercial districts. Figure 3-1 illustrates the envisioned 

dataflow for the proposed framework with the main blocks as follows: 

 Data-driven models: data-driven models are developed using a range of historical data 

(train dataset) and are tested for another range (test dataset). Developed models are 

passed to the MPC core to provide the dynamics of each HVAC component and variable 

required in the optimization process.   

 MPC core: MPC provides the optimal operation schedules for critical HVAC components 

based on the holistic and model-based optimization of the air- and water- side HVAC 

components. These schedules are passed to the UBEM framework block.  

 UBEM framework: UBEM framework is a co-simulation based district energy-modeling 

that connects all the physics-based building energy models. The schedules provided by 

the MPC core could be: a) chiller evaporator leaving fluid temperature (ELFT) setpoint, 

b) building IAT setpoint, and c) optimal dispatch of available on- and/or off- site energy 

resources.  

MPC core is connected to the UBEM framework to check for the effectivity of the 

developed models and proposed schedules. If the input schedules meet some specific goals, the  
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Figure 3-1 Proposed framework methodology to connect data-driven models to the optimization 
core and test them in the developed UBEM framework 
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algorithm marches forward in time; however, if the input schedules do not meet the goals, the 

MPC core iterates again to provide a new set of inputs. This continues until the input schedules 

for the district energy model meet the goals. Actual meteorological year (AMY) weather data are 

inputs to every block of the dataflow for the proposed framework. AMY weather data are usually 

used as a feature for the data-driven models' development, an input for the renewable energy 

systems modeling as well as physics-based BEM. 

 Research tasks 

Major tasks outlined for the final output and document of this research are as follows:   

 Literature review: this task reviews the latest research on UBEM, data-driven models, co-

simulation, and air- and water- side optimization of the HVAC system. A literature 

review is briefly presented in Chapter 2, but further discussions are provided in Chapters 

4, 5, and 6 since each represents a paper.  

 Co-simulation approach selection: this task investigates the available co-simulation 

approaches based on their capability to host the integrated framework of this research. 

Chapter 4 discusses this by developing UBEM framework using the available co-

simulation approaches, BCVTB and FMI standard. These approaches are compared based 

on the simulation runtime and effectivity to implement simple control algorithms (e.g., if-

then-else) in the context of commercial districts. The most effective co-simulation 

environment identified in this task is employed in the development of the integrated 

framework.  

To develop the virtual campus model using BCVTB and FMI standard, the 

physics-based building energy model of the target buildings is required. This study uses 

the buildings of the proof-of-concept demonstration campus to develop physics-based 

building energy models. Therefore, part of the effort has been focused on developing 

physics-based building energy models or helping undergraduate students to develop 

models of different buildings in the validation testbed.   

 Waterside optimization: this task develops a holistic, model-based, and open-source 

methodology for the electric power demand minimization of central chiller plants in 

commercial districts. The proposed holistic methodology of this task is discussed in 

Chapter 5 and considers all deployed components in a chiller plant including chillers, 
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pumps, and cooling towers with two types of cooling demand scenarios including rigid 

and flexible. The proposed methodology for data-driven models development and holistic 

optimization is validated using the validation testbed to ensure the effectiveness of the 

proposed methodology.  

 Thermal cooling and electrical demand forecast: this task uses a range of statistical data-

driven techniques to develop models for the thermal and electrical demand forecast of 

chiller plants in commercial districts. The electric demand model uses the cooling 

demand model, as an input, to estimate the electric demand.  

 Airside optimization: this task develops a general methodology for the optimization of 

the airside of the HVAC system by focusing on the buildings’ AHU level to optimize the 

airside operation. This optimization occurs by manipulating the thermal cooling demand 

of the buildings through discharge air temperature, outdoor air flow rate, and 

recirculation air ratio.  

 Integrated framework development: this task develops an integrated framework for 

coupling air- and water- side optimization of the HVAC system in commercial districts. 

This framework simultaneously optimizes both air- and water- side of the HVAC system 

using a multi-objective optimization structure. One objective minimizes the electricity 

charges associated with electricity demand and consumption and another objective 

minimizes the cooling load imposed by the airside on chillers.   

 Proof-of-concept demonstration campus 

This study uses the Mines’ chilled water loop six as a proof-of-concept. Mines has 

around 6,270 students in Golden, Colorado, and covers approximately 200 ha of the U.S. land 

[64]. Mines is located in ASHRAE climate zone 5B which is a cool-dry climate [65] and 

consumes two main energy commodities, electricity and natural gas, provided by the local utility, 

Xcel Energy [66]. Mines’ natural gas-fired steam power plant produces all the steam required for 

space heating, domestic hot water, and lab equipment on the campus. Furthermore, four chilled 

water plants provide chilled water for space conditioning or process cooling across the campus, 

which are in Brown Hall, Alderson Hall, Green Center, and Arthur Lakes Library. Figure 3-2 

shows Mines campus and available chilled water loops including loop four (Arthur Lakes 

library), five (Alderson Hall), six (Brown Hall), and seven (Green Center).  
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Figure 3-2 Mines campus and embodied chilled water loops including No. four, five, six, and 
seven [67]. Arthur Lakes Library, Alderson Hall, Brown Hall, and Green Center are the chilled 
water plant for loop four, five, six, and seven, respectively 

Mines facilities’ building automation system (BAS) monitors and records variables at 

different temporal scales for different purposes. For example, EnergyCap reports monthly 

consumption of commodities such as electricity and steam for every building on campus [68]. 

Furthermore, hourly and sub-hourly data are recorded in three platforms: Niagara- R2, AX [69], 

and N4 [70]. The plan is to merge all these platforms into N4 because of higher capabilities and 

user-friendliness of N4 compared to its predecessors (i.e., R2 and AX). These platforms 

continuously monitor all deployed sensors and record a subset of the data. Table 3-1 shows 

annual electricity and natural gas cost and consumption of the Mines campus for 2018, indicating 

that electricity is the main energy cost driver for the Mines campus. Figure 3-3 provides monthly 
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electricity consumption and demand data for Mines campus accompanied by their cost 

contribution (both demand and consumption) for 2017-2019. Except for June 2017, which is 

more like a data anomaly, electricity consumption and demand charges, impose similar costs to 

the Mines campus (in terms of the order of magnitude).    

Table 3-1 Summary of 2018 energy commodity cost and consumption for Mines campus  

Commodity Total cost (M$) Share of total energy cost (%) MMBTU Kgal 

Electricity 2.9 59 145,200 --- 

Steam 1.3 27 177,500 --- 

Water 0.7 14 --- 83,100 

 

For the last three years, Mines campus electric demand peaks in September. While in 

2017 and 2018, Mines’ peak electric demand is around 6.5 MW, this increases to around 7.2 

MW in 2019. This creates challenges to Mines because of the contract with the local utility 

provider, XcelEnergy, which requires Mines to be able to decouple from the grid and rely on the 

local diesel generators with a 10-minute notice. Currently, Mines has around 8.1 MW diesel 

generators; therefore, if the peak demand continues to increase because of existing and newly 

constructed buildings, Mines would have to either install more generators or manage its peak 

demand to be able to abide by its contract with XcelEnergy. This research not only helps this 

proof-of-concept campus to operate optimally (in terms of electric power demand for both air- 

and water- side of the HVAC system), but also predicts the peak thermal and electrical cooling 

demand imposed by the air- and water- side of the HVAC system.  

Mines’ chilled water loop six is selected as the validation testbed of this research as 

buildings located in this loop including Brown, Maple, Elm, Berthoud, CoorsTek, Weaver 

Towers, and the Starzer Welcome Center, have around 20% energy and 40% electricity cost 

contribution on Mines campus. Furthermore, chilled water loop four, which is the only loop with 

similar scales of energy cost contribution, has been recently renovated and is not subject to 

significant development plans compared to loop six. The majority of the data in chilled water 

loop six are in Niagara-AX, and due to time syncing issues (see Appendix A), this data needs 



 

22 

 

special treatment before implementation. Figure 3-4 and Figure 3-5 show the energy and 

electricity cost contribution of each building within the Mines campus, respectively. 

 Hill Hall and Coolbaugh Hall have the highest energy and electricity cost contribution; 

however, at the reported time, Hill Hall had two absorption chillers and Coolbaugh Hall had two 

centrifugal chillers, which were not efficient due to their old technology (around 1950’s 

technology) and sequence of operations. In 2019, Mines replaced these chillers with brand new 

ones located in Green Center (chilled water plant of loop four), which will inherently increase 

the campus peak electric demand, due to the centralized effect that highlights the importance of 

this research.  

 

Figure 3-3 Electricity consumption and demand with their associated costs (obtained from Xcel 
primary general meter on Mines campus; 2017-2019) 
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Figure 3-4 Energy-related cost of each building on the Mines campus for 2018 (buildings in loop 
six are outlined with a blue box) 

 

Figure 3-5 Electricity-related cost of each building on the Mines campus for 2018 (buildings in 
loop six are outlined with a blue box) 
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 Abstract  

This paper compares Building Control Virtual Test Bed (BCVTB) and Functional Mock-

up Interface (FMI) standard to conduct coupled energy modeling and control for academic and 

research campuses. The intent is to systematically compare BCVTB and FMI. As proof-of-

concept demonstration, building energy models of Colorado School of Mines are developed in 

EnergyPlus and coupled through BCVTB and FMI. The coupled models in BCVTB and FMI 

represent a virtual campus and they are compared from different perspectives such as simulation 

runtime, easiness of employing simple if-then-else control, easiness of integrating other 

programs, and feasibility to employ advanced control and optimization. Overall, FMI standard is 

more promising due to its a) capability to be programmed in a multithreading manner, b) 

capability to be implemented as Gauβ-Seidl and Jacobi methods of loose coupling, and c) higher 

feasibility to implement advanced control and optimization programs. 

 Introduction   

In the United States (U.S.), residential and commercial sectors consume around 40 quads 

of energy which accounts for 40% of the nation’s primary energy consumption [1] and 70% of 

its electricity [2]. With about 5.6 million buildings covering approximately 87 billion square feet 

of the U.S. land, commercial buildings are responsible for 19 quads of the primary energy 

consumption [3]. Until 2050, the floor space of commercial buildings and their associated 

primary energy consumption is projected to have a yearly increase of 1 and 0.5 %, respectively 

[71].     
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The U.S.’s education sector covers 12 billion square feet of the U.S. land with 

approximately 0.4 million buildings [3] including a few to hundreds of buildings that exist in 

each of the 3,900 degree-granting institutions of the U.S. [9]. Around 2,400 of these institutions 

offer undergraduate (4-year program) and graduate degrees [9], overall spending more than $6 

billion per year for energy commodities and covering around 5 billion square feet of floor space 

[10]. Considering the extent of energy usage in university campuses and having long-standing 

and single-owner buildings in their portfolio, they are an important part of any large-scale plan to 

mitigate global warming associated with carbon contained energy commodities [11]. Also, 

university campuses are ideal candidates for energy-related efforts and studies due to [12]:  

 long-standing and single-owner buildings in their portfolio which make long-term 

planning and life-cycle assessments straightforward. 

 community responsibilities in terms of carbon footprint which makes them the leader of 

setting ambitious goals for being carbon-neutral or zero energy [11]. 

 publicly available data without Non-Disclosure Agreement (NDA) which makes them an 

ideal candidate for validation purposes. 

 aged buildings in their portfolio, which places university campuses in an extreme need 

for a renovation prioritization list. 

 energy commodity metering and sub-metering devices at different temporal scales which 

makes them a data-rich portfolio. 

 flexibility for load management because of different types of buildings in their portfolio 

and different principal activity in each building which makes them a candidate for load 

shifting, shading, and control purposes. 

 significant development plans and renovations in the existing infrastructure which 

requires energy modeling and high-level understanding of the energy profile of the 

existing infrastructure. 

 significant rooftop, parking lot, and usually unused land which makes them a possible 

candidate for renewable energy systems’ implementation. 

For these reasons, many universities around the U.S. (e.g., Stanford [72], UC San Diego 

[73], Arizona State University [74], CU Boulder [75], and Colorado School of Mines [76]) have 

implemented campus energy retrofits, renewable generation, energy storage, microgrids, and 
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Energy Savings Performance Contracts (ESPCs) in their campus to reduce heating and cooling 

energy use and associated greenhouse gas emissions [72], demonstrate a state-of-the-art testbed 

for microgrid technologies [73], achieve carbon neutrality [74], improve building energy 

efficiency [75], and/or save on energy-related costs [75, 76]. These studies demonstrate that 

successful projects require careful design and accurate energy analytical programs that consider 

both demand and supply energy use to accurately predict each system’s benefits such as carbon 

dioxide reduction and cost and/or energy savings. However, due to the scope of these studies, 

their results are only applicable to a specific campus, a specific type of technology, and/or 

simplified pre-retrofit analysis.  

There are a few energy programs that can do some of these tasks in a generalized context. 

For instance, National Renewable Energy Laboratory (NREL)’s Renewable Energy Integration 

and Optimization (REopt) program has been used in over 1,000 sites and campuses around the 

U.S. [75, 77] providing a cost-optimal dispatch of renewable and conventional generations as 

well as energy storage technologies. Nonetheless, REopt’s full version is not available to the 

public. REopt Lite, the online public version, only includes a limited number of technologies  

[78]. Both REopt and REopt Lite use thermal and/or electrical demand as an input, thus only 

optimize the dispatch of different energy resources and cannot perform building-level demand 

optimization and integrate buildings’ energy behavior in response to retrofit actions or extreme 

weather conditions. Distributed Energy Resources Customer Adoption Model (DER-CAM) [27], 

System Advisor Model (SAM) [79], and Homer Energy [80] suffer from the same limitations as 

REopt, only analyzing distributed energy resources (DER) while building energy demand is an 

input. In contrast, URBANopt [25], currently under development, investigates energy tradeoffs 

between geometry and building location, building energy efficiency features, and building and 

district level energy storage. URBANopt leverages from the modeling capabilities of EnergyPlus 

and OpenStudio programs [20, 81]; however, it lacks the capability of real-time optimization of 

district systems and a testbed to predict the building energy behavior in response to external 

disturbances. There are other district or city scale programs such as SUNtool [82], CitySim [26], 

AutoBEM [83], and Virtual PULSE [84], but they are mostly for planning purposes or automatic 

detection and creation of buildings and do not optimize energy resources. Params-NZP [85] is 

another program that conducts a parametric analysis of large-scale communities such as military 
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bases as part of a larger framework called NZP Tool. Although it optimizes supply and demand 

resources, it focuses on the design of new districts and is limited to DOE Prototype buildings 

[86].   

Our review on current and previous efforts indicate that on the one hand, building energy 

modeling programs have been traditionally developed and used for building energy design, 

although there are efforts to use them to control and/or optimize the building operation using co-

simulation with optimization programs for setpoint [87, 88] and home energy management 

systems [89]. On the other hand, renewable energy systems’ modeling and building operation 

optimization programs use building energy demand profiles as input. There are a couple of 

efforts to merge these fields; however, currently, there is no open-source or publicly available 

environment that can integrate physics-based building energy models (e.g., EnergyPlus) not only 

with the control and operation optimization programs but also with various technologies (e.g., 

renewable, energy storage) to investigate the synergy (interaction) effect of buildings. This 

environment needs to apply to academic and research campuses and potentially be expanded to 

other campuses such as military bases.  

All the reviewed studies demonstrate a (1) potential for substantial energy and carbon 

dioxide reduction given appropriate planning and design and (2) lack of available integrated 

programs to not only analyze synergistic combinations between energy resources and building 

control but also make any connection between custom programs developed for different 

purposes. This is important because advanced building control and optimization coupled with 

DER could reduce the size of the DER, improve their lifetime operation, or manage building 

DERs’ operation to optimally depend on variable energy resources.  

Co-simulation is one option that can fulfill this gap, which is described as the cooperative 

simulation of at least two programs [90]. Co-simulation can bridge the gap between the available 

programs in each context, which are verified to work reliably in their specified scope. Three 

available approaches for co-simulation of different programs with EnergyPlus are one-to-one, 

middleware, and Functional Mock-up Interface (FMI) [91]. In a one-to-one approach, an 

interface of each program needs to be implemented in all other programs intended to be coupled. 

The middleware approach needs specific interfaces from each program to be implemented in the 

middleware. Building Control Virtual Test Bed (BCVTB) follows the middleware approach and 
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has been developed to handle co-simulation for building-related disciplines such as energy 

modeling via EnergyPlus and control of the HVAC system through Modelica [60]. FMI is a 

program-independent standard that provides both model-exchange and co-simulation. Contrary 

to BCVTB, FMI is not originally designed to handle co-simulation for building-related 

disciplines and it is a general multidisciplinary concept that provides direct coupling between 

different programs by exporting them as a standard interface structure that can directly 

communicate with the same interface structure of other programs [91]. This standard interface 

structure is called Functional Mock-up Unit (FMU) and Nouidui et al. [91, 92] developed 

EnergyPlus’ FMU to implement in the FMI context, which enables connecting energy modeling 

program to other programs.  

The first release of BCVTB was for EnergyPlus 2.1.0 [93] while FMU exportation started 

on EnergyPlus 8.0 and is not available for prior versions [94]. Zhang et al. [95] implement the 

middleware approach using BCVTB to couple EnergyPlus and Fluent to solve the problem 

stiffness due to different response times to thermal energy between solid and fluid. Li and Wen 

[96] use Matlab to generate the excitation signals to apply to EnergyPlus through BCVTB. Ma et 

al. [97] investigate the effectiveness of an MPC in reducing demand and energy costs for 

buildings’ heating, ventilating, and air conditioning (HVAC) systems using BCVTB. Bernal et 

al. [98] develop MLE+, a more user-friendly middleware based on BCVTB by leveraging only 

from EnergyPlus and Matlab capabilities configured in BCVTB. Dols et al. [99] couple 

CONTAM and EnergyPlus to investigate the interdependencies between heat transfer and indoor 

airflow using FMI. Wei et al. [100] propose a coupled optimization scheme that implements the 

dynamics of both indoor airflow and HVAC systems using the FMI approach to couple GEnOpt, 

Modelica, and Fast Fluid Dynamics (FFD) to handle optimization, HVAC, and indoor airflow 

complexities, respectively.  

BCVTB and FMI have been used widely for different purposes. For instance, CyDER 

[101] uses the co-simulation capability of the FMI standard for DER to integrate various power 

system transmission and distribution. Nonetheless, it is not clear how researchers are selecting 

one co-simulation environment or another, which considering the programming burden, plays an 

important role in any optimization and multi-scale energy modeling effort. This is an important 

issue as district energy modeling of campuses (academic and/or research) becomes more popular 
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due to the assets optimization requirement in the smart grid. Thus far, no study has defined a 

systematic analytical approach to compare BCVTB and FMI in the context of co-simulation of 

campus energy modeling, control, and optimization. This study proposes comparison metrics for 

two commonly used co-simulation approaches. Therefore, the contributions of this study are: (1) 

proposed comparative methodology and metrics and (2) BCVTB and FMI comparison for 

building energy modeling and control of academic and/or research campuses. As a proof-of-

concept demonstration, the physics-based energy model of buildings in a university campus are 

developed and calibrated to be used in the development of the district energy model. It should be 

mentioned that the current study is part of a larger study that focuses on developing an integrated 

environment for physics-based (i.e., energy demand is not input) energy analysis and 

optimization of academic and/or research campuses. 

 Methodology  

The proposed methodology includes building energy model development and calibration, 

and co-simulation approaches comparison. Furthermore, quantitative and qualitative metrics are 

proposed and used to compare the performance of BCVTB and FMI. In addition, the building 

energy models developed for the target campus are connected in BCVTB and FMI and discussed 

in this section. 

 Analyzed co-simulation approaches  

BCVTB and FMI standard comparison is driven by the fact that both enable EnergyPlus 

to connect to other programs and EnergyPlus is broadly used for whole-building energy 

modeling. EnergyPlus’s co-simulation schemes (one-to-one, BCVTB, and FMI) have been 

implemented in the literature for different purposes. Middleware and FMI are the most widely 

used because the one-to-one approach requires the implementation of specific interfaces in each 

of the programs involved in the co-simulation [91] which is time-consuming and less efficient 

compared to BCVTB and FMI. Nonetheless, one-to-one is of high interest when fast data 

exchange between EnergyPlus and other programs is of high priority [91]. 

BCVTB is the only available program in the middleware approach that has the capability 

to couple EnergyPlus with other programs [102]. BCVTB is designed in Ptolemy II [103], a 

Java-based open-source program with an actor-oriented design. In this co-simulation approach, 
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each of the programs involved in the co-simulation needs to implement an interface in the co-

simulation master program (as shown in Figure 4-1(a)). There are different data flow directors 

within BCVTB which control the interaction of different actors, including continuous, 

synchronous data flow (SDF), and finite state machines (FSM) [104]. Usually, the SDF director 

is of higher interest in which each actor in BCVTB starts execution once it’s required input data 

are available [104]. 

FMI allows for direct coupling of different programs as it is a coupling scheme in which 

interfaces are directly applied between different programs [91]. FMI has been developed in the 

ITEA2 MODELISAR project [105] and supports both model exchange and co-simulation [63, 

106]. Programs compatible with the FMI standard can be exported as an FMU package, which is 

in the format of a zipped file and contains an XML description and the C-code implementation 

[63, 107]. FMU exported for the co-simulation purpose, has the solver contained in the package 

in addition to the model equations [108, 109]. Like the middleware approach in which BCVTB 

acts as a co-simulation master program and provides a bed to connect all other programs, FMI 

needs a co-simulation master program such as Python (e.g., using the PyFMI package [110]) to 

connect different FMU packages; i.e., this master program is a bed for different mock-up units. 

In general, if the program is exportable as an FMU, FMI has more flexibility compared to 

BCVTB as there is no need for an intermediate step of configuring different programs within 

middleware (as shown Figure 4-1(b)). Currently, there are around a hundred programs that can 

be exported as an FMU but there are many more in the developing or planning stages [111]. 

Figure 4-2 shows the example application of co-simulation with BCVTB’s SDF director 

which is implemented in this study to employ simple control algorithms. At each instant of the 

environment execution, the pre-process section starts preparing controls of interest (e.g., zone 

temperature setpoint and/or lighting density). Due to the SDF director’s implementation, this 

occurs only after receiving a time signal at the input level of each actor in the pre-process 

section. These controls are usually generated with other intermediary programs such as 

MATLAB and Python, which usually check the effectiveness of a condition previously applied 

in terms of the given condition that could be energy consumption and/or cost. The program will 

not move forward unless every controller within each box (e.g., pre-process) provides an output 

for the input of the next box (e.g., EnergyPlus model of buildings). EnergyPlus applies the 
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received changes for the timestep and assuming no other step in between, the output will be 

exported in different formats at the post-process step. If the output conditions are not met, a 

signal will be sent back to the pre-processing step to make the required modifications. 

 

(a) middleware approach 

 

(b) FMI approach 

Figure 4-1 Schematic of co-simulation approaches between different programs (inspired by 
[91]). FMI connects FMUs of different programs (e.g., XA for the FMU of Program A shown in 
part (b)) through a co-simulation master program. Middleware approach connects different 
programs through a co-simulation master program and an interface of the program (e.g., A for 
Program A shown in part (a)) needs to be implemented in the middleware 
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Program N Program B 
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Program A 
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Co-simulation implemented through the FMI standard follows a similar approach; 

however, there is no graphical interface as it is a text-based environment implemented in a 

master program like a general-purpose programming language [110]. This study implements the 

FMI standard’s co-simulation capability in Python through a Python package called PyFMI 

[109]; however, Python is not the only way to do this and other programming languages could be 

used by developers as the focus of this paper is to compare BCVTB and FMI. 

 Proof-of-concept demonstration  

While most campus-level studies implement demand profiles from prototype buildings or 

oversimplified physics-based models, it is important to use actual building models and energy 

use for a significant number of reasons such as accurate peak load analysis. Because authors 

have access to building energy performance data and constructions drawing, this study uses the 

Colorado School of Mines’ (hereafter referred to as Mines) campus as the proof-of-concept 

demonstration. Mines is located in Golden (ASHRAE climate zone 5B [65]), Colorado, has 

about 6,300 enrolled students, 80 buildings, and covers approximately 500 acres [64]. Mines 

uses two main energy commodities, electricity and natural gas, which are provided by the local 

utility. Electricity is the main energy cost driver for the campus with a peak electrical demand of 

approximately 7.23 MW that took place in September 2019. It has a central natural gas-fired 

steam plant used for space heating, domestic hot water, and lab equipment on the campus. 

Cooling is provided via four chiller plants producing chilled water for space conditioning or 

cooling process. Figure 3-2 shows campus chilled water loops: loop four (Arthur Lakes library), 

five (Alderson Hall), six (Brown Hall), and seven (Green Center). This study focuses on loop six 

and models buildings in this loop as it has the highest number of buildings, energy cost 

contribution (around 20%), and anticipation for new buildings construction.  

Mines facility team monitors and records many variables at different temporal scales for 

different purposes. For example, EnergyCap reports monthly values for commodities such as 

electricity and steam for every building on campus [68]. Hourly and sub-hourly data is recorded 

in three building and automation system (BAS) platforms: Niagara- R2, AX, and N4, which 

continuously monitor all deployed sensors and record a subset of the monitored data. BAS data is 

processed and cleaned to remove outliers, duplicated data, and detect and fill missing intervals. 
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Figure 4-2 Structure of co-simulation with BCVTB when a simple if-then-else control strategy 
for electric power demand or consumption control of buildings is applied. Once the clock sends a 
signal to the pre-processing step, actors are executed. Due to the SDF director’s implementation, 
once all the actors in the pre-process section are ready to send a signal to the building models, 
the EnergyPlus model of the buildings are executed and at the end of each timestep the results 
are plotted in the post-process section 
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This study uses SketchUp [59] and FloorSpace JSON [112] to import geometry into 

OpenStudio. Other steps in building energy modeling including schedules, construction 

materials, and HVAC systems are implemented within OpenStudio. Once the building energy 

model is developed, calibration is conducted using the available data for 2018 and following 

ASHRAE Guideline 14 [113]: Coefficient of Variation of Root Mean Square Error (CV-RMSE) 

and Normalized Mean Bias Error (NMBE) metrics [114]. 

Out of around eighty buildings on campus, four are studied in this paper: Starzer 

Welcome Center (SWC), Maple Hall (MH), Elm Hall (EH), and Weaver Towers (WTs). These 

buildings, all located in loop six (Figure 3-2), represent a mix of office (SWC), residence (MH, 

EH, and WT), and dining halls (EH). Buildings are modeled using OpenStudio 2.6, which 

generates an IDF compatible with EnergyPlus 8.9. 

SWC is a 3-story building opened in 2015 as a LEED Gold Certified building that houses 

administrative offices with a total area of 31,580 square feet. MH is a 5-story building opened in 

2011 as a LEED Silver residence hall and houses 291 students and features a large community 

kitchen, conference room, and study rooms with a total area of 97,665 square feet. It has two 

DOAS systems that supply 100% outdoor air and fan coil units to meet most of the sensible 

gains in the dorms. EH is a 5-story building opened in 2015 as a residence and dining hall and 

houses 207 students with features such as large community kitchen, study rooms, and campus 

dining hall with a total area of 94,862 square feet.  EH has the highest number (five) of AHUs, 

which serve different spaces in this building. WTs is a 5-story building opened in 2007 as a 

residence hall with a total area of 57,660 square feet which houses 225 students with two large 

community kitchens and laundries. WTs has three makeup AHUs that provide 100% outdoor air. 

Figure 4-3 shows the developed geometry of each building. 

 Comparison metrics  

 This study compares the performance of BCVTB and FMI from different perspectives: 

 Mathematical comparison: mathematical comparison elaborates on the mathematical 

differences between the coupling schemes implemented in BCVTB or could be 

implemented in the FMI standard. 
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(a) MH (b) SWC 

  

(c) WTs (d) EH 

Figure 4-3 OpenStudio building geometry developed for MH, SWC, WTs, and EH (dashed 
arrows show the Northside for each building) 

 Simulation runtime comparison: to quantitatively assess the simulation runtime of 

BCVTB and FMI, two approaches are followed: (1) each building is simulated in two 

sub-yearly intervals (last week of Jun and Dec) and the sub-yearly simulation runtime 

of the buildings are compared using EnergyPlus, BCVTB, and FMI and (2) virtual 

campus developed using BCVTB and FMI is used to compare the simulation runtime 

for the case that all of the building models are connected and the simulation timestep 

is varied from 5 to 10, 15, and 60 minutes. 

 Easiness of employing a simple control algorithm: to assess the easiness of employing 

a simple control algorithm for the virtual campus developed through BCVTB and 

FMI standard, a rule-based (if-then-else) control is applied to change the district 

chilled water supply temperature setpoint if the total electric demand of the loop 

passes a threshold. This simple control algorithm is only effective to control the peak 

electric demand imposed by the electric chiller; however, none of the developed 

EnergyPlus models have an electric chiller as they are modeled using the district 
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cooling object in OpenStudio. Thus, electric chiller’s performance is modeled using 

the performance data of an air-cooled electric chiller, Carrier XA with R-134 

refrigerant and 458 tons of refrigeration capacity [115], from EnergyPlus’s air-cooled 

chillers’ dataset [116]. Two performance curves for this model including cooling 

capacity as a function of temperature (CapFTemp) and Energy input to cooling output 

ratio as a function of temperature (EIRFTemp) are implemented to detect the 

appropriate chiller size and calculate COP, respectively. The reference COP, 

evaporator leaving fluid temperature (ELFT), and condenser entering fluid 

temperature (CEFT) are 2.9, 44 °F, and 95 °F, respectively. Modelica could be 

implemented to model this chiller effectively; however, due to the scope of this work, 

modeling is carried manually using the performance curves proposed by EnergyPlus. 

 Easiness of integrating other programs: to assess the easiness of integrating other 

programs to the co-simulation environment, this study considers the integration of 

another EnergyPlus model to the existing environment and connecting a new 

program, SAM, to both environments. This qualitative comparison metric considers 

all the required steps to integrate another model or program to the developed 

environments in BCVTB and FMI. 

 Feasibility to implement advanced control and optimization programs: the capability 

to implement advanced control and optimization programs is qualitatively 

investigated from the feasibility perspective of integrating optimization programs 

with developed models in BCVTB and FMI. 

 Results and discussions  

 Building energy modeling  

Once all the determining factors such as schedules, internal loads, and setpoints are used 

in the building energy model, the models are calibrated against measurements of the monthly 

electricity consumption, district chilled water, and district steam. For monthly calibrations, 

ASHRAE Guideline 14 recommends the CV-RMSE and NMBE to be less than 15 and 5 %, 

respectively [117]. Due to the focus of this study on electricity, which accounts for 59% of total 

energy cost on the Mines campus, Table 4-1 shows the CV-RMSE and NMBE for the electricity 

consumption simulation of each building. Figure 4-4 shows the comparison of monthly electric 



 

37 

 

energy use obtained from the measurements and EnergyPlus models for EH. The model agrees 

well with the measurement except for May in which the occupancy profile is hard to evaluate 

considering the transition from spring semester to summer and graduation of a significant 

number of students. 

Table 4-1 CV-RMSE and NMBE between modeled and measured data for building electricity 
consumption 

Building CV-RMSE (%) NMBE 

EH 12.0 -4.9 

MH 4.1 -1.2 

SWC 0.6 -0.2 

WTs 4.5 1.4 

 

 

Figure 4-4 Measured and modeled electric energy use comparison of EH for 2018 
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 Virtual campus modeling using BCVTB and FMI 

 Mathematical comparison 

Due to the inherent characteristics of EnergyPlus, both BCVTB and FMI approaches 

have a loose or ping-pong coupling scheme in which data exchange is conducted based on a 

fixed synchronization timestep and not iteratively at every timestep [118]. At every timestep in 

the loose coupling, all the involved simulators may follow two types of coupling: a) Gauβ-Seidl 

and b) Jacobi [118]. Figure 4-5 shows the Gauβ-Seidl and Jacobi methods considering only two 

simulators involved in the co-simulation. Simulator one could either follow Gauβ-Seidl or Jacobi 

method to exchange data with simulator two. In the Gauβ-Seidl method, the initial values of the 

variables are exchanged between the simulators and for the rest of the data exchange process, 

simulator one uses its code instructions or internal integrals (in case of ordinary differential 

equations presence) to calculate the value in the next timestep. As soon as simulator one reaches 

timestep 1k  , the new value of the state variable (i.e., 1x ) is transferred to simulator two 

proceeding from timestep k  to 1k  . In the Jacobi method, both simulators one and two proceed 

with the code instructions or internal integrals of each simulator in parallel and once both reach 

to timestep 1k  , the new values of 1x  and 2x  are exchanged. 

 

Figure 4-5 Gauβ-Seidl and Jacobi type coupling that could be implemented for loose coupling of 
different simulators to calculate different state variables (e.g., 1x ) at the upcoming timesteps 

using the code instructions or integral of the governing function (e.g., 1f )  [118] 
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BCVTB only allows the utilization of the Jacobi method in the co-simulation and 

synchronization steps should be predefined and equidistant (i.e., timesteps are equally distributed 

through the simulation horizon) [118]. However, co-simulation through FMI standard can be 

developed for both Jacobi and Gauβ-Seidl methods. Both BCVTB and FMI use an explicit Euler 

integration to solve for the differential equations [119]. 

 Simulation runtime comparison  

The simulation runtime of each building is measured with the condition that there is not 

any other program running at the same time in a 64-bit operating system with a Core i7-4790 

(3.60 GHz) processor and an installed RAM of 24 GB. Figure 4-6 shows the simulation runtime 

for the last week of June and December measured on this computer. The difference between 

BCVTB, FMI, and EnergyPlus significantly depends on the building and its primary application. 

For instance, for the last week of December, EH’s model in BCVTB takes around 14% and in 

FMI 5% more compared to EnergyPlus; however, SWC’s model in BCVTB and FMI have 

identical simulation runtime while they take around 7% more compared to EnergyPlus. 

Furthermore, for the same time interval, BCVTB and FMI have the same simulation time for 

MH. The argument that there is a random pattern for sub-yearly simulation runtime comparison 

between BCVTB and FMI is weakened by the field knowledge and developed EnergyPlus 

models. SWC and MH have only one and two AHUs, respectively, while WTs has three MAUs 

and EH has five AHUs. In addition, the building geometry is more complicated for EH and WTs 

compared to MH and SWC. Consequently, building models developed for EH and WTs are more 

complicated than MH and SWC and as the model gets more complicated, the difference between 

BCVTB and FMI becomes noticeable. To confirm this, the entire year simulation of each 

building is conducted to investigate the enlarged effect (as shown in Figure 4-7). For the 

complete year simulation, on average, BCVTB takes around 29% more runtime compared to 

EnergyPlus, while it is only around 10% for the FMI approach. Therefore, in general, 

EnergyPlus takes less time compared to FMI and both take less compared to BCVTB. As shown 

in Figure 4-6 and Figure 4-7, EH and SWC take the highest and lowest simulation runtime, 

respectively with MH and WTs being in 2nd and 3rd place. This runtime is also driven by the 

model complexity such that in the developed models, EH, MH, SWC and WTs have 145, 90, 69, 

and 47 thermal zones, respectively. 
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(a) 

 

(b) 

Figure 4-6 Simulation runtime comparison of EnergyPlus, BCVTB, and FMI for the last week of 
a) June and b) December 
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Figure 4-7 Simulation runtime comparison of EnergyPlus, BCVTB, and FMI for complete year 

Once all the buildings are connected, changing the timestep from 5 to 10, 15, and 60 

minutes significantly affects the simulation runtime. To check the performance of BCVTB and 

FMI at various timesteps, this study uses a district chilled water supply temperature setpoint of 

42.5 °F, following the actual chilled water supply temperature setpoint on Mines campus. Figure 

4-8 shows the runtime comparison between BCVTB and FMI at different timesteps for the 

condition that all the buildings are connected. In all the cases, FMI takes 6-16% more time 

compared to BCVTB because of the serial method used for writing the script of the co-

simulation master program with the FMI standard. This is in fact one of the capabilities of the 

FMI because multithreading and multiprocessing could be used via the master program to reduce 

the simulation runtime. To explore this, the serial script is modified to enable multithreading for 

the cases that the simulation timesteps are 5, 10, 15, and 60 minutes and the results are presented 

in Figure 4-8. As shown on the outside end of the BCVTB column in Figure 4-8, multithreading 

significantly reduces the simulation runtime such that FMI simulation runtime becomes 0-15 % 

less than BCVTB. For the 5-minute timestep, multithreading did not improve the simulation 

runtime compared to BCVTB and that is mainly because multithreading only helps if there is not 

a) any memory limitation and b) so much additional work introduced (i.e., weak scaling 

concept). In the case of 5-minute timestep, multithreading introduces so much additional work 
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that negates the added benefit. However, there is a strong scaling as the timestep is changed to 

10, 15, and 60 minutes (i.e., there is not much additional work introduced to the computer core). 

It should be noted that the SDF director in BCVTB replicates the multithreading capability in a 

co-simulation master program such as Python considering that the SDF director executes all the 

actors at the same time.    

 

Figure 4-8 Three months (June-August) simulation runtime comparison of four buildings. The 
numbers on top of FMI and BCVTB columns show the percentage difference between FMI-
BCVTB and BCVTB-FMI with multithreading 

Figure 4-9 shows the predicted facility electric power demand (without chiller load) 

obtained from models with different simulation timesteps. The 5-minute timestep results show 

more fluctuations than larger timesteps which agrees with previous results analyzing only one 

building [120] as longer timestep average higher frequency events. The 5-minute timestep is 

probably the largest timestep that should be implemented if there is interest in demand response 

(DR) programs. In some cases, a 1-minute timestep would be required so that the power ramp up 

or down and its duration could be detected accurately. 

Figure 4-10 shows 5-minute predicted electric energy profile of the analyzed buildings 

during the last week of June. All buildings have a morning peak around 08:00 and an afternoon 

peak around 18:00. This is due to the joint action of the outside weather condition and occupancy 
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profile defined for these buildings in the energy modeling. Elm Hall has the highest electric 

power demand contribution in loop six as it hosts the dining hall and kitchens. Thus, among the 

analyzed buildings, EH is of higher interest in conducting DR programs based on internal loads. 

 

Figure 4-9 Facility electric power demand for June 28-30th at different simulation timesteps 

Mines built these buildings around the same time with similar building envelope 

characteristics, so the buildings’ interaction demonstration presented in Figure 4-10 provides a 

prioritization list for any retrofit action on Mines campus. The base electric power demand of 

these buildings is around 200 kW; however, at peak times, this electric power demand increases 

to approximately 400 kW without even considering the external loads’ effect imposed by the 

electric chiller. Accordingly, it is important to model the chiller and consider the entire loop 

electric demand such that at daytimes, which the electric demand is not in the base value, a 

comprehensive understanding of the electric demand is available. 

To control the run period in BCVTB, not only the middleware run period should be 

modified, but also the run period in EnergyPlus should reflect the desired run period. 

Nonetheless, using FMI, changing the run period in the co-simulation master program would 

suffice for the sub-yearly simulation purpose. This would significantly save time in cases with 

more than one building or cases that sub-yearly simulation is of higher interest. 
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Figure 4-10 Electric power demand of each building in loop six for the last week of June 

 Easiness of employing a simple control algorithm  

Figure 4-11 presents the case in which the chiller model is implemented in the BCVTB. 

Peak shaving is accomplished by a chiller setpoint setback strategy whenever the total electric 

power demand reaches the threshold. As shown in Figure 4-11, the “EIR-COP Calculation” and 

“CapFTemp” composite actors calculate the EIRFTemp and CapFTemp curves. The EIRFTemp 

provides a proportional value to the inverse COP at each timestep and considering the energy 

required for the chilled water, the electric power demand for chiller could be determined. Both 

facility and chiller electric power demand provide the entire electric power demand of the 

buildings due to the internal and external loads. The total demand provides the feedback to each 

schedule actor including “Maple-Sched”, “SWC-Sched”, “Weaver-Sched”, and “Elm-Sched” to 

detect the need for a setpoint setback considering the predefined threshold. 

There is a MATLAB actor within each composite actor used for determining the 

schedules (e.g., “Maple-Sched” as shown in Figure 4-12) which decides about the schedule value 

for the current timestep based on the previous timestep’s peak power demand value. If the total 

building power demand is higher than 600 kW, the chilled water setpoint is changed to 46 °F 
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(from 42.5 °F) to shave part of the power demand. This approach is implemented to compare 

BCVTB and FMI and is not intended as an ideal or optimal setback strategy. 

 

Figure 4-11 Schematic of the electric power demand shaving method implemented in BCVTB 
(The actors in section A include composite actors (*-Sched) to determine the required schedules 
for each building’s EnergyPlus model represented in the middle of section A. EnergyPlus actors 
provide the required outputs using the composite actors (e.g., CompositeActorElm). The actors 
in section B calculate the performance curves and the district chilled water energy rate (i.e., 
DistrictChilledWaterRate). The actor in section C calculates the overall electric power demand 
and sends signals to schedule actors in section A) 

 

Figure 4-12 Schematic of a sample actor that decides about the schedules in each timestep 

A B C 
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Figure 4-13 shows the chilled water temperature setpoint, total, and chiller electric power 

demand of the loop with a 5-minute timestep during the last week of June. These results are only 

from BCVTB as FMI provides the same results. There are multiple occasions (3 counts) that 

total electric power demand passes the 600 kW threshold for only one or two timesteps and there 

is one event that passes the threshold for 12 hours. All these events trigger a setback in the 

chilled water setpoint, but for this particular case, they do not have a significant impact on the 

total electric power demand. This is mostly due to the high impact of internal loads and the 

implementation of quasi-steady state models for the chiller. Furthermore, these spikes occur in 

weekdays as opposed to weekends considering that June 26-29th is from Tuesday to Friday. The 

chiller electric power demand, presented in Figure 4-13, not only presents the chiller electric 

demand change because of internal loads such as occupancy but also illustrates the outdoor air 

dry-bulb temperature trend during this time. The daily average dry-bulb temperature from June 

24th to 30th is 58.5, 66.7, 79.5, 82.8, 85.2, 79.3, and 61.6 °F, respectively. The dry-bulb 

temperature of June 28th is the highest which causes the 12 hours threshold pass and 

consequently a 12 hours setpoint setback from 42.5 to 46 °F. As mentioned, this setpoint setback 

strategy is not intended as an ideal or optimal strategy and further research with optimization of 

dynamic chiller model is required for an optimized solution. Furthermore, the chiller lag time  

 

Figure 4-13 Chilled water supply temperature setpoint (CHWST setpoint), total (Total power 
demand) and chiller (Chiller power demand) electric power demand applying a chilled water 
setpoint setback strategy based on the total power demand threshold of 600 kW 
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shall be detected by conducting an experiment that will be addressed in future works. 

Matlab simulators within each composite actor (as shown in Figure 4-12) lead to eight 

programs (Matlab and EnergyPlus) running at the same time when BCVTB is used for a simple 

if-then-else control strategy. However, using the FMI standard in a co-simulation master 

program only leads to four EnergyPlus models running at the same time. In other words, a 

control strategy could be conducted in the co-simulation master program instead of using 

additional programs such as Matlab.  

Furthermore, performing simple math calculations with the math actors in BCVTB 

becomes complicated. For instance, the EIRFTemp performance curve is biquadratic (as shown 

in Eq. (4-1) in which based on the specific chiller model, coefficients b1 to b6 are known or 

determined and the evaporator leaving fluid temperature ( ELF
T ) and condenser entering fluid 

temperature ( CEF
T ) are provided by EnergyPlus. This performance curve can be calculated using 

other programs such as Matlab or BCVTB’s math actor. The calculation of the performance 

curve using the BCVTB’s math actor becomes a tedious task (as shown in Figure 4-14) and it is 

recommended for these calculations to be carried out in other programs such as Matlab and 

Modelica. Nonetheless, it is only a couple of lines of code (~ 7 lines) to perform the same 

calculation with co-simulation master programs such as Python. Conducting the same setpoint 

setback strategy with FMI standard is similar; however, FMI has no graphical user interface 

(GUI) to be presented here. 

 Easiness of integrating other programs 

EnergyPlus model of the new residence hall that is under construction in loop six is used 

for another model to be integrated with BCVTB and FMI. To conduct this integration, both 

BCVTB and FMI approaches have some intermediary steps. These steps for BCVTB include the 

development of the variables’ configuration file [121] which is an XML file listing the source 

and sink programs and the type of variables that are needed for the data exchange. At any time 

that the desired variables to be exported or the schedules to be imported change, the variables 

configuration file needs to be updated. In the FMI, any time that there is an update in terms of 

the variables to be exported or the schedules to be imported, the FMU needs to be regenerated to  
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Figure 4-14 EIRFTemp calculation using the math actor in BCVTB 

reflect the update of the EnergyPlus model. Accordingly, both BCVTB and FMI approaches are 

expected to take the same level of programming effort to be configured for a new or updated 

EnergyPlus model. However, this is only valid for the case that an EnergyPlus model is intended 

to be integrated. 

In cases that the desired program is not configured in BCVTB or is not exportable as an 

FMU, the actual implementation is more complicated. The easiest way to include other programs 

in the simulation process is by using the system command actor in BCVTB which is 

implemented to execute custom programs using the Windows command prompt [121]. The only 

condition to use this actor is that the program should be executable from the command line. In 

the case of SAM, it is not executable from the command line in Windows; however, it is 

exportable as a C script, which can be executed from the command line. Furthermore, SAM is 
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not exportable as an FMU; however, it is exportable as a Python script, which can be then 

implemented within the FMI standard if Python is used as the co-simulation master. If BCVTB is 

not being implemented at the development level, then it is only applicable to programs that are 

already configured (e.g., EnergyPlus and Matlab) or programs that can simply be executed from 

the Windows command line. If any program is not exportable as an FMU, then the only way to 

implement that is to configure it within the same program used as the co-simulation master. 

 Feasibility to implement advanced control and optimization  

Diverse and complex energy systems and a range of resources in university campuses 

lead to the opportunity to reduce and/or optimize energy consumption using advanced control 

algorithms or optimization programs and many studies have concluded that the benefits are 

significant compared to rule-based controllers [122]. One of the main advantages of FMI 

standard compared to BCVTB is the fact that it can use a master program like Python as the bed 

to connect different simulators as opposed to BCVTB, which uses Ptolemy II’s Java-based 

interface. Programs like Python are general-purpose languages that are interpretable [123] and 

there are a significant number of open-source packages available for the control and optimization 

purposes such as Scipy [124], Gekko [125], and pyOpt [126]. This makes the connection much 

easier as it only requires importing the packages and this will provide complete control over the 

control and optimization capabilities of these packages. Nonetheless, BCVTB can also 

implement these packages through programming languages using the system command actor but 

it requires much more configuration time and effort compared to FMI and troubleshooting is not 

as easy as FMI. 

In summary, Table 4-2 provides a short comparison between BCVTB and FMI 

implemented via a master program like Python. This comparison is provided from different 

aspects assuming that EnergyPlus is one of the simulators involved in the co-simulation. 

 Conclusions  

This study compares the effectivity of virtual campus co-simulation models developed 

using BCVTB and FMI standard. As one of the comparison metrics, the simulation runtime of 

standalone EnergyPlus models of buildings are compared using EnergyPlus, BCVTB, and FMI. 

Standalone EnergyPlus has faster runtime compared to FMI and both are faster than BCVTB.  
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Table 4-2 Summary of the capabilities of co-simulation implemented via BCVTB and FMI 
standard (assuming that EnergyPlus is one of the simulators intended to be coupled with other 
programs via co-simulation) 

Capability BCVTB FMI 

GUI 
Has, BCVTB has Ptolemy II’s Java-

based interface 

Does not have, FMI co-simulation is 

implemented through a master 

program. This master program is a 

text-based environment such as 

Python, which can be then used with 

integrated development platforms 

such as Spyder [127]  

Possibility to 

conduct Gauβ-

Seidl type 

coupling  

Not possible, BCVTB uses the SDF 

director to control dataflow between 

different actors. This director does 

not allow for Gauβ-Seidl type 

coupling. However, the 

development of a new director 

could allow for this type of 

coupling 

Possible, The scripting structure of the 

master program which FMI is 

implemented in, allows for Gauβ-

Seidl type coupling 

Possibility to 

conduct Jacobi 

type coupling  

Possible, the SDF director executes 

all the actors in parallel proceeding 

from one timestep to the next  

Possible, the multiprocessing or 

multithreading capabilities available 

within the master program provides 

the possibility for parallel execution 

of different simulators 

The necessity 

of predefined 

and equidistant 

timesteps  

Necessary, the SDF director needs 

predefined and equidistant 

timesteps. Furthermore, changing 

the timestep needs to be reflected in 

both the middleware and the IDF 

Necessary, co-simulation through 

FMI needs predefined and equidistant 

timesteps. If the timestep is changed, 

the IDF file needs to be revised and 

the FMU needs to be regenerated  
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Table 4-2 Continued 

Capability BCVTB FMI 

   

Easiness to 

control the run 

period   

Moderate, if BCVTB’s run period 

changes, the IDF should reflect the 

changes. For instance, if BCVTB’s 

run period is only for one month 

and the IDF has the entire year run 

period, EnergyPlus would execute 

the model for the entire year   

Easy, changing the run period in the 

master program overrides the run 

period specified in the IDF. For 

instance, if the run period for the 

IDF is the entire year and the master 

program is for only one month, 

EnergyPlus would execute the 

model for only one month   

Support level 

from developers  

Low, the latest update of BCVTB 

is for April 2016. Thus, there is 

limited support from developers  

High, the latest update of the FMI is 

for October 2019. Furthermore, the 

FMU generation of EnergyPlus is 

updated in January 2019. Thus, 

there is complete support from 

developers  

The necessity of 

intermediary 

steps required to 

connect to 

EnergyPlus 

Necessary, for EnergyPlus models, 

the variables configuration file (i.e., 

“variables.cfg”) needs to be 

generated  

Necessary, for EnergyPlus models, 

the IDF file needs to be exported as 

an FMU (configuration file is 

automatically generated) 

The necessity of 

intermediary 

steps to connect 

to custom 

programs  

Necessary, system command actors 

can be utilized to connect to the 

custom programs. It only works for 

programs that are executable from 

the Windows command prompt  

Necessary, programs that are not 

exportable as an FMU, should be 

exportable as a script compatible 

with the master program 
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Table 4-2 Continued 

Capability BCVTB FMI 

Number of 

programs 

required for 

simple rule-

based control 

High, simple rule-based control needs 

more programs such as Matlab to 

perform control. Otherwise, the 

implementation of available actors 

become complicated even for simple 

control purposes 

Low, simple rule-based control 

can be conducted in the master 

program using the simple 

control logics  

Figures export 

quality  

Low, BCVTB has the real-time plotting 

capability as it uses plot as an actor; 

however, the export quality is low 

High, plotting packages are 

freely available in master 

programs which makes it 

simple to export high quality 

and interactive plots (e.g., 

Matplotlib in Python) 

 

However, once all the building models are connected, BCVTB performs 6-16 % faster than FMI 

(coded in a serial manner). Multithreading improves the simulation time performance of co-

simulation model developed using the FMI standard such that it runs 0–15% faster than BCVTB. 

FMI application for simple if-then-else control algorithm, integration of other custom 

programs, and also feasibility to implement advanced control and optimization programs is more 

straightforward compared to BCVTB. Furthermore, any math calculation using BCVTB 

becomes a tedious task because of its actor-oriented design. If a custom program is exportable as 

an FMU, its integration through FMI approach is much easier than the system command actor 

implementation in BCVTB. 

Open-source packages available in the co-simulation master program, which is used as a 

bed for co-simulation through FMI, make the FMI approach implementation much easier. 

Although, these programs could be implemented using the system command actor in BCVTB, 

but the troubleshooting and support from developers is much lower than the FMI approach. 

Accordingly, the authors recommend using the FMI approach as it is more promising and 

straightforward compared to BCVTB from different perspectives such as easiness to integrate 
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with other programs required for advanced control and optimization. Furthermore, 

multithreading through FMI approach lowers the simulation runtime compared to BCVTB. 

Nonetheless, if a graphical user interface environment is of higher interest or the simulation 

runtime is not a limiting factor, then BCVTB could suffice considering the characteristics 

summarized in Table 4-2. 

Finally, this study is a part of larger project that provides approaches for the energy 

optimization of academic and/or research campuses. This includes energy optimization of the 

demand and resource sides. As mentioned in this study, the simple rule-based control 

implemented in this study is not intended as an optimal control and as the next step, the holistic 

model predictive control of the water-side of campus chiller plants is under investigation. Also, 

comparison of BCVTB and FMI standard using multiprocessing is of higher interest to the 

authors. 

 Future scope  

This study is a part of larger project that provides approaches for the energy optimization 

of university campuses. This includes energy optimization of the demand and resource sides. In 

the demand side, air and water –side of the HVAC system are targeted. In the resource side, 

different on and off –site energy generators are considered for an optimal dispatch. As mentioned 

in this study, the simple rule-based control implemented is not intended as an optimal control. 

However, as the next step, the holistic model predictive control of the water-side of a campus 

chiller plant is under investigation. 

 Acknowledgements 

The authors would like to thank Colorado School of Mines’ Mechanical Engineering 

Department, facility team (especially Sam Crispin, Michael Willey, and Mike Bowker), and 

sustainability team (especially Lauren Poole) for technical and financial support of this project. 

Furthermore, authors would like to thank Amneh Jaber for the calibration of OpenStudio models 

and three senior design teams at Mines for the initial development of OpenStudio models for 

Elm Hall, Maple Hall, and Starzer Welcome Center. Authors would also like to thank Juno 

Padilla for partial development of the OpenStudio model for the Weaver Towers. Last but not 



 

54 

 

least, authors would like to thank anonymous reviewers for their constructive feedback and 

support of this study. 



 

55 

 

 

  

ELECTRIC DEMAND MINIMIZATION OF EXISTING DISTRICT CHILLER PLANTS 

WITH RIGID OR FLEXIBLE THERMAL DEMAND  

A paper accepted by the Applied Energy [17]. Rights managed by Elsevier. 

Mohammad Hassan Fathollahzadeh, Paulo Cesar Tabares – Velasco  

 

 Abstract  

Building cooling drives the peak electric demand in summer; therefore, it is an important 

component in energy related costs. While there have been efforts to optimize chiller(s) on 

individual buildings and/or district cooling systems, previous studies use simplified models for 

the involved components (e.g., cooling towers, pumps) that do not fully represent the actual 

performance of components or neglect some of the utilized components. This paper provides an 

open-source approach for electric demand minimization of existing district cooling systems 

developing data-driven performance models with as-operated data to realistically simulate 

district-scale heating, ventilating, and air-conditioning components. In addition, a flexible, non-

linear model for the electric demand minimization of chiller plants in districts with a rigid or 

flexible thermal cooling demand is proposed in this study. The proposed methodologies for 

model development and optimization are brand-agnostic, and their capabilities are demonstrated 

using the Colorado School of Mines’ main chilled water plant. Our results show a daily peak 

electric demand reduction of up to 15.2% for the week with the highest electric demands on the 

Mines campus using a rigid thermal cooling demand constraint. A 5% flexibility on thermal 

cooling demand provides a peak electric demand reduction of up to 18.7%. The results of this 

study highlight the extent of benefits that could be achieved by optimizing the district-scale 

operation of chiller plants with and without thermal cooling demand flexibility. This demand 

flexibility could be achieved through flexible resources and/or district-scale demand side 

management as buildings have diverse primary applications.  
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 Introduction 

The number of commercial buildings in the United States (U.S.) and their total floor 

space increased by 47% and 71%, respectively, from 1979 to 2012 [3]. During this period, the 

U.S. population increased by 39% [4, 5]. This rapid expansion implies a significant increase in 

electricity consumption as buildings (i.e., commercial and residential) use around 76% of electric 

energy generated in the U.S. [128]. In particular, commercial buildings’ HVAC and refrigeration 

systems use around 15% of electric energy generated in the U.S. [7, 8]. In addition, cooling is 

responsible for 8.5% of total electricity consumption in the world [129].  

Previous control studies [130, 131] show that proper implementation of sensors, 

combined with advanced controls, could reduce commercial buildings’ energy consumption by 

as much as 30% and temporarily manage or curtail the peak electric demand by 10-20%. 

However, most of these studies only focus on stand-alone commercial buildings and the effect of 

advanced controls and optimization techniques at the district-scale, in which the collective effect 

of connected buildings significantly affects the grid, remains mostly unknown [42]. This is 

important as some districts with mostly commercial operation lack advanced and/or optimized 

controls in their portfolio. Given the promising results obtained from the implementation of these 

controls on stand-alone buildings, it is expected that advanced and/or optimized controls at 

district-scale could provide significant savings due to the higher size and quantity of the HVAC 

systems as well as the diverse primary application of the buildings. This could have a 

considerable impact for university campuses, as there are around 3,900 degree-granting 

institutions in the U.S. with around 2,400 of them offering undergraduate programs [9]. These 

institutions spend more than $6 billion per year on energy commodities and cover around 5 

billion square feet of floor space [10]. In addition, there are around 170 military bases [132] and 

a significant number of research or technological districts around the U.S. that usually suffer 

from the lack of advanced and/or optimized controls.   

Most HVAC systems in a district-scale follow predefined control sequences provided at 

the design stage using lower-level on-off and/or proportional-integral-derivative controllers [40]; 

therefore, their performance depends on the experience of the facility team and the 

interpretations made from the sequences of operations [38]. Traditionally, these sequences have 

mostly focused on providing a comfortable space and their optimization is challenging [39, 40] 
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because of: (1) non-linear and transient dynamics of the involved components, (2) low data 

quality from the sensors, (3) high number of damaged sensors district-wide, (4) lack of 

supervisory control, and (5) mix of central or distributed heating and cooling systems. 

Nonetheless, advanced control systems such as agent-based [133], neural network [134], fuzzy 

logic [135], and MPC [40] can address many of these challenges associated with the 

optimization of HVAC systems in a district-scale.  

MPC is particularly interesting and widely used in research due to its ability to: (1) 

predict future performance and demand and (2) handle non-linear and opposing constraints, 

slow-moving dynamics, transient disturbances, and systems of multiple inputs and outputs, all in 

real-time [40, 42, 87]. MPC has been successfully applied in both air-side (e.g., fans) and water-

side (e.g., chillers and pumps) components of HVAC systems in stand-alone commercial 

buildings (e.g., [42, 136-138]), but there are only a limited number of applications at the district-

scale that consider both chillers and all the other interacting components including cooling 

towers and pumps located in different loops. For example, at district scale, Deng et al. [46] report 

energy and cost savings of around 9.7% and 10.8%, using MPC to optimize the chilled water 

temperature setpoint of both a chiller and a TES tank at the University of California, Irvine’s 

campus. They use linear regression models for the system dynamics of the central plant, 

including chillers, pumps, and fans to minimize daily electricity costs while meeting the campus 

cooling demand. Ma et al. [48] obtain an 11.9% improvement in the chiller COP by numerically 

implementing an MPC for the centralized chilled water and TES at the University of California, 

Merced. Ma et al. model pumps, chillers, and cooling towers as a static function of evaporator 

inlet and outlet temperature and flow rate. In a subsequent study, Ma et al. [49] develop an 

advanced non-linear model for the chilled water TES as well as a robust MPC scheme against 

uncertainty in the building demand to minimize energy consumption at the Merced’s campus and 

obtain 19.1% improvement in the plant’s COP. This is almost 90% higher than the results with 

simplified component models and shows that the outcomes with MPC, and optimization 

generally, highly depend on the accuracy of the predictive models. This is also shown in other 

studies such as [139, 140]. 

There are plenty of stand-alone commercial buildings or district-scale optimization 

studies that focus only on chiller(s) optimization using accurate models [141-143]. Many district 
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scale studies focus on the optimal sequence of the chillers at the district-scale [144, 145]. For 

instance, Karami and Wang [146] use particle swarm optimization for the control optimization of 

an all-variable speed, water-cooled chiller plant. The chiller dynamic model is based on the 

design submittals that do not capture life-time degradations [60]. Thangavelu et al. [147] propose 

an energy optimization methodology for a multi-chiller plant using performance characteristics 

of well-established commercial chillers to develop data-driven chiller models. Chen et al. [148] 

assess the impact of four control strategies on the performance of a chiller plant and conclude 

that weekly and daily sequencing control strategies consume 13.8% and 7.4% more energy, 

respectively, compared to hourly sequencing. In addition, they find that an optimal control 

strategy only reduces the energy consumption by as much as 0.7% compared to an hourly 

sequencing strategy. Chen et al. only focus on the energy consumed by the chillers and the 

pumps. Wei et al. [149] use a two-level intelligent algorithm to optimize the total energy cost of 

a chiller plant. The chiller plant model is developed based on data-driven approaches using 

hourly data. For a two-day simulation period, they report 14% energy savings without 

considering any of the involved pumps. Therefore, all these studies miss at least one important 

component of the chiller plant required to fully capture the benefits of advanced and/or 

optimized controls. Most of these studies belong to the category of time-driven optimization in 

which the optimization is initiated by time. However, there is another category in which the 

optimization is triggered whenever the system experiences considerable changes on the target 

variable of interest, which is called event-driven optimization [150, 151]. Nonetheless, existing 

district-scale studies utilizing event-driven approaches have similar deficiencies as time-driven 

optimization studies–they fail to capture all dynamics across the range of all chiller plant 

components. 

Thus, previous studies focused on chiller plants either neglect components other than 

chillers [143, 152] or use simplistic first-principle models [72, 73, 153], using as-built 

performance data that neglect the operation complexities or life-time degradations [154] for 

existing districts. On the one hand, studies focusing only on chillers (e.g., [155]) usually use 

well-known chiller models such as the one proposed by Hydeman et al. [156] but they do not 

include models and analysis for pumps and fans. Thus, the results cannot guarantee that the 

benefit that might be achieved from optimized chillers will not be canceled by the extra demand 
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imposed to other components such as pumps and cooling towers. On the other hand, studies that 

consider cooling towers and pumps (e.g., [46, 157]) utilize simplified models for chiller plant 

components. This negatively affects benefits prediction accuracy and potential solutions to 

address needs such as peak load shifting. Finally, none of the reviewed studies have incorporated 

the concept of flexibility. Due to the mixed energy profiles of diverse buildings in a district-

scale, flexibility options could be implemented to manage the thermal cooling demand. This 

demand flexibility could be achieved with behavioral occupant programs, or by utilizing diverse 

HVAC systems, lighting schedules, and/or setpoint setback strategies. As buildings and 

communities become more connected, smart controls will have a key role in coordinate multiple 

assets at the district scale. Thus, it is important to have optimization strategies that can work on 

district systems and on multiple buildings. 

Thus, this study proposes an optimization strategy that focuses on minimizing the electric 

demand of water-side HVAC assets (i.e., chillers, pumps, and cooling towers) using a 

supervisory optimization structure for electric chiller plants in a district-scale. The proposed 

optimization approach compares two constrains: rigid and flexible cooling demand. Our new 

proposed flexible cooling demand leverages load diversity of commercial buildings in a district-

scale [158] to propose a methodology that obtains additional savings using flexibility regarding 

the thermal cooling demand. Finally, the proposed methodology targets existing districts with a 

control retrofit using BAS data to develop data-driven HVAC models of all deployed 

components to account for actual HVAC performance of existing systems. The proposed system 

is evaluated using a university campus. 

 Methodology  

This study proposes an open-source optimization methodology for central electric chiller 

plants that determines the optimal evaporator leaving fluid temperature (ELFT) setpoint of each 

chiller in a multi-chiller plant. This proposed methodology minimizes the entire chiller plant’s 

electric demand with a rigid or flexible thermal cooling demand to ensure that the savings 

obtained from one component are not negated by the increased electric demand of other 

interacting components including pumps and cooling towers. This study completes the 

optimization of water-side components as part of a larger effort to develop an integrated 

framework for modeling and optimization of both air- and water- side HVAC systems in a 
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district-scale. Developing the new framework using MPC as the supervisory control scheme 

requires a block diagram of a typical chiller plant as well as the proposed control system (see 

Figure 5-1), development of data-driven models of the involved components, and a flexible 

multi-objective optimization structure. There are three loops on a typical district cooling system 

with the associated pumps, which include: 

 Primary: this loop contains the distribution line and pumps carrying time-variant chilled 

water flow from the chillers to the buildings and vice versa. 

 Secondary: this loop contains the distribution line and pumps within each building, which 

deliver the chilled water supplied by the primary loop to air handling units and vice versa.  

 Condenser: this loop contains the distribution line and pumps between the condensers and 

cooling towers. Like primary and secondary loop pumps, the condenser loop pumps 

overcome pressure losses in the loop.   

Figure 5-1 also contains four important variables that are essential to this study: 

 ELFT: Evaporator leaving fluid temperature also known as chilled water supply 

temperature. This is the temperature of the chilled water leaving the evaporator. 

 EEFT: Evaporator entering fluid temperature also known as chilled water return 

temperature. This is the temperature of the water returning from the buildings and 

entering the evaporator. 

 CEFT: Condenser entering fluid temperature also known as cooling tower water supply 

temperature. This is the temperature of the water that leaves the cooling tower and enters 

the condenser. 

 CLFT: Condenser leaving fluid temperature also known as cooling tower water return 

temperature. This is the temperature of the water that leaves the condenser and enters the 

cooling tower to reject the absorbed heat to the environment. 

The MPC box of Figure 5-1 contains the energy models for all the interacting 

components, which are coupled with the optimizer to perform the supervisory control of the 

entire chiller plant. The MPC structure optimizes future options and the ELFT of every chiller is 

the only output. In addition, the past inputs and actual outputs of the mechanical systems are the 

inputs for the MPC structure. An optimal ELFT might increase the chiller’s COP by lowering its 



 

61 

 

electric demand while meeting cooling loads, but it might also trigger other events such as an 

increased chilled water flow rate. This affects the EEFT, CLFT, CEFT, and cooling tower fan 

demand; thus, it is important to consider not only the cooling tower pumps and fans but also the 

primary and secondary loop pumps to obtain the total chiller plant savings. 

 

Figure 5-1 Block diagram of the proposed supervisory control system (long dash dot sections 
represent the proposed supervisory control structure) added to a typical electric chiller plant 
(dashed arrows represent the electric demand of chillers ( chitP ), primary, secondary, and cooling 

tower pumps ( pitP ), and cooling tower fans ( citP )). Subscripts i  and t  represent different units at 

different timesteps, respectively (for detailed discussion of notation, see Section 5.3.1). 
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Figure 5-2 shows this paper’s workflow, using 15-minute-fidelity data from BAS as well 

as AMY weather data as inputs. System performance modeling is conducted in two sections for 

each chiller of a multi-chiller plant, which includes a) ELFT dependent variables (i.e., EEFT, 

CLFT, and CEFT) and b) HVAC components. 

The developed models are utilized in the optimization structure using AMPL API [159], 

which provides access to the AMPL features through a programming language such as Python 

(also called AMPL Python API). The optimization methodology proposes two objective 

functions: 

 Rigid demand optimization, which lays out a general methodology for the electric 

demand minimization of central chiller plants without considering additional flexibility 

measures. 

 Flexible demand optimization, which lays out the condition that a maximum of 5% 

flexibility on thermal demand is utilized to explore the extent of savings that could be 

achieved with thermal demand flexibility. 

The optimization results are explored by analyzing a) the capability of the developed 

models for accurate prediction of a test period, b) the optimized ELFT and associated electric 

demand of each chiller, and c) the electric demand savings and peak demand reduction that could 

be achieved using the proposed rigid and flexible demand optimization strategies. 

 Chiller plant components and dependent variables modeling 

Due to the interdependence of variables and components in a chiller plant, accurate 

performance models are required to predict different components’ response to changes in the 

system. In addition, it is also important to predict the behavior of the EEFT, CLFT, and CEFT in 

response to ELFT changes. Therefore, this section presents a) models to predict cooling tower 

(i.e., CLFT and CEFT) and chiller (i.e., EEFT) temperature changes in response to ELFT 

variations as well as the developed models for b) cooling towers, c) chillers, and d) pumps. Table 

5-1 shows the notation used in the models. 
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Figure 5-2 Workflow of this study: different inputs from BAS and AMY weather data provide 
the required data for model development of both HVAC components and ELFT dependent 
variables 

Table 5-1 Description of the sets, parameters, and variables used in the model’s development 

Symbol Explanation Units 

Sets    

 : 1,...,t   Index for time encompassing the simulation period     

 : ch,p,cl  Index that represents all analyzed components (ch: chiller, 

p: pump, and c: cooling tower) 

   

 : 1,..., li N  Index of component l     

 : 1,2,3a  Performance curves' attributes index; (1: capacity as a 

function of temperature, 2: energy input to cooling output 

ratio as a function of temperature, 3: energy input to 

cooling output ratio as a function of temperature and PLR) 
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Table 5-1 Continued  

Symbol Explanation Units 

Sets    

 : 1,..., au N  Index of attribute a  as each attribute consists of multiple 

coefficients 

   

 : 1,2,3h  Pump’s efficiency curve coefficient index    

 : PL, SL, CLj  Loop indicator index for pumps (PL: Primary Loop, SL: 

Secondary Loop, and CL: Condenser Loop) 

   

 : 1,2,3,4e  Target variable index (1: EEFT, 2: CLFT, 3: cooling tower 

fan VFD, and 4: CEFT) 

   

 : 1,...,b B  Building b ’s index     

l   A set of component – loop – building with elements of 

(ch,null,null), (p,PL,null), (p,SL,1), …, (p,SL, B ), 

(p,CL,null), (c,null,null), (null,null,1), …, (null, null, B ) 

   

   

Parameters    

lN  Number of component l      

aN  Number of coefficients of attribute a     

auik  Coefficient u of the attribute a  for chiller i      

p
c  Approximate specific heat for chilled water with any 

additives (e.g., glycol) 

 kJ/kg-K  

  Approximate density for water with any additives 3kg/m    

ref
li

P  Nominal electric demand of index i  of the component 

 ch,cl  at the reference condition  

 ekW  

ref
i

Q  The thermal cooling capacity of the chiller i  at the 

reference condition  

 tkW  

ref
i

COP  Coefficient of performance of chiller i  at the reference 

condition 
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Table 5-1 Continued 

Symbol Explanation Units 

Parameters   

P
ij  Pressure difference supplied by the pump i  at loop j   kPa  

hij
k   Coefficient h  of the pump i ’s efficiency curve in loop j     

 
e  Coefficient of the exogenous variable for the target 

variable index e  

   

p  Order of the non-seasonal AR lag polynomial     

r  Order of the seasonal AR lag polynomial     

q  Order of the non-seasonal MA lag polynomial    

z  Order of the seasonal MA lag polynomial    

ep
  Non-seasonal AR lag polynomial of order p  for the target 

variable index e  

   

er
  Seasonal AR lag polynomial of order r  for the target 

variable index e  

   

eq
  Non-seasonal MA lag polynomial of order q  for the target 

variable index e  

   

ez  Seasonal MA lag polynomial of order z for the target 

variable index e  

   

   

Variables    

 itELFT  ELFT of chiller i  at time t   °C  

 itEEFT  EEFT of chiller i  at time t   °C  

 itCLFT  CLFT of chiller i  at time t   °C  

 T

itC  Normalized capacity as a function of the temperature of 

chiller i  at time t  
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Table 5-1 Continued 

Symbol Explanation Units 

Variables    

IRT

itE  Normalized energy input to cooling output ratio as a 

function of temperature for chiller i  at time t  

   

IRTP

itE  Normalized energy input to cooling output ratio as a 

function of temperature and PLR for chiller i  at time t  

   

itPLR  Part-load ratio for chiller i  at time t     

l itm  Fluid flow rate of the index i , component – loop – building 

combination l at time t  

 kg/s  

lit
P  Electric demand for the index i  of component l at time t   ekW  

ijt  Efficiency of the pump i  at loop j  for time    

eity  Target (dependent) variable index e ’s index i  at time t   e.g., °C,  

etx  Exogenous (independent) variable value for the target 

variable index e  at time t  

 °C  

et  Linear regression random error for target variable index e  

at time t  

 e.g., °C,  

et  White noise associated with the target variable index e  at 

time t  

 e.g., °C,  

 

 Data-driven model for cooling tower and chiller flow temperatures (EEFT, CLFT, 

and CEFT) 

Building automation systems typically measure the CEFT, CLFT, cooling tower fan 

VFD, approach temperature (i.e., the difference between the temperature of the water leaving the 

cooling tower and the ambient wet-bulb temperature), range temperature (i.e., the difference 

between the cooling tower entering and leaving fluid temperatures), and outdoor air wet-bulb 

temperature. Thus, a data-driven model for existing equipment could use a combination of these 

variables through a wide variety of statistical methods to predict the behavior of a target variable, 
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such as cooling tower fan VFD or chiller flow temperatures (i.e., EEFT, CLFT, and CEFT). 

These statistical methods are based on:  

 Present and past behavior of the target variable (e.g., Box and Jenkins [160]).  

 Exogenous variables (e.g., ordinary least squares and Lasso [57]). 

 A combination of present and past behavior as well as exogenous variables (e.g., 

SARIMAX). 

This study selects the combination approach as it provided the most accurate results. Eqs. 

(5-1) – (5-3) show a general SARIMAX structure [161] to model a target variable based on 

autocorrelation characteristics of the time series as well as important endogenous and exogenous 

variables. This study uses a SARIMAX model as not every feature driving the target variable is 

known. For instance, there are two facets for commercial buildings in a district-scale that 

significantly influence electric demand: a) occupancy and b) internal equipment. Known features 

(e.g., outdoor air temperature) are implemented through the multiple linear regression portion, 

and the unknown features are implemented through the time series characteristics of the data 

Exogenous variable

Target variable Coefficient Random error

, ,e i e t     eit et ety x   (5-1) 

Exogenous variable

Target variable Coefficient Random error

, ,e i e t     eit et ety x   (5-2) 

Seasonal time operator

-1 -1

Non-seasonal time operator

d D

e es
t     et e,t e,t -s    (5-3) 

where d

e
  and D

es
  operators are applied on the linear regression error for target variable 

index e . 

 SARIMAX for cooling tower fan model 

SARIMAX is used to predict the VFD, which is later used in the affinity law to calculate 

the electric demand. In the SARIMAX model for cooling tower fan VFD, city  stands for the 

cooling tower index i ’s fan VFD model at time t  (see Table 5-1). This general SARIMAX 

model has a non-seasonal order of (AR,differencing,MA) and a seasonal order of 
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(AR,differencing,MA,seasonality). The implemented model is a combination of multiple linear 

regression (Eq. (5-1)) with SARIMAX errors (Eq. (1b)) [162]. Eqs. (5-1) and (5-2)  provide the 

cooling tower fan VFD, and the electric demand for the cooling tower fan (
citP ) is calculated 

using the affinity law [163] (see Eq. (5-4)). 

ref 3
c ( ) ,
i

P i t   c cit itP y  (5-4) 

 SARIMAX for chiller flow temperatures (EEFT, CLFT, and CEFT) 

This study uses the SARIMAX to model how the EEFT, CLFT, and CEFT change in 

response to ELFT variations. The ELFT is an exogenous variable for all the developed models 

but other exogenous variables are also selected by performing collinearity and multi-collinearity 

checks, as well as considering field knowledge. In this regard, the EEFT only uses the ELFT as 

an exogenous variable, both the EEFT and ELFT are exogenous variables for CLFT modeling, 

and both the CLFT and outdoor air wet-bulb temperature are exogenous variables used for CEFT 

modeling. This study uses the ACF and PACF plots [164] to determine the initial seasonal and 

non-seasonal AR, MA, and differencing terms. Furthermore, a grid-search technique [165] is 

utilized to choose the proper orders of AR, MA, and differencing terms based on the penalized-

likelihood criteria (i.e., Akaike information criterion and Bayesian Information Criterion) [57]. 

Once all the models are developed, the optimization methodology and framework uses the 

models as explained in the next section.  

In general, Figure 5-3 shows the schematic of the connection between different models. 

In addition, this schematic shows the required exogenous variables for each model. After each 

timestep, the training datasets are updated, and the algorithm moves forward in time. 

 Chiller electric power model 

This study uses Hydeman et al.’s [156] electric chiller model in combination with BAS 

data (rather than rated specifications) to simulate existing chiller operation and calibrate 

coefficients k  required in Eqs. (5-5)-(5-7) including: (1) capacity as a function of the ELFT and 

CLFT (Eq. (5-5)), (2) energy input to cooling output ratio as a function of the ELFT and CLFT 

(Eq. (5-6)), and (3) energy input to cooling output ratio as a function of the CLFT and PLR (Eq. 

(5-7)) [166]. 
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Figure 5-3 Data flow used for developing cooling tower fan VFD and ELFT dependent variables 
to conduct optimization 
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( ) ( ) ( )( ) ,u u
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u u

k k k i t
IRTP

it it it it itE CLFT PLR CLFT PLR  (5-7) 

In Eq. (5-7), itPLR  is calculated using: 

ref

( )
, , {(ch,null,null)}

p

i

c
i t l

Q

      l it it it
it T

it

m EEFT ELFT
PLR

C
 (5-8) 

chIRTP it

it T IRT

it it

P
E =

C Eref

ch

,

i

i t
P

 (5-9) 

This provides the coefficients needed for the performance curves. Eq. (5-10) is used to 

calculate the electric demand of the chillers ( chitP ). 
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ref

ref
,i

i

Q
i t

COP
   ch

T IRT IRTP

it it it
it

C E E
P  (5-10) 

Coefficients of Eqs. (5-5) – (5-7) are derived using BAS data for the ELFT, EEFT, 

CLFT, and chilled water flow rate using the following steps [167]: 

 The dataset is randomly split, with 70% for train and 30% for test. A previous study [168] 

suggests that implementing 20-30 % of the data for testing provides the most accurate 

models in terms of MSE value for the test dataset.  

In the training dataset:  

 The maximum electric demand and the corresponding thermal cooling load are set as the 

design characteristics to account for the gradual performance deterioration of chillers.   

 The cooling capacity as a function of temperature for each timestep is calculated as the 

evaporator’s load divided by the design load. The training dataset is divided into the part- 

and full-load conditions based on the values of this performance curve. For the full-load 

subset, the energy input to the cooling output ratio as a function of temperature is 

calculated.  

 The calculated values for capacity as a function of temperature and energy input to 

cooling output as a function of temperature are implemented to derive the coefficients of 

Eqs. (5-5) – (5-6). This study uses the GEKKO optimization package [125] to derive 

these coefficients. 

 Capacity and energy input to cooling output ratio as a function of temperature 

performance curves’ values are calculated for the entire training dataset (both part- and 

full-load conditions).    

 PLR for the entire training dataset is calculated using Eq. (5-8) and energy input to 

cooling output as a function of temperature and the PLR is calculated using Eq. (5-9). 

 Primary, secondary, and condenser loop pumps 

In theory, SARIMAX could also simulate pumps. However, our field data did not include 

pump energy data; thus, this study uses Eq. (5-11) to calculate the pump’s hydraulic efficiency 
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curve as a function of delivered mass flow rate to account for efficiency at part-load conditions. 

Hydraulic efficiency is later used to calculate the pump’s electric demand ( pitP ) in Eq. (5-12). 

EnergyPlus [114, 169] suggests a cubic pump model to calculate the pump efficiency [166]; 

however, both quadratic and cubic functions provide accurate results, while quadric provides a 

simpler implementation and reduces the computational burden. 

 

2
1 2 3 ( )

, , , (p,PL,null), (p,SL,1),..., (p,SL, ), (p,CL,null)

ij ij ijk k k

i j t l B

     

    
ijt l it l itm m

 (5-11) 

 

P

, , , (p,PL,null), (p,SL,1),..., (p,SL, ), (p,CL,null)

ij

i j t l B


 

    

p

l it

it

ijt

m
P

  (5-12) 

 Optimization formulation 

The open-source and model-based electric chiller plant optimization methodology 

minimizes the electric demand of the chiller plant by manipulating the ELFT. The optimization 

constraints consider occupant thermal comfort as well as operational limits for the chillers, 

cooling towers, and pumps. A flexible structure is introduced to account for degrees of flexibility 

on the thermal cooling demand. Table 5-2 describes the notation used in the optimization 

formulations, in addition to those presented in Table 5-1. 

Table 5-2 Parameters and variables used in the optimization formulation (note: optimization 
structure also uses the notation presented earlier in Table 5-1) 

Parameters Explanation  Units 

iELFT  Lower bound on the ELFT for chiller i   °C  

iELFT  Upper bound on the ELFT for chiller i   °C  

iEEFT  Lower bound on the EEFT for chiller i   °C  

iEEFT  Upper bound on the EEFT for chiller i   °C  

ltQ  Thermal cooling demand of component  ch,pl  at time t   tkW  

btQ  Thermal cooling demand for building b at time t   tkW  
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Table 5-2 Continued  

Parameters Explanation  Units 

l itm   Lower bound on the fluid flow rate of index i , component – 

loop – building combination l at time t  

 kg/s  

l it
m   Upper bound on the fluid flow rate of index i , component – 

loop – building combination l at time t  

 kg/s  

btEEFT  EEFT from building b  at time t   °C  

itCEFT  CEFT of the chiller i  at time t   °C  

   

Variables Explanation  Units 

ˆ
eity  Predicted target variable index e ’s index i  at time t   e.g., °C,  

btm  Fluid flow rate within the building b at time t   kg/s  

it  Percentage of the total thermal cooling demand met by 

chiller i  at time t  

   

 

Objective function  

Rigid demand: this is a minimization objective (see Eq. (5-13)) that minimizes the electric 

demand of electric chiller plants while meeting the thermal cooling demand of buildings 

embodied in the plant’s loop. 

min ,
l i

t
 

  litP  (5-13) 

Flexible demand: this optimization strategy explores the extent of savings that could be achieved 

with demand flexibility leveraged from the available demand diversity in a district-scale. 

Flexible demand optimization is formulated as a multi-objective optimization problem that 

minimizes the total electric demand (Eq. (5-14)) while maximizing the delivered thermal cooling 

by each electric chiller (Eq. (5-15)). This study implements a goal programming approach [170] 

to handle this multi-objective optimization structure. 
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min ,
l i

t
 

  litP  (5-14) 

 ˆmax ( ), , , (ch,null,null)p
c i t l     1l it it itm y ELFT  (5-15) 

Objective (5-14) is identical to (5-13) and the minimized power demand obtained from 

the rigid demand optimization strategy is utilized as the goal for objective (5-14). However, if 

the thermal demand passes the threshold of maximum historic cooling capacity delivered by the 

chillers, the goal for objective (5-15) is set to be at least 95% of the thermal demand. If the air-

side of the HVAC system and/or any onsite renewable and storage technologies are of 

integration interest [171], this objective could be expanded to include those. 

Constraint set one: Chiller performance and operational constraints 

3 5
1 3

1 1 16
1 4

ˆ ˆ( ) ( ) ( )( ) ,u u

ui ui i

u u

k k k i t
 

 

       2 2
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it it it it itC ELFT y ELFT y  (5-16) 
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       2 2

IRT

it it it it itE ELFT y ELFT y  (5-17) 
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ˆ ˆ( ) ( ) ( )( ) ,u u

ui ui i

u u

k k k i t2 2

IRTP

it it it it itE y PLR y PLR  (5-18) 

 ref

ˆ( )
, , (1,null,null)

p

i

c
i t l

Q

      1l it it it
it T

it

m y ELFT
PLR

C
 (5-19) 

ref

ref
,i

i

Q
i t

COP
   ch

T IRT IRTP

it it it
it

C E E
P  (5-20) 

,iiELFT ELFT i t    itELFT  (5-21) 

ˆ ,iiEEFT EEFT i t    1ity  (5-22) 

 ch ˆ( ) , , (ch,null,null)p

tQ c i t l     1it l it it it= m y ELFT  (5-23) 

1
i

t


   it  (5-24) 

Constraint set two: Pumps energy and mass balance 

 

P

, , , (p,PL,null), (p,SL,1),..., (p,SL, ), (p,CL,null)

ij

i j t l B


 

    

p

l it

it

ijt

m
P

  (5-25) 
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2
1 2 3 ( )

, , , (p,PL,null), (p,SL,1),..., (p,SL, ), (p,CL,null)

ij ij ijk k k

i j t l B

     

    
ijt l it l itm m

 (5-26) 

i i

t
 

   (ch,null,null) (p,PL,null)it itm m  (5-27) 

Constraint set three: Thermal cooling demand of each building and mass balance 

 ( ) , , , (ch,null,null)p

bt bt

i

Q c EEFT b i t l




      

l it it

bt

l it

m ELFT
m

m
 (5-28) 

 , , (p,SL, )
i

b t l b


    bt l itm m  (5-29) 

Constraint set four: Cooling towers and mass balance 

ref 3
c ˆ( ) ,
i

P i t   c cit itP y  (5-30) 

 c ˆ ˆ( ) , , (c,null,null)p

itQ c i t l      2 4l it it itm y y  (5-31) 

i i

t
 

   (c,null,null) (p,CL,null)it itm m  (5-32) 

, ,
l it l it

m m l i t         l itm  (5-33) 

Constraint set five: SARIMAX for cooling tower fan VFD and ELFT dependent variables 

ˆ , ,e i e t     eit et ety x   (5-34) 

,d D

ep er e es eq ez e t        et et   (5-35) 

Constraint set six: Non-negativity of all variables 

ˆ, , , , , , , , , , 0

, , , , ,i t j e b l

 

       

T IRT IRTP

it eit lit it it it it ijt l it bt itELFT y P C E E PLR m m 
 (5-36) 

Both objective functions obtain the optimal ELFT for their associated demand constraint. 

For the rigid demand (objective (5-13) and constraints (5-16) – (5-36)), the added electric 

demand imposed by chillers, pumps, and cooling towers is minimized while meeting the entire 

thermal cooling demand. For the flexible demand optimization strategy (objectives (5-14) – 

(5-15)) and constraint (5-16) – (5-36)), the minimized electric demand meets the entire demand 

whenever it is lower than a predefined threshold. However, if the demand passes the threshold, 

the methodology proposes optimal ELFT to minimize the electric demand at the Pareto front 
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such that it could not be minimized more without compromising the thermal demand and 

potentially occupants’ comfort. This study uses an open-source large-scale nonlinear 

programming solver called IPOPT [172] within the AMPL [173] optimization tool to obtain fully 

converged solutions. 

 Constraints (5-16) – (5-24) use the developed chiller model, limit the range of ELFT and 

EEFT, and impose the thermal demand to chillers such that the added thermal cooling 

provided by all chillers meets the demand.  

o Constraints (5-16) – (5-18) apply the developed chiller performance curves and 

constraint (5-19) calculates the PLR. The predicted target variable is modeled using 

constraint set five, and this is the difference between Eqs. (5-5) – (5-7) and (5-16) – 

(5-18).  

o Constraint (5-20) uses constraints (5-16) – (5-19) to calculate the instantaneous 

electric demand of a chiller.  

o Constraint (5-21) applies the operation characteristics of chillers as well as the valid 

domain that chiller models are developed for using the as-operated data.  

o Constraint (5-22) is an operational characteristic for chillers and an indicator for 

occupants’ comfort and heat removal from the buildings. Also, the EEFT should not 

pass the assigned threshold as it will increase the chiller and cooling tower electric 

demand.  

o Constraint (5-23) ensures an energy balance whenever objective (5-13) is applied. In 

this constraint, the added effect of all chillers is supposed to meet the entire thermal 

cooling demand of the loop. However, once objectives (5-14) and (5-15) are applied, 

constraint (5-23) is only implemented if the thermal demand is lower than the 

threshold. Otherwise, it is already implemented in objective (5-15).   

 Constraints (5-25) – (5-27) implement the primary, secondary, and condenser loop pump 

models and constraints.  

o Constraints (5-25) and (5-26) calculate the pump electric demand and efficiency, 

respectively.  
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o Constraint (5-27) ensures a chilled water mass flow rate balance between the chillers 

and pumps in the primary loop.  

 Constraints (5-28) and (5-29) ensure the thermal cooling demand of each building is met. 

This constraint set ensures that the problem is investigated at a district scale. Constraint 

(7a) ensures an energy balance while constraint (5-29) ensures a chilled water mass flow 

rate balance.     

 Constraints (5-30) – (5-33) consider the operation of the cooling towers and associated 

condenser loop pumps.  

o Constraint (5-30) calculates the cooling tower electric demand using the affinity laws 

with the cooling tower fan VFD obtained from SARIMAX.  

o Constraint (5-31) calculates the total heat that needs to be removed from the 

condensers using the cold water provided by the cooling towers.  

o Constraint (5-32) ensures that the mass flow rate needed for the condensers’ proper 

operation is carried by the condenser loop pumps.  

o Constraint (5-33) restricts the minimum and maximum mass flow rate provided by 

chillers, carried by all deployed pumps, and required for the condenser’s proper 

operation.  

 Constraints (5-34) and (5-35) use the SARIMAX to predict the target variable.  

o Constraint (5-34) is a linear regression that regresses the target variable (e.g., EEFT) 

on the associated independent variable (e.g., ELFT) and obtains the remainder 

random error values.    

o Constraint (5-35) is a SARIMAX implemented on the random error terms obtained 

from constraint (5-34) such that the remaining errors are white noise. 

 Constraint (5-36) establishes non-negativity of all variables. 



 

77 

 

 Test case 

The proposed modeling and optimization methodologies of this study are applied to the 

main electric chiller plant of the Mines campus (i.e., chilled water loop six), which supplies 

chilled water for seven buildings (see Figure 5-4). The chiller plant with a schematic presented in 

Figure 5-1 (except the long dash line part) is located in Brown Hall and provides chilled water 

for approximately 630,000 ft2 of floor space through a chilled water distribution line. In 2019, 

this loop was responsible for around 20% of the energy and 40% of the electricity cost on the 

Mines campus.  

Mines’ highest electric demand reached 7.2 and 7.1 MW on September 5 and August 20, 

respectively. Thus, this study uses August 19-25, to evaluate the proposed methodologies, but 

August 19 and 20 are demonstrated in more detail due to space constraints. In total, there are 22 

components (i.e., chillers, cooling towers, and pumps) in this loop that need to be considered in 

the optimization. 

 

Figure 5-4 Mines campus with the embodied chiller plants including No. 4, 5, 6, and 7 [16, 67] 
(note: library, Alderson Hall, Brown Hall, and Green Center supply the chilled water for the rest 
of the buildings in loop 4, 5, 6, and 7, respectively). 
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The chillers installed in Brown Hall are York’s YKK2K3H9-CRGS model with 650 tons 

of refrigeration capacity and variable speed centrifugal compressors. These chillers are around 

10 years old and currently operate based on the “lead and lag” strategy such that the standby 

chiller turns on if the thermal cooling demand of the loop exceeds 90% of the lead chiller’s 

refrigeration capacity and/or design evaporator leaving fluid flow rate. In the operation of this 

plant, once a chiller is on, the ELFT setpoint is set to 42.5 °F (5.8 °C) and when it is off, the 

associated ELFT is higher than 48 °F (8.9 °C) and there is no chilled water flow rate. Also, the 

chilled water supplied by this plant has 20% glycol content to avoid freezing. 

The control of the fluid flow rate in the primary, secondary, and condenser loop is by 

VFD pumps since all the pumps utilized in this plant are all-variable speed pumps. In addition, 

two identical cooling towers provide the cold water needed for the operation of condensers and 

their fan speed modulates to maintain a predefined CEFT setpoint. The sequence of operations 

shows that in the mechanical cooling mode (no free cooling), the CEFT setpoint is set to be 2 °F 

higher than the outdoor air wet-bulb temperature. Therefore, the cooling towers’ fans operate in 

parallel to maintain the CEFT setpoint. 

BAS data is notoriously dirty, so it is necessary to clean data in terms of a) missing data, 

b) duplicated data, c) outliers, and d) noisy data. The BAS installed on Mines campus 

continuously logs data of around 80 buildings on three platforms including Niagara- R2, AX, and 

N4; therefore, the BAS handles more than 20,000 sensors. The frequency of the recorded data 

varies from 10 seconds to 15 minutes, depending on the predefined settings. This study uses 15 

minute-fidelity data. 

 Results  

This section provides the results of implementing the above-described modeling and 

optimization methodologies for the Mines chiller plant six as the proof-of-concept demonstration 

of this study. All model coefficients are presented in Appendix B. 

 Chiller electric power model 

Table 5-3 shows error metrics for both available chiller models developed for the interval 

from June – August. Figure 5-5 (a) and (b) show actual data and model output for the week of 

August 18, 2019, for chiller one and two, respectively. Hereafter, the models’ output is referred 



 

79 

 

to as the baseline. This week is the first week of the Fall 2019 semester during which a high 

outdoor air temperature imposed high cooling demands on the chillers. The academic year 

transition during this week explains the difference between actual and model results obtained for 

chiller one as the model was trained with summer data. Overall, the models agree with the actual 

data. 

Table 5-3 Error metrics calculated for the test data of chillers one and two of Mines’ chilled 
water plant six 

Metric Chiller one Chiller two 

MSE 403 251 

RMSE (kW)  20 15.8 

MBE -0.24 2.2 

 

 SARIMAX for cooling tower fan model  

There are two identical and parallel cooling towers on Mines’ campus. The residuals 

obtained once cooling tower one’s fan VFD is regressed on the CLFT for July and August 2019 

are presented in Appendix B. These residuals are highly autocorrelated and not stationary with a 

daily seasonality pattern in the data. A SARIMAX model with a non-seasonal order of (2,1,1) 

and a seasonal order of (0,1,1,96) with the CLFT as the exogenous variable is selected to capture 

the behavior. The ACF and PACF plots for the residuals after using the SARIMAX model are 

also presented in Appendix B. There is not any strong autocorrelation remaining after using the 

SARIMAX model. Table 5-4 shows the performance of this model for the test dataset. 

Table 5-4 Error metrics calculated for the cooling tower’s test data for two identical cooling 
towers at Mines’ chiller plant six 

Metric Cooling towers one and two 

MSE 163 

RMSE (%) 12.8 

MBE 0.0 
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(a) 

 

(b) 

Figure 5-5 Comparison of actual and baseline electric demand for chiller a) one and b) two of 
Mines’ chiller plant six 
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 SARIMAX for ELFT dependent variables  

Table 5-5 summarizes the seasonal and non-seasonal order of the models used for CLFT, 

CEFT, and EEFT modeling. The exogenous variables are explained in Figure 5-3, but are also 

summarized in Table 5-5. The models agree well with the measured data for the test dataset (see 

Table 5-6). Furthermore, the coefficients of different components of the models presented in this 

section, and Section 5.4.2, are presented in Appendix B for the complete reproducibility of this 

research. 

Table 5-5 Exogenous variables, non-seasonal, and seasonal order of the SARIMAX model used 
for CLFT, CEFT, and EEFT modeling of ELFT dependent variables at Mines’ chiller plant six 

Dependent 

variable  

Non-seasonal 

order 

Seasonal 

order 
Exogenous variables 

CLFT (0,1,2) (1,1,1,96) ELFT of both chillers 

CEFT (2,1,2) (1,1,1,96) CLFT and outdoor air wet-bulb temperature 

EEFT (0,1,1) (0,1,1,96) ELFT of the associated chiller  

 

Table 5-6 Error metrics calculated for CLFT, CEFT, and EEFT on the test dataset for Mines’ 
chiller plant six 

Metric CLFT CEFT EEFT-Chiller one EEFT-Chiller two 

MSE 3.3 1.3 1.2 1.7 

RMSE (F) 1.8 1.1 1.1 1.3 

MBE 0.6 0 -0.5 -0.9 

 

 Optimization results – rigid demand 

This section presents the optimization results obtained for rigid demand optimization in 

which objective (5-13) and constraints (5-16) – (5-36) are applied. 

 Optimized ELFT  

Chiller one is the lead chiller for Mines’ chiller plant six and occasionally chiller two 

provides half of the thermal cooling demand. For August 19 and 20, the average outdoor air 

temperatures are 81.8 °F (27.7 °C) and 80.4 °F (26.9 °C), respectively. In the actual operation, 
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chiller two turns on between 12:00 and 6:00 PM on August 19 while this happens from 11:00 

AM to 7:00 PM on August 20. This is mostly due to the thermal cooling demand of loop six on 

August 20 that stays higher than 90% of the total capacity of each chiller for a longer period than 

August 19. Also, the outdoor air temperature has a second spike on August 20 at around 4:00 PM 

(see Figure 5-6), which with a lag, shows itself in the cooling demand between 6:00 to 7:00 PM. 

 

Figure 5-6 Outdoor air temperature distribution for August 19-20, 2019 at Mines’ chiller plant 
six 

The actual ELFT (measured by sensors) changes by the variation of the thermal cooling 

demand in the loop as well as the outside weather conditions. Figure 5-7a (a) and  Figure 5-7b 

(b) show the ELFT values for the actual (i.e., measured) and optimal (i.e., simulated) operation 

of both chillers in this plant. For clarity of discussion, there are three shaded (light gray) regions 

in figures associated with chiller one that represent 7:30 AM-12:45 PM on August 19, 7:15-

10:15 AM, and 7:15-11:15 PM on August 20, which are periods with savings in the electric 

demand of chiller one. 

Actual chiller one is on for the entire period with a constant ELFT of 42.5 °F (5.8 °C) 

while chiller two turns on or off and modulates with the partial operation of the chiller (e.g., the 

ELFT is relaxed from 42.5 (5.8 °C) to 46.5 °F (8.1 °C)). The main difference between the actual 

and optimal ELFT occurs for chiller two as there are more relaxations in the ELFT because of 

the coupling between the chilled water flow rate and the ELFT (see Figure 5-7b (b) and (d)). 
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Based on the energy balance (constraint (5-23)), the added effect of the chilled water flow rate 

and the temperature difference between the EEFT and ELFT provides the required thermal 

cooling. Figure 5-7b (c) and (d) show the chilled water flow rate for chiller one and two, 

respectively. As shown in Figure 5-7b (c), the optimal chilled water flow rates are higher than 

the actual value for shaded regions one and two (from left to right); therefore, the temperature 

difference between the ELFT and EEFT in the optimal case is lower than the actual case. 

However, for region three, the optimal chilled water flow rate is negligibly lower than the actual 

values. In general, the chilled water flow rate for chiller one in the optimal operation is higher 

than the actual operation; however, this is the opposite for chiller two with some exceptions 

associated with the sudden drops in the chilled water flow rate of chiller one. The drops in the 

chilled water flow rate of chiller one occur as the required flow rate at each timestep passes the 

maximum chilled water flow rate for chiller one (i.e., 1,900 GPM). In this case, chiller two 

provides part of the required chilled water flow rate. In the actual operation, once the standby 

chiller is on, the loads are equally distributed, which is not the case proposed by the 

optimization. 

An increased chilled water flow rate might result in low delta-T syndrome risk, but in the 

optimal operation, the delta-T is similar to the baseline, around ±0.5 °C of the actual operation 

for chiller one. However, for chiller two, whenever the thermal load passes the predefined 

threshold, the delta-T decreases across chiller two because of the increased flow rate. This 

generally happens for a short period and the extent of changes is small enough to neglect. 

 
(a) 

Figure 5-7a  Comparison of actual and optimal ELFT for chiller a) one and b) two as well as 
optimal and actual chilled water flow rate for chiller c) one and d) two with rigid demand (Note: 
chillers at Mines’ chiller plant six work together to meet the imposed thermal cooling demand) 
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(b) 

 
(c) 

 
(d) 

Figure 5-7b Continued  
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 Optimized chiller electric demand 

Figure 5-8 (a) and (b) show the baseline and optimal electric demand of chillers. The 

three shaded regions of chiller one show electric demand savings despite a reduced ELFT in the 

optimal operation compared to the actual operation (see Figure 5-7a (a)), which is due to the 

lower CLFT value obtained from a lower ELFT proposed by the optimization (Figure 5-9 (a)). 

Other important facets affect the behavior of the model developed for the CLFT and a general 

conclusion cannot be drawn that lowering the ELFT lowers the CLFT. The CLFT is also highly 

dependent on the water flow rate in the condenser loop as the added effect of the temperature 

difference between the CLFT and CEFT and the water flow rate in the condenser loop meets the 

thermal load of the condensers. Figure 5-9 (b) shows the water flow rate in the condenser loop in 

which the flow rate in the shaded regions is higher than the measured flow rate, which is also 

part of the reason behind a lower CLFT and consequently reduced chiller electric demand for the 

chillers. This suggests that the CLFT’s impact on chiller’s electric demand is significant and a 

general conclusion cannot be drawn that an ELFT setpoint setback strategy would always reduce 

electric demand. 

 Savings and components’ contribution – rigid demand 

Figure 5-10 shows the savings of each component for chiller plant six. Operating the 

chillers and cooling towers according to the optimization methodology results in electric demand 

savings most of the time; meanwhile, pumps often adversely affect the electric demand, which is 

due to the increased flow rate of the operating pumps in the optimal case. 

Figure 5-11 shows the stacked contribution of deployed components in chiller plant six 

for the optimal (left) and actual (right) operation of the plant. Chillers contribute the most to the 

chiller plants’ electric demand; however, the demand imposed by cooling towers adds 

significantly to the entire plant’s demand from 9:00 AM – 6:00 PM, which is mostly due to the 

outdoor air conditions. Overall, for August 19 and 20, the optimization methodology proposed in 

this study reduces the peak electric demand by 3.7% and 7.3%, respectively. 
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(a) 

 

(b) 

Figure 5-8 Comparison of optimal and baseline electric demand for chiller a) one and b) two 
with rigid demand at Mines’ chiller plant six 
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(a) 

 

(b) 

Figure 5-9 Comparison of a) actual and baseline CLFT and b) optimal and actual cooling tower 
flow rate at Mines’ chiller plant six 
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Figure 5-10 Electric demand savings (baseline or actual minus optimal) of chillers, cooling 
towers, and pumps presented as stack plots accompanied by a line plot, which represents the total 
changes of all deployed components with rigid demand at Mines’ chiller plant six 

 

Figure 5-11 Components’ contribution in chiller plant six for the optimal – rigid demand (left) 
and actual operation (right). The hatches in the left plot show the intervals that each component’s 
electric demand in the optimal operation is less than the actual power demand of that component 
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 Optimization results – flexible demand 

This section presents the optimization results obtained for the flexible demand 

optimization in which a maximum of 5% flexibility on thermal cooling demand is ensured by 

objectives (5-14) and (5-15) and constraints (5-16) – (5-36). 

 Optimized ELFT 

Figure 5-12a (a) and (b) show the optimized ELFTs for chiller one and two, respectively. 

The flexibility in the thermal cooling demand leads to negligible relaxations in the optimal ELFT 

of chiller one, and the number of temperature relaxations for chiller two is lower compared to the 

rigid demand case (Figure 5-7b (b)). This is because chiller two carries part of the imposed 

thermal demand at peak times and the chilled water flow rate of chiller one hardly passes the 

1,900 GPM threshold to use chiller two. There is only one instant on August 20 at 10:30 AM that 

chiller two carries most of the demand and consequently, there is a sudden drop in chiller one’s 

chilled water flow rate (see Figure 5-12a (c) and Figure 5-12b (d)).  

 The amount of reduced electric demand obtained from different components of the 

chiller plant should be significant to make the 5% compromise in thermal demand (whenever it 

passes the threshold) an advisable approach. Figure 5-13 (a) and (b) show the electric demand for 

the optimal operation (flexible demand) and baseline of chiller plant six. The difference between 

the optimal and actual operation is clearer in the flexible demand approach compared to the rigid 

demand optimization (see Figure 5-8 (a) and (b)). The same discussion provided earlier about the 

CLFT and cooling tower flow rate are valid for the flexible demand approach. 

 Savings and contribution of each component – flexible demand 

Figure 5-14 shows the disaggregated savings by each component in the chiller plant. The 

chillers and cooling towers have a significant reduction in electric demand, while the pumps 

have relatively low increase in demand. This is because of the 5% compensation in thermal 

demand.  For most times, especially during the day when the cooling requirement is high, the 

savings from the chillers and cooling towers easily overcomes any increase in demand caused by 

the pumps. Indeed, the total demand savings (blue line) is typically positive or near zero. This is 

noticeable in comparison with the behavior presented in Figure 5-10 for the rigid demand.  
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(a) 

 

(b) 

 

(c) 

Figure 5-12a Comparison of actual and optimal ELFT for chiller a) one and b) two as well as 
optimal and actual chilled water flow rate for chiller c) one and d) two with flexible demand at 
Mines’ chiller plant six 
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(d) 

Figure 5-12b Continued 

 

 

(a) 

 

(b) 

Figure 5-13 Comparison of optimal and baseline electric demand for chiller a) one and b) two 
with flexible demand at Mines’ chiller plant six 
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As shown with the dashed purple line in Figure 5-14, except for a period on August 19, 

all other timesteps show a positive overall change for the flexible demand optimization strategy. 

Furthermore, the flexible demand strategy shows an overall trend of saving more electric demand 

compared to rigid demand, which is because of the compensation in the thermal demand of loop 

six. 

 

Figure 5-14 Electric demand savings (baseline or actual minus optimal) for chillers, cooling 
towers, and pumps with flexible demand at Mines’ chiller plant six 

Figure 5-15 shows the stacked contribution of all deployed components for the optimal 

(flexible demand) and the actual operation of the plant. The hatch lines of the flexible demand 

case are longer compared to rigid demand that suggests more electric demand savings (see 

Figure 5-11). For August 19 and 20, the optimization reduces the peak electric demand by 6.9% 

and 11.9%, respectively. Without having any storage technologies and/or distributed energy 

resources installed on this campus, these savings are higher than those reported earlier [46, 130, 

131]. Based on these results, implementing more thermal demand management techniques is 

beneficial, and any strategic plan should identify buildings and/or spaces with higher thermal 

demand flexibility. Recall that all these efforts that deal with thermal demand management and 

modification maintain occupants’ comfort condition as an important constraint. 
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Figure 5-15 Components’ contribution in chiller plant six for the optimal – flexible demand (left) 
and actual (right) operations. The hatch symbols in the left plot show the intervals that each 
component’s electric demand in the optimal operation is less than the actual power demand of 
that component in the actual operation 

Figure 5-16 (a) and (b) show the baseline and optimal electric demand of Mines’ chilled 

water plant six for the week of August 19, 2019 with the a) rigid and b) flexible demand 

optimization strategies. Table 5-7 shows the daily peak electric demand reduction of this chiller 

plant. The flexible demand optimization strategy provides higher peak electric demand savings. 

Interestingly, in August 22 and 24, both rigid and flexible demand optimization strategies do not 

provide any peak electric demand savings due to the predefined threshold for the thermal cooling 

demand. The comparison of the rigid and flexible demand cases shows a clear benefit on 

implementing a flexible thermal demand approach. 

Table 5-7 Peak electric demand reduction (%) for the week of August 19, 2019 with the rigid and 
flexible demand optimization strategy at Mines’ chiller plant six 

Peak electric demand 

reduction 

Aug 

19 

Aug 

20 

Aug 

21 

Aug 

22 

Aug 

23 

Aug 

24 

Aug 

25 

Weekly 

average 

Rigid demand  3.7 7.3 15.2 0.0 0.2 0.0 2.4 4.1 

Flexible demand  6.9 11.9 18.7 0.0 3.6 0.0 2.8 6.3 
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Table 5-7 Continued  

Peak electric demand 

reduction 

Aug 

19 

Aug 

20 

Aug 

21 

Aug 

22 

Aug 

23 

Aug 

24 

Aug 

25 

Weekly 

average 

Difference between 

flexible and rigid demand 
3.2 4.6 3.5 0.0 3.4 0.0 0.4 2.2 

 

 Discussion 

As shown in Figure 5-10, on August 19, at around 6:45 PM, the optimal plant uses 

around 20 kW more than the baseline, which provides a poor performance for the proposed 

optimization method. However, further investigation clarifies that this performance is due to a 

data anomaly as the thermal cooling demand of the plant drops significantly (at around 5:45 PM) 

and ramps up (at around 6:45 PM) to values in the scale of the peak cooling demand. Therefore, 

the associated optimization results for this period are affected by the data anomaly. Furthermore, 

as shown with the inset plot of Figure 5-5 (a), this period has one of the highest deviations of the 

baseline from the actual chiller performance. Accordingly, even accurate models might provide 

unrealistic savings projections for some timesteps in this period. In addition, as shown in Figure 

5-10, the pumps typically increase the electric demand due to higher flow rates. In this respect, 

Figure 5-17 shows the accumulated contribution of the pumps from the three analyzed loops: 

primary, secondary, and condenser loop. However, the pumps’ actual electric power demand is 

not measured for this plant and only VFD values are measured. Thus, pump energy is the least 

accurate estimation, and affinity laws need calibration to be accurate. Thus an underestimation in 

the pumps’ actual demand is obtained between midnight and early morning which also leads to 

negative savings (Figure 5-17). This is because although one pump is the lead pump for a period, 

but at some timesteps, other pumps turn on to carry part of the flow rate and in the actual case, 

those timesteps are neglected. As the differential pressures supplied by the pumps are set 

constant for both actual and optimal cases, the condenser loop is the only loop that its associated 

pumps provide electric demand savings in the optimal operation compared to the actual. 

Condenser loop pumps are the largest pumps of this plant (75 hp. or 56 kW) followed by the 

primary loop pumps (50 hp. or 37 kW). 
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(a) 

 

(b) 

Figure 5-16 Electric demand contribution of different components on Mines’ chilled water plant 
six for a) rigid and b) flexible demand conditions (Note: the figures in the left represent the 
optimized contribution of each component and the right figures represent the actual contribution 
of each component) 
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Figure 5-17 Pump electric demand savings for different loops including condenser, primary, and 
secondary at Mines’ chiller plant six 

The proposed optimization methodologies of this study (both rigid and flexible demand) 

take advantage of two features of district-scale systems: (1) the size of the chiller plant, and (2) 

the possibility to utilize load flexibility. These options are usually not applicable to standalone 

commercial buildings. In the first case, the size of a standalone building’s chiller plant is not as 

large as a district-scale chiller plant, so there is typically no opportunity to take advantage of load 

distribution between different chillers. In the second case, there is usually no flexibility option as 

the building’s primary application is specific.  

To summarize, Table 5-8 compares the optimization methodologies results proposed in 

this study with the actual operation for Mines’ chiller plant six. 

Table 5-8 Comparison of optimization methodologies proposed in this paper with the current 
operation of Mines’ chiller plant six 

 Chiller Current operation Rigid demand Flexible demand 

ELFT One 
Constant at 5.8°C  

(42.5 °F)  

Constant at 5.8°C 

(42.5 °F) 

Constant at 5.8°C 

(42.5 °F) 
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Table 5-8 Continued  

 Chiller Current operation Rigid demand Flexible demand 

ELFT Two 
Constant at 5.8°C (42.5 

°F) (when operating) 

5.8°C (42.5 °F) with 

multiple relaxations 

(when operating) 

5.8°C (42.5 °F) with 

fewer relaxations 

compared to the rigid 

demand (when 

operating) 

Chiller 

water 

flow 

rate 

One 
As needed depending on 

the EEFT value 

As needed 

depending on the 

EEFT value 

As needed depending on 

the EEFT value 

Two 

If the chilled water flow 

rate passes 90% of the 

maximum available 

value or if the thermal 

demand of chiller one 

passes 90% of chiller 

one’s refrigeration 

capacity, equally divide 

the load between the two 

chillers. 

If the chilled water 

flow rate passes 

90% of chiller one’s 

refrigeration 

capacity, use chiller 

two to provide 

further cooling. 

Same as chiller two for 

the rigid demand 

optimization, but with 

much lower flow rates 

due to the thermal load 

compensation and 

ability of chiller one to 

cover the partial demand 

 

 Conclusions  

This paper provides a model-based and open-source approach for electric demand 

minimization of central chiller plants in a district-scale that uses data-driven performance models 

of all analyzed heating, ventilating, and air-conditioning components. It also proposes two 

optimization strategies that consider the thermal cooling demand as a rigid and flexible 

constraint. The flexible constraint leverages the load diversity of buildings in the district using a 

maximum of 5% flexibility on thermal cooling demand. The proposed methodologies are 

evaluated using Colorado School of Mines’ main chilled water plant that also provides insights 



 

98 

 

about the contribution of each component of the chiller plant. While the test case of this study is 

located in the United States, the methodology presented in this paper could be applied to any 

district around the world with a central heating and cooling plant and building and plant data 

available from the building automation system. 

Data-driven heating, ventilating, and air-conditioning models of components are 

developed to capture the non-linear and actual behavior of existing components. SARIMAX is 

selected to predict the evaporator entering, condenser leaving, and condenser entering 

temperatures as well as the cooling tower fan’s VFD. All the developed models agree with the 

historical data for both train and test datasets. This study uses Hydeman et al.’s model with the 

condenser leaving fluid temperature through 15-minute-fidelity BAS data to develop electric 

chiller models.  

For the analyzed chiller plant, the total electric demand is driven by chillers as opposed to 

pumps and cooling towers. The results suggest that the evaporator leaving fluid temperature is 

not the only determining factor in the chillers’ electric demand. As such, the current belief that 

an evaporator leaving fluid temperature setpoint setback will provide demand savings is not 

necessarily true, consideration must also be given to the impact of the condenser leaving fluid 

temperature. Using a rigid demand, the daily peak electric demand reduces up to 15.2% while 

adding a maximum of 5% flexibility on the thermal demand increases the peak electric demand 

reduction up to 18.7%. Based on the analyzed data, there are additional potential energy savings 

by combining chiller optimization strategies with building demand management and/or 

leveraging the load diversity.    

There are some limitations to the presented approach of this study. Thermal cooling 

demand is an input to the chiller plant, which prevents the forecast of transient district cooling 

phenomena. Also, higher savings could be achieved by adding the air-side optimization to the 

developed algorithm. Finally, using renewable and/or storage technologies as well as techniques 

such as demand response have not been considered in this study. 
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 Abstract  

 This paper models and forecasts the cooling demand of centralized chiller plants in 

commercial districts using different statistical techniques -- including OLS, Lasso, ARX, 

SARIMA, SARIMAX, and Cochrane-Orcutt. Direct estimation of the test error using validation 

dataset is used to compare different techniques and to quantify goodness of fit. As a validation, 

these statistical techniques are compared for forecasting the cooling demand of the largest chilled 

water plant on Colorado School of Mines’ campus. Overall, Cochrane-Orcutt provides the 

highest accuracy among these techniques, with lowest MSE, RMSE, CV-RMSE, and MBE and 

highest R-squared value. As a showcase of the capabilities of the developed cooling demand, the 

predicted demand is coupled with Hydeman et al.’s electric chiller model to predict chiller’s 

electric demand. The RMSE, CV-RMSE, and R-squared of the electric chiller model are 22.7 

kWe, 17 %, and 0.84, respectively. 

 

Nomenclature   

Abbreviations  Explanation  

ACF  Autocorrelation function  

AI Artificial intelligence 

AR  Autoregressive 

ARX Autoregressive with exogenous variables 

ADF Augmented dickey-fuller  

AMY Actual meteorological year  

 



 

101 

 

 

Abbreviations  Explanation  

ANN Artificial neural network 

CEFT Condenser entering fluid temperature  

CLFT Condenser leaving fluid temperature  

COP Coefficient of performance  

CV-RMSE Coefficient of variation of root mean square error 

ELFT Evaporator leaving fluid temperature  

KPSS Kwiatkowski – Phillips – Schmidt – Shin 

MA Moving average  

MBE Mean bias error  

MSE Mean square error 

OAT Outdoor air temperature  

OLS Ordinary least squares 

PACF Partial autocorrelation function  

PLR Part-load ratio 

RMSE Root mean square error  

ARIMA Auto-regressive integrated moving average 

SARIMA(X) Seasonal auto-regressive integrated moving average (with exogenous 

variables) 

 

Sets  Explanation Unit 

 : 1,...,t   Time index    

 : 1,..., ee N  Exogenous variables index    

 : 1,2,...,l L  Lag times index    

 : 1,2,...i  Chiller index     
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Sets  Explanation Unit 

 : 1,2,3a  Performance curves’ attributes index; (1: capacity as a 

function of temperature, 2: energy input to cooling output 

ratio as a function of temperature, 3: energy input to 

cooling output ratio as a function of temperature and PLR) 

   

 : 1,..., au N  Index of attribute a     

   

Parameters  Explanation Unit 

  Last timestep  min  

L  Last lag value     

eN  Number of exogenous variables     

aN  Number of coefficients of attribute a     

  A significantly small number     

  Intercept for a linear regression model     

e  Coefficient of the exogenous variable index e  to predict a 

target variable  

   

le   Weighting coefficient for the lag index l of the exogenous 

variable index e using the ARX technique 

   

new

e
  New coefficient of the exogenous variable index e  to 

predict the target variable using the iterative Cochrane-

Orcutt technique   

   

p  Order of the non-seasonal autoregressive (AR) lag 

polynomial  

   

r  Order of the seasonal AR lag polynomial     

q  Order of the non-seasonal MA lag polynomial    

z  Order of the seasonal MA lag polynomial    
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Parameters  Explanation Unit 

p
  Non-seasonal AR lag polynomial of order p      

r
  Seasonal AR lag polynomial of order r     

q
  Non-seasonal MA lag polynomial of order q      

z  Seasonal MA lag polynomial of order z     

  Hyper parameter (tuning penalty) for Lasso model     

la  Weighting coefficient for the lag index l of a target 

variable  

   

y  Average measured value of the target variable at time t   tkW  

auik  Coefficient index u  of the attribute index a  for chiller 

index i   

   

ref
i

P  Nominal electric demand of chiller index i  at the 

reference condition  

 ekW  

ref
i

Q  Cooling capacity of chiller index i  at the reference 

condition  

 tkW  

ref
i

COP  COP of chiller index i  at the reference condition    

ty  Measured target variable at time t   tkW  

   

Variables  Explanation  Unit 

ynew

t  Transformed target variable at time t   tkW  

ˆ
ty  Predicted target variable at time t   tkW  

etx  Exogenous variable index e ’s value at time t   e.g., °C,  

new

etx  Transformed exogenous variable index e ’s value at time t   e.g., °C,  

t  Linear regression random error for a target variable at time 

t  

 tkW  

t  White noise associated with the target variable at time t   tkW  
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Variables  Explanation  Unit 

itELFT  ELFT of chiller index i  at time t   °C  

itCLFT  CLFT of chiller index i  at time t   °C  

T

itC  Correction factor for capacity as a function of the 

temperature of chiller index i  at time t  

.  . 

IRT

itE  Correction factor for energy input to cooling output ratio 

as a function of temperature for chiller index i  at time t  

   

IRTP

itE  Correction factor for energy input to cooling output ratio 

as a function of temperature and PLR for chiller index i  at 

time t  

   

itPLR  PLR for chiller index i  at time t     

itQ  Cooling demand for chiller index i  at time t   tkW  

it
P  Electric demand for chiller index i  at time t   ekW  

 

 Introduction 

Commercial and residential buildings are responsible for around 15% and 18% of CO2 

emissions in the United States (U.S.), respectively, spend about 40% of the total energy 

generated [1], and drive the peak electric demand in summer [174]. Typical approaches to reduce 

building energy use, energy-related costs and/or CO2 emissions are smart controls and/or 

optimization, energy storage, demand side management, and fault detection and diagnostics 

[175]. In particular, energy storage needs favorable utility electric rates as well as operation 

optimization to reduce existing energy consumption and associated costs while ensuring 

occupant comfort and carbon footprints reduction [176]. Optimization for coordinating and 

operating energy storage technologies requires accurate forecast of thermal and electrical power 

demand for prediction horizons that range from minutes to days. This forecast is especially 

crucial for real-time smart controls, such as model predictive control, to obtain accurate saving 

projections. It is also a crucial input for any optimization algorithm, to provide viable solutions 

whenever a special excitation (e.g., demand response) is imposed to the system [177]. Historical 
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thermal demand of buildings cannot be used for real-time optimization [55] but can serve for 

energy demonstrations or feasibility assessments [17].  

Predicting cooling demand is of great importance as cooling drives the peak electric 

demand in summer and is responsible for 8.5% of world’s total electricity consumption [129]. 

While there are many models to calculate and predict the electrical demand of district cooling 

systems using publicly available models [19, 156] and/or data provided by chiller manufacturing 

companies, one main input for electric models and the main predicting challenge is thermal 

cooling demand. Buildings and commercial districts cooling demand is highly stochastic and 

varies based on the operational (i.e., buildings and human beings) and climatic (i.e., weather 

conditions) disturbances. Typically, the cooling demand of commercial districts varies widely 

during a day such that the peak demand could be a couple of times higher than the base demand 

[178, 179], due to static and dynamic factors. Static factors include the sequence of operations 

specified at the design stage; however, dynamic factors are unknown and typically hard to 

measure due to their nature (e.g., occupancy). Dynamic factors include a diverse range such as a) 

outdoor weather condition and in a larger scale, the microclimate condition of the building 

location, b) operational schedules of different components such as chillers, indoor temperature 

setpoints (both heating and cooling), and interior lighting, and c) occupant related disturbances 

such as the time of classes, which introduces a significant number of occupants to the building. 

Researchers have been working on different ways to model and forecast cooling demand and 

Section 6.2.1 discusses the most outstanding literature in this area. 

 Literature review  

Modeling and forecasting are typically [56] considered as two distinct terms to make it 

easier to follow the dataset and the purpose that each dataset is utilized for. Train dataset is used 

for modeling with a general purpose of calibration while the test dataset is used for forecasting 

with the general purpose of validation. Modeling and forecasting thermal and electrical demands 

are typically done using whole-building energy modeling tools such as EnergyPlus [114, 180]. 

However, the accuracy of these models highly depend on the accuracy of the simulation model 

as well as the inputs [18] and these models typically have significant runtimes for the 

optimization purpose [18]. In addition, these physics-based modeling tools were originally 

developed for standalone buildings; therefore, using these modeling tools for a district-scale 
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requires a co-simulation technique to obtain the synergistic effects between buildings [16], which 

increases the runtime even more. Another way to model and forecast thermal and electrical 

demand is to consider uncertainty in the models to ensure the reliability of developed models to 

forecast the stochastic demand. In a district scale, there are only a few studies that follow this 

approach: Ma et al. [49] use the energy balance to calculate the historical cooling demand in the 

campus of University of California, Merced. The calculated demand is compared with the 

performance of previous years to find the worst-case scenario for the cooling demand given 

similar weather conditions. Based on the results, the campus cooling demand is modeled as a 

periodic disturbance with periodic envelope constraints that follows a probabilistic distribution 

concept, limiting the model to capture cooling demand disturbances that could be imposed to the 

campus due to changes in the operation schedule or extreme weather conditions. This method 

contains disadvantages associated with probability distribution; therefore, it does not satisfy the 

need for an accurate model that forecasts cooling demand. With the challenges pointed out for 

the whole-building energy modeling and uncertainty approaches utilization, other alternatives for 

modeling and forecast of thermal and electrical power demands need to be considered.  

An interesting alternative to whole-building energy modeling and uncertainty approaches 

is to use data-driven models for modeling and forecast of thermal and electrical power demands 

[161]. This is becoming more popular as buildings and commercial districts record large datasets 

[181], which is shown to be highly applicable for building energy modeling [182]. However, 

there are many data-driven methods and each method has its own pros and cons. Thus, it is 

important to compare them and provide application-based insights on the capability of different 

methods. Data-driven methods can be categorized into three branches: a) statistical, b) artificial 

intelligence (AI), and c) a combination of statistical and AI. The statistical branch of data-driven 

methods could be categorized as methods that model the behavior of the target variable merely 

based on the: 

 Present and past behavior: A linear or non-linear approach that models the behavior of 

the target variable merely based on its present and past behavior. This method could 

analyze and forecast time series data, but it does not consider any exogenous variable’s 

effect in the modeling procedure. ARIMA [160, 183, 184] is the most widely used 

technique for time series modeling and forecast [185]; however, it does not consider the 
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seasonal effects. Nonetheless, SARIMA integrates the seasonal effects with the ARIMA 

model and previous studies, such as [186], have reported promising results for this 

technique in terms of modeling and forecasting of time series with seasonal effects. 

 Exogenous variables: A linear or non-linear approach using regression techniques in 

which the behavior of the target variable is modeled merely based on exogenous 

variables [187]. OLS [188] is the simplest linear regression technique to perform and 

interpret the importance of different predictors. OLS could be the most efficient linear 

regression technique if the predictors are known and wisely selected, but the most 

important predictors are sometimes missing. Furthermore, studies usually neglect the 

complex interactions between different exogenous variables (e.g., multi-collinearity). 

Regardless, OLS is still the most basic technique to implement, which could also provide 

helpful insights for the implementation of more advanced techniques. Selecting the right 

predictors is a crucial task and Lasso is another technique that models the behavior of the 

target variable merely based on exogenous variables and is widely used for feature 

selection [57, 189].  

 Present and past behavior as well as the exogenous variables: A hybrid technique [161] 

that considers both the time series characteristic of the data as well as the exogenous 

variables. This approach has the benefit of both previous methods, but it needs significant 

number of parameters (e.g., AR terms) to be estimated since these parameters directly 

affect the accuracy of the developed model. ARX is a widely used technique in 

engineering [190] that models the behavior of the target variable using its present and 

past behavior as well as exogenous variables. In addition, due to the promising results 

obtained with SARIMA, SARIMAX is another hybrid technique that not only integrates 

seasonal effects with the present and past behavior of the target variable, but also utilizes 

right features to improve the modeling and forecast performance. SARIMAX contains a 

linear regression part that does not guarantee minimum variance and Cochrane-Orcutt 

[191] technique is introduced to resolve this issue.     

Besides the statistical techniques, there are a significant number of AI techniques, such as 

ANN, that are widely used for electrical demand modeling and forecast and have provided 

promising results [161, 192]. However, this study focuses on statistical data-driven techniques 
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due to interpretation problems associated with ANN’s black-box structure. In this respect, the 

explicit dynamics required between the target variable and exogenous variables is not clear with 

the ANN application [193]. 

 Contributions  

While there are many data-driven methods used in buildings [56], their application for 

forecasting cooling demand of commercial districts, specifically for sub-hourly timesteps, is very 

limited: Amasyali et al. report that 81% of studies that use data-driven methods are focused on 

nonresidential (i.e., industrial and commercial) building and only 12% of those are for sub hourly 

timesteps [182]. Furthermore, there is no study that compares a wide range of statistical 

techniques including OLS, Lasso, SARIMA, ARX, SARIMAX, and Cochrane-Orcutt to provide 

general insights and help researchers and model developers select the appropriate statistical 

technique for cooling demand modeling of commercial districts with field data available. This is 

especially important in optimizing commercial districts or connected communities that could 

provide larger impacts as opposed to standalone buildings due to: a) scale of commercial districts 

with technical facility staff which many times is not available in individual buildings, b) load 

diversity of different buildings in commercial districts due to the diverse primary use of 

embodied buildings, and c) affordability of central resources as buildings can collectively share 

infrastructure [194]. For example, there are around 2,400 institutions in the U.S. that offer 

undergraduate degrees and collectively spend around $6 billion per year on energy commodities 

[10]. In addition, many of these institutions and in general, commercial districts are moving 

toward being carbon-neutral and some have set ambitious goals to accomplish shortly [11, 72, 

74].  

The objective of this study is to compare six different statistical techniques for modeling 

and forecasting cooling demand in commercial districts, for sub-hourly timesteps and using field 

data. This cooling demand could be utilized to model and forecast the electric demand of 

chillers. As a showcase, this study utilizes the most accurate statistical technique obtained from 

the comparison conducted on modeling and forecast of cooling demand to model and forecast the 

electric demand of chillers in an all variable-speed chiller plant. The main chilled water loop on 

the Colorado School of Mines’ (hereafter Mines) campus is used as the validation test bed of this 

study. Mines is located in a cool and dry climate zone (ASHRAE climate zone 5B) [65] and this 
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particular chilled water loop provides chilled water for around 630,000 ft2 of floor space of 

Mines’ campus through an underfloor distribution line. 

 Methodology  

This study compares six statistical techniques to model and forecast cooling demand for 

commercial districts. The techniques are only presented for the cooling case, but they are 

applicable to heating applications as well. These six techniques contain representatives from 

each of the three categories of the statistical techniques including those that model the behavior 

of the target variable merely based on a) its present and past behavior (i.e., SARIMA), b) 

exogenous variables (i.e., OLS and Lasso), and c) its present and past behavior as well as 

exogenous variables (i.e., ARX, SARIMAX, and Cochrane-Orcutt). These statistical techniques 

are selected because of the reasons outlined in the introduction as well as the fact that they fit 

well in the scenario where building automation system (BAS) data is available. In addition, most 

electric chiller models such as Hydeman et al. [156], require cooling demand as an input to 

calculate chiller’s electric demand, which is also the most challenging part.  

Figure 6-1 shows the general flow for this study, as inputs for both cooling and electrical 

demand modeling are AMY weather data, historical BAS data, and day of the week. As with any 

data-driven method, part of the available data is utilized for model development using statistical 

techniques and another part for testing.  

All analyzed techniques are compared against test data and the model with the highest 

accuracy is coupled with Hydeman et al.’s model to calculate electric demand of electric chillers 

as a showcase for the importance of forecasting cooling demand. Lastly, six different techniques 

utilized for modeling and forecast of cooling demand are compared in terms of flexibility and 

interpretability. Flexibility of a technique is a qualitative measure that refers to the capability of 

models developed using that technique to be flexible and capture the overall trend and behavior 

of the dataset. Interpretability of a technique is also a qualitative measure in which models 

developed using techniques with higher interpretability are easier to be interpreted in terms of the 

significance of different predictors. 
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Figure 6-1 General flow for this study in which historic data from the BAS and AMY weather 
data are inputs for the analyzed statistical techniques and the technique with the highest accuracy 
for cooling demand modeling is coupled with Hydeman et al.’s model to predict the electric 
demand 

 Analyzed statistical techniques 

The structure of the techniques used for cooling demand modeling are briefly discussed 

in the following subsections. These techniques are presented in their general form as depending 

on the commercial district, different predictors could be utilized in modeling. 

 Ordinary least squares (OLS) and Lasso  

OLS technique minimizes the sum of the squared residuals between the actual and model 

predicted values of the target variable (see expression (6-1)). This is the most common technique 

for fitting a linear regression model, which the international measurement and verification 

protocol accepts as a technique for forecasting the energy consumption [195, 196]. The linear 

and additive structure between the predictors and target variable are the main advantages of OLS 

as it makes the model highly interpretable [57]. Nonetheless, with a significant number of 
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predictors, the OLS interpretability becomes an issue. For complex energy or demand 

predictions, OLS needs a large number of predictors to improve the accuracy of the linear 

regression model [195]. 

2
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y  
 

   
 

  etx  (6-1) 

OLS involves using a least square to fit a linear model based on the available predictors; 

however, not all the available predictors are important and selecting the highly effective 

predictors is not a trivial task even with a field knowledge. Some variables are usually missing 

and those might reflect themselves in other variables that are not physically important but due to 

the missing variables, are required to be included as a predictor. Lasso is a shrinkage technique 

as it determines the coefficients such that the coefficients for some of the predictors become 

exactly zero [57, 189]. Shrinking some of the predictors toward zero increases the model 

interpretability but with the cost of lower flexibility. Lasso minimizes expression (6-2) in which 

the first term is the same as the OLS and minimizes the sum of the squared residuals. The second 

term is a 1l  norm added with a tuning penalty of   and whenever the penalty is large, some of 

the coefficients become zero. The appropriate value for the penalty is usually determined using 

the grid-search technique with a k-fold cross-validation. 
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 Autoregressive with exogenous variables (ARX) 

ARX technique provides a representation of the system dynamics driven by exogenous 

variables and lagged values of the target variable [197, 198]. ARX minimizes expression (6-3) in 

which a parametric analysis is typically utilized to determine the order of the set of lag times for 

both the target variable and predictors. This study uses GEKKO optimization package [125] in 

Python to conduct ARX modeling. 
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 Seasonal autoregressive integrating moving average (SARIMA) and SARIMAX 

In time series data, there are usually autocorrelation remained in the residuals of 

regression-based models as some of the important exogenous variables are missing. Studies [199, 

200] have typically used ARIMA technique to deal with the autocorrelation of residuals; 

however, due to the operational and climatic conditions in academic and/or research campuses, 

variables usually have a seasonality feature embodied in their structure, which requires the 

implemented technique to also address seasonality. The general form of the SARIMAX is 

presented in Eqs. (6-4) - (6-10). SARIMA does not have the exogenous variable implemented; 

therefore, Eqs. (6-5) - (6-10) represent a general SARIMA model. 

ˆ
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An example can give some light to the lag operators ( L and s
L ). In academic and/or 

research campuses, there is a daily seasonality present in the data that depending on the 

implemented data fidelity, seasonality order varies from 24 (hourly) to 96 (15-minute). In this 

respect, a SARIMA(X) technique with a non-seasonal order of (1,0,0) and a seasonal order of 

(1,0,0,96) has the structure explained in Eqs. (6-11) - (6-13): 

1 1( ) ( )s
L L t    t t   (6-11) 

1 1(1 )(1 )s
L L t    t t   (6-12) 

1 1 1 1 1 1s s
t          t t t t t      (6-13) 

This study uses the ACF and PACF plots [164] to have initial estimation of the seasonal 

and non-seasonal AR, MA, and differencing terms. In addition, grid-search technique [165] is 
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implemented based on the R-squared and penalized likelihood criteria to obtain the proper order 

of the SARIMA. 

 Cochrane-Orcutt 

Similar to SARIMAX, Cochrane-Orcutt [191] is a hybrid statistical technique that takes 

advantage of a regression structure using important exogenous variables as well as time series 

characteristics of the remaining residuals. Time series data address the lack of important but 

missing predictors using the instantaneous and reoccurring patterns of the remaining residuals 

after implementing regression-based models [191]. Nonetheless, SARIMAX has the problem 

that the coefficients for the linear regression part does not guarantee minimum variance structure 

and Cochrane-Orcutt suggests a transformation to deal with this issue; therefore, it follows an 

iterative structure. Given that Cochrane-Orcutt takes advantage of SARIMAX with some 

transformations and is not well discussed in literature, this study provides further explanations 

for this technique on how to obtain the coefficients. The following algorithm describes the 

essence of this technique and the steps to develop and obtain the associated coefficients. 

a) A multiple linear regression is fitted to the training dataset and the model residuals are 

obtained using expression (6-4). 

b) The ACF and PACF plots of the residuals, obtained in step (a), illustrate the presence or 

absence of autocorrelation. If there is autocorrelation present in the residuals, next steps 

should be followed. Otherwise, the model obtained in step (a) is sufficient. 

c) A grid-search technique is implemented to obtain the appropriate order of AR and MA 

terms in a SARIMA model. Furthermore, the ACF plot obtained in the previous step 

provides insights about the seasonality of the residuals. 

d) Stationarity of the residuals is checked with the ADF and KPSS tests. 

e) From steps (c) and (d), the appropriate SARIMA model is implemented as shown in Eq. 

(6-5). 

f) The coefficients of the SARIMA model implemented on the residuals are used to 

transform the target and independent variables using the transformations presented in 

Eqs. (6-14) and (6-15). 

( ) ( )s
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p rL L t   new

et etx x  (6-15) 

g) Multiple linear regression is used to fit a model using the transformed data. If the new 

coefficients for the independent variables of the transformed dataset are within a small 

range from the original dataset (Eq. (6-16)), the anti-transformation is applied on the 

transformed dataset. 

new

e e     (6-16) 

After fitting the aforementioned techniques explained in Sections 6.3.1.1 - 6.3.1.4, the 

residuals plot are investigated to perceive if the implemented technique adequately captures the 

target variable (i.e., cooling demand). The residuals of an accurate model are expected to be 

white noise; therefore, they should have the following characteristics: 

 The residuals are not autocorrelated. If the residuals are autocorrelated, then there is still 

information remained in the residuals that are not captured by the utilized technique. In 

this case, depending on the level of accuracy required, computational burden, and 

available predictors, there are still chances for model improvement.  

 The residuals have a mean of zero, which implies that they are not biased.  

 The residuals have a constant variance and normal distribution. 

 Comparative metrics  

 The analyzed statistical techniques are compared with different accuracy metrics 

including MSE, RMSE, CV-RMSE, MBE which are represented by Eqs. (6-17)-(6-20), as well 

as R-squared. Eq. (6-17) calculates the mean square error metric, which is the average of the 

squares of the errors; however, Eq. (6-20) represents the mean bias error metric that captures the 

average bias in the prediction. MBE represents the model’s systematic behavior to under or over 

predict. RMSE, calculated by Eq. (6-18), presents the average error between the model and 

measurement values. CV-RMSE, calculated by Eq. (6-19), measures the variability of the errors 

between measured and modeled values. Previous studies [114, 201] use ASHRAE Guideline 14 

[202] to assess the accuracy using CV-RMSE and normalized mean bias error; however, this 

study assesses accuracy with more than only two metrics to ensure reliable results. R-squared is a 

widely used regression performance metric [57], which reflects the portion of the variance that is 

explained by the regression. However, as the number of predictors increase, the R-squared metric 
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increases accordingly, which is a potential problem with this metric as it makes the R-squared 

not a true performance reflector for a collection of models with different number of predictors. In 

general, to select a model with the best performance with respect to the test error, two 

approaches are usually followed: a) indirect estimation of the test error by adjusting the train 

error such that it accounts for the overfitting and b) direct estimation of the test error using a 

validation dataset or k-fold cross-validation [57]. Studies usually use train and test split or cross-

validation techniques; however, these ignore the temporal dependence of the time series data and 

they are counterintuitive with the models that use lag values. Thus, this study uses a train and test 

split that respects the temporal dependence of the time series whenever the model uses only 

exogenous variables (i.e., OLS and Lasso) and/or lag values (i.e., ARX, SARIMA, SARIMAX, 

and Cochrane-Orcutt). In addition, this study also uses a k-fold cross-validation technique 

whenever the temporal feature of the data is not of interest for the implemented technique (i.e., 

OLS and Lasso). 
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 Chillers electric demand modeling  

Once cooling demand is modeled and accurately forecasted using one of the 

aforementioned statistical techniques, Hydeman et al.’s [156] model for electric chillers is used 

as a showcase for the application of cooling demand model. Hydeman et al.’s model for electric 

chillers depends on the ELFT, CEFT or CLFT, and PLR that are used in three performance 

curves as follows: a) capacity as a function of ELFT and CLFT, b) energy input to cooling output 

ratio as a function of ELFT and CLFT, and c) energy input to cooling output ratio as a function 

of CLFT and PLR. Specifically, this study uses the CLFT instead of CEFT despite the majority 
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of literature as previous studies show that models developed based on CLFT are more accurate 

[156]. 

With the notations explained, the performance curves are as shown in Eqs. (6-21)-(6-23) 

[156]. 
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In Eq. (6-23), the itPLR  is calculated using Eq. (6-24) [156], where the actual cooling 

demand ( itQ ) imposed to the chillers is forecasted using the technique that provides the highest 

accuracy for cooling demand model (see Section 6.3.1). This cooling demand is introduced to the 

chillers and chillers provide this cooling by adjusting the chilled water flow rate and the 

temperature difference between the evaporator entering and leaving fluid temperatures (i.e., 

energy balance). 
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Eqs. (6-21)-(6-23) are then used in Eq. (6-25) to calculate the electric demand of electric 

chillers [156]. 
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 Standardized data-driven analytic framework  

Data-driven models development requires certain steps to be followed, which include: a) 

data cleaning and processing, b) model training, c) hyper parameter tuning (if applicable), and d) 

model validation and testing. Therefore, raw data from BAS are required to be cleaned and 

processed to solve any issues with a) missing data, b) duplicated data, and c) outliers. After 

cleaning and processing the data, model training involves using a train dataset to develop a 
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model for the target variable of interest. Some models such as Lasso require a hyper parameter 

tuning. This hyper parameter is indicated with   in expression (6-2). Finally, model validation 

and testing is performed using the test dataset.     

In this respect, for electric chiller model development, coefficients of Eqs. (6-21)-(6-23) 

are derived using the variables obtained from the BAS. Figure 6-2 shows the flowchart of steps 

followed to train the models (i.e., derive the coefficients of these performance curves) [167]. 

BAS’s cleaned data is split into train and test datasets with 70% of the data used for train and the 

rest for testing, which is in line with previous study [168] that suggests a test dataset with 20-

30% of the data provides the most accurate results in terms of MSE. Capacity as a function of 

temperature is calculated as evaporator’s load divided by the design load for the train dataset, 

and based on its value, the train dataset is split to full- and part- load sets. The reason for this 

split is the fact that Eq. (6-22) is for the full-load operation while Eq. (6-23) is for the part-load 

operation. Energy Input to cooling output ratio is calculated using the full-load dataset. Based on 

the capacity as a function of temperature and energy input to cooling output ratio calculated, the 

coefficients of Eqs. (6-21) and (6-22) are derived. Using the calibrated Eqs. (6-21) and (6-22), 

the value of capacity as a function of temperature and energy input to cooling output ratio are 

calculated for the entire training dataset. The value of energy input to cooling output ratio as a 

function of temperature and PLR is then calculated to derive the coefficients of Eq. (6-23). Using 

the calibrated Eqs. (6-21)-(6-23), the electric demand of the associated chiller is calculated using 

Eq. (6-25). 

 Field data 

This study uses Mines’ chiller plant six as the test bed for the proposed methodology. 

This chiller plant provides chilled water for seven building with approximately 630,000 ft2 of 

floor space. The buildings in this chiller plant are only seven out of around 80 buildings on 

Mines’ campus but they contribute to around 20% of Mines’ energy-related and 40% of its 

electricity-related costs. Chillers installed in chiller plant six are York’s YKK2K3H9-CRGS 

model with 650 tons of refrigeration capacity and variable speed centrifugal compressors. These 

chillers are around 10 years old and currently operate based on the “lead and lag” strategy. 

Currently, the ELFT setpoint for these two chillers is set to be 42.5 °F. Therefore, for the lead 

chiller, the ELFT is typically close to this setpoint and it also stands true for the lag chiller when  
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Figure 6-2 Flowchart of the steps required for electric chiller model development 

it operates. We have conducted two setpoint setback tests to obtain performance data for chiller’s 

operation at different setpoints. In test one and two, we changed the current ELFT setpoint (i.e., 

42.5 °F) to 44 °F and 46°F, respectively. Test one lasts for 18 hours and test two lasts for 91 

hours. Mines measures numerous variables with varying sampling fidelity from 10-second to 15-

minute in three platforms including Niagara- R2, AX, and N4. In this study, for the purpose of 

modeling and forecast of cooling and electrical demand, 15 minute-fidelity data are utilized. 

There are more than 20,000 sensors installed on Mines’ campus and depending on the model to 

be developed, this study uses different sets of predictors including time series data for ELFT, 

EEFT, CLFT, CEFT, chilled water flow rate, OAT, and outdoor air relative humidity. In 

addition, all simulations of this study are conducted using a computer with a 64-bit operating 

system, Core i7-4790 (3.60 GHz) processor, and RAM of 24 GB. 

 Results and discussions for the test case 

 Thermal load characteristics of Mines’ chiller plant six 
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Figure 6-3(a) shows the 95% confidence interval of cooling demand for Mines’ chiller 

plant six for the days of a typical week in June – August 2019. The data presented in this 

subsection are measured data obtained from the BAS. For this analyzed period, the cooling 

demand in weekends does not change considerably compared to weekdays. Based on the 

analyzed period, there is a potential for cooling demand management for weekends because of 

the lower degree of thermal load imposed by occupants as well as fewer comfort constraints. 

Although a more accurate representation and conclusion should be drawn based on analyzing a 

longer period.  

 

(a) 

 

(b) 

Figure 6-3 95% confidence interval of cooling demand distribution for Mines’ chiller plant six in 
a typical a) week and b) day for June – August 2019 (note: the horizontal orange line shows the 
median of the data for a typical day or hour) 
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Figure 6-3(b) shows the cooling demand distribution for the same period but for a typical 

day in the analyzed period, the 95% confidence interval range becomes wider approaching the 

middle of the day and it gets narrow approaching end of the day. This periodic distribution is the 

main reason on why some prior studies such as [49] consider district cooling demand as a 

periodic constraint. However, this is a probability distribution modeling; therefore, carries all the 

pros and cons associated with probability modeling. As one of the benefits of this 95% 

confidence interval cooling demand profile, it can provide the probable times that the chiller 

plant six’s cooling demand could possibly pass a hypothetical threshold. 

 Predictors  

Mines’ BAS records significant number of variables that could potentially be used to 

predict the target variable of this study (i.e., cooling demand). However, this study takes two 

steps to select appropriate predictors which include: a) collinearity and b) multi-collinearity 

check. Initial list of predictors is based on the BAS control logic and chiller plants’ sequence of 

operations as well as discussions with Mines Facilities office. Collinearity check has been 

conducted by looking into the correlation matrix of the predictors since a high absolute value of 

any element in this matrix reveals a pair of variables that are highly correlated. We define a 

threshold of 0.4 to neglect one variable from a pair of variables that their associated correlation 

matrix element is higher than 0.4. In cases that the correlation matrix element is less than or 

equal to 0.4, after checking the multi-collinearity, both variables are utilized. The 0.4 threshold is 

defined considering the sample size as well as the p-value of the coefficients after considering all 

the predictors that might have collinearity with each other. This threshold is also confirmed with 

the p-value of the coefficients obtained after setting high thresholds. In this case, whenever the 

threshold is high, the p-value associated with the coefficient of one of the variables becomes 

high, which suggests a high probability that the null hypothesis is correct. Finally, to assess the 

multi-collinearity, variance inflation factor (VIF) [57] is utilized with the consideration that a 

VIF of more than 5 is problematic and the variable that shows a VIF of 5 is not considered as a 

predictor. 
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 Statistical techniques’ results  

 OLS and Lasso  

This study uses chillers’ ELFT, days of the week, OAT, and outdoor air relative humidity 

as predictors for modeling of cooling demand using OLS and Lasso. This is the largest set of 

predictors that is utilized for statistical cooling demand modeling considering all the criteria 

mentioned in Section 6.4.2 for predictors. One of the variables on the initial list of potential 

variables is the solar radiation; however, due to the high correlation of the OAT and solar 

radiation, the latter is neglected. To avoid having too many predictors as well as consolidating 

the weekdays that have close to 0.4 value in the correlation matrix, this study categorizes the 

weekdays into weekends, start and end days of the week (Mon and Fri), and middle days of the 

week (Tue, Wed, Thu) with respect to the operation of the Mines’ campus. This field knowledge 

is obtained based on the Mines’ operation schedule in which the campus is usually not at its full 

occupancy on start and end days of the week (i.e., Mon and Fri) and it usually is at its full 

occupancy at the middle days of the week (i.e., Tue, Wed, and Thu).  

Table 6-1 shows the coefficients obtained from OLS and Lasso with a randomized train 

and test split of cooling demand as the target variable and chiller’s ELFT, days of the week, OAT, 

and relative humidity as predictors. As shown in Table 6-1, OLS coefficients for days of the week 

are an order of magnitude smaller than other predictors since for the analyzed data, cooling 

demand is not highly dependent on the weekdays and for a typical week there is not a significant 

variation in the cooling demand (see Figure 6-3(a)). The R-squared value for the randomized test 

dataset of OLS and Lasso are 0.47 and 0.46, respectively. These R-squared values are relatively 

low, indicating that OLS and Lasso are only capable of capturing around half of the variances 

that are present in the test dataset. OLS coefficients never become exactly zero; however, the 

coefficients obtained from Lasso become exactly zero for different predictors including relative 

humidity, Sat-Sun, Mon-Fri, and Tue-Wed-Thu (see Table 6-1). Even though Lasso uses a lower 

number of predictors, the technique performs similar to OLS in terms of the residuals obtained 

after using Lasso for cooling demand as the target variable and chillers’ ELFT and OAT as 

predictors. Figure 6-4 shows the normalized residuals obtained from the OLS and Lasso 

regressions and shows that both techniques do not successfully capture a considerable amount of 
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variances in the data (i.e., both train and test datasets). Because OLS and Lasso do not use the lag 

values, the ACF and PACF plots are not presented for them. 

Table 6-1 Coefficients of OLS and Lasso with normalized data of cooling demand as the target 
variable and chillers’ ELFT, days of the week, OAT, and relative humidity as predictors 

 OLS Lasso 

Constant 0.123 0.301 

Chiller one – ELFT -0.265 -0.237 

Chiller two – ELFT -0.193 -0.165 

OAT 0.697 0.511 

Relative humidity 0.160 0.0 

Sat – Sun 0.031 0.0 

Mon – Fri 0.043 0.0 

Tue – Wed – Thu 0.048 0.0 

 

 

Figure 6-4 Normalized residuals of the train and test datasets using OLS and Lasso for cooling 
demand modeling with chillers’ ELFT and OAT (for both Lasso and OLS) and relative humidity 
and days of the week (only for OLS) as predictors 

Table 6-2 shows 5-fold cross-validation results for Lasso and OLS in which OLS has a 

higher mean value for the 5-fold cross-validation due to the higher number of the predictors 

implemented. However, Lasso has higher interpretability compared to the OLS due to the lower 
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number of predictors. Overall, both OLS and Lasso do not perform well in terms of capturing the 

variances in the data (in average only around 25% captured). 

Table 6-2 Five-fold cross-validation for OLS and Lasso on cooling demand using the R-squared 
metric 

 5-fold cross-validation Mean 

OLS -0.205 0.172 0.345 0.541 0.366 0.244 

Lasso -0.306 0.170 0.320 0.460 0.371 0.203 

 

 ARX 

This study uses chillers’ ELFT, OAT, and relative humidity as the ARX exogenous 

variables with different lag steps. Days of the week predictors (i.e., Sat-Sun, Mon-Fri, Tue-Wed-

Thu) are neglected because of the results obtained from OLS and Lasso as well as the cooling 

demand behavior illustrated in Figure 6-3(a). Cases with different lag steps for both target and 

exogenous variables are presented in Table 6-3. To respect the temporal dependence of the data 

as ARX uses lag values, this study uses the last two weeks of August 2019 as the test dataset. For 

the train data, the R-squared of the ARX technique is identical for the case with 2 and 4 lag steps 

and due to the lower runtime of the case with 2 lag steps, this study uses 2 lag steps to test the 

developed model for train dataset on the test dataset. Figure 6-5 shows the residuals for ARX 

with 2 lag steps for the entire dataset (i.e., both train and test datasets). Figure 6-6 shows ACF 

and PACF plots used to inspect the residuals for any information that might have remained in the 

residuals. Based on the ACF plot, the seasonality is remained in the residuals as ARX does not 

capture the seasonality in the data similar to OLS and Lasso. However, this could be resolved by 

removing the seasonality of the data before implementing ARX. 

 SARIMA and SARIMAX 

While previous techniques run relatively smooth on our workstation, the workstation 

tends to run out of memory when performing a SARIMA with 15 minute-fidelity data for the 

months of June – August 2019. Therefore, hourly averaged data are utilized for SARIMA to 

obtain the model order using grid-search technique and use that model to train the 15 minute-

fidelity data points for a shorter period of time to avoid the aforementioned memory issue. 
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Table 6-3 Coefficients of the ARX technique with various numbers of lag steps as well as the 
train period R-squared (note: cooling demand is the target variable) 

 
1 lag step 

2 lag steps 4 lag steps 

Lag 1 Lag 2 Lag 1 Lag 2 Lag 3 Lag 4 

Target variable 1.129 2.046 -1.048 2.890 -3.313 2.146 -0.723 

Chiller one - ELFT 0.067 0.024 -0.025 0.018 0.138 -0.247 0.091 

Chiller one - ELFT 0.029 0.038 -0.038 0.171 -0.327 0.578 0.783 

OAT -0.616 -0.022 0.023 0.434 0.578 0.047 -0.192 

Relative humidity  -0.005 0.004 -0.004 -0.354 0.783 -0.524 0.094 

R-squared  0.5 0.53 0.53 

 

 

Figure 6-5 Normalized residuals obtained from the ARX with 2 lag steps for the target variable 
(i.e., cooling demand) and exogenous variables (i.e., chillers’ ELFT, OAT, and relative humidity) 

The grid-search technique is implemented over a range of combinations of seasonal and 

non-seasonal orders of zero to three. The non-seasonal and/or seasonal differencing terms are 

zero or one, which is obtained after implementing higher differencing terms and investigating the 

behavior of the target variable in terms of stationarity. Higher than one differencing terms make 

the target variable non-stationary; therefore, only zero and one differencing terms are utilized. 

Grid-Search technique performs an exhaustive search of about 1,000 different SARIMA models 

for cooling demand and as shown in Figure 6-7, increasing the model order does not always lead 
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to a better performance in terms of R-squared metric and penalized likelihood criteria and it is 

usually a trade-off between small improvement in accuracy and significant increase in runtime 

and computational burden. For instance, there are combinations of the AR, MA, and differencing 

terms that could result on a very close R-squared value but the computational expense is 

significantly different. In this respect, for this case a model with a non-seasonal order of (1,1,0) 

and seasonal order of (3,1,3,24) has the same R-squared value and penalized likelihood criteria 

as a model with a non-seasonal order of (0,1,1) and a seasonal order of (0,1,1,24). 

 

(a) 

 

(b) 

Figure 6-6 ACF and PACF plots of residuals obtained after using ARX for cooling demand 
modeling with 2 lag steps and OAT and relative humidity as exogenous variables 
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Based on the grid-search technique results, this study uses a model with the non-seasonal 

order of (0,1,1) and seasonal order of (0,1,1,24) for the hourly averaged (S=24) data. Figure 6-8 

shows the normalized residuals for the entire dataset obtained with this model. Figure 6-9 shows 

the ACF and PACF plots of the residuals for this model and indicates that there is not any 

significant dependence on the lag values remained in the residuals. 

 

Figure 6-7 R-squared values for different combinations of the SARIMA model for cooling 
demand obtained with the grid-search technique (S=24) 

 

Figure 6-8 Residuals obtained for train and test periods using a SARIMA model for cooling 
demand with a non-seasonal order of (0,1,1) and a seasonal order of (0,1,1,24) 
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(a) 

 

(b) 

Figure 6-9 ACF and PACF plots of the residuals using a SARIMA model with a non-seasonal 
order of (0,1,1) and a seasonal order of (0,1,1,24) with daily seasonality (S=24) 

Figure 6-10 shows 15-minute predictions and data from SARIMA with a non-seasonal 

order of (0,1,1) and a seasonal order of (0,1,1,96), trained for a shorter period (i.e., only 3 weeks 

in August). This illustrates that although the prediction with SARIMA is more accurate 

compared to the previous models, there is still some information remained in the residuals that 

prevents a higher forecast accuracy. 
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SARIMAX uses important (based on insights obtained from previous statistical 

techniques) and available exogenous variables to address information remained in the residuals 

of SARIMA. For SARIMAX, the same order obtained with SARIMA is utilized and OAT is the 

exogenous variable implemented because of the high value of the OAT’s coefficient in OLS, 

Lasso, and ARX regressions. Table 6-4 shows the coefficients of the trained model with 

SARIMAX and comparing the coefficients with those of the SARIMA reveals that non-seasonal 

and seasonal MA terms have similar coefficients and the coefficient of the OAT addresses part of 

the remaining info in the residuals. Figure 6-11 shows the residuals for SARIMAX and 

illustrates that the extremes are still apparent in the residuals, which means that there are other 

missing but important exogenous variables that need to be implemented to capture those 

extremes. This could be missing exogenous variables such as occupancy, which is not recorded 

for this particular district (i.e., Mines’ campus). 

Table 6-4 Coefficients for SARIMA and SARIMAX with daily seasonality (S=96) 

Predictor 
SARIMA SARIMAX 

Coefficients Coefficients 

OAT NA 0.2669 

MA-nonseasonal -0.8225 -0.8479 

MA-seasonal -0.9335 -0.9321 
 

 

Figure 6-10 Residuals obtained for test period using SARIMA with a non-seasonal order of 
(0,1,1) and a seasonal order of (0,1,1,96) to model cooling demand with daily seasonality (S=96) 
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Figure 6-11 Residuals obtained for test period using SARIMAX with a non-seasonal order of 
(0,1,1) and a seasonal order of (0,1,1,96) and OAT as the exogenous variable to model cooling 
demand with daily seasonality (S=96) 

 Cochrane-Orcutt  

Finally, the iterative Cochrane-Orcutt technique uses the OAT as the exogenous variable 

to model and forecast thermal cooling demand. After regressing a linear regression for thermal 

cooling demand on OAT, the ACF and PACF plots of the residuals suggest a SARIMA model 

with a non-seasonal order of (1,0,0) and a seasonal order of (1,0,0,96). As shown in Figure 6-12, 

the changes in the OAT coefficient is less than 1% for iteration number five; therefore, using the 

coefficients obtained in this section, the anti-transformation is applied. Figure 6-13 shows the 

residuals obtained after using the Cochrane-Orcutt technique. This figure shows large residuals 

for August 30 and 31; however, the residuals are fairly small compared to the residuals of other 

techniques such as OLS and lass (see Figure 6-4). Figure 6-14 shows ACF and PACF plots of the 

residuals. Both ACF and PACF plots of the residuals confirm that there is not any significant 

dependence between the residuals and their lag values, and this model performs well predicting 

the behavior of the cooling demand. 
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Figure 6-12 Coefficients estimate for different iterations of the Cochrane-Orcutt technique 

 

 

Figure 6-13 Residuals obtained from the Cochrane-Orcutt technique implemented to model 
cooling demand with a non-seasonal order of (1,0,0) and a seasonal order of (1,0,0,96) with OAT 
as the exogenous variable  
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(a) 

 

(b) 

Figure 6-14 ACF and PACF plots of the residuals obtained from the Cochrane-Orcutt technique 
implemented for cooling demand modeling with a non-seasonal order of (1,0,0) and a seasonal 
order of (1,0,0,96) with OAT as the exogenous variable 
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 Discussions  

 Comparative metrics 

Table 6-5 and Table 6-6 compare the accuracy of each analyzed technique to model and 

forecast cooling demand for the train and test dataset, respectively. All techniques have low MSE 

and most of them have zero MBE with exception of ARX for the train dataset, which 

systematically over predicts the target variable. For the test dataset (see Table 6-6), SARIMA 

and SARIMAX have lower CV-RMSE, RMSE, MSE, and MBE compared to OLS, Lasso, and 

ARX, and they have the second highest R-squared for both train and test dataset. However, 

Cochrane-Orcutt has the highest R-squared among all techniques. Both OLS and Lasso have 

similar accuracy in terms of different error metrics as well as the R-squared value obtained with 

a randomized train and test split. For the test dataset, SARIMA has lower CV-RMSE than ARX 

and adding an exogenous variable to the SARIMA model (i.e., SARIMAX) increases the CV-

RMSE by 10% and 25% compared to SARIMA and ARX, respectively. Overall, SARIMAX and 

Cochrane-Orcutt provide the most accurate results among all analyzed techniques. 

Table 6-5 Error metrics of cooling demand for train dataset with the OLS, Lasso, ARX with 2 
lag steps, SARIMA with a non-seasonal order of (1,1,0) and a seasonal order of (1,1,1,96), 
SARIMAX with a non-seasonal order of (1,1,0) and a seasonal order of (1,1,1,96) with OAT as 
the exogenous variable, and Cochrane-Orcutt with a non-seasonal order of (1,0,0) and seasonal 
order of (1,0,0,96) and OAT as the exogenous variable 

Error metrics 
Train 

OLS Lasso ARX SARIMA SARIMAX Cochrane-Orcutt 

MSE (kWth)2 0.02 0.02 0.02 0.01 0.01 0.01 

RMSE (kWth) 0.14 0.14 0.13 0.09 0.09 0.11 

CV-RMSE (%) 32.9 33.4 31.0 18.8 18.6 27.71 

MBE (kWth) 0.0 0.0 0.16 0.0 0.0 -0.01 

R-squared (-) 0.46 0.45 0.55 0.68 0.69 0.70 

 

Figure 6-15 shows all analyzed techniques and BAS cooling demand data for the last 

week of August 2019 using the anti-transformed data (i.e., data that is not normalized). In 

agreement with Table 6-5 and Table 6-6, both Cochrane-Orcutt and SARIMAX show the closest 
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agreement with the BAS data and follow the same trend, but cannot predict hourly variations 

while ARX predicts the hourly variations with some degrees of bias. 

Table 6-6 Error metrics of cooling demand for test dataset with the OLS, Lasso, ARX with 2 lag 
steps, SARIMA with a non-seasonal order of (1,1,0) and a seasonal order of (1,1,1,96), 
SARIMAX with a non-seasonal order of (1,1,0) and a seasonal order of (1,1,1,96) with OAT as 
the exogenous variable, and Cochrane-Orcutt with a non-seasonal order of (1,0,0) and seasonal 
order of (1,0,0,96) and OAT as the exogenous variable 

Error metrics 
Test 

OLS Lasso ARX SARIMA SARIMAX Cochrane-Orcutt 

MSE (kWth)2 0.02 0.02 0.01 0.01 0.01 0.01 

RMSE (kWth) 0.14 0.14 0.11 0.1 0.09 0.09 

CV-RMSE (%) 32.0 32.7 25.2 22.3 20.1 18.99 

MBE (kWth) 0.0 0.0 0.0 0.0 0.0 -0.01 

R-squared (-) 0.49 0.47 0.58 0.68 0.74 0.84 

 

 

Figure 6-15 Comparison of the actual and modeled cooling demand for the anti-transformed data 
presented for the last week of August 2019 
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 Flexibility vs. interpretability  

Flexibility and interpretability are significant properties of any data-driven model. 

However, there is no explicit metric to quantify the value for flexibility and interpretability [57] 

and the discussions provided in this section are a qualitative assessment rather than a quantitative 

one. In general, flexible models have lower degrees of interpretability, and there is always a 

trade-off between flexibility and interpretability. Out of the six statistical techniques presented 

for modeling and forecast of cooling demand, Lasso is the model that has the higher 

interpretability. This is because Lasso sets some coefficients exactly equal to zero, which makes 

the model more interpretable. OLS has more flexibility compared to Lasso, but the 

interpretability level is lower. In models that use the lag values of the target variable as a 

predictor, the interpretability is considerably lower than models that only use exogenous 

variables (i.e., OLS and Lasso). However, following the previous trend, the flexibility is higher. 

Figure 6-16 qualitatively summarizes the flexibility versus interpretability for the six statistical 

techniques utilized in this study. As Figure 6-16 shows, Cochrane-Orcutt has higher 

interpretability and flexibility compared to SARIMA and SARIMAX. It also has higher 

flexibility compared to ARX, but the interpretability is lower. The higher the flexibility, the 

higher the ability of the technique to capture the behavior of the target variable. Remarkably, the 

accuracy of these statistical techniques has a close relation (qualitatively) with the easiness to 

implement them. For instance, implementing a Lasso technique is more straightforward 

compared to SARIMA and they both have the same relation with Cochrane-Orcutt. 

 

Figure 6-16 Flexibility vs. interpretability for different statistical techniques used for cooling 
demand modeling and forecast 
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 Electric demand prediction  

For electric demand modeling and forecast of chillers, this study initially uses design data 

provided by Johnson Controls for four different ELFTs (i.e., 42, 44, 45, 46 °F) and a CEFT of 65 

°F. Each dataset (e.g., ELFT of 42 and CEFT of 65 °F) has 10 data points starting from a PLR of 

10% and an identical increase of 10%. Using this dataset (i.e., 40 points) did not provide an 

accurate model in terms of widely used error metrics (e.g., MSE, RMSE). Accordingly, as-

operated BAS data are used to develop chiller models instead of as-built manufacturer’s data. 

Therefore, the models are developed based on the prior operation of the chiller plant, which leads 

to different performance curves’ coefficients for two identical chillers of the chilled water plant 

six on Mines’ campus. Table 6-7 shows the statistical characteristics of the as-operated data used 

in the model development procedure. The third quartile of the data for chiller one’s ELFT is 

around 43 °F and reveals that the model works more reliably for lower ELFTs.  

Table 6-7 Statistical characteristics of the BAS data used for chiller models development 

 Chiller one – ELFT CLFT 

Count  8832 8832 

Mean (°F) 43.4 70.1 

Standard deviation (°F) 1.6 3.4 

Min / Max (°F) 40.0 / 50.0 56.6 / 83.4 

First quartile (°F) 42.7 68.0 

Second quartile (°F) 42.8 69.7 

Third quartile (°F) 43.1 72.3 

 

The developed time-invariant coefficients (i.e., Eqs. (6-21)-(6-23)) for chiller one of this 

chilled water plant are presented in Table 6-8. Figure 6-17 shows the comparison of actual 

electric demand of chiller one with the electric demand predicted using the developed chiller 

model, which implements the cooling demand predicted by the Cochrane-Orcutt. As shown in 

Figure 6-17, the model follows same trend as data and Table 6-9 shows chiller one’s error 

metrics. CV-RMSE and R-squared have similar values to Cochrane-Orcutt. The reason for the 

large difference between MSE and MBE in Table 6-9 is the fact that the summation in MSE (Eq. 
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(6-17)) is on the squared value of the errors while the summation in MBE (Eq. (6-20)) is on the 

error values. 

Table 6-8 Performance curves’ coefficients for chiller one of Mines’ chilled water loop six (time 
invariant) 

Coefficient number 1
T

t
C  1

IRT

t
E  1

IRTP

t
E  

One 0.454053 1.0 0.484001 

Two 0.066505 -0.075080 -0.047097 

Three -0.006819 -0.003889 0.001458 

Four 0.006610 -0.013084 1.378843 

Five -0.000159 0.000002 -0.136865 

Six 0.001618 0.005398 -0.018968 

Seven NA NA 0.023222 

 

 

Figure 6-17 Comparison of the actual electric demand measured on Mines’ chilled water plant 
six with the model-based electric demand obtained after using the developed chiller model by 
Eq. (6-25) with the predicted cooling demand using Cochrane-Orcutt 
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Table 6-9 Error metrics obtained for predicting the electric demand of chiller one in Mines’ 
chilled water plant six 

Error metric Test dataset 

MSE (kWe)2 517 

RMSE (kWe) 22.7 

CV-RMSE (%) 17 

MBE (kWe) 3.5 

R-squared (-) 0.81 

 

Figure 6-18 shows chiller one’s COP as a function of the flow rate at constant ELFTs in 

which the ELFT values are rounded to two significant digits. The scatter plot shown in Figure 

6-18 has 769, 1860, 1001, 16, and 7 data points for ELFTs of 42.6, 42.8, 43, 44, and 45 °F, 

respectively. As explained in Section 6.3.4.1, the data is heavily sided at 42.5 °F because that is 

the regular ELFT setpoint of chillers at Mines’ chiller plant six. However, due to the setpoint 

setback tests conducted by us at 44 and 46 °F over a period of about 2 and 4 days, respectively, 

we have been able to capture the behavior from 42.5 to 46 °F. The data trend shows that 

increasing the flow rate, increases the COP of chiller one; however, even at constant values of 

ELFT and flow rate there is a wide distribution for the calculated COP values. This distribution 

is because of the COP’s dependence on CLFT. Figure 6-18 suggests that ELFT is not the only 

determining factor on increasing the chiller’s COP or decreasing its electric demand and full 

consideration should also be given to CLFT. Therefore, implementing an ELFT setpoint setback 

might not decrease the chiller’s electric demand depending on the actual CLFT. 

Figure 6-19 shows chiller one’s electric demand as a function of ELFT at constant CLFTs 

and PLRs. For a constant ELFT, increased PLR increases the chiller’s electric demand. Also, 

CLFT’s impact is shown to be significant even compared to ELFT. At a CLFT of higher than 

70°F, even a setback on ELFT has adverse effects on the electric demand of chillers. In this 

respect, Figure 6-19 shows that at a CLFT of 75°F, chiller’s electric power demand experiences a 

slight increase of around 5% by increasing the ELFT from 42 to 45 °F for both PLRs of 60% and 

80%. 
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Figure 6-18 COP of chiller one as a function of flow rate at constant ELFTs (note: there are 769, 
1860, 1001, 16, and 7 data points for ELFT of 42.6, 42.8, 43, 44, and 45° F) 

 

 

Figure 6-19 Chiller one’s electric demand as a function of ELFT at constant CLFT and PLRs 
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 Conclusions  

This study compares six different statistical techniques -- including OLS, Lasso, ARX, 

SARIMA, SARIMAX, and Cochrane-Orcutt for modeling and forecast of cooling demand in 

commercial districts. As a test bed, this study focuses on Colorado School of Mines’ largest 

chilled water plant and uses the aforementioned statistical techniques to model and forecast its 

cooling demand. With the implemented predictors, OLS and Lasso have a weak perform, with a 

normalized RMSE of 0.14 kWth, CV-RMSE of around 33%, and R-squared of around 0.5, which 

means OLS and Lasso are only able to capture around half of the existing variance in the data. 

ARX also does not provide accurate results for cooling demand modeling and forecast even with 

a high number of lag values implemented. Selecting a technique between the six different 

statistical models utilized for modeling and forecast of cooling demand is usually a trade-off 

between flexibility and interpretability. SARIMAX and Cochrane-Orcutt provide the most 

accurate results in terms of the error metrics and they are recommended as techniques to be 

utilized for accurate modeling and forecast of cooling demand in commercial districts. In this 

study, Cochrane-Orcutt is selected because of slightly better performance in terms of error 

metrics and higher flexibility and interpretability compared to SARIMAX. The forecasted 

cooling demand using the Cochrane-Orcutt has an R-squared value of 0.84 for the test dataset of 

this study and is coupled with Hydeman et al.’s electric chiller model to predict the electric 

demand of electric chillers. The RMSE, CV-RMSE, and R-squared of the developed electric 

chiller model compared to the measured data from the Mines’ campus are 22.7 kWe, 17 %, and 

0.81, respectively. All aspects considered, this study recommends both SARIMAX and 

Cochrane-Orcutt as reliable techniques for modeling and forecast of cooling demand. All the 

techniques compared in this study are in the category of statistical data-driven techniques; 

however, considering the intensive research currently being conducted on AI and hybrid data-

driven approaches, further investigation is required in those areas. 
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ELECTRIC COST MINIMIZATION FOR THE AIR- AND WATER- SIDE HVAC SYSTEMS 

IN COMMERCIAL DISTRICTS   

 

Chapter 7 discusses the methodology for the integration of airside and waterside HVAC 

systems and describes both the holistic optimization methodology and the dynamic model 

development of the airside variables and components. The proposed optimization methodology 

of this chapter combines the contributions outlined for the waterside of the HVAC system in 

Chapter 5 with the airside components optimization. The effectivity of these methodologies is 

demonstrated for three buildings of the proof-of-concept demonstration campus. These three 

buildings are selected for two reasons: a) BAS data availability for model development and b) 

their contribution to the total cooling demand of their associated chilled water loop. The cooling 

demand imposed by other buildings of the loop remains intact.        

 Air- and water- side integration concept  

Airside optimization of the HVAC system follows a holistic approach (see Figure 7-1) as 

a supervisory MPC is implemented to optimize the airside of the HVAC system. In general, 

airside HVAC system optimization can focus on VAVs, FCUs, reheat control, operation 

schedules, supply and return fans, outdoor air flow rate, and damper position. However, this 

thesis focuses on the airside optimization by manipulating the discharge air temperature setpoint, 

recirculation air ratio, and outdoor air flow rate because a) previous studies such as [42], b) our 

field experience, and c) sequence of operations suggest these three as the common manipulated 

variables with the highest impact potential for the airside of the HVAC system. The overall 

integrated optimization is to minimize the electricity charges not only imposed by the airside 

components, but also the electricity charges associated with all the waterside components (see 

Chapter 5).  
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Figure 7-1 Block diagram of the proposed supervisory control system (long dash dot sections 
represent the proposed supervisory control structure) added to the airside of the HVAC system 
(i.e., AHUs) 

This thesis monitors occupant comfort by the return air temperature and air flow rate. 

Ideally, return air temperature and air flow rate should be recorded for every occupied zone in 

commercial buildings; however, that typically is not the case and most commercial buildings 

only have real-time monitoring of this data without any recording. Therefore, this study proposes 

an AHU-level approach due to the number of buildings in a commercial district as well as the 

significant impact of AHU’s supply and return fans on electricity charges.  

Figure 7-2 shows the schematic of a typical AHU with a return duct. Commercial 

buildings might have one or more AHUs to supply conditioned air to different spaces. The 

supply fan VFD, at the AHU-level, modulates the fan speed to provide conditioned air to 

different spaces of the building based on the static pressure setpoint. For systems with direct 

digital control over each zone box, ASHRAE Standard 90.1 requires a reset for this setpoint. 

Thus, the system setpoint is set equal to the zone that requires the most pressure [203]. The 

return fan typically follows the supply fan at lower speeds to maintain a positive pressure and 

remove the indoor air. This removed indoor air is either partially mixed with the outdoor air or is 

completely exhausted. In office spaces and classrooms, a percentage of the return air is typically 

mixed with the outdoor air to reduce ventilation loads. The percent of recirculated air is defined 

by the building sequence of operations and depends on time of the day, carbon-dioxide 

concentration, and/or outdoor air temperature.  
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Figure 7-2 Conceptual schematic of a typical AHU 

Return air is mixed with the outdoor air inside a mixing chamber, and the mixed air is 

preheated, cooled down, or reheated depending on outdoor air conditions. Mixed air is filtered 

before passing through heating and cooling coils using MERV8 and/or MERV13 filters to 

remove large and small particles. The majority of research labs and dorms tend to use 100% 

outdoor air at each cycle combined with an energy recovery unit to reduce ventilation loads.  

The connection between the air- and water- side optimization of the HVAC system is 

carried by the simultaneous optimization of both the airside and waterside components as shown 

in Figure 7-3. The airside optimization of this integrated system is conducted by the 

minimization of both thermal load and electricity charges imposed by the fans. The waterside 

optimization is carried with the electricity charges minimization imposed by all the involved 

waterside components that consume electricity (i.e., chillers, cooling towers, and pumps). 
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Figure 7-3 Block diagram of the proposed supervisory control system for the integrated air- and 
water- side optimization of the HVAC system (long dash dot sections represent the proposed 
supervisory control structure) added to a typical electric chiller plant (dashed arrows represent 
the electric demand of chillers, primary, secondary, and cooling tower pumps, cooling tower 
fans, and supply and return fans of AHUs) 

 Airside optimization variables  

In addition to the action and control variables discussed in Chapter 5, integrating the 

airside optimization with the waterside requires additional control and action variables discussed 

in this section. The waterside optimization of the HVAC system has higher degrees of freedom 

compared to the airside, as the waterside does not directly affect occupant comfort dissimilar to 

the airside.  
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 Control variables for the airside of the HVAC system 

Optimization of the airside HVAC system is restricted by the occupant comfort 

conditions. Otherwise, the best strategy to optimize energy is to not to use it. Besides the comfort 

conditions, the electric power demand of the HVAC system is required to be carefully monitored 

in terms of cost, carbon-dioxide emissions, and other items that affect the occupants in other 

ways. The proposed supervisory optimization structure of this study for the airside of the HVAC 

system uses the following control variables to keep track of occupant comfort conditions and 

electric power demand of supply and return fans: 

 Return air temperature: most optimization studies focus on cooling or heating 

temperature setpoint optimization of residential buildings [87] as residential buildings are 

usually assumed to have one thermal zone. However, a typical commercial district might 

have hundreds or even thousands of thermal zones and many times, return air temperature 

is not recorded for every space. As a simplification, this study uses AHU return air 

temperature as an approximation of the average indoor air temperature of the served 

spaces. This simplification assumes commercial buildings use overhead mixing 

ventilation system as it generates a well-mixed indoor environment [204, 205].  

 Return air flow rate: depending on the primary application of the served spaces and the 

number of people in each thermal zone, commercial buildings follow ASHRAE Standard 

62.1 [206] to provide the minimum amount of ventilation required. Similar to indoor air 

temperature, this study uses AHU return air flow rate as an approximation of the indoor 

air flow rate for all the spaces served by each AHU.  

 Supply and return fan VFD: the electric power demand of the supply and return fans are 

required to be monitored as changes in the AHU-level outdoor air flow rate, recirculation 

air ratio, and discharge air temperature might change the VFD of the supply and/or return 

fans and their associated electric power demand.  

An explicit representation of control variables is necessary for each AHU to capture the 

control variables behavior in response to the changes in action variables. Similar to the 

waterside, this study explores a range of statistical techniques to derive an explicit and accurate 

dynamic model for each control variable. However, the intention is to keep the optimization 

runtime as small as possible to be able to control the operation of a chiller plant in the timeframe 
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that measurements are typically conducted. Thus, this thesis uses ARX technique for modeling 

of the control variables for the airside HVAC system rather than the SARIMA(X) technique 

utilized in the waterside. In general, three control variables of the airside HVAC system 

optimization (i.e., indoor air temperature, indoor air flow rate, and VFD of the supply and return 

fans) are a function of the action variables for the airside HVAC system (i.e., outdoor air flow 

rate, recirculation air ratio, and discharge air temperature). Action variables are discussed in the 

following section.  

 Action variables for the airside of the HVAC system  

There are three action variables for the airside of the HVAC system that are utilized in 

this study. These action variables are as follows:        

 Outdoor air flow rate: the amount of outdoor air is an important action variable for 

AHUs. Some spaces, such as research labs, do not have a return duct, and they use 100% 

unconditioned outdoor air while others actively control the outdoor air flow rate based on 

ventilation requirements, occupancy schedule, and outdoor air temperature. 

 Recirculation air ratio: recirculation air ratio determines the amount of return air that is 

mixed with the outdoor air. This ratio is controlled by the position of dampers and is 

calculated as the position of the damper that directs the portion of the return air to the 

mixing chamber (i.e., return air damper) divided by the sum of the positions of return air 

damper and the exhaust air damper (i.e., the damper that directs the remaining portion 

outside). Outdoor air flow rate and recirculation air ratio also affect each other in a non-

linear manner. 

 Discharge air temperature: most HVAC systems have a temperature setpoint of 55 – 60 

°F [207, 208]. However, depending on the operation, the AHU-level discharge air 

temperature could be optimized depending on the indoor air temperature setpoint as well 

as outdoor air conditions.   

 Optimization formulation for the coupled air- and water- side system 

Cooling coils are the coupling point between the air- and water- side HVAC system. The 

cooling load introduced by the cooling coils to the waterside of the HVAC system is required to 

be met by chillers. This section presents the integrated optimization formulation and the 
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associated notations (see Table 7-1) used in the integrated optimization formulation of the air- 

and water- side HVAC system.  

Table 7-1 Description of the sets, parameters, and variables used in the integrated air- and water- 
side optimization of the HVAC system  

Symbol Explanation Units 

Sets    

 : 1,...,t   Time index    

 : 1,2,3,4l  Component index; (1: chiller, 2: pump, 3: cooling tower, 

and 4: air handling unit) 

   

 : 1,..., li N  Index of component l     

 : 1,2,3a  Performance curves’ attributes index; (1: capacity as a 

function of temperature, 2: energy input to cooling 

output ratio as a function of temperature, 3: energy input 

to cooling output ratio as a function of temperature and 

PLR) 

   

 : 1,..., au N  Index of attribute a     

 : 1,2,3h  Coefficient index for the pump’s efficiency curve    

 : PL, SL, CLj  Loop indicator index for pumps (PL: Primary Loop, SL: 

Secondary Loop, and CL: Condenser Loop) 

   

 : 1,...,6e  Target variable index; (1: EEFT, 2: CLFT, 3: cooling 

tower fan variable frequency drive, 4: return air 

temperature, 5: return air flow rate, 6: supply or return 

fan VFD) 

   

 : 1,2,3e   Exogenous variable index for the ARX model; (1: 

outdoor air flow rate, 2: recirculation air ratio, 3: 

discharge air temperature)  

   

 : 1,...,b B  Building b ’s index     
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Table 7-1 Continued 

Symbol Explanation Units 

Sets   

:

{SF,RF,OA,

RA,SA,MA,EA}

f 
 

Air handling unit feature index (SF: supply fan; RF: 

return fan; OA: outdoor air; RA: return air; SA: supply 

air; MA: mixed air; EA: exhaust air)  

   

:{1,..., }g G  Set of lag times     

l   A set of component – loop – building – AHU index with 

elements of (1,null,null,null), (2,PL,null,null), 

(2,SL,1,null), (2,SL,2,null), …, (2,SL, B ,null), 

(2,CL,null,null), (3,null,null,null), 

(null,null,1,null),…,(null,null, B ,null), 

(4,null,1,null),…,(4,null, B ,null),(4,null,1,SF),…,  

(4,null, B ,SF),…,(4,null,1,EA),…,(4,null, B ,EA) 

   

   

Parameters  Explanation Units 

  Last timestep  min  

lN  Number of component index l      

aN  Number of coefficients of attribute index a     

auik  Coefficient index u of the attribute index a  for chiller 

index i   

   

CW
c  Approximate specific heat for chilled water with any 

additives (e.g., glycol) 

 kJ/kg-K  

a
c  Approximate specific heat for air  kJ/kg-K  

CW  Approximate density for chilled water with any additives   3kg/m    

a  Approximate density for air 3kg/m    
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Table 7-1 Continued  

Symbol Explanation Units 

Parameters    

ref
li

P  Nominal electric power demand of index i of the 

component index  1,3l  at the reference condition  

 ekW  

ref
l i

P  Nominal electric power demand of index i  of component 

– loop – building – AHU index 

(4,null,1,SF),..., (4,null, ,SF),

(4,null,1,RF),..., (4,null, ,RF)

B
l

B

  
 

at reference 

conditions 

 ekW  

ref
i

Q  The thermal cooling capacity of the chiller index i  at the 

reference condition  

 tkW  

ref
i

COP  Coefficient of performance of chiller index i  at the 

reference condition 

   

P
ij  Pressure difference supplied by the pump index i  at loop 

index j  

 kPa  

hij
k   Coefficient index h  of the pump index i ’s efficiency 

curve at loop index j  

   

ee   Coefficient of the exogenous variable index e  for the 

target variable index  1,2,3e  

   

gee
   Coefficient of the exogenous variable index e for the 

target variable index  4,5,6e at the lag index g  

   

p  Order of the non-seasonal AR lag polynomial     

r  Order of the seasonal AR lag polynomial     

q  Order of the non-seasonal MA lag polynomial    

z  Order of the seasonal MA lag polynomial    
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Table 7-1 Continued  

Symbol Explanation Units 

Parameters    

ep
  Non-seasonal autoregressive lag polynomial of order p  

for the target variable index  1,2,3e  

   

er
  Seasonal autoregressive lag polynomial of order r  for the 

target variable index  1,2,3e  

   

eq
  Non-seasonal moving average lag polynomial of order q  

for the target variable index  1,2,3e  

   

ez  Seasonal moving average lag polynomial of order z for the 

target variable index  1,2,3e  

   

ELF

iT  Lower bound on the ELFT for chiller index i   °C  

ELF

i
T  Upper bound on the ELFT for chiller index i   °C  

EEF

iT  Lower bound on the EEFT for chiller index i   °C  

EEF

i
T  Upper bound on the EEFT for chiller index i   °C  

btQ  Thermal cooling demand for building index b  at time t   tkW  

l itm   Lower bound on the fluid flow rate of index i  of 

component – loop – building – AHU combination index 

l at time t  

 kg/s  

l it
m   Upper bound on the fluid flow rate of index i  of 

component – loop – building – AHU combination index 

l at time t  

 kg/s  

EEF

bt
T  Return EEFT from building index b  at time t   °C  

CEF

it
T  CEFT of the chiller index i  at time t   °C  

  Allowable change of manipulated variables between 

adjacent timesteps  
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Table 7-1 Continued 

Symbol Explanation Units 

Parameters    

  Allowable deviation of the control variable from a 

predefined setpoint  

   

ref
l it

T   Reference return air temperature of index i  of component 

– loop – building – AHU index 

 (4,null,1,RA),...,(4,null, ,RA)l B at time t  

 °C  

ref
l it

m   Reference supply air flow rate of index i  of component – 

loop – building – AHU index 

(4,null,1,SA),..., (4,null, ,SA)

(4,null,1,RA),..., (4,null, ,RA)

B
l

B

  
 

at time t  

 kg/s  

l it
T   Lower bound on the air temperature of index i  of 

component – loop – building – AHU index 

(4,null,1,SA),..., (4,null, ,SA),

(4,null,1,RA),..., (4,null, ,RA)

B
l

B

  
 

 at time t  

 °C  

l it
T   Upper bound on the air temperature of index i  of 

component – loop – building – AHU index 

(4,null,1,SA),..., (4,null, ,SA),

(4,null,1,RA),..., (4,null, ,RA),

B
l

B

  
 

 at time t  

 °C  

l itD   Lower bound on the air damper position for index i  of 

component – loop – building – AHU index 

(4,null,1,RA),..., (4,null, ,RA),

(4,null,1,EA),..., (4,null, ,EA)

B
l

B

  
 

at time t  

   

l it
D   Upper bound on the air damper position for index i  of 

component – loop – building – AHU index 

(4,null,1,RA),..., (4,null, ,RA),

(4,null,1,EA),..., (4,null, ,EA)

B
l

B

  
 

at time t  
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Table 7-1 Continued 

Symbol Explanation Units 

Parameters    

d
r  Electricity demand rate    $ / kW  

c
r  Electricity consumption rate   $ / kWh  

el ig
w   Weighting coefficient of the target variable index 

{4,5,6}e  for index i of component – loop – building – 

AHU index 

(4,null,1,null),..., (4,null, ,null),

(4,null,1,SF),..., (4,null, ,SF),

(4,null,1,RF),..., (4,null, ,RF)

B

l B

B

 
  
 
 

 at 

lag index g   

   

   

Variables Explanation  Units  

ELF

itT  ELFT of chiller index i  at time t   °C  

 EEF

itT  EEFT of chiller index i  at time t   °C  

 CLF

itT  CLFT of chiller index i  at time t   °C  

 T

itC  Normalized capacity as a function of the temperature of 

the chiller index i  at time t  

   

IRT

itE  Normalized energy input to cooling output ratio as a 

function of temperature for chiller index i  at time t  

   

IRTP

itE  Normalized energy input to cooling output ratio as a 

function of temperature and PLR for chiller index i  at 

time t  

   

itPLR  PLR for chiller index i  at time t     

l itm  Fluid (chilled water or air) flow rate of the index i  of 

component – loop – building – AHU combination index 

l at time t  

 kg/s  
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Table 7-1 Continued 

Symbol Explanation Units 

Variables    

lit
P  Electric power demand for the index i  of the 

component index l  at time t  

 ekW  

Total

tP  Total electric power demand of all deployed 

components including chillers, pumps, cooling towers, 

and fans at time t  

 ekW  

TotalP  Peak electric power demand of all deployed 

components  

 ekW  

l itP  Electric power demand for the index i  of component – 

loop – building – AHU index 

(4,null,1,SF),..., (4,null, ,SF),

(4,null,1,RF),..., (4,null, ,RF)

B
l

B

  
 

 at time t  

 ekW  

ltQ  Thermal cooling demand of component index  1,3l  

at time t  

 tkW  

ijt  Efficiency of the pump index i  at loop index j  for time

t  

   

eity  Target (dependent) variable of interest index 

{1,2,3}e ’s index i  at time t  

 e.g.,°C,  

el ity  Target variable of interest index {4,5,6}e  for index 

i  of component – loop – building – AHU index

 (4,null,1,null),...,(4,null, ,null)l B  at time t  

 H°e C. ., ,g AC  

ee tx  Exogenous variable index e ’s value for the target 

variable index e  at time t  

 e.g.,°C,  

et  Linear regression random error for target variable 

index e  at time t  

 e.g.,°C,  

et  White noise associated with the exogenous variable 

index e  at time t  

 e.g.,°C,  



 

154 

 

Table 7-1 Continued  

Symbol Explanation Units 

Variables    

ˆ
eity  Predicted target (dependent) variable index e ’s index 

i  at time t  

 e.g., °C,  

ˆ el ity  Predicted target variable index {4,5,6}e  for index i  

of component – loop – building – AHU index 

(4,null,1,null),..., (4,null, ,null),

(4,null,1,SF),..., (4,null, ,SF),

(4,null,1,RF),..., (4,null, ,RF)

B

l B

B

 
  
 
 

at time t  

 H°e C. ., ,g AC  

it  Percentage of the total thermal cooling demand met by 

chiller index i  at time t  

   


RRA

l itR  Recirculation air ratio for index i  of component – loop 

– building – AHU index 

 (4,null,1,null),...,(4,null, ,null)l B  at time t  

   

l itD  Air damper position for index i  of component – loop – 

building – AHU index 

(4,null,1,RA),..., (4,null, ,RA),

(4,null,1,EA),..., (4,null, ,EA)

B
l

B

  
 

 at time t   

   

 

 

l itT  Air temperature of index i of component – loop – 

building – AHU index 

(4,null,1,SA),..., (4,null, ,SA),

(4,null,1,RA),..., (4,null, ,RA),

(4,null,1,OA),..., (4,null, ,OA),

(4,null,1,MA),..., (4,null, ,MA)

B

B
l

B

B

 
 
  
 
  

 at time t  

 °C  

btm  Fluid flow rate within the building index b  at time t   kg/s  

Objective function: The integrated air- and water- side HVAC system optimization is a multi-

objective optimization problem that minimizes the electricity related costs and the thermal 

demand imposed by the airside components to the waterside.  
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min d c

t

r r


  
 

Total Total

tP P  (7-1) 

min
t
 1tQ  (7-2) 

Constraint set zero: Peak demand value detection  

   (4,null,1,SF),...,(4,null, ,SF),1,2,3
(4,null,1,RF),...,(4,null, ,RF)

+
Bl i il
B

t
  

     Total

t lit l itP P P  
(7-3) 

t  Total Total

tP P  (7-4) 

Constraints (7-5)-(7-22) and (7-34)-(7-35) are the same as waterside optimization 

constraints discussed in Chapter 5 but are added in this section for the purposes of showing the 

holistic model for the integrated air- and water- side HVAC system optimization. 

Constraint set one: Chiller performance and operational constraints  

3 5
1 3

1 1 16
1 4

ˆ ˆ( ) ( ) ( )( ) ,u u

ui ui i

u u

k k k i t
 

 

       2 2

T ELF ELF

it it it it itC T y T y  (7-5) 

3 5
1 3

2 2 26
1 4

ˆ ˆ( ) ( ) ( )( ) ,u u

ui ui i

u u

k k k i t
 

 

       2 2

IRT ELF ELF

it it it it itE T y T y  (7-6) 

3 6
1 3

3 3 37
1 4

ˆ ˆ( ) ( ) ( )( ) ,u u

ui ui i

u u

k k k i t2 2

IRTP

it it it it itE y PLR y PLR  (7-7) 

 
CW

ref

ˆ( )
, , (1,null,null,null)

i

c
i t l

Q

      1

ELF

l it it it
it T

it

m y T
PLR

C
 (7-8) 

ref

ref
,i

i

Q
i t

COP
   1

T IRT IRTP

it it it
it

C E E
P  (7-9) 

,ELF ELF

i iT T i t    ELF

itT  (7-10) 

ˆ ,EEF EEF

i iT T i t    1ity  (7-11) 

 CW ˆ( ) , , (1,null,null,null)c i t l     1 1

ELF

it t l it it itQ = m y T  (7-12) 

1
it

i

t


    (7-13) 
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Constraint set two: Pumps energy definition and mass balance check 

 

P

CW
, ,

, (2,PL,null, null), (2,SL,1,null),..., (2,SL, ,null), (2,CL,null, null)

ij
i j t

l B


     



2

l it

it

ijt

m
P

  (7-14) 

 

2
1 2 3 ( ) , ,

, (2,PL,null, null), (2,SL,1,null),..., (2,SL, ,null), (2,CL,null, null)

ij ij ijk k k i j t

l B

         


ijt l it l itm m

 (7-15) 

i i

t
 

   (1,null,null,null) (2,PL,null,null)it itm m  (7-16) 

Constraint set three: Thermal cooling demand of each building and mass balance check 

 CW ( ) , , , (1,null,null,null)EEF

bt bt

i

Q c T b i t l




      


ELF

l it it
bt

l it

m T
m

m
 (7-17) 

 , , (2,SL,1,null),..., (2,SL, ,null)
i

b t l B


    bt l itm m  (7-18) 

Constraint set four: Cooling towers and mass balance check 

ref 3
3 3ˆ( ) ,

i
P i t   3it itP y  (7-19) 

 CW ˆ( ) , , (3,null,null,null)CEF

itc T i t l      3 2t l it itQ m y  (7-20) 

i i

t
 

   (3,null,null,null) (2,CL,null,null)it itm m  (7-21) 

, ,
l it l it

m m l i t         l itm  (7-22) 

Constraint set five: AHU-level constraints and energy balance implementation  

, ,i t b    


(4,null, ,RA)

(4,null, ,null)

(4,null, ,RA) (4,null, ,EA)

b itRRA

b it

b it b it

D
R

D D
 (7-23) 

ˆ , ,i t b     (4,null, ,SA) (4,null, ,OA) (4,null, ,null) 4(4,null, ,null)

RRA

b it b it b it b itm m R y  (7-24) 

1 ( )

ˆ ˆ( )

a

t

b i

a

Q c

c t

 

  

  

 (4,null, ,OA) (4,null, ,OA) (4,null, ,SA)

(4,null, ,null) 5(4,null, ,null) 4(4,null, ,null) (4,null, ,SA)

b it b it b it

RRA

b it b it b it b it

m T T

+R y y T

 (7-25) 
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ˆ ˆ

, ,

a a

a

c c

c i t b



    
(4,null, ,OA) (4,null, ,OA) (4,null, ,null) 5(4,null, ,null) 4(4,null, ,null)

(4,null, ,SA) (4,null, ,MA)

RRA

b it b it b it b it b it

b it b it

m T R y y

m T
 (7-26) 

   2

( 1) , , (4,null,1,OA),..., (4,null, ,OA)l i tm i t l B        l itm  (7-27) 

   2

( 1) , , (4,null,1,null),..., (4,null, ,null)RRA

l i tR i t l B        RRA

l itR  (7-28) 

   2

( 1) , , (4,null,1,SA),..., (4,null, ,SA)l i tT i t l B        l itT  (7-29) 

ref 3 (4,null,1,SF),..., (4,null, ,SF),ˆ( ) , ,
(4,null,1,RF),..., (4,null, ,RF)l i

B
P i t l

B
  

      
 

6l it l itP y  (7-30) 

(4,null,1,SA),..., (4,null, ,SA),
, ,

(4,null,1,RA),..., (4,null, ,RA)l it l it

B
T T i t l

B
  

       
 

l itT  (7-31) 

(4,null,1,RA),..., (4,null, ,RA),
, ,

(4,null,1,EA),..., (4,null, ,EA)l it l it

B
D D i t l

B
  

       
 

l itD  (7-32) 

 

ref refˆ(1 ) (1 )

, , (4,null,1,null),..., (4,null, , null)
l it l it

T T

i t l B

      

   
4l ity

 (7-33) 

Constraint set six: SARIMAX for cooling tower fan VFD and ELFT dependent variables  

 ˆ , 1,2,3 , ,ee i e e t          eit ee t ety x   (7-34) 

 1,2,3 ,d D

ep er e es eq ez e t        et et   (7-35) 

Constraint set seven: ARX for AHU-level control variables   

 , ,ˆ , 4,5,6 ,
el ig el i t g gee ee t g

g e

w y x i e t     
  

       
 

 el ity  (7-36) 

Constraint set eight: Non-negativity of all variables   

ˆ ˆ, , , , , , , , , , , , , 0

, , , , , , ,i t j e e b l l

   

           

ELF T IRT IRTP

it eit el it lit it it it it ijt l it bt it ee t etT y y P C E E PLR m m x  
 (7-37) 

 
, , 0 , , ,

(4,null,1,null),..., (4,null, , null)

i t b

l B

     


(4,null, ,RA) (4,null, ,EA)

RRA

l it b it b itR D D
 (7-38) 
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(4,null,1,SA),..., (4,null, ,SA),
0 , ,

(4,null,1,RA),..., (4,null, ,RA)

B
i t l

B


      
 

l itT  (7-39) 

 

As shown in objectives (7-1) and (7-2), the integrated air- and water- side optimization is 

a multi-objective optimization problem in which the following takes place: 

 Objective (7-1) minimizes the electricity charges due to the demand and consumption. 

Figure 3-3 illustrates that for commercial districts, typically electricity demand and 

consumption contribute equally (in terms of order of magnitude) to electricity related 

charges. Accordingly, it is important to predict the peak electric demand and minimize 

the electricity charges imposed by both peak demand and consumption. Depending on the 

utility rate structure, this objective might need minor changes.  

 Objective (7-2) minimizes the thermal cooling demand imposed by all the AHUs to the 

waterside of the HVAC system. This thermal demand is imposed to the cooling coils due 

to the difference between the mixed air temperature and humidity ratio at the outlet of the 

mixing chamber with their setpoint for each AHU.  

This multi-objective optimization problem is restricted by constraints (7-3)-(7-39), which 

are explained as follows:  

 Constraints (7-3) and (7-4) ensure electric power demand balance and find the peak 

electric demand. Peak electric demand is the demand that has the highest value compared 

to the previous and future demand values.  

 Constraints (7-5)-(7-22) are identical to constraint (5-16)-(5-33), explained in Section 

5.3.2. In Section 5.3.2, chilled water is the only fluid medium. However, hereafter two 

fluid mediums (i.e., chilled water and air) exist, and density and specific heat notations 

are changed to indicate the associated fluid medium.  

 Constraints (7-23)-(7-33) calculate the recirculation air ratio; ensure mass balance for the 

supply air; calculate the thermal load imposed to the cooling coils; ensure energy balance 

for the mixing chamber; and restrict variation of outdoor air flow rate, recirculation air 

ratio, and supply air temperature between consecutive timesteps. In addition, they 

calculate the electric power demand of supply and return fans, maintain the supply and 
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return stream temperatures within the predefined temperature ranges, ensure that the 

position of the return and exhaust air dampers are within a predefined range, and define 

an allowable deadband for the return air temperature. Assumptions are underlined for the 

purpose of easy identification. 

o Constraint (7-23) calculates the recirculation air ratio as a function of the position of 

return and exhaust air dampers. This ratio defines the portion of the air that is 

returned back to the conditioned spaces by being mixed with the unconditioned 

outdoor air and passed over the cooling coils.  

o Constraint (7-24) ensures the mass balance for the supply air. Supply air flow rate is 

equal to the rate of outdoor air flow added to the portion of the return air utilized for 

saving thermal energy.  

o Constraint (7-25) calculates the thermal load imposed by the airside of the HVAC 

system to the cooling coils and consequently the waterside of the HVAC system. This 

is one of the assumptions of the integrated air- and water- side optimization 

methodology as the latent load is neglected and constraint (7-25) only accounts for 

the sensible load. This constraint might need minor changes depending on the 

climate. 

o Constraint (7-26) ensures an energy balance for the mixing chamber, assuming air is 

an ideal gas. The ideal gas assumption is a valid assumption at low pressures, which 

typically stands true for commercial districts applications. 

o Constraints (7-27)-(7-29) ensure that the changes of the mass flow rate of the outdoor 

air, recirculation air ratio, and discharge air temperature are restricted between 

consecutive timesteps.  

o Constraint (7-30) calculates the electric power demand of the supply and return fans. 

This constraint assumes that the general affinity law (i.e., assuming cubic power 

without power calibration) holds true for the supply and return fans using the models 

developed for VFD prediction.  

o Constraint (7-31) ensures that the discharge and return air temperatures are between 

the predefined lower and upper bounds.  

o Constraint (7-32) ensures that the damper position for the return and exhaust air 

streams are within the lower and upper bounds.  



 

160 

 

o Constraint (7-33) provides a deadband for the return air temperature based on the 

predefined schedules. Since the return air temperature is used as an indicator of the 

indoor air temperature, the schedule is the desired schedule for the indoor air 

temperature setpoint.  

 Constraint (7-34) and (7-35) are identical to constraints (5-34) and (5-35) of Section 

5.3.2. 

 Constraint (7-36) is the ARX model utilized to model return air temperature, indoor air 

flow rate, and VFD of the supply and return fans.  

 Constraints (7-37)-(7-39) establish the non-negativity of all variables.  

 Proof-of-concept demonstration  

Similar to Section 5.3.3, chiller plant six at Mines campus is utilized as the proof-of-

concept demonstration. To implement the proposed methodology to Mines’ chiller plant six, it is 

necessary to make sure that the variables required for model development (see Section 7.1) are 

monitored and recorded in Mines’ BAS. BAS’s cleaned data is split into train and test datasets 

with 70% of the data used for train and the rest for testing, which agrees with previous study 

[168] that suggests a test dataset with 20-30% of the data provides the most accurate results in 

terms of MSE. ARX technique is implemented on the train dataset to model the airside control 

variables using the action variables. The models accuracy are tested using the test dataset. The 

comparison between different statistical techniques for the airside modeling is not presented due 

to the discussions already provided on statistical data-driven modeling in Chapter 6 as well as 

Appendix B. In addition, the models developed for the airside of different buildings using the 

ARX technique are similar, and this thesis only presents the models developed for CoorsTek in 

Appendix D, as one of the buildings supplied by Mines’ chiller plant six.  

Table 7-2 provides a summary of the number of AHUs in each building, supply and 

return fans, served thermal zones by the AHUs of each building, and evaporative coolers in each 

building. Chilled water plant six provides chilled water for seven buildings, and each of these 

buildings use a different number of AHUs with different structures for the supply and return air 

streams. These buildings have been built over the span of years by different contractors, so the 

fans, their characteristics, and manufacturers differ from building to building. Elm Hall, Brown 

Hall, and CoorsTek are the only buildings in this chiller plant that possess evaporative coolers. In 
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addition, Elm Hall has the highest number of AHUs to supply the highest number of thermal 

zones, in this chiller plant, that a building contains.  

Table 7-2 Number of the AHUs, supply and return fans, thermal zones served by AHUs in each 
building, and evaporative coolers for the chilled water loop six of Mines’ campus 

Building 
Number of 

AHUs 

Number of 

Supply fans 

Number of 

return fans 

Number of 

served thermal 

zones 

Number of 

evaporative 

coolers 

Elm Hall 5 5 3 145 3 

Maple Hall 2 2 2 90 0 

Brown Hall 4 4 3 123 4 

Berthoud Hall 5 5 2 37 0 

CoorsTek 3 3 1 40 3 

Starzer 

Welcome 

Center 

1 1 1 69 0 

Weaver 

Towers 
3 3 0 47 0 

Total 23 23 12 551 10 

 

Table 7-3 represents the status of different variables recorded for Mines’ chiller plant six. 

Since each building recorded different datasets, the process to develop the required models differ 

from building to building and is explained below based on the available datasets for each 

building:  

 Elm Hall: Elm Hall’s AHU 1 is the only AHU in Mines’ chilled water plant six that 

records all the required data. Elm’s remaining four AHUs record all the required data 

except the return air flow rate. The return air flow rate is required for the thermal cooling 

demand determination of each AHU. However, VFD data is recorded, thus this thesis 

calibrates affinity law based on the VFD values and the flow rate for AHU 1. This 

calibrated affinity law is utilized for the rest of Elm’s AHUs, assuming that the primary 

application of AHUs in this building are similar. Elm Hall’s AHUs are as follows: 
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o AHU 1 supplies the kitchen and Mines’ main dining hall, called “Mines Market.” 

o AHU 2 and 3 serve the west and east towers of the building, respectively. Due to the 

primary application of the towers, as Mines’ residence halls, there is no return stream 

for AHU 2 and 3, and instead, they take advantage of heat wheels. In addition, the 

fans of these AHUs operate at a constant speed although they have VFDs installed on 

their supply fans.  

o AHU 4 and 5 serve the offices in level two of Elm Hall. 

 

 CoorsTek: CoorsTek’s AHUs are as follows: 

o AHU 1 and 2 supply the labs in this building; therefore, there is no return stream for 

these AHUs. Fortunately, the exhaust duct connected to exhaust fans record the air 

flow rate as well as the duct temperature, which is utilized as indoor flow rate and air 

temperature indicators of the spaces served by AHU 1 and 2, respectively.  

o AHU 3 records all the data required for model development; however, return air 

temperature is not recorded at the AHU-level, and it is recorded for every space 

served by AHU 3. Thus, this study uses a volume average method to obtain a 

representative temperature for all the spaces served by AHU 3. Because the primary 

application of AHU 3 is similar to Brown Hall’s AHU 2, 3, and 4, the affinity law is 

calibrated for CoorsTek’s AHU 3 using the recorded VFD values and later is utilized 

as the return air flow rate model of the AHU 2, 3, and 4 in Brown Hall. Calibrating 

affinity law for the AHU of a building and assuming that the calibrated affinity law 

stands true for another building’s AHU is one of the major assumptions for the 

airside. 

 

 Brown Hall: Brown Hall’s AHUs are as follows: 

o AHU 1 is a 100% outdoor unit that supplies conditioned air to all research labs. 

o AHU 2, 3, and 4 modulate recirculation flow rate but return air flow rate is not 

measured for AHU 2, 3, and 4 in Brown Hall.  
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Table 7-3 Status of different variables required for model development of different AHUs in 
Mines’ chiller plant six 

Building AHU 
Return air 

temperature 

Return 

air flow 

rate 

Outdoor 

air flow 

rate 

Discharge 

air 

temperature 

Damper

s 

position 

VFD 

Elm Hall 

One 

 

 

  

Only 

the 

mixed 

air 

damper 

 

Two 

Not 

available 

Three 

Four 

Five 

Maple 

Hall 

One Not 

available 
     

Two 

 

Brown 

Hall 

 

One NA NA 

    
Two 

 
Not 

available 
Three 

Four 

CoorsTek 

One 
NA NA 

  
NA 

 Two 

Three    

Berthoud 

Hall 

One  
Not 

available 

Not 

available 
 

 (EA 

and 

MA) 

 

Two Not available 

Three 

 

Not 

available 

Not 

available 

 

 (EA 

and 

MA) 

 

Four Not 

available 

Not 

available 

 

(MA) 

Not 

availabl

e 

Five  
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Table 7-3 Continued  

Building AHU 
Return air 

temperature 

Return 

air flow 

rate 

Outdoor 

air flow 

rate 

Discharge 

air 

temperature 

Dampers 

position 
VFD 

Starzer 

Welcome 

Center 

One  
Not 

available 
  

 (EA 

and MA) 
 

Weaver 

Towers 

One 

NA NA   

 

 

 

 Two 

Three 

 

The following buildings are not included in the airside optimization of the Mines’ chiller 

plant six due to the lack of necessary data for model development: 

 Maple Hall: Two identical and 100% outdoor air AHUs supply conditioned air to Maple 

Hall’s east and west towers. This conditioned air is utilized mostly for ventilation 

purposes while most of the sensible cooling load is carried by FCUs. Both supply and 

exhaust fans operate at constant flow rates. Because both AHUs are 100% outdoor air, 

there is no return stream and the AHUs employ heat wheels to reduce the ventilation 

load. Unfortunately, there is not any historical data available for the return air 

temperature of these AHUs and room temperatures are not recorded, thus indoor air 

temperature is unknown and model development to track occupant comfort condition is 

impossible. 

 Berthoud Hall: This building does not record enough data to develop necessary models, 

so it is not considered in the analysis of the proof-of-concept demonstration campus.  

 Starzer Welcome Center: While this building only has one AHU and is missing only 

certain data, closer inspection shows that a broken carbon-dioxide sensor is causing the 

AHU to operate ineffectively such that the AHU supplies 100% outdoor air. Thus, this 

building is not considered in the airside optimization.   
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 Weaver Towers: This building’s AHUs are 100% outdoor air and operate at a constant 

flow rate but most relevant data is not recorded. In addition, these AHUs mostly provide 

ventilation requirements of this building and the cooling load is supplied mostly by 

FCUs. Therefore, it is not possible to consider this building in the airside optimization.  

Overall, this study demonstrates the proposed integrated air- and water- side optimization 

methodology of the HVAC system for Elm Hall, Brown Hall, and CoorsTek in Mines’ chiller 

plant six. The thermal load imposed by the airside of other buildings (i.e., Maple Hall, Starzer 

Welcome Center, Weaver Towers, and Berthoud Hall) remains intact. The framework for the 

integrated air- and water- side optimization is evaluated for August 19-20, 2019. However, future 

work will perform the validation for the entire week of August 19, 2019 (similar to Chapter 5) 

and additional adjustments might be necessary. The model development procedure is similar for 

all the AHUs of different buildings in Mines’ chilled water plant six; however, there are some 

differences in the developed models depending on the available variables for each building and 

how and exactly where in the system they are being measured. As mentioned earlier, in all the 

developed models, 70% of the available data for June – August 2019 is used for training and the 

rest for testing. As an example of the procedure used for model development, Appendix D 

presents the models developed for all AHUs in CoorsTek that supply conditioned air for all the 

spaces of this building including but not limited to research labs, office spaces, and classrooms.  

 Results for the integrated air- and water- side optimization  

In the integrated air- and water- side optimization of the HVAC system, the optimization 

is conducted for a cost minimization objective as well as a thermal demand minimization 

objective (see Eqs. (7-1) and (7-2)). A goal-programming approach is utilized to deal with this 

multi-objective optimization problem. The initial goal for the cost minimization objective is set 

based on the aggregation of the cost imposed to the system from only waterside optimization as 

well as the cost imposed by the standalone airside of the HVAC system for different buildings. 

Regardless, only a fraction of this cost is set to be the final goal, and this fraction is obtained 

based on trial and error. The initial goal for the second objective is obtained by the aggregation 

of the thermal load for the airside optimization of different buildings. Similar to the cost 

objective, only a fraction of the thermal demand goal is set to be the final goal. For the optimal 

solution, the unscaled constraint violation, the scaled dual infeasibility at the current point, and 
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natural logarithm of the barrier function are 1.64×10-9, 4.32×10-11, and -8.6, respectively. For the 

waterside optimization with the rigid demand presented in Chapter 5, the unscaled constraint 

violation, the scaled dual infeasibility at the current point, and natural logarithm of the barrier 

function are 5.68×10-14, 3.32×10-14, -8.6, respectively. The following sections present the most 

outstanding results from the integrated air- and water- side optimization implemented for Mines’ 

chilled water plant six.  

 Optimal ELFT and chilled water flow rate  

Figure 7-4 shows the optimal and actual ELFT of chillers for Mines’ chiller plant six. On 

average, chiller one’s ELFT in the optimal operation is around 1.5-2 °F higher than the current 

setpoint of chiller one (i.e., 42.5 °F) (see Figure 7-4(a)). Chiller two’s optimal operation follows 

the same difference (between the optimal and actual ELFT setpoint) whenever chiller two is 

operating. In the actual operation, chiller two only operates when the thermal load introduced to 

the chillers is higher than 90% of the lead chiller’s (in this case chiller one) capacity, or the 

chilled water flow rate in the primary loop is higher than 90% of the design flow rate for the lead 

chiller. For August 19 and 20, chiller two only meets (and/or) these conditions between 12:00 – 

18:00 PM and 11:00 AM – 19:00 PM, respectively. 

The chilled water flow rate of chiller one in the optimal operation is lower than the actual 

operation from 18:00 PM on August 19 until 07:00 AM on August 20 (see Figure 7-5(a)). This is 

because in the optimal operation, the cooling demand for this interval is diminished, as shown in 

Figure 7-6. During the times with the highest daily cooling demand (i.e., 12:00 – 18:00 PM on 

August 19 and 11:00 AM – 19:00 PM on August 20), the optimal chilled water flow rate of 

chiller one is higher than the actual operation due to a similar cooling demand and increased 

ELFT setpoint. However, the optimal chilled water flow rate of chiller two is 10-40 % lower than 

the actual chilled water flow rate (see Figure 7-5(b)). 

 Optimal electric power demand  

Figure 7-7 shows the optimal electric power demand of chiller one and two compared to 

their actual values obtained from Mines’ BAS. The optimal electric power demand is lower or in 

some cases equal to the actual electric power demand of the chillers. This is clearer in Figure 

7-7(b) for chiller two. In addition, Figure 7-8 shows a) measured electric power demand of  
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(a) 

 

(b) 

Figure 7-4 Comparison of actual and optimal ELFT for chiller a) one and b) two 
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(a) 

 

(b) 

Figure 7-5 Comparison of actual and optimal chilled water flow rate for chiller a) one and b) two 
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Figure 7-6 Comparison of the actual and optimal cooling demand of Mines’ chilled water plant 
six with the integrated air- and water side HVAC system optimization 

chillers (Actual), b) modeled electric power demand of chillers under baseline conditions 

(Baseline), c) optimal electric power demand of chillers obtained from only waterside 

optimization with rigid demand (see Chapter 5) (Optimized waterside), and d)optimal 

electricpower demand of chillers obtained from the integrated air- and water- side HVAC system 

optimization (Optimized air- and water- side). The methodology for the optimization of the 

integrated air- and water- side HVAC system mostly affects the electric power demand of 

chillers from 18:00 PM on August 19 until 07:00 AM on August 20. For the rest, the reductions 

in the overall electric power demand of chillers compared to the reductions already obtained 

from only waterside optimization are not significant. This suggests that during 12:00 – 18:00 PM 

on August 19 and 11:00 AM – 19:00 PM on August 20, the savings obtained are mostly by the 

waterside components optimization while for the remaining times, savings are mostly due to the 

airside optimization.    

 Savings and the contribution of components  

Figure 7-9 shows the savings obtained for each component of Mines’ chiller plant six. 

This integrated air- and water- side optimization only considers the airside components of three 

buildings (i.e., Elm Hall, Brown Hall, and CoorsTek). Positive values indicate a decrease in the 

electric power demand of the component in the optimal operation compared to the baseline or 
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actual operation. The negative values indicate an increase in the electric power demand of a 

component in its optimal operation compared to the baseline or actual operation. 

 

 

(a) 

 

(b) 

Figure 7-7 Comparison of actual and optimal electric power demand of chiller a) one and b) two 
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Figure 7-8 Comparison of optimal (integrated air- and water- side as well as only waterside) 
electric demand for Mines’ chiller plant six with the actual and baseline demands 

As Figure 7-9 shows, chillers are positive contributors as the net changes of the electric 

power demand for chillers is always positive. This can be confirmed with the comparison of the 

“Actual” and “Optimized air- and water- side” electric power demands in Figure 7-8. Similar to 

chillers, cooling towers are positive contributors and most of the savings for cooling towers 

occur during the daytime. Fans are positive contributors in the daytime (typically between 7:00 

AM and 19:00 PM), but their effect is negligible for the rest of the day. The net changes of the 

electric power demand for the pumps in the optimal operation compared to the actual is negative, 

which is due to the efficiency and chilled water flow rate effects on the electric demand of the 

pumps. Figure 7-10 shows the stacked contribution of all deployed components (i.e., chillers, 

cooling towers, pumps, and fans) in Mines’ chiller plant six for the optimal (left) and actual 

(right) operation of the plant. 

Chillers contribute the most to the chiller plants’ electric demand in the actual operation. 

However, in the optimal operation, this only stands true for the daytime and for the rest, the 

electric power demand of the fans typically exceeds chillers. Fans have the second highest 

contribution to the electric power demand of Mines’ chiller plant six followed by cooling towers 

and pumps. Fans analyzed in Figure 7-10 only include the fans for three major buildings of 
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Mines’ chiller plant six, and adding the rest of the buildings would increase the impact of the 

fans. 

 

Figure 7-9 Electric demand savings (baseline or actual minus optimal) for chillers, cooling 
towers, pumps, and fans of Mines’ chiller plant six (note: fans are only the supply and return fans 
for Elm Hall, CoorsTek, and Brown Hall) 

Despite the results presented in Chapter 5 (see Figure 5-11 and Figure 5-15) for only 

waterside optimization, Figure 7-10 shows a close daily peak electric demand of around 560 kWe 

for both August 19 and 20 compared to significantly different daily peak demands for August 19 

and 20, presented n Figure 5-11 and Figure 5-15. The difference between the results presented in 

Figure 5-11 and Figure 5-15 compared to Figure 7-10 is due to the difference in the objective 

functions as Figure 5-11 is generated with the electric demand minimization objective while 

Figure 5-15 is generated with a multi-objective optimization of electric demand minimization 

and chiller’s thermal cooling capacity maximization. Nonetheless, the objective function in this 

chapter is changed to a multi-objective function of electricity charges minimization as well as the 

thermal demand minimization. 

Section 5.4.5 proposes and evaluates the possibility of savings that could be 

accomplished from implementing a flexible cooling demand strategy. This demand flexibility 

could be implemented through flexible resources and/or district-scale demand side management 

as buildings in commercial districts have diverse primary applications. In addition, manipulating 
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the interactions between determining factors of the airside could provide some demand savings 

while providing the same thermal environment. It could also help with defining the extent of the 

savings that could be achieved by manipulating the airside variables without compromising on 

the occupants comfort as the main concern. The integrated air- and water- side optimization 

algorithm already accounts for all the savings by thermal demand optimization for the air- and 

water- side. However, other flexibility measures could still be applied considering that airside 

optimization is only one way of thermal demand management, and there are other methods, such 

as flexible resources that could still provide extra flexibility for the thermal cooling demand.  

 

Figure 7-10 Components’ contribution in chiller plant six for the optimal (left) and actual (right) 
operations. The hatch symbols in the left plot show the intervals that each component’s electric 
demand in the optimal operation is less than the actual power demand of that component in the 
actual operation 

With the integrated air- and water- side optimization of the HVAC system, the peak 

electric demand for August 19 and 20 is reduced by 15% and 13%, respectively. The savings 

obtained for August 19 and 20 with the integrated air- and water- side optimization of the HVAC 

system are higher than the savings obtained even with the flexible demand optimization 

methodology proposed for only waterside of the HVAC system in Chapter 5 (i.e., 6.9 and 11.9 % 
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reduction for August 19 and 20, respectively). Therefore, this information suggests that a 

maximum of 5% flexibility in the cooling demand is a reasonable and well-justified assumption. 

 Action and control variables for the airside optimization  

This section discusses the changes applied to the airside of three buildings on Mines’ 

chiller plant six to obtain the cooling demand savings presented in Figure 7-6. Figure 7-6 shows 

that in the optimal operation, some amount of cooling demand could be diminished by 

manipulating the airside components of these three buildings. The following sections discuss the 

optimal operation of airside components. However, only the results from Elm Hall’s AHU 1, 2, 

and 3 and CoorsTek’s AHU 1, 2, and 3 are shown in the following subsections. The rest are in 

Appendix D as Elm Hall’s AHU 4 and 5 are similar, with a much smaller size compared to the 

rest of the AHUs. Brown Hall uses the return air flow rate model from CoorsTek’s AHU 3, and 

all the discussions for this building are provided in Appendix D.  

 Airside optimal operation – Elm Hall  

Three action variables introduced for the airside optimization (see Section 7.1.1.2) are 

manipulated to optimize the airside and are discussed in this subsection. The constraints for 

variables modification are selected based on the following: a) variables statistics during the June 

– August 2019, b) ASHRAE Standard 62.1 for the lower bound on the outdoor air flow rate, and 

c) day and night time variation of the variables based on the predefined operation schedules. All 

things considered, choosing the appropriate lower and upper bounds of the constraints is not a 

straightforward task, and it takes a significant amount of trial and error and engineering 

judgement to reach out to the appropriate constraint’s limits.  

Figure 7-11 (a-c) show the discharge air temperature comparison between the actual and 

optimal operations of AHU 1, 2, and 3 in Elm Hall. For AHU 1, during the daytime (i.e., 06:00 

AM – 18:00 PM), the optimal discharge air temperature is around the actual values. However, 

the outdoor air flow rate is lower in the optimal operation (see Figure 7-11(d)). For the rest of the 

times, the optimal discharge air temperature is around 3-6 °F higher than the actual operation, 

and the optimal outdoor air flow rate is lower than the actual values.  
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(a) (b) (c) 

 

(d) (e) (f) 

Figure 7-11 Comparison of the optimal and actual discharge air temperature for a) AHU 1, b) 
AHU 2, and c) AHU 3 and outdoor air flow rate for d) AHU 1, e) AHU 2, and f) AHU 3 in Elm 
Hall 
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The changes proposed by the optimization would result in electric demand savings for 

both the airside components (i.e., fans) as well as the waterside components (i.e., chillers) given 

that the occupant comfort conditions are not sacrificed. In addition, the spaces supplied by Elm 

Hall’s AHU 1 are not occupied during the times with higher discharge air temperature and lower 

outdoor air flow rate proposed by the optimal operation. The recirculation air ratio for AHU 1 in 

the optimal operation is higher than the actual operation for both occupied and unoccupied 

intervals (see Figure 7-12). Notably, during the occupied time with the actual operation, the 

AHU is set to provide 100% outside air, which imposes a significant cooling demand due to the 

nominal size of this AHU (around 28,000 CFM). 

Optimal discharge air temperature for both AHU 2 and 3 are generally higher than their 

actual values; however, the outdoor air flow rates are generally between the minimum and 

maximum values of the actual operation. AHU 2 and 3 are 100% outdoor air and utilize heat 

wheels; therefore, the recirculation air ratio is not defined for them. For AHU 1, 2, and 3, the 

manipulation of variables could only be allowed if those changes do not sacrifice the comfort 

conditions of occupants. Figure 7-13 shows that the optimal return air temperature follows the 

schedule values for AHU 1, 2, and 3 in Elm Hall. This means that the changes proposed for three 

action variables of AHU 1, 2, and 3 do not sacrifice occupant comfort conditions. Regardless, all 

the models developed for return air temperature are as good as the inputs that they have been 

trained with, and additional consideration is required for implementing those models for the 

ranges that they have not been trained for.  

 Airside optimal operation - CoorsTek 

Figure 7-14 (a-c) shows the discharge air temperature for AHU 1, 2, and 3 in CoorsTek 

and Figure 7-14 (d-f) shows the outdoor air flow rate for the associated AHUs. AHU 1 and 2 are 

100% outdoor air and do not have any return streams as they supply research labs. For both AHU 

1 and 2, the discharge air temperature in the optimal operation is close to the actual operation 

value while the outdoor air flow rate in the optimal operation is typically lower than the actual 

operation for both the day and night time (occupied vs. unoccupied). As long as the return air 

temperature follows the predefined schedules, the set of actions for AHU 1 and 2 could result in 

savings. In contrast, the optimal discharge air temperature of AHU 3 is lower than its actual 

operation value, and the optimal flow rate is higher than the actual flow rate. AHU 3 supplies 
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offices and classrooms; therefore, the actual operation of this AHU does not make sense in terms 

of the fluctuations in the outdoor air flow rate as it shows an on/off behavior. As shown in Figure 

7-15, the set of actions set for AHU 1, 2, and 3 follows the return air temperature schedule, and 

any changes in the optimal return air temperature compared to the schedule value is the AHU 

level. 

 

Figure 7-12 Comparison of the optimal and actual recirculation air ratio for AHU 1 in Elm Hall 

 

(a) (b) (c) 

Figure 7-13 Comparison of the optimal and schedule return air temperature for a) AHU 1, b) 
AHU 2, and c) AHU 3 in Elm Hall 
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(a) (b) (c) 

 

(d) (e) (f) 

Figure 7-14 Comparison of the optimal and actual discharge air temperature for a) AHU 1, b) 
AHU 2, and c) AHU 3 and outdoor air flow rate for d) AHU 1, e) AHU 2, and f) AHU 3 in 
CoorsTek 
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(a) (b) (c) 

Figure 7-15 Comparison of the optimal and schedule return air temperature for a) AHU 1, b) 
AHU 2, and c) AHU 3 in CoorsTek 

 Discussions  

This section provides a brief summary of the set of actions suggested by the integrated 

air- and water- side optimization of the HVAC system for Mines’ chiller plant six between the 

August 19-20, 2019 interval. For higher confidence in results, the optimization period will be 

extended to the entire week of August 19, 2019. The airside optimization of the HVAC system 

for this chiller plant has the limitation of focusing on three buildings out of seven due to the lack 

of available data for the model development of other buildings. The model development process 

and optimization methodology remain intact by adding the rest of the buildings, as adding those 

buildings is just a matter of having historical data. The following are the set of actions suggested 

by the integrated optimization:  

 ELFT setpoint for chiller one is suggested to be 44°F instead of the current 42.5°F.  

 Chiller one is the lead chiller and during the daily cooling peak times, a higher PLR is 

imposed to chiller one.   

 ELFT setpoint for chiller two is suggested to be 44°F (whenever it is operating) instead 

of the current 42.5°F.  
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 Elm Hall AHU 1’s operation schedule needs to be modified during the unoccupied 

interval to provide a higher discharge air temperature, lower outdoor air flow rate, and 

higher recirculation air ratios. 

 Elm Hall’s AHU 4 and 5 have much higher recirculation air ratios in the optimal 

operation compared to the actual operation. 

 CoorsTek’s AHU 1 and 2 could provide similar (around 1-1.5°F deviation from the 

schedule) to actual thermal environment with an outdoor air flow rate of around 40,000 

CFM instead of their current 44,000 CFM. 

 Brown Hall’s AHU 1, 2, and 3 could provide similar to actual thermal environment with 

a lower outdoor air flow rate considering a recirculation air ratio of around 50% for AHU 

2 and 3. 

In the end, the effectivity of these suggestions should be validated by implementing those 

in Mines’ chiller plant six. 
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CONCLUSIONS AND FUTURE WORK   

 

 This thesis provides an integrated framework for modeling and optimization of district 

cooling systems in commercial districts. To this aim, this research was defined with the 

following objectives: a) development of a virtual district energy model using BCVTB and FMI 

Standard, b) development of a supervisory MPC structure for waterside of the HVAC system as 

well as the integrated air- and water- side of the HVAC system, and c) implementation of the 

developed framework for an actual commercial district. This thesis used the Colorado School of 

Mines’ chilled water plant six as the proof-of-concept demonstration of the methodologies 

proposed in this thesis. 

The research conducted in this thesis addressed the following gaps in literature: a) the 

lack of comparative metrics to assess available co-simulation approaches in terms of their 

capabilities to couple UBEM with optimization tools, b) the lack of a holistic and model-based, 

open-source optimization methodology for electric power demand minimization of central chiller 

plants in commercial districts, c) the current use of simplified linear models for HVAC 

components and/or related variables, d) the use of simplified techniques to predict the thermal 

cooling demand of commercial districts and the lack of comparison between different techniques 

in terms of their capabilities to predict the cooling demand, and e) the lack of an open-source and 

holistic optimization methodology to optimize the air- and water- side of the HVAC system in 

commercial districts.      

 Research contributions 

The following are the contributions of this thesis:  

 Two available co-simulation approaches in the context of BEM are compared proposing 

unique comparison metrics.  

 A holistic and model-based, open-source optimization methodology is developed for 

demand minimization of central chiller plants. 
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 Data-driven models of air- and water- side HVAC components are developed for an 

actual commercial district using field data. 

 A wide range of statistical data-driven techniques are utilized and compared to predict the 

commercial districts’ cooling demand.  

 A general approach for the airside optimization of the HVAC system is proposed.  

 A holistic framework integrating air- and water- side optimization of HVAC systems in 

commercial districts is developed and validated for the proof-of-concept demonstration 

campus.  

 Future work  

While this thesis contributes to the literature in multiple aspects and addresses some gaps 

identified earlier, this section provides some suggestions for future projects. These suggestions 

are presented in both a general (i.e., for every commercial district) and a specific (i.e., for Mines’ 

chiller plant six) format. However, all suggestions are equally applicable to all commercial 

districts with a similar structure to Mines’ chilled water plant six. Using Mines in these 

suggestion takes advantage of the tangible structure of Mines’ campus, discussed earlier in this 

thesis.     

 Implement further thermal demand management techniques: The current integrated 

framework has the potential to test the benefits that could be achieved with an indoor air 

temperature setpoint setback, which is a thermal demand management strategy. 

Furthermore, the implementation of different utility rate structures is important to 

investigate the difference between various measures suggested by optimization. The 

dynamic model of indoor air temperature is developed for different AHUs in the proof-

of-concept demonstration campus that could be utilized for setpoint setback evaluation as 

well as assessing different utility rate structures.  

 Integrate distributed energy resources such as PV and diesel generators to manage the 

peak demand while optimizing the air- and water- side HVAC system: The 

implementation of distributed energy resources such as PV and generators could provide 

some flexibility measures for the peak demand management using the currently 

developed integrated framework for modeling and optimization of the air- and water- side 

HVAC system. The dynamic models for PV and generators, currently employed in the 
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proof-of-concept demonstration campus, are already developed (see Appendix C), and 

those could be implemented to test the capability of the integrated framework.  

 Implement and assess the proposed solutions of the integrated framework on an actual 

campus: The proposed methodologies and results obtained from the integrated framework 

developed in this thesis could be applied to Mines’ chiller plant six to test their effectivity 

under real conditions with the uncertainties associated with occupants behavior and 

weather conditions.   

 Implement different objective functions: The current cost minimization objective 

function could be replaced with carbon-dioxide emissions minimization. This would be 

an interesting minimization objective considering the higher penetration of renewables 

and the impact of this penetration on the duck curve.  

 Revise the airside models using a diverse set of data for the proof-of-concept 

demonstration campus: The current airside models developed for three buildings of the 

proof-of-concept demonstration campus suffer from data limitation. This data limitation 

includes both the length of the data as well as the lack of data for sensors that are required 

for model development. The length of the data, utilized for models training and testing, is 

only three months, which is due to time synching issue (see Appendix A) as well as RAM 

issues of the available computer. Time synching and computer RAM issues prevent us 

from going above three months; therefore, there is a possibility that current airside 

models might not be able to handle precooling strategies. In addition, the return air flow 

rate is only measured for two out of 11 AHUs studied in this thesis for Mines’ chiller 

plant six. Assuming similar behavior between AHUs (i.e., that their return air flow rate is 

measured with those that the return air flow rate is not measured) introduces significant 

errors.   

 Integrate the remaining four buildings of the proof-of-concept demonstration campus to 

the integrated air- and water- side optimization: Assuming that we might have access to 

the required data in future, it would be interesting to add the rest of the buildings to the 

current developed framework. This will provide better insights on the scale of the fans 

compared to chillers for the entire chiller plant. In addition, FCUs play a significant role 

for the rest of the buildings of the proof-of-concept demonstration campus and a dynamic 

model is required to optimize the electric demand associated with FCUs.  
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 Couple different chilled water plants of the proof-of-concept demonstration campus: 

Coupling of different chilled water plants of the proof-of-concept demonstration campus 

could provide some degrees of demand flexibility considering different sizes and 

performance of chillers in different loops.  
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APPENDIX A  

SETPOINT SETBACK TESTS FOR MINES’ CHILLER PLANT SIX 

 

This study uses BAS data from Mines’ chiller plant six for June to August, 2019. Two 

setpoint setback tests are conducted to analyze the potential for shifting the peak electric demand 

and obtaining performance data at different setpoints. The conducted tests are as follows: 

 Test one: started at 1:00 PM, August 13 and finished at 9:00 PM, August 15. This test 

relaxed ELFT setpoint from 42.5 to 44 °F. 

 Test two: started at 1:00 PM, August 26 and finished at 8:00 AM, August 30. This test 

relaxed ELFT setpoint from 42.5 to 46 °F. 

Based on the real-time monitoring of the BAS during the field tests, chillers respond 

quickly to ELFT setpoint relaxation. However, the 15 minute-fidelity data exported from the 

BAS does not indicate a correct timestamp for data points. Accordingly, before analyzing the test 

results for shifting the peak electric demand, it is important to understand the extent of the 

timestamp issue. Figure A-1 shows the fed chilled water supply temperature from chiller one to 

Brown Hall, CoorsTek, and Maple Hall (all located in loop six). Two vertical lines (shown with 

dashed crimson) show the start and end time of test one during which, ELFT of chiller one 

changes to 44 °F at around 10:00 PM while all other buildings whose chilled water is supplied by 

chiller one, have recorded a higher chilled water supply temperature at around 1:00 PM. Thus, 

the timestamps for chilled water supply temperature fed to buildings located in loop six and 

chillers, which feed the chilled water to the loop, do not agree and this is not due to the thermal 

shifting but time syncing issues in the BAS.  

This is not only a problem with the chillers or only one sensor, as in the BAS, a 

significant number of sensors are typically connected to only a couple of jaces. Jace is an 

embodied internet of things (IOT) controller and server platform, connecting multiple devices 

and subsystems and conveying their data to a web browser [209]. Unfortunately, further 

investigation of this problem found that the synchronizing issues are in several jaces and over 
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multiple buildings in the Mines’ campus. These jaces have different timestamps that drift 

nonlinearly through time, meaning that the timestamp drift between two consecutive days might 

not be identical. Chiller test two provides further insights about the nonlinear drift of the 

timestamps. For test two, the shift between the actual and recorded timestamp of chiller one is 10 

hours and 30 minutes; however, it is 9 hours for test one (see Figure A-1). Thus, this was a major 

task that required substantial effort and coordination with Mines’ facilities. To revise the data 

such that the timestamps are correct, these two tests, and other real-time readings from the BAS 

are utilized as benchmarks to shift the data. Table A-1 shows the benchmarks for some jaces on 

the Mines campus, which suggests that future tests will require fixing the time syncing issues.  

 

Figure A-1 Chilled water supply temperature for chiller one and different buildings including 
Brown Hall, Maple Hall, and CoorsTek during test one 

Table A-1 Differences between the real-time and jace’s clock on September 19, 2019 

Jace  Benchmark (hh:mm) 

Brown Hall chillers 14:00 

Brown Hall pumps 01:26 

Brown Hall cooling towers 03:51 

Brown Hall AHU1 01:03 

Elm Hall -00:01 

CoorsTek -00:06 

Starzer Welcome Center  -00:08 
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 Potential for shifting the peak electric demand   

To analyze the potential for shifting the peak electric demand, a set of ELFT and chillers’ 

electric power demand are analyzed for the two field tests. Electric power demand is measured 

with a 10 second-fidelity for chillers of Mines’ chilled water plant six; however, ELFT has a 15 

minute-fidelity.  

 

Figure A-2 Chillers electric power demand (top) and chiller one’s ELFT (bottom) for August 13, 
2019 (i.e., start day for field test one) 

 

Figure A-3 Chillers electric power demand (top) and chiller one’s ELFT (bottom) for August 15, 
2019 (i.e., end day for field test one) 
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Figure A-2 and Figure A-3 show the chillers electric power demand and chiller one’s 

ELFT for the start and end day of field test one, respectively. As shown in Figure A-2, changing 

the ELFT setpoint from 42.5 to 44 °F, leads to a 45 kW electric demand decrease during 4 

minutes (from 12:57 to 1:01 PM). In addition, changing the ELFT setpoint from 44 to 42.5 °F on 

August 15, 2019 leads to a 95 kW increase in electric power demand during 21 minutes.  

 

Figure A-4 Chillers electric power demand (top) and chiller one’s ELFT (bottom) for August 26, 
2019 (i.e., start day for field test two) 

 

Figure A-5 Chillers electric power demand (top) and chiller one’s ELFT (bottom) for August 30, 
2019 (i.e., end day for field test two) 
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As shown in Figure A-4, changing the ELFT setpoint from 42.5 to 46 °F leads to a 102 

kW decrease in electric power demand during 26 minutes. However, changing the setpoint back 

to 42.5 °F on August 30, 2019 leads to a 94 kW increase during 55 minutes. Overall, it is 

concluded that changing the ELFT setpoint of a chiller can significantly shift the peak electric 

demand but it only lasts for a short period (order of one hour).  

These field tests are helpful in terms of providing insights on the a) time syncing issue, b) 

potential for shifting the peak electric demand, and c) performance of the chillers at different 

setpoints. Without conducting these field tests, it would have been impossible to detect the time 

syncing issue as Mines’ chiller plant six is always set to run at a constant ELFT of 42.5 °F. 

However, these tests only provide limited data and as shown in the aforementioned figures, all 

tests are conducted during the time that only one chiller is running. To obtain comprehensive 

insights about the chillers performance, the electric power demand model of chillers are 

developed, that is further discussed in Chapter 5 and Appendix B.  
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APPENDIX B  

DATA-DRIVEN MODELS FOR THE WATERSIDE COMPONENTS OF THE HVAC 

SYSTEM 

 

Appendix B describes the details of the data-driven models presented in Chapter 5 for 

modeling and forecasting of chillers’ electric power demand as well as variables such as EEFT, 

CEFT, and CLFT. 

 Chillers electric power demand modeling  

The electric chiller model proposed by Hydeman et al. [156] is implemented to develop 

chiller models for this study. In general, most statistical learning methods can be categorized as 

parametric or non-parametric [57]. In parametric methods, the structure (e.g., linear, exponential) 

of the function estimating the behavior is known and the problem is simplified to estimating the 

coefficients. However, in non-parametric methods, the structure of the model as well as the 

coefficients are required to be estimated. Hydeman et al.’s model proposes a parametric 

approach in which the coefficients of three performance curves (presented in Section 5.3.1.4 of 

Chapter 5) are required to be estimated (19 coefficients).  

Model development, initially uses design data provided by Johnson Controls for four 

different ELFTs (i.e., 42, 44, 45, 46 °F) and a CEFT of 65 °F. Each dataset (e.g., ELFT of 42 and 

CEFT of 65 °F) has 10 data points starting from a PLR of zero and an identical increase of 10%. 

After using the chiller model, this dataset (i.e., 40 points) did not provide acceptable agreement 

in terms of widely used error metrics (e.g., MSE, RMSE). Accordingly, as-operated BAS data 

are used to develop chiller models instead of as-built manufacturer’s data. Table B-1 shows the 

statistical characteristics of the as-operated data used in the model development procedure. The 

third quartile of the data for chiller one’s ELFT is around 43 °F and reveals that the model works 

more reliably for lower ELFT values. Furthermore, Figure B-1 (a) and (b) show the ELFT and 

CLFT distribution for both chillers. If the density of the data points in a specific region is high, 

the developed models work more reliably for that region. For instance, chiller two’s model is 

more reliable around the second quartile region while chiller one is more accurate around the 
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first and second quartiles. Figure B-2 (a) and (b) show the residuals for the models developed for 

chiller one and two compared to the actual data. Although the residuals’ range vary widely for 

both chillers, the statistics of the residual time series show that the mean values are close to zero 

(see Table B-2) which implies that the models are not biased. The residuals plot indicate that 

there is some seasonality remained in the residuals; however, there is not much flexibility to 

remove this seasonality since a parametric regression approach is implemented. 

Table B-1 Statistical characteristics of the BAS data used for chiller models development 

 Chiller one – ELFT Chiller two – ELFT CLFT 

Count  8832 8832 8832 

Mean (°F) 43.4  46.7 70.1 

Standard deviation (°F) 1.6 2.8 3.4 

Min / Max (°F) 40.0 / 50.0 41.6 / 55.1 56.6 / 83.4 

First quartile (°F) 42.7 43.0 68.0 

Second quartile (°F) 42.8 47.5 69.7 

Third quartile (°F) 43.1 48.6 72.3 

 

The coefficients developed for chiller one and two are presented in Table B-3 and Table 

B-4, respectively. The coefficients are presented to seven digits of accuracy due to the smallest 

coefficients value as well as the coefficients reported by literature, which are usually presented 

with 10 digits of accuracy.  

It is important to check the performance of the chillers at steady-state conditions to get 

insights about the chillers response to external excitations such as change in the ELFT setpoint of 

the chiller. In this respect, Figure B-3 shows chiller one’s COP as a function of the flow rate at 

constant ELFTs. To obtain this figure, the ELFTs are rounded to two digits of accuracy and it 

should be noted that the number of data points are not identical for different ELFTs. The scatter 

plot shown in Figure B-3 has 769, 1860, 1001, 16, and 7 data points for ELFT of 42.6, 42.8, 43, 

44, and 45 °F, respectively. Increasing the flow rate increases the COP of chiller one; however, 

at a constant flow rate and constant ELFT, there is a distribution of COP which varies 

significantly due to the CLFT effect on the electric power demand of the chillers. 
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(a) 

 

(b) 

Figure B-1 CLFT – ELFT distribution plot for chiller a) one and b) two of Mines’ chiller plant 
six 
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(a) 

 

(b) 

Figure B-2 Residual plots for chiller one and two’s electric power demand model 

Table B-2 Statistical characteristics of residual data obtained for chiller one and two 

 Chiller one Chiller two 

Count 8832 8832 

Mean 0.75 0.02 

Standard deviation 20.9 15.0 
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Table B-2 Continued  

 Chiller one Chiller two 

Min / Max -197.7 / 202.6 -168.4 / 156.9 

First quartile  -9.7 -2.9 

Second quartile -0.7 -1.7 

Third quartile  9.5 0.4 

 

Table B-3 Performance curves’ coefficients developed for chiller one of loop six in Mines 
campus (time invariant) 

Coefficients  1
T

t
C  1

IRT

t
E  1

IRTP

t
E  

One 0.6573527 1.0 0.3925837 

Two 0.068213 -0.0657436 -0.0397642 

Three -0.0064303 -0.0045788 0.001321 

Four -0.0122802 -0.0151421 1.4088480 

Five 0.0003087 0.0000445 -0.1379060 

Six 0.0013256 0.0053618 0.0302393 

Seven NA NA -0.0207479 

 

Table B-4 Performance curves’ coefficients developed for chiller two of loop six in Mines 
campus (time invariant) 

Coefficients  2
T

t
C  2

IRT

t
E  2

IRTP

t
E  

One 1.0 -1.0 0.5216385 

Two -0.1122563 0.7575717 -0.0457587 

Three 0.0061659 -0.0625011 0.0010937 

Four 0.0078459 -0.0678995 0.8598146 

Five -0.0001485 0.0016175 0.7181803 

Six 0.0005975 0.0028029 -0.0052136 

Seven NA NA 0.5010474 
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Figure B-3 COP of chiller one as a function of flow rate at constant ELFTs (note: there are 769, 
1860, 1001, 16, and 7 data points for ELFT of 42.6, 42.8, 43, 44, and 45 °F shown in this figure) 

 

Figure B-4 Electric power demand of chiller one as a function of ELFT at constant flow rates 
rounded to the hundreds (note: there are 719, 696, 785, 846, 733, 576, 488, and 336 data points 
for flow rate of 800, 1200, 1300, 1400, 1500, 1600, 1700 and 1800 gpm presented in this figure) 
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Another state plot that can provide insights about the performance of chillers is presented 

in Figure B-4 that represents chiller one’s electric power demand as a function of ELFT at 

constant flow rates that are rounded to the nearest hundred. As shown in this figure, at a constant 

flow rate, as the ELFT increases significantly, the electric power demand decreases; however, 

this is with the consideration that CLFT varies with the values reported in Mines BAS. Figure B-

5 shows chiller one’s electric power demand as a function of ELFT at constant CLFTs and PLRs. 

As shown in this figure, for a constant ELFT, increased PLR increases the chillers electric power 

demand. In addition, this figure shows the CLFT’s impact is significant even compared to the 

ELFT variation.  

 

Figure B-5 Electric power demand as a function of ELFT at constant CLFT and PLRs 

 Cooling tower fan model 

Two data-driven approaches could be followed to model the performance of the cooling 

tower fans. This study follows a non-parametric approach to find the structure and the model of 

the two identical and parallel fans implemented in Brown Hall cooling towers. A wide variety of 

statistical methods such as those that model the behavior of a target variable merely based on a) 

its present and past behavior (e.g., Box and Jenkins [160]) and b) exogenous variables (e.g., 
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ordinary least squares and Lasso [57]) have been investigated. However, hybrid models that 

consider both the present and past behavior as well as exogenous inputs provide the most 

accurate results. Both cooling towers operate in parallel and as shown in Figure B-6, they have 

recorded a similar performance in terms of fan’s VFD. Therefore, modeling one fan suffices for 

the purpose of this study. Figure B-6 shows some deviation between the fan’s VFD for cooling 

towers one and two on August 24. This deviation does not indicate a different performance but a 

different data-sampling rate. Cooling tower one’s fan VFD is recorded with a 30-second 

sampling rate while this is 15-minute for cooling tower two. For the sake of comparison, 30-

second data are averaged for every 15-minute. 

 

Figure B-6 Actual cooling tower fan VFD for the week of August 18, 2019, obtained from the 
Mines BAS 

ACF plot of the data reveals a daily seasonality in the data (as shown in Figure B-7) with 

a reoccurring pattern at every 96 timesteps. This is in agreement with the underlying physics of 

cooling towers as the outdoor air conditions and specifically wet-bulb temperature varies daily. 

A SARIMA model with a non-seasonal order of (2,1,1) and a seasonal order of (0,1,1,96) with 

CLFT as the exogenous variable (i.e., SARIMAX) is utilized to capture the underlying physics.  
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Figure B-7 ACF plot for cooling tower one’s fan VFD 

Figure B-8 (a) and (b) show the ACF and PACF plot of residuals obtained after 

implementing this model. This study uses the current model as an acceptable model for the 

estimation of the cooling tower fan VFD. Table B-5 shows the coefficients of the predictors for 

the implemented model and their associated p-values. The AIC and BIC of this SARIMA model 

are 9,858 and 9,890, respectively. 

 Evaporator entering fluid temperature  

EEFT model is developed using a SARIMA model with non-seasonal order of (0,1,1) and 

a seasonal order of (0,1,1,96) with the associated chiller’s ELFT implemented as the exogenous 

variable. Figure B-9 (a) and (b) show the ACF and PACF plots of the residuals of EEFT for 

chiller one and as shown, there is still seasonal autocorrelation remained in the residuals, which 

could be resolved by adding seasonal AR terms to the model. However, added order of the 

seasonal AR model, increases the simulation runtime significantly and due to the scope of this 

study as well as the calculated error metrics, the current model seems adequate. Table B-6 shows 

the coefficients of the predictors of the implemented model and their associated p-values. The 

AIC and BIC of this model for chiller one are 4,222 and 4,242, respectively. Also, the AIC and 

BIC for chiller two are 1,412 and 1,435, respectively. 
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(a) 

 

(b) 

Figure B-8 ACF and PACF of residuals obtained by using the SARIMA model with a non-
seasonal order of (2,1,1) and a seasonal order of (0,1,1,96) 
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Table B-5 Coefficients and the associated p-values of different features of the SARIMA model 
developed for cooling tower fan VFD with the non-seasonal order of (2,1,1), seasonal order of 
(0,1,1,96), and CLFT as the exogenous variable  

 Coefficient p-value 

CLFT 1.2699 0 

Non-seasonal AR – 1 0.3303 0 

Non-seasonal AR – 2 -0.4882 0 

Non-seasonal MA – 1 -0.1542 0 

Seasonal MA – 1  -0.9572 0 

 

Table B-6 Coefficients and the associated p-values of different features of the SARIMA model 
developed for EEFT with the non-seasonal order of (0,1,1), seasonal order of (0,1,1,96), and 
associated chiller’s ELFT as the exogenous variable 

 Chiller one Chiller two 

Coefficient p-value Coefficient p-value 

Chiller one – ELFT  0.1078 0 --- --- 

Chiller two – ELFT  --- --- 0.0782 0 

Non-seasonal MA – 1  -0.4032 0 -0.1465 0 

Seasonal MA – 1  -0.9914 0 -0.9441 0 

 

 Condenser leaving fluid temperature  

CLFT model is developed using a SARIMA model with non-seasonal order of (0,1,2) 

and a seasonal order of (1,1,1,96) with both chillers’ ELFT as exogenous variables. There is a 

daily seasonality in the data with reoccurring pattern at every 96 timesteps due to the 15 minute-

fidelity of the data. As shown in Figure B-10, ACF and PACF values are within the significance 

limit except for lag 96 that has a significant ACF and PACF values. This could be resolved with 

a higher order for the AR or MA term of the seasonal structure; however, as the order of the AR 

or MA model gets higher, not only the simulation runtime and the associated coefficient’s p-

value increases exponentially, but also the capability for a real-time implementation decreases 

considerably. 
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(a) 

 

(b) 

Figure B-9 ACF and PACF plots of residuals obtained using a SARIMA model for EEFT with a 
non-seasonal order of (0,1,1) and a seasonal order of (0,1,1,96) 
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Table B-7 shows the coefficients of the predictors for the implemented model and their 

associated p-values. The AIC and BIC of this model are 8,158 and 8,199, respectively. Also, the 

p-values for ELFT of chiller one and seasonal AR-1 values are 0.005 and 0.009, respectively 

which are higher than the p-value of other features, but still negligible.  

Table B-7 Coefficients and the associated p-values of different features of the SARIMA model 
developed for CLFT with the non-seasonal order of (0,1,2), seasonal order of (1,1,1,96), and 
chiller’s ELFTs as the exogenous variables 

 Coefficient p-value 

Chiller one – ELFT  0.0469 0.005 

Chiller two – ELFT 0.0534 0 

Non-seasonal MA – 1 -0.3873 0 

Non-seasonal MA – 2 -0.3001 0 

Seasonal AR – 1  0.0484 0.009 

Seasonal MA – 1  -0.9447 0 

 

 Condenser entering fluid temperature 

CEFT is modeled using SARIMA with a non-seasonal order of (2,1,2) and a seasonal 

order of (1,1,1,96) with wet-bulb temperature and CLFT as the exogenous variables. Therefore, 

CLFT modeling occurs prior to CEFT and the updated value is implemented for CEFT 

modeling. The ACF and PACF plots of the residuals after using the aforementioned SARIMA 

model are shown in Figure B-11 (a) and (b). Like CLFT, there is a significant ACF and PACF 

value at lag 96 of residuals; however, due to the model simplicity and because this does not 

repeat for the following timeseps, this thesis considers the model performance acceptable. In this 

regard, Table B-8 shows the coefficients of the predictors for the implemented model and their 

associated p-values. The AIC and BIC of this SARIMA model are 5,441 and 5,493, respectively. 

Table B-8 Coefficients and the associated p-values of different features of the SARIMA model 
developed for CEFT with the non-seasonal order of (2,1,2), seasonal order of (1,1,1,96), and 
CLFT and wet-bulb temperature as the exogenous variables 

 Coefficient p-value 

Wet-bulb temperature  0.0995 0.006 
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Table B-8 Continued  

 Coefficient p-value 

CLFT 0.3654 0 

Non-seasonal AR – 1 1.0878 0 

Non-seasonal AR – 2 -0.1412 0.001 

Non-seasonal MA – 1  -1.4675 0 

Non-seasonal MA – 2   0.4692 0 

Seasonal AR – 1  0.0473 0.019 

Seasonal MA – 1  -1.0 0.200 
 

 

(a) 

 

(b) 

Figure B-10 ACF and PACF plots for CLFT residuals after using a SARIMA model with a non-
seasonal order of (0,1,2) and a seasonal order of (1,1,1,96) and ELFT of both chillers as 
exogenous variables 
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(a) 

 

(b) 

Figure B-11 ACF and PACF plot of the residuals after using a SARIMA model with a non-
seasonal order of (2,1,2) and a seasonal order of (1,1,1,96) and wet-bulb temperature and CLFT 
as the exogenous variables 
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APPENDIX C  

MODEL DEVELOPMENT FOR PV AND GENERATORS ON MINES’ CAMPUS 

 

This appendix models the PV system as well as the diesel generators available at the 

proof-of-concept campus. The plan is to use these models in the future to account for the electric 

power demand reduction due to PV and/or diesel generators.  

 PV generation model 

There are different models introduced for modeling the generation from a PV system  

[37, 210]. However, the most well-known model in this area is the PVUSA model of a PV plant 

that provides a whole-system generation model based on irradiation and outdoor air temperature 

[211]. Some versions of this model use wind velocity as a predictor in their modeling. In general, 

PVUSA model has the structure explained in Eq. (C-1) in which if the wind speed component is 

neglected, the associated coefficient is set equal to zero. 

Symbol Explanation  Unit 

Parameters    

1 2 3 4, , ,     Coefficients of PVUSA model for irradiation, squared irradiation, 

irradiation multiplied temperature, and irradiation multiplied wind 

speed  

   

tI  Solar irradiation at time t  2W/m    

tT  Outdoor air temperature at time t   C  

S

t
W  Wind speed at time t   m/s  

   

Variables    

PV

tP  Electric power output of the PV system at time t   ekW  
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2
1 2 3 4 ,S

t t t t t t
I I I T I W t        PV

tP  (C-1) 

 

Mines has a 100-kW direct current (dc) PV system installed on the new parking garage 

located in the corner of Maple street and west campus road (latitude of 39.751030° and longitude 

of -105.224116°). The installed panels have a tilt angle of 40° and are south facing (i.e., azimuth 

of 180°). To find the coefficients of Eq. (C-1), this study uses SAM to obtain the electric power 

generated from this system with the application of 2018 AMY weather data. Table C-1 shows the 

coefficients developed for the PVUSA model with and without the wind speed predictor. 

Table C-1 Coefficients of the developed PVUSA model with and without wind speed as a 
predictor 

Coefficient  Without wind speed With wind speed 

1  0.088505 0.086856 

2  -0.000008 -0.00001 

3  -0.000346 -0.000327 

4  NA 0.000640 

  

 Figure C-1 shows the performance comparison of electric power generation estimation 

by SAM, PVUSA model with and without wind speed. The difference between PVUSA model 

with and without wind speed is negligible and both can adequately estimate the electric power 

generation. Table C-2 shows the error metrics for both PVUSA model with and without wind 

speed compared to the SAM results.  

Table C-2 Error metrics for PVUSA model with and without wind speed as a predictor 

Error metric PVUSA with wind speed PVUSA without wind speed 

MSE 0.99 1.11 

RMSE 0.99 1.06 

CV-RMSE 5.48 5.82 

MBE 0.0 0.0 
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Figure C-1 Performance comparison of electric power generation estimated by SAM and 
PVUSA model with and without wind speed as a predictor 

 Diesel generators  

Mines has an agreement with the local utility provider, XcelEnergy, to install standby 

diesel generators and be on a 10-minute notice to operate generators and completely disconnect 

the electricity provided by the grid. Currently, there are 13 Volvo Penta diesel generators 

(TWD1673GE) [212] installed on Mines campus which in the standby operation and with the fan 

power subtracted, 625 kW of electric power can be generated from each generator. Under no 

circumstances, these standby generators are allowed to work in conjunction with the grid [213]. 

Figure C-2 shows the fuel consumption rate as a function of standby electric power generated for 

the installed generators. This figure is developed based on the available product catalog for the 

Volvo Penta diesel generators and illustrates a linear relation between the electric power supplied 

by the diesel generator with the fuel consumption rate of the generator.  
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Figure C-2 Fuel consumption as a function of power for Volvo Penta diesel generator 
(TWD1673GE) [212] (note: y and x represent fuel consumption rate and electric power 
generated, respectively 
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APPENDIX D  

DEVELOPED MODELS FOR COORSTEK’S AHUS AND CHANGES IN THE ACTION 

VARIABLES FOR BROWN HALL  

 

 CoorsTek’s AHU 1 and 2 

CoorsTek’s AHU 1 and 2 supply conditioned air for research labs; therefore, they are 

100% outdoor air units equipped with supply fans to pressurize the conditioned air. The 

circulated fresh air in research labs is extracted using four exhaust fans and the exhaust air 

streams of AHU 1 and 2 get mixed before being measured. Therefore, this study integrates AHU 

1 and 2 to model an integrated AHU as there is only one sensor, in the exhaust duct, that 

measures the return air temperature and return air flow rate of the exhaust air stream from the 

spaces supplied by these units. Regardless, the discharge air temperature as well as the outdoor 

air flow rates are measured for each AHU and they have been implemented separately in the 

modeling process. 

D.1.1 Return air temperature model for CoorsTek’s AHU 1 and 2 

Return air temperature is modeled using the ARX technique with the coefficients 

presented in Table D-1. Table D-2 presents the error metrics for the developed model and 

indicates that the return air temperature model performs well, as the average deviation of each 

measured data point from its model value (i.e., RMSE) is only about 0.6 °F. One might argue 

that the R-squared metric for the return air temperature model is significantly low; however, it 

should be mentioned that R-squared is not a goodness-of-fit metric but is just an estimation of 

the relationship between the variations of the dependent variable based on the variations of 

independent variables [214]. The error metrics presented for the supply fan VFD model of AHU 

1 and 2 present a good agreement between the measured and modeled values. 

D.1.2 Supply fan VFD model for CoorsTek’s AHU 1 and 2 

There are 9 fans for the supply side of AHU 1 and the same stands true for the supply 

side of AHU 2. Each supply fan is 10 hp; therefore, the supply side is pressurized by a total of 90 
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hp. from fans, in the full-load operation of each AHU. In addition, each supply fan has a design 

volumetric flow rate of about 4,278 CFM and the total flow rate for each AHU is 38,500 CFM. 

Table D-3 and Table D-4 show the coefficients obtained with the ARX model for the supply fan 

VFD of AHU 1 and 2. In addition, the error metrics are presented in Table D-2 along with the 

error metrics of other variables. 

Table D-1 Coefficients of the ARX model for return air temperature modeling of CoorsTek’s 
AHUs 1 and 2 

 
Lag 

Zero One Two Three Four Five Six Seven 

Return air temperature 1 -0.487 -0.213 -0.15 -0.008 -0.16 0.017 0 

Outdoor air flow – 

AHU1 (×105) 
0 -0.22 0.52 0.26 -1 -0.84 -0.88 -0.84 

Outdoor air flow – 

AHU 2 (×105) 
0 5.6 -2.4 -3.2 0 0 0 0 

Discharge air 

temperature – AHU 1 
0 -0.005 -0.006 0.015 0 0 0 0 

Discharge air 

temperature – AHU 2 
0 0.014 -0.004 -0.014 0 0 0 0 

Outdoor air 

temperature 
0.001 0 0 0 0 0 0 0 

 

Table D-2 Test period error metrics for CoorsTek’s AHU 1 and 2 models for return air 
temperature, supply fan VFD, return air flow rate, and exhaust fan power demand 

Error metric 
Return air 

temperature 

Supply fan VFD Return air 

flow rate 

Exhaust fan 

power demand AHU 1 AHU 2 

MSE 0.33 °F2 0.26 0.23 13,761,809 5.21 kWe
2 

RMSE 0.57 °F 0.51 % 0.47 % 3,709 2.28 kWe  

CV-RMSE 0.77 °F 0.87 % 0.8 % 7.22 7.97 kWe 

MBE 0.49 °F 0.03 % -0.05 % 79.0 0.08 kWe 

R-squared 0.36 0.95 0.96 0.28 0.46 
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Table D-3 Coefficients of the ARX model of supply fan VFD for AHU 1 

 
Lag  

Zero One Two Three Four Five Six Seven Eight 

Supply fan VFD 1 -0.39 -0.16 -0.09 -0.08 -0.08 -0.06 -0.07 -0.02 

Outdoor air flow (×104) 6.3 -2.4 -1.1 -0.4 -0.6 -0.6 -0.4 -0.5 0 

Discharge air temperature 0.08 -0.04 0.01 -0.01 -0.01 0 0 0 0 

Outdoor air temperature 0.01 0 0 0 0 0 0 0 0 

 

Table D-4 Coefficients of the ARX model of supply fan VFD for AHU 2 

 
Lag  

Zero One Two Three Four Five Six Seven Eight 

Supply fan VFD 1 -0.36 -0.15 -0.13 -0.11 -0.10 -0.07 -0.06 0 

Outdoor air flow (×104) 7 -2.5 -1.1 -0.84 -0.8 -0.7 -0.6 -0.4 0 

Discharge air temperature 0.01 0 0.02 -0.02 0 0 0 0 0 

Outdoor air temperature 0.01 0 0 0 0 0 0 0 0 

 

D.1.3 Return air flow model for CoorsTek’s AHU 1 and 2 

Return air flow of both AHU 1 and 2 get mixed before being measured. Therefore, the 

discharge air temperature of both AHUs as well as the supply flow are utilized for the modeling 

of return air flow. Table D-5 shows the coefficients of the model developed for return air flow 

rate and Table D-2 contains the error metrics for this model as well. The error metrics presented 

in Table D-2 indicate that there is still room for improvement of the model for return air flow 

rate; however, based on the available inputs, this model is the best that could possibly be 

obtained for the return air flow rate of AHU 1 and 2. The low accuracy of this model, which is 

the lowest accuracy of all the models developed so far, does not affect the thermal load 

prediction of the CoorsTek’s AHU 1 and 2 as both AHUs are 100% outdoor air units and the 

return air flow rate prediction does not affect the accuracy of the thermal load prediction and 

consequently optimization. Nonetheless, it affects the ventilation requirements of the served 
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spaces, and for the optimization purpose, a higher ventilation requirement for the lower bound of 

the optimization is considered to compensate for the inaccuracy of the return air flow rate model. 

Table D-5 Coefficients of the ARX model for return air flow rate modeling of CoorsTek’s AHUs 
1 and 2 

 
Lag 

Zero One Two Three Four Five Six Seven Eight 

Return air flow rate 1 -0.42 -0.14 -0.08 -0.02 -0.1 0.0 -0.02 -0.02 

Outdoor air flow – 

AHU 1 
0 -0.02 0.09 0 0 0 0 0 0 

Outdoor air flow – 

AHU 2 
0 0.01 -0.06 -0.03 0 0 0 0 0 

Discharge air 

temperature – AHU 1 
0 71.03 0.69 -30.76 21.2 -4.3 3.77 34.14 13.45 

Discharge air 

temperature – AHU 2 
0 -23.1 18.86 77.6 25.40 0 0 0 0 

Outdoor air 

temperature 
7.61 0 0 0 0 0 0 0 0 

 

D.1.4 Exhaust fans electric power demand model for CoorsTek 

Four exhaust fans with a model of VEKTOR-MD-33-9-70-LV-HPW are utilized to 

extract the air from the spaces served by AHU 1 and 2. Each of these exhaust fans have a volume 

of 18,750 CFM, with a capability to extract a total of 75,000 CFM with a minimum extracted 

volume to be 37,500 CFM. Each of these exhaust fans have 1,471 rpm, with an operating power 

of 26.48 hp. Fortunately, Mines’ BAS records the fan power for these four exhaust fans, and the 

integrated power of all the exhaust fans are utilized to model the electric power demand of the 

fans as a function of discharge air temperature, outdoor air flow rate, and outdoor air 

temperature. Table D-6 shows the coefficients of the ARX model developed with the described 

features and Table D-2 shows the error metrics of the model developed for the electric power 

demand of the exhaust fans. As shown in Table D-2, the R-squared value for the electric power 

demand modeling of the exhaust fans is 0.46; however, with careful investigation of the residual 
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plot (see Figure D-1), the residuals seem to be white noise. In addition, Figure D-2 shows that 

the model prediction agrees well with the actual measured data. 

Table D-6 Coefficients of the ARX model for the electric power demand of integrated exhaust 
fans in CoorsTek 

 
Lag 

Zero One Two Three Four Five Six Seven Eight 

Exhaust fan power  1 -0.64 -0.07 -0.05 0.02 -0.05 0 0 -0.02 

Outdoor air flow – 

AHU 1 (×105) 
0 -2 3.9 0 0 0 0 0 0 

Outdoor air flow – 

AHU 2 (×105) 
0 -3.1 -5.3 0.15 1.7 -2.8 -1.8 -2.2 3.6 

Discharge air 

temperature – AHU 1 
0 0.02 0 0.01 0 0 0 0 0 

Discharge air 

temperature – AHU 2 
0 -0.01 0.02 0 -0.03 0 0 0.03 0.06 

Outdoor air 

temperature 
0.01 0 0 0 0 0 0 0 0 

 

 

Figure D-1 Residuals plot of the electric power demand modeling for the exhaust fans 
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Figure D-2 Comparison of the actual and model electric power demand for the test period of the 
lab exhaust fans for CoorsTek 

 CoorsTek’s AHU3 

AHU 3 in CoorsTek supplies conditioned air for 124 different spaces, which mostly 

include graduate and faculty offices as well as classrooms. The indoor air temperature is 

monitored and recorded for each of these spaces, and given the volume of these spaces, the 

average indoor air temperature of all the spaces served by AHU 3 is obtained for June – August 

2019 (see Figure D-3). In addition, the indoor flow rate supplied by AHU 3 is obtained by 

aggregating all the flow rates supplied by VAV boxes in each of those 124 spaces (see Figure D-

4). 

The design flow rate for this AHU is 55,000 CFM; however, for the June – August 2019 

timeframe, the indoor flow rate is significantly below the design flow rate, which is probably due 

to the fact that CoorsTek was not fully operational at the time. A better insight into the operation 

of this building could have potentially been obtained by looking into 2020; however, due to the 

COVID-19 pandemic, the campus was on remote operation after March 2020. 
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Figure D-3 Average indoor air temperature of all the spaces served by CoorsTek’s AHU 3 

 

 

Figure D-4 Indoor flow rate of all the space served by CoorsTek’s AHU 3 

D.2.1 Return air temperature for CoorsTek’s AHU 3 

Using the average indoor air temperature profile of all the spaces served by CoorsTek’s 

AHU 3 (see Figure D-3), the indoor air temperature model is developed for the test period with 

the coefficients presented in Table D-7. This indoor air temperature model is identical to the 
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return air temperature models developed earlier and serves as the dynamic model for return air 

temperature. Table D-8 presents the error metrics for return air temperature model developed for 

CoorsTek’s AHU 3. The return air temperature model performs well as, for example, the average 

deviation of each measured data point from its model value (i.e., RMSE) is 0.09 °F.  

Return air temperature is a representation of the indoor air temperature; therefore, return 

air temperature value is utilized to develop a schedule for indoor air temperature. This schedule 

is developed based on the current operation of Mines’ chilled water plant six and in this case, 

CoorsTek’s AHU 3. The week of August 19 2019 is utilized as the methodology test week and 

Figure D-5 shows the schedule developed for this week. 

Table D-7 Coefficients of the ARX model for return air temperature model of CoorsTek’s AHU 

 
Lag  

Zero One Two Three Four Five Six Seven Eight 

Return air 

temperature 
1 -1.49 0.5 -0.01 -0.04 0.01 0.01 0 0.02 

Outdoor air flow 

(×106) 
0 -2.9 -0.7 0 0 0 0 0 0 

Discharge air 

temperature 
0 0.01 -0.01 -0.01 0 0 0 0 0 

Outdoor air 

temperature 
0.01 0 0 0 0 0 0 0 0 

 

Table D-8 Test period error metrics for CoorsTek’s AHU 3 models for return air temperature, 
supply and return fans VFD, and return air flow rate 

Error metric  Return air temperature  Supply fan VFD Return fan VFD Return flow rate 

MSE  0.01 °F2 0.85 0.87 1,386,862 CFM2 

RMSE 0.09 °F 0.92 0.93 1,177 CFM 

CV-RMSE 0.12 °F 2.13 3.49 6.65 CFM 

MBE 0.01 °F -0.02 -0.04 -387 

R-squared  0.98 0.88 0.84 0.71 
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Figure D-5 Actual and schedule values of average space temperature for CoorsTek’s AHU 

D.2.2 Supply and return fan VFD models for CoorsTek’s AHU 3 

There are 12 fans for the supply and five fans for the return side of CoorsTek’s AHU 3. 

Each supply fan is 10 hp. and each return fan is 5 hp; therefore, in the full-load operation, the 

supply side is pressurized by a total of 120 hp. from fans and the return side is pressurized by a 

total of 40 hp. from fans. Each supply side fan has a design volumetric flow rate of about 4,583 

CFM while the return side fans are 6,875 CFM. Table D-9 and Table D-10 present the 

coefficients of the ARX models developed for the supply and return fans, respectively. 

Table D-9 Coefficients of the ARX model for supply fan VFD model of CoorsTek’s AHU 3 

 
Lag  

Zero One Two Three 

Supply fan VFD 1 -0.804 -0.17 0.017 

Outdoor air flow  0 0 0 0 

Discharge air temperature 0.034 -0.015 0 0 

Outdoor air temperature 0.01 0 0 0 
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Table D-10 Coefficients of the ARX model for return fan VFD model of CoorsTek’s AHU 3 

 
Lag  

Zero One Two Three Four Five Six 

Return fan VFD 1 -0.90 -0.06 -0.01 0.01 0 0 

Outdoor air flow  0 0 0 0 0 0 0 

Discharge air temperature -0.02 0.04 0 0 0 0 0 

Outdoor air temperature 0.01 0 0 0 0 0 0 

 

D.2.3 Return air flow model for CoorsTek’s AHU 3 

The return air flow rate model is developed by using the data obtained by subtracting the 

outdoor air flow rate from the discharge flow rate. Using ARX, Table D-11 presents the 

coefficients of the model developed for return air flow rate. 

Table D-11 Coefficients of the ARX model for return air flow rate of CoorsTek’s AHU 3 

 
Lag  

Zero One Two Three Four Five Six Seven 

Return flow rate 1 -0.499 -0.155 0.003 -0.035 0.065 -0.095 0 

Outdoor air flow 0 0.286 0.034 -0.093 -0.013 -0.08 0.076 -0.015 

Discharge air temperature 0 17.51 13.22 21.87 1.84 17.9 0 0 

Outdoor air temperature 2.656 0 0 0 0 0 0 0 

 

 Airside variables manipulation for Elm Hall 

Chapter 7 discusses the manipulation of the airside variables for Elm Hall’s AHU 1, 2, 

and 3. However, this section discusses the airside variables manipulation for AHU 4 and 5, 

which supply office spaces in Elm Hall. Figure D-6 shows the optimal and actual discharge air 

temperature and outdoor air flow rate for AHU 4 and 5. The optimal discharge air temperature is 

higher than the actual value during the occupied time. However, during the unoccupied time, the 

actual discharge air temperature is higher than the optimal for both AHUs. During the 

unoccupied time, the outdoor air flow rate is slightly (around 6%) higher than the actual values; 

therefore, a lower discharge air temperature will not significantly increase the cooling demand. 
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(a) (b) 

 

(c) (d) 

Figure D-6 Comparison of the optimal and actual discharge air temperature for a) AHU 4 and b) 
AHU 5 and outdoor air flow rate for c) AHU 4 and d) AHU 5 in Elm Hall  
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For the rest of the time, the optimal outdoor air flow rate for AHU 4 is around 30% less 

than the actual and is around 20% less than actual for AHU 5. In the actual operation, AHU 4 

operates until 18:00 PM while AHU 5 operates till 23:00 PM. Due to the similar primary 

application of the spaces served by AHU 4 and 5, a schedule modification is suggested for AHU 

5 to obtain additional savings.  

As shown in Figure D-7, the optimization also suggests an overall higher recirculation air 

ratio for AHU 4 and 5, specifically during the occupied time. Figure D-8 shows that the return 

air temperature follows the schedule values for AHU 4 and 5 in Elm Hall. Therefore, the changes 

in the actions variables do not compromise the occupant comfort conditions. 

 Brown Hall airside variables manipulation  

Figure D-9 shows the discharge air temperature for different AHUs in Brown Hall. The 

optimal discharge air temperature of AHU 1 is typically 3-5 °F higher than the actual values for 

both the occupied and unoccupied intervals. In addition, the optimal outdoor air flow rate is 

around 16% lower than the actual values for AHU 1 (see Figure D-10(a)). AHU 2 and 3 supply 

offices and classrooms in Brown Hall and during the occupied intervals, their optimal discharge 

air temperature are higher than the actual values. Furthermore, the optimal outdoor air flow rate 

for both AHU 2 and 3 are lower than the actual values. Changes on the discharge air temperature 

and outdoor air flow rate of AHU 2 and 3 are coupled with the recirculation air ratio. Figure D-

11 (a) and (b) shows the recirculation air ratio for AHU 2 and 3, respectively. The optimal 

recirculation air ratio of AHU 2 and 3 are set to be around 50%; however, the actual recirculation 

air ratio fluctuates between 0 and 100%. During the occupied intervals, the actual recirculation 

air ratio is set to be zero while the optimal value is 50%. The changes in the recirculation air 

ratio, from 0% in the actual operation to 50% in the optimal operation, causes the increase in the 

discharge air temperature and outdoor air flow rate. The optimal and actual discharge air 

temperature (see Figure D-9(d)) and outdoor air flow rate (see Figure D-10(d)) for AHU 4 are 

similar; however, the recirculation air ratio in the optimal operation is around half of the actual 

operation values (see Figure D-11(c)). The actual recirculation air ratio for AHU 4 seems to be 

unrealistic as returning 100% return air inside the space is not realistic. 
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(a) (b) 

Figure D-7 Comparison of the optimal and actual recirculation air ratio for a) AHU 4 and b) 
AHU 5 in Elm Hall 

(a) (b) 

Figure D-8 Comparison of the optimal and schedule return air temperature for a) AHU 4 and b) 
AHU 5 in Elm Hall 
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(a) (b) 

 

(c) (d) 

Figure D-9 Comparison of the optimal and actual discharge air temperature for a) AHU 1, b) 
AHU 2, c) AHU 3, and d) AHU 4 in Brown Hall 
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(a) (b) 

 

(c) (d) 

Figure D-10 Comparison of the optimal and actual outdoor air flow rate for a) AHU 1, b) AHU 
2, c) AHU 3, and d) AHU 4 in Brown Hall 
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(a) (b) (c) 

Figure D-11 Comparison of the optimal and actual recirculation air ratio for a) AHU 2, b) AHU 
3, and c) AHU 4 in Brown Hall 

The aforementioned changes in the manipulated variables are only allowed if they do not 

save on electricity charges by compromising the occupant comfort conditions. Figure D-12 

shows that the optimal return air temperature follows the schedule values for different AHUs in 

Brown Hall. AHU 2 and 3 have the highest deviations from the schedule values due to extreme 

changes in the discharge air temperature and outdoor air flow rate for these AHUs. The changes 

in the optimal return air temperature compared to the schedule values happen at the AHU level; 

therefore, any changes such as 2°F could have significant effect on energy savings if it is 

accompanied by favorable flow rate changes. 
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(a) (b) 

 

(c) (d) 

Figure D-12 Comparison of the optimal and schedule return air temperature for a) AHU 1, b) 
AHU 2, c) AHU 3, and d) AHU 4 in Brown Hall 
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