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Abstract

Renewable energy resourcagch as wind and solpowerhave a high degree of uncertainty. Lasgale
integration of these variable generatsmurcesnto the grid is a big challenge fpower system

operatos. Buildings, in which we live and work, consume about 75% of the total electricity in the United
StatesTheyalsohave a large capacity of power flexibility due to their massive thermal capacitance.
Therefore, they present a great opportunity to helgticeto manag@ower balance. In this report, we
study coordination and control of flexible building loads for renewable integra¥erfirst present the
motivation and background, asdnduct a literatureeviewon buildingto-grid integration. We also
compile a catalog of flexible building loatisat have great potential for renewable integratzom

discuss their characteristidd/e nextcollectsolar generation data fronpaotovoltaic panel on Pacific
Northwest National Laboratoigampus, and conducatata analysiso studytheir characteristicsWe find
thatsolar generation output has a strong uncertaantgl the uncertainty occurs at almost all time scales
Additional data from othesources are also used to ¥eur studyWe propose tweéransadive
coordination strategige managedlexible building loads for ren&rable integrationWe prove the theories
that support the two transactive coordination strategies and discugwtiseind congn this report, we
selectthree ypes of flexible builing load® air-handling unit, rodbp unit, and a population ofater
heater§WHs)d for whichwe demonstrateontrol oftheflexible load to track a dispatch sigrielg.,
renewable generation fluctuatiomging experiment, simulation, bardwarein-the-loop studyMore
specifically, we present thsystem description, model identification, controller design, test bed setup, and
experiment results for each demonstratide show that coordination and controlftéxible loadshas a
great ptential to integrat@ariable generation sourcéhe flexible loadsan successfully track a power
dispatch signairom the coordinator, while having little impact orethuality of service to the eagsers.






Summar y

Decarbonizing the global energy systmsnone of thanost importanendeavors of our timdt is widely
accepted that a sustainable energy futureimgieasinglyrely on renewable energy sources such as wind
and solarHowever thesevariable generations awelatile, intermittent, anduncorirollable. The vast
integration of variable generatieourcesbrings a significantamount of uncertaintio the power grid,
and presesta dauntingchallengeo current powesystemoperation and controMaintaining the power
balance withuncertainrenewables is one of the most importargblemsin smart grid research.
Traditionally, the uncertainty of renewableas been handled through suppigle(generationyeserves.
However, ecent studies show that deep penetration of renesablesubstanially increase the
procuremenbf additionalbackupgeneration reserves. If additional reserves are provided by-foskil
generators, the net carbon benefit from renewahkilebe diminished generatoefficiencywill reduce
andaneconomically untendé generation mixvill result. Hence thestability andreliability of the grid
will require more flexible consumption from demaside resources

Amongvariousdemaneside resources, buildings in which we live and work have significant impacts on
energyconsumption. More precisely, buildings consume about 75% of the total electricity in the United
States. The massive electpiewerconsumption and enormous thermal storage capability of buildings
have a great potential for providing various grid servibasdre necessary to igtate uncertain

renewable energiel particular,building loadssuch axommercial building heating, ventilation, and
air-conditioning (HVAC) systems, residentidlermostatically controlled loads (TCLSs), electrahicles
(EVs),and deferrable appliance loaal® excellent flexible resourcés absorling the uncertainty of
renewable generationsor example, by changing teapplyfan speed ofmHVAC systemits power
deviation from baseline can be madérexkthe powedeviationof asolarphotovoltaic PV) pane] thus
mitigatingits power output variability. This projeatms to investigatategration ofvariable generation
sourcesnto the grid by agregating, coordinating, andontrollingdistributed demandide resarces.

To fully exploit the potential of variouslasses oflemaneside resourcest is essential to study optimal
coordination of multiple flexible loads considering their diversifiesposecharacteristics and
availability. The focusf thisreport b renewable integration, which aims to uadous types oflexible
building loads to locally absorb the uncertainty of renewables so that less power fluctuation is injected
into the power grid. Based on the resources that are available, three typasbtef fiuilding loadsvere
choseni) a supply fann an air handling unit (AHU)?) a supply fann a roof top unit (RTU), an@) a
collection of water heaters (WHSs). Additionally, coordination and coofritlese three types of building
loadto compenda the solar generation deviation of a solar PV panét@®acific Northwest National
Laboratory PNNL) campusaredemonstrated in this report. The overall objectif/éhe reporis to
coordinate and control power consumptadtilexible loadsto mitigate the power fluctuation of the solar
PV panel without affecting thquality of service to the eatsers. Moreover, our test bed infrastructure
wasbased on VOLTTRON, a PNNL-developed lowcost and opesource software platform, which
facilitates communicating with, and controlling flexible building loa8lfhough our focus is on the three
specfic types of building loadfor the purpose of renewable integration, the developedic@iion and
control algorithmand the test bed infrastructur@@alsobe adopted to provide other buildimgrid
functions.

In this report, we first analyzgatafrom the generation outpwaif solar PV panalonthe PNNL campus.
Next, for each type dfhe thredlexible loads (AHU, RTU and WHSs), system descriptiorgdel



identification, controller design, test bed setup, and demonstration r@sgtesented in this report. The
results showdthat coordinationad control of flexible loads hasgreat potential to integratariable
generation source3rackng a power dispatch signal from the coordinatouldbe achieved
successfully, while having little impact on the quality of service t@titiusers The main results of the
technical report are summarizedlow.

Solar Data Analysis

The solar PV panels in thissearch are located at Richland, Washing®ohlandhas about 206unny
daysayear, which makes it a great locatior instaling solar PV arraysThe design power production
rate of these panels126 kW.TheVOLTTRON™ software platform wassedtac ol | ect t he
power production data at a time resolution of 1 minute, and stoseldrelata in a VOLTTRONM
historian database.
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Figure S1. Daily solar PV generation output (different caloepresent different days).

The trend data showehdatthe solargeneratioroutput wasvery intermitteniplea® Figure S1). On most
days, its power output fluctuatéictquently and abruptly due to passing cloddwe estimated power
densityof the solalgeneration datahowedhatthe uncertainty of the solar PV outmdcurredat most of
the frequencies, and therefamadeit challengingto targeta particular frequency band.

The objective of our researgbasto control the building loads so that thegakttime power minus their
baseline tracks solar generation deviatkeor. simplicity, we used the Ifainute trailing average of the
solar generation as the solar prediction in the next time Biegpresults shoedthat the 15minute
trailing average isnuch smoother than the groutrdth solar power outpFigure S2). The objective of
our research is to control the building loads so that theitiraalpower minus their baseline tracks the
solar generation deviation.
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Figure S2. Solar generation, its tBinute trailing average, and tkigferencebetween the twéor solar
data on March 15, 2016.

Transactive Coordination of Flexible Building Loads

To fully exploit the flexibilities of various types of flexible loads for renewable integration, we proposed
a coordination framework to manalgad power consumption for renewable integratibhe schematic
representation of the coordinatitamework is dpicted in Figure S. In this framework, there are two
levels: the flexible load level and the coordinator leVék lower levelncludes different types of

flexible loads. At each time stelpadsreport their forecasted baseline for the next periodpamer

flexibility (the rangeof powerthe load isable to change from the baseline). In the upper level, a
coordinator is responsible for forecasting renewable generation and implegeEmrdination strategies

to manage the flexible loads so that theaHime power minus the baseline power can track the
renewable generation deviation.

4 N
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{ «/ N
Flexible Loads @H .-
Level e N 5}
\_ VFD-controlled Fan Roof Top Unit Water Heaters )

Figure S3. Schematic of the hierarchical coordinatioamework
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Additionally, twodistributedtransative coordination strategi€gerative method based on dual

decomposition, and orghot supply function bidding methodkreproposed to engage sdtterested

responsive loads farovide services to the grid. We also compared the solutions obtained from the two
method with that soled using a centralized approate showed that these two different approaches
wereequivalent, and they both convedge the same optimal solutigfigure $4). However there was a
conservation of complexity in the two transactive coordination stestgmgithin terms of algorithm

convergence rate aikdeamount of informatiomeedingo be exchanged heiterative method basgeon
dual decomposition requiredultiple iterations between the loads and coordinator beéaehing the

optimal solution, buthe only iformationneedingexchangevasthe price and quantity of the service.
Thesupply functon bidding methoavasable to clear the market in one shait each responsive load

mustbid a supply curve, whiclsa f un
amounts of services at different prices.
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Figure S4. Solar generation deviation tracking performance udiffgrentmethod.

AHU Supply Fans

We studied controlling the supply fanan HVAC system(as shown in Figure S) to track a dispatch

oados

signal from the coordinator. We developed the fan power models, and identified their model parameters

using measurement data fram HVAC system. We proposed two different strategies to control the

supplyfan, and described the experiment setup and presented the experiment results. We showed that our

control methods were able to command the supply fan to track a deswedrajectory, while having

little impact onzone thermal comfort.
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Method 1: Direct controller Method 2: Indirect controller
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Figure Sb. Schematic of a mukkone commercial building HVAC system.

To develop the models and identify their parameters, we mgasurement data from a commercial
building HVAC system orthe PNNL campus. The data wealected by VOLTTRON™ and stored in a
trended databasA. third-order polynomial model vaaused in the fan power curve. The model
parametersvereidentifiedvia regressiomnd theR-squaredvas0.9835. The figure of comparing model
calaulation and measured powgtigure S6) showedthat the fan power prediction by the model matches
the fan power measurement really well.
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Figure S6. Prediction and measurement of fan power as a function of fan speed.



In this study, two method&igure S5) weredevelopedo control the fan poweln method (1)fan power
was directly controlled by the fan speeahdin method (2fan powerwas controlled by the duct static
pressure reset (indirect control). In the first methodyér&ble frequency drive/fD) speed was

directly contolled so that the fan power coulelch the desired value. In the second method, a model
free feedback propodnatintegral (PI) controller was used, which measuhedcurrent fan power and
adjustedhe duct static pressure so ttiafan power couldneet the desired value. Method ékhibited
fast response aratcurate tracking performance, ldutrokethe existing supply fan contrt@op, in

which the fan speed wasntrolled to maintain a constant duct static presddethod(2) did not need to
break the control loop, butriequiredadding another feedback control loop to reset the duct static
pressure on top of the m®ure controller. Hence,hindcertain settling time and transient response
(Figure S7) before the fan power accurateigickeda desired value due to the multiple feedback control
loops. Additionally, when tracking a fast changingnsilg thetracking performancef the indirect
controller was less accuratenthat ofthe first methodBoth methods worgdfine for the studied

HVAC systemin whichbaseline fan power is almost a constant or changes slowly during the occupied
hour.
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Figure S7. Experiment result of using the indirect contraller
Packaged Roofbp Units

RTUsare used imbout 50%of all commercial buildingsand theysene over 60% of the commercial
building floor space in thEnited StatesThe configuration of a typical RTU is depicted in Fig$8. Its
main components include the supply faeating coil, cooling coil, and outdeair, returntair, and relief
air dampersin our research, astudiedthe modelingandcontrolof a RTUsupply fanfor renewable
integration We first describd the RTU systenand discussdthe system modeling and iéication. We
alsodescribedts operating mode and legacy RTU control loyfie next presestithe control strategies,



test bed setup, and experiment resiftshe end, we summaridehe lessontearnedirom this

experiment.
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Figure S8. Schematic diagram of@ackagedoof top unit.

To demonstrateontrol ofan RTU to track a dispatch signal from the coordinator, a RTU simulation test
bed was set up using Modelica dxgimola Modelica is an objeebriented modeling langage. The
developed RTU model wa®mpiled and simulated in Dymgldne execution environment faviodelica.
Figure S9 shows the diagram of the tdgvel RTU model, which consists of sutidels for physical
components afhe RTU (such as the heating/codisource, fan, mixing box), a mode controller, and

HVAC zone.

Mode
Controller

On_O’lf FIESE B
T - T \ E[ _
Heating Q‘- P
oal

k=27315

/Cooling
Source

HVAC_Load

/\/_.

freqHz=1/8640...

:ﬁT
—
temperature

Damper_Control

Building

TOut

j .

startTime=864..

Outdoor

° Mixing
Boxer
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Simulationresults (shown ifrigure S10) showedhat the fan power deviatiarould trackthe dispatch
power command very well aritle zone temperatureadno significant deviationkom the baselinease
The results shoadthat RTUs havea great potential faracking a power dispatch signal from the grid,
while having little impact on thenermal comfort of theervedzone.In the future, v will implement the
designed control strategies using VOLTTRON ghgsicalRTU test bed, and examine the potential of
tracking a dispatch power signal and its impact on RTU operation and thermal cafofmrtpats.
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Figure S10. Simulation results of controlling RTU supply féar renewable integration
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Figure S11. Schematic othe hardwarén-the-loop demonstration of coordination of water heaters for
renewable integration.
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TCLssuch adWHs, air-conditioners, heat pumps, and refrigerathese great potential fassisting
renewable integratiobecause ofheir inherent thermal storagapacitiesin our study we conductech
hardwarein-the-loop (HIL) demonstration ahecontrol of a largeaggregategopulation ofWHsto track
solar generation deviatioithe schematiof the HIL demonstratiorns provided in Figure 31.In
practice, eachVHO6 s p @nswmptiortis discrete; it is either the rated power or Zerget afismoothd
response, a total amount of 108(Hs wereused in the study where 989the 1000/Hs weresimulated
in MATLAB and 1 of the WHswasa physicalWH onthe PNNL campugas showrin Figure S12). The
WH models and contralgorithms residin MATALB, and the VOLTTRONM platform collectectata
from the solar PV panel and the physidéH, and communicated with MATLABMoreover, the
VOLTTRON™ platform sentON-OFFcommand to the phyial WH.

Figure S12. Picture of physicalVHs.

A centralized control scheme to aggregate and control Wédsised in this study. At each time step, the
aggregate power consumptiaaspredicted and compared withe baseline poweof the WHs On the
basis of the power difference and the solar generation deviajiority-stackbased controllewas

used to determine whidlWHs wereto be turned ON or OFER he control commandserethen sent to the
simulatedWHsin MATLAB, and the physicalVH via VOLTTRON™. Theprocessvas repeagd until

the end of the considered time horizon.

The experimentvasconducted foa 24hourwindow. Thedemonstratiomesults showdthat the WHs
power deviation from baseline cowdcaessfully track the solar generation deviation and the
temperatures of simulated and physMafi couldbe well regulated within the esspecified temperature
bounds

Xiii
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In summary, we showed theach ofthe three types of available loads at PNWHU, RTU, and a

collection ofWHs) were able to track the power fluctuations of an onsite solar PV patiet BINNL

campus. Moreover, we demonstrated that by providing services to the grid, there was little impact on the
thermal comfort of thendusers In our study, we conducted experiméased, simulatichased, and

HIL -based demonstrations. In the future, we would like to implement the demonstrated control strategies
on real test bexhind examine their performance and impacts on the quality o€edo/theendusers

We are also interested in conducting a live demonstratitmeabordination of a collection of flexible

loads to absorb the power fluctuations of renewable generations.
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1.0 I ntroducti on

Environmental concerns have imposed an urgent need for energy sggtduation. It is believed that the
future energy system will relsubstantially omenewable energy resources such as wind and solar power.
However, theséwo variablegenerationgre very uncertain in theroductiors, andthereforebring
substantial power fluctuatisrio the power systenBuildings, in which we live and workavelarge

inherent poweflexibility , andthey are excellent candidat® absorb the uncertainty of variable
generationsln this section, we discuss the background and motivation of buildiggd integration, and
present the literature review obordinatingand controlling variousypes offlexible building loads to

provide servicgto the grid.

1.1 Background and Motivation

Global warming and climate changeepetapsone ofthe greatest thresto ourplanet. According to
National Aeronautics and Space AdmsinationGoddard Institute of Global Studighe global mean
surfacetemperature has increadayl0.6 °C in the past 40 yeaiidASA Goddard Institute for Space
Studies n.d.)Moreover the global surface temperaturgi®jectedo rise a further 0.3 to 1°C under

t he | nlewest émissiandssenario using stringent mitigation and 2.6 f&C4iBderits highest
scenariacat the end of the 21st centy§tocker, et al. 20140 a greaextent,global warmingis duedto
excessive exploitation of fossil fuel energies. Currentlgrerthan 80% obur energy is deriveftom
fossilHuel resources such ad, coal, natural gastc.(International Energy Agency 2014f) the current
energy situation continues, it will exacerbate global warming, and threaten our environment.

Decarbonizing the global energy system is one ofrtbst importanendeavors of our timdt is widely
accepted that a sustainable energyrfutmill rely substantially on renewable energy sources such as wind
and solarHowever, variable generati@ourcesare uncertain, intermittent, and stochastic. Leacge
integration of variable generations will inject substantial power fluctuationghietpower girdwhich
makes maintainingthe power balanceetweersupply and demanekry challenging Currently, the
variability of renevables is handled through supjsigle reserveddowever, ecent studies show that deep
penetration of renewalde&vill substantially increase the need for generation reséBragh, et al. 2007)
(Makarov, et al. 2009YHelman 2010)If additional reserves are provided by fodsil generators, the
net carbon benefit from renewablesl be diminished generatoefficiencywill reduce andan
economically untenablgeneration mixvill result. Hence thestability andreliability of the grid will

require more flexible consumption frodemandside resources

Flexible building loads such axommercial buildindgheating, ventilation, and agonditioning (HVAC)
systems, residentighermostatically controlled loads (TCLS), electritiades (EVs), and deferrable
appliance loads, havegaeatpotential to provide various services to the grid. For example, by slightly
changing th@ON/OFFscheduleof a collection oWHS, their aggregate power deviation from baseline
can be made to followhe power deviatiorof asolarphotovoltaic PV) pane| therebymitigatingthe

power output variabilityf the PV panel

This projectaims to investigatow toefficiently and economically integrate renewable energitsthe
grid by agyregatng, coordinating and contrding distributed demandide resources. Intelligent control
of these resources will help the grid absorb the uncertainties from renewables without procuring
additional expensive amblluting generation reserve®ur research develsgontrol algorithmsand
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testbed infrastructuréo demonstrate coordinati@nd controbf flexible building loaddor renewable
integration We alsoconduct experiments abntroling various types of flexibléuilding load to make
net load (building load minus renewable genergtass smooth as possible so tleaterpower
fluctuatiors areinjected into the power grid.

1.2 LiteraturaendeRas@lajreht i ve

Generally speaking, fleble loads can bplacedinto threebroad categoriexommercial building loads,
residential building loads, and other types of lodal¢his sectionwe presenta comprehensiveatalogof
flexible loadsand review the literature study each type of resourceBable 11 summarizes thdetailed

list of flexible loadsy building category

Tablel.1. A catalog of flexible building loads

Commercial Building Loads

Load Type Control Strategies Response Respon_se Requnse Rated Power
Speed granularity Duration
VFD-controlled | Control fan speed, 10-30 mirutes .
supplyfans in | total supply air flow| Seconds to . in either \_/anes,
. . ) ; Continuous| .~ : typically 10
air-handling rate or duct static minutes direction from 100 KW
units (AHUSs) pressure baseline
Control fan and .
VFD-controlled | compressor speed Seconds to 10%06?;121:5 Varies,
rooftop units turn ON/OFF,or : Continuous| . ° typically 10
minutes directionfrom
(RTUSs) change temperatur b . 100 kw
) aseline
setpoint
Set at different 10-30 mirutes _
stage, @rn Seconds to in either Varies,
StagedRTUs | ON/OFF,or change ; Discrete L typically 10
minutes direction from
temperature set b ) 100 kw
) aseline
point
Chz_inge supply Continuous| 30-60 mirutes .
chilled water . o Varies,
, Seconds to| ordiscrete in either :
Chiller temperature set . . L typically 10
; minutes depending | direction from
point, control fan . . 1000 kw
on its type baseline
or compressor
25% of a
commercial
Sgigﬁﬁgﬁsr Continuous Infinite time in buéllglcrl[grgigg}al
Lighting . . Seconds . either direction
dimming, or switch and discrete from baseline power
OFF (Building
Energy Data
Book n.d.)

1 The numbers in thisableare mainly based on the autsdexperience and heuristics.
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Plug loads Minutes to (Weisi(:man
(desktops, tablef  Turn ON/OFF Seconds Discrete h dg ield
lambs) ours and Fie
2012)
Residential Building Loads
Thermostaticalf
controlled loads 10 minutes to
(aur- TumON/OFFor | g0 4 to : hours ineither
conditioners, | change temperatur . Discrete S
. minutes one direction
heat pumps, setpoint .
from baseline
WHSs,
refrigerators)
Distributed
energy forage
(e.g., Tesla %T:‘éﬁzragd Seconds | Continuous Seﬁggrdss to
Powerwall, 9
flywheels)
Deferrable
appliancegpool Turn ON/OFF Seconds Discrete Minutes to
pumps, dryer, hours
etc.)
. . Turn charging Continuous| Minutes to
Electric \ehicles ON/OFF Seconds and discrete hours
Plug loads
(desktops, Turn ON/OFF Seconds Discrete Minutes to
laptopstable hours
lambs)
Other Loads
Refrigeration Secondgo h
: ours
Systems minutes
Several control
strategies are givel . .
Data centers | in (Ghatikar and al. Sec_onds to Contlnuous Minutes to 100s kW
. minutes | and discrete hours
2012) (Wierman, et
al. 2014)
Aluminum Control aluminum . Minutes to
. Seconds | Continuous
manufactories smelter hours
Desalination
plants
Municipal
watering
systems
A_ngICU|_tUI’e Control VFD . Minutes to
irrigation Seconds | Continuous
pumps hours
systems




Varies, see

Charge and . Minutesto (DOE Global
Energy Storage - Seconds | Continuous Energy
discharge hours Stormes

Database n.d.

Coordination of flexibldoads for various grid services Hasen extensively studied iheliterature, and
various modeling andontrol strategiebave been proposellor examplecontrol of the supply fan ina
commercial building HVAC system to provide frequenegulation service was studied @yao, Lin, et
al. 2014) (Y. Lin, P. Barooah an&. Meyn, et al. 2015)Vrettos, Kara, et al. 2016)Vrettos, Kara, et al.
2016) (Lin, Barooah and Meyn 2013)Lin, Barooahand Mathieu 2015nvestigated using the
combination ofafan andachiller inacommercial HYAC system to provide slower ancillary services.
Demonstration othe coordination of four RTU#0 track solageneratiorwas presented biNutaro, et al.
2015) Various control strategies asgverakexperiment demonstrations using commercial buildfogs
grid services wereeported inMotegi, et al. 2007)Kiliccote, et al.2010) (Yin, et al. 2010)In
(Mathieu, Koch and Callaway 201 3Tallaway 2009)(Hao, Sanandaji, et al. 201%Hao, Sanandaiji, et
al. 2013) (Mathieu, Kamgarpour, et al. 2018Malhame and Chong 198§Bashash and Fathy 2013)
(Zhang, et al. 2013flhara and Schweppe 198{Kundu, et al. 2011)Lu and Chassin 2004gported on
the conduct ofubstantial research aggregation ashcontrol ofa large population aksidentialTCLs
such as aiconditioners, heat pump#/Hs, and refrigerator for various grid services (e.g., frequency
regulation, energy arbitrage, peak load management, BteMarkov decision process and mefilad
game were used to control residential pool pumps for ancillavices(S. P. Meyn, et al. 2015(S.
Meyn, et al. 2013)Characterizing flexibilityand reattime schedulingf residentiadeferrale loads for
renewable integtion has been studied (Nayyar, et al. 2013 Subramanian, et al. 201§Hao and
Chen 2014)(Chen, Ji andong 2012) (Papavasiliou and Oren 2010Chen, et al. 2010]Li, Chen and
Low 2011) (Li, et al. 2016)developednarketbased disthuted coordination mechanisms f@rious
types of residential loadManufacturing companies and agritiie farms havalsobeen successfully
engaged by ranipg up and down their power consumptiarresponse to the requirements of the grid
(Todd, et al. 2009 Department of Energy n.dQPthertypes of loads such éighting, plug loads,
refrigeration systems, data centelssalination plantsnunicipalwatering system®tc.werealso
consideedfor demand responsmnd providing ancillargerviceqHirsch, et al. 2015) California Energy
Commi ssionbs Public I nter e(eightthanaad Feld 212 (Sheatkar c h
and al. 2012)(Wierman, et al. 2014jKunczynski and Burger 2014Brzozowski 2011)The authors
believe hattherearealsomanyexceptional workshatare not referencedbut mnducting anore
comprehensive literature review is beyond the scope of this report.

Most of the current studies are limited to modeling, aggregation, and control of a singleliypeiiad
load and ignore coordination with other types of flexible resourtegully exploit the potential of
flexible loads, it is essential to study optimal coordination of multiple flexible laadsonsidetheir
diversifiedresponse characteristiand availabiliies Most of the researcto datefocuses on proebf-
conceptdemonstratiogpby conducting simulatiohased stués But to supportiargescale applicationst

is imporeintto demonstrate the feasibility of the proposed approdmhesndicting experiments on
physical deviceandlearn lessons fromidld tess. In addition many existing experiment demonstrations

have usedlevicespecifictestbedand software toslto communicate with and control the physical loads.

A low-costand opersourceplatform to manage a diverse collection of flexible loddss noexist
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To address the above issues, we statydination of a collection of heterogeneous flexible lo@ts.
use case we focus on in this report is renewable integratioch aims tauseflexible building loadgo
locally absorb the unctinty of renewables so that fewsswer fluctuatios areinjected into the power
grid. Based on thavailableresourceswe pickthree tygs of flexible building loadst) asupply fanin an
AHU, 2) a supply fan in@aRTU, and3) a collection ofVHs. Additionally, we demonstrate coordination
and controbf these three types of building loads to compenfeatide solar generation deviation of a
solar PVarrayonthe PNNL campus. The ovdtabjective is to coordinatena controlthe building
power consumptioto mitigate the power fluctuation of the solar PV pamighout affectingthe quality

of serviceto theendusers Moreover, our test beidfrastructures based on VOLTTROR! (Pacific
Northwest National Laboratory 2016)a PNNL-developed open source softwatatform that facilitates
communicating wittandcontrollingflexible building loadslt is worthmentioningthat although our
focus is on thehiree specific types of building loads andachieverenewable integration, the developed
coordination and control algorithms and the test bed infrastructure can be adopted to provide other
building-to-grid functions.

1.3 Report Organization

The rest of this report is organized as follows. Section 2 presaelarsdata analysis fone solar P\array
onthe PNNL campuslin Section 3, we propose a coordination framework for the supply fan in the AHU,
the supply fan in the RJ, andWHs. The control algorithms, test bed configlimas, and experiment

results forthe three different types of building loads are described in Sedtjdnand 6 respectively.

The report ends with conclusions andiscussion diuture work in Section 7.






20 Sol ar Data Analysi s

In this section, we describe the solar data source used in our remeaidentifyits characteristics.
Welch's method is used to estimate the power deosihe solar generation data different frequeries
We find that the solar PV power outputs are very intermittent, and the unceszénrgat most of the
frequenciesWe alsoexaminethe solar generation data from other souraesd findsimilar solar
generation characteristiddoreover, we presetihe methods we used for solar power prialicin our
research, and statiee objective of our research.

21 Data Sour ce

The solar P\array(Figure2.]) is located inRichland, Washington, which has about 200ny days
year. Richlandreceivesabout? inches of rain and 8 inches afanfall per yearwhile theannualnational
average of rain and snéall are 37 inches and 25 inchesspectivelyThis m&es Richland a great
location forinstalling solar PV arraysThe solar datave useareobtained fromthe solar PVarrayshown
in Figure2.1 Its maximum power productiorate is126kW. It producesaboutl75,000kWh of
electricity ina yearandprovidespower to the Environmental Molecular Science Laboratory (EMSL),
which includesa supercomputing facility and adjaceV-charging stationdVe use the VOLTTRON
software platform t@ampleits power production dat a time resolution of 1 minytand store the data
in aMongo database using tOLTTRON™ historianagent

Rt

Figure2.1. Solar PV panels on PNNL campjg®urce:Hire Electrid

22 Data Anal ysi s

The simmersn Richland,Washingtonare hotandthunderstormareinfrequent winters aremild and
falls snowonly occasionallyTo examine the characteristics itfe solar generation dadaringdifferent
seasonswe selectedhehistoric solar PV output fdwo different time periodg-igure2.2 (a) and (b)
show the solar PV generation from October 23, 20Mowember 9, 2015, and from March, Z®16 to
April 6, 2016 respectivelyWe observe thahe solar output hastypical diurnal pattern, while theeriod
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from October 23, 2015 to November 9, 2@Hse fall)has more cloudy days than the perffian March
15, 2016 to April 6, 201€early spring) Additionally, Figure2.3 (a) and (byepict the daily solar PV
outputduringthe two different time period# particular, different colors in th&s represent different
days.As can be seen ithe figuresthesolar PV panels produce at m&é8 kW of power, which is less
than thedesigned capacity of 126 kW. Additionaltiie number of production houdsiringthe period
from October 23, 2015 to November 9, 2015 (late fal@ssthan thaduringthe periodrom March 15,
2016 to April 6, 2016 (early springylore importantlythe solar output is very intermittel@n most of
thedays,its power output fluctuates frequentiynd abrupthydue topassingclouds.
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(b) Daily solar PV outputs March 15, 2016 to April 6, 20Déferent color represeatifferent days.
Figure2.3. Daily solar generation data.

We usad Welch's method to estate the powedensityof the solar generation dagh different
frequenciesFigure2.4 (a) andb) show thgpowerspectral density estimatisifor the solar data in the
two aforementioned time periodehe powerspectral densitprovides a useful way to characterize the
amplitude versus frequency content of a sigiéd.observén Figure2.4 that he solalgeneratn has
large density in the loMirequencyband[0, 0.00]. This ismainly because the solar generatmxhibits
diurnal behavior. Additionally, it haselative constant density in the higfequency bandD.001,
1/(2x60)] Hz wherel/(2x60)is the highest detectable frequem®causehe sampling rate is every 60
seconds (1 minuteT.his impliesthatthe uncertainty ofaar generatiomccurs amosthigh frequencies
and the uncertaintgccursat most of the frequencies, and therefore leaves no choice to target on some
particular frequency band as suggested by the approgBamioah, Buic and Ma 2015) (Hao, Lin, et
al. 2014) (Lin, Barooah and Meyn 2013)
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(a) Power spectral density of the solar generation data from October 23, 2015 to November 9, 2015.
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Figure2.4. Welch's power spectral density estimat¢he solar generation data

2.3 Sol ar Prediction

Solar power forecaisig is a veryactive research areand it is very important fqulanning the operation
of powersystens. Many different methodwith differentgranularities accuraciesand complexities have
been proposedee(Bacher, Madsen and Nielsen 200@hen, et al. 2011]Lorenz, et al. 2009pr a
few examples.
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Figure2.5. Daily solargeneration, its Ininutetrailing average, anthe diference between the twor
solar data on March 15, 2016.
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The objective of this researchtscoordinde andcontrol flexide building loads to compensadier the
uncertainty of solar PV generatioi®larpowerpredictionwill help us to determine howower used by
building load should be adjusted up or dowa thatt h e Ireatdantk paver consumptiominus their
baseline powetracks the difference between the raahe solar poweproductionand its prediction.
However,developing an accurate solarediction method is far beyond the scopewfaurrentresearch.

For simplicity, weuse thel5-minute trailing average of the solar generation as the solar prediction in the
next time stepMathematically at each time stepwe predict thesolarPV output atthe nexttime step

using the following formula:

0 —_—, (1)

whered is the solar power measurement at time stEjgure2.5 depicts thesolar generatiarits 15
minute trailing average, and thidferencebetween the twéor the solar outpuneasure@dn March 15,
2016 We observe that the dfinutetrailing average is much smoother thangheundtruth solar power
output.

Anotheroption is totakeideal solar generationroa clearsky day ashie solar power predictiari-or
examplewe can sefrom Figure2.2 (b) thatthe solar generation on March 17, 2046n ideal

generation casé&igure2.6 shows the solar generation (March 15, 2016), ideal generation (March 17,
2016), and their differendeetween the twdMoreover, ifothersolarpower predictiormethod areused
we can replace the red lines in Figdr® or Figure2.6 with the output of those methgdmd recalculate
the generation deviation (the black dashed lines in FigBrer Figue 2.6). The objective of our
research is to control the building loads so that te@iktime powerminus theirbaseline trackthe solar
generatn deviation
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Figure2.6. Daily solargeneratior{March15, 2016) ideal solar generatigiMarch 17, 2016)and their
differencebetween the two
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Thecharacteristics of the solar generatwmidentifiedin this report ar@ot limited to the solar P¥rray
onthe PNNL campusWe have alsolecledthe data from other soursd-or example, Figur.7 depicts
the selected daily solar PV generation data floenNewquay Weather Station in the United Kingdom
(UK) (Newquay Weather Station n.dlf)is found that theharactestics of the solar generati@utput
from solar PV panelsieasured in thelK are consistent with what weave observed
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Figure2.7. Solar generation of solar PV pangisasured in the UKor the first day of each month in
2015.
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30 TransaCoowvei noaff i @exaBbl edi ng Load:

In this section, we present a thavel coordination framework to manage flexible building loads for
renewable integration. We propose two teative coordination strategies to engage-isedfrested
responsive loads to provide services to the grid. Simulation studies acertkated talemonstrate the
efficacy of the coordination framework.

31 Coordination Framewor k

To fully exploit the flexibiities of various types of loagsve proposedo usea coordination frameworko
manage their power consumptignschematic representation of the coordinaframework is depicted
in Figure3.1 The framework consists ofvo levels:the flexible loadevel and the coordinator levelrhe
lower level includes different types of flexible loads. At each time shege loadseport their forecasted
baseline for the next period atiekir power flexibility (the range its poweés able to change from the
basline).In the upper levekhere isa coordinatowhois responsible for foresting the renewable
generatiorandimplemening coordinationstrategies to managkeflexible loads so that theireakttime
powerminus the baseline power can track the refbsvgeneration deviatiomn this report, we focus on
three types of building loads for demonstratirasVFD-controlled fan in an AHU, a VFBontrolledfan
in an RTU, and a population aiVHs. These three types of loads can be categorizedantimuous lads
(supply fans in the AHU anBTU) and discrete load$\Hs). For continuous loads, we can modulate
their power consumption continuously to track a dispatched power trajectory. Hothéer not the
case for discrete loads, becatlse power of eaciVH is either zero (OFF) or the rated power (ON).
Therefore, we need to aggregate discrete loads and represent them as a single resource to the,coordinator
so thatthe loadscan provide a smoothaggregateéesponse

Coordinator
Level

74

Flexible Loads (gq 'J B ! "
- A | i e w
Level —l.“' “d [t e 5 l:'. .Y-"u _— —
VFD-controlled Fan Roof Top Unit Water Heaters

Figure3.1. Schematic of the hierarchical coordinatioarhework

32 TransaCoowvei nSattriaoteesg

In our research, we are interestedhietransactivecontrol of flexible building loads.Transactive control
is a type of distributgcontrolstrategy that uses market mechanisms to engagmtlsted responsive
loads to provide services to the grldhe core ofransactive control ithe concept ofupplydemand
market equilibrium.

3.1



In our researchthe problem ofthetransactivecoordinationof flexible building loads for renewable
integration is formulateds follows.At each time stephe coordinator forecastégd measures the
renewable generaticand determines the amount of powmat the loads need teduce or increadeom
their baselineFor each continuous load or a collection of discrete Iaagdswer reduction or increase
will incur a cost, which is represented dyr) , wherei is the index of thatontinuoudoad orcollection
of discrete loadsandn is its power reduction or increas&he control objective is tminimize the total
costsubject to the constraint that the total load reductianareaseas equal to the renewable generation
deviation 0 . Mathematicallythe problem is formulated &sllows:

i ETEIEOA

subject to:

-—

noonom (2)

where r‘]_andh_ are thdower and upper power limitsf thei™ load, respectively.

Generally speaking, there are ttvansactivgor marketbasedgppro@&hes to solvinghe above
optimization probleml) aniterative method based alual decompositiorand2) a oneshotsupply
function biddingmethod

3.2.1 Iterative method based on dual decomposition

We first present thiterative methodUpon observing the separability of the cost function and the
constraintsn Equation(2), we carusethedualdecomposition approagBoyd and Vandenberghe 2004)
(Chen, et al. 201Gp develop arterationbasedistributedalgorithmto find the optimal solutiorMore
specifically, the optimization proble(Equation(2)) can be decomposed into a master protdena
groupof subproblems The master problecan be solvetly the following gradientiecent method:

- - v Bn , (3)

where'Qis the iteration number, is thepriceor Lagrange dual variablat iterationQ and is a small
step sizeAdditionally, for each'Qits sub-problem isgiven by

<

i ETEI&YA _q
subject to:
nonom (4)

Theinterpretatiorof the above iterative algorithm can éeplainedas follows. First of all, the
coordinatorbroadcastsan initial price_ to the loadsind askshemhow much power they woulike to
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reduce or increas8ased on theerviceprice, each load determines the optimal power reduction or

increaser) , by solvingEquation(4), and sendthis quantitybackto the coordinatotUpon receiving all

then 6s, t he c oo siflthercalective powearkeduatidn artinerease is equal to the renewable
generation deviationi . If not, the coordinator willipdatethe price usingEquation(3), and broadcast it to

the loads again. By conductisgchaniterative information exchange, the priceand the power

reduction orincreasg 6 s wi I | conver ge, fandntolse opti mal sol uti or

3.2.2  One-shot supply function bidding method

In the oneshot supply functiobiddingmethod flexible loads preide service to the grid at marginal
revenusthat are represented by supply curves, and the coordinator buys serviaenargjinal benefit
that is described by a demand curve. If the demand curve intersects the aggregate supply curve, the
market is cleeed.The price and quantity of the service are determined by their intersection.

In thismethod we separatéhe power reduction and power increage two different servicesin this
report we only presenthe supply function bidding and market cleariagthe power increasservice
the power reduction service follows in a similar wiagch continuous load or a collection of discrete
loads submga supply curve (as shown figure 3.2Xleft)) to the coordinatotJpon receivingll of the
supply curvs, the coordinatoconstrucs an aggregate supply curgthe red curve i13.2 (middle)) by
summingthe individual supplyurves Thequartity of service is designatal, thereforethe intersection
of the supply curve and the vertical line passivgpoint 0t determines the market clearing pride
The coordinator then sends fiice_" to the loads, and each load determit&power reduction or
increase)’, based on the market clearing pri¢eand its own supply curv@igure 3.2(right)).

Figure3.2. Supply curveof a load(left), schematic ofnarketclearing(middle), anddetermination of
quantity of service for the load (right)

To provide a theoretical basis for the above methadshow the connection between the optimality
conditions of thevptimizationproblem (2) and theupply curve bidding anaharket clearing mechanism.
The firstorderKarush Kuhni Tuckeroptimality condition of theptimizationproblem requires

o N OB T, (5)

>5¢

for eachi, where6 n° is the derivative 0 1" ,_" is theoptimal Lagrange variable associated with

the equality constrair® n Ohand 5 mh %  mare the Lagrange variables associated with the
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inequality constrainte 1 andr)y T}, respectivelyMoreover 6 1 represents the marginedstof
thei™ load whichdefinesits supply curve We note that” is alsothe market clearing fwe.

We next cosider a few possible scenarios:

(1) If there isany inequality constraintfy  Ttthatis active(i.e.,;”  1#m "‘Qand none of the inequality
constrainty 1  Tis active(i.e.,f 17 T, we have

z ’

Thisimplies_® mbecaus® m 1'% T and_ T Clearly this mean® T, andthe
coordinator doesotneed any service.

(2) If all of the inequality constrainty 1 Tare active (i.,ery 1 for alli), we have
0 n _ .

Thismeans® | A @, andthus each load providéhe maximunamount ofservice This scenariconly
hapens whend B .

(3) If none of the inequality constramt ry  Ttareactive, and some of the inequality constraints
N mare ative (i.e., 1] forall"® 0, whered is the set of loadehose aforementioned inequality
constraints are actiyewe have

6 n %, foral@ o,
60 _ for all® 0.

z

This meandor those loads in s&, the market clearing price is higher ththrir maximum bidding price

_ 6,:and hence they provide the maximum amount of sefyizeBut still, the sum of their quantities of
service is still smaller than the requested amountpi.e.,B 7. Therefore,some other loads whose
bidding prices are higher must be procured taidiethe resbf theamount of service, arthe market
clearing price is equal to the marginal cost of each of those &bds optimal power consumptiay.
Graphically, his can be explained bydtire 3.2(middle), which indicatethat the optimal price is
determined byheintersection of the aggregate supply curve and the vertical line passing the)fmint

3.3 Si mul abtaisrenrd Demonstration of t he Coor

We next demonstrate the efficacy of the transactive coordination framework through simulations. We
considera supply fan in the AHUR supply fan in the RTU, and a population oVZBls. We assume
their cost functions arguadratic,

0 n ©n h
where® is a positive constapandr) is the power increase or reduction comparetieédaseline
We first demonstrate the iterative method based on dual decomposition. We assponesthe
flexibilities of the supply fan in the AHUhe supply fanin the RTU, and the population W{Hs are
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and their cost functioparametersod s randomly generated between [0.6,\dfe use the iterative
transactivecoordinationrmethod to coordinate the three types ofifdéxloads to track the solar

generation deviation shown in Figig®. We also solve the optimization problem (2) in a centralized
manner to find the optimal solution, and compare it with the solution obtained by the iterative method.
Figure 3.3shows thesolar generation deviation, load power deviation obtained from the centralized
method,andload power deviation obtained from the distributed iterative metiMedsee that the optimal
solution obtained from the iterative methedhe same athe optimal solutiorthat is solved usinthe
centralized methodvoreover, when the solar power deviation is within the power flexibility range of the
loads(black dotted lines in Figure 3,3he load power deviation from baseline can track the solar
geneation deviation successfullit.is worth mentioing that if the solar power deviation is outside of the
flexibility range, the load cannétack it because t i s beyond the flexible
this case, additional flexible resour@s neededAdditionally, we observe thdbr each time step, about
10 iterationsare requiredor the algorithm to converggsing a step size  1&. We also find that the
convergence ratevhich is determined by the step sizeis inversely related tthe number of flexible

loads. This meanthatif the coordinator usethe iterative method to coordinate a large numbderible
loads, a large number of iterationdl be requiredfor the algorithm to converga each time step

150
1001 [~ oad Power Deviation (Centralized Solution) |
——Load Power Deviation (lterative Method)
- --Solar Power Deviation
S
=3
5}
2
o
a
-100 : ‘ !
09:00 12:00 15:00
Time

Figure3.3. Solar generation deviatidracking performance using the iterative method.

We next demonstrate the eskot supply function bidding methd8ecausehe cost functiopare
assumed to be quadratic, thergiaal cost of each loaor the derivative of its cost functios given by

0 N cwn .
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Graphically, the supply curve submitted by each loadsgaight line, and it idepicted in Figure 3.4Ve
see that the cost function paramebedeternines the bid price of the provided servitteés worth
mentioning that in practic&® can be chosen as a function of the zone tertyrerdifference from set
point, andt might change over time.

At eachtime stepthe supply fan in the AHU, the supgdhn in the RTU, and the population\&Hs

submit a apply curve to the coordinatdfigure 3.4depicts an example of the three supply curves for the
power increase service. The three individual supply curves arsuh@nednto an aggregated supply
curve.The intersection of the aggregate supply curve and the vertical line passiodrth@oint
determines thenarket clearingrice (MCP). The MCP ighen broadcadb theflexible loads, each of

which determines its quantity of service based ongbheivedVICP and its own supply curve.
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Figure3.4. Supply curve submitted bytheflexile loads.
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Figure3.5. Aggregate spply curvesand schematic of market clearing

Figure 3.6shows the simulation resulis. particular, it shows the load power deviations using the supply
function bidding method, as well as the centralized solution and the iterative distributed method. We can
see tlatthey coincide with each other, which implies that the different methods yield the same

optimal solutiorat each time steporeover, they can successfully track #udar power deviation when

it is the within the flexibility range of the loadSompared to théterative method, the supply function
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bidding method is able to find the optimal solution in one shot, which significantly reduces the
communications between the coordinator and the flexible loads.

150
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Figure3.6. Solar generation deviation tracking performance udiffgrentmethod.

In summary, & found there werim generalsome tradeoffs between the two different methQuisthe

one hand, the iterative method based on dual decompasitjaires multiple iterations between the loads
andcoordinator before reaching thptimal solution However, the only informatn needing to be
exchangeds the price and quarnyi of the service. On the other hattake supply function bidding method

is able to clear the market in one shot, but each responsive load ndedstsupply curve, which is a
function r epr es enmessd prayidetdifferentlamcuabbservices at differantgprices.
The two different approaches are equivalaattematically There is a conservation of complexitytive

two transactivecoordinationstrategies, in terms algorithmconvergence rate and amount of information
needgo be exchangeddowevert if the cost functionsf the flexible load arequadraticthe supply curve
can be represented by a simple straligiet which can be represented by a point and arlgithis case,

the supply function bidding method is more favorable in terms of convergence rate and amount of
exchanged information.

The above codlinationframework onlydetermines thamount of service each loaskedgo provide.ln

the next few sectiawe will discuss the device level control stratedies ensureheir realized power
equasthe promised amount of servide.the followingsections, we assume the promised amount of
serviceat each time steig given, and it can be treated as a dispatch power profile from the coordinator.
The objective of each experiméntthe next three sectiomsto demonstrate control of flexible loads s
that their realized power is equal to the power dispgattafile.
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40 AHWuppl ys Fan

In this section, we present thesults ofcontroling thesupply fan inacommercial building HVAC
system tdrack a dispatched power profile from thaodinator We first describe the fan modelnd
identify its model parameters. Next, we presentdiatrol strategies, test bed setup, and experiment
results.Finally, we summarize the lessons leatfrom this experiment.

l /@ X
/@, || VAV Box Zone 8
. X
Duct Zone 9
L Zone 6
< | X " X
o Zone 3 I IL_Zone 10
% S A
= N
= : : : X < T =V b
Air Handling Unit Zone 4 Zone7 | Zone 11
(AHU)
- Q Return Air
Damper

Figure4.1. Schematic of a mukzone commercial building HVAC systefiHao, Lin, et al. 2014)

41 FaModel Devel opment

A typical multizone commercial building HV® system is depicted in Figudel. Its man components
includethesupply fancooling coil,variable air volume\(AV ) boxes and chiller The AHU recirculates
the return air from each zone and mixes it with fresh outside air. The ratio of fresh outside air to the return
air is controlled by damps. Mixed air is drawn by the supply fan through the cooling coil in the AHU,
which cools the air and reduces its humiditiie air is then distributed to each zone through ducts. The
VAV box at each zoneontrolstheairflow rateand supply air temperatigoing into the zone so that the
temperature of the zone tracks a-ppecified desired temperatufes the zonal controllers change the
damper position in response to local disturbanegs,éolar radiation, occupantstc), the duct static
pressurewhich is measured by a sensor that is 2/3 downstream of theedangesorrespondinglyA

fan controller changes the AHU supply fan speed, through a commandvB@heo as to maintain the
staticpressure.

The fan power can be modeled as a polynofaiattion of the total supply diow (ASHRAE 2008)
(Department of Energy 201,0)

6 OO HL OO 6, (6)
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whered is the tothsupply aiflow rate of the HVACsystem andc fo hid andd are constants
Additionally, the supply airflow rate is approximately a linear function of the fan speed,

a wo (7)

whereu is the supply fan spegdndais a constant model parametalternaively, the fan power can be
modeled as a polynomial function of the fan speed,

5 dy B0 Ho O, (8)
wherec b Fto andd are constant model parameters to be identified.

42 System Il dentification

To develop thdan model and identifyts parameterswe usemeasuremerdata fromone of the AHUs
(which serves 17 zones) ancommercial building HVAC system dine PNNL campusThe data are
collected by VOLTTRONM and stored in Mongodatabasewe firstidentify the model parametessd s
in model ), usingtheleast squasemethod withthe measurement datatf andd . The identified
model parameters are given®y T TP T T o 1 D opPYoynhd c¢domo

p 1, and the Rsquared i9.982. Figure 4.2depicts the fan power prediction usithg model(2) and
the identified parameters, and the fan power measurement. We can siee thapower prediction
matches the fan power measurement very well.
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Figure4.2. Measuremerand predictiorof fan power as a function of supply airflow rate.

We next identify the model parametein model {7). Throughthe least squasenethod we find the
parametendis given by® ¢ @&t y and theR-squared is 0.957Zhe measurement and prediction of
supply airflow rate as a functiasf fan speed is depicted in Figure 4/8e can see th#te supp} airflow
rate exhibits dinear relationship with the supply fan speed.
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Figure4.3. Measuremerand predictiorof supply airflow rate as a function of fan speed.

Finally, we identify the model parameteo$ & model g). Similarly, we use the least square method.
Themodel parameters are identifiedlas M@t tx ¢ ou g T o T T Q@ mIC @ U
and be Rsquared is 0.9835. Figure 4ldpicts the fapower prediction using model)4nd the
identified parameters, and the fan power measurement. We can dbe thatpower predictiomakes a
very good approximation @ahe fan power measuremeAnother interesting agpt we observe from
Figures 4.24.4is that the HVAC system operates mainly in two motesausenost of the
measurement dateconcentratingn two areas.
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Figure4.4. Prediction and measurement of fan power as a function of fan speed.
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43 Control i ®tsrateg

In this section, we present the control strategiesise to control the supply fan to follow a dispatch
signalsuch as renewable generation deviatinrihe literature, several controlethods have been
proposed t@ontrol thesupply fan powerf-or example(Hao, Lin, et al. 204), (Y. Lin, P. Barooah and S.
Meyn, et al. 2015) Vrettos, Kara, et al., Experimental Demonstration of Frequency Regulation by
Commercial BuildinggPart I: Modeling and Hierarchical Control Des@@16) (Vrettos, Kara, et al.,
Experimental Demonstration of Frequency Regulation by Commercial Buit®iagdl: Results and
Performance Evaluation 201pjoposedo control the fa speed and supply airflow rate, githasoumy,
et al. 2013proposed to control the duct static pressdi@vever, itis our view that the approach taken
by (Maasoumy, et al. 2018® fundamentally flawedyecause¢he fan power is not only a function of duct
static pressure, but also a function of supply airflow rate. Moreover, its dependence on supply airflow rate
is stronger than the duct static pressure.

In our gudy, we consider two methods @jntroling the fan powegrs shown in Figure 4.8) control the
fan speed (direct controller), a@(i control the duct static pressure (indireattcoller). The supply

airflow rateis generally not controllable directly in most building automation systentke irst method,
we use modelg) to control the/FD speed directly so that the fan power is commanded to a desired
value. It is worth mentioning that if fan powspeed model has a large error, a proportienstgral (P1)
controller should be considered tmnepensate the modplant mismatchas proposed bfvrettos, Kara,

et al., Experimental Demonstration of Frequency Regulation by Commercial BuiRimgs Modeling

and Hierarchical Control Design 2016Yrettos, Kara, et al., Experimental Demonstration of Frequency
Regulation by Commercial BuildingRart II: Results and Performance Evaluation 20lkt6%he second
method, in contrast tihe proposain (Maasoumy, et al. 20)3wewere notable to develop a fan power
pressure model. Therefore, we consider a mfrdelfeedbaclkel controller, which measures thmurrent

fan power and adjusts tleict static pressure so that the fan power is commanded indirectly to a desired
value.

Method 1: Direct controller Method 2: Indirect controller
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Figure4.5. The considered two fan controllers in a commercial building HVAC system.
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Each methodhasadvantages and disadvantagé® first method has fast response aocurate tracking
performarmce. However, it breaks the siing supplyfan control loopg(Figure 4.9, in which the fan speed
is controlledto maintain a constant duct static pressiile second method does not needreak the
control loop butit requiresaddng another feedbackontrol loopto reset the duct statpressure on top of
the pressureontroller Figure 4.§. Hence,it hasacertain settling time anglansient respondmefore the
fan power accurately tracks a desired value to the multiple feedback control loopsiditionally,

when tracking a fast changing signal, the indirect controlletdsaaccuratdracking performance than
the first methodBoth method work fine foranHVAC system whose baseline fan power is almost a
constant or changes slowly during tleegpied hour. FoanHVAC system whose baseline fan power is
difficult to predict, theawo methodsnay havepoorperformancerackinga dispatch signal. Some
examples in théterature use model predictive control to schedule a base operating point frAlaz
fan or chiller(Vrettos, Kara, et al., Experimental Demonstration of Frequency Regulation by Commercial
Buildings-Part I: Modeling and Hierarchical Control Design 2Q18)ettos, Kara, et al., Expienental
Demonstration of Frequency Regulation by Commercial BuildiPays Il: Results and Performance
Evaluation 2016)(Mai and Chung 2015]Hao, Lian, et al. 2015]Lin, Barooah and Mathieu, Ancillary
services to the grid from commercial buildings through demand scheduling and controlF2i4&yer,
these methodseed to vastly change the existing building control laog require accuta zone thermal
modek and load mode] which arenot desirable for buildingperators. Moreovesustainable
maintenance of these MPC controllers is a challenge for the building operbeetheless, for general
demand response purpssehose goal io reduce the power consumptionamfHVAC system for a
period of time, the two methods are good enough to curtail the load of commercial buildings.

Figure4.6. Schematic of existing supply fan control is@mmercial HVAC system.

44 Test Bed Setup

In this section, we present ttest bedusedin the experiment demonstratioNe consider &-zone
commercial building HVAC systemvith 1 VFD-controlled supplydn and 4 VAV boxes (which serve
the same room)he systemschematic is depicteeigure 4.5Figure 4.7shows a few pictures difie test
bed The test bed setup is based on VOLTTR®& a low costand opersourcesoftwareplatform
(Pacific Northwest National Laboratory 2018heVOLTTRON™ platform grovides basiagentde.g.,
listener agent, actuator agent, weather agent, efci¢hfacilitate comminationwith and control physical
HVAC equipmeni@and developing new agesrib enable customized applicatioii$ie VOLTTRON-based
ted platformis depicted in Figure 4.8 our experiments, we used the following six agents:

A Proxy Agent.The BACnet proxy agent provides communication with BACnet dewie@
HVAC systemf the HVAC system is using Modbus protocol, then the BACnet proxy agent is
not needed.
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A MasterDriver Agent. The master drivegantconfigures the device, andistthekey for
communicating with devicassingVOLTTRON™,

A Listener Agent. The listeneraght fAl i stenso to all topics publ i s
is useful to testing iigentaunder developmerare publishingnessageorrectly.

Figure4.7. Pictures of the HVAC system used fbe experiment.

A Historian Agent. The historian agent is an agent storing the messages published on the message
bus in a databas€urrently, SQLight, MySQL, and sMap databmaee supported.

A Actuator Agent. The actuator agent Gazesshe control points of ahysical deviceontroller.
It may request scheduled timesinteract with one or monghysicaldevices.

A Control agentThe two controllerproposed in this repogre programmed using Python as
control agentso contol the supplyfan in the HVAC system

TheVOLTTRON™ platform has many great featur€er exampleit is open, flexible, andnodular.All

of its major functionalitiesare programmed as agemigh basic properties and functions, which can be
reusedlater. Additionally, it is avery low-cost platform that is easy to depldye only hardware
requirement is a singleoard computer such as Raspberry BBeagleboneMoreover, it supports
remote controlAs long as the appropriabeternet ProtocollP) address and authipation are given, the
VOLTTRON™ platform is able to conneutith and control the physical HVAC device from anywhere
usingthelInternet.
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Figure4.8. Configurationof the VOLTTRONM -based test bed.

45 Experiment results
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Figure4.9. Experiment result of using the direct controller.

In this section, we present experinamesults usindpoththedirect and indirect controllemve proposed

30

Becausdehe HVAC system used for this experiment doeshawe accurate power measuremeva

therefore control h e dpeedtd tsack a desiredeedrajectory rather than a power trajectofjigure
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4.9shows the experiment ressiltsing the directontrolle. The top figureshows théaselingan speed
realized farspeedfan speeddeviation from baseline, and solar deviation. We can see that the fan speed
deviation camuickly track the solar deviation very well. Moreover, the zone temperatures 30 minutes
before the experimemind during the 3@ninute experimerare shown in the bottom figuré/e observe
thatthe zone temperature was increasiagy slowly. However, it isour view that zone temperature
increasas notdue toour experimentpecauséhe zondemperature isising slightly beforeinitiation of
theexperimentThis is probably because the zone temperatuteasngin a deadband, and the outside
temperature is increasing.

We next present the experiment results using the indirect contwharh controls the duct static
pressure tandirectly command the fan speéal four different values (98%, 88%, 78%, and 95Fist of
all, we usel-minute samphg time for feedback. Figure 4. 5bows thestatic pressure, static pressure set
point, fanspeed, and zortemperature during the experimewte can seérom the thirdsubfigurethat

the fan speed is able tiackthe four different valugsut withslow transient response, which is not very
desirable.
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Figure4.10. Experiment resudtof using the indirect controller (time resolution 1 minute).

To havefast and accurate tracking performance, we increase the sampling time for feedback from every 1
minute toevery 10 seconds:igure 4.1lillustrates the experiment reswtvith the higher sampling rate.
We can se&rom the third subfiguréhat the tracking performanceimproved significantly. Moreover,
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the temperatureis) both Figure 4.10 and Figure 4.d& not change much during the experimefitss
impliesthatthe experimentBaveno significant mpact on the zone thermal comfdgsing different
samplingratesrequires different Pl gaingnd tuning the PI gairappropriately willyield more accurate
tracking performancén our experiment, wase ZiegleiNicholes methodWikipedia 2016)o find the
initial P1 gain values, and use the trial and error method to refine the control gains.
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Figure4.11. Experiment resuldf using the indirectontroller(time resolution 10 seconds)

In summary, & showthat our control methodsreable to command the supply fan to track a desired
trajectory, whik having minorimpact on the zone thermal comfdrt.the future, we wilconduct
additionalexperiment®n other commercidlVAC systens, andpresent the findings ardssondearred.
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50 PackaBRBeddp Unit s

In this section, we stydmodeling and control of a simulated packaged RTU to track a dispatch power
command. We present the system description and model identification. We also discuss its operating
mode and legacy RTU control logic. An RTU simulation test bed is set up using ModeliDgranth,

and a couple of case studies are presented. We show thaidRiTdJgreat potential for tracking a power
dispatch signal from the grid, while having little impact on the thermal comfort of the serving zone.
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Figure5.1. Schematic diagram of@ackagedooftop unit.

PackagedRTUsare used imbout 50%of all commercial buildingsand theysene over 60% of the
commercial building floor space in thinited StategEnergy Information Administration@.6), (Wang,

et al. 2013)The configuration of a typic&TU is depicted in Figre 5.1. Its main components include
thesupply fan, heating coitooling coil,andoutdoorair, returnrair, and reliefair dampersThe

movement of the airflow is described as follows. Triaoorair fromthe zoness circulated tahe HVAC
systenthroughduct. Sme of this flow(relief air)is exhausted outsid# the buildingthrough reliefair
damperswhile the other portiofreturn ar) is directed towards thRTU via thereturnair damper
Theintakeof the outdoor airis controlledby the outdoowair damper The outdoor aiis thenmixed with

the return aiandconditionedby the cooling/heating coil tappropriate temperature andrhidity set
points.Afterward, tie supply air is drawn by the supply fan, and provided to the zones through ducts.

In our experiment, we aim to control thepplyfan speed so that its poweantrack avaluedispatched
by the coordinatofThe supply fanonly runs when the building is occupied, andf@s speeds generally
variedbased onlte operation modes of the RTwhicharedescribed as follows:

(1) Ventilation mode
1 When there is no call for heating or coolitige system wilbein the ventilatim mode and the
fan will runat 40% of its full speefadjustable)
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(2) Cooling mode
1 When the outdoor dry bulb temperature is less th&h &8greaterthan 70F
- If there is a call for firsstage cooling, the fan will run at 75% of its full speed
(adjustable).
- Ifthere is a call for secorstage coolig, the fan will ran at 90%f its full speed
(adjustable).
1 When the outdoor dry bulb temperaturgyiieaterthan 58F but less than PB, the fan will ran at
90% of its full speedadjustable]f there isacall for eitherfirst or seconestagecooling
(3) Heating mode
1 When there is a call for firsttage heatinghefanwill run at 75% of its full speed (adjustable).
1 When there is a call for secosthge heatinghefanwill run at 90% of itfull speed
(adjustable).
1 When there is a call for auxiliary electric heat on a heat pthmefanwill run at 90% of its full
speed (adjustable).

In addition tothe above modethe fan speed will beverriddenunder the following conditions:

1 Inthe coolig mode, if supply air temperature drops below the low limipegtt of 45°F, the fan
will run at100%of its full speed.

1 Inthe heating mode, if the supply air temperature rises above the high lipirgeif 135°F,
the fan willalso run at 100% dfs full speed.

1 If the carbon dioxid€CQO;) concentration isontroled to keep the space G@evels of béow the
CO; setpoint (1000 PPMlefault) bya Plloop, he fanspeedwill modulate after the damper is at
100% open.

3.5

— Regression (R?=0.92)
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Figure5.2. Prediction and measurement of fan power as a function of fan speed ratio

Again, we model the fan poweas a polynomial function of the fan speed,

0 Q0 b QOO O, (9)
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where® o fty and® are constant model parameters to be identifiéel.use the least square method to
identify the parameterandgeto c¢g@ux pnho 1® pnh P pmnho odt

p T ,and’Y =0.92based on the measured data stipply fanthatserving a PNNL building Figure

5.2depicts the fan power prediction using model (9) and the identified parameters, and the fan power
measurement. We can see that the fan power prediction matches the fan power meafsunignesit

One of the greadvantages of controlling RBJor grid service ighatthe baseline fan speed is

determined based on the operational modes of the RTU. Once we know the operational mode, we can use
theVFD to modulate the fan speed based on model (9), so that its pavgemgation minus baseline

tracks a dispatched power command. Additionally, if there is a large +plagiélmismatch, a closddop

P1 controller can be used to adjust the fan speed more accurately to improve the tracking performance.

52 Test Bed Setup

In ourexperiment, we consider o U thatis modeled with Modelic@Viodelica Association 2014)
Modelicais an objectoriented modeling languagéhedevelopedRTU model is compiled and simulated
in Dymola(Dassault Systemes 201@yhich isthe simulationenvironmenfor Modelicg).
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Figure5.3. Thediagramof the toplevel RTU model

Ambient
Environment

Modelica enables us to develop a hierarchical model for the Rigure 5.3shows the diagram of the
top-level RTU model, which consists of satmdels for physical componentsafRTU (such as the
heating/cooling source, fan, mixing box), a mode controller aandVVAC zone. The suinodels for the
physical components the RTU and the HVAC zone are built based on the component model¢ifeom
Modelicabuildingslibrary 3.0.1(Wetter, et al. 2015)seeTable 5.1for details). The measurethta
mentioned in Section 5.1 ansed to calibrate the fan model. The volume for the HVAC zone is set as
1000 ni. The submodel for the mode controller is built witModelica_StateGraphbrary 2.0.3(Otter,

et al. 2009)Figure 5.4is adiagram of the sumodel for the mode controller. This saibdel takes
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account of six operating modes of the RTU: the-Btage mechanicaboling, the secondtage
mechanicatooling, the ventilation, the economizer, the fs&igeheating, and the secoisthgeheating.

Table5.1. The component models frothe ModelicaBuildingslibrary tobuild thesimulationtest bed

Components Models from Modelica Buildings library
Fan Fluid.Movers.SpeedControlled_y
HeatingCooling Source Fluid.HeatExchangers.HeaterCooler_
Mixer Boxer Fluid.Actuators.Dampers.MixingBox
HVAC zone Fluid.MixingVolumes.MixingVolume
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53 Experi ment resul ts

In our simulationstudy, we consider two scenarios. Baskenarios cover a period of 86,4¥ronds (one
day). In scenarid, the RTU is alwayi the secondooling mode and the cooling loadsist as a
constant oR2 kW. As shown ifFigure 5.5top), thefan power deviation tracks the dispatch power
command quite welFigure 5.5bottom shows the trajectories tie zone temperatuneith and without
trackingof the dispatch power command/e can see that the baselzmne temperature is almost
constanduring the experimenbecausés cooling load is assumed to be a constafiten tracking the
dispatch power command, wéservethat there are some oscillationgle zonetemperature. However,
the amplitudes of the oscillations are less thaf).5his meangrackingthe dispatch power command
does nosignificantlyaffectthe thermal comfort of the studied HVAC zone.

In scenarid, weconsider a more realistic case, in whichwge a sinusoid signal as a synthetic cooling
load for the studied zon&hefrequency amplitude andoffset of the sinusoid signal are 5.8%13 kW,
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and 18 kW, respectively. Undsud a cooling load, the operating modetbe RTU switches betweethe
first-stage cooling anthe secondgtage cooling, as shown kigure 5.6 Additionally, we can see that the
fan power deviation tracks the dispatch power command very wethazdne tenperaturénas no
significant deviation$rom the baseline.

In the future, we are interested in implementing the designed control strategies using VOLTTRON on a
physical RTU test bed, and examining the potential of tracking a dispatch power signalrapedtson
RTU operation and thermal comfort to the occupants.
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Figure5.5. Smulation results for scenaria (top) fan power and (bottom) zone temperature.

Figure5.6. Smulation results for scenari (from top to bottom) cooling load,TRJ operating mode, fan
power, andzone temperature
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