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 ABSTRACT  9 

 One of the major obstacles for deeper solar photovoltaic (PV) utilization is associated with its adverse impact on 10 

distribution voltage regulation. This paper presents a co-simulation platform for PV-rich residential communities to facilitate 11 

development and analysis of new voltage regulation strategies leveraging the flexible residential loads. The platform achieves 12 

co-simulation of high-fidelity EnergyPlus models for residential dwellings, a solar PV model and a power flow model for 13 

distribution networks to accommodate holistic assessments of different voltage control approaches. Community-level control 14 

strategies are proposed to coordinate the operations of air conditioners and hot water heaters across different households to 15 

provide proactive voltage support against volatile solar generation. The control strategies were evaluated with five simulation 16 

test cases of a community with 100 residential dwellings, under different control settings and distribution infrastructure. 17 

Simulation test results have shown that the voltage regulation strategies using flexible building loads could help reduce 18 

operations of step voltage regulators, from 15 tap changes per day to 4. For distribution grids without voltage regulation 19 

devices, flexibility of building loads can be leveraged to maintain feeder voltage within limits set forth by ANSI standards, 20 

and voltage excursions can be almost fully eliminated through relaxation of thermostat setpoints.  21 

 KEYWORDS 22 

  Solar photovoltaic; grid-connected PV; grid-interactive buildings; distribution voltage regulation; flexible load 23 

control; sustainable communities. 24 

 1. INTRODUCTION  25 

 Growing integration of renewable energy resources onto the electric grid has caused stability and reliability 26 

concerns, especially for distribution grids that traditionally lack active monitoring and management. Reported distribution 27 
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system operation issues include voltage fluctuation, frequent operations and accelerated aging of legacy voltage regulation 1 

devices, bidirectional power flows leading to protection system maloperation and overloads, and harmonic distortion in the 2 

AC current and voltage waveforms as well as raised overall operating cost [1,2]. Voltage regulation devices used in 3 

traditional distribution grids include on-load tap changer (OLTC), shunt capacitor and step voltage regulator (SVR). These 4 

devices are primarily designed to mitigate slow diurnal voltage variations and not suitable for rejecting dynamic disturbances 5 

caused by deep PV integration. For more effective distribution voltage management, hybrid methods have been investigated 6 

that combine legacy voltage regulation devices with emerging technologies such as PV power curtailment [3], reactive power 7 

control through smart inverters [4][5], electrical batteries [6] and smart load management [7]. Real power control has been 8 

studied for regulation of distribution voltage. For example, a battery energy storage system was used in reference [6] to 9 

absorb extra PV power in preventing overvoltage, while during evening peak load hours, voltage drop can be compensated by 10 

power discharge from the batteries. PV inverter Volt-Var control can be implemented either in a completely decentralized 11 

manner through a droop logic based on local voltage measurements [4] or in a centralized scheme where the reactive power 12 

injection/absorption at different nodes are managed by a central coordinator [5]. The local and decentralized method may 13 

cause voltage instability due to lack of synchronization across the different devices. Although the centralized approach is able 14 

to maintain stability with appropriate coordination, a communication infrastructure is required and the communication delay 15 

may jeopardize the overall control performance. In reference [8], energy storage was used along with tap changer 16 

transformers to regulate voltage and reduce tap operations in case of high PV penetration. When voltage rises, the 17 

transformer tap position is firstly changed and then the energy storage system is charged; on the occasion of peak load, 18 

coordination signals will be sent to discharge the distributed energy storage in order to mitigate voltage drops. Smoothing 19 

control of PV real power output is also an extensively studied topic area which can benefit both the distribution and 20 

transmission systems. Most of the smoothing mechanisms rely on one or multiple energy storage systems such as flywheels 21 

[9], compressed air energy storage [10], thermal storage in buildings [11], batteries and super capacitors [12].  22 

 Buildings consume approximately 75% of electricity generated in the U.S. [13] Flexible loads, such as space 23 

heating, cooling and domestic hot water that together account for almost 40% of total building electricity usage, are 24 

recognized as one of the most cost-effective resources for grid reliability support. Co-located with distributed generation in a 25 

PV-rich distribution grid, building flexible loads can be leveraged for distribution voltage support. To facilitate optimal 26 

controller design and performance assessment, a high-fidelity numerical tool is needed for the distribution grid that can 27 

capture realistic dynamics and the diverse patterns of building flexible loads. To this end, a co-simulation approach, 28 
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leveraging and linking disparate simulation tools across different disciplines, appears to be suitable. In the field of building 1 

performance simulation, a co-simulation approach has been adopted to accommodate different types of simulation analysis 2 

and most of prior studies utilized whole building energy simulation programs (e.g., EnergyPlus) paired with other numerical 3 

tools. For example, studies combined EnergyPlus and MATLAB/Simulink framework to investigate the influence of weather 4 

as well as construction materials on the room and ventilation temperatures [14] and to support assessment of an occupant-5 

oriented mixed mode predictive controller [15]. Another study co-simulated a building’s energy performance and the outdoor 6 

micro-climate by linking EnergyPlus and ENVI-met, to study the impact of different types of green roofs on the cooling 7 

demand for different climate conditions and urban densities [16]. Analysis of phase change materials (PCM) for thermal 8 

management of buildings was performed with an EnergyPlus and ANSYS Fluent co-simulation setup [17]. The above studies 9 

have shown good success of co-simulation with the high fidelity EnergyPlus toolset and other simulation platforms to 10 

accommodate cross-disciplinary analyses. Some power system simulation tools, e.g., GridLAB-D [18], incorporate simplified 11 

building models that cannot capture some of the important load dynamics, such as heat pump efficiency variations caused by 12 

cyclic operations and dehumidification. Most relevant to this study, the Transactive Energy Simulation Platform (TESP), 13 

developed by the Pacific Northwest National Laboratory, allows the implementation and control of EnergyPlus building 14 

models on the feeder level and provides co-simulation capability across different simulators including GridLab-D, 15 

EnergyPlus, OpenDSS, PyPower, NS-3, among others [19]. 16 

 This paper presents a co-simulation framework, that links EnergyPlus building models and a power flow model for 17 

the distribution infrastructure, to facilitate synthesis, analysis and verification of different voltage regulation strategies with 18 

flexible loads in buildings. Compared to existing tools such as GridLab-D and TESP, the co-simulation framework proposed 19 

here has added simulation capability to realistically capture the flexibility of residential thermal loads at the minute time 20 

scale, the load diversity through randomization of occupancy and thermostat dynamics across different households and their 21 

impact on the aggregate voltage regulation capacity. The new features are critical allowing researchers to study new control 22 

and voltage regulation strategies under realistic load conditions. The application of the proposed framework to a PV-rich 23 

distribution grid, serving 100 single-family detached houses, is introduced as a simulation testbed to study the impact of 24 

volatile PV power on the distribution voltage and the mitigation strategies. A priority-based control logic is proposed for 25 

operations of the heating ventilation and air conditioning (HVAC) equipment and domestic hot waters in the households to 26 

enable active voltage support. Five different control scenarios are considered covering distribution grids with and without 27 

SVR, baseline and voltage support load control strategies with constant thermostat setpoint versus droop-type reset of the 28 
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setpoint. Detailed simulation results, including voltage variation and excursion, compliance with ANSI C84.1 (service 1 

voltage limit of 1.05 p.u. and 0.95 p.u for systems operating 600V and below [20]), SVR tap position changes, HVAC cyclic 2 

operations, load flexibility and indoor temperature variations, are presented and analyzed for the various cases to understand 3 

the performance gains and limitations of the proposed regulation strategies.      4 

 This paper is structured as follows. Section 2 introduces the co-simulation platform along with the component 5 

models for the residential building prototypes, a power distribution grid and solar PV. Section 3 describes the voltage 6 

regulation strategy using building thermal loads. Section 4 presents the key simulation results obtained from the co-7 

simulation platform corresponding to five voltage regulation scenarios. Concluding remarks are given in Section 5. 8 

 2. CO-SIMULATION PLATFORM 9 

 This section introduces the co-simulation platform along with relevant models of components commonly 10 

encountered in a PV-rich distribution grid. A case study for a residential community, comprised of 100 residential dwellings, 11 

is used to demonstrate the efficacy of the co-simulation platform in analyzing and evaluating the distribution voltage 12 

regulation performance under various control scenarios. The co-simulation platform  includes models of residential 13 

dwellings, a radial distribution feeder, solar PV panels uniformly distributed across the feeder, a SVR and a central control 14 

system. These component models are elaborated in the subsequent sections. Figure 1 shows the schematic diagram of the co-15 

simulation framework along with the data flow across the various components. The co-simulation framework adopts a loose 16 

coupling strategy (ping-pong). At each time step, data is being exchanged between the different tools for the pre-defined 17 

interfacing variables: for each simulation tool, the external interfacing variable values of the previous time step are used to 18 

calculate its model output for the current time step. The interaction between simulators is orchestrated by the python master 19 

algorithm. A group of residential dwellings (e.g., 100 houses in the case study) are simulated through parallel and 20 

independent EnergyPlus models each wrapped in the form of a functional mockup unit (FMU) which includes the building 21 

model and corresponding weather file. At each time step, two main interactions take place between the master code and the 22 

different building models: (1) the master code extracts outputs, e.g., the total power consumption and current zone/domestic 23 

hot water (DHW) temperatures, from the 100 building models which are run on the same computer sequentially, although the 24 

developed framework has the capability of simulating different buildings models in parallel on multiple cores or across 25 

multiple computers, and (2) when all building simulations are completed for the current time step, the controller accepts the 26 

simulated results and determine the control commands (on/off control signals) which are then sent to the building FMUs. The 27 
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building power consumption is passed along with the solar power generation from the PV model to the distribution grid 1 

model, which calculates the voltage of the feeder. A homegrown grid simulator for radial distribution networks is utilized 2 

which offers both a nonlinear power flow model and a linear surrogate model; the latter is leveraged by the central controller 3 

to support control decision making. If a SVR is present, the tap position is adjusted and the corresponding turn ratio is 4 

applied to the distribution grid model to regulate the secondary voltage within its deadband. Finally, the central controller 5 

receives the voltage output from the distribution grid model and generates an on/off command to each controllable load. The 6 

framework then progresses to the following time step, repeating the described sequence. 7 

 Figure 2 shows the test distribution system used in the case study, which consists of 33 load buses and has a nominal 8 

apparent capacity of 4.55 MVA, which is also the summation of nominal capacities of all the load buses in this distribution 9 

network. It is assumed that solar PV panels are installed across all buses with a uniform penetration of 70%, i.e., the 10 

nameplate capacity of the PV panels connected to each bus is equal to 70% of the apparent capacity of the corresponding bus. 11 

The aggregate PV capacity is 3.19 MW. It is assumed that 3 buildings are connected to each of buses #1 to #32 while 4 12 

buildings are served by bus #33. The different simulated buildings have comparable peak electric load while the nodal power 13 

capacity can differ significantly from one bus to another. For each bus, power consumption of all the connected buildings and 14 

solar power output calculated from the solar PV model are both scaled to match the nominal capacity of that bus. Note that an 15 

actual feeder of similar sizes may serve up to 1000 residential dwellings. The case study only considers 100 households that 16 

are scaled up to a comparable aggregate capacity. This limitation is associated with the memory requirement of EnergyPlus 17 

for each building model and the fact that all simulations in the case study are carried out on a single desktop computer. The 18 

co-simulation framework supports distributed and parallel model implementations across different computers. However, it is 19 

believed 100 buildings are adequate to capture the load diversities and trends in the aggregate power flexibility. In the case 20 

study, the building loads are scaled so that the annual peak loads of all households served by the same bus add up to 80% of 21 

the node nominal capacity. For test scenarios with SVRs the SVR is installed between buses #5 and #6 to regulate the voltage 22 

of bus #6. Note that the co-simulation engine operates with a one-minute time step and the solar data used in this study also 23 

has a time resolution of one minute. Therefore, the presented results only represent benefits that can be achieved up to the 24 

minute time scale. 25 
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                             1 

Figure 1. Co-simulation framework and interfacing variables. 2 

 3 

 4 
 5 

Figure 2. Residential distribution network in the case study. 6 

 7 

2.1 RESIDENTIAL BUILDING MODEL 8 

 The co-simulation framework incorporates the DOE prototypical residential building models developed by Pacific 9 

Northwest National Laboratory (PNNL) in the form of FMUs. The 100 dwellings simulated in the case study cover the 2006, 10 

2009, 2012, 2015 and 2018 editions of the International Energy Conservation Code [21] specified for the climatic zone 2B 11 

(Tucson Arizona) to reflect the construction diversity in a representative residential community. Each EnergyPlus FMU 12 

models a two-story single-family dwelling with a total floor area of 2,376 ft2 and equipped with a central heat pump system 13 

for space cooling and heating (with a resistive auxiliary heater used in Emergency Heat mode), and a resistive water heater. 14 

 U.S. households typically employ staged HVAC and water heating equipment that cycle on and off (or between 15 

stages for multi-stage systems) to maintain the thermostat temperatures close to their setpoints. However, EnergyPlus is 16 

primarily designed to evaluate quasi-steady-state energy performance and cannot directly model cyclic operations of 17 

residential HVAC. In order to capture more realistic load responses, the control logics in EnergyPlus have been modified to 18 
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receive on/off commands provided externally by the control module. Thermostat and water heater setpoints/deadbands are 1 

also implemented outside EnergyPlus in the co-simulation master code. Temperature setpoints of 23 ˚C for the indoor spaces 2 

and 47 ˚C for the hot water tank are assumed with a deadband of 0.5 ˚C. Further, the thermal inertia, occupancy schedule and 3 

operational settings such as anti-cycling periods all impact the variations of flexibility and thus the ability of residential loads 4 

to provide voltage support across the different houses and at different times of the day. To better capture the aggregate load 5 

flexibility, occupancy schedules and thermostat cyclic patterns are randomized across the different household models in the 6 

co-simulation platform, to be discussed in the following subsections. 7 

 2.1.1 THERMOSTAT CYCLIC MODEL 8 

 Operational (and load) flexibility of single-stage HVAC equipment is affected by the building thermal inertia and 9 

HVAC anti-cycling time settings, both of which affect and thereby can be correlated with the HVAC cycling patterns. 10 

EnergyPlus simulates quasi-steady-state temperature variation of the indoor air volume but cycling of a HVAC unit is 11 

dependent on the temperature reading inside a thermostat. Indoor furniture and thermostat enclosure may cause buffering 12 

effect in temperature reading and thus can affect the cycling pattern of a HVAC system. Since the combined thermal 13 

capacitance, associated with building construction and thermostat enclosures, has a significant impact on the load flexibility 14 

of a dwelling (elaborated later in this section), it is important to obtain representative capacitance estimates. A hybrid method 15 

is proposed here that combines the thermostat cyclic model and high-resolution field data collected in a dozen of U.S. houses 16 

to obtain a realistic range for the combined thermal capacitance; details of the method are presented as follows. 17 

 The following thermostat model characterizes the HVAC cycling frequency with respect to the runtime fraction X 18 

[22]: 19 

𝑁 = 4 ∗ 𝑁𝑚𝑎𝑥 ∗ 𝑋 ∗ (1 − 𝑋)      (1) 20 

where N is the number of duty cycles in each hour and Nmax is the peak cycling rate which occurs at X=0.5. The runtime 21 

fraction is defined as the ratio of the HVAC run time in one duty cycle to the total cycle length, which is also close to the 22 

ratio of the building load to the HVAC cooling capacity [22]. Figure 3 shows the variation of the HVAC cycling rate with the 23 

run time fraction from one of the simulated case study buildings in EnergyPlus (after modification of the effective 24 

capacitance, to be discussed in the following paragraph); the bell-shaped curve represents the best fit of Eq (1) to the 25 

simulation results with Nmax close to 3. It can be observed that the cycling rate is low for periods with very low or very high 26 

load ratios, while the cycling rate peaks at a run time fraction of 0.5.  27 
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 1 

Figure 3. Cycling rate vs. run time fraction for an example EnergyPlus building model. 2 
 3 

 The peak cycling rate Nmax has the following functional relationship with the cooling capacity of the HVAC system 4 

(Cap), thermostat deadband (TDB) and combined indoor air thermal capacitance (C): 5 

𝑁𝑚𝑎𝑥 =
𝐶𝑎𝑝

8𝑇𝐷𝐵𝐶
             (2) 6 

It may be noted that the thermal capacitance C combines the thermal inertial associated with the indoor air volume, air-to-7 

furniture/wall interactions and thermostat enclosure. For given HVAC capacity and thermostat deadband, the maximum 8 

cycling rate is inversely proportional to the combined thermal capacitance, which is a relatively constant parameter for a 9 

given house. As previously mentioned, the capacitance significantly impacts the load flexibility of a dwelling, which is 10 

defined as the margin for the electrical load increase (ramp-up) or decrease (ramp-down) from the current load level. Figure 4 11 

illustrates the effects of thermal capacitance and anti-cycling time on power flexibility of HVAC equipment. The red shaded 12 

area corresponds to load ramp-up flexibility. If the current time step falls within the red shaded area, the HVAC unit can be 13 

turned on if needed. Similarly, the blue shaded area presents the ramp-down flexibility during which period the HVAC 14 

equipment can be turned off anytime. A controller cannot turn a HVAC system on or off unless there is ramp-up or ramp-15 

down flexibility. Note that load flexibility of HVAC equipment is  highly dependent on the anti-cycling period, which is 16 

implemented by manufacturers to prevent frequent cycling of the compressor for the sake of equipment lifetime. After a shut-17 

down (or start-up) of the HVAC equipment, the unit ramp-up (or ramp-down) flexibility will not be available until the anti-18 

cycling timer expires. This is why larger anti-cycling time settings could lead to reduced load flexibility due to prolonged 19 

lock-out of a compressor, as evident from comparison of Figure 4 (a) and Figure (c). In the case studies, the minimum on-20 

time and off-time of a duty cycle both assume 4 minutes. HVAC load flexibility is also affected by the building thermal 21 
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inertia. For a dwelling with high thermal mass or large thermostat inertia, the combined capacitance is high and the 1 

thermostat temperature variation would be slow, leading to greater load flexibility; on the other hand, houses with light 2 

construction typically involve low thermal capacitance and thereby smaller load flexibility. This can be clearly seen through 3 

comparison of Figure 4 (a) and Figure 4 (b). The available load flexibility of a community at any time instance is simply the 4 

sum of power flexibility across all households (see Figure 9 of the case study section for the aggregate flexibility).  5 

 6 

Figure 4. HVAC flexibilities for different simulation settings: (a) Nmax = 2.5, anti-cycling time = 4 min; (b) Nmax = 5, anti-7 

cycling time = 4 min; (c) Nmax = 2.5, anti-cycling time = 8 min. 8 

 9 

Due to the relationship with the combined thermal capacitance, peak cycling rate is an important parameter and 10 

realistic estimates thereof are critical to capture the aggregate flexibility. Henderson et al. collected high-resolution 11 

thermostat data from more than 10 single-family residential dwellings in Florida and found the peak cycling rate ranging 12 

from 2.4 to 3.5 [22]. Note that EnergyPlus does not offer a thermostat model directly, but the “zone temperature capacitance 13 

multiplier” parameter can be used to simulate the additional inertia associated with thermostat enclosure and indoor furniture 14 

[22]. This parameter is randomized across the different building models of the co-simulation so that the resultant peak 15 

cycling rate uniformly falls within the range identified in [22].  16 

 2.1.2 OCCUPANCY AND ELECTRICAL LOAD SCHEDULES 17 

The original prototypical building model has predefined occupancy and load schedules while these schedules are 18 

likely to differ significantly from one household to another. In order to capture the electrical load diversity, occupancy 19 
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profiles in EnergPlus are randomized across different dwellings and each of the household end uses has been linked to the 1 

number of occupants for a given dwelling, e.g., 22.8 W/person for dishwasher, 35.5 W/person for refrigerator, 14.2 W/person 2 

for clothes washer, 72.5 W/person for electric dryer and 730 W/person for electric range; these end use densities are 3 

estimated based on the nominal end uses and occupancy of the original prototypical model. Occupancy schedule is 4 

randomized using the model developed by [23], based on a first order time inhomogeneous Markov chain derived from self-5 

reported surveys. The occupancy schedules generated across the 100 buildings are depicted in Figure 5. 6 

 7 

Figure 5. Occupancy schedules of all the simulated buildings throughout a summer day. 8 

 9 

 2.1.3 WEATHER DATA 10 

 The EnergyPlus residential building simulations utilize measured meteorological (dry-bulb temperature, relative 11 

humidity, atmospheric pressure and windspeed) and solar irradiance data (global horizontal, direct normal and diffuse 12 

horizontal solar radiation), obtained from the OASIS database of National Renewable Energy Laboratory for Tucson, 13 

Arizona [24]. The data is available in a minute resolution and spans over the whole year of 2019. Note that the temperature 14 

and solar irradiance data is also used by the solar PV model discussed in section 2.3.   15 

 2.2 POWER DISTRIBUTION GRID  16 

 2.2.1 DISTRIBUTION NETWORK MODEL  17 

The co-simulation incorporates a homegrown distribution grid simulator that encapsulates a nonlinear steady-state 18 

power flow model to simulate voltage variations of a distribution system and a Newton-Raphson method for equation solving 19 
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[25]. The distribution grid model is executed every minute to calculate the distribution voltage given the instantaneous loads 1 

and PV output. All the building loads have a set power factor of 0.9 while the PV inverter is assumed to operate at unity 2 

power factor. In the case study, the IEEE 33-bus test distribution network [26], depicted in Figure 2, is adapted and utilized to 3 

evaluate the nodal voltage variations with and without proactive regulation control of building thermal loads. Note that the 4 

nonlinear power flow model is not suitable to use in iterative control algorithms due to the high computational demand. To 5 

improve numerical efficiency, our grid simulator also incorporates a routine to generate a linear approximate of the power 6 

flow model based on the linearization approach proposed by Baran and Wu [25] for radial networks. This approach neglects 7 

the line loss terms but captures the reactive power contribution to voltage drops. The linear surrogate model is used in the 8 

controllers discussed in Section 3. However, it should be noted that the voltage simulation results presented in this paper 9 

were all obtained with the nonlinear power flow model.  10 

 2.2.2 STEP VOLTAGE REGULATORS 11 

The distribution grid assumes a SVR installed between buses #5 and #6 to compensate for voltage drops along the 12 

radial distribution line for cases 2 and 3 discussed in section 4.2.  A SVR is primarily designed to maintain a constant 13 

secondary voltage under time varying load and distributed generation, which are known to be highly influenced by weather 14 

events and can fluctuate drastically [27]. The SVR can modulate the primary-to-secondary voltage conversion ratio between 15 

90% and 110% with a total of 33 steps, which include 16 steps in the raise direction, 16 steps in the lower direction and one 16 

neutral position; therefore, each tap change would result in a 0.625% variation in the secondary voltage. In the case study 17 

distribution network, the SVR tap position can be adjusted to maintain the bus #6 voltage within a given deadband. In this 18 

study, the setpoint of bus #6 voltage assumes 1.0 p.u. with a deadband of ±0.0125 p.u. (i.e., ±1.5V for 120VAC nominal 19 

voltage).  20 



12 

 

 2.3 SOLAR PHOTOVOLTAIC MODEL  1 

The solar irradiance fluctuations can occur at a range of frequencies from fractions of mHz to a few Hz. The daily 2 

solar irradiance parabolic profile is the source of the low frequency variation; medium frequency variation is mainly 3 

associated with moving clouds while local intermittent shading and passing flocks of birds contribute to high frequency 4 

variation of solar irradiance. Reference [28] presented a thorough analysis of the frequency spectrum of solar PV power 5 

based on field measurements with one-second time resolution. The study found that 98% of the PV energy is attributed to the 6 

frequency band lower than 1mHz (~15 mins).  7 

In this study, the solar irradiance data from the NREL OASIS database is used which has a time resolution of one 8 

minute. A solar PV model is implemented to calculate the solar power output for the given solar irradiance and ambient 9 

temperature (the same as the weather data used in EnergyPlus building models) at each time step. The instantaneous PV 10 

power output (under maximum power point) can be estimated with  11 

       𝑃𝑚 = 𝜂𝑐𝐴𝐺𝑇           (3) 12 

where 𝐴 is the aperture area, 𝐺𝑇 is the global horizontal solar irradiance and 𝜂𝑐 is the PV power output efficiency. The PV 13 

efficiency was found to be linearly related to the cell temperature and can be estimated with the following correlation [29] 14 

            𝜂𝑐 = 𝜂𝑇𝑟𝑒𝑓
[1 − (𝛽𝑟𝑒𝑓(𝑇𝑐 − 𝑇𝑟𝑒𝑓)]          (4) 15 

where 𝜂𝑇𝑟𝑒𝑓
 is the PV power output efficiency at the standard test conditions, i.e., at the reference cell temperature 𝑇𝑟𝑒𝑓 =16 

25𝑜𝐶  and solar irradiance of 1000 W/m2, and 𝛽𝑟𝑒𝑓  is the temperature coefficient. This correlation assumes the impact of 17 

solar irradiance on the conversion efficiency is negligible, which is a common practice. These parameter values can be 18 

obtained from the manufacturer, e.g., 𝜂𝑇𝑟𝑒𝑓
= 0.125, 𝛽𝑟𝑒𝑓 = 0.0044𝑜𝐶−1 for crystalline silicon modules [30]. It is difficult to 19 

reliably measure the PV cell temperature and a practical method is to use the ambient temperature 𝑇𝑎 to estimate the cell 20 

temperature, such as [31] 21 

             𝑇𝑐 = 𝑇𝑎 +
𝐺𝑇

𝐺𝑁𝑂𝐶𝑇
(𝑇𝑁𝑂𝐶𝑇 − 𝑇𝑎)          (5) 22 

where 𝐺𝑁𝑂𝐶𝑇 is the nominal solar irradiance and  𝑇𝑁𝑂𝐶𝑇  is the nominal operating cell temperature measured under nominal 23 

terrestrial environment [32]. Note that the PV efficiency in Eq. (4) has combined an inverter efficiency of 0.95, as the original 24 

parameter value for 𝜂𝑇𝑟𝑒𝑓
 is 0.13.  25 
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 3. VOLTAGE REGULATION STRATEGIES FROM BUILDING THERMAL LOADS 1 

This section describes the control strategy for building HVAC and DHW loads to enable proactive voltage 2 

regulation. The strategy always uses the HVAC regulation flexibility first and only when the HVAC flexibility is exhausted, 3 

the DHW flexibility is procured. Before the strategy is deployed, the target nodal voltage and a corresponding deadband need 4 

to be specified; the control voltage could be the nodal voltage on the secondary side of a SVR or the voltage of the worst case 5 

node across the feeder. Figure 6 shows the logics for procurement of HVAC and DHW load flexibility for voltage regulation. 6 

At each time step, the controllable loads are firstly separated into four groups:  7 

1) a “lock-out” group including all the HVAC and DWH units with unexpired anti-cycling timers (thus these units cannot 8 

change operational status); 9 

2) a “change of status” group comprised of the units that must change status, either on-to-off or off-to-on due to 10 

temperature excursions;  11 

3) an “available to ramp-down” group including the units that are currently energized but can be turned off if needed;  12 

4) an “available to ramp-up” group with units that are in idle mode but can be activated if needed.  13 

In addition, the units in the ramp-up and -down groups are ordered by the priority, e.g., if a HVAC unit has the thermostat 14 

temperature closer to the upper/lower bound of the deadband, it has a higher priority to be turned on/off. The voltage 15 

regulation strategy procures the regulation flexibility from the ramp-up or ramp-down group: if the control voltage tends to 16 

drop below the lower limit, the ramp-down flexibility is called for to reduce load of the feeder and boost voltage; similarly, if 17 

an overvoltage is about to occur, ramp-up resources will be leveraged; if the voltage falls within the deadband, no proactive 18 

voltage regulation is needed and thermal loads are controlled according to their original thermostat sequences. During 19 

proactive voltage control, the amount of the flexibility (number of units that need to be turned on or off) that is needed is 20 

determined with an iterative process in the simulation study. In real-world implementation, real-time voltage feedback can be 21 

leveraged for accurate flexibility procurement. 22 
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 1 

Figure 6. HVAC and DHW flexibility procurement logics. 2 

 3 

 4. SIMULATION CASE STUDIES  4 

Five numerical test cases are considered to evaluate the performance improvement in voltage regulation using the 5 

proposed proactive building load control strategy. The five case studies cover distribution grids with and without SVR, 6 

different control targets (maintain feeder voltage within ANSI limits, minimize SVR operations) and different control settings 7 

(constant thermostat setpoint versus setpoint reset). The simulation parameters and settings for the five cases are shown in 8 

Table 1. All the simulations are carried out for the same summer day to enable cross-comparisons.  9 

Table 1 Cases study parameter settings 10 

 Baseline Case 2 Case 3 Case 4 Case 5 

Building voltage support      

Setpoint for building 

voltage support  

N/A N/A 1.0 p.u. at bus #6 1.0 p.u. at bus #33 1.0 p.u. at bus #33 

Deadband for building 

voltage support  

N/A N/A 0.0125 p.u. 0.05 p.u. 0.05 p.u. 

SVR in place      

SVR voltage setpoint N/A 1.0 p.u. at bus #6 1.0 p.u. at bus #6 N/A N/A 

SVR voltage deadband N/A 0.0125 p.u. 0.0125 p.u. N/A N/A 

Thermostat setpoint reset      

 4.1 BASELINE 11 

The baseline case assumes a SVR is not in place and there is no proactive thermal load control; it is used as a 12 

benchmark to quantify the benefits of the proposed voltage regulation strategy. In the baseline case, the HVAC/DWH is 13 

controlled according to the indoor/water temperature regardless of voltage changes of the distribution grid. Figure 7 shows 14 

the aggregate (active) load profile, which includes both HVAC/DWH loads and non-controllable end uses such as lighting, 15 
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TV etc., along with the aggregate PV power generation, under the baseline control. The voltage variation of bus #6 is shown 1 

in Figure 8. 2 

The lowest voltage occurs at time 1103min (around 6 PM) after sunset, when there is still significant load but no 3 

solar power available. The voltage peak occurs around noon because of the high PV power output and relatively low building 4 

load. In addition to the diurnal voltage variation caused by the slowly changing building loads, high-frequency fluctuations of 5 

voltage are present mainly driven by the dramatic changes in the solar power due to passing clouds. This research aims to 6 

evaluate the feasibility of using flexible thermal loads to mitigate the adverse impact of PV integration on distribution 7 

voltage. Although on-site solar generation can neutralize a portion of the building loads, there is still a positive net demand 8 

and that is why the distribution voltage is almost always below 1 p.u. 9 

 10 
Figure 7. PV power output and the total building loads of the distribution grid on a typical summer day.  11 

                                                           12 

Figure 8. The voltage variation of bus #6 for the baseline case. 13 
 14 

Figure 9 shows the baseline building power usage and load flexibilities, represented by shaded areas above and 15 

underneath the power consumption curve. As described in Section 2.1.1, the red shaded areas indicate the ramp-up flexibility, 16 
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which is the available power to bring on at a given time step by turning on HVAC and/or DWH units. When a change of 1 

status is applied to a HVAC unit, its flexibility becomes unavailable until the anti-cycling timer expires. Similarly, the blue 2 

shaded areas correspond to the ramp-down flexibility. It can be observed that the ramp-up flexibility of DHW is far greater 3 

than the downward flexibility. This is because the heater is sized to accommodate large instantaneous loads during active 4 

HW usage (e.g., shower) but the average-to-peak ratio of DHW load is very low; therefore, the electrical heater is in idle 5 

mode for most of the day and can be turned on if needed, resulting in significant ramp-up flexibility. However, the water in 6 

the tank heats up very quickly after the heater is energized, due to the low average load, leading to poor sustainability of the 7 

ramp-up flexibility: the flexibility will be exausted very fast after being called upon. The available ramp-down flexibility 8 

from DHW is negligile, because DWH is off for a majority of the time. The HVAC load ratio spans over a good range from 9 

10% to 68% for this simulated day, resulting in considerable upward and downward flexibilities. The flexibilities change 10 

sigificantly with the time of the day: during high load hours (around noon), the ramp-down flexibility is most significant and 11 

within low load hours (evening time), the upward flexibility is dominant. Since DHWs are not able to contribute sustainable 12 

load flexibility, only HVAC flexibility results will be presented throughout the rest of the paper. Note that Figure 9 shows the 13 

available flexibility, which is not being utilized at all for this baseline case as active load control is not enabled. In subsequent 14 

sections, the utilized flexibility will be presented for cases when proactive voltage support is present.   15 

 16 

Figure 9. Building power consumption and load flexibilities for the baseline case. 17 
                                                   18 

 4.2 CASES 2 AND 3 19 

When SVRs are in place, fluctuations of distribution voltage could trigger frequent SVR tap operations, which may 20 

accelerate aging of the tap changer and cause premature failures. To evaluate the potential of using flexible thermal loads to 21 

smooth distribution voltage and reduce SVR operations, simulations (Case 2 and Case 3) were carried out assuming a SVR is 22 
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installed between buses #5 and #6 to maintain the bus #6 voltage within a prescribed range. The voltage setpoint for bus #6 is 1 

configured to 1.0 p.u. and the voltage deadband is set to 0.0125 p.u. If the bus #6 voltage stays within the deadband, the tap 2 

position remains unchanged; otherwise, the tap position is adjusted to vary the turn ratio of the autotransformer inside the 3 

SVR as a means to regulate the secondary voltage. Case 2 assumes no proactive regulation support from building thermal 4 

loads as a benchmark while Case 3 considers both SVR and proactive load control for voltage regulation. In Case 3, if the 5 

voltage of bus #6 tends to drift out of the deadband, the load flexibility is utilized first to pull the voltage back into the 6 

deadband and if the load flexibility is exhausted but the voltage is still out of range, the SVR then adjusts the tap position to 7 

prevent voltage excursion.  8 

 9 
Figure 10. Voltage of bus 6 with and without HVAC & DHW voltage support for Cases 2 and 3.10 

 11 
Figure 11. SVR tap positions with and without HVAC & DHW voltage support for Cases 2 and 3.12 
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 1 
Figure 12. Variations of available and procured HVAC flexibility for Case 3.    2 

                  3 
Figures 10 and 11 compare the bus #6 voltage variations and SVR tap positions of Cases 2 and 3. For Case 2, the 4 

high-frequency voltage fluctuations caused by the volatile solar power lead to a total of 15 SVR tap operations within the 5 

simulated day. These SVR operations are effective in preventing voltage excursions. For Case 3, the HVAC and DHW units 6 

are proactively cycled on and off by the regulation controller as an attempt to maintain the voltage within the deadband and 7 

the load flexibility is utilized to minimize SVR operations. This can be clearly seen from Figure 12 which shows the 8 

available and utilized flexibilities of HVAC equipment. It can be observed that the flexibility is called upon around noon 9 

when the voltage fluctuation is significant. The proactive voltage support from HVAC can effectively reduce the number of 10 

SVR tap position changes, from 15 in Case 2 to 4 in Case 3. The four SVR tap position changes associated with Case 3 are 11 

attributed to exhausted flexibility caused by diurnal load variation (2nd ,3rd and 4th operations) and also partially due to the 12 

discrepancy between the predicted power usage and the actual power draw of HVAC equipment calculated in EnergyPlus (1st 13 

operation). In the HVAC regulation controller, the nominal HVAC power is used in determining the number of units to be 14 

turned on or off while the actual power draw simulated by EnergyPlus can vary significantly with ambient and indoor 15 

temperatures.   16 

 Figure 13 compares the temperature variations of the 100 simulated dwellings along with the thermostat deadband, 17 

for Cases 2 and 3. It can be seen that for both cases, the indoor temperature can drift out of the deadband occasionally 18 

because of 1) the minimum time step (1 minute) implemented in EnergyPlus and 2) the anti-cycling logic for thermostats. 19 

The flexibility utilization is clearly reflected in the temperature plot of Case 3. For Case 2, the thermostat follows a 20 

conventional deadband logic where a HVAC unit is turned on or off only when the temperature reaches the upper or lower 21 

bound, while the HVAC voltage regulation controller in Case 3 tends to switch off HVAC units right after the expiration of 22 

the anti-cycling timer, even though the temperature is still far above the lower bound, during undervoltage events in order to 23 
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reduce the overall electrical demand and to prevent SVR operations. The temperature excursions for Cases 2 and 3 are 1 

comparable, both less than 0.3 ˚C. This proves that the provision of flexibility has minimum comfort impact, which is 2 

consistent with results reported in previous studies [33]. To assess the potential lifetime impact, Figure14 compares the 3 

cumulative number of HVAC cycles of Cases 2 and 3. Voltage regulation control results in increased cyclic operations of the 4 

HVAC equipment, from 4373 in Case 2 to 4870 in Case 3, across all 100 buildings for the simulated day. However, the 5 

increase of HVAC equipment operations (and thereby the lifetime impact) is minor compared to the benefit of SVR operation 6 

reduction.  7 

 8 

Figure 13. Zone temperatures of the 100 simulated buildings for Case 2 (left) and Case 3 (right).   9 

 10 

Figure 14. Total cumulative number of HVAC cycles for Case 2 and 3. 11 

 12 

 4.3 CASE 4 13 

Case 4 evaluates the effectiveness of using load flexibility to maintain the whole feeder voltage within a desired 14 

range, e.g., the service voltage limit of 1.05 p.u. and 0.95 p.u for systems operating 600V and below imposed by ANSI C84.1 15 
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[20], without a SVR. The voltage of bus #33, located at the far end of the feeder, experiences the most significant variation, 1 

driven by diurnal load change and variable solar PV power injection across the feeder. Therefore, bus #33 voltage is the 2 

target control variable for thermal load control in Case 4. If the voltage of bus #33 exceeds the tolerable range (0.95 to 1.05 3 

p.u.), the load flexibility controller will be triggered to turn on or off HVAC and DHW equipment to bring voltage back into 4 

range.   5 

 6 
Figure 15. HVAC power and flexibilities for Case 1 (left, benchmark) and Case 4 (right). 7 

 8 

 Figure 15 depicts the available and utilized HVAC power flexibility and Figure 16 compares the variations of bus 9 

#33 voltage between Case 1 (baseline) and Case 4. Note that without a SVR, undervoltage is present in the baseline case as 10 

the simulated results correspond to a peak summer day with aggregate load close to (~75% of) the feeder nominal capacity. It 11 

can be seen from Figure 15 that in late afternoon and early evening, the HVAC ramp-down flexibility is fully utilized by the 12 

voltage regulation controller as an attempt to boost the voltage of bus #33, as evident from results in Figure 16. However, 13 

even with full utilization of the flexibility, the voltage of bus #33 still drops below the lower bound occasionally. Compared 14 

to the baseline case, there is clear improvement on voltage performance with the proactive voltage support from HVAC and 15 

DHW: the lowest voltage has been bumped up from 0.93 p.u. in Case 1 to 0.94 p.u. in Case 4; the accumulative voltage 16 

excursion is also reduced from 1.4799 p.u.-min in Case 3 to 0.3971 p.u.-min in Case 4, representing a performance 17 

improvement of 73%.   18 
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 1 

Figure 16. Bus #33 voltage variations of the baseline case and Case 4. 2 

 3 

 4.4 CASE 5 4 

The voltage regulation controller in Case 4 fails to fully eliminate voltage excursions. In addition to the load being 5 

close to the network design capacity, the dissatisfactory control performance is also partially caused by the constant 6 

thermostat setpoint and deadband in the controller, which offers adequate flexibility to compensate for high-frequency (at 7 

minute time scale) voltage fluctuations but has limited capability in changing the overall trend of voltage variation.  8 

It is well known that zone temperature scheduling is effective in changing a building’s diurnal load profile. 9 

Therefore, in Case 5, the voltage regulation controller is modified to reset the thermostat setpoint through a droop controller: 10 

when the feeder voltage tends to drop below the lower bound, the thermostat setpoint is raised linearly with the potential 11 

voltage excursion to further reduce the load. The thermostat deadband remains unchanged in the modified regulation 12 

controller. This strategy can reduce HVAC load and thereby shift the feeder voltage upwards when the feeder voltage is close 13 

to its lower bound.  14 

The variations of indoor temperatures of the 100 dwellings simulated for Case 5 are shown in Figure 17. When the 15 

feeder voltage stays within the range, the thermostat assumes the same setpoint of 23 ºC (deadband of 0.5 ºC). If the voltage 16 

of bus #33 tends to drift above/below the upper/lower bound, the setpoint will be decreased/increased until the voltage falls in 17 

the range or the indoor temperature setpoint reaches the reset limits (20.5 ºC- 25.5 ºC in Case 5). The temperature reset is 18 

performed by the central controller and the same temperature setpoint is applied to all households. However, the controller is 19 

allowed to implement a reset by less than 0.5 ºC each time, which prevents sudden changes in the aggregate power and 20 

voltage. Figure 18 shows the aggregate HVAC power along with the flexibilities with the proposed thermostat reset. It can be 21 
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seen from Figures 18 and 19 that as the indoor temperature setpoint in Case 5 is increased in the evening, the ramp-down 1 

flexibility provided by HVAC equipment can be significantly increased to offer better voltage support. Figure 19 compares 2 

the bus #33 voltage variation with and without indoor temperature reset. With the modified regulation controller, the 3 

accumulative voltage excursion for the simulated day can be reduced from 0.3971 p.u.-min (Case 4) to 0.0088 p.u.-min (Case 4 

5). It should be noted that the modified voltage regulation controller may cause indoor discomfort with a temperature 5 

increase of 1.5°C from the desired level. An improvement is to optimize the setpoint trajectory throughout a day by 6 

leveraging pre-cooling actions to eliminate or reduce the comfort issues during the evening time. This will be addressed in 7 

future studies.  8 

 9 
Figure 17. Zone temperatures of the 100 simulated buildings for Case 5.                               10 

 11 
          Figure 18. HVAC power and flexibilities for Case 5.                                                                                         12 
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 1 
Figure 19. Bus #33 voltage variations of the baseline, and Cases 4 and 5.  2 

                                                                                                               3 

 5. CONCLUSIONS AND DISCUSSIONS 4 

 In this study, the use of flexible thermal loads in buildings to compensate for volatility of solar PV generation is 5 

proposed and its impact on distribution voltage control is investigated, with the aid of a community co-simulation platform. 6 

For this purpose, five simulation cases have been considered that cover distribution grids with and without voltage regulation 7 

devices and scenarios with and without the proposed voltage regulation strategy. The proposed strategy was shown to be 8 

effective in reducing the operations of SVR, from 15 tap changes to 4, with a marginal increase in the HVAC cycling 9 

frequency, from 44 cycles/day to 49 cycles/day on average for each unit. For distribution systems without voltage regulation 10 

devices, a droop controller over thermostat setpoint could help maintain the feeder voltage within a prescribed range and 11 

reduce or even eliminate voltage excursions. However, the temperature setpoint adjustment may cause indoor discomfort. To 12 

address the comfort issue, future work should investigate community-level load shifting techniques, such as optimal 13 

precooling through thermostat setpoint scheduling, to better shape the aggregate load profile while achieving equal or 14 
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improved indoor comfort.  1 

This study is based on simulation models with one minute time step. Therefore, the presented results only reflect 2 

benefits that can be achieved at frequencies lower than 16.7mHz (1 min). The results are believed to capture a majority of the 3 

achievable performance of on/off HVAC systems given the slow response of zone temperatures and the presence of anti-4 

cycling periods. Variable-speed and variable-air-volume systems are more suitable for mitigation of PV power intermittency 5 

at higher frequencies, e.g., [11] demonstrated the feasibility of using variable-speed heat pumps to mitigate solar power 6 

fluctuations at the second time scale; however, variable-speed systems are not common in the residential sector which is the 7 

focus of this study. In addition, the one-minute time step used in the simulations may lead to underestimates of the number of 8 

SVR operations per day. [11] reported up to nine SVR operations within a 25-minute time window based on a second-by-9 

second hardware-in-the-loop testing approach. Accurate estimation of the SVR operation frequency would require 10 

community-level simulation capability at the second time scale, which is a challenging problem. 11 

This paper presents a proof-of-concept and feasibility study of using thermal loads of residential buildings to 12 

mitigate voltage control issues caused by deeper solar photovoltaic integration. For practical implementation, the proposed 13 

control approach can be realized in a distributed manner, e.g., a reference ramping signal can be broadcast to all units and 14 

those having flexibility can respond in real-time until the ramping request is satisfied. Such event-triggered responses cannot 15 

be perfectly captured as most simulation tools use finite time steps. However, our current simulation framework can 16 

reproduce the overall trends and control behaviors. Economic factors also need to be accounted for in controller design, as 17 

voltage control actions would cause higher electricity costs for residential households and the extra costs need to be covered 18 

by distribution system operators. Unfortunately, there is no distribution markets yet in the U.S although the industry and 19 

regulatory agencies are exploring such possibilities. Our future studies will explore fully distributed strategies and 20 

distribution market design based on game-theoretic formulations to encourage household flexibility contribution through 21 

financial incentives [34]. 22 

 23 
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