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[bookmark: _Toc381345948]CHAPTER I 
Introduction

1.1. [bookmark: _Toc381345949] Energy Storage Obstacles 
	Energy storage systems (ESS) have always appealed to power system engineers and energy storage manufacturers for their potential grid applications. In the 1880’s, New York City used lead-acid batteries to provide night-time load on the electricity system, which was DC at the time [1]. (Another example here.- I would put something on Raccoon Mountain, why it was built….example above is very good.) Today, approximately 160 GW-hr of operational energy storage is installed on the United States electric grid, with 97.6% being pumped hydro ESS [2]. The breakdown of energy storage by type across the U.S is shown in Table 1. 
	More Rrecently, the focus of research on energy storage has moved away from large-scale pumped hydro towards other smaller, less land formsrestrictive forms of energy storage, such as compressed air, thermal, flywheel, and battery energy storage. 
One major obstacle limiting the wide scale use of ESS is a high initial capital cost. According to the DOE/EPRI/NRECA 2013 Electricity Storage Handbook, the average capital cost for 8 lithium-ion ESS installations from 2010 to 2011 averaged $1,334 per kWh [1]. 
[bookmark: _Ref254932182][bookmark: _Toc381345588]Table 1.1: U.S. operational energy storage capacity (in MW) [2].
	Storage Type
	Total Power of Storage
	Percentage of Total
	Total Energy of Storage
	Percentage of Total

	Pumped Hydro
	6,240
	95.4 %
	155,986
	97.6 %

	Battery
	133.5
	2.0 %
	158.8
	0.1 %

	Compressed Air
	113.5
	1.7 %
	3,362
	2.1 %

	Thermal
	47.7
	0.7 %
	347.9
	0.2 %

	Other
	6.0
	0.1 %
	1.5
	0.001 %
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[bookmark: _Toc381345961] Secondary Use Battery Energy Storage
	The term “secondary use” is used to describe energy storage (most often batteries) that have reached an objective lifetime in one application and moved to another application where the capacity of the energy storage system is still sufficient. In this case, the battery energy storage involves used batteries from electric vehicle batteries which have been reached the end of their useful life as vehicle batteries and must be repurposed or recycled []. 
	The lifetime of a battery is heavily dependent on 2 parameters: the depth of discharge and the cycling. The depth of discharge refers to how deeply the battery is discharged with respect to the total energy in the battery, normally represented as a percentage. Cycling refers to how many times the battery can be taken to full depth of discharge before it can no longer perform. The relationship between depth of discharge and cycling can be seen in Figure 2.1. 

[bookmark: _Toc381346003]Figure 2.1: NEEDED Cycling vs DOD
	Here	
	The remaining 80% useful life can be used for potential grid applications such as microgrids and community energy storage before the battery must be recycled. By distributing secondary use batteries throughout the distribution grid, the individual batteries can perform local operations while the aggregate total of the batteries can act as their own generation unit [].
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[bookmark: _Toc381346004]Figure 2.2: Community Energy Storage interconnection to residential homes
[bookmark: _Toc381345964] Applications

	Energy storage systems are very flexible in that they can be used for many different applications by the owner. Applications can also change at any time based on the needs of the grid. MORE
[bookmark: _Toc381345965]Peak Shaving & Load Factor
	Two critical times during a day for a utility include the valley and peak load times. During the valley load time, the amount of load the utility must serve is at a minimum. To avoid over-generation, a utility must shut down some of their generators during the valley. Since it is normally less expensive for a generator to continue to run than to stop and restart, utilities benefit from a valley load level which can be supplied with only cheap generators and no cheap generator shutdowns.
	The peak load time occurs when the load that must be supplied by the utility is at a maximum. This often requires starting up more generators to avoid under-generation. Utilities almost always start their cheap generators first, and then incrementally move to more expensive generators as the load increases. The generators used to supply the peak are the most expensive, so utilities benefit from a peak load level which does not require the use of the peaking units.
[image: ]
[bookmark: _Toc381346005]Figure 2.3: NEEDED Example of generation use for peak load
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[bookmark: _Toc381346006]Figure 2.4: NEEDED Example of generation cost vs load
	Peak shaving allows a utility to store energy in an ESS during times of valley load and then use that energy during times of peak load. Typically, a utility will set a low and high limit for the load. The ESS then behave as defined in (2.1), PESS is the total power in or out of the ESS (negative is power in, positive is power out), L is the total load (Watts), and hs and ls are the high and low set points (Watts), respectively.
		 	(2.1)
	If the load drops below the low limit, then ESS will absorb enough power to push the load exactly back to the low limit. Similarly, if the load exceeds the high limit, then ESS will provide enough power to pull the load back down to the high limit. This effectively raises the valley load and lowers the peak load during a day. By doing this, a utility avoids having to shut down generators or sell energy during the valley. Similarly, a utility avoids having to start up peaking units or buy energy during the peak.  This alleviates the need for expensive peaking units while simultaneously making the load more predictable.
	Another application for ESS is load factor control, which is a modified version of peak shaving in which the low and high set points are brought very close together. Load factor is defined by (2.2), where t0 is the start time and t is the end time of the period being analyzed.
				(2.2)
	As the average value of the load and the peak value of the load come closer together, the load factor becomes closer to unity. A unity load factor would mean that the load profile stayed constant throughout the given time interval. A utility can plan generation schedules for a constant load profile very easily. However, this also means that the ESS will run almost constantly to compensate for changes in load. Keeping track of the state of charge of the ESS becomes imperative during this application.
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[bookmark: _Toc381346007]Figure 2.5: NEEDED Summer/ winter Typical load profile

[bookmark: _Toc381346008]Figure 2.6: NEEDED Typical load profile with peak shaving

[bookmark: _Toc381346009]Figure 2.7: NEEDED Typical load profile with load factor
[bookmark: _Toc381345966]Renewable Integration
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2.1.1.1. [bookmark: _Toc381345967]Renewable Smoothing
	Uncertainty continues to be one of the leading problems associated with renewable generation. Traditional forms of generation are highly controllable and predictable. An operator can adjust the amount of fuel used by a generator to control its output power. Renewable generators do not have this luxury, as the fuel source (i.e. wind, irradiance) is typically uncontrollable. A cloud passing over a solar farm can drop the output power by hundreds of kilowatts in a few seconds. Large swings in output power can wreak havoc on a power system, causing large frequency deviations and voltage transients on the grid. Spinning reserve can be used to mitigate these swings; however large solar or wind farms could require multiple generators to act as reserves, which can become expensive over time (I would mention some studies here that have suggested the need for additional reserves as PV/Solar increases are expected. – KEMA has one and there are others).
	ESS can be used to replace spinning reserve as a backup to renewable generation. System operators at a utility use weather forecasts to predict how much power should be generated at any given time by the renewables. If the renewable generation exceeds or falls short of the prediction, ESS can provide the difference and bring the net generation back to the prediction. This relieves the need for spinning reserve as a backup. Also, since most ESS can provide power almost instantaneously, the grid will see only a small fluctuation in output power from the renewables before the ESS can compensate.

[bookmark: _Toc381346010]Figure 2.8: NEEDED Typical PV output

[bookmark: _Toc381346011]Figure 2.9: NEEDED Typical PV output with smoothing
2.1.1.2. [bookmark: _Toc381345968]Renewable Shifting
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[bookmark: _Toc381345970]Power Factor & Voltage Support
	Power factor control for a load is another important application for any inverter connected ESS tied to the grid. Consider a photovoltaic (PV) generation site connected to a distribution substation. Because of maximum power point tracking, the PV site will provide purely real power to the loads on the substation, which means the grid must provide less real power. Since the loads and the lines connected to the substation typically consume some reactive power, the grid must continue to supply the reactive power. Because the real power consumption dropped but the reactive power consumption stayed the same, the power factor on the substation decreases significantly. This means that the substation must provide more current than it normally would, increasing the losses and possibly bringing equipment closer to the maximum ratings. A similar scenario can develop at industries or large residential groups with particularly low power factors. Inverter connected ESS can absorb or provide reactive power to the grid to raise the power factor in that area. This application works particularly well in tandem with applications which serve load. By providing both the real and reactive power that a load requires with ESS, the grid effectively sees no load at the point beyond the ESS. Since the load is reduced, equipment ratings can be lowered, which saves the utility on capital cost.
	Providing power factor support with ESS also increases the local system stability. 

[bookmark: _Toc381346012]Figure 2.10: NEEDED Reactive power vs voltage
[bookmark: _Toc381345971]Other Stuff
	Here
[bookmark: _Toc381345972] Algorithms
[bookmark: _Toc381345973]Genetic Algorithm
Genetic algorithm (GA) is a simulation tool designed to find the optimum solution to complex or highly nonlinear problems by imitating the process of natural selection. GA begins with an initial population of potential solutions based on a fitness function and a constraint function which are specified by the user. The initial population of individuals is then evaluated based on how close each parent is to an optimal solution. Some individuals in the population which are far from the optimal solution will ‘die off’ or ‘mutate’ into a new solution.  Other parents which are close to the optimum will pass to the next generation, combine to form an ‘offspring’ solution, or mutate. This process of selecting the most and least fit individuals repeats itself for every generation. After enough generations have passed, the non-optimal solutions will have died off, and only the optimal solutions will remain. As more generations are simulated, the individuals have more opportunities to create the most optimal solution. However, more generations lead to a longer simulation time, so accuracy must be balanced with simulation time.
[image: Genetic Algorithm1.emf]
[bookmark: _Toc381346013]Figure 2.11: Genetic algorithm flowchart
[bookmark: _Toc381345974] Neural Networks
Neural networks (NN) are simulation tools designed to predict outputs and perform pattern recognition for highly nonlinear systems. NN are based off of the biological central nervous system, using many small nodes or ‘neurons’ in parallel to mimic brain function. Many neurons are connected together and adjusted based on network training data. The training data contains the input variables to the system, as well as the output(s) desired for control. During the training, the network adapts to the training data and arranges the nodes so that prediction and pattern recognition are possible for new, untrained data. This is useful for predicting the output of highly complex systems, and also for identifying which variables are important to a simulation. 
[image: ]
[bookmark: _Toc381346014]Figure 2.12: NEEDED Neural networks
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CHAPTER III
Methodology

3.1. [bookmark: _Toc381345976] Equations and Theory
3.1.1. [bookmark: _Toc381345977]Battery Model
	To better understand how the CES unit performs under various circumstances, a battery model was developed for simulation. Many battery models exist [], but the developed model contains elements specific to the physical CES unit used for testing. The primary battery model parameters include the round trip efficiency including auxiliary losses and the state of charge (SOC) of the CES unit. 
	The round trip efficiency of the CES unit measures the percentage of energy stored in the battery which can later recovered for use in an application. The portion of energy which cannot be recovered is attributed to losses in the inverter and battery, and also to the auxiliary load in the CES unit. The auxiliary load represents necessary loads within the CES unit, such as the battery management system and thermal management system. To find the efficiency, the charge-discharge cycle with auxiliary load shown in Figure 3.1 is considered.

[bookmark: _Toc381346015]Figure 3.1: NEEDED Charge-discharge cycle for efficiency calculation & SOC
	From Figure 3.1, the round trip efficiency of the CES unit is defined in (3.1), where Pout is the power the grid sees from the battery, Pin is the power the grid injects into the battery, Paux is the auxiliary load of the unit, t1 is the charging time, and t2 is the discharge time.
		(3.1)
	This equation is true when the SOC of the CES unit is the same before and after the cycle in Figure 3.1. The SOC is defined as a percentage representing the amount of energy currently stored in the CES unit with respect to the maximum amount of energy which can be stored in the CES unit. The SOC can be expressed as (3.2), where E is the energy stored in the CES unit and Emax is the maximum energy which can be stored in the unit.
		(3.2)
	As the CES unit operates, the SOC will increase or decrease depending on whether the battery is charging or discharging, respectively. The SOC is monitored to ensure that the CES unit never gets into a state where it is at maximum or minimum energy capacity. The SOC after a time t during battery charging can be found with (3.3). The SOC during battery discharging can be found with (3.4).
		(3.3)
		(3.4)
	With the previous 4 equations, a model for the CES unit was constructed in software for the simulation of different applications for energy storage.
3.1.2. [bookmark: _Toc381345978]PV Model
	Literature regarding PV modeling is abundant. The PV model used was developed by Villalva []. This model was chosen because of the amount of information and components it considers. The model estimates the output power of a PV module considering solar irradiance, temperature, and an interconnected voltage. Figure 3.2 shows the circuit diagram of the model.

[bookmark: _Toc381346016]Figure 3.2: NEEDED PV equivalent circuit
	The current out of the PV module can be expressed as (3.5), where Ipv is the photovoltaic current, I0 is the diode saturation current, V is the module voltage, Vt is the thermal voltage, Rs is the series resistance, Rp is the parallel resistance, and a is the diode constant.
							(3.5)
	The photovoltaic current can be found with (3.6), where Ipvn is the nominal PV current, KI is a coefficient relating current and temperature change, T is the measured temperature in °C, Tn is the nominal temperature in °C, G is the measured solar irradiance in W/m2, and Gn is the nominal solar irradiance in W/m2.
							(3.6)
	The diode saturation current is given in (3.7), where Iscn is the nominal short circuit current, Vocn is the nominal open circuit voltage, and Kv is a coefficient relating voltage and temperature change.
					(3.7)
	The thermal voltage for the diode is given by (3.8), where Ns is the number of cells in series in the module, k is the Boltzmann constant, and q is the charge of an electron.
										(3.8)
	The series and parallel resistance can be calculated using the method in []. The voltage in Figure 3.2 is incremented from 0 to Vocn to determine the current and power curves for the model, as seen in Figure 3.3 and Figure 3.4, respectively.

[bookmark: _Toc381346017]Figure 3.3: NEEDED PV current characteristic

[bookmark: _Toc381346018]Figure 3.4: NEEDED PV power characteristic
	With the defined PV equations, simulations on PV output can be performed with irradiance and temperature data.
3.1.3. [bookmark: _Toc381345979]Residential Model
	In a real world application, CES units are used primarily on the distribution side of the grid because of their small size. Thus, it is important to understand how the residential loads fed by the CES units behave on any given day in order to see how to utilize the CES units to maximize their value. The method used to model residential loads for use with the CES unit was designed by Brandon Johnson and is explained in great detail in []. His residential simulation tool (RST) produces residential load predictions on a 1 second or 1 minute time scale. The RST predicts the loads utilizing models of the household on the appliance level and the behavior of the home occupants. Occupant behavior data was gathered from the American Time Use Survey to create statistical models of how residents interact with loads within the home. Markov Chain Monte Carlo method is used to probabilistically determine the load for a home given the home size, appliances, number of occupants, occupant work habits, day of the week, ambient temperature, and various other parameters.

[bookmark: _Toc381346019]Figure 3.5: NEEDED Residential Simulation Flow Chart
3.2. [bookmark: _Toc381345980] Applications & Controls
3.2.1. [bookmark: _Toc381345981]PV Prediction & Control
	Simulating PV smoothing first requires predicting the PV output for the day being examined. Since PV output prediction is a complex problem, NN based on temperature and cloud cover are used to simulate the PV curve for the day. The NN are first trained with real irradiance measurements, real temperature data, real cloud cover data, sun angle, and time of day as the inputs and the real power output of the PV inverters as the output. 
	The irradiance and power measurements are collected by the PV inverters in delimited files, which are then imported into the NN. The temperature data is imported from the Weather Underground website [], which collects data from a nearby weather station. The cloud cover forecasts are collected from the Canadian government website []. The website publishes 48 hours of cloud cover prediction images for most of North America for astronomical purposes. With these images, the cloud cover percentages for any point on the image can be found by comparing the color of the point in question to the key on the image. Once the 24 hours for the simulation day have been analyzed for cloud cover, the cloud cover percentages are imported into the NN simulation for training.

[bookmark: _Toc381346020]Figure 3.6: Cloud cover image from []
	As more days of training data are collected, the NN prediction becomes more accurate. The network gains neurons with increasing amounts of training data and ‘learns’ to associate certain temperatures and cloud cover percentages to certain PV output power levels. For the purposes of the PV smoothing application, approximately 21 days of data are trained by the NN before making the first prediction. 
	Once the network is trained with historical data, it is ready to predict the PV output power for the current day using the temperature, cloud cover, and irradiance data for the day. The temperature and cloud cover data can be collected from [] and [], respectively, but the irradiance data must be estimated from the cloud cover data and the time of year. With all the data, the NN produces a predicted PV output power for every hour in the day. This data is interpolated down to the second level and used as the base for PV smoothing.
	The curve produced by the NN represents the combined output power expected from the 2 groups of panels in the PV array. As with any prediction, there is always a possibility of error between the real output and the predicted output. For this application, the CES is used to compensate for the error and minimize it. By measuring the output power of the array and comparing it to the prediction, the compensation power needed from the CES can be calculated. However, in the real case the power out of the inverter will most likely not be identical to the requested power because of losses between the battery and the grid. To counteract this effect, a fuzzy logic based proportional integral (PI) controller is necessary to ensure that the correct amount of power is being provided or absorbed by the CES unit. 
	The PV smoothing controller input is the error between the PV prediction and the actual PV output. This PV error is stored as the proportional error, and also integrated over the total time the controller has been active and stored as the integral error. The proportional and integral gains were tuned to best compensate for PV fluctuations. PV fluctuations often happen quickly as shadows pass over the surface of the PV modules. Thus, the proportional gain was set to be large compared to the integral gain so that the PI controller would have a fast response time to these quick fluctuations. A diagram of the controller can be seen in Figure 3.7.

[bookmark: _Toc381346021]Figure 3.7: NEEDED PV smoothing controller
3.2.2. [bookmark: _Toc381345982]Load Factor Prediction & Control
	Performing a load factor simulation requires a residential load curve to flatten, a battery model to consider limitations, and a GA optimization to obtain an optimal result.
	To create the residential load profile, the RST is used. First, 3 homes are defined by specifying the occupants and the loads within the homes, as seen in Table 3.1. Each home is simulated individually and then aggregated at the end of the simulation.  The RST requires the ambient temperature and irradiance as input parameters, as certain loads such as heating and cooling loads are heavily temperature dependent. The temperature and irradiance data are collected during the PV smoothing simulation, therefore the same data can be passed to the RST for the residential load simulation. The RST then produces the 24 hour load profile for the load factor simulation.
[bookmark: _Toc381345589]Table 3.1: NEEDED Occupants and loads for residential simulation
	Tests
	One
	Two
	Three
	Four

	Test
	1
	2
	3
	4

	Test
	1
	2
	3
	4

	Test
	1
	2
	3
	4

	Test
	1
	2
	3
	4

	Test
	1
	2
	3
	4



	To control the load factor of the residential load profile, a high and a low set point must be defined such that any load level above the high set point will be provided by the battery unit and any load level below the low set point will be absorbed by the battery unit. The selection of the set points is critical to the effectiveness of the control. If the set points are far apart, then there will be a large dead band between them in which the battery unit does nothing. This decreases the battery unit’s value as it is not providing any benefit to the grid. If the set points are close together but both are too high, then the battery unit will absorb more energy than it is providing until the unit becomes saturated and requires discharging. Likewise, if the set points are close together but both are too low, then the battery unit will provide more energy than it is absorbing until the unit is depleted and requires charging. These scenarios are demonstrated in Figure 3.8.

[bookmark: _Toc381346022]Figure 3.8: NEEDED Bad GA optimizations
	Deciding the optimal locations of the high and low set points is a nontrivial problem which is quite difficult to solve by hand, which is why the locations are determined with GA. The population size used for the optimization was chosen to be 300 individuals. This means that at the beginning of the first generation, GA creates 300 different pairs of set points to be tested. The pairs of set points are mostly random, aside from a constraint specified in the call to the algorithm which requires that the high set point be larger than the low set point. After GA evaluates the fitness function with all 300 pairs of set points, the pairs which provide the most optimal results create an offspring pair, which is very similar to the parent pairs. Similarly, pairs which provide non optimal solutions die off or mutate into a new pair. Once all offspring and mutations are completed, the optimization moves to the next generation.  The maximum generation size was set to 30 generations. For these settings, GA will evaluate the fitness function 9000 times with different high and low set point pairs.

[bookmark: _Toc381346023]Figure 3.9: NEEDED GA set point convergence
	The fitness function for the GA was designed to accept the 24 hour residential load profile on a 1 minute time step and calculate the SOC and required battery power for each minute in the day based on the high and low set points. At the end of the day, the fitness function determines the load factor for that day using Equation (2).  Pairs of set points which produce a load factor close to unity are more likely to pass on to the next generation.
	Built into the fitness function are constraints and penalties which influence which set point pairs are passed to the next generation. One such constraint penalizes pairs which cause the SOC of the battery unit to exceed 75% or drop below 30%. This constraint makes sure that there is never a time during the day where the unit cannot charge or cannot discharge. Another constraint penalizes pairs which cause the SOC of the battery unit to be outside of the range 45% - 55% at the end of the day. If the SOC were to be outside of this range at the end of the day, it would adversely affect the amount of energy available for control on the next day. The battery unit should be able to run optimally every day in order to maximize its value.
	Once all generations have been completed, GA returns 300 pairs of set points and their corresponding load factors. These results should be the most optimum solutions, but with slightly different set points, load factors, and ending energy. Once these solutions are returned, the solution which best fits the situation can be chosen by the user based on which optimum is most appropriate.
	In order for the CES unit to appropriately compensate for loads outside the band between the high and low set points, a fuzzy logic based PI controller was designed. This controller first checks to see which of 3 possible states the load is currently operating in: greater than the high set point, less than the low set point, or between the high and low set points. For loads above the high set point, the input to the controller is the error between the grid power and the high set point. For loads below the low set point, the input to the controller is the error between the low set point and the grid power. For loads between the set points, the input to the controller is the error between the grid power and the load power. For loads not between the set points, the grid power measurement is used to calculate the error instead of the load power measurement because the end goal of this application is to flatten the load profile seen by the grid, so the grid power should be the target control measurement.
	The PI controller is the same for all 3 scenarios described above, except for the input. For the load factor application, the control is most effective when the grid power can be moved to one of the set points as quickly as possible. However, a quick response often results in an overshoot past the desired set point. For small changes in load power, the overshoot is not very severe. But when the change in load power is large, this can result in a huge spike in grid power caused by the overshoot from the controller. From (2.2), it can be seen that a large spike in power will affect the load factor severely by increasing the value in the denominator. To avoid this, the PI controller gains were tuned so that there was no overshoot and a longer settling time. This way, the large peaks from overshoot are avoided at the expense of the control taking more time to reach steady state. Figure 3.10 shows a diagram of the load factor controller.

[bookmark: _Toc381346024]Figure 3.10: NEEDED Load factor controller
3.2.3. [bookmark: _Toc381345983]Regulation Services Controls
	Regulation services can be simulated utilizing an artificial regulation signal from a utility. For this simulation, fast and slow test regulation signals were obtained from the PJM website. These signals are in per unit, and were interpolated to give them a 2 second resolution.
	Instead of directly sending the signal to the CES unit, the signal is given a positive or a negative bias. This is because the inverter has a minimum power output, creating a dead band around zero in which no control or compensation can be done. By biasing the signal by half of the total output power of the CES unit (12 kW), more resolute control can be applied to the signal while sacrificing control bandwidth. 

[bookmark: _Toc381346025]Figure 3.11: NEEDED Regulation bandwidth
	Because of the added bias, the unit will be either constantly discharging or charging, depending on if the bias is positive or negative, respectively. This could quickly cause the CES unit to go into a state where the SOC is near either its low or high limit. To accommodate this possibility, the sign of the bias is changed every 15 minutes. This should keep the net energy of CES unit close to zero over a 30 minute time interval while providing regulation services.

[bookmark: _Toc381346026]Figure 3.12: NEEDED Regulation example
3.2.4. [bookmark: _Toc381345984]Power Factor Correction Controls
	The simulation for power factor correction is done by measuring the real and reactive power coming from the grid side of the CES unit. With these two measurements, equation () gives the power factor seen by the grid. 
Equation
	Once the power factor is calculated, a target power factor is used to determine how much reactive power to output. The target power factor is specified by a number between 0 and 1 and either a ‘leading’ or ‘lagging’ tag. Table () shows how the simulation decides how much reactive power to provide or absorb to move the power factor closer to the target power factor.
[bookmark: _Toc381345590]Table 3.2: NEEDED Reactive power decisions based on grid power factor
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	One
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	1
	2
	3
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	1
	2
	3
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	2
	3
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	1
	2
	3
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[bookmark: _Toc381346027]Figure 3.13: NEEDED Power factor example
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3.3. [bookmark: _Toc381345985] Experimental Setup
3.3.1. [bookmark: _Toc381345986]Equipment
	General Motors (GM) provided Oak Ridge National Lab (ORNL) with a 25 kW (50 kWh) rated power battery energy storage unit. The battery unit consists of 5 secondary use Chevrolet Volt lithium-ion battery packs connected in parallel. The unit also includes heating and cooling elements for thermal management and an on-board computer which runs the battery management system (BMS) to ensure proper operating conditions and monitor for errors. To interface the battery unit to the electric grid, ABB provided an inverter connected in split-phase to ORNL. The inverter monitors the connection to the battery unit and also stores important data which can be accessed via a communication port on the control board. Together, the inverter and battery unit form the secondary use community energy storage unit used for the testing outlined in this document. The unit was installed at the Distributed Energy Communications & Controls (DECC) lab at ORNL.

[bookmark: _Toc381346028]Figure 3.14: Community Energy Storage Unit
	In order to simulate residential load profiles, ORNL purchased a 36 kW three phase programmable load bank from NH Research. The load bank is capable of receiving a simulated load profile and mimicking the profile in real resistances. The simulated profile specifies the duration of each load level (as short as one cycle), the power factor for that load level, and the individual phase load. The load bank is capable of operating in current, resistance, and power control modes. For our tests, the load bank was operated in the power control mode, as this mode allows the load bank to change its resistance depending on the voltage it sees, keeping the power level constant. Since the inverter for the CES unit is connected in split-phase, only two phases of the load bank were used, bringing the total possible load from the load bank down to 24 kW, which is also the maximum power output of the CES unit. AC

[bookmark: _Toc381346029]Figure 3.15: Programmable load bank and disconnects
	PV panels from Hanwha were installed on the roof of the DECC lab so testing could be done on PV smoothing using the CES unit. The maximum power output of the PV array is 13.4 kW. The array is split into two groups of panels, with one group facing south and the other group facing north. This was done because of the space and loading requirements of the roof of the DECC lab. Each of the two groups is connected to its own SMA inverter (2 total), along with two sensors (4 total) on the roof which record solar irradiance, ambient temperature, and solar cell temperature. The data collected by the sensors is used to train the neural network which predicts the power output for the PV panels.

[bookmark: _Toc381346030]Figure 3.16: PV panels on lab roof
	The CES unit, load, grid, and PV panels were metered to provide data for both control and result verification. The CES unit and inverter provided their own metering which could be accessed via the communication channel on the inverter. The load bank had metering points on each phase for current and voltage, for a total of 4 measurements. The grid had 2 metering points, one on each phase for the current.  The grid voltage was assumed to be identical to the load voltage, because they are tied together. Each of the 2 PV inverters provide split-phase power, so the output of the inverters were metered as follows: 1 measurement per phase of current and voltage, making a total of 4 metering points per group and 8 total PV metering points. This culminates in 14 total metering points. These measurements were collected through BNC cables to a National Instruments Compact Rio field-programmable gate array (FPGA) running Labview software. The incoming analog data is processed by the software and used to calculate and store 40 different system parameters until the user requests the data.

[bookmark: _Toc381346031]Figure 3.17: NEEDED FPGA picture
3.3.2. [bookmark: _Toc381345987]Software
	The CES unit and FPGA are interfaced through MATLAB, which serves as the primary interface for operation of the unit. All of the controls, communications, data logging, and error handling are done through a MATLAB graphical user interface (GUI). The GUI allows a user to turn the inverter on and off, monitor the present state of the unit, change the output power of the inverter, select modes of operation (e.g. load factor, PV smoothing), view performance data, and adjust various control parameters, all while the GUI automatically logs data every 1 to 2 seconds.

[bookmark: _Toc381346032]Figure 3.18: NEEDED MATLAB GUI
	Labview paragraph here

[bookmark: _Toc381346033]Figure 3.19: NEEDED Labview diagram

3.3.3. [bookmark: _Toc381345988]Communication
	GM provided their own BMS to monitor the state of charge, voltage, temperature, and various other parameters inside the unit. The BMS sends critical data to the inverter where it is stored in registers along with essential inverter measurements and parameters. The inverter is connected to a computer inside the lab through a serial to RS-485 adapter located on the inverter control board. By sending commands through this communication channel, the computer can access the registers within the inverter control board and allow a user to gather all the reported data to analyze the performance of the inverter and unit. Some registers on the control board can have data written to them, allowing a user to control the real and reactive power output of the unit. Communication to the inverter is performed in MATLAB through Modbus protocol. Considering MATLAB has no built in Modbus functionality, all of the data formatting and transmitting had to be designed based off of existing Modbus applications. Figure 3.20 shows the process necessary for successful Modbus communication through MATLAB over a serial cable.

[bookmark: _Toc381346034]Figure 3.20: NEEDED Flow chart for Modbus protocol
	Communication to the FPGA is done through built-in MATLAB commands using User Datagram Protocol (UDP). With the IP address of the FPGA, MATLAB can ping the FPGA and receive all the data stored on the board. 
	The load bank is controlled by a separate computer than the one controlling the CES unit, primarily to reduce the amount of applications running on the CES control computer. The two computers are connected through TCP/IP protocol, but share only access to critical files with each other. Communication to the load bank is done through a serial cable and 2 software packages provided by NH. One software package allows for manual operation of the load bank, while the other accepts comma separated values to build a load profile which runs in real time automatically.

[bookmark: _Toc381346035]Figure 3.21: NEEDED Picture showing all communication channels
3.3.4. [bookmark: _Toc381345989]Safety
	For some the applications being tested, the CES is required to operate for 24 hours a day. In order to keep track of the system, standalone programs were developed in MATLAB to monitor the unit and report errors to the users. If there were ever an error that occurred during operation, the CES monitoring program would stop the operation of the unit and send text and email notifications to team members with details about the error that occurred. Then, a team member could remotely log in to the computer controlling the unit to verify that the unit had stopped and do analysis on what caused the error. 
	There is also a standalone MATLAB program which was developed to monitor the temperature in the room containing the load bank. The load bank room has a thermocouple on the fire detector on the ceiling, on the outlet of the load bank, and on the inlet of the air conditioning unit. The thermocouples interface to the CES control computer through a serial connection and are constantly monitored by the thermal management program. The thermocouples have individual temperature thresholds which, when violated, cause the CES GUI to shut down both the CES unit and the load bank immediately to mitigate the risk of fire. If this ever happens, the CES monitoring program would also send text and email alerts to team members.
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