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ABSTRACT 

Electric power distribution systems interface the end-users of electricity with the power 

grid. Traditional distribution systems are operated in a centralized fashion with the distribution 

system owner or operator being the only decision maker. The management and control 

architecture of distribution systems needs to gradually transform to accommodate the emerging 

smart grid technologies, distributed energy resources, and active electricity end-users or 

prosumers. The content of this document concerns with developing multi-task multi-objective 

energy management schemes for: 1) commercial/large residential prosumers, and 2) 

distribution system operator of a smart distribution system.  

The first part of this document describes a method of distributed energy management 

of multiple commercial/ large residential prosumers. These prosumers not only consume 

electricity, but also generate electricity using their roof-top solar photovoltaics systems. When 

photovoltaics generation is larger than local consumption, excess electricity will be fed into the 

distribution system, creating a voltage rise along the feeder. Distribution system operator 

cannot tolerate a significant voltage rise. ES can help the prosumers manage their electricity 

exchanges with the distribution system such that minimal voltage fluctuation occurs. The 

proposed distributed energy management scheme sizes and schedules each prosumer’s ES to 

reduce the electricity bill and mitigate voltage rise along the feeder. 

The second part of this document focuses on emergency energy management and 

resilience assessment of a distribution system. The developed emergency energy management 

system uses available resources and redundancy to restore the distribution system’s 

functionality fully or partially. The success of the restoration maneuver depends on how 

resilient the distribution system is. Engineering resilience terminology is used to evaluate the 

resilience of distribution system. The proposed emergency energy management scheme 

together with resilience assessment increases the distribution system operator’s preparedness 

for emergency events. 
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1CHAPTER 1 

PROSUMERS, SMART DISTRIBUTION SYSTEMS AND THE VOLTAGE RISE ISSUE 

Massive installations of distributed energy resources (DERs), system automation, net-

metering and bilateral electricity flow, integration of communication networks and efficient 

information transfer, and lastly, free electricity markets with new functionalities and services 

are characteristics of smart distribution systems [1]. Within this architecture, there exist micro-

player-like electricity end-users, or prosumers. Prosumers benefit from net-metering and 

access to the free electricity market. Net-metering allows for the injection and withdrawal of 

electricity, while access to the market makes it possible to buy and sell electricity at market 

prices. There are several types of prosumers. Residential prosumers, energy cooperatives or 

housing associations, commercial prosumers, and public institutions such as schools, hospitals, 

or governmental buildings [2].  

Prosumers may use several DER to locally produce electricity. Roof-top solar 

photovoltaics (PV) panels are especially popular among residential and commercial prosumers, 

due to more consumer choices, lower costs, and available subsidies [3]. While local PV 

generation can reduce prosumers’ electricity bills, it can create problems for distribution 

systems and their operators. 

One of the major operational concerns associated with high PV penetration is the 

reverse flow of electricity along distribution feeders. Significant reverse flow may cause: 

• Overvoltage on the distribution feeder (loss of voltage regulation) 

• Increased short circuit currents that may reach damaging levels 

• Protection desensitization and potential breach of protection coordination  

• Malfunction of control equipment that can cause an increase in the frequency 

of operations and related equipment wear, or to further aggravation of problems 

that affect more equipment and more customers.  

This chapter describes the impact of prosumers’ local PV generation on distribution 

system operation. Specifically, it considers the changes in voltage profile along distribution 

feeders with multiple prosumer-owned PV systems.  

 

 



2 

 

1.1 High PV Penetration and Voltage Rise 

When PV generation is larger than local consumption, excess electricity will flow 

toward the upstream system (i.e. toward the substation), creating a “negative” voltage drop (or, 

equivalently, a voltage rise) along the feeder. This is particularly significant on long feeders 

with large PV systems at downstream extremities [4].  

 

Figure 1.1 [4] illustrates typical voltage profiles along a feeder with and without PV 

generation under light- and heavy-load conditions. Consumers along the blue feeder do not 

produce any electricity, while prosumers on the yellow feeder can locally produce electricity 

through roof-top PV panels. When the electricity demand is high, voltage is decreasing along 

both feeders. However, when the electricity demand is low, voltage tends to increase along the 

yellow feeder, as the reverse flow of electricity creates a negative voltage drop.   

Distribution system operator (DSO) does not tolerate a significant voltage rise along 

the distribution feeder. The overvoltage must be mitigated as quickly as possible. The solutions 

to alleviate the voltage rise in a distribution system may include: 1) grid reinforcement, 2) 

curtailing excess PV generation, 3) regulating the voltage using traditional voltage regulation 

 

 

Figure 1.1 Typical voltage profile of a distribution system w/ and w/o PV under light- and 

heavy-load conditions 
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devices including on-load tap-changing transformers (OLTC) and step voltage regulators 

(SVR) 4) reactive power provision by PV inverters.  

PV penetration will not create any voltage rise in a distribution system with high 

capacity. If the distribution system does not have enough capacity to accommodate PV 

generation, grid reinforcement can be a solution. Grid reinforcement involves upgrading and 

increasing the transfer capacity of selected distribution feeders [5]. However, grid 

reinforcement can be very costly. The upgraded equipment is normally over-designed to 

accommodate future generation and load growth over the next 15- to 20-year planning horizon, 

and a large portion of investment is thus underutilized for most of the new equipment’s life [6]. 

Therefore, grid reinforcements are better to be either deferred or done in a smaller extent to 

save costs.    

Many DSOs use PV curtailment to alleviate the voltage rise along a distribution feeder. 

This is perhaps the simplest way to mitigate voltage rise. DSO forces the prosumers to shut 

down their PV system to prevent the excess electricity from being injected into the distribution 

system. Although effective, this approach will lead to a considerable amount of generation loss 

in the long run, which is not economically justifiable. Moreover, generation curtailment hinders 

further integration of renewable energy resources (including PV) into a smart distribution 

system.  

Traditional voltage regulation devices such as OLTC and SVR can, to some extent, 

alleviate a voltage rise. However, the voltage regulation practice applied to traditional 

distribution systems is based on the unidirectional power flow from the substation to the 

downstream network. Therefore, OLTC and SVR need new control and coordination strategies 

to regulate the voltage in a bidirectional distribution system. These strategies are normally more 

complicated than those used in traditional networks, and therefore, they can increase the 

number of switching operations of OLTC and SVR, and lead to a significant mechanical stress 

on the equipment, and inevitable lifetime reduction [7], [8].  

PV inverters can regulate the voltage at their point of common coupling (PCC) with the 

distribution system through providing reactive power. However, under current utility practice 

(IEEE 1547 and UL 1741), DERs including PV “shall not actively regulate the voltage at their 

PCC”. Therefore, these resources normally operate with a fixed power factor (mostly unity 

power factor, since it will produce maximum real power and energy) [7], [9]. Moreover, 

reactive power provision reduces the lifetime of PV inverters without having any clear financial 
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benefits for prosumers [10]. Unless prosumers are paid for reactive power provision, they do 

not have any incentive to offer a voltage regulation service.  

1.2 Energy Storage: A Possible Solution?  

Energy storage (ES) has shown potentials for improving the operating capabilities of 

the grid and mitigating or deferring infrastructure investments. ES can contribute to system 

reliability as the penetration level of renewable energy resources increases. In addition, ES is 

an effective tool in managing grid reliability and resilience by regulating volatile generation 

and improving microgrid and smart grid functionality. For micro and smart grid technologies, 

ES can be helpful in areas with limited transmission/distribution capacity, 

transmission/distribution disruptions, or volatile demand and supply profiles [6]. 

The 2013 edition of the DOE/EPRI Electricity Storage Handbook [11] describes 

applications of ES in five umbrella groups, as shown in Figure 1.2 [6]. This work especially 

concerns with two of these applications: electric energy time-shift, and distribution system 

upgrade deferral and voltage support.  

 
Figure 1.2 Application of ES in generation, transmission, distribution, and consumer side 

 

1.2.1 Electricity Time-shift (Arbitrage) 

Electric energy time-shift involves purchasing electricity from the grid and charging 

the ES during periods when the electricity price is low, and then, selling the stored electricity 

to the grid when the price is high. In addition, ES can provide similar time-shift function by 

absorbing excess generation from renewable sources such as wind or solar PV which otherwise 

must be curtailed.   
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1.2.2 Distribution Upgrade Deferral and Voltage Support 

A distribution system must maintain adequate capacity to accommodate increasing 

generation capacity and serve all load requirements. Distribution upgrade involves replacement 

of an aging or over-stressed existing distribution transformer at a substation or re-conducting 

distribution feeders with heavier wires. When the existing transformer is replaced with a new 

larger transformer, it is sized such that it accommodates future generation and load growth over 

the next 15- to 20-year planning horizon. Therefore, a large portion of capital investment is 

underutilized for most of the new equipment’s life. Transformer upgrades can be deferred by 

using a ESS to reduce transformer loading during peak hours and hence, extending its lifetime. 

For many nodes within a distribution system, peak demand normally occurs on just a few days 

per year, for just a few hours per day. Therefore, storage used for this application can bring 

considerable financial benefit with limited or no need to discharge. Moreover, the ESS, if 

containerized, can be physically moved to other substations where it can continue to defer 

similar upgrades.  

A ESS used for upgrade deferral can simultaneously provide voltage support on 

distribution feeders. Utilities regulate voltage within specified limits using OLTC, SVR and 

switching capacitors. Voltage regulation is specifically important for long, radial feeders where 

large loads or residential or commercial PV system may be causing unacceptable voltage 

excursions on neighboring nodes. These voltage fluctuations can be effectively mitigated with 

minimal real power control provided by the ESS.  

1.2.3 Customer-side-of-the-meter Storage 

Deployment of new technologies on the customer side of the meter (i.e. “behind the 

meter”) is changing the definition of end-user requirements. Smart grid functionalities are 

enabling prosumers to shape their requirements to improve their own quality of service, while 

also contributing to grid reliability, performance, and economics. Prosumers’ storage can play 

a major role in grid services. ES, in form of backup supplies, has been used by consumers for 

many years to achieve either improved reliability or economic benefits. With increasing 

residential/commercial PV installations, prosumers are now combining PV generation with 

storage to improve reliability and energy economics. As PV system and ES become cheaper, 

prosumers are more willing to deploy PV+ ES systems (PV+ESS).  

Generally, when the storage is “behind-the-meter,” it is configured and optimized to 

meet the prosumer’s service needs. The value proposition for storage is thus end-user 
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dependent, but from a grid perspective has primarily been driven by time-of-use rates and 

demand charges. A residential electric storage unit might be nominally 1.5- 5kW, and 3-

20kWh, while a commercial electric ESS would typically range from 10’s of kW to multi-

megawatt systems. Commercial prosumers also utilize ES for power quality and reliability 

purposes. As utilities seek to increase the role of demand side in grid operation, principally 

through providing new market products and financial incentives for different functions, the 

value proposition for the prosumer’s ES tends to increase. Moreover, incentive structures for 

renewable energy is combined with ES, the internal return on investment for the combined 

system can be significantly higher than for storage alone. 

 ES behind the meter needs to compete against utility-owned ES for grid services. 

Combining grid service benefits with customer service benefits should raise the threshold of 

affordability for end-user storage. 

Figure 1.2 does not identify voltage regulation as a service that behind-the-meter 

storage would provide. However, prosumers who are economically motivated, will incur loss 

of revenue when they are forced to shut down their PV systems in response to an overvoltage. 

If ES drops in price, prosumers can benefit from storing excess PV generation, which otherwise 

must be curtailed, in ES to use it later. ES can absorb excess PV generation, preventing it from 

flowing toward the substation, and consequently, preventing voltage rise along the feeder. The 

prosumer will either self-consume or back-inject the stored electricity, when the electricity 

price is high. Since the price is normally higher during peak hours, self-consumption or back-

injection of the stored electricity will automatically shave the peak, which is beneficial to DSO. 

Overall, voltage regulation per se is not a service that prosumers with PV+ESS are 

willing to provide. However, the economic benefits of voltage regulation can incentivize the 

prosumers to manage their electricity injections and withdrawals to and from the grid such that 

minimal voltage fluctuations occur in the distribution system.  

 

Table 1.1 Performance and cost targets for ES development [11] 

Target System capital cost [$/kWh] System efficiency [%] 

Near Term 250 75+ 

Long Term 150 80+ 
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ES is currently an expensive technology. However, storage pricing is on a downward 

trend, and it is expected that this technology becomes cost competitive soon. DOE’s 2011 

Strategic Plan has set the goal of reducing ES costs 30% by 2015 [6]. Table 1.1 shows DOE’s 

performance and cost targets of near-term and long-term ES development. According to this 

table, in near future unit cost of storage will be $250 per kWh and in the long term it will drop 

to $150 per kWh.  

As the price of ES drops, it will be more recognized for its value in providing multiple 

benefits simultaneously [6]. As an example, behind-the-meter ES systems can simultaneously 

alleviate the voltage rise issue, shave the peak, and increase prosumers’ economic benefits, 

contributing to global welfare of power grid. 

1.3 The Big Picture 

Utilizing the capacity of ES to increase the profitability of prosumers and mitigate the 

operational problems related to local PV generation requires determining a “dispatch” strategy 

for ES. This involves finding charge/discharge schedules of ES to manage the electricity 

exchanges with the distribution system such that the prosumer achieves their financial goals, 

while their activities behind the meter do not create any violations to DSO’s operational 

requirements.    

Management of a smart distribution system which includes various prosumers with 

PV+ESS can be quite challenging. Traditional centralized management schemes fail to comply 

 

Figure 1.3 A smart distribution system with agent prosumers 
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with the distributed nature of this system. Moreover, prosumers are economically active and 

may not be willing to share all the information about their behind-the-meter activities with 

DSO or other prosumers in the system. Therefore, a centralized energy management scheme 

with only one decision maker cannot function properly in this scheme.  

A smart distribution system with active prosumers can be assumed as a network of 

smart “agents” who can gather and process local information, communicate and interact with 

neighboring agents, and make local decision. Decentralized management of this smart 

distribution system can be achieved through coordination and cooperation between these smart 

agents. Figure 1.3 shows the schematic diagram of such a smart distribution system. DSO 

would only act as a supervisory agent that guarantees the activities of prosumer agents comply 

with the grid code. DSO would not intervene in behind-the-meter activities of prosumers, 

unless they violate the grid code.  

In the first part of this work, we develop a distributed agent-based energy management 

scheme for commercial or large residential prosumers with PV+ESS connected to a smart 

distribution system. The prosumers aim to reduce the electricity bill through managing 

electricity exchanges with the distribution system. These exchanges must not violate DSO’s 

voltage requirements at PCC, otherwise prosumers are forced to shut down their PV system, 

which can be interpreted as loss of revenue, and a disruption of desirable scheduling. 
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2CHAPTER 2  

DISTRIBUTED ENERGY MANAGEMENT OF DISTRIBUTED ENERGY RESOURCES: 

A BACKGROUND 

This Chapters reviews the state-of-the art research on distributed energy management 

of DER, especially ES. The literature survey in this Chapter concerns with two topics: 1) ES 

sizing, management and 2) applications of distributed computation techniques in energy 

management of electricity grid. 

2.1 Survey on ES Procurement and Management 

ES is an inseparable part of renewable energy integration. It is an expensive technology 

that needs to be managed and utilized carefully to maximize lifetime, profitability and service 

quality. Several methods of procurement and management of ES have been proposed in the 

literature.  

Reference [12] proposes a multi-pass dynamic programming (DP) approach for optimal 

scheduling of a battery ESS with the objective of minimizing the electricity bill. The cost 

electricity consists of two components, cost of energy and cost of exceeding predefined peak 

demand. There is one evaluation function corresponding to each of these components, and the 

multi-DP algorithm minimizes the sum of these two functions over a 24-hour horizon.  

In [13] multi-pass DP is combined with a time-shift technique to determine the optimal 

size and dispatch of a battery ESS. The objective is to maximize the thermal units’ fuel cost 

savings. Load duration curve is shifted such that its start point (instead of hour zero) is the 

beginning of battery charging period. This reduces the size of the solution space and improves 

the search process of the multi-pass DP algorithm.  

In [14] a Lagrangian relaxation-based security-constrained unit commitment (SCUC) 

is developed to optimize the operation of a PV-battery system connected to a power system 

consisting thermal generating units. The SCUC problem is divided into two subproblems, the 

thermal units subproblem and the PV-battery subproblem. The price signal that is the dual 

variable associated with the load balance equation in the thermal units subproblem is sent to 

the PV-battery subproblem, and the PV-battery generation will substitute thermal generation 

when the electricity price is high. The new dispatch scheme will be sent back to the thermal 

unit subproblem, and iterations continue until no further improvement can be made.  
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Reference [15] develops a power flow management mechanism that minimizes the cost 

associated with the net power purchase at the point of common coupling (PCC) between a PV-

battery system and the utility grid. The PV-battery system charges the battery when generation 

exceeds demand, or when the price of electricity is low. The battery discharges either into the 

grid or into the local loads when the price of electricity is high. Peak shaving is achieved 

through introducing an upper limit on the net power purchase from the grid. State-of-Health 

(SOH) of the battery is used as a measure of cyclic aging of the battery, and its lower limit, 

constrains battery capacity degradation. DP algorithm is applied to determine the optimal 

charge/discharge trajectory of the battery.  

Reference [16] proposes a similar DP-based approach for optimal sizing and dispatch 

of battery ES in a grid-connected PV-battery system. The aging model proposed in [15] is 

modified such that instead of SOH, battery capacity degradation is calculated directly. The 

objective function includes two terms, the electricity bill that is the cost associated with the net 

power purchase at PCC, and battery degradation cost that is the capacity lost times unit cost of 

ES. The optimization problem is formulated as an optimal control problem with battery power 

(i.e. charge/discharge rate) as the sole control policy to be determined.   

The aforementioned works have focused on the application of ES in electricity cost 

reduction and peak shaving. The impact of ES on voltage profile is often neglected, since the 

correlation between real power and voltage magnitude is assumed minimal in high-voltage 

transmission networks, and previous works are often focused on ES devices connected to bulk 

power grid. However, in low- and medium-voltage distribution systems the X/R ratio of 

distribution branches are smaller and that of high-voltage transmission networks and real power 

and voltage magnitude can no longer be assumed to be uncorrelated.  

A few works have addressed the impact of ES on voltage regulation in distribution 

systems with high renewable penetration. For example, [17] develops a multiobjective 

optimization framework to size and dispatch battery ES in a distribution system with high PV 

penetration. The objectives include voltage regulation, peak shaving and annual cost. The 

voltage regulation objective function is defined as the root mean square (RMS) value of all 

daily peak deviations in the evaluation period. Minimizing peak voltages can postpone grid 

upgrades and saves a considerable amount of cost. Similarly, the peak shaving objective 

function is defined as the RMS value of daily peak apparent power. Capital, maintenance and 

balance of plant costs of the battery ES and its calendar and cyclic aging costs comprise the 
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annual cost objective function.  

Reference [5] considers the case in Germany where the PV feed-in tariff has dropped 

below electricity price and self-consumption has become more attractive to PV-battery system 

owners. The authors propose rule-based local voltage control strategies to be combined with 

self-consumption to mitigate voltage rise issues in distribution systems. It is assumed that ES 

is not sized to mitigate PV peaks and thus, back injection still occurs, although self-

consumption is more beneficial. The proposed voltage rise mitigation strategy is a combination 

of voltage dependent battery charging, automatic reactive power provision as well as PV power 

curtailment. Economic evaluation of the shows that dynamic voltage dependent control of 

PV+ESS systems reduces overall PV generation loss. However, financial benefits for the owner 

the most critical voltage node will be reduced. Therefore, it is necessary to design a strategy to 

share the costs among all system owners.  

2.2 Survey on Distributed Energy Management of Power Systems  

A grid is intelligent if we have independent processors in each component and at each 

substation. The structure of an intelligent distribution system can be similar to what Figure 1.3 

shows. Advances in computation and communications technologies now allows us to move 

from central management and control systems to a fully distributed system that relies on a 

network of intelligent agents.  This distributed system builds a truly smart grid with plug-and-

play, self-healing functionalities. The clear advantage of such a distributed system is that each 

agent is aware of its own state and communicate it to the other agents within the network. Such 

independent agents, can take command of various functions that cannot be performed by a 

central management system [18]. Therefore, distributed management is of high importance for 

smart grids.  

There are numerous studies focusing on distributed (decentralized) management and 

control of power grids.  

Reference [19] develops a decentralized management scheme for DERs within a 

microgrid. The microgrid coordination problem is formulated as a social welfare maximization 

problem with voltage magnitudes and angles and DERs’ active and reactive power injection as 

decision variables. Lagrangian relaxation method is used to form the dual problem of the global 

coordination problem. The dual problem is then decomposed into independent subproblems 

corresponding to each DER, and a single subproblem corresponding to the distribution system 

which is solved by the microgrid market operator. The method takes into account the impact 
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of flexible loads and ES devices which, due to their nature, have constant utility (or cost) 

functions and cause discontinuities on the solution feasibility of the basic Lagrangian relaxation 

mechanism. An algorithm based on price perturbation is proposed to avoid infeasibility in the 

solution of the primal problem.  

Similarly, [20] uses Lagrangian dual decomposition technique for distributed 

coordination of supply and demand in a double-sided electricity market where both suppliers 

and end-users are decision makers with well-defined sub-objectives. The system operator’s 

optimization problem (i.e. the global social welfare maximization problem) is decomposed into 

subproblems corresponding to each supplier and load serving entity. The load serving entity 

subproblems are further decomposed into end-user subproblems. Each of the market 

participants solves its own local subproblem subject to local dynamics and constraints, given 

the global Lagrange multiplier (i.e. the electricity price signal provided by the system operator).  

System operator updates the global dual variable by the gradient method once it receives the 

solutions to local subproblems. This process continues until the convergence to the primal 

optimum is achieved.  

Reference [21] develops a distributed semi-definite programming-based method to 

solve the voltage regulation problem in a distribution system with high penetration of DERs 

and flexible (ES-capable) loads (e.g., plug-in hybrid electric vehicles). It is assumed that slow 

changes in voltage are regulated by conventional voltage regulation devices and the proposed 

method only mitigates intra-hour (minute by minute) voltage variability. The voltage regulation 

problem is formulated as an optimization program with the objective of minimizing network 

losses, subject to constraints on bus voltage magnitudes, upper and lower limits on active and 

reactive power injections, upper limits on flows, and upper limits on distribution line losses. 

The decision variables are node voltages, but the control mechanism manages reactive power 

injections (and to some extent real power injections of flexible resources) to regulate the 

voltage. Due to the quadratic relationship between node voltages and active/reactive power the 

problem is non-convex. However, under certain circumstances the problem can be convexified.  

A distributed algorithm is then proposed to solve the convex problem. The proposed algorithm 

consists of two stages: local optimization and consensus. In the local optimization stage, each 

node solves its own local version of the problem, and, in the consensus stage, neighboring 

nodes exchange Lagrangian multipliers obtained from the solutions to their corresponding local 

optima, with the goal of equalizing the angle differences across a line from both of its ends.  
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Reference [22] proposes a multi-agent (MAS)-based distributed scheme for voltage 

regulation in a distribution system during emergency conditions when the voltage goes beyond 

the limits. It is assumed that the extra voltage support under emergency conditions is provided 

by DERs through an increase in reactive power provision. Therefore, the voltage regulation 

problem can be formulated as a reactive power dispatch problem. The objective is to minimize 

the total amount of reactive power provision, subject to power flow constraints, upper and 

lower limits on voltage, and upper and lower limits on reactive power provision capability. An 

iterative algorithm is adopted to solve the optimization problem in a distributed fashion. The 

power flow equations are successively linearized around the operating point, linearly relating 

voltage variations to active and reactive power variations. Assuming the load does not change 

during the control period and that DERs real power generation is not changed, the only control 

parameters are DERs’ reactive power changes. This way, an incremental version of the original 

optimization problem is formulated that needs to be solved by a MAS. In order to use as little 

network model as possible, a sensitivity analysis is carried out to prioritize DER, such that a 

DER with the highest sensitivity factor will be first dispatched up to its limit, and then, if this 

action is not enough, the DER with second highest sensitivity factor will be dispatch. To 

coordinate the actions of DERs, control net protocol (CNP) is used by the MAS.  When an 

agent detects that the local node voltage has exceeded normal limits, it sends the moderator a 

message with the overall goal that is the desired voltage at that node. The moderator then issues 

a request for proposal to other agents. These agents reply with their sensitivity factor and 

maximum available action value. The moderator then awards each agent a contract stating how 

much support is needed from its DER.  

Reference [23] develops a distributed voltage regulation scheme for a distribution 

system with high penetration of DERs. The distribution system is divided into several small 

areas by epsilon-decomposition of the sensitivity matrix (i.e., inverse Jacobian matrix) obtained 

from Newton-Raphson power flow equations. When voltage violates the limits, optimal 

adjustments to the output of DERs are calculated based on the sensitivity matrix through 

solving a linear programming problem. It is assumed that DERs operate either in a unity power 

factor (UPF) or a power factor control mode (PFC). For DERs operating in the UPF mode, the 

objective is to maximize the real power output of every involved DERs, and for DERs 

operating in the PFC mode, the objective is to minimize the reactive power generation 

adjustments of every involved DER.  
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Reference [24] discusses the use of MAS in distributed management of Microgrids. A 

FIPA-compliant MAS is proposed to integrate microgrid operations and DERs implementation 

using Simulink, JADE and MACSimJX. Market and control operations are implemented in 

JADE and the coordination layer between Simulink models and agents are implemented in 

MACSimJX which uses TCP/IP protocol and Windows pipe for its communication channels. 

The MAS uses hierarchical control architecture with generation (DG) agents, load (Demand) 

agents, a market clearing engine (MCE) agent, a coordination (CO) agent, a utility grid (UG) 

agent, and several other ancillary agents. The agents follow three objectives: maximizing DG 

surplus, maximizing load surplus and maximizing both DG and load surpluses.  MCE Agent 

computes the market clearing price (MPC) and send it to the agents. Every DG and Demand 

Agent then performs a local scheduling and checks for any technical violations with its agent 

task force (ATF) counterpart.  DG Agents will search through directory facilitator (DF) and 

negotiate with every Demand Agent and UG Agent to sell their energy at the highest offered 

price. Similarly, Demand Agents will search through DF and negotiate with every DG Agent 

and UG Agent to buy energy at the lowest offered price. For maximizing both the DG and load 

surplus objective, DG Agents, Demand Agents and UG Agent will negotiate among themselves 

to arrive at a common price that benefits both DG and Demand Agents. UG Agent then 

performs power balance for the microgrid. Market operation ends when DG and Demand 

Agents inform CO Agent about the trading results and the updated dispatch will be passed on 

to ATF and AE for implementation in Simulink.  

Reference [25] investigates the problem of distributed reactive power dispatch by PV 

inverters in a distribution system. The problem is formulated as a constrained optimization 

problem with the objective of minimizing power loss subject to finite inverter capacity and 

upper and lower voltage limits at all nodes. Assuming that under normal operating conditions 

the real and reactive power losses are small compared to the power flows, the formulation is 

simplified to a convex optimization problem. Convexity implies that the global problem is 

separable in the key optimization variables, and therefore, distributed optimization methods 

can be applied to solve the problem. Consensus-based versions of alternating direction method 

of multipliers (ADMM) and dual-ascent method are developed to determine the solution to the 

problem. The consensus version of ADMM assumes that each node solves a local optimization 

problem for respective local “copies” of the global variable shared between all nodes. The 

global optimum (i.e., the consensus) is reached when all local copies are equal to the global 

variable. The consensus based dual-ascent method forms the Lagrangian of the simplified 
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problem and then, each node updates the dual variable according to an update rule. Each node 

receives the dual variable from its “right” neighbor and sends the dual variable to its “left” 

neighbor. The process continues until convergence is achieved. In the dual-ascent method, the 

nodes perform trivial algebraic operations rather than solving an optimization problem. 

However, the convergence speed is higher for the consensus-based ADMM.  

 Reference [26] investigates the problem of distributed energy management in a 

microgrid which includes dispatchable and non-dispatchable generators, flexible and inflexible 

loads, and ES. The problem is formulated as a restricted agreement problem in which entities 

seek to reach a consensus over the global variable that is the system price. Similar to the dual-

ascent method, in the proposed consensus + innovations method each agent maintains a local 

copy of the global variable, which is iteratively updated and communicated between 

communication neighbors, until consensus is achieved. The presence of ES necessitates 

optimizing the energy schedules over multiple time steps concurrently, because in addition to 

the power, the dynamics of energy matter. As a result, the authors first solve a single-step 

version of the energy management problem and then extend it to a multi-step optimization 

problem to consider the inter-temporal constraints related to the dynamics of ES. In this case, 

the consensus+ innovations algorithm becomes multi-dimensional such that there are vectors 

of system price and power outputs with elements associated with each time step within the 

planning horizon. 

Reference [27] develops a network of self-organizing dynamic agents to solve the 

economic dispatch problem considering transmission losses. The Kron’s formula is used to 

model losses. It is assumed that each agent can acquire local node measurements, regulate real 

power generation, and communicate with a limited number of neighboring agents. The 

decentralized version of the ED problem is then interpreted as an average consensus problem 

in which the consensus value (here, the total demand) is equal to the average of the initial 

values [28].  

2.3 Observations 

We can make several observations about the existing literature on procurement 

management of ES and applications of distributed computation techniques in electricity grid.  

First, methods developed for procurement and management of ES, either focus on a 

single bulk ESS, or when they consider distributed ES, they use centralized techniques to size 
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and manage ES. Neither can fully capture the distributed nature of multiple prosumers with 

PV+ESS.  

Second, although DERs is an umbrella term for various technologies including 

distributed generation and ES, none of the works in Section 2.2 have specifically addressed the 

problem of managing distributed ES from voltage regulation and peak shaving perspectives, 

considering its specific characteristics of ES. ES is different from other DERs in terms of 

dynamics, and its unique aging effect. ES is a DER with “memory” as ES production capability 

at each time instance depends on the stored electricity in it in past. Reference [21] has 

considered the role of ES-capable loads in voltage regulation. However, the explicit dynamics 

of such loads are not taken into account. Reference [20] has considered the dynamics of load 

serving entities but not the DERs. In addition, the model has neglected the impact of a physical 

distribution system and therefore it cannot be used for voltage regulation. Reference [22] has 

analyzed voltage regulation through a distributed reactive power dispatch scheme. However, 

the role of real power and consequently ES has been neglected. Reference [26] has analyzed a 

multistep version of a distributed energy management algorithm to take into account the 

dynamics of ES. However, the problem has been limited to economic dispatch of DERs and 

flexible/inflexible loads and has not considered the impact of distribution system and 

consequently voltage regulation. Moreover, none of the aforementioned works has focused on 

privately-owned or behind-the-meter DERs which only cooperate with each other in order to 

maximize their own financial benefit, and, in some cases, may even have competing objectives. 

These entities are not normally willing to follow a “global” objective unless it complies with 

their “local” objective. This implies in a distribution system with privately-owned DERs, we 

are seeking a Pareto-optimal situation rather than a global objective.   

Third, the methods proposed for distributed management of smart distribution system, 

regardless of the objectives they follow, can be roughly divided into two categories:  distributed 

optimization-based techniques and MAS-based techniques. The former has a systematic 

approach and offers a solid mathematical formulation of the problem. However, it still needs a 

central brain to verify the convergence to a global solution. The latter, on the other hand, does 

not require the presence of a central brain and hence, complies with the plug-and-play 

functionality of a smart grid. However, in most cases, it solely relies on rule-based approaches, 

which are case-dependent and prone to failure if conditions slightly deviate from normal.  
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The aim of this work is to combine the benefits of distributed computation methods and 

MAS to solve the issue of voltage regulation in a smart distribution system with high 

penetration of distributed PV+ESS systems. As mentioned in [21], distributed management 

algorithms have two stages: local optimization and consensus. According to [28], “In a network 

of agents, consensus means to reach an agreement regarding a certain quantity of interest that 

depends on the state of all agents. A consensus algorithm is an interaction rule that specifies 

the information exchange between an agent and all of its neighbors on the network.” MAS is 

closely related to the concept of consensus in dynamic systems.  Here, we first try to solidly 

formulate the problem of voltage regulation in a distribution system with prosumers owning 

PV+ESS, and then, we develop a MAS that solves the local optimization problems, and reaches 

a consensus regarding the dispatch of PV+ESS such that overall network voltage requirements 

are met. 
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3CHAPTER 3 

ENERGY MANAGEMENT OF PROSUMERS WITH PV+ESS: THE FIXED CAP ON 

ELECTRICITY EXCHANGES 

This Chapter describes how prosumers with PV+ESS would interact with a smart 

distribution system. Prosumers would try to increase their profitability while eliminating the 

possibility of creating a voltage rise along distribution feeders.  

Consider an end-user of electricity (e.g., a commercial or large residential prosumer, 

CLRP) who owns a PV system installed behind a smart meter. DSO allows CLRP to have 

bilateral electricity exchanges with the distribution system. CLRP relies on local PV generation 

during the day, and when the sunlight is available. When this behind-the-meter PV generation 

is unavailable or insufficient, CLRP withdraws electricity from the distribution system. Also, 

when PV generation is in excess, CLRP injects it into the distribution system.  The net-metering 

mechanism allows for not only purchasing electricity from DSO, but also selling electricity to 

it. DSO and CLRPs make these bilateral exchanges at the electricity price, which may vary in 

time.  

When CLRPs are injecting electricity into the distribution system, if this feed-in 

electricity is significant enough to create intolerable voltage rise along the feeder, DSO may 

force CLRPs to shut down their PV system to mitigate the overvoltage. 

 In this Chapter, we assume that CLRPs decide to purchase and install ES in parallel 

with PV, to safeguard against curtailment. We call this combination a PV+ESS. Note that, ES, 

here in this work specifically refers to a battery. Figure 3.1 illustrates the configuration of a 

CLRP with PV+ESS behind the meter. Smart meters N, B, and P and D measure the net 

electricity exchange with the distribution system, ES charge/discharge rate, PV generation, and 

demand respectively. Meter N measures the bilateral exchanges between CLRP and DSO. The 

convention is:  

• When CLRP withdraws (purchases) electricity from DSO, the metered power 

and the electricity bill will be deemed positive, meaning that CLRP must pay to 

DSO.  

• When CLRP injects (sells) electricity to DSO, the metered power and the 

electricity bill will be deemed negative, meaning that CLRP must pay to DSO.  
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3.1 The Prosumer Objective  

Utility-owned grid-connected ES normally follows the objective of improving grid 

operational capabilities and resilience at minimum cost. However, for behind-the-meter ES, 

the grid itself is of no interest. Similarly, the grid (or the grid operator, i.e., the utility) does not 

care if prosumers install ES behind their meters, as far as their activities do not cause any 

operational troubles for the grid. In fact, from the grid’s viewpoint, each prosumer is a load 

whose electricity exchanges are measured through a smart meter, and what happens behind 

that meter, is not important to the grid. Therefore, voltage regulation per se is an objective for 

prosumers, nor DSO considers it as a service that prosumers with ES can provide. For such ES, 

the only objective is to bring financial benefit to the prosumer, and distributions system-level 

operational considerations are beyond the scope. Financial benefits of voltage regulation 

incentivize the prosumers to manage electricity exchanges, such that minimal voltage 

fluctuations occur in the distribution system [29].  

Prosumers seek ways to reduce their electricity bills. Local PV generation saves them 

a portion of their electricity costs. However, PV generation is nondispatchable and limited to 

daylight hours. Therefore, prosumers cannot completely rely on local PV generation. The 

 
Figure 3.1 Configuration of A CLRP behind the meter 
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distribution system must compensate any differences between local electricity production and 

consumption through absorbing the excess electricity when PV generation exceeds 

consumption, and supplying electricity when PV generation is less than consumption.  

The amount of excess PV generation the grid can accommodate is limited. Excessive 

feed-in electricity and resultant reverse flow from the prosumer side to the substation may 

create a significant voltage rise along the feeder. Under current utility practice, the solution to 

DER-related voltage rise issue is generation curtailment. However, this solution is not 

beneficial, neither for the utility nor for prosumers.  

Installing ES in parallel with the PV system can solve the voltage rise issue, and 

simultaneously reduce the CLRP’s electricity bill. When PV generation exceeds consumption, 

excess electricity, instead of being curtailed, can be directed to ES to charge up the battery.  

During peak hours when the electricity price is high, CLRP can discharge the battery and either 

self-consume the stored electricity or inject it back to grid. Either way, through self-

consumption or back injection, CLRP can save some costs (or even make some profit) during 

peak hours.   

Battery ES is expensive and its usage is not free of charge. Battery ages as it goes 

through charge/discharge cycles (that is called cyclic aging). There is a trade-off between aging 

the battery and saving excess PV generation from curtailment. Therefore, for a CLRP with 

PV+ESS the cost has two components: 1) electricity bill, 2) degradation cost. Purchasing ES 

is only justifiable if it decreases the total electricity cost. Hence, the overall objective of a 

CLRP would be: 

�i�� = ∑[  � + Δ �]�
=      (3.1) 

where,   is the net power exchange at time step , �  is the electricity price, Δ � is the 

battery capacity degradation,  is the unit cost of storage, and  is the planning horizon. � is 

the vector of decision variables. For the procurement of ES, CLRP needs to size the battery. If 

that is the case, � would be: � = [ , , … , � , �, ]                 (3.2) 

where, �,  is the nominal battery capacity.  Note that at the beginning of the planning 

horizon the effective capacity of battery is equal to its nominal capacity, that is: 

� = �,      (3.3) 
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For energy management of PV+EES, when the nominal capacity of battery is known and CLRP 

only needs to determine the charge/discharge schedules of the battery, � would reduce to: � = [ , , … , � ] (3.4) 

 

3.2 The Constraints  

Objective (3.1) is subject to several constraints related to system operational 

requirements and battery ES technology consideration.  

3.2.1 The Power Balance 

Like any other energy system, power balance must be satisfied at the PCC of a CLRP 

and DSO. At each time step , the net power exchange with the grid must balance out the 

difference between the local PV generation and consumption. Also, when battery is charging 

it draws power from either the grid or PV generating system, and therefore, it acts as a load. 

On the other hand, when battery is discharging, it releases electricity either into the grid or 

local load, and therefore, it acts as a DER. Hence, the power balance equation at PCC would 

be: 

 =  � −  � +  �+ −  �−     (3.5) 

where,  � is electricity demand,  � is PV generation,  �+ is battery charge rate, and  �− is 

battery discharge rate. Note that   can be both positive and negative, but  �+ and  �− are 

always nonzero. Per our notation, when >  CLRP purchases electricity from the grid, 

and when < , CLRP sells power to the grid. 

Because the battery cannot charge and discharge simultaneously, in (3.5)  �+ and  �− 

cannot be nonzero at the same time. Therefore: 

 �−.  �+ =  (3.6) 

 

3.2.2 The Dynamic Model of Battery  

Energy conversion equation governs the dynamics of battery ES. In discrete-time 

domain, the dynamics of battery ES would be: 

� = −� + � −  �+ − −  �−�  (3.7) 
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where, �is the stored electricity in battery at time step , and � is the AC-DC power 

electronic converter’s round-trip efficiency.  The initial condition for (3.7) is arbitrary. One 

popular choice for it however, is to set the initial and final stored energy levels equal. This is 

particularly meaningful for short planning horizon and cyclic demand and generation profiles.  

3.2.3 The Operational Limits of Battery 

The effective capacity of the battery, �, limits the amount of energy that can be stored 

in the battery. Battery neither can store more energy than its effective capacity, nor can 

discharge to less than its minimum depth-of-discharge (DOD). Therefore, 

� � � �  (3.8) 

where, �is minimum DOD 

In addition to energy, battery charge and discharge rates are also constrained by �. If 

we assume that it takes the battery minimum � hours to charge from zero to full capacity (or, 

to discharge from full capacity to zero), then charge and discharge rates,  �+ and  �− will be 

limited as: 

�  �+ ��  (3.9-a) 

 �−� ��  (3.9-b) 

3.2.4 The Aging Model of Battery 

Battery ES ages over time. Two processes cause irreversible capacity loss in a battery: 

calendrical aging and cyclic aging. Calendrical aging happens at non-operating state of the 

battery.  The battery will age, even if it is not in use. Ambient temperature, non-operating time 

of the battery, and its current state-of-charge (SOC) affect the calendrical aging of a battery. 

Cyclic aging occurs when battery goes through charge/discharge cycles and, it depends on 

battery DOD and, to some extent, the ambient temperature [8].  

Here, we neglect calendrical aging and only consider cyclic aging. Reference [15] has 

developed a model for cyclic aging, which assumes that battery capacity degradation is linear 

with respect to battery DOD changes. The model does not consider the impact of ambient 

temperature, and assumes that the battery degrades only when it discharges:  

Δ � = � − −� = { �, × �[ − − ]                                         < −−  (3.10) 
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where, � is the aging coefficient and depends on battery technology. For lead-acid batteries, 

it is 3×10-4.   is batter state-of-charge (SOC) which is defined as: 

= ��   (3.11)  

If we replace SOC with (3.11) in (3.10), we can re-write (3.10) as: 

� − −� = { �, × � [ �� − −�
−� ]   < −                                                −   (3.12) 

Equation (3.12) significantly increases the nonlinearity of the problem. We make the 

following simplifying assumptions to develop a linear aging model: 

1) When the duration of each time step is small, capacity degradation from previous time 

step −  to current time step  is negligible. Therefore, � ≈ −� .  

2) When planning horizon  is rather short, the degradation is small enough to assume 

that �, ≈ �. 

The first assumption reduces the first condition of (3.9) to: 

�, × � [ �� − −�
−� ] ≈ �, × � [ � − −�

−� ] (3.13) 

From (3.7), we know that � − −� = � −  �+ − −  �−�� . Since (3.13) is only nonzero 

when battery discharges, we can assume that � − −� = − −  �−��  . This way, the second 

condition of (3.12) will become redundant, and the aging model will reduce to: 

Δ � = � − −� = �, × �� [− −  �−
−� ]     (3.14) 

The second assumption reduces (3.14) to: 

Δ � = � − −� = − �� −  �−     (3.15) 

Note that, the initial condition for (3.15) is (3.3). 

3.2.5 Voltage Regulation and Capping Net Electricity Exchanges 

To prevent the voltage rise along the feeder, and subsequent generation curtailment, 

CLRP needs to limit the feed-in electricity. This is equivalent to capping the amount of negative 

net power exchanges with the distribution system such that a voltage rise does not occur. 

Ideally, the voltage-regulating constraint must dynamically observe node voltages and 
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calculate the lower bound on net power exchanges, such that nodal voltages throughout the 

distribution system remain within limits. This can be shown as:   

 , �   (3.16) 

where, �  is the vector of nodal voltages in the distribution system. 

Ideally, (3.16) must be comprised of power flow equations which determine the exact 

relationship between electricity exchanges and nodal voltages. However, on the one hand, 

prosumers are private entities with limited access to the distribution system’s model and 

measurements which is specifically in possession of DSO. On the other hand, prosumers are 

micro-players with economic motivations [30], and hence, they are not willing to share much 

information about their activities behind the meter with other prosumers or even DSO. 

Therefore, prosumers do not have enough data to conduct a thorough power flow analysis.  

Currently, most of the utilities force PV generating systems to shut down if excess feed-

in electricity causes a significant voltage rise in the distribution system. Currently, in the United 

States, there is no clear and systematic approach for PV curtailment. Utilities enforce 

curtailment when voltage starts rising and going over limits. In Europe, however, due to high 

penetration of renewables, utilities have started to come up with systematic methods of 

generation curtailment. For example, under German Renewable Energies Act of 2012, PV 

systems under 30 kWp have to either limit their real electricity feed-in to 70% of the installed 

PV capacity, or be able to be remotely curtailed. PV systems over 30 kWp must always be 

equipped with remote curtailment switches. The 70% rule intends to cap feed-in electricity to 

prevent an overvoltage in the distribution system. Although, capping the feed-in electricity is, 

to some extent, a rule of thumb, it brings more clarity to the curtailment approach compared to 

bare remote curtailment.  

Although the 70% rule only applies to PV systems with capacities of 30 kWp and under, 

here, we assume that it can be applied to all PV systems connected to medium- and low- voltage 

distribution systems. We consider this rule as the voltage regulating constraint, and therefore, 

(3.16) could be simplified to: 

 − . �,  (3.17) 

where, �,  is the installed (nominal) PV capacity.  
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3.3 The Primary Sizing+ Scheduling Problem  

Prosumers can use (3.1)-(3.3), (3.5)-(3.9), (3.15) and (3.17) for procurement and initial 

management of their ES over the planning horizon . This is a nonlinear programming problem 

(NLP) and we can use commercial solvers to find the solution to it. Hereinafter, we call this 

problem the primary sizing+scheduling problem or PSSP, as the prosumer can solve it to 

estimate the cost of ES and analyze the profitability it before purchasing ES.  

3.4 Simulation Results of PSSP 

This Section implements the PSSP formulation on a test system to study the pros and cons of 

using this formulation for energy management of PV+ESS.  

3.5 The Test System 

The test system is IEEE 33.bus distribution feeder which is shown in Figure 3.2. We 

modify the feeder such that it included CLRPs with PV generation at nodes 5 to 18 on the main 

branch encompassing nodes 1 to 18. PV penetration is 31% of the feeder's total real demand of 

the entire distribution system. Also, note that the feeder’s loading is modified from the original 

test feeder (For system data see Appendix).  

Following assumptions are made regarding the test system: 

• For each CLRP, installed PV capacity is equal to the peak real power demand.  

 

 
Figure 3.2 IEEE 33-bus test feeder 
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• There are two-way communication links between each two neighboring nodes, 

and the topology of the communication network is identical to that of the 

electrical distribution system. 

 
Figure 3.3 Normalized daily load profile 

 

Figure 3.4 Normalized daily PV generation profile 
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•  CLRPs real and reactive power consumptions vary on an hourly basis 

according to the normalized daily load profile shown in Figure 3.3. The power 

factor at each node remains constant during the day [31].  

• PV generation varies according to the normalized profile shown in Figure 3.4 

•  [32]. It belongs to a summer day in Boulder, Colorado. CLRPs are in the same 

geographical area, and hence, they have the same generation profile    

• DSO uses a two-level time-of-use (TOU) pricing mechanism shown in [33]. 

Tariff belongs to a residential unit. Peak hours start at 1:00 PM and end at 9:00 

PM (Figure 3.5).  

• If voltage at any node in the distribution system goes above the maximum value, 

all CLRPs with PV generating systems must shut them down.  

3.6 The Voltage Profile 

Figure 3.6 shows the daily voltage profiles of nodes 5 to 18 (calculated in MATPOWER 

[34]) when there is not any PV generation. All nodal voltages are within ANSI C84.1 lower 

and higher limits which are 0.95 and 1.05 p.u. respectively.  

Under normal operating conditions, the acceptable voltage range for nodes with PV 

inverters connected to them is 0.917 to 1.042 p.u.. Under extreme conditions, the acceptable 

range would be stretched to 0.88 to 1.058 p.u [35].  

 

 

Figure 3.5 TOU pricing mechanism 
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Figure 3.7 shows the daily voltage profile of nodes 5 to 18 when CLRPs at nodes 5 to 

18 have PV generation and injects their excess electricity into the distribution system without 

any voltage regulatory mechanism.  During hours 11 to 13 voltage at nodes 13 to 18 goes above 

the allowable limit of 1.058 p.u. This is not tolerable for DSO.  

Figure 3.8 shows the daily voltage profile of nodes 5 to 18 when DSO applies remote 

curtailment strategy for maintaining voltage regulation. CLRPs will face curtailment during 

hours 11 to 13, and must shut down their PV systems and withdraw electricity from the grid to 

 

Figure 3.6 Daily voltage profile w/o PV generation 

 

Figure 3.7 Daily voltage profile w PV generation and w/o voltage regulation 
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supply their loads. DSO can successfully maintain the voltage under control through generation 

curtailment.  

During hours 11 to 13, CLRPs can not only supply their local loads, but also sell 

electricity to the grid. However, because of the nondispachablity of PV generation, they have 

to shut down their PV systems if voltage goes beyond the limit.  

ES can make PV generation dispatchable. A CLRP can direct the excess PV generation 

to ES and store it for future use. When the electricity price is high, CLRP can discharge ES and 

sell-consume or back-inject the stored electricity. 

Next Section describes how CLRPs can decide about the size and scheduling of ES 

using the PSSP formulation.  

3.7 Simulation Results for PSSP 

To protect themselves against generation curtailment, CLRPs at nodes 10, 11, 14, and 

16 (from now on, CLRPs 1-4) with respective real peak demand of 150, 170, 180 and 210 kW 

decide to procure ES. Each CLRP can individually solve the PSSP problem, as it only requires 

data from local B, P, D, and N meters.  

Figure 3.9-Figure 3.14shows the solution of PSSP for CLRPs 1-4 assuming  =  120 

$/kWh, �   =  8 h, �  =  3 × 10-4, �  =  80%, and �  =  20%.  

MATLAB optimization toolbox is used to determine the solution to PSSP. Calculated 

nominal ES capacities are 2370, 2686, 2846, and 3317 [kWh] respectively. Figure 3.11 shows 

that all CLRPs charge their ES during off-peak hours, when the electricity is cheap; whether 

or not there is PV generation. This means they are arbitraging energy and charging their ES 

from the grid in the absence of PV generation. Significant ES discharge occurs during hours 

15-20 when the electricity price and demand are at peak.(Figure 3.12) The trajectory of net 

exchanges with the grid shows that during hours 15-20 when ES discharges significantly,  =  ,
or 70% of installed PV capacity.  

Figure 3.14 shows the voltage the daily voltage profiles of nodes 5 to 18 when CLRPs 

1-4 use ES to manage their exchanges with the grid. We can see that voltage at nodes 13 to 18 

goes above the maximum limit of 1.058 during hour 15. Obviously, voltage rise is alleviated 

compared to what shown in Figure 3.7. However, CLRPs 1-4 still face curtailment during hour 

15 as voltage goes above 1.058 p.u.  
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Simulation results in this Chapter showed that capping the net real power exchange 

with the grid might not be an effective method of mitigating voltage rise in the distribution 

system, especially when there are multiple PV+ESS on a feeder. Lack of knowledge about the 

voltage profile led to significant feed-in real power when the electricity price was high. Voltage 

rise occurred despite the fact that CLRPs had used storage to limit their feed-in real power to 

70% of installed PV capacity.  

The only voltage information that the CLRPs can obtain is the voltage measurement at 

their own PCCs with the grid. If CLRPs had a way to obtain information about the voltage 

situation at all other nodes in the distribution system, they could manage their electricity 

exchanges such that they would not cause any voltage violations in the distribution system.  

Next Chapter describes how the concept of consensus in networked MAS may help 

CLRPs to manage their PV+ESS more effectively while avoiding voltage rise in the 

distribution system.  

 

 

 

 

Figure 3.8 Daily voltage profile w/ PV generation and generation curtailment 
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Figure 3.9 Effective capacity of ES 

 

Figure 3.10 Energy content of ES 

 

 

Figure 3.11 Charge rate of ES 

 

Figure 3.12 Discharge rate of ES 
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Figure 3.13 Net real power exchange with the distribution system 

 

Figure 3.14 Daily voltage profile in PSSP 
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4CHAPTER 4 

CONSENSUS AND COOPERATION IN NETWORKED MULTI-AGENT SYSTEMS: 

AN APPLICATION IN ENERGY MANAGEMENT OF MULTIPLE PV+ESS 

Capping the CLRPs’ feed-in real power can partially mitigate the voltage rise issue in 

the distribution system. CLRPs located in a small geographical area most probably have the 

same pattern of consumption and PV generation and share the same pricing mechanism. 

Therefore, it is likely that they decide to sell (inject) electricity to the grid when the electricity 

price is at peak. When multiple CLRPs simultaneously start injecting electricity into the 

distribution system, if the amount of feed-in electricity is significant enough, it can create a 

voltage rise along the feeder; even if all CLRPs limit their injections to the pre-defined cap on 

net real power exchange.  

An effective voltage regulatory mechanism must: 

• Directly relate the feed-in real power of each node to all nodal voltages in the 

distribution system  

• Can coordinate the feed-in net real power of PV+ESS to ensure that while each 

individual CLRP obtain financial benefit from PV+ESS, all nodal voltages throughout 

the distribution system remain within acceptable range.  

As we discussed in Chapter 3, the voltage regulatory mechanism must ideally be 

comprised of power flow equations which determine the exact relationship between nodal real 

power injections and nodal voltages. However, CLRPs who are private entities do not have 

access to the distribution system’s model and measurements. Therefore, they cannot solve 

power flow equations to determine the impact of their electricity exchanges with the grid on 

the voltage situation.  

One possible solution to the lack of information about the entire system is that 

prosumers who are in fact “smart agents” try to share their local information with other smart 

agents in the distribution system [28]. This will help the prosumers obtain a big picture of the 

operational conditions including nodal voltages. 

To gather this information, all smart agents must cooperate which requires willing 

participation of all agents. Prosumers are considered to be rivals for selling their product 

(electricity) to the grid, and one may think they may withhold information from their rivals to 
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make more profit. However, as the case in Chapter 3 showed, lack of cooperation between 

prosumers have adverse effect on the revenues of all prosumers, when voltage rise occurs as a 

result of overproduction. In fact, DSO does not distinguish between different prosumers, and, 

if voltage rises beyond the limit, all of them will face curtailment. Therefore, prosumers must 

cooperate with each other to create a reliable picture of the voltage situation in the distribution 

system. This cooperation can be interpreted as giving consent to providing one’s information 

and following a common protocol that serves the group objective. 

Nonetheless, since the formation of the big picture relies on the inputs provided by 

neighboring agents, a set of misbehaving agents can bias the information of their neighbors by 

broadcasting incorrect information. An agent could be misbehaving because it is either faulty 

or malicious. These errors in the information introduced by misbehaving agents will spread 

through the network via the local updates. Detecting such misbehaving agents is beyond the 

scope of this work and has been addressed in the literature [36], [37].  

Cooperation in order to reach an agreement is a classic problem in multi-agent networks 

known as the consensus problem. Consensus problems have a long history in computer science 

and form the foundation of distributed computing. Mathematical analysis of consensus 

problems is generally based on the concepts borrowed from matrix theory, algebraic graph 

theory, and control theory [28].  

Graph theory has found its uses in modeling the information exchange among agents, 

and is strongly linked with distributed cooperative management schemes. Graphs are an 

efficient tool for modeling the network topology [38].  

In this Chapter, we briefly review some graph theoretical concepts necessary to 

understand consensus problems (mostly adopted from [28] and [39]), and then, we study the 

application of consensus and cooperation in energy management of CLRPs with PV+ESS.  

4.1 Algebraic Graph Theory 

Designing distributed management protocols can be very challenging. The challenges 

arise from the fact that individual agents have limited computational, communications, and 

sensing resources. The information flow between agents of the network, which is dictated by 

the topology and geometry of it, plays a significant role in the design of management protocols 

[40].   
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In cooperative systems, any management protocol must be distributed in the sense that 

it respects the prescribed network topology. That is, the protocol for each agent depends only 

on the information about that agent and its neighbors. Therefore, the network topology 

significantly affects what can be accomplished by local distributed protocols at each agent. The 

topological properties complicate the design of synchronization protocols and result in unique 

behavior of MAS that do not occur in centralized single-agent systems [41]. 

Graph-based representation of a networked system does not provide any information 

about the data that is exchanged between agents, the exchange protocol, or what agents do with 

the received data. Instead, the graph-based abstraction contains high-level descriptions of the 

network topology in terms of objects referred to as vertices and edges. 

4.1.1 Definitions 

4.1.1.1 Graph 

A graph is built upon a finite set referred to as the vertex set �.  Each element of � is a 

vertex of the graph. A vertex set with  elements is represented as: � = { , , … , } (4.1) 

Consider the set of 2-element subsets of �, denoted by [�]  which consists of elements 

of the form { , } , = , , … , ,  ≠  . The finite graph � is defined as the pair � =  �, ℰ  

where � is the set of vertices and ℰ is a subset of [�] called the set of edges.  

4.1.1.2 Neighborhood 

The neighborhood � ⊆ � of the vertex  is defined as the set { ∈ �| ∈ ℰ}, that 

is, the set of all vertices that are adjacent to .  

4.1.1.3 Subgraph, supgraph and spanning tree 

Any graph �′  =  �′, ℰ′  is a subgraph of � =  �, ℰ  if �′ ⊆ �  and ℰ′ ⊆ ℰ. In this 

case, � occasionally is referred to as the supgraph of �′. If �′ = � for a subgraph, it is referred 

to as a spanning subgraph. A spanning tree for a graph � is thus a subgraph of � that is also a 

tree. 

4.1.1.4 Digraph 

A directed graph (or simply a digraph) � =  �, ℰ  is a graph that its edges have 

directions. If the ordered pair ( , ) ∈ ℰ, then  is said to be the tail of the edge, while  is 

its head. A directed graph can be also be constructed by assigning an orientation   to the 



36 

 

unordered edge set ℰ, such that : ℰ → {− , }. This way, edge ,  is said to originate in  (tail) and terminate in  (head) if ( , ) = , and vice versa if ( , )  = − . 

A digraph is: 

• balanced if, for every vertex, the in- degree and out-degree are equal.  

• strongly connected if, between every pair of distinct vertices, there is a directed path.  

• disoriented if all its directed edges are replaced by undirected ones.  

• weakly connected if its disoriented version is connected.  

4.1.1.5 Weighted graph 

If a function : ℰ →  ℜ associates a value to each edge, the resulting graph � = �, ℰ,  is a weighted graph. On a digraph, a geodesic (i.e. shortest path) between  and  

is defined as: �i�∈ �( , ) l���th   (4.2) 

where, �( , ) is the set of all paths between  and  

4.1.1.6 Degree matrix 

The degree matrix of �, � �  is a diagonal matrix and is defined as: [� �  ] =   (4.3) 

where,   is the degree of vertex  which is the cardinality of the neighborhood set � .  

For directed weighted graph �, the degree matrix would be: [� �  ] =   (4.4) 

where, = ∑{ |( , )∈ℰ � }  

4.1.1.7 Adjacency matrix  

The adjacency matrix of �, � � is a symmetric ×  matrix defined as: 

[� � ] = { , ∈ ℰ, otherwise 
(4.5) 

For directed weighted graph �, the adjacency matrix would be: 

[� � ] = { , , ∈ ℰ �,             otherwise          
 (4.6) 

4.1.1.8 Graph Laplacian  

The graph Laplacian �  is defined as: 
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� � = � � − � �  (4.7) 

Similarly, for directed weighted graph �,  � � = � � − � �  (4.8) 

 

4.2 Consensus Protocol  

Consensus is a fundamental problem in networked MAS. Dynamics and convergence 

properties of the consensus protocol are highly correlated with the network topology [39].  

Consider a network of  integrator agents with dynamics ̇ =  interconnected via 

communication links. A consensus algorithm to reach an agreement on the state of agents can 

be expressed as [28], [39]: 

̇ , = ∑ ( , − , ),               ∈� = , … ,  
(4.9)       

where, �  is the neighborhood of agent . 

The collective dynamics of the agents can be shown as: �̇ = −� � �  (4.10) 

where, � is the graph Laplacian of the network. 

From (4.9), we can conjecture that the state of all agents will asymptotically reach an 

equilibrium, which is a weighted average of their initial states. Accordingly, we define the 

agreement set � ⊆ ℜ  as: � = { ∈ ℜ  | = } for all ,  (4.11) 

4.3 Consensus and the Meaning of Cooperation 

There are two types of consensus problems, unconstrained and constrained consensus 

problems. An unconstrained consensus problem is an alignment problem in which it is only 

necessary that the state of all agents asymptotically become equal. In a constrained consensus 

problem however, the state of all agents has to asymptotically becomes equal to a function �  (� is the vector of initial states). Constrained consensus problems are also called -

consensus problems. Solving the -consensus problem is a cooperative task, which means that 

all agents must be willingly sharing their states and following a common protocol that serves 

the group objective [28]. 
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4.4 Consensus in Undirected Networks 

From the definition of graph Laplacian, we know that all rows of  are sum to zero. 

Therefore,  always has a zero eigenvalue that corresponds to the eigenvector , since  

belongs to the null-space of . Therefore, an equilibrium of system (4.9) is a state in the form ∗ = � .  

It can be shown that for an undirected connected graph � the consensus protocol (4.9) 

converges to the consensus set (4.11) with a rate of convergence that is governed by � , the 

second smallest eigenvalue of graph Laplacian � �  which is also called “algebraic 

connectivity” of the graph .  

A necessary and sufficient condition for the consensus protocol (4.9) to converge to the 

agreement subspace (4.11) from any arbitrary initial states on an undirected graph �, is that � 

contains a spanning tree, or, � is connected [39]. For an undirected connected graph, the 

“collective decision” value i.e., the consensus value is equal to the average of the initial states 

of all nodes or [28]: 

= ∑ ,   (4.12) 

This consensus algorithm is also known as the “average consensus algorithm”, due to 

its invariant property.   

4.4.1 Consensus in Directed Networks 

For a weighted directed graph, the collective dynamics of a network of  integrator 

agents can be shown as: �̇ = −� � �   (4.13) 

It can be shown that the consensus algorithm (4.9) over a digraph reaches the average 

consensus value for every initial condition, if and only if the digraph is weakly connected and 

balanced. More precisely,  

• For any arbitrary initial states, a consensus will be reached asymptotically,  

• The algorithm solves the -consensus problem with � = ∑ � , ∑ =  

or, in other words, the group decision is = ∑ , ∑ = , and 

• If the digraph is balanced an average consensus will be asymptotically reached 

and is = ∑ , . 
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4.5 Consensus in Discrete-Time 

The discrete-time form of consensus algorithm (4.9) can be written as: 

+ , = , + � ∑ ( , − , )∈�  
(4.14) 

The collective dynamics of the network of agents will be: � + = ��  (4.15) 

where, � = � − ��, and is called Perron matrix of graph � with parameter �.   

It can be shown that when � is a strongly connected digraph with a maximum degree 

of � and < � < �⁄ : 

• Agents will reach a consensus asymptotically,   

• The group decision is = ∑ , , ∑ = , and 

• If the digraph is balanced (or  is doubly-stochastic) an average consensus will 

be asymptotically reached and = ∑ , . 

4.6 How Consensus Can Help with the Energy Management of PV+ESS? 

CLRPs need to individually manage their real power exchanges with the grid 

considering the voltage situation in the distribution system. 

Voltage is not a global quantity (global vs. local. For example, frequency is a global 

quantity because at steady-state, it is the same throughout the network), and neighboring nodes 

can be in quite different voltage situations. Voltage can be within acceptable limits at one node 

and transgressing the limits at the other one. Therefore, each prosumer must consider voltage 

at all nodes when managing electricity exchanges with the grid. Since prosumers cannot solve 

power flow equations, they will rely on voltage data they receive from neighboring prosumers. 

In other words, prosumers at each node must acquire information about voltage at other nodes, 

and then decide about the amount of real power exchanges with the grid such that voltage, not 

only at their PCC, but also throughout the whole distribution system remains within the 

acceptable range.  

One may assume that each prosumer can receive all nodal voltages and then, based on 

the analysis of the voltage situation, decide about the amount of real power exchange with the 

grid. This solution creates an accurate voltage map, and provides the prosumers with an insight 

into the voltage situation throughout the distribution system. However, we need to keep in mind 
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that prosumers are agents with limited computational, communications and sensing capabilities 

and, it may be impractical and inefficient for them to gather all nodal voltages and analyze 

them to create a voltage map. Especially, communication resources may become a binding 

limit in large-scale distribution systems with numerous nodes, and a significant span.  

In this Section, we introduce a unique global index that can reflect the overall voltage 

situation of the distribution system, and help the prosumers make energy management 

decisions.  

4.6.1   The Voltage Regulatory Index  

Average voltage deviation is used in [42] as a global reference signal fed to the local 

controllers that regulate reactive power output of DG inverters along a distribution feeder. The 

consensus value of average voltage deviation is the basis for agents’ decision about reactive 

power provision. A similar index can be used to reach a consensus about the average voltage 

situation in the distribution system.   

We define the voltage distance, � ,  at node  as the difference between the nodal 

voltage at that node, � , , and the maximum allowable voltage: � , = � − � ,  (4.16) 

The larger the voltage distance is, the less likely � ,  goes beyond �  due to the actions of 

prosumers. Note that we assume � ,  �   as we only focus on the voltage rise issue.  

Voltage distance at a single node may not be a good indication of the overall voltage 

situation. Instead, prosumer agents may calculate the average of voltage distances over all 

nodes to obtain more information about the voltage situation in the distribution system.  

Although, this index may not include all the information the agents need for making decisions 

about their real power exchanges with the grid, it gives them the capability of sensing the 

direction of voltage changes, and planning accordingly.   

The average voltage distance or AVD can be defined as follows: 

�̅  = ∑ ( � , )�
=  (4.17) 

 

The prosumer agents need to determine the value of AVD. A closer look at (4.12) can show us 

that �̅  can potentially be the consensus value. If the graph representing the communication 
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network meets the conditions described in Section 5.4.1, then the agents will asymptotically 

reach an average consensus on voltage deviation, and the consensus value will be as expressed 

in (4.17). 

We assume that the topology of the communication network is the same as that of the 

electric distribution system. Distribution systems operate radially and therefore, their 

associated graph is a tree, which is inherently a connected graph. Also, if we assume there are 

two-way communication links between each two neighboring nodes, then for each vertex the 

in-degree and out-degree will be equal and the digraph is balanced. Considering these 

assumptions, we can ensure that by following the consensus algorithm (4.14), agents can 

asymptotically reach a consensus about AVD [43].  

To find AVD, prosumer agent  in the distribution system  

1) Measures � ,  at the PCC with the grid, 

2) Communicates with neighboring agents to send � ,  to them, and receive � , , ∈  �  from them,  

3) Updates its state per (4.14), 

4) Continues step 3 until agents reach a consensus on AVD in the distribution 

system. 

Knowing AVD alone, cannot provide enough information to determine the exact 

relationship between voltage fluctuations and real power variations. However, if operating 

conditions do not vary drastically, agents will eventually learn to associate an AVD to a 

particular voltage situation. In this work, we assume that agents use the following constraint to 

react to AVD:  ,
 (4.18) 

where 
,

 and changes according to:  

, = {− . �, , �̅ ∈  �              , �̅ ∈  ℋ  (4.19) 

where, � and ℋ are the Normal and High voltage regions, and are defined as: 

• Region �: when �Δ� < �̅ < Δ�, agents will assume that voltage is normal 

throughout the distribution system, and they will not change their limits on net 

injection into the grid.  

• Region ℋ: when < �̅ < �Δ�, agents will assume that voltage is high and 

stop injecting power into to grid for the next time interval. 
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Δ� =  � − � , and �  is the nominal system voltage that is 1 per unit. � ∈ ,  is a 

scalar that determines the size of voltage regions. For example, when � = ⁄  it means the 

size of Region ℋ is half of the size of Region �.  Figure 4.1 illustrates how agents interpret 

AVD.   

In the definition of voltage regions, we assume that voltage never goes beyond 

acceptable limits, because if that is the case, all PV+ESSs will face curtailment.  

Proper selection of � is important for the voltage regulatory mechanism to be 

successful. If � is too large, the size of Region ℋ will be too large as well, and the CLRPs will 

avoid injecting electricity into the distribution system while it is safe to do so. On the other 

hand, if � is too small, chances are CLRPs underestimate the probability of an overvoltage and 

continue injecting electricity into the system and eventually face curtailment. We assume that 

the operating conditions do not vary very significantly, and therefore, agents can decide about 

the value of � based on their previous experiences with AVD.  

 

(a) 

 

(b) 

Figure 4.1 Voltage Regions: (a) Normal (b) High 

 

(b) 
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In the next Chapter we will add the consensus-based voltage regulatory mechanism 

proposed in this Chapter to PSSP to develop an EMS equipped with a dynamic voltage rise 

mitigation mechanism.  
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5CHAPTER 5 

ENERGY MANAGEMENT OF PROSUMERS WITH PV+ESS: CONSENSUS-BASED 

VOLTAGE REGULATION 

This Chapter uses the consensus-based voltage regulatory mechanism developed in 

Chapter 4 to modify the energy management scheme presented in Chapter 3, and improve its 

performance in terms of voltage regulation. 

Simulation results of PSSP in Chapter 3 proved that a fixed cap on net real power 

exchanges with the grid might not be sufficient for proper voltage regulation, and therefore, 

prosumers might still cause voltage violations in the distribution systems and get curtailed. 

However, the PSSP formulation is a good starting point for estimating the size of ES and its 

initial scheduling. Therefore, in this Chapter, we assume that CLRPs will be using PSSP 

formulation to determine the size and initial daily schedules of their PV+ESS. In other words, 

CLRPs will be deploying PSSP as a planning tool.  

In this Chapter, we develop a pseudo-real-time scheduling formulation, which basically 

modifies PSSP to accommodate the consensus-based voltage regulatory mechanism introduced 

in Chapter 4. This pseudo-real-time formulation uses the PSSP solution as an initial point and 

as the agents obtain more information about the voltage situation in the distribution system, it 

updates the cap on net real power exchanges with the grid, and re-calculate the solution to 

obtain the new schedules of PV+ESS. 

5.1 Pseudo-Real-Time Scheduling Problem 

The formulation of the pseudo-real-time scheduling problem (PRSP) is very similar to 

that of PSSP. The two major differences between PSSP and PRSP are: 

• PSSP calculates the size and schedules of ES, while PRSP only schedules ES. 

• PSSP uses a fixed cap on net real power exchanges with the grid for regulating 

the voltage, while PRSP dynamically changes this cap for enhanced voltage 

regulation.   

For convenience, we repeat the Equations derived in Chapters 3 and 4 to show the 

framework of PRSP: 
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�i�� = ∑[  � + Δ �]�
=      (3.1) 

� = �,
     (3.3) � = [ , , … , � ]  (3.4) 

 =  � −  � +  �+ −  �−     (3.5) 

 �−.  �+ =  (3.6) 

� = −� + � −  �+ − −  �−�  
(3.7) 

� � � �  (3.8) 

�  �+ ��  
(3.9-a) 

 �−� ��  
(3.9-b) 

Δ � = � − −� = − �� −  �−  
   (3.15) 

 ,
 (4.18) 

, = {− . �, , �̅ ∈  �              , �̅ ∈  ℋ  (4.19) 

where �̅  is a value that CLRP agents reach a consensus about it.  

As PRSP is a scheduling-only problem, �,  is known and adopted from the solution 

to PSSP. Net real power exchanges are the only decision variables to be determined. Note that, 

as shown in (3.5), when net exchanges,   is known, the charge/discharge rate of ES 

 �+/  �−will be known as well. Thus, either   or  �+/  �− can be chosen as decision 

variables. For the sake of simplicity, we chose  . 

Both PSSP and PRSP are multi-period optimization problems with hourly time steps 

that need to be solved over the planning horizon . However, unlike PSSP, PRSP cannot be 

solved as a whole over the entire planning horizon, because the voltage situation must be 

updated intra-hourly, so that the voltage regulatory mechanism of (4.18) and (4.19) becomes 

effective. Next Section will present an algorithm for solving PRSP.  
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5.2 Solution Algorithm of PRSP 

PRSP needs to be solved at each time step individually so that the intra-hourly voltage 

regulatory mechanism can become effective and agents can update their upcoming schedules 

for their PV+ESS based on the pseudo-real time voltage situation. However, Equations (3.7) 

and (3.15) create an interdependence between consecutive time steps. These inter-temporal 

make it impossible to solve the optimization problem in separate time step.  

Reference [26] has addressed the issue of multi-step distributed optimization with inter-

temporal constraints. The authors have used a horizon of multiple time steps in the future 

concurrently to include the inter-temporal constraints. The problem is first solved over a 

planning horizon of length  and then, the solution to the first time step is used to update the 

 

Figure 5.1 Shrinking planning horizon 

 

Figure 5.2 Convergence to the consensus value 
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inter-temporal constraints. After this, the panning window moves one step forward and the 

optimization horizon starts from the second time step. The size of the planning horizon  

remains constant, and the planning window moves forward.  

Here, instead of using a moving planning horizon, we introduce the shrinking planning 

horizon to reduce the computational burden. The algorithm is described below  

1) For the first time interval (  =  ) stick to the solution of PSSP.  In other words, 

the PSSP solution at =  will be the schedule each agents use for their 

PV+ESS. 

2) Close to the end of the time interval and before the next scheduling period starts, 

agents communicate with their neighbors and exchange their measured � s and 

update their states based on the dynamics shown in (4.14). After agents reach a 

consensus about the voltage situation in the distribution system, that is 

asymptotically converging to the unique consensus value �̅  (AVD) they will 

update the cap on net real power exchanges with the grid for the next time step, + ,  ,  as shown in (4.19).    

3) Planning horizon will be reduced to the remaining hours ahead (  = , , … , ), and agents solves PRSP over the shrunken planning horizon ′ =, , … , ′ , ′ = −  with updated voltage regulating constraint (4.18).  Note 

that initial conditions of ESS capacity and energy will be updated such that ′� = �and ′� =  �. This means that the effective capacity and available 

energy of ES at the beginning of each time interval are equal to those of the end 

of the previous time interval. These recursive initial conditions, ensure that 

PRSP preserves the dynamic nature of ES. Figure 5.1 shows how the planning 

horizon shrinks and initial conditions are transferred from previous time step to 

current one. 

4) Steps 3 and 4 continue until the end of the planning horizon.  

5.3 Simulation Results 

In this Section we test the PRSP formulation on the same test system introduced in 

Chapter 4. Also, we assume that in the solution algorithm of PRSP, agents will use the solution 

of PSSP presented in Chapter 3.  

In PRSP, customers start off with the results of PSSP stage. Then, for the next hours 

ahead they communicate with each other to reach a consensus about AVD in the distribution 

system, and manage their net power purchases accordingly. Therefore, for  =   PRSP and 

PSSP are the same. From Figure 3.2, we can see that the maximum degree of digraph � =  

and hence � <  ⁄ . For � = . , Figure 5.2-Figure 5.6 show the simulation results for the 

PRSP case. For illustration, Figure 5.2 shows how agents reach a consensus about AVD at the 
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end of first time step (  =  ). The convergence time is about 0.04 s which is significantly 

smaller than the duration of scheduling time step (1h). Compared to the PSSP case, customers 

1-4 keep their feed-in level at 70% of installed PV capacity only for hours 16 and 19 ( 

Figure 5.5), which clearly shows how cautious agents become when voltage starts 

raising. As Figure 5.6 shows, in this case, no overvoltage happens in the distribution system 

over the entire planning horizon. Selection of � plays a significant role in the voltage regulation 

process. There is a trade-off between voltage regulation capability and economic benefits. 

Smaller �s may lead to poor voltage regulation, while larger � brings less financial benefits. 

Proper selection of � can happen through learning, assuming that operating conditions of the 

distribution system do not change drastically over time. 

5.4 Economic Analysis  

Although ES can mitigate the overvoltage along the distribution feeder, if it is not 

economically beneficial for the prosumers, they will not be incentivized to buy and use the ES. 

Therefore, a thorough economic analysis is necessary to determine the actual value of ES.  

5.4.1 24-Hour Planning Horizon 

Table 5.1 Economic analysis for a 24-hour planning horizon shows the daily electricity 

bill of customers 1-4 for four different cases: No ES, PSSP, PRSP with � = 0.431 and PRSP 

with � =  0.336. For the no ES and PSSP cases, if voltage goes above 1.058 p.u. all PV nodes 

(PV only and PV+ES nodes) will shut down their PV systems.  Selection of � has a significant 

impact on the profitability of ESS. PRSP with � =   has the smallest total electricity costs 

Table 5.1 Economic analysis for a 24-hour planning horizon 

Case Bill [$] Degradation 

[$] 

Total [$] Savings on bill [$] 

Customer 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 

w/o ESS 116 132 140 163 0 0 0 0 116 132 140 163 0 0 0 0 

PSSP  67 71 75 87 42 48 50 59 104 118 125 146 54 61 65 76 

α = 0.431  36 40 43 50 21 24 26 30 57 65 68 80 81 92 97 113 

α = 0.336  18 20 22 25 28 32 34 40 46 53 56 65 98 112 118 138 
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among all cases. Also, all the cases with ES have less total electricity costs compared to case 

without ES. ES technology is not cheap, customers 1-4 have paid $284400, $322320, $341520, 

and $398040 to purchase and install their ES. Although cost savings on the customers' 

electricity bills sound significant, ES is subject to degradation and has a limited lifetime. In the 

following section, we determine the lifetime of ESSs and run an economic assessment to see 

whether or not ES technology is justifiable for customers.  

 

Figure 5.3 Effective capacity of ES 

 

Figure 5.4 Energy content of ES 
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5.4.2 Yearly Planning Horizon 

To determine the lifetime of ES, we use the method proposed in [29]. In this approach, 

the PRSP problem is solved iteratively, until the ES dies. In each iteration, initial condition 

(3.3) is updated such that the nominal capacity, �, , is equal to the effective capacity at the 

end of the previous day; i.e., � of the previous iteration. ES is considered to be dead when the 

effective capacity reaches 60 % of the installed capacity. Figure 5.7 shows how ESSs degrade 

in time. The lifetime of all ES is calculated to be 12 years. Figure 5.8 shows how yearly savings 

 

Figure 5.5 Net real power exchange with the distribution system 

 

Figure 5.6 Daily voltage profile in PRSP 
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on the electricity bill change cost over the lifetime of each ES. Considering the interest rate of 

0.5%, we can calculate that customers 1-4 will respectively obtain $11600, $13152, $13858, 

$16536 of financial benefit if they install ES.   

 

  

 

Figure 5.7 ES capacity degradation over lifetime 

 

Figure 5.8 CLRPs’ annual savings on electricity bill 
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6CHAPTER 6 

RESILIENCE IN DISTRIBUTION SYSTEMS: A BACKGROUND 

Natural disasters and acts of sabotage pose significant threats to human societies. Due 

to the negative impacts of these events on public well-being, economic prosperity, and national 

security, governments are obliged to make communities more disaster resilient [44], [45] 

The overall resilience of a community is highly dependent on the resilience of its critical 

infrastructures including public health, electric power, water supply, telecommunication, and 

transportation systems. These systems fall under the umbrella term of lifeline networks [46]. 

Proper function of electric power distribution systems as a critical lifeline network is 

essential to the resilience of a community. This especially becomes more significant when we 

consider the interdependencies and interconnectedness of infrastructure systems [44]. Almost 

all infrastructure systems rely on electricity to maintain their functionality, and therefore, the 

failure of electric power distribution system may have significant social and economic 

ramifications.  

At first glance, resilience may be deemed as an intuitive concept. However, quantitative 

assessment of resilience is crucial for identifying vulnerabilities of critical infrastructures and 

disaster preparedness planning. 

This Chapter reviews the-state-of-the-art literature on resilience measurement of 

lifeline networks especially electricity grid 

6.1 Survey on Resilience Assessment of Infrastructure Systems   

Quantifying resilience is a challenging task. Several studies have proposed quantitative 

and semi-quantitative, and conceptual measures to assess the resilience of different 

infrastructures. Most of these studies focus on vulnerability and resilience of municipal 

structures in the aftermath of disastrous events, especially earthquakes. Regardless of the type 

of the infrastructure under assessment, these methods assess the resilience from two major 

perspectives: socio-economic [47]- [48] and engineering [49]- [50] 

6.1.1 Socio-Economic Resilience Assessment  

Social and economic resilience assessment belongs to evaluate the response of an 

economy or a human society to a major shock. 
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Reference [47] develops a framework named disaster resilience of place (DROP) for 

assessing the social resilience of a community to rapid onset natural hazards. The resilience 

assessment algorithm starts with of antecedent conditions which are a series of place-specific 

mutliscalar processes that occur within and between social, natural and built environments of 

a community. These conditions are comprised of both inherent vulnerability and inherent 

resilience which are assumed to be neither mutually inclusive nor exclusive (but not 

oppositional).   

The immediate effects of a disaster is the product of interaction between antecedent 

conditions and the hazard event characteristics that include frequency, duration, intensity, 

magnitude, and rate of onset and depend on the type of hazard and the location of study. The 

presence or absence of mitigating actions and coping responses in the community which 

themselves are dependent on the antecedent conditions can exacerbate or alleviate the 

immediate effects of the disaster.  

The overall impact of a hazard is determined after the coping responses are implanted. 

Obviously, coping responses moderate the total impact of a hazard, preventing the community 

from exceeding its absorptive capacity, and leading to a high degree of recovery. The 

absorptive capacity is defined the ability of a community to absorb the impacts of an event.  If 

a community’s absorptive capacity is not exceeded, higher rates of the recovery are reached 

quickly. If the absorptive capacity is exceeded and the adaptive resilience process does not 

occur, a lower degree of recovery may be achieved.  

References [51] and [52] provide a framework for measuring economic resilience of a 

community to disasters. Static economic resilience is defined as the capacity of a system to 

absorb or cushion against damage or loss. Considering the dynamic factors, including stability, 

the definition of economic resilience changes to the ability of a system to recover from a sever 

shock. The framework considers two types of resilience: inherent, that is the ability under 

normal conditions; and adaptive, that is the ability in crisis. Also, it assumes that resilience 

exists in three levels: micro-economic, consisting of individual behavior of firms, households 

or organization; meso-economic, comprising of economic sector, individual market or 

cooperative group; and macro-economic, including all individual units and markets combined.  

Computational general equilibrium model or (CGE) is used to incorporate micro, meso 

and macro levels of the economy into the framework for analyzing resilience. CGE provides a 
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multi-layered multi-tiered production function for capital, labor, energy and materials sectors 

which can be used for analyzing behavioral response to input shortages and changing markets.   

Inherent resilience presents in the production function of individual businesses and in 

the combination of producers, consumers, and markets. Adaptive resilience is measured by 

changes in the parameters of the production function. Production function parameters are 

applied to various types of producer adaptations in emergencies, developing algorithms for 

recalibrating production functions to empirical or simulation data, and decomposing partial and 

general equilibrium responses. 

Reference [48] analyzes the economic resilience of a regional socio-economic system 

from an evolutionary perspective. The authors argue that equilibrist definitions, that restrict the 

resilience to the ability of a system to either return to the pre-disaster equilibrium or to move 

quickly to a new equilibrium, may not be suitable to describe the resilience of a regional 

economy. They state that the issue with equilibrist definitions is that if regional economic 

resilience is defined in terms of the ability of a regional economy to retain its equilibrium 

following a major shock, then the notion of resilience will be in flat contradiction with the 

concept of regional economic evolution. In other words, equilibrist definitions imply that the 

more resilient is a regional economy, the less it would change over time, even when it is 

exposed to various shocks.  

Instead, an evolutionary approach towards resilience is developed which interprets the 

resilience of a regional economy in terms of how it adapts its structure and function in response 

to disastrous events. It is argued that a regional economy shows the characteristics of a complex 

adaptive system with emergent patterns of behavior and organization. The ecological model of 

adaptive cycles from panarchy theory is used to assess the economic resilience of such adaptive 

systems. The panarchy theory distinguishes four phases of continual adjustment in ecological 

systems that are: reorganization phase, exploitation phase, release phase, and conservation 

phase.  

The adaptive cycle associated with a regional economy may have two loops: one 

relating to the emergence, development and stabilization of a particular economic structure and 

growth path (exploitation to conservation), and another related to the eventual rigidification 

and decline of that structure and growth path and the opening up of new potential types of 
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activity and growth sources for exploitation (release and reorganization). The transition 

between these phases are explained below: 

In the exploitation phase, regional growth develops and productive, human and 

knowledge capital are accumulated as new local industries exploit comparative advantages and 

various external economies of localization. But as the economy continues to grow, the 

connectedness between the components of it starts to increase, and the pattern of development 

becomes increasingly rigid, which implies that its resilience to hazards declines and loss of 

growth momentum are likely to follow. Firms shut down or move out of the region, the degree 

of connectedness decreases and accumulation of localization economies lose their impact. Old 

patterns of production and institutional form resolve and resources are released. This creates 

the possibility for a second release–reorganization loop, characterized by innovation, 

experimentation and restructuring, as new types of activity begin to emerge. Connectedness is 

low, the potential for the creation of new paths high, the trajectories of development open, and 

thus resilience high. As the particular forms of new activity and new technologies are exploited, 

new comparative advantages develop and a new round of regional growth and accumulation is 

set in motion.  

Reference [53] develops a framework to quantitatively assess the economic resilience 

of an infrastructure systems to a major disruptive event. The resilience is defined as the “ability 

to reduce efficiently both the magnitude and duration of the deviation from targeted system 

performance levels”. The authors define the resilience cost that can be quantified based on the 

measurement of two components of system resilience: system impact (SI) and total recovery 

effort (TRE). SI is the impact that a disruption has on the system productivity and is measured 

as the difference between a targeted system performance level (TSP) and the actual 

performance level (SP). TRE is the efficiency with which the system restores from the 

disruption and is measured as the amount of resources expended during the restoration process.  

This framework defines three fundamental capacities to describe the how the 

characteristics of infrastructure system affect the resilience, specifically by decreasing SI and 

TRE. These capacities include: absorptive capacity, adaptive capacity, and restorative capacity. 

Absorptive capacity which is an endogenous quality of an infrastructure system is the defined 

as degree to which a system can absorb the impacts of a disaster and minimize the ramification 

with minimal effort. Adaptive capacity is the degree to which the system can self-organize to 
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recover its performance level. Restorative capacity is the ability to self-repair easily. The 

repairs are deemed to be dynamic. 

6.1.2 Engineering Resilience Assessment 

Engineering resilience assessment mainly focuses on the physical characteristics of 

infrastructure systems in the aftermath of a major shock. 

Reference [49] develops a Monte Carlo-based stochastic simulation framework to 

evaluate the resilience of a water distribution system. Authors relate the resilience of the system 

to the notion of reliability and use reliability terminology to describe the functionality of the 

system.  

The framework consists of four components: 1) random generation of water demands 

and pipe faults; 2) identification of outage areas based on the locations of valves; 3) extended 

period hydraulic simulation with regular and adapted pump operations to determine nodal 

pressures; and (4) determining the availability of the system and individual nodes. 

Pipe Failures are described by Poisson process in which discrete events occur 

independently and continuously in time. Demand uncertainty is modeled using normal 

distribution. Graph theory and depth-first search method is used to determine which valve must 

be closed to isolate the fault. Then, a graph connectivity algorithm is applied to reconfigure the 

system and bring water back to outage areas. Availability which is defined as the percentage 

of water supplied to customers over a system failure period is the measure of resilience in this 

work. 

There is a class of engineering resilient assessment methods which are mainly on the 

general framework Bruneau et al. developed in [54]. According to [54]. 

“Resilience is defined as a function indicating the capability to sustain a level of 

functionality or performance for structures, lifeline networks, or communities, over a 

period defined as the control time that is usually decided by owners, or society”. 
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This approach assumes that at any given time, the actual performance of any system 

can be measured using a multidimensional space of functionality measures. Performance is 

dynamic and changes over time. Changes in system performance can be gradual or abrupt. 

Disastrous events create sudden abrupt changes in the functionality of a system leading to total 

loss of performance or significant reduction in it. 

Performance is measured by a function , quality of infrastructure, which varies 

with time. It can range from 0 to 100 percent, where 100% means no loss of performance and 

0% means performance is completely lost.  

Figure 6.1 shows an example of how performance (quality of infrastructure) changes 

when a disastrous event happens. If a disaster occurs at time  , it causes some damage to the 

infrastructure such that the quality of the infrastructure falls rapidly. Restoration of the 

infrastructure is expected to occur over time, until time  when it is completely repaired and 

the quality goes back to 100% [54]. 

Loss of resilience can be measured by the size of degradation in quality over time. 

Mathematically, it can be written as: 

= ∫ [ − ]  (7.1)    

 

Figure 6.1 Change of performance  

 



58 

 

Also, this method further breaks down resilience into four dimensions which are 

adopted from MCEER (Multidisciplinary Center of Earthquake Engineering to Extreme Event) 

terminology (see Figure 6.2). These dimensions are defined as follows [54], [55]:  

• Rapidity that is defined as the capability to meet priorities and achieve goals in 

a timely manner to reduce interruption period in service provision and avoid 

future disruption. 

• Robustness that is defined as the system ability to withstand a given level of 

shock/stress without service interruption.  

• Redundancy that is defined as the availability of alternative resources in case of 

failure in some elements in a system.  

• Resourcefulness that is simply defined as ability of alternative resources to take 

care of responsibility of failed main components. In other words, is the system 

able to regain the pre-event functionality of the system using alternative ways? 

Reference [55] uses the framework developed in [54] to quantitatively measure the four 

dimensions of resilience for a typical Californian hospital building. The authors define the 

quality function  as: = [ − , ][ − − − ] , ,  (7.2) 

where  is the loss function,  is the intensity of the shock or hazard,  is the recovery time 

which is defined as = − ,  is the step function and,  is the recovery function. 

 

Figure 6.2 Dimensions of resilience  

 



59 

 

Resilience,  is defined as:  

=  ∫ +
 (7.3) 

where  is the control time. 

The four dimensions of resilience are then defined as follows: 

Rapidity =            
(7.4) 

which indicates that rapidity is the slope of quality function. 

Robustness = − ̃ �, ��       (7.5) 

where, ̃ is the loss of functionality right after the event and is expressed as a random variable 

with mean and standard deviation of � and �� respectively.  

Redundancy is the availability of alternate resources and routes and depends on the 

structure of the system under study. Authors do not describe the redundancy by an explicit 

mathematical function as redundancy varies widely with the system structure and can take 

different forms. For example, in a networked system, it can be measured by connectivity 

criteria, where in a single-bus system it can be measured by the reserve capacity or supply.  

Resourcefulness is very difficult to quantify as it mainly depends on human skills and 

improvisation in case of an emergency event.  

Redundancy and resourcefulness greatly affect the shape and slope of the recovery 

curve (the curve between  and  in Figure 6.1) 

Reference [50] develops a framework for resilient assessment of interdependent 

networked systems. The authors use (7.3) to define the resilience of each subsystem, then 

assume that the total resilience of the entire infrastructure would be a function of the resilience 

of individual subsystems: = , , . .  (7.6) 

Rapidity and robustness are indirectly embedded in (7.6).  

Leontief input-output economic framework is used to model the interdependence 

between the various interconnected subsystems of the infrastructure. This model is built upon 

post-event in-situ empirical data.  
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The authors then use the developed model to analyze the contribution of electric power 

distribution system to the overall resilience of a civil infrastructure in the aftermath of 

Hurricane Katrina as other subsystems including (telecommunication, transportation, etc.) 

highly rely on power distribution system.  

6.1.3 Observations 

The review of literature on resilience assessment shows that socio-economic 

frameworks are mostly based on semi-quantitative and qualitative measures of resilience and 

equilibrist methods are by far the most popular approach to socio-economic resilience analysis.  

Engineering resilience assessment methods on the other hand, mostly focus on the 

physical capabilities and characteristics of infrastructure systems and are more qualitative. The 

method proposed in  [54] and its variants are the most popular approach to engineering resilient 

analysis.  
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7CHAPTER 7 

EMERGENCY ENERGY MANAGEMENT OF A DISTRIBUTION SYSTEM 

If the functionality of the electric power distribution system in a civil infrastructure 

declines the overall resilience of the entire infrastructure suffers, and the negative consequence 

of loss of electricity propagates rapidly in the community. Therefore, it is necessary for the 

DSO to restore or recover the electricity supply fully (or if not possible, partially) in the affected 

areas of the system. In the aftermath of a disaster, parts of distribution systems may incur some 

degree of damage. We can analyze the restoration process in two different time-frames 

• Short-term: This phase starts right after the disastrous event. The goal of short-

term restorative operation is to recover electricity as much as possible through 

immediate use of restorative capacities.  

• Long-term: This phase starts when the impacts of initial shock fade away and 

the conditions are less urgent. The goal of this long-term phase to repair 

damages to the physical structure of distribution system.  

In this dissertation, we focus on the first phase which involves immediate actions taken 

to bring the functionality of the distribution system back to 100% or, to the maximum 

functionality possible. Therefore, we only assess the short-term resilience of a distribution 

system and do not consider long-term repairs that may be necessary to bring the system back 

to its pre-event conditions.  

To measure the resilience, we first need to develop a restoration tool for the distribution 

system to emulate the system's recovery path. This involves developing what we call an 

emergency energy management system. In the next Section we develop a simple emergency 

energy management system (EEMS) and show how it functions in conjunction with normal 

EMS (NEMS).  Then, with an example, we show how a joint NEMS+EEMS can enhance the 

preparedness of DSO in case of emergency [56].  

7.1 NEMS 

Under normal operating conditions, the objective of energy management is to minimize 

generation cost, ( )  

�i� = ∑ ( �)  �
=  (7.7) 
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where 
�

is the real power generation at node  of distribution system. Note, we assume that 

the distribution system may contain DER, at any node. .  is the generation cost function at 

node  which is assumed to be a quadratic function in the form of  

 
� = ( �) + � +      (7.8) 

Objective function (7.7) is subject to the following constraints: 

Branch flow limits: | |  (7.9-a) 

where  is the branch  flow and can be calculated as follows: 

= √ +  
(7.9-b) 

and = � − � � [ c�s − si� ] (7.9-c) = − � + � � [ c�s − si� ] (7.9-d) �  and  are nodal voltage magnitude and angle respectively. = − .  is the -th 

element of conductance matrix that is the real part of network's admittance matrix.  is the 

-th element of susceptance matrix that is the imaginary part of network's admittance. Note 

that distribution branches are modeled as short lines which do not include shut conductance 

and susceptance elements.    

Real and reactive power balance:  

� − = ∑�
=  (7.10) 

� − = ∑�
=  (7.11) 

where   and  are nodal real and reactive power demand. 
�

 is the reactive power 

generation at node . 

Voltage limits: 
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� � �   (7.12) 

Generation limits: 

�, � �,
 (7.13) �, � �,
 (7.14) 

7.2 EEMS 

Disastrous events, especially natural hazards are random in nature and DSO cannot tell 

for sure when and where the hazard may strike and how much damage it may cause to the 

distribution system. Hence, EEMS must consider this uncertainty in energy management 

scheme. In this Section, we assume that DSO can identify the most disastrous events and their 

probability of occurrence based on available historical data.  

EEMS has a similar formulation to NEMS, but is stochastic and scenario-dependent. 

Also, it follows a different objective. When a contingency occurs in the distribution system, 

the objective is to minimize the amount of load shedding, or load not served.  

�i� = ∑ � � ∑ � , ,�
=∈Ωs   (7.15) 

where , ,
 is the load shedding at node  under scenario . �  is the weighting factor that 

indicates how critical the load at node  is. �  is the probability of scenario  and �  is the 

duration of scenario . Ω  is the set of all possible scenarios.  

Under emergency conditions, the technical constraints change accordingly: 

Branch flow limits: | , | − , , ,  (7.16-a) 

where ,  is a binary variable determining whether or not node  is affected in scenario . 

Branch  is functioning only and only if the two end nodes of it are “healthy” and unaffected 

(i.e., , = ). Also, it is possible that the end nodes are healthy but the event has affected the 

branch  itself. Coefficient ,  can model this situation. It is a scalar between 0 and 1, where 

0 indicates branch   is intact and 1 means the branch is completely lost.  

Similar to NEMS,  
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, = √ , + ,  
(7.16-b) 

and 

, = � − � � [ c�s − si� ] (7.16-c) 

, = − � + � � [ c�s − si� ] (7.16-d) 

 

Real and reactive power balance 

,� − , + , , = ∑ ,�
=     (7.17) 

,� − , + ,, = ∑ ,�
=      (7.18) 

 

Voltage limits: � � , �  (7.19) 

Generator limits: 

�, ,� − , , �,
 (7.20) �, ,� − , , �,
 (7.21) 

,  is a scalar between 0 and 1 and reflects the reduction in generation capacity of node  in 

scenario , where 1 means complete loss of generation capacity. If the node  is affected, the 

generation capacity connected to it may or may not be affected. This is determined by the value 

of  , . 

Load shedding limits: 

, , ,  (7.22) 

,, ,  (7.23) 

where ,, = , , ,,  which means that load power factor is kept constant.  

The amount of load shed at each node is limited to the amount of load connected to that node. 

Note that we assume partial load shedding is possible.  
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The joint EMS (NEMS+EEMS) minimizes the overall objective, , which is defined 

as the total cost of operation in normal and contingency conditions. = +  (7.24) 

where  is load shedding penalty factor.  

7.3 NEMS+EEMS: An Example 

In this Section, we conduct a case study to show how the joint NEMS+EEMS performs 

under emergency conditions. The test system is IEEE 33-bus test feeder shown in Figure 7.1 

modified to include DER and flexible (demand responsive loads) .  

We assume that the distribution feeder is in an area prone to natural disasters. 

Simulation assumptions are as followed: 

• DER penetration is 34.6% of feeder's total apparent power. Table 7.1 shows the 

capacity of each DER. 

• Generation cost function coefficients ( , , ) at each DER bus as well as the 

substation are shown in Table 7.2. 

• Loads are divided into three categories: Non-critical non-flexible, non-critical 

flexible, and critical. Table 7.1 shows the weighting factor for each critical load.   

• Natural disasters tend to affect the upstream feeder more than downstream 

feeder.  

 

Figure 7.1 IEEE 33-bus test feeder 
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• We identify four most probable contingency scenarios, (   ). Table 7.3 the 

characteristics of each scenario. If the disaster affects a bus, DER connected to 

it cannot generate any power ( , =100%). Also the capacities of all distribution 

branches in an affected area decrease by the same factor (same ,  for all 

affected branches). In Scenario II, node 1 and the substation are involved, and 

the substation capacity decreases by 70%.     

• DERs are not capable of black-start, and DSO cannot reconfigure the 

distribution system. That is why we do not consider total loss of a branch 

( ,  = 100%), as it would lead to the obvious result of load shedding in the 

network downstream of the lost branch.  

7.3.1 Semi-Manual Restoration 

In the first case study, we assume that following each contingency, a human operator 

takes corrective actions to restore electricity in affected areas. The operator runs a simple 

optimization program to determine what corrective actions to take. The objective of 

optimization is to minimize load shedding cost, subject to system technical constraints. In this 

Table 7.1 DER and critical load data 

DER 
Location 5, 7, 9, 11, 13, 17, 20, 22, 24,26, 29, 31 

Capacity (kW) 67, 224, 63, 54, 69, 63, 98, 98, 47, 65, 139, 166 

Critical Loads 
Location 7, 10, 14 ,24, 25, 32 �   0.06, 0.07, 0.1, 0.20, 0.15, 0.20 

 

Table 7.2 Cost coefficients 

Node 5, 7, 9 11, 13, 17 20, 22, 24 26, 29 31 1 

($/MWh2) 0.04 0.015 0.035 0.04 0.03 0.02 

($/MWh) 4 1.5 3.5 4 3 2 

($/h) 0 0 0 0 0 0 

 

Table 7.3 Scenarios 

Scenario Node �,  (%) �,  (%) ��,  (%) �� ��(h) �   3-5, 23 0 100 70 0.4 8 �   1,2, 19 70 100 70 0.3 4 �   5-12, 26 0 100 60 0.2 10 �   14-18, 30-33 0 100 80 0.1 8 
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case, DSO is not prepared for the contingency scenario and takes actions only when the 

contingency actually occurs. Semi-manual restoration case assumes that: 

• DERs only operate at unity power factor 

• DSO cannot distinguish between non-critical non-flexible and non-critical 

flexible loads, and hence assumes the same weighting factors for all non-critical 

loads (that is 0.008148). Note that weighting factors are chosen such that their 

summation is equal to 1.  

The above assumptions are valid because DSO is not prepared for an emergency 

condition. Since contingencies are not anticipated, DSO must take the most appropriate actions 

on very short notice. Hence the restoration plan must be as simple as possible. . shows the 

corrective actions DSO takes in each scenario. The last column of the Table shows the 

restoration cost per scenario. The second scenario, , which affects buses 1, 2 and 19, as well 

as the substation, is the most disastrous contingency and requires a significant amount of load 

shedding. Considering the probability of each scenario, total restoration cost in the semi-

manual case will be $31. 

7.3.2 Automated Restoration 

In the second case study, we assume that the distribution DSO uses joint 

NEMS+EEMS.  DSO predicts the contingency scenarios,  −  even when the system is 

operating under normal conditions. Therefore, at any moment of operation, DSO has backup 

plans. This adds a level of preparedness to the system.  

The automated restoration plan: 

• Allows DERs to change their power factors between 0.9 to 1 (lagging or 

leading) 

• Assumes that non-critical non-flexible have weighting factors of 0.01, while 

non-critical flexible loads have weighting factors of 0.005.  

Therefore, the automated restoration plan is more flexible. At first glance, this degree of 

flexibility may not seem to be very significant. However, the simulation results summarized in 

Table 7.1show how this degree of flexibility can contribute to the success of the restorative 

operation. If we compare Table 7.4 with Table 7.1, we can see that the total amount of shed 

load and restoration costs are much lower in this case. Considering the probabilities of 
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scenarios, total restoration cost in this case will be $17, which is much lower than that of semi-

manual case. 

Table 7.4 Simulation results for semi-manual plan 

Gen. �  �  �  �  

Node P Q P Q P Q P Q 

5 0 0 67 0 0 0 41 0 

7 224 0 224 0 0 0 181 0 

9 63 0 63 0 0 0 43 0 

11 54 0 54 0 0 0 37 0 

13 69 0 69 0 69 0 52 0 

17 63 0 63 0 63 0 0 0 

20 98 0 98 0 98 0 54 0 

22 98 0 98 0 98 0 54 0 

24 465 0 465 0 465 0 386 0 

26 65 0 65 0 0 0 42 0 

29 139 0 139 0 139 0 109 0 

31 166 0 166 0 166 0 0 0 

Sub. 1680 1496 656 1005 2624 2088 2839 2394 

LS �  �  �  �  

2 0 0 100 60 0 0 0 0 

3 0 0 90 40 0 0 0 0 

4 96 64 120 80 0 0 0 0 

5 0 0 60 30 0 0 0 0 

8 0 0 200 100 0 0 0 0 

11 45 30 45 30 0 0 0 0 

12 60 35 60 35 0 0 0 0 

13 60 35 60 35 0 0 0 0 

18 0 0 90 40 0 0 0 0 

19 0 0 0 0 0 0 0 0 

20 0 0 0 0 0 0 0 0 

21 0 0 46 20 0 0 0 0 

22 0 0 8 3 0 0 0 0 

23 47 26 90 50 0 0 0 0 

26 0 0 0 0 0 0 0 0 

27 0 0 0 0 0 0 0 0 

29 0 0 120 70 0 0 0 0 

30 200 600 200 600 94 282 0 0 

31 0 0 150 70 0 0 0 0 

33 60 40 60 40 0 0 0 0 

ΣLS 568 830 1499 1304 94 282 0 0 

ΣCost [$] 37 48.8 7.7 0 
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Table 7.1 Simulation results for automated plan 

Gen. �  �  �  �  

Node P Q P Q P Q P Q 

5 0 0 67 32 0 0 52 2 

7 224 108 224 108 0 0 192 28 

9 63 31 63 31 0 0 51 3 

11 54 26 54 26 0 0 44 3 

13 69 34 69 34 69 34 58 5 

17 63 31 63 31 63 31 0 0 

20 98 48 98 48 98 48 75 1 

22 98 48 98 48 98 48 75 1 

24 465 225 465 225 465 225 400 56 

26 65 31 65 31 0 0 51 2 

29 139 67 139 67 139 67 118 16 

31 166 80 166 80 166 80 0 0 

Sub. 1889 968 1072 539 2668 1701 2728 2270 

LS �  �  �  �  

8 0 0 200 100 0 0 0 0 

9 0 0 60 20 0 0 0 0 

12 60 35 60 35 0 0 0 0 

13 60 35 60 35 0 0 0 0 

15 0 0 0 20 0 0 0 0 

16 0 0 60 0 0 0 0 0 

17 0 0 60 20 0 0 0 0 

19 0 0 90 40 0 0 0 0 

26 0 0 60 25 0 0 0 0 

27 0 0 60 25 0 0 0 0 

28 0 0 50 17 0 0 0 0 

29 61 36 120 70 0 0 0 0 

30 174 521 200 600 0 0 0 0 

ΣLS 355 627 1080 1007 45 134 0 0 

ΣCost [$] 21.1 25.6 4.7 0 

     

 



70 

 

 

8CHAPTER 8 

RESILIENCE ASSESSMENT OF A DISTRIBUTION SYSTEM 

Because of a natural disaster or an act of sabotage, parts of the distribution system may 

experience some degree of damage. Depending on the intensity and location of the incident, 

the system may sustain electricity outages in various areas. A resilient distribution system must 

be capable of restoring electricity fully or partially in outage areas. 

8.1 General Characteristics of a Distribution System 

Traditionally, distribution systems, are radial networks supplied through a substation 

transformer connected to the upstream transmission system. Although operating radially, 

distribution systems are equipped with a set of normally open (NO) and normally closed (NC) 

switches. Under normal operating conditions, NO switches are open and NC switches are 

closed. However, under emergency operating conditions, DSO can perform a series of 

switching maneuvers to restore electricity in outage areas. During these switching operations, 

DSO may close NO switches, and open NC ones to reroute electricity and supply the 

distribution system with the help of neighboring feeders. Switches may be manual or 

automated. In traditional distribution systems, DSO must dispatch crew to perform switching 

maneuvers manually. However, in modern systems, automated remotely controlled switches 

can perform the maneuvers without human intervention.  

With DERs integrating into low- and medium- voltage systems, substation transformer 

and neighboring feeders are no longer the only source of electricity in modern distribution 

systems . Neighboring feeders along with DERs can also supply the loads in case of emergency.  

Because of the rapid growth of electricity demand, and emergence of free electricity 

trading environments, distribution systems are operating closer and closer to their capacity 

limits. Grid reinforcement, which involves upgrading distribution branches or substation 

transformer is a very effective but expensive solution to reliability issues in distribution 

systems. However, grid upgrades if done carefully and effectively, can significantly contribute 

to distribution systems resilience. Extensive planning studies might be necessary to identify 

optimal candidate branches for grid upgrades [57].  

Considering these characteristics, we apply the terminology of engineering resilience 

to quantify resilience of distribution systems. In the next Sections, semi-quantitative measures 



71 

 

are assigned to the four dimensions of resilience, i.e., rapidity, robustness, redundancy and 

resourcefulness. 

8.2 Functionality of a Distribution System 

Before defining dimensions of resilience, it is necessary define the functionality of a 

distribution system. Essentially, a distribution system is fully functional when it can supply all 

of its customers (i.e., loads). Functionality decreases if DSO should shed parts of system's 

loads. Although this definition is simplistic, it is adequate for our purpose that is short-term 

resilience assessment. 

8.3 Dimensions of Resilience in a Distribution System 

In this Section, we use the definitions of resilience dimensions presented in [54] and 

[55] to develop a resilience measurement tool for distribution systems.  

8.3.1 Rapidity 

Rapidity  is the recovery rate of a distribution system and depends on several factors 

including but not limited to: 

• Response time of DSO which depends on the knowledge and skills of human 

operators in traditional systems, or, computational capability of automated EMS 

in modern systems. 

• Availability of crew, and crew dispatch and travel time if switches are manual, 

or the response time of automated switches. 

• Ramp rates of DERs. 

Depending on the characteristics of distribution system and size of outages, recovery 

time  may vary from several minutes to several hours.  

Rapidity can be quantified as the amount of load restored over the recovery period. In 

other words [58]: 

= Total recovered load
 (8.1) 

The rapidity index  shows how the distribution system is capable of fast and efficient 

recovery from a contingency.  

8.3.2 Robustness 

Robustness ( ) is the ability of the system to maintain its functionality at post-

contingency period. Therefore: 
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=  Total supplied load right after the event Total load
 ×100% (8.2) 

Obviously  is a quantity varying from 0 to 100 %. The more  is closer to 100 the 

more resilient system is. 

8.3.3 Redundancy 

NC and NO combination of switches, DERs, neighboring feeders and grid 

reinforcement contribute to the redundancy ( ) of a distribution system. Resourcefulness 

greatly affects the effectiveness of redundancy. It is challenging to define a quantitative 

measure for redundancy. In this work, we define several levels of redundancy for a distribution 

system and assign specific scores ( 3) to them. These levels include: 

• Switches (alternative paths) 

• Grid upgrades  

• DERs with unity power factor 

• DERs with flexible power factor 

A resilient distribution system can have a single element of redundancy or a 

combination of elements. We simply assume that for combinations of redundancy elements, 

the overall redundancy will be the summation of each individual element's score. For example, 

if the distribution system has switches with 3  and DERs with 3  then = 3 + 3 .  

The assigned scores are extremely case-dependent and highly associated with the 

system fragility and weak points. 

8.3.4 Resourcefulness 

Resourcefulness  is very difficult to quantify. It mainly depends on the capabilities of 

DSO. For the rest of this work, it is assumed that DSO is skillful and knowledgeable enough 

to take appropriate actions under emergency conditions. 

8.4 Restoration and Disaster Recovery of a Distribution System 

In this Section, we modify EEMS developed in Chapter 8, to add more redundancy to 

it, and then, we use it to measure resilience of a distribution system.  Before proceeding to the 

formulation, we define the following sets: 

• �  : set of nodes, indexed by  

• � : set of branches; there is a branch between nodes  and , if , ∈ �  and ∈ �  
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•  � : set of switches; there is a switch between nodes  and , if , ∈ �  and ∈ �  

Note that we added switches to the model to consider their impact on redundancy and resilience 

of the distribution system.  

The objective of EEMS is minimizing LS in the entire distribution system. 

Mathematically:  

�i� = ∑ ,∈��  (8.3) 

Note that in (8.3) the duration of outages is not considered to simplify the measurement of 

resilience.  

Objective function (8.3) is subject to operating constraints under emergency conditions. 

These constraints include: 

Power balance: 

�  − ( − , ) = ∑∈{� ∪� �}  (8.4) 

�  − ( − , ) = ∑∈{� ∪� �}  (8.5) 

where = � − � � ( c�s − si� ) (8.6) = − � + � � ( c�s − si� ) (8.7) 

when ∈ � ,  = [ � − � � ( c�s − si� )] (8.8) = [− � + � � ( c�s − si� )] (8.9) 

 

when ∈ �  

Equations (8.4) and (8.5) treat switches as branches with unknown (variable) statuses. 

If a switch is closed, =  and active/reactive power flow through the switch will contribute 

to active/reactive power balance at sending and receiving nodes  and . If a switch is open 
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=  and there will be no active/reactive power flow through the switch. When forming 

system's �  matrix to determine  and , EEMS assumes that all switches are closed. 

Also, note that (8.4) and (8.5) allow for LS to find a feasible solution to power balance 

if resources are not adequate to maintain all the demand. Also, normally, LS is done such that 

load power factor is preserved. In other words: 

,  =  ,
 

(8.10) 

Voltage constraints: �  �  �  (8.11) 

EEMS may use looser constraints on voltages (compared to normal operation) just to add more 

flexibility to the restoration plan.  

Generation active/reactive limits: 

�,  �  �,
 (8.12) �,  �  �,
 (8.13) 

Load shedding limits:  ,   (8.14)  ,   (8.15) 

Branch/Switch flow limits:  | | �  (8.16) 

where 

| |  = √ +  (8.17) 

Note that in (8.16) �  can be used for planning (preparedness) purposes only. By studying �  

DSO can identify where and by how much grid upgrades can contribute to system resilience. 

Also, unlike  in formulations presented in Chapter 8, �  is a scalar greater than 1 as it shows 

enhanced distribution capacity.  

8.5 Simulation Results 

This section presents a few case studies to assess the resilience of a distribution system 

to outages followed by a disaster.  
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The proposed algorithm is implemented in GAMS running on an Intel® XeonTM CPU 

E5-1620 3.6 GHz PC with 8 GB RAM. The proposed framework is an MINLP model which 

can be solved easily by commercial solvers such as DIscrete and Continuous OPTimizer 

(DICOPT)  

8.5.1 The Test System 

Figure 8.1 shows the test system which is again a modified version of IEEE 33-bus test 

system. Under radial operating conditions we can identify 4 main paths in this distribution 

system: 

• Path 1 encompassing nodes 1:18 

• Path 2 encompassing nodes 19:22 

• Path 3 encompassing nodes 23:25 

• Path 4 encompassing nodes 26:33 

The basic distribution system is modified to include:  

• A set of 5 switches between node pairs 8-21, 9-15, 12-22, 18-33 and 25-29 [15]. 

• The capacity of each distribution branch is assumed be 120% of its power flow 

under normal operating conditions (i.e., nominal loads and basic radial 

topology). This suggests that the distribution system is operating very close to 

 

Figure 8.1 IEEE 33-bus test feeder 
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its limits. Also, we assume that the substation transformer is sized to be able to 

generate up to 4 times of the total nominal load. 

• DERs at nodes 5, 7, 9, 11, 13, 17, 20, 22, 24, 26, 29 and 31.DERs data can be 

found in Table 7.1. Here we assume that DERs are capable of black-start.  

In addition, the following redundancy scores are assigned to the redundancy elements: 

• 0: Basic distribution system (i.e., minimum redundancy) 

• 3: Switches (i.e., alternative paths) 

• 1: Reinforced network (i.e., increased capacity) 

• 1: DERs with unity power factor 

• 2: DERs with flexible power factor 

It is assumed that this distribution system is fully automated and has an average 

recovery time of  = 15 min or 0.25 h for all the events. Moreover, for measuring resilience, 

only active loads are considered and reactive loads are not included in the calculations of 

functionality or resilience dimensions. 

In the following case studies, the resilience of the test distribution system is assessed in 

three specific events. 

8.5.2 Event 1: Branch 3-4 Outage 

Branch 3-4 is in the upstream distribution system and its functionality greatly affects 

the overall functionality of the distribution system. Therefore, branch 3-4 outage is deemed to 

be a severe contingency. 

Minimum redundancy: Figure 8.2 shows active/reactive generation and LS for the 

basic distribution system which has minimum redundancy. All loads located downstream of 

branch 3-4 are completely shed. Substation transformer is the unique source of generation 

which is connected to node (bus) 1. In this case, = 2235 kW, =  kWh,  = 3715-2235
3715

×100=39.8%, and =0. 

Switches: Figure 8.3 shows active/reactive generation and load shedding for the 

distribution system equipped with 5 switches. Switches 9-15 and 25-29, are closed and EEMS 

can pick up some loads on Paths 1 and 4. In this case, = 2133 kW, = 1582-1480
0.25

= 408 kWh, = 39.8%, and =   

Switches+Reinforced network: Figure 8.4 shows active/reactive generation and load 

shedding for the distribution system equipped with 5 switches and doubled branch capacity. In 
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this case, in addition to switches 9-15 and 25-29, switch 18-33 is also closed and EEMS can 

restore more loads on Paths 1 and 4. In this case, = 1617 kW, = 2472  kWh,  =39.8 %, 

and = 4.  

Switches+DERs with unity power factor: Figure 8.5 shows active/reactive generation 

and load shedding for the distribution system equipped with 5 switches and DERs as described 

in Table 1. These DERs follow IEEE 1547 standard that does not allow for reactive power 

exchanges at the connection point of DERs and distribution system. Switches 9-15, 18-33 and 

25-19 are closed and DERs provide EEMS with more capacity for restoring loads on Paths 1 

and 4. In this case, = 1470 kW, = 3060 kWh,  =39.8 %, and = 4. 

Switches+DERs with flexible power factor: Figure 8.6 shows active/reactive 

generation and load shedding for the distribution system equipped with 5 switches and DERs 

as described in Table 1. These DERs can exchange reactive power with distribution system. It 

is assumed that each DER can generate/absorb up to 50% of its maximum active power 

generation capacity (shown in Table 1). Switches 8-12, 18-33 and 25-29 are closed to reroute 

the power, and EEMS can now restore more load on Paths 1 and 4, comparing to the previous 

case. In this case, LS further decreases and reaches to = 1076 kW, = 4636 kWh,  =39.8 

%, and = 5. 

Maximum redundancy: Figure 8.7 shows active/reactive generation and LS for the 

distribution system with maximum redundancy, which has: Switches+Reinforced 

network+DERs with flexible power factor. In this case, switches 8-12, 18-33 and 25-29 are 

closed, = 533 kW, = 6808 kWh,  =39.8 %, and = 6. 

8.5.3 Event 2: Branch 2-19 Outage 

Under normal operating conditions, branch 2-19 supplies load on Path 2. Considering 

the size and number of loads on this path, branch 2-19 is not considered as critical. 

Minimum redundancy: Figure 8.8 shows active/reactive generation and LS for the 

basic distribution system which has minimum redundancy. All loads located downstream of 

branch 2-19 are completely shed. In this case, = 360 kW, =  kWh,  =  3355
3715

×100 = 90.3 %, and = 0 

Switches: Figure 8.9 shows active/reactive generation and load shedding for the 

distribution system equipped with 5 switches. Switches 8-12 and 9-15 are closed and EEMS 
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can pick up all the loads on Path 2 but should shed some load on Path 1 to possibly release 

some capacity to reroute the power. In this case, and = 163 kW, = 788 kWh,  =  90.3 

%, and = 3. 

Switches + Reinforced network: Figure 8.10 shows active/reactive generation and 

load shedding for the distribution system equipped with 5 switches and doubled distribution 

capacity. Switches 8-21 and 9-15 and 12-22 are closed and EEMS can fully restore all the 

loads. In this case, = 68 kW, = 1168 kWh,  =  90.3 %, and = 4. 

Switches + DERs with unity power factor: Figure 8.11 shows active/reactive 

generation and load shedding for the distribution system equipped with 5 switches and DERs 

with unity power factor. Switches 9-15 and 12-22 are closed and EEMS can fully restore all 

the loads. In this case, =  kW, = 1440 kWh,  =  90.3 %, and = 4. 

Switches + DER with flexible power factor: Figure 8.12 shows active/reactive 

generation and load shedding for the distribution system equipped with 5 switches and DERs 

with flexible power factor. Switches 8-21 and 9-15 are closed and EEMS can fully restore all 

the loads. In this case, =  kW, = 1440 kWh,  =  90.3 %, and = 5. 

Maximum redundancy: Figure 8.13 shows active/reactive generation and load 

shedding for the distribution system with maximum redundancy. Switches 8-21 and 9-15 are 

closed and EEMS can fully restore all the loads. In this case, =  kW, = 1440 kWh,  = 90.3 %, and = 6. 
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(b) 

Figure 8.2 Event 1: minimum redundancy (a) load shedding (b) generation 
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(a) 

 

(b) 

Figure 8.3 Event1: alternate paths (a) load shedding (b) generation 

 

 

 



81 

 

 

 

 

 

(a) 

 

(b) 

Figure 8.4 Event1: switches+reinforced network (a) load shedding (b) generation 
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(a) 

 

(b) 

Figure 8.5 Event1: DER with unity power factor (a) load shedding (b) generation 
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(a) 

 

(b) 

Figure 8.6 Event1: DER with flexible power factor (a) load shedding (b) generation 
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(b) 

Figure 8.7 Event1: maximum redundancy (a) load shedding (b) generation 
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(a) 

 

(b)  

Figure 8.8 Event 2: minimum redundancy (a) load shedding (b) generation 
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(b) 

Figure 8.9 Event2: alternate paths (a) load shedding (b) generation 
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(a) 

 

(b) 

Figure 8.10 Event2: switches+reinforced network (a) load shedding (b) generation 
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(a) 

 

(b) 

Figure 8.11  Event1: DER with unity power factor (a) load shedding (b) generation 
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(a) 

 

(b) 

Figure 8.12 Event2: DER with flexible power factor (a) load shedding (b) generation 
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Figure 8.13 Event2: maximum redundancy (a) load shedding (b) generation 
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Table 8.1 Resilience measures in different events with different actions 
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 0 3 4 4 5 6 

 360 163 68 0 0 0 
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9CHAPTER 9 

                                                          CONCLUSIONS 

This work mainly focused on energy management and economics of distribution 

systems. The management and control architecture of distribution systems needs to gradually 

transform to accommodate the emerging smart grid technologies, DERs, and active electricity 

end-users or prosumers. Prosumers are private entities with economic incentives, who not only 

consume electricity but may also participate in generating electricity. The focus of this research 

was on developing multi-task multi-objective energy management schemes for two entities: 1) 

DSO, and 2) CLRPs. We combined various approaches such as optimization techniques, 

distributed computation algorithms, graph theory, and stochastic simulation to model, 

formulate, and solve the energy management problem for DSOs or CLRPs. Energy 

management and mathematical economics (i.e. optimization) are the common thread between 

these three areas. 

The first part of this dissertation belonged to distributed energy management of behind-

the-meter solar PV+ESS. Integration of DERs into distribution systems is growing to a 

significant level. Solar PV specifically comprises a large portion of low- and medium-voltage 

distributed generation. Significant reverse power ow is a common issue in systems with high 

PV penetration. When PV generation is larger than local consumption, the excess power will 

flow upstream toward the utility substation, creating a negative voltage drop, or equivalently, 

a voltage rise along the feeder. This voltage rise is particularly significant on long feeders with 

PV at the end. One of the most effective solutions to the voltage rise issue is controlling and 

managing real power through ESS. 

ESS has shown potentials for improving operating capabilities of the power grid. ESS 

can contribute to system reliability and resilience, and defer upgrades necessary for 

accommodating new installed generation. An ESS used for upgrade deferral can 

simultaneously provide voltage support on distribution feeders. ESS can effectively mitigate 

voltage fluctuations with minimal real power control. 

Deployment of new technologies behind the meter allows the prosumers to define their 

own service requirements and also contribute to grid resilience, performance, and economics. 

Voltage regulation per se is not a service that a prosumer with behind-the-meter ESS is willing 

to provide. This is because prosumers are more concerned about their system behind the meter 
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rather than the entire distribution system. However, the economic benefits of voltage regulation 

can incentivize prosumers to deploy their behind-the-meter ESS to manage real power 

exchanges with the grid such that minimal voltage fluctuations occur.  

When installed in parallel with a PV system (a PV+ESS), the ESS can absorb excess 

PV generation and prevent it from owing into the distribution system and creating voltage rise. 

The prosumer can later release the stored energy for local consumption or back-injection, 

particularly when the price of electricity is high. This will reduce the prosumer's electricity bill, 

conserve PV generation, shave the peak demand, and in the long run, benefit the prosumers 

and the utility (DSO). 

In the first part of this dissertation, we developed a distributed agent-based energy 

management system for multiple CLRPs with PV+ESS connected to a smart distribution 

system. We assumed that each CLRP acted as a smart agent, and the energy management 

system aimed to minimize the agent's electricity bill. Each agent was equipped with meters to 

take power measurements at or behind the point of common coupling (PCC), as well as monitor 

the PCC voltage. 

Also, the agents were capable of communicating with their neighbors. The energy 

management scheme had two layers: the Primary Sizing+Scheduling Layer (PSSL), and the 

Pseudo Real-Time Scheduling Layer (PRSL). In PSSL, which is a planning phase, agents 

would decide about their ESS capacity and initial power management scheme. In this layer, 

the agents would not be sharing any information with other entities including neighboring 

agents and DSO. Each agent would individually determine the optimal size and scheduling of 

ESS, over a 24-hour planning horizon (i.e. day-ahead). The energy management goal would be 

reducing the electricity bill, while maintaining ESS degradation at minimum. 

Agents would cap their feed-in real power to ensure they would not create any voltage 

violation, and hence would not face any curtailment. In PRSL, the agents would measure the 

difference between PCC voltage and maximum allowable voltage on an hourly basis. Then, 

the agent would communicate with its neighbors and share the value of its PCC voltage margin. 

Using the concepts of consensus in networked multi-agent systems, we could show that all 

agents would asymptotically reach an equilibrium of voltage margin, which would be the 

weighted average of the initial individual voltage margins. The average voltage margin is an 

indication of the voltage situation in the distribution system. 
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Considering this new voltage situation, the agents would rerun their energy 

management engine, and decide to whether or not revise the primary day-ahead schedule 

calculated in PSSL. For this purpose, we developed a shrinking planning horizon algorithm to 

revise the power schedules of CLRPs from the current time step to the end of the planning 

horizon. This algorithm was based on the concepts of dynamic programming. 

The developed distributed energy management scheme did not rely on distribution 

system's topology and data, and thus, it was independent of the network model. This is 

particularly important for behind-the-meter applications and market purposes, as the prosumers 

neither have access to the network model or other entities' data nor are willing to share all their 

information with other entities (including DSO or other prosumers). 

The second part of this dissertation focused on emergency energy management and 

resilience assessment of distribution systems. Natural and man-made disasters pose significant 

threats to human societies. To minimize the negative impact of these events on public well-

being, economic prosperity, and national security, human communities must become disaster 

resilient. The overall resilience of a community is highly dependent on the resilience of its 

critical infrastructures including public health, electric power, water supply, 

telecommunication and transportation networks. 

At first glance, resilience may be deemed as an intuitive concept. However, quantitative 

assessment of resilience is crucial for identifying vulnerabilities of critical infrastructures and 

disaster preparedness planning.  

Quantifying resilience is a challenging task. There are two major aspects to measuring 

resilience: 1) economic measures, and 2) engineering measures.  

Engineering resilience is based on the MCEER (Multidisciplinary Center of Earthquake 

Engineering to Extreme Event) terminology which distinguishes four dimensions for 

resilience: rapidity, robustness, redundancy, and resourcefulness. 

In the second part of this research, we qualitatively measured the four dimensions of 

engineering resilience in a distribution system in the aftermath of a disaster. To emulate the 

system recovery path, we developed a restoration tool, which was, in fact, an emergency energy 

management system. This system used the available resources and redundancy to fully (and if 

not possible, partially) restore the service in the outage areas. The energy management system 

could measure the resilience considering different factors of redundancy, including the 
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availability of: normally open/closed switches to provide alternate paths, DERs with unity 

power factor, DERs with flexible power factor, and reinforced branches. Obviously, a 

distribution system would be more resilient, if it had more than one factor of redundancy. 

DSO cannot precisely predict when and where an outage may occur. Therefore, even 

under normal operating conditions, there must be a level of preparedness for emergency events. 

Considering the topology of the network, historical data about previous incidents, and location 

of critical loads, DSO can come up with worst case scenarios, and prepare plans for service 

restoration ahead of time. The combination of an emergency energy management system and 

a regular energy management system provides DSO with faster and more flexible restoration 

plans. Also, if the distribution system is equipped with automatic switches and communication 

links, this combination can allow for a self-healing distribution system, eliminating the need 

for human intervention. 
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1APPENDIX A 

TEST SYSTEM DATA 

Table A.1 IEEE 33-bus test feeder branch data for systems shown in Figure 3.2, Figure 7.1 and 
Figure 8.1. Sbase: 1 MVA; Vbase: 12.66 kV. 

From node To node R [p.u.] X [p.u] 

1 2 0.000575259 0.000297612 

2 3 0.003075952 0.001566676 

3 4 0.002283567 0.001162997 

4 5 0.002377779 0.001211039 

5 6 0.005109948 0.004411152 

6 7 0.001167988 0.00386085 

7 8 0.010677857 0.007818408 

8 9 0.00642643 0.004617047 

9 10 0.006488823 0.004617047 

10 11 0.001226637 0.000405551 

11 12 0.002335976 0.00077242 

12 13 0.009159223 0.007206337 

13 14 0.003379179 0.004447963 

14 15 0.003687398 0.003281847 

15 16 0.004656354 0.003400393 

16 17 0.008042397 0.010737754 

17 18 0.004567133 0.003581331 

2 19 0.001023237 0.000976443 

19 20 0.009385084 0.008456683 

20 21 0.002554974 0.00298673 

21 22 0.004423006 0.005848052 

3 23 0.002815151 0.001923562 

23 24 0.005602849 0.004424254 

24 25 0.005590371 0.00437434 

6 26 0.001266568 0.000645139 

26 27 0.001773196 0.00090282 

27 28 0.006607369 0.00582559 

28 29 0.005017607 0.004371221 

29 30 0.003166421 0.001612847 

30 31 0.006079528 0.006008401 

31 32 0.001937288 0.002257986 

32 33 0.002127585 0.003308052 
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Table A.2 IEEE 33-bus test feeder load data for system shown in Figure 3.2. Sbase: 1 MVA; 
Vbase: 12.66 kV 

Node number Node type Real demand [kW] Reactive demand [kW] 

1 PV 0 0 

2 PQ 100 60 

3 PQ 90 40 

4 PQ 100 80 

5 PQ 40 30 

6 PQ 40 20 

7 PQ 50 50 

8 PQ 50 50 

9 PQ 40 20 

10 PQ 150 0 

11 PQ 170 0 

12 PQ 40 40 

13 PQ 40 40 

14 PQ 180 0 

15 PQ 50 20 

16 PQ 210 0 

17 PQ 30 30 

18 PQ 30 30 

19 PQ 90 40 

20 PQ 90 40 

21 PQ 90 40 

22 PQ 90 40 

23 PQ 90 50 

24 PQ 420 200 

25 PQ 420 200 

26 PQ 60 25 

27 PQ 60 25 

28 PQ 60 20 

29 PQ 120 70 

30 PQ 200 600 

31 PQ 150 70 

32 PQ 210 100 

33 PQ 60 40 
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Table A.3 IEEE 33-bus test feeder branch data for systems shown in Figure 7.1 and Figure 8.1. 
Sbase: 1 MVA; Vbase: 12.66 kV 

Node number Node type Real demand [kW] Reactive demand [kW] 

1 PV 0 0 

2 PQ 100 60 

3 PQ 90 40 

4 PQ 100 80 

5 PQ 50 30 

6 PQ 50 20 

7 PQ 50 50 

8 PQ 50 50 

9 PQ 40 20 

10 PQ 40 20 

11 PQ 40 10 

12 PQ 40 10 

13 PQ 40 10 

14 PQ 40 10 

15 PQ 100 30 

16 PQ 160 40 

17 PQ 150 50 

18 PQ 200 50 

19 PQ 90 40 

20 PQ 90 40 

21 PQ 90 40 

22 PQ 90 40 

23 PQ 90 50 

24 PQ 420 200 

25 PQ 420 200 

26 PQ 60 25 

27 PQ 60 25 

28 PQ 60 20 

29 PQ 120 70 

30 PQ 200 600 

31 PQ 150 70 

32 PQ 210 100 

33 PQ 60 40 

 


