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Abstract
Security of supply in electricity distribution networks has been traditionally delivered by conventional assets such as transformers and circuits to supply energy to consumers.  Although non-network solutions, such as energy storage (ES), can also be used to provide security of supply by carrying out peak shaving and maintaining supply for the duration of a network outage,  present network design standards do not provide a framework for quantifying their security contribution and corresponding capacity value. Given the fundamentally different operating principles of ES, it is imperative to develop novel methodologies for assessing its contribution to security of supply and enable a level playing field to be established for future network planning. To this end, a novel probabilistic methodology based on chronological Monte Carlo simulations is developed for computing the effective load carrying capability of an energy storage plant. Substantial computational speed-up is achieved through event-based modelling and decomposing between energy and power constraints. The paper undertakes, for the first time, the in-depth analysis of key factors that can affect ES security contribution; plant and network outage frequency and duration, network redundancy level, demand shape, islanding operation capability and ES availability. ES capacity value is shown to decrease in networks with an unreliable connection to the grid; time to restore supply is shown to be more important that frequency of faults. Capacity value increases in cases of peaky demand profiles, while the ability to operate in islanded conditions is shown to be a critical factor. These findings highlight the need for sophisticated network design standards. The proposed methodology enables planners to consider ES solutions and allows network and non-network solutions to compete on an equal basis for security provision.
Highlights
· Capacity markets are uneven playing fields that ignore energy storage.
· A novel Monte Carlo method for calculating ELCC of energy storage is presented.
· Energy storage is shown to be fundamentally different to conventional assets.
· Beyond storage size, network reliability and demand shape are important factors.
· Development of new network standards considering these effects is a high priority. 
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Introduction
Energy storage (ES) is uniquely positioned to increase operational flexibility of electricity systems and provide a wide range of services to the grid [1], providing whole-system economic savings across multiple timeframes and voltage levels [2]. These services include temporal energy arbitrage and peak reduction [3],[4], ancillary services provision to the TSO [5], improving power quality [6] as well as reinforcement deferral management of long-term investment uncertainties [7]. Similar services can be provided at the distribution level through embedded ES resources. For example, the authors have published on ES’s potential for deferring network upgrades [8] and peak shaving [9][10]. In this vein, National Grid in their annual Energy Futures report [11], states that the volume of distribution-connected storage could be up to 13.2 GW by the year 2040. 
Problem Statement
Despite the immense potential of ES to revolutionize the energy landscape, the relevant policy and regulatory developments in many jurisdictions are not yet mature enough to support this transition [12]. To achieve system-efficient levels of deployment, it is imperative that ES owners can access all possible services that ES can provide and be remunerated accordingly. However, the present distribution network design standards do not recognize the contribution of ES to security of supply. The present network design standards consider only traditional network solutions, such as transformers and circuits. This prevents ES from competing fairly with other assets; having a level playing field across technologies is essential for fostering the efficient level of investment in storage projects. This gap is a topical discussion point across many jurisdictions. For example, in the UK’s ongoing standard review by ENA, establishing level a playing field between traditional assets based network reinforcement and the application of non-network technologies (such as ES) through quantifying their security contribution is a very prominent issue. In a similar tone, CAISO stakeholders are in discussions on how to incorporate ES in resource adequacy studies. 
The first step towards formally remunerating an asset’s ability to contribute to security of supply is to compute its capacity value. The term capacity value refers to the dependable capacity a storage plant can provide upon which a network planner can rely so as to avoid network reinforcements triggered by an increase in demand. Until now, research has been primarily focused on distributed generation (DG) resources.  Comprehensive overviews of different methods for calculating the contribution of conventional and renewable generation are provided in [14], [15] and [16]. In contrast, there have been few efforts to extend the concept of capacity value to ES and a number of conceptual and methodological obstacles remain unaddressed. The objective of this paper is to develop a comprehensive framework for computing the capacity value of energy storage. The developed methodology is necessary for enabling the further development of new security standards that allow distribution network planners to compare traditionally-used network assets, such as transformers, against energy storage.
Energy Storage vs. conventional assets
ES is fundamentally different to other energy assets, warranting the development of a new capacity value calculation method.
(i) First of all, whereas DG is solely power-constrained i.e. its output depends solely on technical/resource availability and power rating, ES is also energy-constrained i.e. it must have both sufficient power output capability and energy stored to supply the load. In other words, whereas conventional assets typically face only power constraints, storage facilities face both power and energy constraints, rendering their preceding operation history highly relevant. 
(ii) A second point is that whereas the fuel supply of DG is considered unconstrained (e.g. diesel generators) or stochastic (e.g. wind generators), ES’s state-of-charge (SOC) is tightly linked to the network’s available transfer capability. ES does not generate power but rather makes use of existing network assets to draw power from the upstream grid. This has two implications: 
· Network outages and other supply-side faults have an impact on ES ability to charge. In contrast, supply-side faults have no bearing on DG performance provided it can operate in islanded mode. 
· Both the magnitude and the shape of demand are relevant since they dictate the available network import capability which can be used for ES charging.  In contrast, electrical demand has no profound effect on the performance of conventional asset such as DG and network assets. 
To summarize, whereas the security contribution of a transformer or DG depends solely on the asset’s rated output and resource availability, ES contribution depends on:
· Energy, power and efficiency ratings of the storage plant;
· Frequency and duration of network and ES outages;
· Redundancy level at which the network is being operated (e.g. N-0.5 instead of a strict N-1 criterion);
· Magnitude and temporal characteristics of demand
It is important to note that the above-listed factors driving the capacity value of energy storage have not been yet considered in existing approaches, resulting in a lack of methods and tools capable of quantifying ES contribution to security of supply.

Literature review
Given the stochastic nature of network outages and the time-coupling introduced by energy constraints, chronological Monte Carlo simulations are required to study the operation of an ES plant. Note that although there have been efforts to develop analytical methods bypassing the need for chronological simulations (e.g. [17]), these have used simplifications such as unlimited energy capacity and entail strong assumptions on the independence between sequential state-of-charge (SOC) states, that do not hold in practice. In a similar fashion, authors in [18] analyse the contribution of an ES plant under the assumption that it is sufficiently small such that it can always be fully recharged overnight, thus ignoring the impact of charging constraints and network outages. Authors in [19] compute the capacity value of transmission-connected ES; this is a price-taker analysis where the storage operator is assumed to know prices ahead of time. The authors provide a simple analytic formula for estimating the ES energy level at a particular time instant. However, this approach assumes that ES cannot charge during outage conditions. In contrast, the present paper shows that the ability for ES to charge during partial outage conditions (e.g. when only one of the two transformers is online) is a very critical function and contributes greatly to its capacity value. Authors in [20] compute the capacity value of storage when used to smooth output of a wind farm; static analysis of 100 peak periods is undertaken with no consideration of the plant’s energy constraints. A similar static approach is adopted in [21] when computing capacity value of transmission-connected storage. Even in industry standard tools, such as in the commercial software MARS [22], the presence of an ES plant is modelled as a deterministic load modifier, while not explicitly capturing highly relevant operational principles. Chronological simulations have been used in the past in cases where outage duration is of interest (e.g. [23], [24]) but have only recently been extended to include time-coupling storage elements. 
The authors in [9] proposed a method to compute EFC of an ES plant connected to a distribution system. However, they focus solely on the use of ES for peak reduction and do not consider network failures which, as shown in this paper, are of paramount importance. A similar approach is taken in [27] (chronological simulation while ignoring network failures) and extended to other capacity value metrics. Authors in [28] carry out similar studies on the capacity value of ES but ignore network failures. Researchers in [25] build a chronological Monte Carlo model to analyze the reliability of hybrid systems combining DG with ES. A similar approach is taken in [26], focusing on the contribution of ES to PV systems. However, note that both those papers adopt a copper plate approach (i.e. all assets are on the same bus) and thus do not model network outages. In this paper, we expand upon the methodology presented in [25] and [26] by introducing event-based modelling which offers an order of magnitude speed-up (see section 3.10). In addition, in this paper the impact of a wide range of factors on storage capacity value is analysed. These factors include network reliability, demand shape and ability for islanding operation and have never before been analysed in the past. 
In this context, the present paper is the first to develop a fully tractable chronological simulation model for storage combined with the modelling of unreliable network assets and the outages that arise, aiming for the first time to fill critical methodological and conceptual gaps around the quantification of ES capacity value. 

Research contributions and structure
In this research a novel model capable of computing the capacity value of an ES plant is proposed and then used to carry out a large number of studies to inform the design of distribution networks in the future to leverage the ability of ES to increase supply reliability. The three main contributions of the present research can be summarized as:
· Proposal of a novel methodology that computes the capacity metric Equivalent Load Carrying Capability (ELCC) of ES, shown in section 2.3. All relevant operational characteristics that uniquely pertain to ES, such as time-coupling, ability to support supply during outage events and the inextricable link with the available import capacity, are considered. The authors are aware of only two other publications that compute ELCC of ES. Reference [23] computes ELCC of ES when installed at an islanded microgrid not connected to the main grid.  The analysis ignores entirely the upstream network, assumes that all microgrid generation assets are perfectly reliable and the sole stochasticity studied is that of variable net demand. Our work fundamentally improves upon [23] by enabling the computation of ELCC in distribution networks that are subject to equipment outages. Reference [26] computes ELCC of an ES installed in a distribution network, but no equipment outages are considered. The presented approach is a radical improvement upon the state-of-the-art which has entailed simplifying assumptions such as unconstrained overnight charging or a fully reliable network.
· Development of a technology-agnostic, event-based chronological Monte Carlo simulation framework for the computation of ELCC of ES. A number of enhancements are proposed, such as event-based modelling (section XX) and pre-processing demand to decompose between power and energy constraints, which as shown in section 3.10 can reduce computation times dramatically. Another novel improvement proposed in this manuscript is, as shown in Section 2.4, an analytical method to compute the capacity value of an unreliable (i.e. subject to outage) storage device, foregoing the need to carry out additional Monte Carlo simulations of the ES outages. The proposed method can be applied to networks of arbitrary size and complexity and presents clear computational advantages. 
· In-depth investigation of the impact of various system parameters on the security contribution of ES. In particular, this paper undertakes, for the first time, an extended analysis of the impact of power/energy capability (section 3.2), network reliability (sections 3.3 and 3.4), network redundancy (section 3.5), plant efficiency (section 3.6), demand shape (section 3.7), islanded operation (3.8), and availability on storage capacity value (section 3.9). No previous publication has studied these aspects, yet we show that they can be very important when computing the capacity of ES. The insights drawn are critical in informing the review of present design standards for quantifying the capacity contribution of ES.
The structure of this paper is as follows. In section 2 the novel ELCC calculation framework is presented. In section 3 a series of case studies are analysed, to investigate the impact of various parameters on ES security contribution. Section 4 summarizes the findings and discusses the commercial viability of ES, while section 5 presents future work avenues and concludes.
Chronological Monte Carlo Framework
Different countries and network operators employ different reliability indices and capacity value metrics for characterizing the security contribution of an asset. Typical capacity value metrics include Equivalent Firm Capacity (EFC), Equivalent Circuit Capacity (ECC) and Equivalent Load Carrying Capacity (ELCC). In this paper, the metric of choice for evaluating security contribution of storage is ELCC [29]. In line with the existing UK distribution design standard, the system reliability indicator of choice is the Expected Energy Not Served (EENS), capable of capturing the severity and duration of supply interruptions. As such, ELCC is the amount of constant load that can be added to a system equipped with ES resulting in the same EENS as the original network without ES (referred to as the ‘base case’). ELCC is extensively used in the United States and has also been proposed for adoption in other jurisdictions such as the UK [30]. ELCC is expressed in MW, while normalized ELCC refers to the ratio of ELCC over the ES power rating. In the following sections a continuous-time steady-state model to describe ES operation is constructed. It is assumed that the ES plant under study is exclusively dedicated (or constitutes a dedicated part of a larger ES plant) to the provision of security services. As such, a ‘greedy’ operational model is adopted where the plant operator is insensitive to network prices; the plant always charges when the opportunity arises and supplies load during network faults. 
Mathematical formulation
In the developed Monte Carlo framework, chronological system histories are synthesized by combining randomly-generated network outage events of continuous duration with a demand time series sampled at discrete times (e.g. hourly). Each asset’s (transformer or ES plant) time to failure and time to restoration follows an exponential distribution with means  and  respectively, where Mean Time Between Failures (MTBF) and Mean Time to Restore (MTTR) are expressed in hours. In general, a network with  identical transformers can be modeled as a continuous-time Markov chain with state-space , where the state  represents the number of functioning components. The staying time at state  is given by an exponential distribution with mean:
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while the probabilities for jumping to states  and  are:
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Note that states  and  can only jump to states  and  respectively with probability 1. 
The analysis is carried out on a demand time series kernel   which is assumed to repeat i.e. . Note that the duration of the demand kernel is user-defined and unconstrained; standard practice would be to use a kernel comprising historical data of the recent one or more years. 
The variability in the ES operation stems from the different possible network outage types (single, double etc.), their temporal duration and their time of occurrence with respect to the endogenous variable  (SOC) and exogenous variable . The use of Monte Carlo simulation allows for the calculation of probability distribution of all state variables and ultimately the computation of EENS. The equations for simulating ES operation are shown below
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where , , ,  denote the plant’s energy, power rating and charging/discharging efficiency respectively.  and  denote the SOC and charging/discharging power at time period  respectively. Note that ramping constraints have been ignored, meaning that the plant can switch without delay between charging and discharging.  is the residual network capacity warranting ES discharge (when negative) or allowing ES charging (when positive). It is defined as , where  is demand and  denotes the network import capacity at time ; it depends upon the present fault conditions. In general,  denotes the demand time-step, measured in hours but appropriate considerations must be made for the fact that state jumps occur in continuous time. 
Equation (4) simulates the storage plant’s charging action and holds when there is some network capacity available (). The SOC at time , denoted by , is capped at the plant’s energy capacity limit . The amount that can be charged in a single period of length  is a function of the plant’s power rating  (i.e. maximum ES charging/discharging rate) and charging efficiency . Equation (5) holds when the network residual capacity is negative, warranting ES discharging. The amount that can be discharged in a single period of length  is a function of the plant’s power rating  (i.e. maximum ES charging/discharging rate) and charging efficiency . Equation (6) computes the power output of the storage plant as the difference between two consecutive periods; positive  denotes charging, while negative denotes discharging. Finally, EENS is calculated as the overall sum of unserved energy across the simulation duration, as shown in (7); the sum is divided by , the number of simulated years. 
Convergence criterion
As the number of simulated years increases, the variation of the target metric EENS should reduce, reaching convergence towards its true value. However, note that whereas the coefficient of variation [31] is typically used as a convergence metric of Monte Carlo simulations, it is not suitable in our case, because the target value of EENS is usually very close to zero. Instead, a different scheme has been adopted where a check is carried out to ensure that the EENS has changed in the last 1000 simulated years, signalling stabilization. This criterion is periodically checked during simulation to determine whether EENS has stabilized and the process can be terminated.
Fast event-based modelling
The framework described above entails very substantial computational burden; in many cases millions of years must be simulated before convergence is achieved. To this end, various acceleration methods have been developed. Variance reduction techniques have been deployed in the past to accelerate Monte Carlo reliability analysis; authors in [32] use the method of antithetic variates, authors in [33] employ cross-entropy to find the optimal modification to rare system state transitions to accelerate convergence, while bootstrapping is used in [34]. Although these techniques can accelerate the chronological simulation of systems subject to exogenous events, the time-coupling between endogenous state variables introduced by ES renders the application of such methods, as well as parallelization, problematic. In this paper the computational effort is reduced not by distorting the underlying event distribution, but by re-formulation to improve performance.
An initial modification to  the above formulation (4)-(7) is to differentiate between EENS due to power and energy constraints. The EENS due to power constraints, , can be determined analytically on the load duration curve of annual demand and probability of different faults as follows:
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where  is the probability of state  , while  denotes the expected unserved energy for state and is equal to the area under the load duration curve in the interval [], where  is the available network import capacity at state . Subsequently, EENS due to energy constraints  can be computed via simulation on the bounded residual demand time series , defined as:
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The above scheme offers computational speedups since EENS due to all power constraints can be computed by analyzing a single year and foregoing the max/min operators in (4) and (5).
Regarding energy constraints, not all operation events need to be simulated. Any event that has no impact on system EENS or plant SOC can be ignored. Also in many cases, it is not necessary to simulate fault conditions for the entire event duration. In general, in a system with identical transformers, there is a total of  operating modes. In the case of a system with  transformers, each event , defined to last from time  to time , belongs to one of the following four types.
The first type of operation (type I) involves intact conditions with the storage plant being at full energy capacity (). This is a straightforward case, where no demand curtailment nor change to SOC takes place. It follows that no simulation is required for these events.
The second type of operation (type II) involves intact conditions but the storage plant’s SOC is not full at time . In such cases no chronological simulation is required; the terminal SOC at the end of event  can be directly computed as:
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The third type of operation (type III) involves single network failures. Such events must be chronologically simulated according to (4)-(7). However, instead of carrying out the simulation for the entire event duration, it is possible to split it into a time-ordered series of sub-events; charging opportunities and discharging requests, foregoing the computation of unnecessary intermediate state variables. This set of sub-events is defined as  and their start and end time are denoted as  and  respectively. As such, for charging (i.e. ), equation (4) becomes:
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For discharging sub-events, equation (5) becomes:
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The final type of operation involves double transformer outages (type IV). No chronological simulation is required; terminal SOC and EENS can computed according to (12)-(14), where the entire event is treated as a discharging sub-event. 
The total EENS is the sum of unserved energy due to power constraints and energy constraints across all events:
	
	(15)


Modelling of ES availability
Another topic of interest is the simulation of ES plant outages. The straightforward way would be sampling and simulating numerous ES outage events, according to the ES plant’s MTBF and MTTR, during which no charging/discharging action can take place. However, assuming that the ES plant resumes post-fault operation at its original SOC, the impact of ES failures can be calculated analytically from the case of perfect availability. 
The probability that the ES plant is out of service at any time is given by the availability metric . Given independence of ES failures with respect to time and other network faults, the EENS can be computed as the average:    
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where  and  signify energy not served when the ES plant is online and offline respectively. The first term can be derived by simulating ES operation under the assumption of perfect ES availability, as described in the preceding sections. The second term can be computed as the average unserved energy across all possible network fault types when the ES plant is out of operation. The following formula can be used:
	
	(17)


where  denotes the expected unserved energy for state  and is equal to the area under the load duration curve in the interval . As such, the calculation of  does not require chronological simulation of ES faults. The proposed method is novel and computationally efficient, enabling us to compute the impact of different ES availability parameters without carrying out additional time-consuming simulations.  
ELCC calculation algorithm
The calculation of ELCC involves solving the root-finding problem shown below:
	
	(18)


where  denotes the base case supply risk level, where  is the original demand time series.  The term  denotes the supply risk level of the ES-equipped system when a constant demand ELCC is added. As such, equation (18) equates the risk levels of the two systems. Several search methods exist to solve this root-finding problem; in this paper the bisection method is employed. The bisection method takes advantage of the monotonicity of the objective function and repeatedly bisects a given search interval until it is less than  MW. 
Case Study Analysis
This section quantifies ES security contribution under different scenarios and investigate the impact of various parameters. All studies have been conducted on a test system consisting of two 10 MW transformers, as shown in Fig. 1. Although this synthetic system is limited in size, it has been specifically chosen to demonstrate a number of important points and provide insight into specific phenomena in a straightforward manner and without loss of generality. Note that the presented ELCC calculation method can be used to analyse much larger systems with many more assets, but this would obscure some of the fundamental points illustrated in this paper.
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Fig. 1. The equivalence between a base case system (left) and system with storage (right).
The annual demand time series from [35] has been used as a demand kernel, to capture load variability across hours, days and seasons. The base case peak demand level D depends on the network redundancy scenario being analyzed. In the case of two 10 MW transformers, a redundancy level N-X equates to a peak demand of  i.e. D is 10MW, 12.5MW, 15MW and 17.5MW for N-1, N-0.75, N-0.5 and N-0.25 respectively. This enables us to investigate intermediate levels of network redundancy, which as shown later on, can be critical.
In general, ELCC is determined by the system’s ability to cope with outages at an increased load level. These particular cases studies focus on single and double transformer outages. 
· Regarding single outages, when considering an N-1 secure network, which in the base case faces no demand curtailment under single outage events, the ES system must be able to fully service the extra ELCC load during the entire duration of all possible single transformer outages. This can be achieved by relying on the already-stored charge as well as on periodic charge/discharge cycles, where extra energy is imported during low-demand hours and discharged during peaks. 
· In the case of double outage events, the ES must be able to fully service the extra demand ELCC until one transformer is brought back online. During that time and assuming that the plant can operate in islanded mode, the storage plant relies exclusively on its already-stored charge. It is also important to consider the fact that in most cases, the system enters the double-outage state from a preceding single-outage fault; thus it is highly unlikely that ES is at full energy capacity. 
	

	

	

	


Fig. 2. From top to bottom panel: system demand (blue) and network capacity (dashed red), ES state-of-charge, ES power and unserved demand (yellow and green denote power and energy constraints respectively).
The above points are illustrated in the example Fig. 2 which shows eight days of ES operation (ES plant is chosen to be 5 MW with 10 hours capacity); peak demand level has been increased to 12 MW and the outages result in a total energy curtailment of 160 MWh. Note that in the bottom panel demand curtailment due to power and energy constraints is explicitly shown. Millions of such annual simulations have been carried out for the analyses in this paper.  
In the following sections, ELCC for nine ES plants across eight reliability scenarios, four redundancy levels and various other scenarios is computed.
Base case analysis
In all types of reliability assessment, the establishment of a base case against which comparisons are drawn is essential. In Fig. 3, base case EENS values across eight reliability scenarios and four network redundancy levels are shown; note that MTTR is expressed in hours (i.e. 3, 12, 24 and 240 hours) and MTBF in years (i.e. 1 or 5 years). Base case EENS (denoted EENS*) is expressed as the sum of EENS due to single and double outage events (denoted EENS*s and EENS*d respectively). Detailed values are shown in Table 1 below.
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Fig. 3. Base case EENS (MWh) for different reliability and network redundancy scenarios. EENS*s is shown in gray while EENS*d is shown in black. Note the logarithmic y-axis scale.








Table 1: Detailed values of base case EENS for different reliability and network redundancy scenarios.
	Redundancy level
	MTBF (years)
	MTTR (hours)
	EENS*
	EENS*s
	EENS*d

	
	
	
	(MWh)
	(MWh)
	(MWh)

	N-1
	1y
	3h
	0.01
	0.01
	0

	
	
	12h
	0.1
	0.1
	0

	
	
	24h
	0.4
	0.4
	0

	
	 
	240h
	38.29
	38.29
	0

	
	5y
	3h
	<10E-6
	<10E-6
	0

	
	
	12h
	<10E-6
	<10E-6
	0

	
	
	24h
	0.02
	0.02
	0

	 
	 
	240h
	1.6
	1.6
	0

	N-0.75
	1y
	3h
	0.44
	0.43
	0.01

	
	
	12h
	1.87
	1.74
	0.13

	
	
	24h
	3.96
	3.46
	0.5

	
	 
	240h
	80.84
	32.97
	47.86

	
	5y
	3h
	0.09
	0.09
	<10E-6

	
	
	12h
	0.36
	0.35
	0.01

	
	
	24h
	0.72
	0.7
	0.02

	 
	 
	240h
	8.89
	6.89
	2

	N-0.5
	1y
	3h
	3.4
	3.39
	0.01

	
	
	12h
	13.68
	13.53
	0.15

	
	
	24h
	27.58
	26.98
	0.6

	
	 
	240h
	314.45
	257.01
	57.44

	
	5y
	3h
	0.68
	0.68
	<10E-6

	
	
	12h
	2.72
	2.71
	0.01

	
	
	24h
	5.44
	5.42
	0.02

	 
	 
	240h
	56.07
	53.67
	2.4

	N-0.25
	1y
	3h
	8.91
	8.9
	0.01

	
	
	12h
	35.69
	35.51
	0.18

	
	
	24h
	71.53
	70.83
	0.7

	
	 
	240h
	741.72
	574.71
	67.01

	
	5y
	3h
	1.78
	1.78
	<10E-6

	
	
	12h
	7.13
	7.12
	0.01

	
	
	24h
	14.26
	14.23
	0.03

	 
	 
	240h
	143.69
	140.89
	2.8



As can be observed above, EENS* is driven by both outage frequency and duration. However, the network redundancy level has a profound impact not only on the magnitude of EENS* but also on the sharing between EENS*s and EENS*d. Under N-1, supply risk is driven exclusively by double transformer outages. However, for the relaxed redundancy level scenarios, EENS*s becomes the dominant term. This is particularly important since, as shown later, ES is well-suited to support operation under single outage conditions. This highlights the tremendous difference that can exist between networks within an area and shows that some networks may stand to gain a lot more than others by the addition of energy storage capability. 
Power and energy capability
In this section nine different storage plant sizes have been examined and their ELCC capacity value calculated. Note that plant sizes are given in terms of power rating (expressed as a percentage of 10MW, the N-1 base case peak demand) and capacity rating (expressed as hours at full capacity). ELCC is presented in normalized values with respect to . For example, a 20%/5h plant having a normalized ELCC of 46% means that demand can be increased by  MW without a deterioration to the base case risk level EENS*.
Fig. 4 shows the normalized ELCC under the scenario of MTBF = 1 year and MTTR 24 hours for the nine different plant sizes. N-1 redundancy has been applied, meaning that the target base case EENS* of 0.4 MWh is due to loss of load during double outage events. For each plant size the constant increase to demand level, ELCC, resulting in zero increase to EENS is identified.

Fig. 4. ELCC for different storage plant sizes under N-1 redundancy level and transformers with MTBF = 1 year and MTTR = 24 hours.
From Fig. 4, it is evident that ES can make a substantial contribution to security of supply with normalized ELCC values ranging from 20% up to almost 60%. The largest contribution in terms of normalized ELCC is made by the 20%/10h plant; normalized ELCC of 59.5% corresponding to 1.19 MW. In terms of absolute contribution, the largest plant of 100%/10h is, as expected, the best performer with an ELCC of 3.75 MW. 
In general, the plants with 20% power rating have the highest normalized ELCC contribution compared to their higher power rating counterparts. This is because the plants can store enough energy to cope with single and double outage events. In the case of plants with 50% power rating, the contribution is 16.4%, 35.2% and 55.7% for energy capacity of 2 hours, 5 hours and 10 hours respectively. Finally, the contribution of plants with 100% power rating is reduced further; 15.4%, 29.9% and 37.5% for energy capacity of 2 hours, 5 hours and 10 hours respectively. 
In general, ES contribution suffers from a diminishing returns effect; the larger a plant’s power rating is, the lower its normalized ELCC is. This is because there are four aspects that influence security contribution. The first aspect is related to , while the second driver relates to the network’s minimum demand level. The third effect is related to periodic charging and discharging during single outages, while the last relates to energy capacity and applies to double outages, as follows: 
· First of all, under the N-1 redundancy level, it is not possible for , since this leads to power constraints and an increase beyond EENS*. 
· Secondly, EENS is bounded by the network’s maximum charging capacity. When , the ES plant will not be able to charge during single outage conditions. This places an upper bound  on all storage plants. The annual demand time series of this case study has a minimum level of 3 MW and thus ELCC is bounded to be less or equal to 7 MW. Note that this bound is independent of plant size. Although these two effects do not become binding in the results of Fig. 3, they become relevant in more reliable networks studied later (e.g. Fig. 5). 
· The third effect has to do with the fact that during single outage conditions, the ES plant relies on periodic charging and discharging cycles to sustain the extra ELCC demand level at no deterioration to EENS*. This means that for the entire outage duration the energy requirement of a discharge sub-event must be less or equal to (i)  and (ii) the entering SOC (). The latter is the reason why sequential simulation is required; the entering SOC depends on the temporal characteristics of demand and fault history. 
· The final effect is that EENS is bounded by the amount of energy that can be serviced during a double outage. Under the assumption that the plant enters double outage conditions at 100% state-of-charge, the mean amount of energy required to sustain the event at no loss of load is (). As such, most plants have reduced ELCC since the amount of energy required to sustain such a long outage is 6MWh*ELCC. This is the case for the 20%/2h plant in Fig. 3; the ELCC is about equal to the upper bound of 4MWh/12 hours = 0.33 MW.
The above points are important in developing an understanding of the factors that drive ES security contribution and can be used when revising network standard to ensure that critical factors influencing ES capacity, such as a substation’s minimum demand level, current redundancy level and expected restoration time, are taken into account.
Outage duration
This section examines the impact of MTTR on ELCC. Fig.5 presents the normalized ELCC values for storage plants of nine different power and energy capabilities across four reliability scenarios; MTTR of 3, 12, 24 and 240 hours are analyzed. As mentioned earlier, the network’s restore time is a key factor in determining ES contribution; the longer the outage duration, the more energy is required from ES to supply the extra demand due to ELCC. This is evident from the study results, where the same plant is shown to have reduced security contribution as MTTR increases. 


Fig. 5.  Normalized ELCC for ES of different sizes across four MTTR levels under the N-1 network redundancy scenario. 
As shown in Fig. 5, in the case of networks with MTTR = 3 hours, ES plants have considerably increased security contribution, in some cases going up to 100% i.e. reaching their  power limit. In the case of longer restore times, security contribution is reduced substantially. In the MTTR = 240 hours, the average duration of a double outage is 120 hours. For this reason, all plants encounter their  limit, as discussed earlier. For example, the largest plant of 100%/10h i.e. 100 MWh, reaches the ELCC bound of 100 MWh /120 hours = 0.833 MW.
Outage frequency
Another topic of interest is the impact of frequency of outages (MTBF) on ELCC. Outage frequency has an impact on outage durations as shown in equation (1). Two scenarios have been analyzed; MTBF of 1 year and 5 years. The normalized security contributions of nine plants are shown across these two outage frequency scenarios in Fig. 6. 


Fig. 6. Normalized ELCC for different outage frequencies (MTBF of 1 and 5 years) across nine storage plants.
As can be seen, it is clear that the impact of outage frequency is minimal; there is very little difference between ES security contribution under the two MTBF scenarios. This is counter-intuitive since in the base case, EENS* increases significantly with outage frequency (see Fig. 3). However, in practice, typical MTBF values are in the order of several years [36] and much larger than typical MTBF values which typically lie in the range of hours. As such, even a large change of MTBF from 1 to 5 years results in a marginal change to single outage durations. For example, in the case of MTTR = 24 hours,  is marginally reduced from 23.99 and 23.93 hours; see equation (1). For this reason, there is little difference between the examined outage rates of 1 and 5 years. This observation brings to light the increased relevance of repair times and mitigation measures in systems equipped with ES; the ability to quickly restore partial connection to the grid is extremely important.
Network redundancy
On the other hand, the level of network redundancy has a very substantial impact on ES security contribution. As shown in Fig. 2, when operating under a relaxed redundancy level, single outage events become the primary driver of demand curtailment in the base case. This leads to an important implication; ES plants with large energy capacity can assist in reducing EENS during single outages leading to improved ELCC. However, there is another effect that becomes important; a reduced redundancy level means that the available overhead is limited, compromising the ES plant’s ability to reach full SOC. The presence of these two antagonistic effects are evident in Fig. 7, which shows contributions for nine ES plants across four redundancy levels and MTTR of 3 hours. Focusing on the 20%/2h plant, ELCC reduces from 73% to 60% under the N-0.75 scenario. This is because in the N-0.75 scenario the base case demand level is increased by 2.5MW, inhibiting the charging of the ES plant during single outage conditions. In the case of plants with large energy capacity the opposite happens since their already stored energy can be enough to sustain a single outage with less charging. For example, the 100%/5h plant exhibits an increase in ELCC as the redundancy level reduces. In the case of 100%/10h, the plant’s very large  leads to increased ELCC up until N-0.5. However, ELCC decreases under the N-0.25 scenario where the overhead capacity is severely limited, compromising the plant’s ability to sustain single outages. 

Fig. 7. Normalized ELCC for storage plants of different sizes across four network redundancy levels with 
MTTR = 3 hours and MTBF = 1 year.
Fig. 8 shows a similar analysis for the MTTR = 24 hours network. For ES plants with small  under longer lasting outages, ELCC increases under the N-0.75 scenario but drops thereafter. This reduction is attributed to the reduced capability to import energy from the grid during single outage events, leading to a reduced capability to support this extra demand through periodic re-charging.


Fig. 8. Normalized ELCC for storage plants of different sizes across four network redundancy levels with 
MTTR = 24 hours and MTBF = 1 year.
Storage plant efficiency
In Fig.9 the impact of efficiency levels on a network with MTBF = 1 year, MTTR = 24 hours is studied. Charging efficiency η% means that during charging, only η% of the available energy can be used to increase SOC. The main effect of reduced efficiency is that storage will have, on average, a lower SOC when entering outage events. However, this effect becomes relevant only for plants with very large energy capacity. As can be seen in Fig. 9, only the largest 100%/10h plant sees some reduction in ELCC. In contrast, plants with smaller  are not impacted by lower efficiency since there is enough energy to reach full SOC during single outages.

Fig. 9.  ELCC at three efficiency levels η for transformers with MTBF = 1 year, MTBF = 24 hours, N-1 network redundancy level.
Demand shape
An important characteristic of ES operation is that demand shape plays a major role in charging capability and thus security contribution. Characterizing a demand profile solely in terms of peak demand is inadequate for computing ELCC; connecting a ES plant to a flat profile of 10MW will result in zero ELCC since there is no opportunity for charging during outage events. Given the multitude of demand profiles possible [37], it follows that peak demand, which traditionally characterizes a demand profile, is not enough to compute ES contribution. To this end, how the level of minimum demand can also impact network utilization and ES operation is explored. Fig. 10 shows the peak winter week of the annual demand time series used in all studies in black. A flatter demand profile is shown in grey; although the pattern is largely the same, this time series has a minimum level  of 8MW. In contrast, the original series has minimum summer level of 3 MW. As shown in Fig. 11, a flatter demand shape (i.e. smaller difference between peak and trough levels) results in reduced ES security contribution. 

Fig. 10. Two demand series with same peak level but different shape.

Fig. 11. ELCC under two different demand shapes; black bars correspond to the original demand, while gray correspond to the flat demand shape.
This is because in the case of a flatter demand shape, less energy is available for charging during single outage events. This may not make a difference in cases where the ES plant is small and does not face charging constraints or in cases where the peak demand is low. However, in the case of heavily loaded substations equipped with large ES, demand shape plays a substantial role. For example, the contribution of the 100%/10h plant is reduced from the original 37.5% level to 26.1%. 
This analysis highlights that, when dealing with ES, peak demand level is not enough to characterize security contribution, as has been the case for conventional assets. The use of measurement data or summary metrics that capture charging constraints is also required.
Capability for islanded operation
In the preceding analysis it has been assumed that ES can operate under islanding conditions, when no connection to the grid is available due to a double outage. Fig. 12 compares the security contribution of storage with and without the ability to operate under islanding conditions for two different network redundancy cases. Focus is on analyzing three storage plant sizes under the MTBF = 1 year, MTTR = 24 hours reliability scenario. As can be seen below in Fig. 12, in the N-1 case, the contribution of ES decreases from the original level down to zero when operation under islanding conditions is disabled. This is because the most significant proportion of EENS is driven by events where both transformers are in outage and ES is islanded. As such, the storage plant cannot contribute to security of supply and demand cannot increase beyond the base case level of 10 MW without further increasing EENS. Note that this effect applies to all storage plant sizes and reliability scenarios; under N-1 redundancy level a ES plant must be capable of islanded operation to have non-zero ELCC. On the other hand, in the N-0.75 case, the ability to operate under islanding conditions has a minimal impact on contribution since supply risk is primarily driven by single outage events.  

Fig. 12.  Impact of islanding mode of operating on ELCC of three different storage plant sizes for transformers with MTBF = 1 year, MTBF = 12 hours.
ES Plant availability
All preceding analysis has been carried out on the premise of perfectly available ES plants. In Fig. 13 below examines the impact of different ES reliability cases on their security contribution – the computational approach described in section II.C was used to achieve tractability. As expected, lower ES plant availability has a significant impact on ELCC. The decrease is more substantial in the case of large plants since the loss of an ES plant that sustains a high base case ELCC leads to large energy curtailments.



Fig. 13.  ELCC at four availability levels α for transformers with MTBF = 1 year, MTBF = 24 hours, N-1 network redundancy level.
Computational Performance
This section discusses the computational advantage of the modifications proposed in section 2.3. By applying the event-based scheme, the computational burden can be reduced dramatically. Note that the system with MTBF and MTTR of 1 year and 24 hours respectively, requires a few million years of simulations to achieve convergence. As such, the binary search for ELCC at an accuracy of 0.1MW or less can be a very complex task. Table 1 compares CPU times (in seconds) between full chronological simulation and the proposed approach for the 100%/10h ES plant under 15MW load and MTBF of 1 year; about 10^7 years of operation were simulated to achieve convergence. It is clear that the event-based adaptation results in a very substantial computational speedup under different MTTR scenarios. On average, for a given plant and network, 10 such EENS computations must be carried out to compute ELCC within 0.1 MW of accuracy. This speedup can become even more critical when the network also involves DG sources that increase the operational space.
Table 2: Computational performance of different simulation methods.
	Method
	CPU time (s) for MTTR =

	
	3h
	12h
	24h
	240h

	Full simulation
	38,000.42
	38,060.58
	38,100.82
	38,460.16

	Proposed
	4,230.59
	4,600.35
	4,850.06
	7,310.80


Discussion
The studies conducted showed that ES security contribution can be significant in cases, but is largely dependent on a number of factors, namely power and energy rating, time taken to restore network faults, level of network redundancy, capability to operate in islanding conditions, energy efficiency and demand shape. This section summarizes the results of the preceding analysis and discusses their significance from an operation and commercial viewpoint.  
Summary of findings
In general, ES capacity value is determined by the plant’s ability to support demand under outage conditions – in this case, single and double network faults. It follows that a key factor in determining ES contribution is the duration of outages; the longer the outage duration, the more energy is required from ES. This is evident from the study results, where the same plant is shown to have reduced security contribution as the duration of outage increases. For the same reason, plants with increased energy capacity have increased security contribution since they can sustain a larger demand increase during the outage duration. However, it is harder for plants with high power rating to reach high contribution levels, in terms of normalised ELCC, since demand increase due to ELCC starts compromising the plant’s capability to re-charge during low demand periods.
In contrast to duration, the effect of frequency of outages is shown to be less pronounced. Although very frequent disruptions can result in the ES constantly engaging in discharging duty and thus consistently being at a low state-of-charge, transformers are in general resilient and rarely fail. As a result, it is possible to state that on average, most realistically-sized storage plants can return to their full energy capacity before the next outage event occurs. For this reason, there is little difference between the examined outage frequencies.
Impact of redundancy level of the existing network is also shown to be a substantial factor in ES security contribution. When operating under a relaxed redundancy level (e.g. N-0.75) there is a fundamental difference when compared to N-1 operation; single outages give rise to demand curtailment in the ‘network-only’ basecase. As such, ES can alleviate demand curtailment taking place in the basecase and lead to increased security contribution. However, there is also another effect at play that must be highlighted. When operating under a relaxed redundancy level, system load is at increased levels, meaning that the available energy import capacity of the network is reduced at all times compared to an N-1 system. This can compromise the ES ability to withstand single outages through periodic charging/discharging cycles. As a result, security contribution can be reduced in cases of significant redundancy relaxation e.g. N-0.25.
The storage’s ability to operate in islanding mode is also very significant under the N-1 redundancy level. In practice, contribution of storage under N-1 redundancy is zero since demand curtailment during double outages can be reduced through storage operation. However, the effect of islanding operation is much reduced when examining cases of relaxed network redundancy because the bulk of EENS is driven by single outage events.
Efficiency of the storage plant is shown to have minimal impact in cases of small energy capacity but can have a supressing effect for larger-sized plants. This is because when charging efficiency is low, more energy is required to charge to the same level of energy. As a result, in cases of large plants there may not be enough energy available to re-charge to high-enough energy levels until discharging actions must be performed. 
Finally, the undertaken analysis demonstrates that flatter demand profiles lead to reduced ES security contribution. This effect is due to the reduced re-charging capability during low-demand periods; a flatter demand profile means that the storage plant cannot import as much energy overnight thus compromising its ability to withstand single outage events via periodic re-charging.
Table 3 aggregates the high-level results of all the different analysis carried out. 



[bookmark: _Ref511404217]Table 3: High-level summary of the effect of different factors on ES capacity value.
	Factor
	Effect on ES capacity value

	Network MTTR
	Network MTTR is a very important driver of capacity value, since it determines the duration of network islanding. 
Large MTTR → small ES capacity value

	[bookmark: _GoBack]Network MTBF
	Network MTBF plays a less pronounced role on capacity value, since it does not directly impact the duration of network islanding. 
Large MTBF → large ES capacity value

	Network redundancy
	Level of network redundancy is important since it dictates the ability to charge during outage conditions. High network redundancy means better ability to charge, but also means that the network has less need for ES (high basecase EENS).

	ES efficiency
	ES efficiency becomes important when the ES size is comparable to the average network outage durations.
High ES efficiency → large ES capacity value

	Demand shape
	The flatter the demand, the less opportunities to charge during partial outage conditions.
Flat demand → small ES capacity value

	Islanded operation
	If the ES does not support islanded mode operation, it cannot support an increase in demand.
Inability to operate in islanded mode → zero ES capacity value

	ES availability
	The more reliable the ES is, the higher its capacity value.
High ES availability → large ES capacity value



Commercial viability
From the preceding analysis, it follows that ES can have substantial capacity value and can thus constitute an alternative to conventional network reinforcements. As such, it is important that distribution security standards are updated to consider the ability of ES to replace network upgrades. Given that ES can also provide other network services such as arbitrage, balance etc. it makes sense that ES may, in cases, be the optimal choice for a network reinforcement. Especially in cases where the storage is owned by a private profit-maximising entity it must be possible for the storage owner to monetise the benefit offered to the network users and the DNO. Currently no such market framework exists for distribution networks; the presented work constitutes a step towards updating the security standards and establishing the necessary mechanisms to enable cost-efficient deployment of ES.
There have been numerous discussions in the UK and other jurisdictions regarding how a DNO could procure and remunerate services from non-network solutions owned by profit-maximising third parties (e.g. see [1], [2] and [5]). In general, it is envisaged that DNOs could establish auction mechanisms where conventional reinforcement options are allowed to compete with smart technologies such as ES (e.g. see [38] and [39]). In such a case, the ES could bid for contracts providing capacity value to a network and would thus have to dedicate part of its power and energy capability to peak shaving and supporting the network during faults for a fee. Similar developments have recently taken place at the UK transmission level where ES participated in capacity auctions. However, a very simplistic de-rating approach was applied; only plants with over 4 hour duration could participate in which case a 96% de-rating factor was applied [40]. 
The primary aim of this paper is to clearly demonstrate that the capacity value of storage can vary greatly depending on the ES plant technical capability, the network reliability, the demand shape etc. warranting more sophisticated de-rating/capacity calculation methods. To this end, the paper provides a transparent and comprehensive methodology that can be used by DNOs to quantify the capacity value of ES and is a necessary step towards updating the distribution security standards and enabling the transition to the new energy paradigm where smart solutions are deployed alongside conventional assets and can compete on an equal basis.
On a related note, it is also important to note that the future capital cost of ES may be dependent upon its deployment rate; the more ES is deployed, the cheaper it may become in the future [41]. As such, the current regulatory and market gaps create a conundrum where they limit commercial viability of ES which in turn constraints the scope for capital cost reductions. Updating the security standards and regulation to fully acknowledge ES and level the playing field is in the long-term interest of consumers and will contribute to least-cost and future-proof decarbonisation of electricity systems.
Conclusions and Future Work
In this paper, a novel computationally-efficient method was proposed for calculating the security contribution of ES, expressed in terms of the ELCC capacity value. The method is the first to fully consider time-coupled ES operation and network faults and can be applied to electrical systems of arbitrary size and complexity. A large number of case studies was carried out to investigate the impact of different parameters resulting in the first comprehensive analysis of ES security contribution. 
In general, our analysis demonstrated that ES can provide substantial security support to distribution networks. However, the degree to which ES can contribute can vary considerably according to several parameters. Our research clearly shows that network and ES reliability, demand shape, islanding functionality and network redundancy are important drivers of capacity value. These findings highlight the danger of adopting a simplistic capacity value methodology that does not consider all these effects. This is in stark contrast to conventional assets whose contribution is much more straightforward to compute and not related to demand-side constraints and faults. In the interest of enabling ES to compete with other technologies in a level playing field, and fostering efficient investment signals, it is critical to remunerate ES for the security services they can provide. As such, fundamentally new regulatory paradigms are required; the presented methodology and analysis pinpoints important factors that must be considered in the future. 
Future research will focus on some practical challenges that remain unaddressed. In particular, the diverse factors affecting ES operation prohibit the concise codification of ES contribution into a manageable number of tables and formulas, as is the case with assets such as transformers and DG. As mentioned in [42] “mandating a methodology that creates complex modelling efforts could greatly increase the administrative burden”. To this end it is worth investigating the development of data-driven parametric formulas for computing ELCC contribution. 
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Et (MWh)



Pt (MW)	5	5	5	5	5	5	5	5	5	5	0	0	0	0	0	0	0	0	-0.71694800000000203	-1.640000000000001	-1.4072000000000029	-0.72742399999999896	4.3143999999998101E-2	2.5608759999999999	1.887552000000007	0	0	0	0	0	0	0	0	-1.0400000000004199E-2	-0.83684000000000203	-0.72742399999999896	-0.50393600000000305	1.485340000000001	0.593260000000008	-0.28394000000000102	-0.82520000000000204	-0.72276800000000196	-1.0626559999999969	-0.94160000000000099	1.0371999999999979	1.6191999999999991	0.14906800000000001	0.33879999999999899	0.69189600000000695	0	0	0	0	0	0	0	0	0	0	0	-0.39219200000000098	-1.0580000000000001	-0.83684000000000203	-5	-5	-5	-5	-5	-5	-5	-5	-5	-2.712967999999996	0	0	0	0	0	0	0	0	0	0	0	0	0	1.2219999999999991	1.4499999999999991	-0.37880000000000003	-1.2799999999999989	-1.013199999999999	0	0	1.1295999999999999	1.81	0.73719999999999997	1.24	2.5912000000000002	2.2816000000000001	2.8936000000000011	4.4560000000000013	5	5	5	5	5	5	2.860799999999998	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	
Pt (MW)



0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	3.8298760000000032	5	5	5	5	5	5	5	5	5	5	5	5	5	0	0	0	0	0.62919999999999898	1.5199999999999989	1.2799999999999989	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	5.6156799999999967	5.175688000000001	3.4250319999999999	3.6426999999999992	5.8252000000000006	6.64	5.9509120000000006	5.1687039999999973	4.0815279999999987	1.5428440000000001	0.49990000000000001	2.4771999999999998	2.56	2.0559999999999992	1.7968	1.6552	0.54400000000000104	1.66	4.5975999999999972	6.3999999999999986	6.2896000000000001	6.0592000000000006	5.7160000000000011	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	0	Time (hours)


Ut (MW)



2	
0.2	0.5	1	0.1806640625	0.1640625	0.154296875	5	
0.2	0.5	1	0.37109375	0.3515625	0.29931640625	10	
0.2	0.5	1	0.595703125	0.556640625	0.374755859375	Normalized Power Rating (%)


Normalized ELCC (%)


Energy Capacity (hours)



3h	0.73	0.99	1	0.47399999999999998	0.71399999999999997	0.94	0.33979999999999999	0.52900000000000003	0.71799999999999997	12h	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.33203125	0.615234375	0.859375	0.3046875	0.5458984375	0.6806640625	0.26220703125	0.357666015625	0.450439453125	24h	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.1806640625	0.37109375	0.595703125	0.1640625	0.3515625	0.556640625	0.154296875	0.29931640625	0.374755859375	240h	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	1.953125E-2	3.90625E-2	7.8125E-2	1.5625E-2	3.6999999999999998E-2	7.4999999999999997E-2	1.4E-2	3.5000000000000003E-2	7.2999999999999995E-2	
Normalized ELCC (%)




1 year	0.1806640625	0.37109375	0.595703125	0.1640625	0.3515625	0.556640625	0.154296875	0.29931640625	0.374755859375	5 years	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.17499999999999999	0.36499999999999999	0.58499999999999996	0.16200000000000001	0.34799999999999998	0.55400000000000005	0.153	0.29799999999999999	0.374	
Normalized ELCC (%)




N-1	0.72998046875	0.9912109375	1	0.47509765625	0.715087890625	0.94189453125	0.33984375	0.5291748046875	0.71875	N-0.75	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.61279296875	0.9283447265625	0.99853515625	0.451416015625	0.7802734375	0.976806640625	0.345703125	0.5968017578125	0.9073486328125	N-0.5	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.576171875	0.888671875	0.9912109375	0.47900390625	0.80859375	0.97265625	0.385986328125	0.71240234375	0.928466796875	N-0.25	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.5419921875	0.85693359375	0.9814453125	0.4833984375	0.80859375	0.9677734375	0.41455078125	0.74169921875	0.7835693359375	
Normalized ELCC (%)




N-1	0.1806640625	0.37109375	0.595703125	0.1640625	0.3515625	0.556640625	0.154296875	0.29931640625	0.374755859375	N-0.75	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.3948974609375	0.660400390625	0.8819580078125	0.26708984375	0.40869140625	0.50634765625	0.1907958984375	0.25341796875	0.3250732421875	N-0.5	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.289306640625	0.528564453125	0.709228515625	0.21923828125	0.34130859375	0.4658203125	0.155029296875	0.233642578125	0.32500000000000001	N-0.25	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.21240234375	0.40283203125	0.56884765625	0.1689453125	0.2822265625	0.41552734375	0.12548828125	0.21142578125	0.32500000000000001	
Normalized ELCC (%)




η = 1.0	0.1806640625	0.37109375	0.595703125	0.1640625	0.3515625	0.556640625	0.154296875	0.29931640625	0.374755859375	η = 0.9	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.1806640625	0.37109375	0.595703125	0.1640625	0.3515625	0.556640625	0.154296875	0.29931640625	0.36599999999999999	η = 0.7	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.1806640625	0.37109375	0.595703125	0.1640625	0.3515625	0.556640625	0.154296875	0.29931640625	0.35	
Normalized ELCC (%)




Original	0.47249999999999998	0.55800000000000005	0.59	0.57820000000000005	0.57599999999999996	0.6956	0.66220000000000001	0.71250000000000002	0.89280000000000004	0.96	0.93100000000000005	0.91200000000000003	0.89300000000000002	0.71609999999999996	0.70499999999999996	0.92069999999999996	1	0.98	0.92159999999999997	0.85540000000000005	0.6391	0.54749999999999999	0.58589999999999998	0.67	0.61739999999999995	0.57599999999999996	0.55459999999999998	0.45429999999999998	0.45	0.68820000000000003	0.86	0.93100000000000005	0.92159999999999997	0.90239999999999998	0.73150000000000004	0.71250000000000002	0.88349999999999995	0.93	0.92120000000000002	0.95040000000000002	0.94	0.77	0.72	0.84630000000000005	0.83	0.71540000000000004	0.6048	0.62980000000000003	0.48509999999999998	0.45	0.54869999999999997	0.59	0.58799999999999997	0.71040000000000003	0.80840000000000001	0.73150000000000004	0.72	0.89280000000000004	0.95	0.93100000000000005	0.91200000000000003	0.87419999999999998	0.7238	0.74250000000000005	0.93	1	0.94079999999999997	0.87360000000000004	0.7802	0.56210000000000004	0.47249999999999998	0.59319120000000003	0.59975999999999996	0.55977600000000005	0.53921280000000005	0.52797919999999998	0.43982399999999999	0.52836000000000005	0.76140960000000002	0.90439999999999998	0.89564160000000004	0.87736320000000001	0.850136	0.69638800000000001	0.67830000000000001	0.82338480000000003	0.89488000000000001	0.92363039999999996	0.91391999999999995	0.89488000000000001	0.70371839999999997	0.64973999999999998	0.73484879999999997	0.69496000000000002	0.58776479999999998	0.61232640000000005	0.56377440000000001	0.43982399999999999	0.42126000000000002	0.5223624	0.57120000000000004	0.69039039999999996	0.78597119999999998	0.850136	0.70371839999999997	0.68544000000000005	0.84109199999999995	0.90439999999999998	0.88631199999999999	0.84994559999999997	0.84118720000000002	0.72570959999999995	0.71399999999999997	0.88536000000000004	0.91391999999999995	0.84899360000000001	0.75855360000000005	0.65326240000000002	0.46181519999999998	0.47838000000000003	0.55777679999999996	0.57120000000000004	0.5504464	0.53921280000000005	0.53692799999999996	0.54244959999999998	0.61404000000000003	0.84109199999999995	0.91391999999999995	0.89564160000000004	0.868224	0.850136	0.69638800000000001	0.66402000000000005	0.83223840000000004	0.94247999999999998	0.93296000000000001	0.91391999999999995	0.85908479999999998	0.66706639999999995	0.59262000000000004	0.64631280000000002	0.59975999999999996	0.62508319999999995	0.57576959999999999	0.53692799999999996	0.43249359999999998	0.42126000000000002	0.53121600000000002	0.70448	0.80234559999999999	0.868224	0.85908479999999998	0.70371839999999997	0.67830000000000001	0.84109199999999995	0.90439999999999998	0.8676528	0.85908479999999998	0.88593120000000003	0.73304000000000002	0.71399999999999997	0.84994559999999997	0.86631999999999998	0.77435679999999996	0.66716160000000002	0.56377440000000001	0.49113679999999998	0.84596522	0.817388294	0.809386123	0.83656281	0.800484375	0.843711591	0.804323593	0.830341784	0.82826059	0.933172215	0.983675935	0.964839964	0.94802305	0.939171001	0.807771786	0.806608529	0.920997078	1	1	0.929450947	0.872528615	0.811594009	0.839067652	0.807308309	0.830103488	0.845774346	0.815558799	0.814132931	0.844837113	0.806581706	0.845132161	0.888419336	0.976100335	0.955124122	0.943833977	0.828704633	0.845501653	0.893270267	0.952700906	0.964079904	0.974588231	0.950865287	0.842873266	0.823031387	0.874311023	0.85000439	0.834713605	0.839503555	0.809470458	0.800483399	0.803964969	0.841167055	0.833619459	0.802660355	0.847200409	0.852953596	0.827431603	0.8383075	0.897347097	0.982333433	0.952284324	0.920026863	0.874734589	0.800535303	0.810801544	0.943740412	1	0.969780159	0.895269508	0.806259191	0.820832737	0.845909521	0.829149016	0.828039641	0.826187286	0.827981836	0.812892164	0.838125197	0.829611493	0.831085213	0.939072898	0.926042813	0.903308538	0.874876277	0.80378586	0.82438521	0.825690957	0.924000069	0.948137308	0.960221739	0.924875215	0.849976923	0.84823936	0.840078137	0.844889099	0.812487698	0.814510347	0.816073133	0.821849112	0.807954799	0.822750204	0.849680781	0.810361242	0.834323653	0.858477489	0.818415002	0.845191365	0.886576047	0.92432666	0.930555571	0.895188972	0.869140192	0.835720015	0.818850885	0.932896188	0.925429129	0.878087131	0.814605393	0.844695652	0.846901456	0.802950442	0.843863105	0.804087511	0.842253948	0.834051526	0.83871076	0.839959379	0.8319719	0.878365377	0.934027735	0.919067263	0.894629035	0.888660477	0.835363276	0.816851434	0.866076117	0.982630277	0.934765092	0.932743827	0.86655137	0.811955347	0.83325832	0.807808921	0.827271285	0.800628851	0.840187216	0.849298049	0.811555819	0.801568969	0.807147764	0.807004608	0.846913638	0.913446672	0.870722382	0.812460222	0.835256801	0.885799501	0.921703617	0.867713885	0.906595264	0.908348568	0.821601149	0.843099317	0.86391143	0.911955818	0.801576897	0.826419818	0.824824407	0.800455716	0.84596521986265805	0.81738829412554903	0.80938612318428804	0.83656281040991698	0.80048437511873904	0.84371159068173796	0.80432359262066699	0.83034178428838401	0.82826059023214604	0.93317221483404	0.98367593518461105	0.96483996421638596	0.94802304994569497	0.93917100109352802	0.80777178632322599	0.80660852910223502	0.92099707767226502	1	1	0.92945094662885097	0.87252861517584801	0.81159400923366798	0.83906765153921503	0.80730830914823004	0.83010348824990599	0.845774345676507	0.81555879945355603	0.81413293068313797	0.84483711348639601	0.80658170646564398	0.84513216140937197	0.88841933636175796	0.97610033459447298	0.95512412239986	0.94383397741234398	0.82870463327503996	0.84550165255103105	0.893270266569129	0.952700906473677	0.96407990388679199	0.97458823113978099	0.95086528719326702	0.84287326607246404	0.82303138718452795	0.87431102283095696	0.850004390179112	0.83471360490702395	0.839503554678943	0.80947045778609705	0.80048339941746804	0.80396496894537195	0.84116705516247803	0.83361945944588101	0.802660354801919	0.84720040870681901	0.85295359632492596	0.82743160280599404	0.83830750014400002	0.89734709695411097	0.98233343337083601	0.95228432373412297	0.920026863398548	0.87473458879937505	0.80053530314864496	0.81080154353426204	0.94374041245816898	1	0.96978015937677697	0.89526950836737895	0.80625919127452705	0.82083273713565397	0.84590952057479096	0.82914901554425402	0.82803964054404799	0.82618728631538896	0.827981835793276	0.812892163882733	0.83812519703261201	0.82961149280049795	0.831085213112292	0.93907289845869801	0.92604281300415903	0.90330853819600299	0.87487627687862501	0.80378585988818996	0.82438521039639701	0.82569095706401896	0.924000068537985	0.94813730839682597	0.96022173883752004	0.92487521517914595	0.84997692328395202	0.84823936022199697	0.84007813721439195	0.84488909923531497	0.81248769792286302	0.81451034692647695	0.81607313254021696	0.82184911169240504	0.80795479864731301	0.82275020405811194	0.84968078110244505	0.81036124243668395	0.83432365328143898	0.85847748942104096	0.818415002219406	0.84519136493442104	0.88657604668157097	0.92432665984163698	0.93055557066782801	0.89518897202826297	0.86914019234378803	0.83572001458815703	0.81885088521801397	0.93289618819439801	0.92542912929829402	0.87808713058686105	0.81460539307695501	0.84469565222198395	0.84690145614886903	0.80295044162357998	0.84386310481663596	0.80408751085817898	0.84225394831426303	0.83405152641359903	0.83871075972999398	0.83995937918434704	0.83197189979653596	0.87836537685423	0.93402773530799799	0.91906726283353701	0.89462903491906698	0.88866047651790103	0.83536327603578298	0.81685143441083696	0.86607611721955402	0.98263027686108895	0.93476509168697297	0.93274382695987301	0.86655137034692697	0.81195534652242995	0.83325832034519698	0.80780892148476002	0.82727128484676105	0.80062885134120299	0.84018721630344895	0.84929804917574303	0.81155581919707698	0.80156896911939302	0.80714776397897803	0.80700460752164105	0.84691363758516203	0.91344667159556603	0.87072238192630103	0.81246022232326198	0.83525680071863795	0.88579950051511402	0.92170361668367196	0.86771388514895298	0.90659526432135296	0.90834856827597699	0.82160114858881395	0.84309931714490305	0.86391143044475305	0.91195581827671401	0.80157689712629998	0.82641981754982197	0.82482440708482296	0.80045571572347596	Time (hours)


Demand (%)



φ = 0.0	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.1806640625	0.37109375	0.595703125	0.1640625	0.3515625	0.556640625	0.154296875	0.29931640625	0.374755859375	φ = 0.8	20%/2h	20%/5h	20%/10h	50%/2h	50%/5h	50%/10h	100%/2h	100%/5h	100%/10h	0.16500000000000001	0.35	0.57499999999999996	0.156	0.33800000000000002	0.42199999999999999	0.154	0.216	0.26100000000000001	
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Abstract


 


Security of supply in electricity d


istribution networks ha


s


 


been 


traditionally 


delivered by 


conventional 


assets such as transformers and circuits to supply energy to consumers.  Although non


-


network 


solutions, such as energy storage (ES), can also be used to 


provide 


security of supply by carrying out 


peak shaving and maintaining supply for the du


ration of a network outage,  


present


 


network 


design 


standards do not provide a framework for quantifying their security contribution


 


and corresponding 


capacity 


value


.


 


Given the fundamentally different operating principles of ES, it is imperative to develop


 


novel methodologies for assessing its contribution to security of supply and enable a level playing field 


to be established for future network planning


. To this end, a novel probabilistic methodology based 


on chronological Monte Carlo simulations is devel


oped


 


for computing


 


the effective load carrying 


capability of an energy storage plant
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Substantial computational


 


speed


-


up


 


is achieved


 


through


 


event


-


based modelling


 


and 


decomposi


ng


 


between energy and power constraints


.


 


The paper undertakes


, for 


the first tim


e, the in


-


depth analysis of 


key 


factors that can affect ES security contribution; plant and 


network outage frequency and duration, network redundancy level, demand shape, islanding 


operation capability and ES availability.


 


ES capacity value is shown 
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rease in networks with an 


unreliable connection to the grid; time to restore supply is shown to be more important that frequency 


of faults


.
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apacity value 


increases


 


in cases of 


peaky


 


demand profiles


, while


 


t


he ability to operate in 


islanded conditions is 


shown to be a critical factor.


 


These findings highlight


 


the need for sophisticated 


network design standards


. The proposed methodology enables planners to consider ES solutions and 


allows network and non


-


network solutions to compete on an equal basis for se


curity provision


.
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apacity markets are uneven playing fields that ignore energy storage


.
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A


 


novel 


Monte Carlo method for calculating ELCC of energy storage


 


is presented


.


 


·


 


Energy storage is shown to be fundamentally different to conventional assets


.
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Beyond storage size, network reliability and demand shape are important factors.


 


·


 


Development of n


ew network standards 


considering these effects is a high priority. 
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