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Abstract 

In this paper, a method is presented to maximize the revenue from price difference due to the 

presence of storage systems in the power system with a high penetration level of wind resources. 

To account for price changes due to the profitability of price differences, a two-level model is 

presented that maximizes the earnings from price differences and has been carried out at a low 

level of market-clearing procedure. The high level uses low-level production prices and adjusts 

the storage outputs that affect the low-level price. Conversion techniques have been used for 

single-line programming with respect to system balance constraints. In order to check the 

performance, the proposed method will be implemented on the IEEE 118 bus test network. 

Analyzing the results revealed that the proposed method has improved significantly compared 

with the traditional method and has been able to achieve higher arbitrage income. By applying a 

two-level model can soften clearly the marginal price by lowering the price at peak times and 

raising it at non-peak times and the storage’s charging power of the traditional model is much 

lower than that of the two-level model at low marginal hours. The results show that proposed 

algorithms can increase revenue from traditional to two-level models from $ 43280 to $ 65700, 

respectively. 
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1. INTRODUCTION 
 

In recent years, the electricity industry has 

faced a dramatic increase in the use of non- 

 

 

 
dispatchable energy sources. This dramatic 
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designers and researchers. Storage systems 

are used to enhance system flexibility to 

address problems such as resource 

uncertainty. Based on hourly price 

differences, these systems absorb energy at 

off-peak hours and network it at peak hours, 

leading to profitability from price 

differences. This exploitation of storage 

systems is particularly useful in systems with 

a high level of resource penetration in the 

power shifting role. Studies on storage 

systems are divided into long-term and short-

term categories, which long-term studies 

focus on sizing strategies, position design and 

revenue assessment, and short-term studies 

focus on day-to-day maximization strategies 

in real-time and real-time markets. In the 

long-term run, profits from price differences 

are usually estimated annually. Basically, the 

profitability of the price differences for the 

storage depends on the price differences over 

time. Charging occurs when marginal prices 

are low and discharge occurs when prices are 

high, which storage system reduces the 

margin of profitability resulting from price 

differences. This is because the storage 

system monitors load changes in the 

profitability situation caused by price 

differences and minimizes drastic price 

changes through pickup and filling. 

Renewable energy products have low energy 

costs and high power fluctuations, which 

further exacerbate price changes and cause 

sharp market price jumps. Connecting 

renewable energy sources has increased the 

power quality challenges of traditional power 

systems [1]. Dispatching variable power 

sources increases power supply 

Disconnections, increasing the risks of 

continuous fluctuations in network sability 

[2]. Some recent reports demonstrate an 

increase in the share of renewable energy 

sources in total European and US electricity 

production over the years to come [3]. Most 

existing sources of thermal power generation 

do not respond to unexpected sudden changes 

in variable sources [5 and 4]. This has led 

power system users to provide solutions to 

stabilize the network against production 

changes. Storage systems are one of the most 

flexible resources in the power system which 

is a solution to undo these changes [6]. 

Energy storage systems are divided into three 

categories: small, medium, and large 

according to different applications [8 and 7]. 

Because the exploitation of renewable 

sources has created challenges in the power 

fluctuations that make power system 

equipment difficult [9]. The storage systems 

are capable of recovering the voltage by the 

reactive power supply and enable thermal 

generators to track their timed output in terms 

of baseload values [10]. Storage systems are 

particularly popular among power system 

users because of the improved power quality 

[11]. Some studies focus on the 

characteristics and utilization of different 

storage technologies. Other researchers are 

studying the modeling and sizing of energy 

requirement-based storage systems for 

unlimited power grids. However, there is a 

need to provide a way to choose the best 

storage technology to be present in the 

confined power grid and the competitive 

electricity market. 

 Energy storage systems are of great 

importance because of their integration with 

renewable energy sources and the elimination 

of their challenges. In addition, supplying 

large volumes of stored electricity has made 
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these resources extremely efficient in power 

systems. Using storage systems in high 

penetration of cross-sectional sources, 

improving network reliability by increasing 

transmission capacity and improving power 

quality by eliminating voltage fluctuations 

are the most important applications of storage 

systems. Storage systems are also cost-

effective. They do not have rotary storage 

systems, so their maintenance costs are lower 

and their troubleshooting is easier and faster 

[12]. The addition of many renewable energy 

sources causes more voltage flickers and 

more frequency fluctuations. Traditional 

power stations are operated on a timed basis 

to meet demand in terms of peak load 

information. The effects of renewable power 

stations in this situation should be controlled 

using storage resources. In order to use 

electricity generated by wind power plants, a 

certain amount of electricity from other 

sources must be available to maintain the 

grid's stability. This is an important issue 

highlighted by European countries such as 

Spain and Denmark. The storage system can 

be used to prevent the installation of new 

production capacity required [13]. The 

storekeeper stores any unused electricity 

from solar and wind power plants during low 

load hours and delivers low power output. 

The storage system supports photovoltaic 

systems in recovering voltage drop under 

cloudy weather conditions resulting in soft 

output [14]. The loads on each network are 

not always constant and vary at different 

times of the day and year. Courier demand is 

normally seen at every hour of the day and 

season to ensure the required amount of 

demand is generated. To meet demand during 

peak hours, the cost of electricity increases. 

In order to prevent the exploitation of these 

non-economic power products, the storage 

systems can be used to save electricity during 

off-peak hours and to provide during the 

productive hours, which helps reduce costs 

and build new power plants. The decline in 

traditional production during peak hours also 

results in a reduction in greenhouse gases 

[15]. Storage systems are useful for 

recovering the voltage of generators 

connected to the grid during a fault in the near 

grid. This also makes it possible to reach the 

maximum power of generators, which 

normally has problems with low voltage 

operating conditions. Storage systems can 

also be used as a substitute for power 

compensators. Normally high voltage 

gradient generators are also used to 

compensate the voltage. The storage systems 

are also addressed and provide the reactive 

power needed to stabilize the voltage levels 

at specified regulatory points during sudden 

shortages of wind speeds. However, for faster 

switching, the storage system should be 

connected to FACTS devices or 

compensators such as STATCOM. Operation 

reserves are available to compensate sudden 

changes in load and power supply for the 

generator loss situation. Operating reserves 

are normally considered to be as much as the 

capacity of the largest generating unit on the 

grid. Storage systems can help replace 

rotating reserves to reduce fuel usage costs. 

The article [16] discusses the sizing of 

storage energy sources to counteract the 

voltage effects of renewable sources in 

distribution systems. 

 Another parameter that is considered in 

[17] is the cost of the storage system that 

must be taken into account. Because the large 
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distributed storage system eliminates voltage 

fluctuations better than the small centralized 

storage system, the λcost coefficient 

introduces a compromise between the voltage 

support benefit and the storage cost. In this 

reference, the problem- solving method is 

based on a two-level optimization of genetic 

algorithm. Article [18] deals with the 

comparative study of storage devices in the 

grid-connected photovoltaic systems. It is 

noted in this reference that few studies that 

have simultaneously examined the capacity 

of hydrogen storage units and the operation 

strategy. Generally, grid-connected storage 

systems and photovoltaic systems have been 

studied in [19]. Storage system capacities and 

operation parameters are optimized 

simultaneously using the genetic algorithm. 

Article [20] deals with the sizing of energy 

reserves for the management of micro-grid 

utilization using the enhanced bat algorithm. 

In this reference, a cost-based formulation to 

determine the optimal storage size for micro-

grid operation is presented. In [21], 

Economic Analysis, optimum sizing of the 

storage system in combination with 

photovoltaic systems is presented. This 

reference points out that most of the research 

is from a network perspective and its purpose 

is to optimize the part of the distribution 

network that needs to know the network 

model and input information. Article [22] 

discusses the optimal operation and sizing of 

energy storage system under dynamic pricing 

for the efficient integration of renewable 

energy sources. The reference states that the 

network power has a real-time and the price 

depends on the operating time, while the 

marginal cost of renewable resources is zero. 

[23] also deals with the issue of energy 

storage size in terms of uncertainty. In this 

reference, the energy storage system is 

suggested as a solution to reduce the slope of 

generators and peak and forecast errors 

compensation. Optimal sizing of the storage 

system is considered as the main issue of this 

reference. [24] also deals with spatial 

modeling of wind production for optimal 

sizing of storage system. In this reference, 

appropriate random power modeling of wind 

power is discussed to model the uncertainty 

observed in the wind data. [25] also presents 

a probability-based approach for optimizing 

the storage resources in the presence of 

photovoltaic systems and household 

appliances. In this reference, the proposed 

instrument inputs include home load profiles 

and solar radiation information, and outputs 

include total load profiles with and without 

energy management for various storage and 

photovoltaic installation capacities. In [26], a 

robust model predictive control (RMPC)-

based bidding strategy for wind-storage 

systems is used to increase their revenue in 

real-time energy and regulation markets. [27] 

presents a decision framework for respecting 

the market constraints and maximizing the 

revenues of a wind-storage based hybrid 

power plant. Ref. [28], presents a novel 

model to optimize the bidding strategy of a 

wind farm coupled with a high-temperature 

heat and power energy storage system (based 

on different designs) in the energy market. 

[29] uses case for the mobile battery storage 

converting curtailed wind energy into an 

asset is investigated. 

 For this reason, in this paper, we intend to 

focus on the studies of price differences 

resulting from the presence of storage 

systems in the power system with a high level 
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of penetration of wind resources. To account 

for price changes due to the profitability of 

price differences, a two-level model is 

presented that maximizes the revenue from 

price differences and at a low level, there will 

be a market-clearing procedure. The high 

level uses low-level production prices and 

adjusts the storage system outputs that affect 

the low-level price. We will use conversion 

techniques for single-line programming 

concerning for to system equilibrium 

constraints. The proposed method will be 

implemented on the IEEE 118 bus test 

network. The innovation aspect of this paper 

is based on maximizing the income from 

price differences due to the presence of 

storage systems in the power system with a 

high level of penetration of wind resources, 

which has been less discussed in the articles. 

Two-level modeling based on high-level and 

low-level is used, which is the latest 

optimization method. At the highest level, 

maximizing revenue from price differences 

will be done and at the lower level, the 

market-clearing procedure will be 

implemented. We will also use conversion 

techniques for single-line programming with 

respect to system balance constraints. 

 

2. GENERAL DESCRIPTION OF THE 

ARBITRAGE FRAMEWORK 
 

To determine the amount of energy storage 

arbitrage, various methods are used, such as 

the economic feasibility method, which 

compares the annual income requirements 

with the investment cost to the arbitrage 

income probability. The amount of arbitrage 

is separated from other services. Due to the 

complexity of the analysis, estimating the 

amount of arbitrage work is complex. The 

economic feasibility of energy arbitrage is 

defined by the financial flow when the total 

revenue from the arbitrage service exceeds 

the cost recovery requirements. 

The following relationship indicates the main 

parameters of the financial flow [26]. 
 

(1) 
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 In the above relation, 𝑃 is the storage 

capacity per kW, η is total storage efficiency, 

𝑑 is the storage time to maintain output power 

at 𝑃 rated capacity per hour, 𝑑0 duration of 

storage capacity at rated capacity 𝑃 in hours 

per day, 𝐷 denotes the number of days of 

storage operation per year, P0, Non-peak 

price in dollars per MWh, 𝑝𝑝 , peak Hour-

prices in US dollars per MWh, 𝐶𝑆𝑡𝑜 is the 

incremental cost of the power saver in dollars 

per kWh, 𝐶𝑃𝐶𝑆 is the incremental cost of the 

power electronics storage system, and the 

annual cost alpha factor. 

 Assuming the energy storage system 

operates daily throughout its period, 𝑑 = 𝑑0, 

and by resetting the above equation to solve 

the 𝐶𝑆𝑡𝑜 investment cost, we will have: 
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 Assuming that the incremental cost 

associated with power electronics is known, 

the incremental cost required to store is a 

function of the non-peak price, the difference 

between the pick and non-peak price 

expressed as a ratio, and the efficiency, 

number of days of operation, and 

annualization factor. 
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2.1. Real Time Energy Arbitrage in the 

Market 
 

In [30] a temporary arbitrage policy for 

energy storage systems using robust learning. 

Real-time price arbitrage is provided and it is 

an important source of revenue for storage 

units, but designing appropriate strategies for 

these revenues is a complex task due to the 

highly uncertain nature of prices. Instead of 

linear forecasting or scheduling methods, 

Robust learning has been used in [30] to 

design optimal arbitrage rules. These rules 

are learned by repeating the charging and 

discharging procedures by updating the 

corresponding matrix. In this reference, a 

reward function that reflects the immediate 

benefits of charging and discharging 

decisions and includes the share of historical 

information is presented. 

 In [31], the problem of optimizing energy 

arbitrage for a linear piecewise cost function 

for energy savers is solved using linear 

programming. The linear programming 

formulation is based on epigraph 

minimization. [32] discusses the 

opportunities available in the day-ahead 

markets and the real time for storage 

arbitrage. This reference points out that the 

power storage system is a unique system in 

the network capable of providing multiple 

services. These services are categorized 

based on charging and discharge profile 

specifications. Energy applications are 

usually extended over long periods of time 

and power applications are shorter in time 

scale and are used for network stability. [33] 

presents a method for the optimization of 

combined stochastic robustness for energy 

storage arbitrage in real-time and day-ahead 

energy markets. The reference points out that 

from a system standpoint, the storekeeper is 

capable of providing peak response and 

flexibility to cope with the uncertain 

environment of renewable resources, 

reducing losses and promoting system 

resilience. [34] provides a method for 

estimating long-term revenue for the battery 

in performing arbitrage and attendance 

services. The reference states that estimating 

storage revenue is necessary to analyze the 

financial feasibility of investing in batteries. 

[35] provides a multi-objective optimization 

of energy arbitrage in energy storage systems 

using different battery technologies. The 

reference points out that the power system 

requires an extra degree of flexibility to 

provide a platform for high-scale integration 

of renewables. In [36], the mean-variance-

based scheduler optimization method with 

reference to real-time and day-ahead 

marginal price uncertainties is presented. In 

this reference, marginal prices are considered 

uncertain. Stock arbitrage risk associated 

with the uncertainty of margin price 

prediction is modeled through the variance 

component in the objective function. 

 Studies on the stock price arbitrage 

problem are divided into long-term and short-

term categories based on time horizon. Long-

term studies are cost analysis and include 

position design, storage size, and earnings 

assessment. Short-term studies focus on 

maximizing daily profits in the real-time and 

day-ahead markets. In long-term studies, the 

arbitrage benefit is estimated annually in a 

linear programming model in [37] with 

reference to the storage system lifetime. The 

optimal type of storage system, the 

configuration of capacity and the power of 

storage system have been studied in [38] 
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using a linear programming model based on 

historical price information. Similarly, 

arbitrage income in the New York electricity 

market and its effects on storage efficiency 

are examined in [39]. In these studies, 

different models have been used to examine 

the different price signals for maximizing 

daily arbitrage. 

 In essence, price arbitrage refers to price 

differences over time [40]. Charging occurs 

when marginal prices are low and discharges 

occur when prices are high. Therefore, the 

storage in the arbitrage mode reduces 

marginal price deviations due to load changes 

and the storage improves the situation by 

using peak curve and filling curve valleys. 

Contrary to this situation, renewable products 

have low energy costs, but widespread power 

fluctuations that lead to price deviations and 

can lead to unwanted marginal price jumps. 

From the perspective of private storage 

owners, markets with high levels of 

renewable sources are more popular because 

of price deviations, lower reserve margins, 

and higher flexibility slope requirements. 

The study of the storage arbitrage is of great 

interest considering the effects of momentary 

price changes and price deviations from 

renewable sources. 

 One of the features discussed for 

arbitrage studies is that arbitrage models 

require price signals as model inputs. These 

models are known as price receivers. For 

example, linear planning based on estimates 

uses historical or pre-calculated prices. The 

robust model uses price range and the 

stochastic model uses price forecasts and 

scenario reduction methods. These models 

cannot directly detect the effects of storage 

operations on marginal prices and, 

ultimately, their effects on arbitrage income. 

Therefore, a more sophisticated model is 

needed for arbitrage evaluations of the 

storage system, especially in the case of large 

storage systems with significant capacities 

and capabilities. 

 Next, after modeling the market structure, 

the issue of storage arbitrage revenue studies 

can be applied to existing storage systems or 

used in cost-benefit analysis at the design 

stage. To account for price changes following 

arbitrage activities, a two-level model is 

presented to maximize arbitrage in the high-

level model and the market adjustment 

procedure at the lower level is simulated. 

Rather than relying on price inputs or price 

forecasts, the high level uses low-level prices 

and adjusts the storage's output, which in turn 

affects the low price. Linear conversion 

techniques are used to reformulate the 

problem and state the problem as one-level 

mathematical programming with equilibrium 

constraints and finally solve the problem 

based on a hybrid integer linear 

programming. In fact, the market structure of 

the study is presented in accordance with the 

standard rules, which allows the storage 

owners to participate in the day-ahead market 

for arbitrage activities. Also, in this paper, 

traditional arbitrage models are generalized 

to the two-stage model, which includes 

arbitrage estimation and price forecasting. 

This model presents a generalized production 

method with wind forecasts and streamline 

constraints. A two-level arbitrage estimation 

model is presented that does not rely on price 

inputs and can derive marginal prices based 

on system production, load level, and 

renewable output fluctuations 

simultaneously. This paper will also evaluate 
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the effects of key factors such as power and 

energy storage capacity, load level, and wind 

power capacity. 

 

2.2 Modeling Market Structure 
 

Arbitrage prices for large storage systems 

generally run in the wholesale markets of the 

day-ahead, ie the markets with the largest 

share of power supply and demand are being 

met in those markets. Fig.1 displays the 

wholesale market structure of the day-ahead 

with three types of contributors. Production 

companies and wholesale subscribers in the 

market are partnering with freelance 

marketers in offering up-to-date high-

capacity bids and related demand. At a fixed 

time to close the market, the operator adjusts 

the market according to the transmission 

network and the dispatched levels and related 

prices for the next day. The role of the 

arbitrage partnership with the orientation of 

arbitrage in the market is a buyer-seller 

exchange. Unlike manufacturers or 

consumers who can bid on prices or set their 

preferred price for purchase, storekeepers 

offer their buy or sell offers at zero prices for 

arbitrage purposes due to low capacity. 

Storage price level contributors do not add 

buy or sell bids. These contributors can 

influence marginal market prices at some 

critical levels of the load. Unlike other market 

participants, the storage pays or receives an 

instant price for energy purchased from the 

market or resale. This assumption is in line 

with the standards of [41] to allow 

storekeepers to participate in wholesale 

markets. 

 

2.3. Modeling the Storage Arbitrage 
 

The main characteristic of traditional 

arbitrage models is that these models require 

price information as input, which will be 

required even if price information comes  

 

 
Fig. 1. Wholesale market structure of the day ahead. 
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from various forms such as corrected 

historical information, or time series 

forecasts. The objective function for the time 

interval y is formulated in relation 3, which is 

to maximize the arbitrage annual income and 

the sum of the revenue over all time-

intervals. This is equal to the sum of the 

discharge revenue minus the recharge costs 

as follows: 

 

(3) 

𝑀𝑎𝑥 𝑅𝑦 = ∑ ∑ (𝜋𝑛,𝑡 ∗𝑖,[𝑛∈𝜓(𝑖)]𝑡

𝑆𝑖,𝑡) = ∑ ∑ {𝜋𝑛,𝑡 ∗ (√𝜂𝑖𝑃𝑖,𝑡
𝑑 −𝑖,[𝑛∈𝜓(𝑖)]𝑡

𝑃𝑖,𝑡
𝑐 /√𝜂𝑖)  

 

 In the above relation, t is the time-interval 

index in the time horizon from t0 to t0 + h-1 and 

i is the index of the store from 1 to I. Ry 

denotes the income of the storage arbitrage at 

interval y and the sit is the output power at 

time t seen from the network per MW. S is 

negative for the absorption of power and 

positive for the injection of it. Also, the πnt is 

the marginal price inputs at bus n at time t, 

Pd
it and Pc

it are the discharge and internal 

charging capacities of the ith storage at t time, 

respectively. Also, ψ (i) is the bus to which 

the ithstorage system is connected. The ηi 

efficiency is defined as the ratio of the energy 

given to the storage received energy. 

 This efficiency is used in place of 

separate charging and discharging 

efficiencies derived from [42]. In an ideal 

situation with no power losses, Ry's income 

is always non-negative, as the storekeeper 

has to sell energy at high margin prices and 

buy energy at low power hours. 

 The ith storage available energy at the end 

of time t, is the Eit, which is determined by 

the energy remaining at time t-1, the daily 

discharge rate γi, the negative / positive 

energy stored / fed at time t. The energy 

available to the storage system is determined 

as follows: 
 

(4) 
𝐸𝑖,𝑡 =

(1−𝛾𝑖)

24
∗ 𝐸𝑖,𝑡−1𝛥𝑡 − (𝑃𝑖,𝑡

𝑑 −

𝑃𝑖,𝑡
𝑐 )𝛥𝑡  
 

 In this equation, Δt is the time interval 

between two consecutive intervals that is 

considered in this study. 

 Storage systems also face physical 

limitations. The most common of these 

limitations are the charge status (SOC) and 

the power limit. The SOC constraint 

represents the residual energy level over a 

given interval, namely the charge status is in 

terms of available capacity per percent based 

on nominal capacity. The storage power limit 

also refers to the charging and discharging 

capacities in nominal values. These physical 

constraints are expressed as follows: 
 

(5) 𝑆𝑂𝐶𝑖,𝑡0+ℎ−1 = 𝑆𝑂𝐶𝑖,𝑡0    𝑡 = 0 

  

(6) 𝑆𝑂𝐶𝑖,𝑚𝑖𝑛 ≤
𝐸𝑖,𝑡

𝐸𝑖𝑚𝑎𝑥
≤ 𝑆𝑂𝐶𝑖𝑚𝑎𝑥 

  

(7) 
0 ≤ 𝑃𝑖,𝑡

𝑑 ≤ 𝛼𝑖,𝑡
𝑑 𝑃𝑖𝑚𝑎𝑥

𝑑    0 ≤ 𝑃𝑖,𝑡
𝑐

≤ 𝛼𝑖,𝑡
𝑐 𝑃𝑖𝑚𝑎𝑥

𝑐     

  

(8) 𝛼𝑖,𝑡
𝑑 + 𝛼𝑖,𝑡

𝑐 ≤ 1    
 

 In the above equations, SOCit0 and  

SOCit0 + h-1 are the starting and ending states 

of the charging respectively. SOCimin and 

SOCimax are high and low charge status 

constraints. Eimax is the Power Capacity and 

Pd
imax and Pc

imax are the nominal values of the 

discharge and charge respectively. αd
it and 

αc
it are also discharged and charged in binary 

displays, respectively. 
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 The traditional arbitrage model, 

expressed in equations 3 to 8, is a linear 

programming. This model takes the marginal 

price of πit as input and hence, the model is 

strongly dependent on this parameter. The 

solution to this problem generates arbitrage 

income during the period under study and 

provides the power outlet pattern for 

achieving the desired income. This model is 

applicable to arbitrage-free storage capacities 

that are too small to affect marginal prices. 

 The traditional model of storage arbitrage 

has three main problems. The first problem 

with this model is that it is not applicable to 

large-scale storage devices, where their 

outputs affect market clearing prices [43]. 

The second problem with this model is the 

lack of power line constraints that cannot be 

limited without generator information, 

network and loads. This enables storage 

systems to utilize their power output to the 

maximum possible amount at any time and to 

generate unavailable revenues at high 

capacities. The third problem with the 

traditional arbitrage model is that it is not 

generalizable to future scenarios. Because 

price information is only related input, the 

traditional model cannot directly use 

production information and new load 

profiles, and should use a pricing technique 

to pre-process inputs. 

 

2.4. Price-Based Market Model 
 

Price production in the day-ahead market is 

studied in [44]. Among the various methods, 

the market simulation method irritates the 

market- clearing procedure by the market 

operator based on specific sales offers, load 

buy offers, and network parameters. Details 

of the market simulation model based on the 

low-level model are covered in the following 

equations. It is worth noting that in traditional 

storage modeling, the uncertainty of its price 

production strategies is not taken into 

account. Indeed, the pricing model that 

incorporates storage strategies is a two-level 

model [45]. The mentioned second and third 

issues address the challenges of the 

traditional storage arbitrage model in the 

production-based market simulation 

approach. First, future scenarios can be 

illustrated by generating new pricing 

information based on new production bid, 

load purchase bid, and network information. 

Second, the load distribution constraints of 

the lines can be constrained by equation 9, 

which is added to equations 3 to 8: 
 

(9) 
−𝐿𝐿𝑙 ≤ 𝐿𝐹𝑙𝑡

𝑖𝑛 + ∑ 𝐺𝑆𝐹𝑙𝑛 ∗𝑛

𝑆𝑖𝑡 ≤ 𝐿𝑈𝑙  𝑖 ∈ 𝛩(𝑛), ∀𝑙, ∀𝑡  
 

 In the above equation, l is the bus symbol 

from 1 to N and LFin
lt is the load distribution 

information of the solved lines with the 

market simulation model. LU and LL are 

high and low power constraints on the line 1, 

and GSFln is the power shift coefficient from 

n bus to line 1. Si is also the output power of 

the storage system. 

 If there are multiple storage systems, the 

output of them will be correlated with the 

constraints of the lines. The market 

simulation model with similar production, 

load, and network information is used to 

generate price signals in the proposed two-

level model. 

 

2.5. Modeling the Two-level Arbitrage 

Storage system 
 

Compared to the traditional model, the 

proposed two-level arbitrage storage method 
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also incorporates marginal price information 

from the low-level market settlement 

procedure. Using good information such as 

wind forecasts, and estimated sales forecasts, 

the two-level approach can provide more 

accurate forecasts of marginal prices and 

more appropriate arbitrage estimates. In 

practice, a detailed model of the transmission 

network is used by the market independent 

operator to calculate prices per bus. When the 

storage arbitrage operations are present, this 

detailed model becomes complicated. In this 

paper, the linearized optimized load 

distribution method, i.e. DC load distribution, 

is used in the market clearing model to 

incorporate the storage effects on marginal 

prices in the network. Using the two-level 

formulation, the Arbitrage Storage Model 

and the Simulated Market Clearing Model 

become a two-level optimization problem. 

The high level is a matter of arbitrage from 

the point of view of the holder and the low 

level is the market clearing procedure. The 

two problems are related to each other with 

the LMP variable (πnt) and the storage time 

(Sit). The optimization model is shown in 

equations 10 to 17. 
 

(10) 𝑀𝑎𝑥 𝑅𝑦 = ∑ ∑ 𝜋𝑛𝑡𝑆𝑖𝑡𝑖:[𝑛∈𝜓(𝑖)]𝑡   
 

 The above equation seeks to maximize 

storage arbitrage revenue based on two 

factors: price and storage capacity. The above 

equation has some constraints, which include 

the constraints of equations 4 to 8. 

 In the low-level market-clearing model, 

the objective function 11 seeks to minimize 

productive payments in order to maximize 

social welfare for a fixed burden. 
 

(11)  𝑚𝑖𝑛 ∑ ∑ 𝑐𝑗𝑡𝐺𝑗𝑡

𝑗𝑡

      ∀𝜋𝑛𝑡 ∈ arg 

 

 In the above equation cjt is the proposed 

price of unit j and Gjt is the power output of 

unit j at time t in MW. Also, j represents the 

index of production units from 1 to j. In this 

respect, Arg or Argument means the range in 

which the price is defined. 

 Equation 12 guarantees the power 

balance between production and load. 
 

(12) 
∑ 𝐺𝑗𝑡𝑗 + ∑ 𝑆𝑖𝑡𝑖 = ∑ 𝐷𝑑𝑡𝑑 −
∑ 𝑃𝑤𝑡𝑤 ∶ 𝜆𝑡   , ∀𝑡  

 

 In the above equation, G is the production 

of generators, S is the amount of storage 

power, D the load rate, which d is the index 

of loads from 1 to D, and Pwt is the produced 

power of the wind units and the w is the index 

of these units from 1 to W.  λ also represents 

the Lagrangian coefficient of this relation. 

 Equation 13 also determines the load 

distribution constraints of the lines in which 

Θ (n) represents the components connected to 

the bus n. 
 

(13) 

−𝐿𝐿𝑙 ≤ 𝐿𝐹𝑙𝑡

= ∑ 𝐺𝑆𝐹𝑙𝑛(𝐺𝑗𝑡 + 𝑆𝑖𝑡 + 𝑃𝑤𝑡 − 𝐷𝑑𝑡)

𝑛

≤ 𝐿𝑈𝑙: 𝜇𝑙𝑡
𝑚𝑖𝑛, 𝜇𝑙𝑡

𝑚𝑎𝑥 ,   {𝑑, 𝑖, 𝑗, 𝑤}
∈ 𝛩(𝑛), ∀𝑙, ∀𝑡   

 

 In this equation, LFlt is the line 

throughput, LU and LL are the high and low 

power constraints on the line 1, and GSFln is 

the power shift coefficient from bus n to line 

l, and the μ coefficients are related to the 

Lagrangian coefficients of this equation. 

 Equation 14 indicates the output 

constraints maximum and minimum of the 

production unit. 
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(14) 
𝐺𝑗𝑚𝑖𝑛 ≤ 𝐺𝑗𝑡

≤ 𝐺𝑗𝑚𝑎𝑥: 𝜔𝑗𝑡
𝑚𝑖𝑛, 𝜔𝑗𝑡

𝑚𝑎𝑥 ,   ∀𝑗, ∀𝑡   
 

 In the above relation Gmin and Gmax are 

the minimum and maximum product of j th 

generator and ω’s are Lagrangian 

coefficients. 

  Equation 15 indicates the slope rate 

constraints of production units. 
 

(15) 
𝑅𝐿𝑗 ≤ 𝑅𝐺𝑗𝑡 = 𝐺𝑗𝑡 − 𝐺𝑗𝑡−1

≤ 𝑅𝑈𝑗: 𝜉𝑗𝑡
𝑚𝑖𝑛, 𝜉𝑗𝑡

𝑚𝑎𝑥  ,   ∀𝑗, ∀𝑡   
 

 In the above equation, RL and RU denote 

the minimum and maximum slope rates of 

unit j and ξ is the Lagrangian coefficient 

assigned to this constraint. 

 Equation 16 also indicates Lagrange's 

low-level problem. 
 

(16) 

𝐿𝑡 = ∑ 𝑐𝑗𝑡𝐺𝑗𝑡𝑗 − 𝜆𝑡 ∗ (∑ 𝐺𝑗𝑡𝑗 +

∑ 𝑆𝑖𝑡𝑖 = ∑ 𝐷𝑑𝑡𝑑 − ∑ 𝑃𝑤𝑡𝑤 ) −
∑ 𝜇𝑙𝑡

𝑚𝑎𝑥 ∗ (𝐿𝑈𝑙 − 𝐿𝐹𝑙𝑡)𝑙 −
∑ 𝜇𝑙𝑡

𝑚𝑖𝑛 ∗ (𝐿𝐹𝑙𝑡 − 𝐿𝐿𝑙)𝑙 −
∑ 𝜔𝑗𝑡

𝑚𝑎𝑥(𝐺𝑗𝑚𝑎𝑥 − 𝐺𝑗𝑡)𝑙 −

∑ 𝜔𝑗𝑡
𝑚𝑖𝑛(𝐺𝑗𝑡 − 𝐺𝑗𝑚𝑖𝑛)𝑙 −

∑ 𝜉𝑗𝑡
𝑚𝑎𝑥 ∗ (𝑅𝑈𝑗 − 𝑅𝐺𝑗𝑡)𝑙 −

∑ 𝜉𝑗𝑡
𝑚𝑖𝑛 ∗ (𝑅𝐺𝑗𝑡 − 𝑅𝐿𝑗)𝑙   

  

 In equation 17, the marginal price πnt is 

obtained from the partial derivative of 

equation 16 in terms of bus demand.  
 

(17) 
𝜋𝑛𝑡 = 𝜆𝑡 + ∑ 𝐺𝑆𝐹𝑙𝑛(𝜇𝑗𝑡

𝑚𝑖𝑛

𝑙

− 𝜇𝑗𝑡
𝑚𝑎𝑥)  ∀𝑛, ∀𝑡   

 

 It is worth noting that, the right part of the 

above equation are the dual variables 

associated with initial constraints. 

                                                 
1 Karush–Kuhn–Tucker  

 The objective function of relation 11 

minimizes production payments, assuming 

the demand is non-elastic. Equation 11 can be 

corrected for one inverse demand function 

and maximize social welfare without 

affecting the other constraints. There are 

details of maximizing social welfare with 

reference to the inverse demand function in 

[46]. The cjt parameter in equation 11 is the 

cost of the estimated increase or proposed 

price of generator j at time t. This parameter 

can be obtained from the market information 

database [47]. 

 The presence of internal-dependent 

variables between the upper and lower levels 

indicates the relationship between the two 

optimization problems. In other words, 

marginal prices in the high-level arbitrage 

problem are the results of the low-level 

market clearing problem, while low-level 

feeds and demand depend on the high-level 

storage schedule. Below we will discuss the 

details of the two-level problem. 

 

2.6. Mathematical Program with 

Equilibrium Constraints (MPEC) 
 

Considering the linearity of the market-

clearing model based on DC optimal load 

distribution, the optimal solution of itis the 

single point that satisfies the KKT1 

optimality condition. In this case, the two-

level arbitrage problem is formulated as a 

mathematical problem with equilibrium 

constraints, which is happened by applying 

low-level to high-level constraints using 

Kahn-Tucker terms as additional constraints. 

According to the dual theory, this MPEC 

model can be transformed into a hybrid 
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integer programming problem that can be 

easily solved through computational 

software. The MPEC formulation of the two-

level arbitrage problem involves the high-

level arbitrage model and the low-level 

Tucker condition. To complete the problem, 

the upper level is again expressed on the basis 

of equation 17 and with considering 

constraints 4 to 8. 
 

(18) 𝑚𝑎𝑥𝑅𝑦 =  ∑ ∑ 𝜋𝑛𝑡𝑆𝑖𝑡

𝑖:[𝑛∈𝛹(𝑖)]𝑡

       

 

 In the above equation, Ѱ is a set of 

storage devices connected to bus i. 

 The Kahn-Tucker conditions for the low-

level market clearing model include 

obtaining the primary variables (Git, Sit) and 

dual variables (λ, μ, ω, 𝜉) that should satisfy 

the following equations: 
 

(19) 

𝑐𝑗𝑡 = 𝜆𝑡 + ∑ 𝐺𝑆𝐹𝑙𝑛(𝜇𝑗𝑡
𝑚𝑖𝑛

𝑙

− 𝜇𝑗𝑡
𝑚𝑎𝑥) + 𝜔𝑗𝑡

𝑚𝑖𝑛

− 𝜔𝑗𝑡
𝑚𝑎𝑥   ∀𝑗, 𝑛 ∈ 𝜓 

  

(20) 

0 ≤ 𝜇𝑙𝑡
𝑚𝑖𝑛 ⊥ 𝐿𝐿𝑙

+ ∑ 𝐺𝑆𝐹𝑙𝑛

𝑛

∗ (𝐺𝑗𝑡 + 𝑆𝑖𝑡 + 𝑃𝑤𝑡

− 𝐷𝑑𝑡) ≥ 0 

  

(21) 

0 ≤ 𝜇𝑙𝑡
𝑚𝑎𝑥 ⊥ 𝐿𝑈𝑙

− ∑ 𝐺𝑆𝐹𝑙𝑛

𝑛

∗ (𝐺𝑗𝑡 + 𝑆𝑖𝑡 + 𝑃𝑤𝑡

− 𝐷𝑑𝑡) ≥ 0 

  

(22) 0 ≤ 𝜔𝑗𝑡
𝑚𝑖𝑛 ⊥ 𝐺𝑗𝑡 − 𝐺𝑗𝑚𝑖𝑛 ≥ 0 

  

(23) 0 ≤ 𝜔𝑗𝑡
𝑚𝑎𝑥 ⊥ 𝐺𝑗𝑚𝑎𝑥 − 𝐺𝑗 ≥ 0 

  

(24) 0 ≤ 𝜉𝑗𝑡+1
𝑚𝑖𝑛 ⊥ 𝐺𝑗𝑡+1 − 𝐺𝑗𝑡 ≥ 0 

  

(25) 
0 ≤ 𝜉𝑗𝑡+1

𝑚𝑎𝑥 ⊥ 𝑅𝑈𝑗 − 𝐺𝑗𝑡+1 + 𝐺𝑗𝑡

≥ 0 

  

 In the above equations {d, i, j, w} are 

members of Θ (n). Also, in the above 

relationships, symbol ⊥ represents the 

external multiplication of the corresponding 

variables in the vector form. 

 

2.7. Mixed Integer Linear Programming 

(MILP) 
 

The MILP technique is used to reformulate 

the MPEC nonlinear problem, which is 

generated in [48] at the optimal point by 

reference to the nonlinear expression in terms 

of the linear combination of variables and 

using the dual theory that leads to the MILP 

formulation given in the following equations: 
 

(26) 

𝑚𝑎𝑥𝑅𝑦

=  ∑ 𝜆𝑡 ∗ ∑ 𝐷𝑑𝑡

𝑑𝑡

+ ∑ 𝜇𝑙𝑡
,𝑚𝑎𝑥 ∗ [−𝐿𝑈𝑙

𝑙

− ∑ 𝐺𝑆𝐹𝑙𝑛

𝑛:{𝑑,𝜔}∈𝜓(𝑛)

∗ (−𝑃𝑤𝑡 + 𝐷𝑑𝑡)] + 𝜇𝑙𝑡
,𝑚𝑖𝑛 ∗ [−𝐿𝐿𝑙

+ ∑ 𝐺𝑆𝐹𝑙𝑛

𝑛:{𝑑,𝜔}∈𝜓(𝑛)

∗ (−𝑃𝑤𝑡 + 𝐷𝑑𝑡)]

+ ∑[𝜔𝑗𝑡
𝑚𝑎𝑥

𝑗

(−𝐺𝑗𝑚𝑎𝑥)

+ 𝜔𝑗𝑡
𝑚𝑖𝑛(𝐺𝑗𝑚𝑖𝑛)]

+ ∑[𝜉𝑗𝑡
𝑚𝑎𝑥

𝑗

(−𝑅𝑈𝑗) + 𝜉𝑗𝑡
𝑚𝑖𝑛(𝑅𝐿𝑗)]

− ∑ 𝑐𝑗𝑡 ∗ 𝐺𝑗𝑡

𝑗
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 The above equation has the constraints of 

the equations 4 to 8 as well as the constraints 

of 9 and the following constraints: 
 

(27) 0 ≤ 𝜇𝑙𝑡
𝑚𝑖𝑛 ≤ 𝑀𝜇

𝑚𝑖𝑛𝑣𝜇𝑙𝑡
𝑚𝑖𝑛 

  

(28) 0 ≤ 𝜇𝑙𝑡
𝑚𝑎𝑥 ≤ 𝑀𝜇

𝑚𝑎𝑥𝑣𝜇𝑙𝑡
𝑚𝑎𝑥 

  

(29) 

0 ≤ 𝐿𝐿𝑙 + ∑ 𝐺𝑆𝐹𝑙𝑛

𝑛

∗ (𝐺𝑗𝑡 + 𝑆𝑖𝑡 + 𝑃𝑤𝑡

+ 𝐷𝑑𝑡)

≤ 𝑀𝜇
𝑚𝑖𝑛(1

− 𝑣𝜇𝑙𝑡
𝑚𝑖𝑛) 

  

(30) 

0 ≤ 𝐿𝑈𝑙 + ∑ 𝐺𝑆𝐹𝑙𝑛

𝑛

∗ (𝐺𝑗𝑡 + 𝑆𝑖𝑡 + 𝑃𝑤𝑡

+ 𝐷𝑑𝑡)

≤ 𝑀𝜇
𝑚𝑎𝑥(1

− 𝑣𝜇𝑙𝑡
𝑚𝑎𝑥) 

  

(31) 0 ≤ 𝜔𝑗𝑡
𝑚𝑖𝑛 ≤ 𝑀𝜔

𝑚𝑖𝑛𝑣𝜔𝑗𝑡
𝑚𝑖𝑛 

  

(32) 0 ≤ 𝜔𝑗𝑡
𝑚𝑎𝑥 ≤ 𝑀𝜔

𝑚𝑎𝑥𝑣𝜇𝑗𝑡
𝑚𝑎𝑥 

  

(33) 

0 ≤ 𝐺𝑗𝑡 − 𝐺𝑗𝑚𝑖𝑛

≤ 𝑀𝜔
𝑚𝑖𝑛(1

− 𝑣𝜔𝑗𝑡
𝑚𝑖𝑛) 

  

(34) 

0 ≤ 𝐺𝑗𝑚𝑎𝑥 − 𝐺𝑗𝑡

≤ 𝑀𝜔
𝑚𝑎𝑥(1

− 𝑣𝜔𝑗𝑡
𝑚𝑎𝑥) 

  

(35) 0 ≤ 𝜉𝑗𝑡
𝑚𝑖𝑛 ≤ 𝑀𝜉

𝑚𝑖𝑛𝑣𝜉𝑗𝑡
𝑚𝑖𝑛 

  

(36) 0 ≤ 𝜉𝑗𝑡
𝑚𝑎𝑥 ≤ 𝑀𝜉

𝑚𝑎𝑥𝑣𝜉𝑗𝑡
𝑚𝑎𝑥 

  

(37) 

0 ≤ 𝐺𝑗𝑡 − 𝐺𝑗𝑡−1 − 𝑅𝐿𝑗

≤ 𝑀𝜉
𝑚𝑖𝑛(1

− 𝑣𝜉𝑗𝑡
𝑚𝑖𝑛) 

  

(38) 

0 ≤ 𝑅𝑈𝑗 − 𝐺𝑗𝑡 + 𝐺𝑗𝑡−1

≤ 𝑀𝜉
𝑚𝑎𝑥(1

− 𝑣𝜉𝑗𝑡
𝑚𝑎𝑥) 

 

 In the above equations Mmin
µ and Mmax

µ, 

Mmin
ω and Mmax

ω, Mmin
𝜉 and Mmax

𝜉 are large 

constants and vmin
µ and vmax

µ, vmin
ω and vmax

ω, 

vmin
𝜉 and vmax

𝜉 are additional binary variables 

[45]. 

 In the formulated model, there are two 

additional binary variables (upper and lower 

bounds) for each transmission line, generator 

output and generator slope constraint. In 

addition, each storage system has two binary 

variables to display the charge and discharge. 

Continuous variables include storage and 

discharge power, generator’s outputs, and 

local marginal prices. In addition, dual 

variables equal to the number of constraints 

of the original problem, are also continuous. 

An additional constraint can be added for 

binary variables to improve computational 

performance as follows: 
 

(39) 
𝑣𝜏𝑙𝑡

𝑚𝑖𝑛 + 𝑣𝜏𝑙𝑡
𝑚𝑎𝑥 ≤ 1       ∀𝑙, ∀𝑡, 𝜏 ∈

{𝜇, 𝜔, 𝜉}  
 

 Large values of constant M must be 

adjusted appropriately to connect the main 

and dual variables. Large M-constants must 

be modified by their corresponding 

constraints and selected on the basis of the 

known parameters of those constraints. For 

instance, the high constraints on production, 

Mmax
ω is inserted equal to two to three times 

the maximum constraint on all generators. 

For dual price variables, the large M-

constants are empirically considered large 

enough. This study considers Mmin
µ and 

Mmin
µ values of 1000 to yield feasible 

solutions. The particle swarm method is used 

to optimize the problem. 
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2.8. Time Horizon for Evaluating Storage 

Arbitrage 
 

The problem of estimating annual arbitrage 

potential over a year is defined as 8760 

hourly intervals. Solving the whole problem 

offers many variables and constraints that are 

computationally impractical. Therefore, the 

problem is divided annually into sub-

problems with a smaller time horizon. The 

length of the time horizon for each problem 

should be determined. The storage system 

that runs Arbitrage is present in a day-ahead 

market and its annual income is calculated by 

adding up the possible daily results. This 

method can reduce the range of storage 

operation and result in a small time horizon. 

The charging status of the storage system is a 

variable that connects the operation between 

successive time intervals. In the revenue 

maximization objective function, the SOC at 

the end of the simulation horizon is limited to 

the same level as the beginning of the 

interval. Otherwise, the repository must be 

recharged as far as possible to achieve the 

intended purpose. With such a constraint for 

the 24-hour time horizon, the storage 

capacity of the storage system is less than 

optimal and the solution may be incorrect to 

reflect the true arbitrage potential. 

 This paper uses a weekly evaluation time 

horizon for each sub-problem that can be 

resolved quickly and storage capacities can 

be utilized better. [49] indicates that the 

storage system achieves more financial and 

technical benefits in weekly scheduling than 

daily one. 

 

2.9. Uncertainty Modeling 
 

With a high level of infiltration, wind power 

fluctuations affect marginal price changes in 

the system for storage arbitrage. The wind 

power prediction model consists of two parts: 

a point-based time-series method and a 

probabilistic error-based probability 

distribution. Prediction scenarios can be 

obtained by adding samples of the prediction 

error distribution to the time series point 

forecasts. The GARCH time series model for 

point prediction and beta distribution 

prediction error model are discussed below. 

Wind power output has a significant impact 

on storage arbitrage, which is influenced by 

power fluctuations affecting the margin price 

of the day ahead. Time series prediction 

methods can represent the trend of variables 

compared to probabilistic distribution 

methods. In this paper, wind power point 

prediction is obtained through the GARCH 

model, which can take into account the 

effects of deviations. This method is taken 

from [50]. After forecasting, for each wind 

farm, wind information is scaled based on the 

nominal power throughout the year. The 

Gaussian distribution is appropriate for the 

wind forecast error. A more accurate model 

for predicting the most appropriate beta 

distribution model is predicted based on wind 

velocity because the prediction error is 

distributed unevenly for different wind levels 

[51]. The main idea of this method is to create 

a probability distribution function of the 

forecast error for each power forecasting 

range. Multiple historical information from 

metrics and forecast information is used to 

create a model and fit the beta distribution. 

 The model details are as follows. In the 

first step, the normalized wind power 

prediction errors, ie ed = (pa-pf) / prated, are 
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calculated in the range [-1,1]. In the second 

step, a linear mapping function, e = (ed + 1) / 

2, is selected for mapping the error to the 

interval [0,1] so that the beta distribution 

defined in the interval [0,1] can be used. In 

step 3, ten equal prediction sets are selected 

from 0 to 1 and the prediction errors e are 

attributed to each of the ranges. When 

prediction range-based distributions are used 

to generate wind scenario information, 

prediction errors are sampled from 

distributions and mapped to [-1,1] before 

converting to nominal values. 

 

3. SIMULATION RESULTS 

 

3.1. Introducing Test Grid 
 

To evaluate the performance of the proposed 

two-level method, this model is implemented 

on the IEEE 118-bus test system. The system 

has 118 bus, 54 generators, 186 lines and 

5000 MW load and 9966 MW capacity of 

production. Production information is taken 

from [52]. Fig.2 illustrates a single-line 

diagram of the test system. They offer 20 

low-cost generators with $ 5, 5.5 and $ 0.5 to 

$ 11 to $ 19.5. There are 20 expensive 

generators in the range of $ 30 to $ 49 with a 

1dollar increase. Finally, there are 14 very 

expensive generators with bids of $ 70 to $ 

83 at a rate of $ 1. There are seven thermal 

lines on transmission lines that are 100 MW 

for lines 1-3 and 6-7, 175 MW for lines 3-12 

and 46-47, 150 MW for line 15-33 and 300 

MW for line 71-72 and 250 MW for the line 

70-75. Five wind farms have been added to 

buses 8, 28, 48, 68 and 88 with a nominal 

power of 200 MW. The beta probability 

 

 

Fig. 2. IEEE 118 bus test network diagram [49]. 
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distribution function for the ten wind forecast 

sets is based on [53-54]. The prediction errors 

change with the predicted power. The closer 

the prediction power is to zero or the 

maximum, the more likely the prediction 

errors become. Power point prediction is 

performed with 80% assurance interval and 

GARCH time series method for predicting 

wind power and modeling error based 

prediction set for arbitrage model data 

preparation. From the error distributions, five 

samples are added to the point prediction to 

obtain five wind scenarios. The two storage 

systems are rated at 100 MW and 2000 MW 

at 33 and 15 buses, with the most marginal 

price changes. From the error distributions, 

five samples are added to the point prediction 

to obtain five wind scenarios. Two storage 

systems are installed at 100 MWH and 2000 

MWH at 15 and 33 buses, with the most 

marginal price changes. 

 

3.2. Analysis of Results 

 

In this section, we discuss the results of the 

proposed two-level method in the 118-bus 

test network. Fig. 3 displays the load profile 

on bus 33 that is under discussion. In the 

IEEE 118 bus test network, the system has 

sufficient production capacity and 

transmission density is adequate. Fig. 4 

illustrates the marginal price of bus 33 and 

Fig. 5 demonstrates the power of the storage 

system, Fig. 6 shows the charging status of 

the storage system. In these figures, the 

proposed method is compared with the 

traditional method. From Figures 3 to 6, we 

can see the effect of the presence of storage 

system 1 on bus 33. It can be seen from Fig. 

4 that the two-level model can clearly soften 

the marginal price by lowering the price at 

peak times and raising at non-peak times. In 

Fig. 5, where the power output of the storage  

 
Fig. 3 The amount of load on the test grid on bus 33 of the storage location. 
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Fig. 4. Comparison of marginal price value in bus 33. 

 

 
 

Fig. 5. Comparison of output power of storage 1 in both traditional and two-level methods. 
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Fig. 6. Comparison of storage 1’s charging state on both traditional and two-level models. 

 

 
Fig. 7. Weekly Arbitrage Income on the IEEE 118 Bus Test Network. 

 

 

system is shown, it can be seen that the 

storage’s charging power of the traditional 

model is much lower than that of the two-

level model at low marginal hours. Although 

the marginal price in the two-level model 

increases during the charging process, it is 
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still lower than the marginal price when the 

power storage later sells energy. The 

traditional method of the storage system is 

not able to store enough energy at times of 

low marginal cost, which results in low 

profit. 

 The annual arbitrage values using the 

price information generated for the 

traditional and two-level models are $ 1.67 

million and $ 1.71 million, respectively. It is 

worth noting that the traditional model has 

less revenue. Fig. 7 also shows weekly 

arbitrage income, with the two-level model, 

clearly earning more in the 10 to 16 weeks. 

Consider Week 11, for example, where the 

revenue from traditional and two-level 

models is $ 43280 and $ 65700, respectively. 

 Below we discuss the density of the lines. 

Analyzing the results, it can be seen that line 

15-33 is always at its full capacity of 150 

MW. The GSF shift factor of buses 33 and 15 

to this line is -0.46 and -0.13, respectively. 

This means that the two storage systems have 

to work in the opposite direction in terms of 

the storage's output power. For every 0.13 

MW absorbed in storage 1, there must be 0.46 

MW output on storage 2 to meet the line 

constraint. This is illustrated in Fig. 8. 

 If only one storage system is installed on 

bus 33, the storage system will, in no way, be 

able to charge due to the congestion on line 

15-33 and the arbitrage revenue will 

decrease. In the two-level model constraint, 

the lines are dynamically optimized based on 

the product proposition and the storage 

arbitrage. Because the storage system 

contributes to the market-clearing in the low-

level model, the outputs of the generators in  
 

 
Fig. 8. Storage output with line constraints. 
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Fig. 9. Time horizon effect on arbitrage income. 

 

 

the pricing scenarios are different with and 

without the storage. With bids, the storage 

system is able to exploit the greater capacity 

of the transmission lines at higher prices. 

This partnership will dramatically increase 

revenue. Finally, Fig. 9 demonstrates the 

effect of the time horizon on arbitrage 

income. In this form, the various ranges of the 

time horizon from day to month are 

discussed. The time horizon of 365 days has 

not been investigated due to the large test 

network. The first observation is that the time 

horizon of a very bad day is in estimating 

income. As the time horizon increases, 

arbitrage income is narrowed due to initial 

and final SOC constraints and storage 

capacity is exploited more appropriately. The 

time horizon, of course, must also be 

considered on the basis of computational 

complexity. 

4. CONCLUSION 
 

In this paper, the issue of maximizing the 

arbitrage revenue of storage units in power 

systems in the presence of wind resources 

was also discussed. Storage Arbitrage's 

proposed two-level approach included the 

information of marginal pricing from the 

market clearing procedure on the low-level 

problem. The proposed method achieves 

more accurate forecasts of marginal prices 

and more appropriate estimates of arbitrage 

using appropriate information such as wind 

forecasts and estimated production sales 

offers. A detailed model of the transmission 

network is used by the market independent 

operator to calculate prices per bus. When the 

storage arbitrage operations are present, this 

detailed model becomes complicated. In this 

paper, the linearized optimized load 

distribution method, ie DC load distribution, 
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is used in the market-clearing model to 

incorporate the effects of the storage system 

on marginal prices on the network. Using the 

two-level formulation, the Arbitrage Storage 

Model and the Simulated Market-Clearing 

Model become a two-level optimization 

problem. The high level is a matter of 

arbitrage from the point of view of the 

storekeeper and the low level is the market-

clearing procedure. In the proposed method, 

the conversion technique was used for single-

line programming considering the system 

equilibrium constraints. The proposed 

method was implemented on the IEEE 118 

bus test network, and the results revealed that 

the proposed method was significantly better 

than the traditional method and achieved 

higher arbitrage revenue. The two-level 

model has clearly softened the marginal price 

by lowering the price at peak times and 

raising at non-peak times.  traditionally, the 

storekeeper is not able to store enough energy 

at times of low marginal cost, resulting in a 

low profit. With market-offerings, the 

storekeeper has exploited the greater capacity 

of transmission lines at higher prices, and this 

partnership significantly increases revenue. 

The results show that the proposed 

algorithms can increase energy storage 

revenue from traditional to two-level models 

from $ 43280 to $ 65700, respectively. 
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