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Abstract

:

This paper investigates the problem of how to deploy customers’ shiftable load (SL) for electricity retailers’ risk management under uncertainty of the day-ahead (DA) wholesale market price. The robust profit (RP) and the conditional robust profit (CRP) are introduced for a risk-averse retailer’s risk-reward trade-off analysis in its decision-making of electricity procurement from various options. A CRP-based bi-level optimization model is proposed for the risk-averse retailer to determine its electricity procurement strategy taking into consideration customers’ shiftable load. In the upper problem, the retailer decides its electricity procurement from various options and the SL incentive prices to maximize its CRP under a given confidence level, and in the lower problem, the customers shift their load according to the SL incentive prices to minimize their comprehensive costs including the discomfort cost caused by rescheduling electricity consumption. Finally, a case study is used to verify the effectiveness of this model. It is shown that the retailer can achieve larger profit and less risk by utilizing customers’ SL and the retailer’s risk-aversion level has an important impact on its electricity procurement and SL incentive strategies.
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1. Introduction


1.1. Background


In the deregulated electricity market, retailers can acquire electricity through various options, e.g., the day-ahead (DA) wholesale market, bilateral contracts and self-owned distributed generation (DG). Due to the high volatility of the DA market prices [1], retailers need to adopt risk management methods to mitigate the risk arising from market price uncertainty. In addition, with the rapid development of smart grid technologies around the world, customers’ demand response (DR) has received massive attentions and applications. DR programs (DRP) can be classified into two main categories: price-based DRP and incentive-based DRP [2,3]. Specifically, in the price-based DRP, such as time-of-use (TOU) pricing [4] and real time pricing(RTP) [5], customers adjust their demand in response to price changes over time. In the incentive-based DRP, e.g., direct load control, interruptible load (IL), demand bidding and emergency DR, appropriate incentive payments should be given to customers for their participation in the programs [2]. It is recognized that retailers can deploy their customers’ DR capability to manage risk caused by the uncertainty of the DA wholesale market prices [6]. To this end, investigating electricity procurement strategy from various options for retailers with DR capability is of great importance, especially when the DA market price uncertainty is considered.



Risk management has been one of the main concerns of decision makers for many years [7]. As most of decisions to be made are subject to uncertainties, various risk management methods are applied in different areas of the power system such as power distribution operation [8], transmission planning [9] and electricity market [10]. Risk management is one of the most valuable tasks for electricity sector decision makers to protect their benefit while confronting the uncertainties in price, availability of transmission lines and many other factors. Besides, the study results shown in [11] suggest that adopting integrated and comprehensive risk management systems can help non-financial firms such as companies in the electricity sector, to gain a higher firm value.




1.2. Literature Review


Different risk management methods for electricity retailers’ decision-making under uncertainty have been proposed in the literature. According to how uncertain parameters are considered, methods of risk management can be divided into two categories: probabilistic methods and non-probabilistic methods. The decision-making with probabilistic methods is commonly based on risk–reward trade-off analysis when the probability distribution function of uncertain data is known [12]. In such a type of analysis, the risk is quantified by a measure of the loss such as the value-at-risk (VaR) [13] or the conditional value-at-risk (CVaR) [14,15]. In [13], the VaR method is used to determine a retailer’s optimal electricity portfolio strategy under uncertain market price and demand. However, the VaR is only coherent when underlying risk factors are normally distributed and suffers from being intractable when it is calculated using scenarios [16]. Futhermore, the VaR does not indicate the extent of the losses that might be suffered beyond the amount indicated by this measure [17]. The CVaR is an alternative measure to the VaR that provides an estimate of the losses that might be encountered in the tail [17]. It is also considered as a more consistent measure of risk than the VaR [18]. In [14], the problem of designing retailers’ customized pricing strategies for customers is investigated while the CVaR is used to quantify the risk caused by the price fluctuations of the DA and real-time markets.



Non-probabilistic methods are adopted when the uncertain parameters are under severe uncertainty. The robust optimization (RO) is a modeling framework for immunizing against data uncertainties in which we optimize against the worst case that might arises with a min-max objective [19]. The RO does not require specific probability distribution of the uncertain parameter, instead, the uncertain parameter is characterized by an uncertainty set, e.g., box uncertainty set, ellipsoidal uncertainty set and polyhedral uncertainty set. In [20], the robust optimal bidding and offering strategy in the DA market by a retailer is obtained while the polyhedral uncertainty set is used to describe the uncertainty in the DA market prices. Ref. [21] proposes a robust self-scheduling model for power generators while the uncertainty of electricity price is described by the ellipsoidal uncertainty set. However, with different uncertainty sets selected, the RO model may lead to over-conservatism or computational intractability [22]. The information gap decision theory (IGDT) is another widely used non-probabilistic risk management approach that doesn’t need much data for uncertainty modeling. In addition, with two immunity functions namely robustness and opportunity functions, the IGDT informs the decision makers about the negative and positive outcomes resulted from uncertainties so that they can take appropriate decisions that may be safe or risky [23]. In [24], the IGDT method is used to obtain retailers’ optimal bidding and offering curves in the wholesale market in the presence of market price uncertainty. In [25], a robust bi-level decision-making framework for retailers to supply electricity to price-sensitive customers is presented while the IGDT approach is used to evaluate the financial risk arising from uncertain wholesale prices. The main limitation of the IGDT method is that it also suffers from being over-conservative and the degree of conservativeness cannot be controlled by the decision makers [26].



Recently, increasing attention has been devoted to the development of decision-making strategies for electricity retailers taking DRPs into consideration. In [27], the energy procurement and TOU pricing strategies of a retailer are specified while the RO method is used for risk menagement under spot market price uncertainty. In [28], a two-stage two-level model for the energy pricing and procurement problem faced by a retailer is proposed. Specifically, consumers’ DR with respect to the RTP is characterized by a two-level model in the first stage. In the second stage, risk-averse energy procurement of the retailer accounting for market price uncertainty is modeled by a linear RO. In [29], a multi-objective model for a retailer with IL capability is proposed to maximize the retailer’s profit and minimize the peak demand while the uncertainties of market prices and demand are not considered. In [30,31], stochastic optimization models for retailers with reward-based load-reduction DR are proposed while the CVaR is adopted for risk measurement. It is shown that retailers can avoid unfavorable prices in the real-time market and amend imbalances in demand by participating in the reward-based DRP. Retailers’ energy allocation in the wholesale market, contracts market and short-term DR bidding market is investigated in [32] based on the RO to minimize the electricity procurement cost. In [33], a CVaR-based bi-level optimization model for retailers’ trading strategy with multi-segment IL contracts offered to customers is developed. The proposed strategy can help retailers to gain more market share and enhance their competitiveness.



To date, most of the research on retailers’ risk-based decision-making with consideration of the incentive-based DRPs focus on specifying retailers’ DR incentive strategies for customers’ IL. Besides the IL, the shiftable load (SL) is another important DR resource that plays an increasing role in demand side management [34,35]. In addition, simulation results based on historic data in [36] show that shifting customers’ load demand from peak to off-peak periods can reduce retailers’ expenditures and their fluctuations. The SL resources are scheduled by retailers with time varying prices in most literature [14,37]. In [38], the problem of load-shifting in smart grid is formulated as a Stackelberg game in which the energy provider offers price discounts to motivate customers to shift their load from peak periods, but the uncertainty of market prices is neglected. From above literature review we notice that, very few studies address the problem of how to deploy customers’ incentive-based SL for retailers’ risk management in electricity procurement from various options.




1.3. Layout of the Paper


To bridge the gaps of existing research, the problem of how to deploy customers’ incentive-based SL for retailers’ risk management under uncertain DA wholesale market prices is investigated in this paper. The robust profit (RP) and the conditional robust profit (CRP) [39] are introduced for a risk-averse retailer’s profit-risk trade-off analysis in its decision-making of electricity procurement from various options. Then a CRP-based bi-level optimization model is proposed for a risk-averse retailer to determine its electricity procurement strategy taking into consideration customers’ incentive-based SL capability. The bi-level optimization model is reformulated into a mixed-integer nonlinear programming problem. The effectiveness of the model is verified by a case study. The impacts of customers’ load-shifting capability and the retailer’s risk aversion level are also investigated.



The rest of this paper is organized as follows: Section 2 introduces the concepts and formulation of the RP and CRP. The CRP-based bi-level model for a risk-averse retailer with incentive-based SL considering uncertain DA market prices is formulated in Section 3. Simulation results of a case study are presented in Section 4. Finally, conclusions are drawn in Section 5.





2. Concepts and Formulation of RP and CRP


As discussed in [12], the VaR provides the estimation on the monetary loss a decision maker could suffer due to the fluctuations of uncertain parameters for a given probability of occurrence. The probability of occurrence, which can be also denoted as confidence level  β , means that the probability that the loss exceeds   V a  R β    is (1  − β  ). Mathematically,   V a  R β    is the difference between the expected profit and the lower 100(1  − β  ) percentile of the profit distribution. As an alternative measure of risk to the VaR, the CVaR is defined as the average loss when the loss exceeds   V a  R β   . Mathematically,   C V a  R β    is the difference between the expected profit and the average value of the 100(1  − β  )% of the lowest profit values. Based on the VaR and CVaR, the concepts of the RP and CRP [39] will be introduced in this section.



Let   π ( X , λ )   denote the profit function of a retailer where X represents the decision variables and  λ  is the random parameter. In this paper, X denotes the volumes of electricity purchased from different options and the SL incentive price offered to the customers,  λ  represents the DA market price. Let   p ( λ )   be the probability density distribution of the random parameter  λ . The probability of the profit not falling below a threshold  α  is then given by


  ψ  ( X , α )  =  ∫  π ( X , λ ) ≥ α   p  ( λ )  d λ  



(1)







For a given confidence level   β ∈ ( 0 , 1 )  , the RP under confidence level  β  is given by Equation (2).


     R  P β   ( X )  = max  { α ∈ R : ψ  ( X , α )  ≥ β }      



(2)







In (2),   R  P β   ( X )    is the RP of the retailer which comes out as the right endpoint of the nonempty interval consisting of the values of  α  such that   ψ ( X , α ) = β   with different X selected. The corresponding   V a  R β   ( X )    would be the expected profit (EP) minus the   R  P β   ( X )    given by (2) [12]. It is evident that   R  P β   ( X )    merely provides the highest bound for profit in the tail of the profit distribution and has insufficient measurement of the tail profit. To overcome the shortage of the RP, the CRP is introduced in Equation (3):


     C R  P β   ( X )  =  1  1 − β    ∫  π  ( X , λ )  ≤ R  P β   ( X )    π  ( X , λ )  · p  ( λ )  d λ     



(3)







  C R  P β   ( X )    is the conditional expectation of the profit   π ( X , λ )   associated with X when the profit is not greater than   R  P β   ( X )   . The graphical representation of RP and CRP can be seen in Figure 1. And as stated in [39], the   C R  P β   ( X )    given by (3) can also be described as EP minus the   C V a  R β   ( X )   . Therefore, the problem of maximizing   C R  P β   ( X )    is equivalent to a multi-objective optimization problem in which equal weights are given to maximizing EP and minimizing   C V a  R β   ( X )   . Maximizing (3) with different  β  can be considered as a trade-off between risk and profit. The retailer’s risk aversion level can be easily controlled by setting different values of the confidence level parameter. With increasing  β , the retailer will become more risk-averse and seek a less risky strategy.



It should be noted that   R  P β   ( X )    is an endogenous variable in Equation (3), which brings great difficulties to calculate   C R  P β   ( X )    directly using Equation (3). Ref. [18] shows that   C R  P β   ( X )    can be obtained by solving


     C R  P β   ( X )  = max  G β   ( X , α )      



(4)




where


      G β   ( X , α )  = α +  1  1 − β   ∫   [ π  ( X , λ )  − α ]  −  ·  ( λ )  d λ     



(5)




and     [ π  ( X , λ )  − α ]  −  = min  { π  ( X , λ )  − α , 0 }   . The integral calculation in Equation (5) is complicated and difficult to solve, to simplify the optimization problem in (4),    G β   ( X , α )    can be approximated by employing random sampling method to obtain a large number of scenarios of the DA market price according to the probability density distribution   p ( λ )  . Assume that there are S scenarios which are denoted by    λ  D A  1  ,  λ  D A  2  , … ,  λ  D A  S   , with the occurrence probability:   P r  (  λ s  )  =  ρ s   ,   s = 1 , 2 , … , S   and


      ∑  s = 1  S   ρ s  = 1     



(6)




then the retailer’s profit function in scenario s is denoted by   π ( X ,  λ  D A  s  )   and the corresponding approximation to    G β   ( X , α )    is


       G ˜  β   ( X , α )  = α +  1  1 − β    ∑  s = 1  S   ρ s  ·   [ π  ( X ,  λ  D A  s  )  − α ]  −      



(7)




and the   C R  P β   ( X )    can be calculated as


     C R  P β   ( X )  = max   G ˜  β   ( X , α )      



(8)








3. CRP-Based Bi-Level Decision-Making Model


3.1. Assumption


A risk-averse retailer acquires electricity from the DA wholesale market, bilateral contracts and self-owned DG units. Assume that the retailer behaves as a price-taker so that its electricity procurement strategy does not influence the purchased prices. In order to make full use of customers’ SL capability, the retailer not only pays incentive fees for customers’ load reduction during peak periods, but also has the motivation to provide incentive payments for the customers’ load increase during valley periods. Considering the uncertainty of the DA market prices, a CRP-based bi-level decision-making framework for the retailer’s energy procurement and SL incentive strategies are proposed in this paper. The framework of the bi-level model is shown in Figure 2. In the upper problem, the retailer specifies the volume of electricity acquired from each option and SL incentive prices offered to customers in order to maximize its CRP under confidence level  β . In the lower problem, each customer shifts its load according to the incentive prices offered to minimize the comprehensive cost including the discomfort cost of electricity consumption.




3.2. Upper-Level Problem for Retailer’s CRP Maximization


In the upper-level problem, the retailer’s objective is to maximize its CRP under certain confidence level during T time periods. To cope with the uncertainty of the DA market prices, S scenarios of the DA market prices can be generated by a random sampling method based on the joint distribution function of the DA market prices. The scenarios are denoted by    λ  D A  s  =  [  λ  1 , s   D A   ,  λ  2 , s   D A   , … ,  λ  T , s   D A   ]  , s = 1 , 2 , … , S  .   λ  D A  s   is the set of the DA market prices during all time periods in scenario s,   λ  t , s   D A    is the DA market price in time period t and scenario s. Let N and M denote the numbers of the bilateral contracts and the retailer’s self-owned DG units, respectively. There are K customers purchasing electricity from the retailer. Then the objective function of the retailer can be obtained as follows:


     max   G ˜  β   ( X , α )  = max  { α +  1  1 − β    ∑  s = 1  S   ρ s  ·   [ π  ( X ,  λ  D A  s  )  − α ]  −  }      



(9)






     π  ( X ,  λ  D A  s  )  =  ∑  t = 1  T   ∑  k = 1  K   λ  s e l l   ·  P  k , t   r e a l   −  C  D A  s  −  C  B C   −  C  D G   −  C  S L       



(10)






      C  D A  s  =  ∑  t = 1  T   λ  t , s   D A   ·  P t  D A       



(11)






      C  B C   =  ∑  t = 1  T   ∑  n = 1  N   λ  n , t   B C   ·  P  n , t   B C       



(12)






      C  D G   =  ∑  t = 1  T   ∑  m = 1  M   [  a m  ·   (  P  m , t   D G   )  2  +  b m  ·  P  m , t   D G   +  c m  S U   ·  v  m , t   +  c m  S D   ·  w  m , t   ]      



(13)






      C  S L   =  ∑  t ∈  T  p e a k      ∑  k = 1  K   λ  k , t   S L   ·  (  P  k , t  D  −  P  k , t   r e a l   )  +  ∑  t ∈  T  v a l l e y      ∑  k = 1  K   λ  k , t   S L   ·  (  P  k , t   r e a l   −  P  k , t  D  )      



(14)







In the objective function (9), the retailer aims to maximize its CRP under confidence level  β . The retailer’s profit in scenario s is listed in Equation (10). The first term in Equation (10) denotes the revenue of the retailer where   p  k , t   r e a l    is the actual electricity demand of customer k in time period t and   λ  s e l l    is the predetermined fixed selling price of the retailer. The terms   C  D A  s  ,   C  B C   ,   C  D G    and   C  S L    represent the costs of electricity purchasing in the DA wholesale market, bilateral contracts, DG units and the payments for customers’ load shifting, respectively. Equation (11) shows the total cost of electricity purchasing in the DA markets in scenario s. Equation (12) shows the total cost of electricity purchasing from bilateral contracts. Equation (13) shows the total cost of the DG units including quadratic generation cost, startup cost and shutdown cost. The payments for customers’ load shifting is expressed in Equation (14). The retailer offers incentive payments to motivate customers to shift their electricity consumptions from peak periods to valley periods as the deviation of actual demand from the desired demand will cause discomfort to customers.   λ  k , t   S L    is the SL incentive price paid for per unit load of customer k deviated from his baseline load   P  k , t  D   in time period t.



In the upper problem, the following constraints should be considered:


      p  n , m i n   B C   ·  s  n , t   ≤  P  n , t   B C   ≤  p  n , m a x   B C   ·  s  n , t       



(15)






      p  m , m i n   D G   ·  u  m , t   ≤  P  m , t   D G   ≤  p  m , m a x   D G   ·  u  m , t       



(16)






      v  m , t   −  w  m , t   =  u  m , t   −  u  m . t − 1       



(17)






      ∑   t ′  = t − U  T m  + 1  t   v  m ,  t ′    ≤  u  m , t   , ∀ m , t ∈  U  T m  , … , 24      



(18)






      ∑   t ′  = t − D  T m  + 1  t   w  m ,  t ′    ≤ 1 −  u  m , t   , ∀ m , t ∈  D  T m  , … , 24      



(19)






      P  m , t   D G   −  P  m , t − 1   D G   ≤  R m  U p   ·  u  m , t       



(20)






      P  m , t − 1   D G   −  P  m , t   D G   ≤  R m  D o w n   ·  u  m , t − 1       



(21)






      P t  D A   +  ∑  n = 1  N   P  n , t   B C   +  ∑  m = 1  M   P  m , t   D G   =  ∑  k = 1  K   P  k , t   r e a l       



(22)







The minimum and maximum volumes of electricity purchased from contract n in time period t are shown in constraint (15). The minimum and maximum outputs of the DG units are presented in constraint (16) and DG units’ startup and shutdown status are represented by Equation (17). Constraints (18) and (19) describe the minimum up/down time of DG units. Finally, the ramp up/down rate limits are expressed in constraints (20) and (21). The power balance constraint for the retailer in time period t is presented in Equation (22).



For calculation convenience, auxiliary variables    z s   ( s = 1 , 2 , … , S )    are introduced to replace the term    [ π  ( X ,  λ  D A  s  )  − α ]  −   in objective function (9). The above model then can be transformed into the model shown in (23)–(26) where the retailer’s decision variables are expressed by   X = [  P t  D A   ,  P  n , t   B C   ,  P  m , t   D G   ,  λ  k , t   S L   ]  .


     max [ α +  1  1 − β    ∑  s = 1  S   ρ s  ·  z s  ]     



(23)







Subject to:


      z s  ≤ π  ( X ,  λ  D A  s  )  − α     



(24)






      z s  ≤ 0     



(25)






     Constraints   ( 10 ) − ( 22 )     



(26)








3.3. Lower-Level Problems for Customers’ Cost Minimization


The comprehensive cost function   C k   of customer k is shown in objective function (27) which includes the cost of purchasing electricity from the retailer, discomfort cost caused by load shifting and the SL payments received from the retailer. Each customer aims to minimize his comprehensive cost   C k   after load shifting. The decision variable of customer k is the actual load demand   P  k , t   r e a l   . In the lower-level problem, each customer’s decision-making model can be formulated as follows:


     min  C k  = min  [  ∑  t = 1  T   z  k , t    (  P  k , t   r e a l   )  +  ∑  t = 1  T   λ  s e l l    P  k , t   r e a l   −  C  S L   ]      



(27)







Subject to:


      z  k , t    (  P  k , t   r e a l   )  =  d k  ·   (  P  k , t  D  −  P  k , t   r e a l   )  2      



(28)






      ( 1 − ε )  ·  P  k , t  D  ≤  P  k , t   r e a l   ≤  P  k , t  D      t ∈  T  p e a k       



(29)






      P  k , t  D  ≤  P  k , t   r e a l   ≤  ( 1 + ε )  ·  P  k , t  D      t ∈  T  v a l l e y       



(30)






      ∑  t = 1  T   P  k , t   r e a l   =  ∑  t = 1  T   P  k , t  D      



(31)




   z  k , t    (  P  k , t   r e a l   )    in Equation (28) denotes customer k’s discomfort cost function where   d k   is the positive parameter which transforms customer k’s discomfort caused by rescheduling his electricity consumption into cost. Shifting the same amount of electricity will bring larger discomfort cost to the customer with a larger   d k  , so customer with larger   d k   is less willing to shift his load. The upper and lower limits of actual demand of customer k in peak periods and valley periods are shown in constraints (29) and (30) respectively. Equation (31) indicates that after load shifting, the total load demand of the customer during T periods cannot be changed.




3.4. Mathematical Reformulation of the Bi-Level Model


Because the lower-level problems are convex when the incentive prices are fixed, their Karush-Kuhn-Tucker (KKT) conditions are both necessary and sufficient for optimality. Therefore, the bi-level model can be transformed into a non-linear complementarity model by replacing the lower-level problems with their KKT conditions. The KKT conditions of the lower-level model are derived as (32)–(34) where    μ  k , n t   ,  γ k    are Lagrange multipliers introduced during the reformulation.


         2  d k  ·  (  P  k , t   r e a l   −  P  k , t  D  )  +  λ  s e l l   +  λ  k , t   S L   −  μ  k , 1 t   +  μ  k , 2 t   +  γ k  = 0 , t ∈  T  p e a k         2  d k  ·  (  P  k , t   r e a l   −  P  k , t  D  )  +  λ  s e l l   −  λ  k , t   S L   −  μ  k , 3 t   +  μ  k , 4 t   +  γ k  = 0 , t ∈  T  v a l l e y           



(32)






          μ  k , 1 t   ·  (  P  k , t   r e a l   −  ( 1 − ε )   P  k , t  D  )  = 0        μ  k , 2 t   ·  (  P  k , t  D  −  P  k , t   r e a l   )  = 0        μ  k , 3 t   ·  (  P  k , t   r e a l   −  P  k , t  D  )  = 0        μ  k , 4 t   ·  (  ( 1 + ε )   P  k , t  D  −  P  k , t   r e a l   )  = 0        μ  k , 1 t   ,  μ  k , 2 t   ,  μ  k , 3 t   ,  μ  k , 4 t   ≥ 0         



(33)






      ∑  t = 1  T   P  k , t   r e a l   −  ∑  t = 1  T   P  k , t  D  = 0     



(34)







The bi-level model after reformulation can be expressed as follows:


     max [ α +  1  1 − β    ∑  s = 1  S   ρ s  ·  z s  ]     



(35)






     Subject   to   ( 24 ) − ( 26 ) , ( 32 ) − ( 34 )     



(36)







Since constraints in (33) are non-linear complementary constraints, the Fortuny-Amat McCarl linearization method in [40] is adopted to transform these constraints into linear constraints for calculation convenience. The model after reformulation is a mixed-integer non-linear programming (MINLP) problem that can be solved using SBB solver under GAMS optimization software.





4. Case Study


4.1. Data Assumption


For the DA market price uncertainty modeling, we use the observed DA market prices   λ t  a v e    of PJM market as mean values for the scenarios which is shown in Figure 3 [41]. Scenarios of the DA market prices are generated based on   λ t  a v e    by simulating a multivariate Gaussian process with an exponentially decreasing covariance structure [42], i.e., the (i, j)-th element of the covariance matrix is given by


     C  ( i , j )  =  σ i  ·  σ j  ·  e  − | i − j | / τ       



(37)






      σ t  = κ ·  λ t  a v e       



(38)




where   σ t   is the standard deviation in time period t which is proportional to the observed mean price. The parameter  τ  sets the exponential decay of correlation with respect to the time lag. As the  τ  increases, the decay of correlation with respect to the time lag slows down. In (38), parameter  κ  is used to denote the degree of uncertainty of the DA market prices, the greater the parameter  κ , the larger the DA market price uncertainty. In this case study,  κ  and  τ  is set as 0.1 and 5, respectively. 1000 scenarios of the DA market prices are generated by Monte Carlo method, and the occurrence probability of each scenario is the same.



The customers are divided into two categories, i.e., industrial customers and commercial customers, and each category of customers has the same baseline load profile. The aggregated base demand of all customers is also shown in Figure 3. Parameter  ε  of all customers is set as 10%. It is considered that load-shifting has less negative impact on the industrial customers, as such the discomfort cost coefficients   d k   for the industrial and commercial customers are set as 0.8 and 1, respectively. The parameters of bilateral contracts and DG units are shown in Table 1 and Table 2 respectively. The customers are encouraged to reduce load demand during peak periods, i.e., hours 11–22, and shift the reduced load to valley periods, i.e., hours 1–10 and hours 23–24.




4.2. Simulation Results


4.2.1. Strategies under Different Confidence Levels


Table 3 shows the retailer’s optimal RP, CRP, average profit and standard deviation of its profit distribution under different confidence level  β . It is shown that the retailer’s RP and CRP decrease when its confidence level  β  increases. A retailer with higher confidence level aims to reduce the occurrence probability that its profit falls below the RP, so a smaller RP will be obtained by the retailer and the CRP also decreases at the same time. For instance, the RP obtained by the retailer is USD 167,429.8 when   β = 0 . 95  , which means that the probability that the retailer’s profit is lower than USD 167,429.8 is 5%; the CRP equals to USD 166,434.3, so the expected profit of the retailer when its profit falls below the RP is USD 166,434.3. It can be seen from Table 3 that the retailer will obtain a smaller average profit with a smaller standard deviation of profit as the confidence level increases. In other word, when the retailer chooses a more conservative strategy, the risk exposed to the retailer decreases, but at the expense of its average profit. The above results demonstrate that by maximizing the CRP under different confidence levels, the retailer can achieve a reasonable tradeoff between reward and risk.



Figure 4 shows the volumes of electricity procured by the retailer from different options during all time periods under different confidence levels. As shown in Figure 4, with increasing  β , the volume of electricity procured from the DA market decreases while the volumes of electricity purchased from bilateral contracts and DG units increase. The volatility of the DA market prices makes it riskier to purchase electricity from the DA market than from other options. As such, when the retailer is more risk-averse, it will reduce the electricity purchased in the DA market.



The retailer’s SL incentive prices and its customers’ actual load demand under different confidence levels are illustrated in Figure 5. For a given  β , during the peak periods, the retailer offers higher incentive prices for the customers in order to encourage customers to reduce more load in the time period with higher mean DA market price. Contrarily, during the valley periods, the retailer offers higher SL incentive prices to encourage customers to shift more load to the time period with lower mean DA market price, thus decreases the electricity procurement cost.



It can be also seen in Figure 5 that with increasing confidence level, the SL incentive prices offered to customers increase during some time periods so that the customers shift more load from peak periods to valley periods. It can be noted from Equations (37) and (38) that a higher mean market price will lead to larger fluctuation of the market price which brings more risk to the retailer. When the customers shift more load from peak periods to valley periods, the risk caused by the fluctuation of the DA market prices decreases. The total SL incentive payments of the retailer and the total amount of customers’ shifted load under different confidence level  β  are presented in Table 4. The results demonstrate that with increasing the retailer’s risk-aversion level, more incentive fees are paid to encourage customers to shift more load, thereby reducing the retailer’s risk.




4.2.2. Strategies for Different Uncertainty of Market Prices


The degree of uncertainty of the DA market prices is represented by the parameter  κ  in (38). In this section, the confidence level  β  is set as 0.97. Table 5 shows the retailer’s optimal RP, CRP, average profit and standard deviation of its profit distribution under different  κ . The larger the DA market price uncertainty, the less profit the retailer may achieve and the more risk the retailer faces. It can also be seen from Table 5 that with increasing DA market price uncertainty, both the optimal RP and CRP decrease. The volumes of electricity procured by the retailer from different options during all time periods under different  κ  are shown in Figure 6. With increasing  κ , the volume of electricity purchased in the DA market decreases while the volumes of electricity procured from the bilateral contracts and self-owned DG units increase.



Figure 7 depicts the SL incentive prices of the retailer and customers’ actual load demand under different  κ . Table 6 shows the SL incentive payments of the retailer and the amount of customers’ shifted load under different  κ . With increasing  κ , the SL incentive payments offered to the customers increase to encourage customers to shift more load from peak periods to valley periods. It can be seen from Figure 7 that during peak time periods, the SL incentive price increases more in the time period with higher mean DA market price; during valley time periods, the SL incentive price increases more in the time period with lower mean DA market price.




4.2.3. Strategies for Different Load-Shift Capability of Customers


The customers’ load-shift capability is represented by the parameter  ε  and increases as the parameter  ε  increases. Figure 8 depicts the optimal CRP obtained by the retailer under different  ε . As shown in Figure 8, compared with the CRP obtained when customers’ SL capability is not considered, the retailer can obtain larger CRP under the same confidence level by deploying customers’ capability. And as the customers’ load-shift capability increases, the optimal CRP obtained also increases. Figure 9 depicts the the retailer’s average profit and the standard deviation of its profit distribution under different  ε . It is shown that with increasing customers’ load-shift capability, the retailer can obtain a larger average profit and a lower standard deviation under the same confidence level.



The retailer’s incentive prices and customers’ actual load demand under different  ε  when   β = 0 . 97   are shown in Figure 10. It can be found that with decreasing customers’ load-shift capability, the retailer will reduce the SL incentive prices offered to the customers and the total amount of load shifted by the customers decreases.





4.3. Discussions


The above results show that the retailer can achieve a trade-off between risk and reward by maximizing its CRP according to its risk aversion level. With increasing confidence level, the retailer becomes more risk-averse and specifies more conservative strategies to reduce the risk arising from the DA market price uncertainty. Specially, as the confidence level increases, the retailer will decrease the volume of electricity procured in the DA market and increases the SL incentive prices to encourage customers to shift more load from peak periods to valley periods. Besides, the larger the DA market price uncertainty, the more SL incentive payments the retailer will pay to encourage customers to shift more load. In addition, the retailer’s profit increases and the risk exposed to the retailer decreases as the load-shift capability of customers increases.



The main differences and advantages of our work compared to the related work are discussed as follows. In this paper, the retailer offers incentive payments for customers’ SL resources instead of the IL resources investigated in [30,31,32,34], and the case study results suggest that the SL is another important DR resource the retailer can deploy to improve its profit and reduce the risk caused by the market price uncertainty. In [31,32,33], the retailer’s incentive prices for DR resources are specified according to predetermined stepwise reward-based DR curves, however, in this paper the SL incentive prices are specified by solving a bi-level model which can better model the characteristics of customers, e.g., customers’ load-shift capability and customers’ willingness to participate in the DRP. In addition, in [33], a RO-based decision-making model is proposed to maximize retailer’s benefit in the worst case, however, over-conservative strategies may be obtained if the uncertainty set is not constructed properly. In [37], incentive strategies for the SL resources are studied but the market price uncertainty is neglected. In this paper, the CRP is introduced to help the risk-averse retailer achieve a trade-off between risk and reward by setting different confidence levels. Moreover, the approach proposed in this paper is also applicable for uncertainty models based on historical observations or scenarios and the analytical expression of the price distribution is not necessarily needed.





5. Conclusions


This paper investigates the problem of how to deploy customers’ SL for retailers’ risk management. The RP and CRP are used for a risk-averse retailer’s risk-reward trade-off analysis in its electricity procurement from various options. A CRP-based bi-level optimization model is proposed for the retailer to specify its electricity procurement strategy while taking customers’ incentive-based SL capability into consideration. In the upper problem, the retailer’s electricity procurement and SL incentive prices are specified to maximize its CRP under a given confidence level. The confidence level parameter can be used to examine the retailer’s energy procurement and SL incentive strategies under different risk-aversion levels. In the lower problem, customers shift load according to the SL incentive prices offered by the retailer so as to minimize their comprehensive costs including the discomfort cost of electricity consumption.



The validity of the model is verified by a case study. It is shown that the retailer can obtain larger profit and suffer less risk by deploying customers’ incentive-based SL capability. As such, it’s of great significance for retailers to design appropriate SL incentive program to make full use of customers’ SL resources. Furthermore, the model proposed in this paper is an effective risk-reward trade-off tool to help retailers with different risk aversion levels to specify electricity procurement and SL incentive strategies.



This paper only introduces the basic model of SL as the per-time-slot consumption limits or ramp constraints of SL are not considered, so a more complex and accurate model of SL should be introduced in future work. Besides, the uncertainty modeling of customers’ demand should also be taken into consideration in future research studies.
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Nomenclactures


Abbreviations:





	DA
	Day ahead



	DR
	Demand response



	DRP
	Demand response program



	DG
	Distributed generation



	IL
	Interruptible load



	SL
	Shiftable load



	RP
	Robust profit



	CRP
	Conditional robust profit



	VaR
	Value at risk



	CVaR
	Conditional value at risk



	EP
	Expected Profit



	RO
	Robust optimization



	TOU
	Time-of-use



	RTP
	Real time pricing






Indices:





	t
	Index of time periods



	n
	Index of bilateral contracts



	m
	Index of DG units



	k
	Index of customers



	s
	Index of scenarios






Sets:





	   T  p e a k    
	Set of peak periods



	   T  v a l l e y    
	Set of valley periods



	   λ  D A  s   
	Set of the DA market prices in scenario s






Parameters and Constants:





	M
	Number of DG units



	N
	Number of bilateral contracts



	K
	Number of customers



	S
	Number of scenarios



	  λ  
	Random parameter



	   ρ s   
	Occurrence probability of scenario s



	   λ  t , s   D A    
	The DA market price in time period t and scenario s



	   λ  n , t   B C    
	The price of bilateral contract n in time period t



	    a m  /  b m    
	Quadratic/linear cost coefficient of DG unit m



	    C m  S U   /  C m  S D     
	Start-up/shut-down cost of DG unit m



	   U  T m  / D  T m    
	Minimum on/off time of unit m



	    R m  U p   /  R m  D o w n     
	Ramping up/ramping down limit of unit m



	    P  n , m i n   B C   /  P  n , m a x   B C     
	Minimum/maximum limit of contract n



	    P  m , m i n   D G   /  P  m , m a x   D G     
	Minimum/maximum output of DG unit m



	   P  k , t  D   
	Baseline load demand of customer k in time period t



	   λ t  a v e    
	Mean value of the DA market prices



	   σ t   
	Standard deviation of the DA market price in time period t



	   d k   
	Discomfort cost coefficient of customer k



	  κ  
	Parameter of the price volatility



	  ε  
	Maximum percentage of the baseline load that can be adjusted






Variables and Functons:





	X
	Decision variables of the retailer



	  α  
	Profit threshold



	  β  
	Confidence level of the retailer



	   P t  D A    
	Electricity procurement from the DA market in time period t



	   P  n , t   B C    
	Electricity procurement from contract n in time period t



	   P  m , t   D G    
	Electricity procurement from contract m in time period t



	    v  m , t   /  w  m , t     
	Startup/shutdown binary variable for DG unit m in time period t; 1 for startup/shutdown, 0 otherwise



	   u  m , t    
	Binary variable for on/off statues of DG units m;1 for on, 0 for off



	   s  n , t    
	Binary variable to select the bilateral contract n in time period t



	   λ  k , t   S L    
	SL incentive price for customer k in time period t



	   z s   
	Auxiliary variables to calculate CRP



	    μ  k , n t   /  γ k    
	Lagrange multipliers in KKT conditions



	   p ( λ )   
	Probability density distribution of the random parameter



	   π ( X ,  λ  D A  s  )   
	Profit function of the retailer in scenarios s



	   V a  R β   ( X )    
	Value at risk under confidence level  β 



	   C V a  R β   ( X )    
	Conditional value at Risk under confidence level  β 



	   R  P β   ( X )    
	Robust profit function of the retailer



	   C R  P β   ( X )    
	Conditional robust profit function of the retailer



	    G β   ( X , α )    
	Reformulation of the CRP function



	     G ˜  β   ( X , α )    
	Reformulation of the CRP function with scenarios



	   C  D A  s   
	Cost function of electricity procurement from the DA market in scenario s



	    C  D G   /  C  B C     
	Cost function of electricity procurement from the DG units/bilateral contracts



	   C  S L    
	Cost function of SL incenive payment
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Figure 1. Graphical representation of robust profit (RP) and conditional robust profit (CRP). 
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Figure 2. Framework of the bi-level model 
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Figure 3. Observed mean day-ahead (DA) market prices and customers’ aggregated base demand. 
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Figure 4. Volumes of electricity purchased under different confidence levels. 
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Figure 5. (a) Shiftable load (SL) incentive prices under different confidence levels (b) Customers’ demand under different confidence levels. 
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Figure 6. Volumes of electricity purchased under different  κ . 
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Figure 7. (a) SL incentive prices under different  κ  (b) Customers’ demand under different  κ . 






Figure 7. (a) SL incentive prices under different  κ  (b) Customers’ demand under different  κ .



[image: Energies 13 01308 g007]







[image: Energies 13 01308 g008 550] 





Figure 8. CRP for different load-shift capability. 
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Figure 9. Average profit and standard deviation of profit for different load-shift capability. 
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Figure 10. (a) SL incentive prices for different load-shift capability (b) Customers’ demand for different load-shift capability. 
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Table 1. Parameters of bilateral contracts.
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	Contract No.
	Min (MWh)
	Max (MWh)
	Price ($/MWh)





	1
	6
	20
	45



	2
	5
	20
	25



	3
	4
	25
	30



	4
	5
	20
	42










[image: Table] 





Table 2. Parameters of distributed generation (DG) units.
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	DG Unit 1
	DG Unit 2





	Min.Output (MWh)
	0.5
	0.5



	Max.Output (MWh)
	25
	25



	  a m   ($/   ( MW )  2  h)
	0.015
	0.02



	  b m   ($/MWh)
	38
	45



	Ramp Up Rate (MWh)
	4
	3



	Ramp Down Rate (MWh)
	4
	3



	Startup Cost ($)
	50
	40



	Shutdown Cost ($)
	100
	200
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Table 3. RP, CRP, average profit and standard deviation under different confidence levels.
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	    β = 0 . 89    
	    β = 0 . 91    
	    β = 0 . 93    
	    β = 0 . 95    
	    β = 0 . 97    
	    β = 0 . 99    





	RP($)
	168,939.1
	168,384.7
	167,862.4
	167,429.8
	166,726.8
	165,665.1



	CRP($)
	167,367.8
	167,085.1
	166,784.6
	166,434.3
	165,970.4
	165,288.5



	Average profit($)
	173,347.8
	173,334.4
	173,284.0
	173,278.9
	173,188.6
	172,842.87



	Standard deviation($)
	111.77
	111.52
	110.66
	110.59
	109.03
	104.23
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Table 4. SL incentive payments of the retailer and the amount of customers’ shifted load under different confidence levels.
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	    β = 0 . 91    
	    β = 0 . 93    
	    β = 0 . 95    
	    β = 0 . 97    
	    β = 0 . 99    





	SL incentive payments ($)
	1891.43
	1920.54
	1963.46
	1993.38
	2195.44



	Amount of load shifted (MW)
	97.61
	98.51
	99.56
	100.47
	104.23
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Table 5. RP, CRP, average profit and standard deviation under different  κ .
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	    κ = 0 . 05    
	    κ = 0 . 075    
	    κ = 0 . 1    
	    κ = 0 . 125    
	    κ = 0 . 15    





	RP ($)
	169,916.0
	168,453.9
	166,726.8
	164,976.2
	163,016.5



	CRP ($)
	169,024.8
	167,270.5
	165,970.4
	163,752.0
	161,525.4



	Average profit ($)
	173,531.2
	173,451.4
	173,188.6
	172,874.3
	171,882.6



	Standard deviation ($)
	57.94
	86.36
	109.03
	131.54
	145.53
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Table 6. SL incentive payments of the retailer and the amount of customers’shifted load under different  κ .
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	    κ = 0 . 05    
	    κ = 0 . 075    
	    κ = 0 . 1    
	    κ = 0 . 125    
	    κ = 0 . 15    





	SL incentive payments ($)
	1829.23
	1929.15
	1993.38
	2055.88
	2119.29



	Amount of load shifted (MW)
	95.90
	98.40
	100.47
	102.19
	104.03











© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
Incentive prices (SMW)

Customer's demand (MW)

3

[ indusral x-0.05

indusral -0.15
commercil x-0.05
commercil x-0.15

“Time (How)

(@

“Time (How)

(b)





media/file4.png
Upper-Level

Day-ahead market

electricity

Bilateral contact

electricity

electricity

Retailer

Decision Variables: electricity purchased from different options & SL incentive prices
Objective: maximizing the CRP

SL incentive prices load profile

SL incentive prices load profile

—— e ——— — —— ] — e — o —— — e — — —— — — — — — — e — e e — e — e — — ——

Lower-Level

Y

Customer 1
Decision Variables:
amount of load shifted
Objective:
minimizing the comprehensive cost

Customer K
Decision Variables:
amount of load shifted
Objective:
minimizing the comprehensive cost






media/file18.png
average profit (x10 > $)

174

73|
172 —
171 —
170

169

168

A .-.. -A .. S e
-"~A ..... _’:.\.. \-
[ ——av. profit "0 DR = g—= stdno DR -. .‘-.\.
—@—av. profit &5% —@- std e=5% \A\_. ~o
av. profit &10% — A~ std e=10% ‘-.\A

4 128
—- 124
—- 120
—- 116
—- 112
—- 108

- 104

0.88

090 092 094 096 0.98

Confidence level

1.00

standard deviation ($)





media/file3.jpg
Upper-Level

er-Level

dectriclty. dlectricity

dectricity.
2
Retailer
Decision Variables: electricity purchased from different options & SL incentive prices
Objective: maximizing the CRP
T
SL incentive prices| Toad profile SLincentiveprices | Toad profile

Customer 1
Decision Variables:
amount of load shifted

Objective:

‘minimizing the comprehensive cost

Decision Variables:
amount of load shifted
Objective:
‘minimizing the compreensive cost






media/file22.png
24

1 | _._t_.._ | 1 |
[}
I
[ ]
._uu.
[}
lllll [}
[ ]

N --“H 4 o
' _M N
]
bl )

[ ]
1

y---

]

-0
: b ©

- - 9 i [
] [P]

l. /0
L £k
\ WV — @
' TR
- w w o
n 18 ' Jd o
.& ' A
)
I- [ ]
[ ]
i il
[}
a"
[}
. ._ll. -1 ©
[}
4--..
[}
4-..
[ ]
==y
[}
- - - <
[}
[}
l.
]
]
.l\
[}

" . | | | ] Ly a1l o+ 1 . o
O O O O O 0O O o o
0O N © O & ® N «~ O
T© ¥ ¥ ¥ ¥Ff " _  ¥Ff“f__ _ r~_ T

190

(MN)pUBWOP ,SISWO)ISN))

Time (Hour)

(b)





media/file20.jpg
Customers' demand(MW)

190
180
170
160
150
140
130
120
110
100

‘baseline load

4 8 12 16 20

Time (Hour)

(b)

24





media/file19.jpg
Incentive prices (S/MWh)

24

20

peak time periods

—— industrial =5%
—— industrial =10%
commercial 5%

‘Time (Hour)

(a)





media/file7.jpg
)

Purchased electricity (MWh)

580

L
8
S

.
£
Generated electricity by DG (MWh)

520

2200 T T T T T
2000 - —o— DA market
—~—bilateral contracts
1800 - —o— DG units
1600 5
1400
1200 b o
e

1000 i

088 090 092 094 096 098

Confidence Level B

1.00





media/file10.png
g 4
go)
0 R I
P !
O L.
o H
L o - |
> [
ﬁ -"' -
v “-.
S —
o .m.
T T
B ‘.
1
Y L,
Y
AR
ScLld
B.B..m .m
p— o * M
S o &2 9
E'E 8 8
| |22 EE
8T8 § §
E .85 3 5
[ ] [ ]
[ ] (]
[ ] [ ]
[} [}
[ ] [ ]
] l
<r () (o)
(9 N -—

(MIN/$)seoud 2AnuOUL

16

12
time(hour)

(a)

| DL L
o]
<
Q
- o _
Q
AN n o
N Y =
— oo ¥
N 1 <
o o
I I | L.+ 1 .+ 1 11
©O O 9O O O O O O
- - ¥ - - - - T

190

(YMN)pUBISP SISWOISND

14 16 18 20 22 24

12
time(hour)

10
(b)





media/file14.png
peak time periods

B 8 4 T
wm wn : . -|m|.
—= ,
ST T 0l
77 Ll .
Llzgg e
p— p— "
= © [O NS ]
CERE |
-|23EE i
2255 :
R Q Q L
] ] .l.
' [ '
1 1 !
' [ (1=
1 1 [N |
] 1 ] l u.
< =) © o @
N N A A
(MIN/$) seod aAnuoou]

Time (Hour)

(a)

x=0.05

k=0.15
----- baseline load

190
180

|
o
N
-~

(M) puewap s Iowo)sn)

140 -

130

120

110

12
Time (Hour)

(b)





media/file11.jpg
=4
<. 1800

Purchased electrici
8 = 3
8 & 8
o o o

1000

—C— DA market
|—O— bilateral contracts
—A— DG units

0.050

0.075

0.100

x

0.125

0.150

650

o )
a 2
g 8
Generated electricity by DG (MWh)

a
=1
s

450





media/file6.png
DA market price ($/MW)

100
90

10 L

| e mean DA price
forecasted demand

12
Time (Hour)

16

20

170

1150
4 140
1130 3
1120

190
180

160

Customers' demand (MW)

110

1100
90





media/file15.jpg
Conditional robust profit (x10 > $)

168

T T T T T
—
\v\v
166 |- Sy 2
I\- '%'
—
~—
164 |  [—m—noDR ~— 4
|—e—e=5%
[—v—e=10%
162 1 1 1 . L
088 090 092 094 096 098 1.00

Confidence level p





nav.xhtml


  energies-13-01308


  
    		
      energies-13-01308
    


  




  





media/file16.png
Conditional robust profit (x10 3 §)

168

1 ! 1 1 1 1
4
\
QE:\V
166 ~ \ =
-\. %
\. ([ ]
164 |- —HB—no DR -\. _
—0— c=5%
—v—=e=10% \.
162 1 ] 1 ] ] ] 1 ] 1
0.88 0.90 0.92 0.94 0.96 0.98

Confidence level 3

1.00





media/file2.png
Probability &

Expected Profit (EP)

Robust Profit (RP)

Conditinal Robust Profit (CRP)





media/file5.jpg
DA market price ($/MW)

100

10

[ —— mean DA price
forecasted demand

0 4 8 12

Time (Hour)

16

20





media/file1.jpg
Probability

Robust Profit (RP)

Conditinal Robust Profit (CRP)

Expected Profit (EP)





media/file12.png
2200

§ 2000 |_— DA market
—O— bilateral contracts

| —A— DG units

M

1800

1

1600

Purchased electric

1000

1400

1200

A

0.050 0.075 0.100 0.125 0.150

K

650

o
o
o

Generated electricity by DG (MWh)

550

500

450





media/file9.jpg
incentive prices(SMW)

‘customers' demand(MWh)

24

2

16

F—industial }-099

indusral p-0.95
commercial =099
commercial =095

peaktime periods

190

180
10
160
150
140
130
120
10

2 16 20 2
time(hou)
@

=059
| =095

basel

0 2 4 6 8 10 12 14 16 18 20 2 2
time(hou)

(b)





media/file0.png





media/file8.png
Purchased electricity (MWh)

2200 T 1 T | T | T | T 1 580
> O O O\O\ =[]
2000 ' —o— DA market
- —/\—Dbilateral contracts
1800 ' —0—DG units - 560
1600 |- - o
1400 |- - 540
1200 | D/
[ A A VAL /A
1 OOO A‘ ] Ly ] Ly ] A | L 4 1 520
0.88 0.90 0.92 0.94 0.96 0.98 1.00

Confidence Level

Generated electricity by DG (MWh)





media/file17.jpg
average profit (<10 $)

174 T T T T T
1128
173 |
4124
72| 4120
71 b 1%
170 | 1%
—=—av.profit 0 DR — @~ std no DR - 108
169 [- —@—av.profit &=5% — @~ stde=5%
A av. profit &=10% — A— std &=10%
4 104
168 . L L : :

088 090 092 094 096 098 1.00
Confidence level





media/file21.png
Incentive prices ($/MWh)

N
D

N
o

N
(o)}

=
N

(0 0]

| — industrial e&=5%

— industrial e=10%

" ==== commercial &=5%
| ==== commercial e=10%

| ! |
peak time periods

Y

12

Time (Hour)

(a)





