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Resumen: Una formulación estocástica del problema de desbalances en la industria de gas natural está dada como un modelo de programación bi-nivel mixto-entero. Después de reducir el problema de nivel superior a un problema equivalente no lineal con restricciones lineales y al inducir una distribución de probabilidad en un conjunto de desviaciones posibles en los precios predichos del gas natural suministrado, reducimos el problema de programación estocástica a un problema determinístico. Una versión del algoritmo del tipo de ramas y cotas se aplica para resolver el problema, numéricos resultados preliminares se presentan. 
Abstract: A stochastic formulation of the natural gas cash-out problem is given in a form of a bi-level mixed-integer programming model. After reducing the upper level problem to an equivalent nonlinear programming problem with linear constraints and inducing a probability distribution on a set of possible deviations in the predicted price values of the supplied gas, the stochastic programming problem is reduced to a deterministic one. A branch-and-bound type algorithm solving the obtained problem is described, and preliminary numerical experiments results are reported. 
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Introduction

In 1992 in the United States and in 1995 in the European Union, a number of regulation acts were issued by the respective governmental institutions to effectively separate several of the processes that formed the Natural Gas Supply Chain. The resulting market configuration demanded the independence of the transportation and commercialization processes. As a result of this paradigm shift – and the accompanying re-structurization of the market, – a systematic analysis of several new features becomes indispensable.                      

      Of particular interest to us is a problem that arises in the natural gas supply chain, namely that of balancing the fuel volumes over a distribution network. Such a balancing procedure directly concerns the Pipeline Operating Company (POC), since the correct operation of the pipeline means the well controlled volumes of the transported gas. Moreover, any natural gas shipping company (NGSC) is also concerned with the balancing the volumes because it is often impossible to avoid an imbalance justified by certain economic reasons. A natural gas shipping company's business is to sell the gas by moving it through the pipeline to its clients: it has to fulfill signed contracts first, and then market excesses of the gas to achieve the maximum profits. In order to do that, the NGSC has to manage the volumes at each selling point (so-called pipeline meters) taking into account the balance, the selling prices, and the total revenue. The basic mathematical framework of this problem's modeling is found in [1]. In [2], one finds a modeling framework (which we are going to follow) of the penalization part of this problem. This penalization refers only to the cash-out that occurs between the NGSC and the POC: it leaves outside any reference to actual market conditions which are obviously important to the NGSC. The paper [2] presents a solution method through a modification of the original problem, as well as the analysis of how this modification affects the objective function and the obtained solutions. In [2], the authors compare two algorithms that solve the problem making use of certain numerical procedures. In this paper, we adapt these algorithms to our extended model. We also make use of the idea proposed in [3] to divide our problem into several generalized transportation problems when finding its numerical solution. In [4] and [5], they study a modified version of the above-described problem, in which the upper level objective function includes certain new terms based upon the net profit of the leader – the natural gas shipping company. This formulation assumes, however, the complete knowledge (perfect information) about the changes in the prices of natural gas during the process, which is somewhat non-realistic and not quite useful, as the resulting function does not clearly reflect the reasons behind the actions of the NGSC.

       Therefore, we propose here a stochastic reformulation of the problem, so that the NGSC is now able to forecast the next several values of the natural gas demand, and then to plan the extraction of natural gas from the pipeline. The resulting model is a stochastic variation of the original bi-level mixed-integer optimization problem, for which we propose and compare two different solution methods. 
        The rest of the paper is organized as follows: after recalling the original problem in section 1, we formulate the new problem we deal with, while section 2 describes the corresponding mathematical models. This section also contains details concerning the generation of the stochastic scenario tree. Section 3 presents the experimental results obtained when solving our problems with the proposed numerical algorithms, as well as the discussion thereof. 

1. Problem specification

Following the scheme constructed in [2], we will consider a leader-follower system, in which the first agent (the leader), namely, the Natural Gas Shipping Company (NGSC), buys the gas at the wells, arranges for its injection into an (interstate) pipeline at its starting point, and extracts some amount of gas – ideally, equal to the deposited amount, – from pipeline meters in several pool zones across the country. The follower here is the administrator of the pipeline, which we call the Pipeline Operating Company (POC), who permits the NGSC to extract amounts of natural gas that may differ from the originally injected volumes, thus creating positive or negative imbalances. The latter is a kind of usual market practice that allows for a dynamic flow of the fuel within the natural gas supply chain.  However, as disrupting the system in this way implies extra costs for the NGSC, the company attempts to do that only when her predictions of future market conditions show that the total revenues overcome the losses incurred by the penalization policy applied to the NGSC. It is clear that the NGSC needs tools that provide her with the best possible information and help her make advantage of the latter. The system NGSC – POC operates in the following way:

1. The NGSC makes a forecast of the demand she is likely to have during the next period (month, year, etc.) and considers different scenarios, in which this can occur.

2. The NGSC books certain capacity 
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for every pool zone and stage (day, week, month, etc.)

3. For each subsequent stage, the NGSC determines the amount of gas to extract and sell, which possibly creates positive and negative imbalances in the process; this continues until the period is over.

4. The POC studies the resulting last day imbalances and rearranges them according to certain business rules.

5. The POC charges the NGSC with certain penalty for the final (rearranged) imbalances. The latter may occur to be negative, i.e., the POC may pay to the NGSC.

6. The NGSC calculates the net profits as her sales revenue minus the penalty.

The resulting model is a bi-level multi-stage stochastic optimization problem, in which the upper level decision maker (the leader) is the NGSC who has the objective of maximizing her net profit as the revenue from the sales of her gas in the pipeline minus the penalty imposed by the POC. The lower level decision maker (the follower) is the POC who aims at minimizing the absolute value of the penalization cash-out flow, either from the POC to the NGSC or vice versa. The first stage of the stochastic problem corresponds to the capacity booking made by the NGSC, and these capacity values remain unchanged throughout the whole process. At the next stages, the decision variables are: the daily extraction amounts (and hence, the imbalances), unsatisfied demand, and the penalty cash-outs imposed by the POC.
1.1. Notation
Parameters – natural numbers

N      Number of time periods at each node in the process; 

P          Number of pool zones;

K          Number of event nodes in the process;

S           Number of stages in the process.

Sets

T          Set of time periods at any given node;   

            T={1,2,…,N};
J           Set of pool zones; J={1,2,…,P};

K         Set of event nodes; K={1,2,…,K};

Kl        Set of nodes at l=1,2,…,S.

Upper level parameters
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     Lower and upper bounds for daily  

                imbalances on day t at node k, in zone i;
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      Lower and upper bounds of the sums of the  

                daily imbalances on day t at node k;
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 Bounds on imbalance swings before day t at 

                node k starts, in pool zone i;

x0i             Imbalance at the beginning of day 1 at node  

                1, in zone i;
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         Demand expected on day t at node k in pool 
              zone i;
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P

       Unit price for each unit of gas extracted/sold 

              (contracted gas) on day t at node k in zone i;    
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  Booking Capacity and Resource Cost per a 

              gas unit on day t at node k in pool zone i;
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p

          Probability of node k to occur in any scenario.

Lower level parameters

eij         Fraction of as used as fuel when moving one  

           unit from pool zone i to pool zone j, i < j;

fij         Forward haul cost for moving (physically) a  

           gas unit from pool zone i to pool zone j, i < j;

bij        Backward haul credit for “returning” a gas  

           unit from pool zone j to pool zone i, i < j;

ri          Cash-out penalization coefficient in pool zone i.
Upper level decision variables
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      Imbalance on day t at node k in pool zone i;


[image: image10.wmf]kti

sw

    Imbalance swing before day t starts at node k in 

           pool zone i;
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EA

    Amount of gas actually extracted on day t at 

            node k in pool zone i;
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EP

    Amount of gas planned to be extracted on day t   

            at node k in pool zone i;


[image: image13.wmf]kti

xa

    Amount of gas actually extracted and sold on 

            day t at node k in pool zone i;
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    Amount of demand 
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unmet on day t at node 

            k in pool zone i.

Lower level decision variables
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       Final imbalance in pool zone i;
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u

       The gas volume (physically) moved from pool 

            zone i to pool zone j, i < j;
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v

       The gas volume credited from pool zone j to 

            pool zone i, i < j;
z           Total cash-out charge on the Natural Gas  

             Shipping Company;

Auxiliary variables

q           A binary variable equal to 1 [0] if the final  

             imbalances 
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are all non-negative [non-  

             positive]. In the special case when all  
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J, we assign q = 1.

2. Model description

Making use of the model from [3] as a base, we form a multi-stage stochastic bi-level optimization model described below by (1a) – (1i) and (2a) – (2l).

2.1. Upper level model 

Relationships (1a) – (1i) represent the upper level of the proposed problem; it is stochastic one based upon a ternary scenario tree. Here, the function 
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identifies the predecessor of a given node k.
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and subject to

   Minimize 
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here M > 0 is a sufficiently large fixed scalar value.

     To simplify both levels of the given problem, we introduce auxiliary variable and reduce the first term in the upper level objective function (1a), constraint (1g), and constraints (2d) – (2e) to their equivalents containing only linear terms. The binary constraint (2g) is moved to the upper level exactly like it was done in [3]. Finally, we specify the stochastic elements of the model.

2.2. Scenario Tree Construction
[image: image43.emf]
     Fig. 1. A 3-staged, ternary scenario tree

       The upper level problem (and hence, the lower level one, too) is subject to a scenario scheme: the decisions taken by the NGSC will vary according to a scenario assumed and/or met by the company. This section shows the scheme of creating the scenario tree that underlies the problem.

      The Scenario Tree consists of several event nodes [6], each of which contains N periods, and also of several branches connecting it with other nodes. In our case, each node represents one week (five working days), although this is not mandatory. For every node k, the data concerning prices/demands for all scenarios passing through k are calculated as certain 
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prediction percentile based on a forecast made with the corresponding data up to the last node in the tree. The possible outcome of prices higher (or lower) than the mean forecast corresponds to 
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taking a value higher (or lower) than 0.5, whereas the outcome of prices following the expected mean forecast will have 
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= 0.5. Every weekend, however, we will allow for the high, mean, or low expected outcome to change for the upcoming week.

     In order to reduce the number of variables in each problem, we will use the following assumptions:

     1) The weekly behavior is maintained across all the pool zones, that is, the prices/demands in a given scenario all go above, below, or along the mean forecast.

     2) There exists a relationship (possibly a statistically significant regression formula) between the demands and the prices of any given pool zones; that is, in every scenario, the relationship between a pool zone prices 
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and demands 
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is the same.

     3) Any possible (high, middle or low) price outcomes is considered to be stable throughout every week, with the only changes occurring in the weekends (that is, between the last period of one node and the first periods of those that succeed it.)

[image: image49.emf]
          Fig.2a. Alaska’s historic consumption
       For instance, considering the time series for the monthly consumption of natural gas in the state of Alaska, USA, from January 1989 to September 2005 (200 observations, see Fig.2a), we found it as a rather well-behaving time series with a noticeable 12-period seasonality. The expected 12-observations forecast using the Seasonal Holt-Winters (SHW) [7] method is shown next in Fig. 2b, cropped to the last observations and with the
      [image: image50.emf]
          Fig. 2b.  Alaska’s mean forecast consumption.
forecast values in red. These forecast data correspond to the first node of the scenario tree (see Fig. 1).
      For nodes 2, 3, and 4, we will obtain 12 new observations per each node by taking the historic time series used in the forecast at node 1, adding the forecasts obtained in that node as new historic observations, then forecasting the 0.25, 0.5, and 0.75  percentiles, corresponding to low, mean and high predictions and calculated by obtaining the n-th prediction error parameters for an assumed normal distribution.  The resulting three time series can be seen in Fig. 2c, sharing the blue section among them. We have now a three-leaf scenario tree, formed by nodes 1,2,3, and 4, and underlying the shown time series.
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          Fig. 2c. Alaska’s consumption 0.25, 0.5, and 0.75 prediction percentiles.
          For nodes 5-13, we make this process iterative, by taking the three time series shown in Fig. 2c (formed by a historic part, a mean forecast, and the three percentiles, one for each series) as historic and branching out at their endpoints as done with nodes 2 through 4, thus obtaining nine time series and the corresponding nine-leaved scenario tree in Fig. 1 underlying the series in Fig. 3.
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Fig. 3. Nine (partially overlapping) time series resulting from a 3-staged scenario tree: all share the initial observation, while only groups of three share the second section (the first forecast).
       Each scenario is then assigned the probability to occur. If trends are likely to be higher (lower) in the near future, then one would increase the chances of the middle and upper (lower) branches of each node. Assigning equal probabilities to both upper and lower branches will reduce the impact of the scenario’s stochastic nature in the optimization problem. Every three nodes branching from a single node k will have probabilities of being chosen whose sum equals
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. Hence, the three nodes branching from the root will have probabilities 
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The three nodes branching from node 2 will have probabilities summing up to 
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, and so forth. As stated above, this process guarantees that the sum of probabilities of all leaf nodes totals one.
3. Numerical experiments
The above-described models were tested computationally in a batch of 9 problems, labeled BXXX, in order to compare (a) the obtained expected stochastic value, and (b) the wait-and-see value. Each problem was generated by an algorithm guaranteeing the existence of a solution to the upper level, providing random bounds to the variables of the upper level, random costs matrices for the lower level, and demand and price parameters obtained from a Seasonal Holt-Winter forecast performed in the time series for residential natural gas consumption and price found in the data by the United States Energy Information Administration [8].

        The experiments were run on PC Intel© Quad-Core 2.66 MHz running Windows Vista© Home Premium, and using Matlab©R2008b. The upper level was solved using Matlab's own nonlinear optimization function fmincon, while the lower level was processed with the linear programming tool linprog. For example, problem B001 has 12 days divided in 3 stages, and 4 pool zones. For this test problem, the vector of final imbalances y for scenario 1 (corresponding to an all-decreasing demand/price time series) matches the last day imbalances vector
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, delivering a final value revenue for the NGSC of 4,390,721.13. Running time was 245.77 sec, and the optimal value of q is 1. Running times for problems B003-B005 vary between 280 and 930 seconds, with problems B004 and B006 being exceptions: since the upper level must be solved as a nonlinear problem, the convergence rate cannot be guaranteed and thus we have such potential outliers above and below the mean times. 

       Another interesting feature to look at was the comparison of the expected stochastic optimal values, the wait-and-see (WAS) solution of the deterministic model (that would be obtained if the stochastic parameters were deterministic and known beforehand), as well as the expected value solution (EVS), obtained by evaluating the stochastic solution with the parameters of the wait-and-see model, the expected value of perfect information (EVPI), which is the difference between the last two, and a relative expression (REVPI), calculated as EVS/WAS.
     There has been no definite evidence in favor or against the overrating/underrating of the solutions of the stochastic problem as to the wait-and-see solution.  Problems B001-B005, B011 have very similar values, while problems B007 and B009 have an underrating of the stochastic solutions of nearly half the WAS values. In turn, overrating of the stochastic values of nearly 1.5 times the WAS values. 

      With two exceptions, the REVPI's for every problem were over 0.65, and eight of the eleven problems showed relative values higher than 0.75. One of the lowest relative values was obtained in problem B011, which has 28 days and 27 scenarios, which corresponds to a considerably high prediction error implying poor estimates for the latter days. Four problems showed EVPI's higher than one million price units, but three of those correspond to REVPI's greater than 0.7.
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