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A Spatial “Smart Market” for Electric Power and Transmission

Jeffrey K. MacKie-Mason

1. Efficient Short-Run Pricing

The entire institutional and market structure of the electric power industry isin turmoil in many
countries. The U.K. has deregulated the power market, and created a central transmission pool
(Newberry and Green (1995)). New Zea and has been implementing short-run marginal cost pricing
for power (Ring (1994)). Regulators at both state and federal levelsin the U.S. have been studying
radical transformations. For example, the California PUC recently proposed retail competition
among power providers (Blumstein and Bushnell (1994)).

Transmission pricing reform is essential to the creation of competitive power markets. A
power system consists of supply (generator) and demand (load) nodes, connected by atransmission
grid. By delivering power over the grid, multiple suppliers can compete to serve a given demand.
However, building a transmission grid involves huge fixed costs relative to variable operating
costs, and thus for the forseeable future crucial components of a grid will be natural monopolies.
The regulation and pricing of transmission access will determine the success of power market
competition.

Transmission grids are extraordinarily complex engineering systems. The delivery of power
from one node to another may involve flows along several “parald” paths; the actua flows are
determined by physics, not economics or contractual arrangements. As aresult, the flows induced
by one power transaction may affect the costsincurred by others on the grid who are not participants
in the transaction. Two types of external effects are common: flows induced by a transaction may
(2) raise marginal transmission losses for other grid users; and (2) raise marginal generation costs
if transmission line constraints become binding.

Power grid physics require that efficient prices for both power and transmission be found

jointly asthe solution to an optimization problem. The extent to which aregulatory reform obtains

| have benefitted from conversationswith Ed Kahn, Bart McGuire and Matthew White. | undertook the
research for this paper while visiting the California Energy Institute, University of California, Berkeley; | am grateful for
the financial support provided by UCEI.



the benefits of an efficient power market depends on the closeness of the resulting transmission
and power prices to the efficient solution. Numerous proposals for developing power markets
that approximate the efficient solution have been made; two of the better known are Schweppe,
Caramanis, Tabors, and Bohn (1988) and Hogan (1992).

In this paper | review the basic economics of efficient pricing for power and transmission, with
afocus on short-term wholesale transactions. | emphasize the steep informational requirements for
efficient pricing, especially in the wholesale markets that stand between the many non-integrated
“local” grids. | then propose a feasible market mechanism that theoretically obtains the fully
efficient set of power and transmission prices. The mechanism is based on a real-time “smart
market” auction. The auction is designed to dicit truthful revelation of the information necessary
to determine the efficient set of prices.

Oneuseful role for the smart market model isto provide ameaningful benchmark against which
to compare various approximate approaches to efficient pricing. The approach isuseful because the
smart market can feasibly beimplemented: comparisons could be made through simulation studies.
Since the smart market feasibly achieves the first-best outcome, comparisons would indicate how
large are the efficiency gains potentially foregone by various approximation methods, and thus
provide guidance on where it is worthwhile trying to improve these approximations.

For example, the quality of Hogan (1992)’s “ contract network” approximation method depends
on the availability of substantial (often private) information on costs and purchaser valuations of
power. In his discussion of the availability of that information, Hogan assumes that the market
structure will operate in the form of atightly integrated pool, with control of the grid extending to
the level of the individual generator. In fact, in many cases market reform is likely to occur first
a the wholesale level, with the relevant transmission grid involving connections between various
switchyards that provide tie lines to non-integrated utility grids. The information requirements for
Hogan's approximate pricing method are much more severe when nodes connect not to specific
loads or generators, but to other grids. The smart market mechanism | propose below is sufficiently

general to induce revelation of the required information without much incremental difficulty.!

1 Indeed, al or nearly al of the required information is already known to the participants, so revelation does not

require additional effort on their part. The problemisto induce truthful revelation of the privately-held information.



Smart markets may increasingly be important not just as a hypothetical optimum, but as a
practical alternative for actual power markets. Ascomputing power rapidly becomes|essexpensive,
it rapidly becomes more likely that a smart market would be not only feasible, but economically
practical. Sooner or later it will make sense to implement smart marketsin fact, rather than market

structures that merely approximate the fully efficient outcome.

2. An Electric Power and Transmission System

An dectric system essentialy consists of three types of entities: generators, loads (sources of
demand), and a transmission network or grid. The grid is represented by a constrained graph,
G(N,T,T), specifying a set of nodes, i € N, connected by transmission lines, (i, j) € T, with
line flows z;;. The vector of all flows is given by z. Flows are constrained by one or more
physical restrictions, represented by vector functions y(z) € I'. For example, a typical high-
voltage power line is constrained by both minimal and maximal permitted flows.? The grid as a
whole is constrained to be in energy balance, with the sum of power injections equal to the sum of
extractions plus line losses.?

Each node or bus can support injections from power suppliers and extractions from power
demanders. Injections and extractions are usualy referred to as generators and loads in the
literature, but | usethe more genera supply and demand terminology below becausein awholesale
grid a node may be atie-line bus that connects to another network. Such nodes can have power
flows to or from the other grid, and are thus not specifically identifiable as a particular generator or
load.

L et the set of buyersand sellers be given by B. Each agent b can inject or extract real power v;;,

at node i; power v, is positive if it isinjected, and negative if it is extracted. An agent b receives

2 The constraintsare usually not hard and fast, the way that a pipeline’s diameter is a fixed physical constant. A

line with adesign maximum of 1000 mW, for example, will be able to carry more than 1000 mW, and will not instantly fail
if called upon to do so. However, standard network engineering practice dictates that thermal limits and others be treated
as hard constraints, and | will do so in the analysis below.

3 The power flow balance equationsin an alternating current network have both real and complex components. The

complex componentisknown as “reactive” power; thereactive power balancegivesriseto constraintsin theform of voltage
magnitudes. | will follow the common practice of ignoring the reactive power contraintsin the model, which is equivalent
to assuming that they are never binding. However, it probably is not appropriate to ignore reactive power constraintsin
the design of an actual network dispatch mechanism; see Hogan (1993) and Kahn and Baldick (1994) for a debate on the
importance of these constraints. The model in this paper can be generalized easily to include reactive power contraints.



a gross benefit (before any financia transactions) from y,, equal to u (%), where i/, is the vector
of b’'spower flowsat al i € N nodes, and u(-) is assumed to be concave.* The benefit function is
denominated in monetary units, and thus can be thought of as the participant’s willingness to pay
for power received, or willingness to sell for power provided.

Noticethat benefitsare written asageneral function of all of the power injections and extractions
inwhich the agent participates; this allows for the possibility that the value of injecting ¥;; at node:
depends on how much power y;;, theagentinjectsat node j. The computation of an efficient network
allocation would be simpler if no such interactions were permitted, which would be equivalent to
assuming that agents are independent and participate at no more than one node. However, the more
general situation is quite reasonable for a wholesale market, as will be demonstrated in Section 4
bel ow.

Let us now explicitly specify some of the line flow constraints, generically represented above
asvy(Z). To begin with, we can dispense with constraints on the paths that particular flows follow
through the network. Power flows in a grid are homogeneous. Thus, participants care only about
their own power extractions and injections, not where they originate or terminate.” Indeed, it is
generally not possibly to route electrons along a particular origin/destination path.® Therefore,
there are no routing constraints that must be satisfied in an eectrical network. Thereis, however,

an energy balance contraint: total injections must equal total extractions plus total line losses:
Z Z v, — L(Z) =0  (energy balance) (@)
7 b

where L(Z) isafunction describing the total lossesin the system as afunction of line flows. Using

adirect current (DC) load flow approximation (which ignores reactive flows), Caramanis, Bohn,

4 I am implicitly assuming here that participants have quasiliniear utility, U, = Ij, + u(%p), with I, equal to the

budget availablefor other purchases. In this case, there are no interactionsbetween the value they receive from their power
flows and any other economic transactionsthey may undertake. This seems reasonablefor awhol esale market.

5 Assuming that partici pants care only about homogeneous extractions or injections conflictswith current i nstitutional
arrangementsin many regional grids. Wholesal e power transactionsare often arranged through bilateral contractsbetweeen
buyers and sellers located at separate nodes. | am assuming that there is no intrinsic reason to care about the identity of
one’s trading partner, given the homogeneity of power on the grid and the impossibility of directing the path that given
electronsfollow. If there are external benefits from bilateral agreementsto inject and extract wholesale power, | assume
that side contracts can implement the benefits of such agreementswhile the actual power flows are bought and sold at each
node in transactionswith the “pool” or node manager.

6 Phase shifters can be used to regul ate the amount of power that can flow along certain links, but it is not possible
to tag electronsand control their path.



and Schweppe (1982) have shownthat L(z) = L(y) = Hy, where H isarectangular matrix function
of technological parameters of the network, and v is the vector of net injections (gross injections
minus gross extractions) at the nodes in the network. That is, line flow losses can be expressed as
alinear function of net injections.

In addition to the systemwide balance, flows on each line also face contraints. In particular,

thermal limits impose a maximum flow on aline,

2ij < Zijmaz (line maximum). (2
Some lines may also be constrained to carry aminimal load (or be placed out of service),

Zij > Zijmin (line minimum). (3

For simplicity | will ignore the other constraints that occur in an electric grid, such as voltage
magnitudes and various stability parameters. | am not excluding limits on generation capacity:
those are incorporated in the benefit (cost) functions of participants who supply power: a capacity
constraint would imply an infinite cost of providing power in excess of that contraint. Likewise,
firm system requirements for reserve power can beincorporated through the addition of an artificial
participant who receives an infinite benefit from a fixed quantity of power at each node.

A vector of net injections y such that conditions (1), (2), and (3) are satisfied is feasible. The
general problem of system efficiency requires maximizing the sum of participant benefits subject

to the solution being in the feasible set.

3. Loop Flow Externalities

It might seem that wholesale el ectricity pricing isastraightforward problem: calculate the marginal
cost of supply (including transportion costs, in the form of line losses) at each node, and sell
available capacity at that price. However, the supply curve at each node depends on the injections
and extractions at every other node in the network, and the engineering constraints on the lines.
Thisis so because the flows of electricity through a grid are determined by Kirchoff’s law, which

more or less requires that electrons follow the path of least resistance.” An additional injection or

7 In fact, reactance and resistance together determine flows.



extraction by aparticipant at one bus can affect the marginal |osses throughout the system, and the
extent to which various line contraints are binding, asline loads adjust in conformance to Kirchoff’s
law. Thus, one participant’s action can affect marginal cost for al others. These external impacts
are known in the electric industry as loop flow externdities.

An example may help make the loop flow problem clear (see panel (i) in Figure 1). We can
ignorelinelosses and focusjust on lineload constraints. Supposethat afirm (B;) wantsto purchase
500MW of power at bus B. Suppose that the unit cost of supply at bus C' is constant at 7.5, while
the constant unit cost of supply at bus A is 10. The generator at bus C' has a maximum output of
500MW. Clearly, the efficient supply solution isfor the firm at C' to inject S00MW.

There are two transmission paths between C' and B; one path goes through bus A (see the first
panel in Figure (1)). The lines between each bus have identical length, and there are no losses.
Assume that initially there are no other supplies or demands on this simple network. Resistance is

quadratic in line flows, so Kirchoff’s law can be stated as®
minzj, + 27, + 23,

subject to Zea = Zab

Zab + 2z = 500.

Since the path through bus A istwice aslong, its margina resistance istwice asgreat. Theresult is
a333MW flow along the link from C' to B, with the remaining 167MW flowing along the indirect
path (C AB). The margina cost of generating power and delivering it to the customer at B is7.5.

Now suppose that a new user emerges, B>, who wants to purchase 1000MW, also at bus B (see
panel (ii) in Figure 1). Since generator C' is already injecting its maximum output, it is necessary
to inject power from the more expensive generator at bus A. What are the flows? Minimizing
resistance subject to the efficient injections and extractions puts 833MW on the link from A to B,
with the other 16VMW flowing from A through C' to B; thus the flow from C to B is 667MW.
Since B;'s supplier is still injecting 500MW at the low marginal cost of 7.5, there is no external

impact from B,’s demand on B;’s cost of power.® B,, of course, incurs amarginal cost of 10.

8 | am using the DC load approximation, and thus ignoring reactive power.

9 If we accounted for line losses, there would be aloop flow externality in this case: the added flow on line C'B
would raise the marginal 10ss, thus raising the marginal delivered power cost to customer Bj.



Generation cost: A= 10
cC=75
Generation constraint: C < 500
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Marginal value depends on loads offered and line constraints.
With B1 load only, marginal cost to By is 7.5.

Adding B, load with no line constraints has no effect on Bq cost.
With a line constraint, marginal cost to Bq is 10.

Figure 1. Example of Loop Flow Externalities

Now suppose that there is a line load limit of 500MW on the line from C to B. Clearly, the
power flows in panel (ii) are infeasible. In order to reduce the flow on the line from C to B,
it is necessary to reduce the injection at C' and compensate with a larger power injection at A.
Indeed, the feasible solution is to generate 1500MW at A and nothing at C.1Y The marginal cost
of production for both purchasers is now 10. Since B;’s demand for 500MW could be provided
by the generator at C' with the 500MW line constraint if B,’s demand were zero, it is clear that
the demand by B, has an external impact on the cost of power to satisfy B;’sload. Thisresult is
known as “ out-of-merit-order” dispatch, which isto say that alower marginal cost generating unit

isidle (or underutilized) when a higher marginal cost facility is in use, in order to jointly satisfy

10 This is the solution to the following optimization problem that represents the application of Kirchoff’s laws:
minng +22 4+ ng, subjectto y, +ye = —1500, zep, = Ye — Zear Zab = Ya + Zea, AN 2z, < 500,



the flow demands and the line constraints.!!

What does the loop flow externality imply for power transactions? The answer depends on
the allocation of property rights over the transmission lines in the grid. For example, consider the
simplest case (based on the example in Figure 1): the generator at node C' owns links C'A and
CB, and C'B has a 500MW thermal limit on its load. Then, as demand B induces an increase
in output from generator A (compare panel (i) to panel (iii) in Figure 1), generator C' can demand
compensatory payments for the higher costs induced by the use of its lines, thus placing the full
incremental cost of the power on demand B,. Both demanders face the incremental cost that they
place on the system, and thus make efficient decisions about how much to demand.

However, transmission links are a bottleneck facility, or a natura monopoly. Thus, if the
line owner had full private property rights, it could charge monopoly prices for the use of its
facilities, which would induce another (different) inefficient outcome. Due to concern about
monopoly pricing of bottleneck facilities, the FERC has historically regulated transmission line
prices and access, thus establishing a public property right over the use of lines. Although users
of atransmission line generally are required to pay some compensation to their private owners,
the FERC has used pricing methods that bear no resemblance to the shadow (incrementa cost)
value of the lines. The most common pricing method is “postage stamp” pricing, which assigns a
fixed charge per megawatt transported, independent of the distance transported (which determines
the amount of induced transmission loss) and independent of loop flow considerations. Thus, a
generator at node A can “free-ride” on line C'A: the new load B> may not pay its full incremental

cost. Part of the cost isinstead borne by the generator at C'.

4. Complexity Dueto Non-Integrated Local Grids

The difficulty of obtaining an efficient allocation in the wholesale grid depends on whether such
an alocation creates external effects in the periphery, outside the wholesale grid. The wholesae

allocation may induce external effects if a peripheral grid connects at more than onetie bus, and is

11 When line losses are considered, they provide another source of loop flow externality. Consider the example

from panel (ii) in Figure 1: the power injected at node A flowsin part over link C B, raising the total flow on C'B and thus
raising the marginal line loss (since losses are convex in flows). Thus, B,'s demand raises B1's costs even if merit-order
dispatch is maintained.



subject to loop flow effects (from either or both of line losses and line constraints).!?

These external effects can substantially complicate the participant benefit functions. Suppose
participant b is a power utility with its own transmission grid that connects to the wholesale
grid at two nodes, ¢ and 5. Then b is in a position to buy or sell at two nodes, and has a
benefit function u(v.1, y;5). 1 there were no externa effects in b's loca grid, then the benefit

derived from transactions at each wholesale node would be independent, and we could write

wp(Yiv, Yjb) = Win(Viv) + b (Yjp)-

Yar from wholesale mkt

a
T\
A Y
BP—— v
B
’Z Zy B,maxy = 300 \

yp Yy from wholesale mkt

Figure 2. Example of Loop Flow Externalities

To make the point clear, consider the following example, illustrated in Figure 2. We are now
considering alocal grid that is not part of the wholesale grid. It hasthree nodes (<, (3, and «y); there
are tie lines from the wholesale grid to nodes « and . There is a 300MW thermal constraint on
line v3. For simplicity, suppose the local grid has no local generating capacity, but must purchase
all power from the wholesale grid. Thereisasingle load, at node 3, denoted 5. The demand at 3

isfor )
OMWIif10< p

600 MW if 7.5 < p < 10
900 MW if p < 7.5.

12 There is no important distinction that divides the transmission network into a single wholesale grid and multiple

peripheral (local) grids. The pointisto understandthe complicationswhen the grid subj ect to amarket all ocationmechanism
ismultiply connected to other grids (which may themselvesbe all ocated by market mechanisms). Thus, the analysisapplies
for any general pattern of interconnected grids.



Denote the injections by (y.., y). Flows are determined by applying Kirchoff’s law.!®

min Z(%[?’ + Ziﬁ + Z%/oz,
subjectto  y, +y, = —yg

BB = Yy — Rya
ZaB = Ya + Zya

2y < 300.
By substituting the constraints into the minimand and solving for z, 3 we obtain

2y = (Y4 —yp)/3  subjectto z,5 < 500 (4).

The other flows (2.4, z4) can be found by solving the constraints in the flow problem above.
Sincethereareno linelosses, thelocal utility isindifferent between whether the power arrives at
node -y or node «, aslong astheimports do not violate the thermal limit on liney/3. By rearranging

the result in (4) we can state the feasible bundles of imports as

Yy <900+ y3

Yo == Yp = Yy,
expressed in terms of the total load, —y.

Subject to the flow feasibility conditions, we can now state the utility’s willingness to pay for
power as follows:

10(ye + y+) for 0 <y, +y, <600
wlyo- 1) = { 1500 + 7.5y + ) for 600 < y,, +y., < 900.
(Given the thermal constraint it is not feasible to deliver more than 900MW to load 5.)

We can see the interdependence between the valuation or wholesale transactions at the two
different nodes. First, the quantity the utility will purchase at one node depends on the quantity it
isableto purchase at other nodes. Second, the value at one node depends on the amount purchased
at other nodes. Solving for efficient power and transmission prices in the wholesale grid requires

complete knowledge of complex valuation functions for power at multiple nodes.

13 We are minimizing network resistance, which is quadraticin line flows (DC flow model). The first constraintis
the energy balance: injectionsequal extractions. The second constraint is the line balance on line y: the flow from « to
B equalsinjectionsat -y minus net flows from «y to « (if power flows from « to v then z, < 0 and this flow is added to
injection v, to find the total load on line v/3). The third constant is the corresponding line balance on line 3.

10



5. Spot Pricing Solution

Theefficient allocation in the wholesale grid is obtained by maximizing the sum of user valuations,
subject to the engineering constraints of the network. In this section | show how such an allocation
would be obtained by a central planner with full information. This solution is essentialy areview
of the nodal spot pricing results developed by Bohn, Caramanis, and Schweppe (1984). | then
comment on different approaches to decentralizing the spot pricing equilibrium, as motivation for
the auction mechanism proposed in the next section.

Let participants beindexed by b = 1, ..., B, and nodes beindexed by : € N. Consider adlight
modification of the bidder benefit function given above:

b (Ys)
sty, <y <y ViEN ®)

The change isto specify aset of “capacity” constraints separately from the utility function. Thisis
merely for expositional convenience: below it will help to have explicit shadow prices (Lagrangian
multipliers) associated with the capacity constraints. Notice that since y < 0O indicates aload, or
demand, Y, might well be negative, and represent the maximum short-run load that participant b
is capable of taking at any price.

Consider an omniscient central planner, that | will refer to as the central dispatch agency
(CDA). In particular, the CDA knows all of the participant benefit functions, «;(-), as well as the
engineering constraintsin thegrid. Itistheformer information requirement that ssemsimplausible;

the information problem will be discussed later. To maximize system efficiency, the CDA solves.

oy 2 00
+0 > i — L(Y) (energy balance)
b 2
> MninlZi = Ziamin) (line minima)
I
= mar(Zi = Zimaa) (line maxima)
l
=3 ttijamar Wei — Ybi) (capacity maxima)
b 7
+ Z Z frigmin(Yvi = Y,.) (demand maxima)
b 7

11



Now suppose that we define 7; = 11 min — M1 masz, aNd

OL(Y) A
p; = |1— 0+
p; ( o0 ) Zl: Ly

The p! are the shadow prices for delivered power at each node. These shadow nodal prices are

obtained by solving thefirst-order conditions of the system above:

WhEre 1p; = fthi min — Lbimaz- 1HUS, fOr suppliers the p; will always be greater or equal to the
supplier’s margina willingness-to-sell. For demanders, p; will aways be greater than or equal to
the demander’s marginal willingness-to-pay. Thus, the CDA can assign the alocation {y;,} and
charge each participant > . p;y;,, and everyone should be willing to participate.

Sofar theonly participants considered have been the buyersand sellers of power at thewholesa e
buses. What about the willing participation of the transmission line owners? Hogan (1992) has

shown that the owner of aline from node j to node : will be awilling participant if sheis paid

per unit of power carried on that line. From the definition of p; we see that

__{ OL(y) , 9L(y) 07z, 07
Ty = pi — pj —< By, + 9y, 0+ZI:711 o ;)

Thefirst terminthisexpression isthetransmissionlossalong line ji. The second term isthe shadow
value that represents the congestion rent, or scarcity value of the line given the flow conditions in

the grid.'*

14 Hogan (1992) showsthat in a DC network, the congestion payments collected are exactly equal to the congestion
payments made, and that the |oss payments exceed the value of the lossesincurred, so that thereis some net contribution to
the fixed costs of the transmission grid. Unfortunately, this happy outcome cannot be guaranteedin real, AC grid.

12



Characterizing the Solution

These shadow prices can be used to decentralize the wholesale market (if they can be determined).
Suppose that each participant is alowed to anonymously buy and sell any amount of power at any
node, for price p; . Participants will solve

max uy (5s) — > P i
Yovi LEN

- Z /['ijmlaa:(ybi - y_bz)
7

+ Z i, min (Ybi — Y,.)
1

which has the same first-order conditions as the CDA's problem above. In this hypothetical
wholesale market, it is easy to see why the transmission prices T; = p; — p; make the line
owner indifferent between using the line himself and renting it to others. Suppose the owner has
a contract to deliver power from j to 7. He could take the power at j, and use his line to deliver
it to j. Alternatively, if someone else uses the line, he could take the power at j and resell it on
the wholesale market for p7, then buy power at bus for p; and deliver it, at anet cost or p; — p7,
which is exactly the amount that 7°;; provides in compensation for foregoing use of the line.

The fundamental problem with this decentralized solution is that full implementation places a
heavy information burden on the CDA. How is it to determine the participant benefit functions,
up(75)? The {p}} vary over both time and space; variations over time can occur at fairly high
frequency, as Bohn et a. (1984) have shown.

Suppose the CDA asked the market participants to report their benefit functions so that it could
determine the efficient allocation? The problem isthat participants would know how their reported
preferences would be used to set prices, and thus they would have an incentive to misreport in
order to manipulate the prices. For example, generators might tend to underreport the availability
of capacity, in order to raise spot prices and then deliver more power at those prices.

Hogan (1992) proposes basing prices on ex post information: the actual injections and ex-
tractions at each node. That is, the CDA operators would solve the allocation problem centrally,
without explicitly maximizing the efficiency of the network. The presumption is that through
experience and communications with various generators and loads, the CDA can come close to the

efficient allocation without formally solving for the market solution. Then, after the dispatch was

13



determined, consistent prices can be determined: i.e., those prices that would have generated the
actual allocation. The quality of these ex post estimates will depend, however, on the quality of
certain types of information that the CDA must still obtain, such asthe marginal cost of generation
at each bus, and bounds on the marginal valuation of load at each bus (from, for example, the prices
in interruptible contracts).

There are two classes of problems with Hogan's method. The first is that it still imposes a
rather heavy information burden on the CDA. How closely the calculated bus prices agree with
the true consistent prices depends on the quality of information provided to the CDA. Some of
that information is not easy to observe in ordinary operations. In particular, as discussed above
in Section 4, a participant’s marginal valuation at one node may depend in complex ways on the
prices at other nodes. It may not be straightforward in a wholesale grid to identify the marginal
generator providing power at a given node, since that node may attach to another grid; likewise it
may be difficult to quantify the marginal load valuation. For this reason, Hogan's method seems
better suited to pricing for an integrated pool (in which the CDA controls distribution across the
entire grid) than to a wholesale market that interconnects to other grids with their own dispatch
operators.'®

The second general problem with Hogan’s method is that prices set ex post, even if they equal
thetrue prices that would have generated the observed system allocation, do not provide participants
with the correct ex ante incentives that would induce an efficient system allocation. If participants
could determine on their own the efficient system prices, and acted on that basis (in terms of loads
offered and demanded), then their expectations would be fulfilled and the ex post prices would
rationalize the efficient equilibrium. But of course, the participants are if anything less able than
the CDA to correctly determine the efficient prices ex ante. Thus, their participation will generaly
be based on expected prices that are inconsistent with an efficient allocation, and the resulting
allocation will be inefficient. How serious this problem is depends, of course, on how accurately
participants can forecast the efficient system prices. The more frequently that the system allocation

is changing, the less accurate we would expect price expectations to be. Particularly during periods

15 There is another information problem with Hogan's method: if participants are asked to provide the needed
information, thereis again alikelihood that reporting will be distorted to manipulate prices.

14



of system stress, the participants may make their economic decisions based on expected prices that
lead to a quite inefficient allocation.

As with any scheme that approximates competitive market pricing, we should expect the
Schweppe et a. and Hogan methods to only approximate the efficient allocation. Is it possible
to do better? That depends on how much efficiency is lost relative to an aternative scheme, and
how much more (or less) costly it isto implement the alternative scheme. Thisisfundamentally an
empirical question, and the answer is likely to differ across different power systems.'® However,
the first necessary step isto have afeasible alternative mechanism. Such an alternative is proposed

in the next section.

6. An Efficient, Decentralized Auction M echanism

The Hogan implementation of spot pricing approximates prices via ex post inference, by relying on
the ability of the CDA operators to expertly approximate the efficient allocation without complete
information or ex ante pricing signals to participants. An alternative is to elicit the necessary
information to establish efficient ex ante prices. | shall explain how this can be done through a
“smart market” auction mechanism.

Suppose that the CDA operates an auction, and solicits the participants to announce benefit
functions (7). The CDA then solvesthe allocation programming program given above, replacing
the unknown true benefit functions (u;) with the announced functions (r;). |f bidders truthfully
reveal their benefit functions (r;, = u;) then the resulting alocation would be fully efficient. The
programming problem is sufficiently general to accomodate loop-flow externalities within the
wholesale grid, as well as complex bidder contingencies and interactions that might result from
loop flow considerations in their local, attached grids.

How to obtain truthful revelation? | propose the use of a*“smart market.”'” Theideaof asmart

market isto combine modern computing power with preference revelation theory in order to obtain

16 For example, the severity of the approximation errors in the Hogan method depend on the ease of measuring

marginal load valuations at constrained busses, and of measuring marginal generation costs. As suggested above, this
problem should be much less severe in an integrated pool than in a wholesale market that interconnects various separate
grids.

17 The idea for a smart market originated with Vernon Smith and Charlie Plott [cite]. Hal Varian and | have
proposed a simple smart market for allocating spot delivery priorities on the Internet (MacKie-Mason and Varian (1993),
MacKie-Mason and Varian (1994)). | have developed a smart market scheme for reserving resources in advance in a
network running a connection-oriented protocol like Asynchronous Transfer Mode (ATM) (MacKie-Mason (1994)).
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efficient alocations. The market is “smart” because the “auctioneer” clears prices not by simply
matching the highest bid to the lowest ask, but by repeatedly solving a complex programming
problem that can handle multiple dimensions, varying quantities, and externalities.

The smart market isa*generalized Vickrey auction” (GVA). The Vickrey auction is an elegant
scheme for assigning a good to the agent who places the highest value on it, when individua
vauations are private information. The idea is to solicit bids and award the good to the highest
bidder, but charge the second highest bid as the price. It turns out that bidding on€’s true valuation
isadominant strategy for each agent. The generalized Vickrey auction extends the idea to allocate
multiple units of a good, multiple goods, and goods with externalities (so that agents care about
how much others are consuming).

To understand the intuition for a Vickrey auction, suppose there is one unit of one good, and
two agents. Efficiency requires that the agent with the higher valuation, v; receive the good. If
agents announce a bid b;, then agent 1's expected payoff is

Pr[b1 > bg][?)l — bg]

Suppose that agent 1 announces the truth, b; = v;. Then agent 1 always gets the good when the
payoff is positive (v; — b2 > 0), and never when it is negative. Clearly thisisadominant strategy.
Since both agentswill tell the truth, the good always goes to the agent with the higher true valuation.

This example illustrates the intuition for how the Vickrey auction works. First, the probability
that an agent wins the auction depends on her bid, but the payoff she receives does not. Second,
since the agent’s bid cannot affect the payoff, the payoff should be structured so that truthtelling
always wins the auction when the payoff is positive, and always |oses when the payoff is negative.
Truthtelling then dominates, and the resulting alocation is Pareto efficient.

The payoff structurethat inducestruthtelling inthe one good, one unit Vickrey auction issecond-
pricing. More generaly, the payoff structure that induces truthtelling is to give each participant
his or her utility plus all of the social surplus of the other agents measured using reported utility
functions. If the agent reports truthfully, then the agent’s payoff is precisely equal to total social
welfare from the auction, which is the desired maximand. Since a truthtelling agent receives
precisely what the auction is maximizing, there can be no better strategy than truthtelling.

Of course, giving each agent all of the social surplus clearly is very costly! Therefore, the

auction design usually requires a payment by each agent. If that payment depends only on the
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reports made by other agents it will not change truthtelling incentives. This is the role that the
“second-price” plays in the Vickrey auction: it takes away the value of the good to the highest
value user other than the agent in question. Thus in the two agent example, the winning agent gets
her surplus less the second agent’s surplus; the losing agent gets the winning agent’s surplus less
the winning agent’s surplus, or zero.

The generalized Vickrey auction for the power wholesale market follows this intuition, but
applies to problems in which agents can have preferences over more than one good, more than
one unit of the goods, and over the quantities of the goods that are consumed by other agents

(externalities). Recall that the objective function is

max »  up(s)
{ybi} b

subject to the network engineering and capacity constraints in conditions (1) — (5). The the GVA

for the problem is:

1. Each bidder b reports a bid function, (/).
2. The CDA computes

{7} =argmax > " rs(),
b

subject to constraints (1) — (5). The CDA then assigns the vector 7; to each bidder
b=1,..., B, and computes

W_(Y") = r(@):
aZb
3. Bidder b receives net payoff

up(§y) + [Woo(Y*) — Go(r—s)] (6)
where G (r_p) isan arbitrary function of the other other bidders' reported benefits.

Truthtelling is the dominant strategy for this auction. The “second-price” analogue for a
payment G;(-) by each agent isto charge each agent the total social surplus that would be possible
if that agent did not participate in the auction at al. The result, then, isthat the net payoff received
by agent b is the net increment in total surplus that his participation creates. This payment would
be

Gb(7'—b) = max Z 'r'a(ga)
{yai} (I-_,éb
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subject to the same constraints (1) — (5), except that they now are applied only to participants a # b.

With this definition of the payment G (-), user b’s payoff in (6) has two nice interpretations.
First, the expression in square brackets is the increase (decrease) in the welfare of al other users
that is created by user b's participation. Thus, for participating in the market, b receives her own
direct utility plusthe net increase in the social welfare of othersthat she creates by her participation.
If her injections and extractions affect marginal transmission losses or affect binding thermal line
constraints, then she has a negative effect on the value of the grid to others, and she pays precisely
the incremental reduction in grid value to others that her participation causes.

Alternatively, if we regroup the expression (6),
[up(G5) + W_o(Y™)] — Gi(r_s),

it becomes clear that b is receiving the net increment in total socia surplus that her participation
creates. Since shegetsall of theincremental surplus, she wants to truthfully reveal her preferences.
If her participation creates anegative congestion externality, then the net increment in total surplus
islessthan her direct utility gain, and she pays a congestion tax.

One problem with the GVA isthat it requires substantial computation. If the network planner
simply knew the correct utility functions, as | assumed in section 5, the computational burden
would be modest. If the utility functions u;(-) were linear, then the problem would be equivalent to
alinear programming problem, which could be quickly solved. With nonlinear, but strictly concave
utility functions, the problem becomes somewhat more costly, but asolution is guaranteed in finite
time.

Unfortunately, when we turn to the GVA, with unknown participant benefit functions, the
problem becomes considerably more costly. The GVA mechanism itself requires only a single
solution of the network optimization, plus some ancillary linear computations. However, the GVA
with a payment in the suggested form of G () requires that the network problem be re-solved
once for every b (with aminor reduction in dimensionality by the elimination of one participant).
Since some price Gy (-) would certainly be necessary for any practica GVA, it appears that the

computation may be on the order of 1 separate network optimization problems.'® It is clear that

18 The problemsare not entirely unrelated of course: the solution of each of the B reduced grid allocationswith one
participant eliminated should be substantially easier given the solution to the initial problem with all participants active.
Theinitial solutionislikely to give good starting valuesand clues about which constraintsare binding.
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the granularity of the alocation problem is a crucia decision variable: the more disaggregated
are participants, the larger the computational burden becomes in two dimensions. the solution
time for the network optimization islikely to increase polynomialy in B, and the number of such
optimizations increases linearlly in B.

Fortunately, not all of the computation must be undertaken “on-ling”’, in real time. Only the
efficient allocation is required for the operation of the grid. The extra computations required for
the payments to and from various participants can be undertaken off-line, with some lag, without
affecting the truthtelling incentives. Thus, it seems reasonable to think that the GVA can be solved
with about the same frequency and resource commitment as the optimal dispatch problem for a

grid.

7. Remarks

There are a number of difficult questions to address before implementing a smart market. A
continuously updating auction would not befeasible with current technol ogy, given the computation
complexity and cost. Therefore, it is necessary to decide how frequently the market should clear:
should bids be for hourly power? Half-hourly? What arrangements should be made for futures
contracting? In addition, | have assumed that benefit functions are time-separable. In fact, buyer
and seller valuations are not independent over hours of the day. For example, a generator’s optimal
commitment plan could be affected by spot wholesale prices, due to fixed spin-up costs and the
contraints imposed by minimum downtime for generators. In theory it would be more efficient if
futures prices for T' periods ahead where simultaneously determined with the spot prices, and then
recalculated every bidding period.

Another issue that needs to be addressed is cost recovery. It can be shown that the efficient
spot prices (that include congestion rent) provide the correct margina signal for generator and
transmission line capacity expansion. However, the revenues of the auction may not cover total
costs. How then should costs (especialy fixed costs) be recovered?

These considerations are quite important for designing afunctioning, feasible market. However,
these same issues must be addressed by other market mechanisms, as well: they are not peculiar
to the smart market. For example, athough the payments in a generalized Vickrey auction are not

guaranteed to balance the budget, the same is true of the other market-based proposals that use
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approximations to efficient pricing. The problem is caused by the high fixed costs in the industry,
not by the particular market mechanism implemented. Nonetheless, it may be useful to pursue
the question of cost recovery in the context of designing smart markets. perhaps an incentive-
compatible, efficiency-preserving mechanism can be developed for cost recovery that preserves the

efficiency benefits of the spatial smart market for power and transmission.

8. Numerical Example.
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