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Abstract
Using a suite of perfectly competitive counterfactual models we study
the e¢ ciency of the New Zealand wholesale electricity market over the
ten-year period 2008-2017. Our models combine stochastic dual dynamic
programming with a high …delity simulation model of the New Zealand
hydrothermal electricity system. Results of the models are given for the
calendar years 2008-2017, and compared with wholesale market outcomes
in those years. Counterfactual outcomes depend on assumptions on fuel
prices and attitudes towards shortage risk. Depending on assumptions, we
identify di¤erences in productive e¢ ciency and Ricardian rents.
Keywords: electricity market, hydroelectricity, stochastic in‡ows, riskaversion, market power.
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Introduction

In this paper we study the New Zealand wholesale electricity market over the tenyear period 2008-2017. The paper is a companion to a previous paper [14] that
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outlines the methodology we use in detail and applies it to data from two historical
years in the study period. Each study year in [14] is treated independently in the
sense that we start each year with historical reservoir levels and simulate for one
year only. This paper completes the numerical study by presenting results from
the remaining eight years and describing the results of a long-term counterfactual
simulation that starts on January 1, 2008, and simulates the continuous operation
of a counterfactual dispatch over the ten years in sequence (thus linking storage
levels in consecutive years).
A benchmarking study of an electricity market with stored hydroelectricity
requires some care. Unlike markets consisting solely of thermal generators, markets with hydroelectricity have an inter-temporal aspect arising from the fact that
energy (water) can be stored for later use. This complicates the decision making
of hydroelectric generators as their computation of the marginal cost of releasing water must involve some modelling of opportunity cost and possible shortage
costs, which depend on uncertain future reservoir in‡ows.
There have been several attempts in the literature to deal with this issue. The
most well-known study of the New Zealand electricity wholesale market was carried out in 2009 by Wolak [19]. The model used by Wolak …xed hydro generation
levels at historical values and then simulated market outcomes assuming thermal
plant o¤ered energy at short-run marginal cost. Since it does not account for
shortage risk, this model can underestimate competitive prices in periods (dry
winters) where this risk is present. Subsequent work ([15], [13]) by Philpott and
Guan used dynamic programming and approximate market simulation models to
predict market outcomes. A recent paper by Poletti [17] studies an agent-based
simulation to model strategic o¤ering by generators, and calibrates this to historical market data. In his competitive counterfactual, Poletti estimates water
values using a statistical model that is calibrated to historical prices, and fuel
costs taken from the New Zealand Ministry for Business Innovation and Employment (MBIE) that are reported online at [8]. The market is then dispatched
period by period using these as o¤ers. The benchmark price outcomes are lower
than those observed historically, leading to a reported di¤erence of Ricardian
rent of (NZD)$6 billion1 over 7 years [17, Table iii]. It is important to note that
water values estimated from historical prices begs the question of whether these
prices are competitive which would be a required assumption to yield a suitable
perfectly competitive benchmark. Arguably the calibrated water value surfaces
could be viewed as overestimates of competitive values, which might then yield
underestimates of rent di¤erences between historical outcomes and the counterfactual. Our approach (originating in [15] and [13]) avoids this issue by estimating
1
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water values based on the expectations of a social planner who solves a stochastic
optimization problem.
Our most recent work [14] outlines a new suite of models that extends those
described in [15] and [13]. The new models (which were applied to 2012 and 2013
data) make use of risk aversion incorporated into the stochastic dual dynamic
programming model used for water valuation, and use a high-…delity market simulation model to accurately predict market outcomes arising from counterfactual
agent behaviour. Our market simulation uses vSPD, a replica of the actual dispatch software used by Transpower, the New Zealand system operator. This
represents all operating conditions (e.g. transmission constraints, voltage support constraints, etc) that were present at the time of dispatch. The only change
we make to the data is the price of the o¤ers made by generators.
It might be argued that a social planning stochastic optimization model does
not re‡ect the reality of a perfectly competitive electricity market. If all agents
are risk neutral and have common knowlege of the probability distributions of
future events, then one can argue that a solution to a social planning stochastic optimization model will reproduce a competitive equilibrium. Risk aversion
complicates this story, but with appropriate assumptions on the full availability
of …nancial instruments to hedge risk, it can be shown (see [4]) that this version of the Second Welfare Theorem remains true. In essence the agents in the
model trade their idiosyncratic risks to the extent that all that remains is system
risk that can be handled by a system operator with an appropriately chosen risk
measure (that collects and integrates the risk preferences of the agents).
The results from our models depend on assumptions about gas costs. The use
of gas and coal by thermal plants is complicated by take-or-pay contracts. If a
thermal generator holds a gas contract for more than they need then they might
o¤er below a nominal fuel cost to burn the excess at an apparent loss. On the
other hand a generator who is short of gas might regard the opportunity cost
of gas to be higher than what was paid in a take-or-pay contract. Gas cost is
further complicated by ownership. In some of the years under study the Genesis
group had a 31% stake in the Kupe …eld2 . This makes reported payments for
gas for the group in the published annual accounts signi…cantly lower than they
would be otherwise, where the cost of gas as an operating expense for Huntly
power station should be interpreted as an opportunity cost, i.e. the foregone
value of not selling it elsewhere3 . To account for di¤erent gas cost assumptions,
we have completed two sets of computations. The …rst computations use the
same gas costs as [17], i.e. those estimated for electricity generation by MBIE
2
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and reported at [8]. These could be interpreted as a lower bound on gas costs.
The computations are repeated using higher gas costs as provided by First NZ
Capital Securities Ltd (FNZC)4 .
The results of our models can be summed up as follows. With MBIE estimates
of gas costs, there is a loss of production e¢ ciency in moving to a market model
from a central plan, acccompanied by signi…cant markups in price. With FNZC
estimates of gas costs, there is a more signi…cant loss of production e¢ ciency in
moving to a market model from a central plan (which is to be expected from
higher gas costs), but average price di¤erences between the historical values and
the competitive counterfactual are reversed. Di¤erences in prices under both
gas price assumptions occur noticably in the …rst few months of each year when
uncertainty about winter reservoir in‡ows is high. There is also some evidence
that historical prices are marked up above perfectly competitive levels more in
the South Island than in the North Island.
The layout of the paper is as follows. In the next section we recall the basic
features of the suite of optimization models that we use in our study. More detail
of these models is provided in our preceding paper [14], and the data that they
use are provided in an online companion [5]. In section 3 we describe the experiments that we have carried out to study the New Zealand wholesale electricity
market. Section 4 gives the results of applying the models to every trading period in 2008-2017 under MBIE gas-cost assumptions. This is repeated in section
5 using FNZC estimates of gas costs. Section 6 summarizes the results and draws
some conclusions. All of the output tables and graphs from our experiments are
collected in an Appendix to the paper.

2

The models

A full description of our models is given in [14], and we give only a brief summary.
Our study uses a full representation of the New Zealand high voltage transmission
system as represented by the replica dispatch model vSPD. The models we use
are:
vSPD:
Dispatch model solved over one trading period;
HydrovSPD:
Daily dispatch model including river chains;
DOASA:
A stochastic planning model solved over one year.
We examine a counterfactual proposal that supposes that the national electricity system is controlled centrally by a system planner who solves DOASA
4
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every two weeks in a rolling horizon fashion with updated data. The output
from DOASA is used to determine water values for the model HydrovSPD that is
solved sequentially over 14 days between solves of DOASA. The outcomes of the
model HydrovSPD are then compared with observed outcomes in the wholesale
market as computed in vSPD.

2.1

HydrovSPD

To investigate the dispatch of hydroelectricity over the course of a day a national
river-chain dispatch and nodal pricing model (HydrovSPD) combines o¤ers from
generation plant with river scheduling constraints over 48 half-hour trading periods, p = 1; 2; :::; 48. A diagram of the location of the river chains modelled is
shown in Figure 1.

Figure 1: Approximate network representation of New Zealand electricity network
showing main hydro-electricity generators
We di¤erentiate between large storage reservoirs and small headponds. We
require small headponds to end the day 50% full, while the future value of water in
the large storage reservoirs is evaluated using a piecewise linear convex cost-to-go
5

Figure 2: The 3 node transmission network and major generators in DOASA.
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are determined from the output of DOASA.

DOASA

To investigate the dispatch of hydroelectricity over the course of a year, a hydrothermal release policy must be determined. This involves the solution of DOASA,
our large-scale stochastic dynamic programming model.
DOASA uses weekly stages and a plan year of 52 weeks with the starting week
chosen to be a particular week in the plan year. Historical in‡ows are sampled
from a …le that records weekly in‡ows. The New Zealand electricity system is
represented as shown in Figure 2.
Weekly demand is estimated from historical generation and transmission ‡ows,
and aggregated into a load duration curve with three blocks. These are called
peak, o¤-peak and shoulder. We have chosen peak hours to be 6am-8am and
6pm-8pm weekdays, shoulder hours to be 8am-6pm and 8pm-10pm weekdays,
and o¤peak hours to be the other hours in the week. The total demand in MW
in each node is then averaged over these trading periods to get a total demand
rate for each block. The energy requirement in each node for each load block in
any week will be its duration times the average demand rate for this block.
In meeting demand, in case of supply shortages, load shedding (in MW) is
allowed at high costs. The costs depend on the type of customers and amount of
reduction (in $/MWh). Load in each node is divided into three sectors to represent di¤erent types of customers, which are industrial, commercial and residential,
6

and each sector has some distribution in each island. The default proportions are
the proportions of consumption in 2015 adjusted to higher commercial and residential proportions in the North Island due to a denser population, and to a higher
industrial proportion in the South Island due to an aluminium smelter5 . Each
sector is then divided into three segments to represent the amount of reduction,
namely 5%, 5% and 90%. The third segment represents unplanned interruption
of power supply. The cost for load shedding is called the value of loss load, or
VOLL, in the electricity industry. The VOLLs for the industrial sector are set to
be lower than the other two and the VOLLs increase over segments in each sector.
We assume that up to 10% reduction in load can be achieved at a relatively low
cost, but the value of unplanned interruption is very high ($10,000/MWh)6 .
The DOASA model assumes that six reservoirs, Manapouri, Hawea, Ohau,
Pukaki, Tekapo and Taupo, can store water from week to week. The release of
this water through generating stations is controlled. The hydroelectric stations in
other parts of the system are treated as run-of-river plant with limited intra-week
‡exibility. It is important to note that we assume in‡ows to the main catchments
are stagewise independent. These are sampled from the historical weekly in‡ow
series available on the EMI site [7]7 . Full details of the DOASA model for this
study can be found in the online companion [5] to this paper.
EMBER simulation
Given reservoir levels x(1) solve a 52 week hydrothermal scheduling problem
using DOASA.
1. Set t = 1.
2. Solve a hydrothermal scheduling problem over weeks ft; : : : t + 51g using
DOASA.
3. Set x = x(t).
4. For d = 1 to 7,
(a) Select k and k , k 2 K, from the cut intercepts and slopes approximating E[Ct+1 (x(t + 1); !(t + 1))];
5

The proportions used in DOASA change over the years used in the study (by about 5%).
The value of $10000/MWh is open to some debate. The NEM in Australia applies a VOLL
that is indexed to in‡ation. In 2018-19 the value was $14,500 [18]. Our choice of $10,000
is based on the capital cost of approximately $1M/MW for peaking plant [9] that would be
required 5 hours per year over 20 years.
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In any year y we select in‡ows for each catchment in the years from y 35 to y 1 as
equally likely random outcomes in each week. Thus for any year we have 35 (vector) outcomes
per stage giving a stagewise independent scenario tree for DOASA of 3551 scenarios.
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(b) Solve HydrovSPD(xr );
(c) Set x = xr (49).
5. For d = 8 to 14,
(a) Select k and k , k 2 K, from the cut intercepts and slopes approximating E[Ct+2 (x(t + 2); !(t + 2))];
(b) Solve HydrovSPD(xr );
(c) Set x = xr (49):
6. Set reservoir levels to x, set t = t + 2, and go to step 2.
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Market comparison

We now decribe a set of experiments that were carried out using data from 20082017. Given costs per MWh of gas, diesel, and coal generation it is possible to
compute the cost of fuel required to generate the electricity dispatched by the
wholesale market in each historical half hour. This cost can be compared with
the same cost as optimized by a central plan.
There are several di¢ culties with such an approach. The …rst of these concerns dispatch that has limited control. Examples of such dispatch is that from
cogeneration, geothermal plant, run-of-river hydro and wind. Although these
have low marginal cost, their availability is subject to the vagaries of in‡ows and
wind, and so we cannot centrally dispatch these in a counterfactual. We choose
to …x all cogeneration, geothermal generation wind generation, embedded generation, run-of-river generation and small hydro plant at their historical levels.
This leaves the large hydro systems (Manapouri, Clutha, Waitaki and Waikato)
available for control along with the major thermal plants (Huntly (4 units plus
e3p and P40), Otahuhu, Stratford, and Whirinaki). These are the only generators
that we allow to o¤er energy within our model.
In reporting costs, our measure will be the operating cost (i.e. cost of fuel, CO2
charges and variable maintenance cost) incurred by these …ve plants. The fuel
used in a thermal power station is coal, natural gas or diesel, as shown in Table
1. Coal is supplied from stockpiles that are restocked under long-term contracts.
Coal costs are assumed to be constant at $4/GJ. Natural gas is supplied by takeor-pay contracts. It is assumed that in social planning the supply can be secured
and the costs are wholesale prices. The quarterly average prices of natural gas for
wholesale use are available from the MBIE webpage [8]. The quarterly average
prices of diesel for commercial use in [8] are used as the costs of diesel. The
quarterly average prices are converted into real dollars in December 2015 and
8

the costs of CO2 emissions (based on the current CO2 price expressed in 2015
terms8 ) are added. This gives the fuel and carbon cost of coal, diesel and gas as
shown in Table 2. This table also shows the corresponding cost estimates based
on FNZC estimates of fuel costs. These give higher costs for gas and coal plant.
The short-run marginal cost for any plant can be obtained by multiplying the
heat rate (see Table 1) by the fuel cost, and adding a variable operations and
maintenance cost. These SRMC values are similar to those assumed by other
authors (e.g. [3, page 6, Table 2]).
Power station

Heat rate
OM Cost
Fuel
(GJ/MWh) ($/MWh)
Huntly main 1-4
10.3
9.6
coal
Huntly e3p
7.2
4.25
natural gas
Huntly peaker
9.8
6.4
natural gas
:
Otahuhu B
7.45
4.3
natural gas
Stratford peakers
9.5
6.4
natural gas
Taranaki Combined Cycle
7.6
4.3
natural gas
Whirinaki
11
10.0
diesel
Table 1: Thermal power stations, heat rates, variable operations and
maintenance cost, and fuel type.
8
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Table 2: Fuel and CO2 costs for thermal generation in December 2015 NZ
dollars (Sources: [8], and personal communication, FNZC).
To enable a fair comparison with market outcomes, we have de-rated stations
at which plant have been removed for planned maintenance. The weekly derating of a generator is taken by default to be the outage amount given in the
POCP database [16]. If no data are provided for an o¤ering generator in [16], we
de-rate its plant capacity in a given week of the year by the di¤erence between
its nominal capacity and the average total o¤er quantity made by the plant in
the same week in previous years. The schedule in POCP de…nes the starting and
end time of scheduled maintenance for generators, which includes the o¤ering
generators and all small and run-of-river generators that we consider as …xed
(e.g. Tokaanu, Rangipo and Waikaremoana). The HVDC line capacity is treated
as …xed in DOASA, but will be assigned its vSPD value during simulation.
As discussed above we also make use of costs for unserved load. These depend
on the type of customer and the amount of load reduction as shown in Table 3.
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Table 3: Load reduction costs ($/MWh) and proportions of each load in 2015
that is industrial, commercial, and residential load.
The last two columns of Table 3 show the proportion of load of each type in
each island in 2015. This shows that (rounded to the nearest percentage) 58%
of South Island load is industrial, 17% commercial, and 24% is residential. The
costs (in NZ$/MWh) of shedding load are also shown in Table 3. We assume
that up to 10% reduction in load can be achieved at a relatively low cost, but
the value of unplanned interruption (or reduction above this level) is very high
($10,000/MWh). Therefore if, for example, load in the South Island was 1000
MW, we could shed up to 5% of 580 MW at $1000/MWh and at $2000/MWh,
we could shed 5% of 410MW (170MW commercial and 240 MW residential) plus
a further 5% of 580MW industrial load.

4

Results for MBIE gas costs

We now present the results of applying DOASA and HydrovSPD to data from
the calendar years 2008 to 2017 using the gas cost estimates published by MBIE.
The competitive counterfactual outcomes are computed for three di¤erent levels of risk aversion (risk neutral, mild risk aversion and extreme risk aversion).
These choices give di¤erent trajectories of reservoir levels and therefore di¤erent
marginal water values. The marginal water values then translate into di¤erent
prices when simulated in HydrovSPD.
Risk is modelled using a nested dynamic risk measure (see [10]), in which the
one-step risk measure is a convex combination of the expectation and worst case
outcome of future fuel and shortage cost. In other words we use the one-step risk
measure
(Z) = (1
)E[Z] + W[Z]
where

2 (0; 1), Z represents the random future cost, and
W[Z] = maxfZ(!)g:

The dynamic version uses a nested form of , where the risk averse certainty
equivalent of a random stream of costs, say Z1 ; Z2 ; Z3 , is computed using a nested
formulation, which would be (Z1 + (Z2 + (Z3 ))) in this example. A straightforward procedure for implementing this within SDDP algorithms is described
in [11]. If there are M scenarios, the measure (Z) is equivalent to weighting
11

all scenarios with equal probability (1M ) except for the most expensive scenario
+ 1). Mild risk aversion corresponds to chooswhich receives weight M1 (M
ing = 0:5 and extreme risk aversion uses = 0:9. To put this in context, a
value of = 0:9 implies that the decision maker each week believes with 90%
probability that the worst in‡ow observed in this week in the last 35 years will
occur. This entails more than a 50% chance that the next six weeks will be a
sequence of the driest weeks out of the last 35 years.

4.1

Prices

The time-weighted average wholesale electricity prices (in 2015 dollars) for the
North Island and the South Island are shown in Figure 3 and Figure 4 respectively.
Here we choose the Otahuhu node in Auckland to represent the North Island and
the Benmore node to represent the South Island.

Figure 3: Time-weighted average prices (2015 NZD/MWh) at Otahuhu node
2008-2017.
There are several observations worth making about these two …gures.
1. In four of the years (2008, 2011, 2012, and 2014) historical prices in the
North Island are above risk averse counterfactual prices, and in nearly all
years historical prices in the South Island are above counterfactual prices.
2. In 2009, historical prices are below counterfactual prices.
3. In 2014 and 2016, risk-neutral counterfactual prices in the North Island
(blue bars) are higher than risk-averse counterfactual prices and historical
prices. This behaviour is not seen in South Island average prices in these
years.
12

Figure 4: Time-weighted average prices (2015 NZD/MWh) at Benmore node
2008-2017.
4. In the South Island, counterfactual prices tend to rise with the level of risk
aversion.
5. In the years 2013-2017, South Island risk-averse counterfactual prices are
below the risk-averse counterfactual prices for the North Island. So the
risk-averse counterfactual outcome in these years has many periods where
there is transmission congestion between Benmore and Otahuhu. In the
same years, historical North Island prices are close to the their risk-averse
counterfactuals, while historical prices in the South Island are well above the
South Island risk-averse counterfactuals, and closer to North Island prices,
indicating fewer periods of price separation.
Discussion on Observations 1 and 2
The years 2008, 2012 and 2014 experienced dry winters. One can also see
price di¤erences in (dry winter year) 2017 in the South Island. This indicates
that observed historical prices are higher than risk-averse counterfactual prices
in periods where there is a perceived risk of shortage, even when the agents are
modelled as highly risk averse. If there are insu¢ cient derivative instruments
available to trade in‡ow risk then one expect to see this outcome in a perfectly
competitive market. Alternatively, higher price markups could be from an overly
conservative risk attitude by generators towards low in‡ow events perhaps as an
outcome of public announcements about possible shortage risks.
The price outcomes in 2009 are also interesting. Figure 5 shows Benmore daily
average prices over 2009. Here historical prices are often below counterfactual
prices. In some trading periods, Huntly o¤ers its generation at prices below its
13

Figure 5: Daily average prices (2015NZD/MWh) at Benmore in 2009.
marginal cost. Figure 6 shows the energy o¤er stack for HLY1 at 2pm on March
5, 2009. The marginal cost of this unit at $4/GJ coal price is $50.8/MWh.

Figure 6: O¤er stack for Huntly unit 1 for trading period 28 (1:30-2:00pm) on
March 5, 2009. Marginal cost is shown in orange.
There are several explanations for such an o¤er. One is that the generator
o¤ers below marginal cost to ensure that the generation unit is dispatched, so
that it does not have to switch o¤. This would explain an o¤er of 0 up to the 110
MW minimum load level. Beyond that one would expect a perfectly competitive
o¤er to follow the short-run marginal cost, rather than staying below up to the
maximum operating level.
An alternative explanation comes from the contract position. O¤ering below
marginal cost is rational if Genesis is long in contracts and can in‡uence prices
through its spot o¤er, since it will be paid the contract price minus the spot price
on its contract quantity. Thus if Genesis holds Q in contracts at price f and
are dispatched quantity q at spot price p then, assuming a marginal cost of c, it
14

makes a pro…t of
qp

cq + Q(f

p) = (q

Q)p + Qf

cq:

It follows that whenever its dispatch is below Q, Genesis would want the clearing
price p to be low. Thus an optimal o¤er will bid below marginal cost up to the
contract quantity (to keep p as low as possible). In March 2008 one can …nd
similar o¤ers by Genesis, but since water was getting scarce Genesis o¤ers were
close to fully dispatched (q > Q), meaning prices were above the low o¤er prices
for low q values. In contrast in March 2009, one might expect that the level of
contracting (Q) would be high (following a crisis year), while hydro plant are
dispatched more than in 2008. As a result the o¤er shown above is dispatched
at a low q giving a price below its marginal cost. The recorded price at HLY220
for this trading period is $44.81/MWh. (A similar e¤ect is reported in [14] for
2013.)
Discussion on Observation 3
We can get some insight into the cause of the price di¤erences by looking at
daily time-weighted average prices corresponding to each counterfactual solution
in 2014. These are shown in Figure 7 for Otahuhu and Figure 8 for Benmore.

Figure 7: Daily time-weighted average Otahuhu prices (NZD 2015/MWh) in 2014.
Observe a spike in Otahuhu price in September 2014 in the risk-neutral plot
(blue). The storage trajectories corresponding to each counterfactual solution
in 2014 are shown in Figure 9. The North Island risk-neutral trajectory (blue)
hits zero in September 2014. When this happens HydrovSPD must shed load
in some North Island nodes, which leads to very high prices in some trading
periods. One cause of this phenomenon is the aggregated grid model used in
DOASA. The DOASA solution records high reservoir levels in the South Island
15

Figure 8: Daily time-weighted average Benmore prices (NZD 2015/MWh) in
2014.

Figure 9: Daily total storage levels (Mm3 ) in South Island and North Island
reservoirs in 2014.
in the risk neutral solution, and optimizes the use of both North and South Island
water in September, avoiding any shortage in the aggregated DOASA model. In
HydrovSPD (which models all 250 nodes and transmission lines in vSPD) the
water levels in Taupo in September are insu¢ cient to satisfy demand without
load shedding or violating constraints in transmitting power from the South Island. This problem is overcome by the risk-averse counterfactual solutions that
maintain higher water levels in Taupo in September and avoid the price spike
observed in the risk-neutral solution. (A similar explanation applies to 2016, as
shown by Figure 10 and Figure 11).
Discussion on Observation 4
One might expect this to happen as risk aversion to low in‡ows will increase
marginal water values, which a¤ect prices in the South Island.
16

Figure 10: Daily time-weighted average Otahuhu prices (NZD 2015/MWh) in
2016.

Figure 11: Daily total storage levels (Mm3 ) in South Island and North Island
reservoirs in 2016.
Discussion on Observation 5
It is instructive to study time-weighted average prices for 2015 as shown in
Figure 12 and Figure 13. One can observe that the historical Otahuhu prices
and historical Benmore prices look similar. In the middle of the year there are
marked di¤erences in the high risk-averse prices (green) at these nodes. In many
periods on these days the transmission system from South to North would be
congested and South Island generators (at Benmore) would receive lower spot
prices than their Northern counterparts (at Otahuhu) if they were both behaving
as price takers. If South Island generators can in‡uence prices then it is rational
to raise o¤er prices to reduce transmission congestion and increase spot market
revenues that will be earned at prices closer to those at Otahuhu. The outcome
from South Island generators following this strategy is a wealth transfer from
17

Figure 12: Time-weighted average price (2015 NZD/MWh) for Otahuhu in 2015.

Figure 13: Time-weighted average price (2015 NZD/MWh) for Benmore in 2015.
the transmission owner (who would otherwise collect transmission rentals in a
perfectly competitive setting) to South Island generators.

4.2

Variable costs and Ricardian rents

The variable operating costs (in 2015 dollars for the …ve largest generators) for
each counterfactual are compared with historical values in Figure 14, and corresponding Ricardian rents are displayed in Figure 15.
The variable costs increase as the counterfactual models become more risk
averse, as this entails a more conservative use of stored water. For all levels of
risk aversion, counterfactual variable costs are below historical costs. The total
amount of savings relative to the historical dispatch over the ten year period (in
2015 dollars) is shown in Table 4. The fuel, CO2 and maintenance savings are
shown as “Fuel” and the savings from extra reservoir water accrued at the end
of each year is shown as “Water”. The total savings, which accounts for both of
18

Figure 14: Variable operating costs (fuel, CO2 , and maintenance) for …ve largest
generators in (millions 2015 NZD) assuming MBIE gas costs.

Figure 15: Ricardian rents (for …ve largest generators) in (millions 2015 NZD)
assuming MBIE gas costs.
these, range from $50M per year to $40M per year.

Table 4: Operating cost savings (NZD 2015 (M)) for …ve main generation
companies from using counterfactual models compared with historical dispatch
over 2008-2017.
The Ricardian rent di¤erences decrease as the counterfactual models become
more risk averse (apart from 2014 and 2016 where the risk neutral plan has led to
shortages). In general risk aversion leads to higher wholesale prices, so this will
19

give higher Ricardian rents. In some years (2008 and 2012) the rent di¤erences
are substantial. The total amount of rent di¤erences over the ten year period (in
2015 dollars) is shown in Table 5. These …gures indicate a di¤erence in Ricardian
rent of about $3 billion over these ten years. These are the …gures interpreted as
“market power rents”in [19] and [17].

Table 5: Ricardian rent savings (NZD 2015 (M)) for …ve main generation
companies from using counterfactual models compared with historical dispatch
over 2008-2017. These …gures ignore end of year water savings.
We can see that historical prices are higher than counterfactual prices in all
years except 2009. The di¤erences are not equally distributed across the months
of the year, tending to be largest when historical prices rise to signal a shortage.
This e¤ect is most noticeable in February and March of each calendar year. To
illustrate this we show in Figures 16 17 and 18 some plots of time-weighted average
prices in each day of the years 2012, and 2015.

Figure 16: Time-weighted daily average prices at Otahuhu in 2012.
One can observe that historical prices exceed the counterfactual prices in February and March, although they later drop away. It is interesting to compare
the historical price plot (purple) in 2015 with that for the high risk averse case
(green), and to relate this to reservoir levels as shown in Figure 19. Although
North and South Island reservoirs track quite closely in historical and counterfactual solutions in the …rst three months of 2015, historical prices are above the
counterfactual prices in both islands. Over winter, Benmore prices in the counterfactual decrease, although as shown in Figure 19 the historical South Island
storage is below the counterfactual South Island storage during this period.
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Figure 17: Time-weighted daily average prices at Otahuhu in 2015.

Figure 18: Time weighted daily average prices at Benmore in 2015.
The models described above start each year afresh with reservoir storage levels
in each counterfactual model reset to the historical level. The …nal experiment
with MBIE costs simulates the high risk-averse counterfactual from January 1,
2008 until December 31, 2017, without resetting storage levels at the end of each
year. Such a simulation (re-solving DOASA every two weeks) is computationally
very demanding (requiring 260 DOASA solves), so we have restricted attention
to a single run in this paper. The results are shown in Figures 20, 21, 22, and 23.
The total operating (fuel, CO2 , maintenance) cost of the counterfactual solution over the ten years is 294M 2015 dollars lower than that of the historical
dispatch. The di¤erence in Ricardian rent between the solutions is about 4 billion
2015 dollars. The counterfactual solution stores more water in both islands at the
end of 2017, and has no shortages. Observe that the counterfactual solution is
very risk averse and so North Island storage hits its upper bound in some years,
which will entail some spill.
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Figure 19: Reservoir storage (Mm3 ) in 2015.

Figure 20: Time-weighted average daily prices (2015 NZD/MWh) at Otahuhu,
2008-2017 for MBIE gas costs and high risk aversion as compared with historical
prices.

5

Results for FNZC gas costs

We now present the results of applying DOASA and HydrovSPD to data from
the calendar years 2008 to 2017 using the gas cost estimates provided by FNZC
and listed in Table 3. As shown in Table 3, these are substantially higher than
MBIE estimates.

5.1

Prices

The time-weighted average prices using FNZC gas costs are shown for Otahuhu
in Figure 25 and for Benmore in Figure 26.
Except possibly in 2012, the counterfactual time-weighted prices are now generally higher than the historical average prices. The risk neutral model is still
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Figure 21: Time-weighted average daily prices (2015 NZD/MWh) at Benmore,
2008-2017 for MBIE gas costs and high risk aversion as compared with historical
prices.

Figure 22: North Island reservoir storage (Mm3 ), 2008-2017 for MBIE gas costs
and high risk aversion as compared with historical levels.
susceptible to the water shortage in the North Island (see e.g. Figure 24), which
leads to high risk neutral prices in 2014 and 2016.

5.2

Variable costs and Ricardian rents

The variable operating costs (in 2015 dollars for the …ve largest generators) for
each counterfactual are compared with historical values in Figure 27, and corresponding Ricardian rents are displayed in Figure 28.
Observe that the variable cost di¤erences bewteen historical dispatch and
counterfactual models have increased. The total amount of savings accounting
for end of year of reservoir level di¤ernces over the ten year period (in 2015
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Figure 23: South Island reservoir storage (Mm3 ), 2008-2017 for MBIE gas costs
and high risk aversion as compared with historical levels.

Figure 24: Daily total storage levels (Mm3 ) in South Island and North Island
reservoirs in 2014 (using FNZC fuel costs). These curves are very similar to
Figure 9 but storage levels are lower here because of increased fuel costs.
dollars) is shown in Table 6. These range from $100M per year to $90M per year.

Table 6: Operating cost savings (NZD 2015 (M)) for …ve main generation
companies from using counterfactual models compared with historical dispatch
over 2008-2017.
The Ricardian rent di¤erences are shown in Figure 28. In general risk aversion
leads to higher wholesale prices, so this will give higher Ricardian rents. In nearly

24

Figure 25: Time-weighted average prices (2015 NZD/MWh) at Otahuhu node
2008-2017.

Figure 26: Time-weighted average prices (2015 NZD/MWh) at Benmore node
2008-2017.
all cases these are higher than historical rents, when both are computed using
FNZC gas costs.

Table 7: Ricardian rent savings (NZD 2015 (M)) using FNZC fuel costs for …ve
main generation companies. Counterfactual models are compared with
historical dispatch over 2008-2017.
The total amount of rent di¤erences over the ten year period (in 2015 dollars)
is shown in Table 7. These …gures indicate a di¤erence in Ricardian rent of
between minus $6 billion and minus $8 billion over these ten years. These …gures
would indicate that the market is earning less rent than it would under a perfectly
competitive counterfactual.
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Figure 27: Variable operating costs (fuel, CO2 , and maintenance) for …ve largest
generators in (millions 2015 NZD) assuming FNZC gas costs.

Figure 28: Ricardian rents (for …ve largest generators) in (millions 2015 NZD)
assuming FNZC gas costs.

6

Discussion

In this paper we have described some experiments with stochastic optimization
models of the New Zealand wholesale electricity market that provide counterfactual outcomes for competitive markets. The results arising from these models
indicate that wholesale market outcomes have deviated from perfectly competitive benchmarks. When this happens, there is a loss in e¢ ciency, as can be seen
in the di¤erences in cost reported in Table 4 and Table 6. Observe that these cost
di¤erences represent fuel and carbon costs only. The 10-year continuous counterfactual model with high risk aversion produces commensurate cost savings. As
shown in Figure 22 and Figure 23, these models do not run down the storage of
large reservoirs, but maintain similar if not fuller levels than what was observed
historically.
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It is important to recognize that our simulations are carried out (in HydrovSPD) using a full representation of the New Zealand wholesale electricity
market. The policies that we simulate do not anticipate future in‡ows, and so
the outcomes represent an implementable counterfactual. Furthermore, the counterfactual simulations require no savings campaigns. Commentators (see e.g [6])
have asserted that the lack of savings campaign in 2012 indicates that the wholesale market was working well by signalling potential shortages with high prices
early in the year. Our models show that demand in 2012 can be met by the
market using more conservative price signals.
The results of our study can be summarized as follows.
1. Outcomes of counterfactual analysis depend on assumptions of gas costs and
levels of risk aversion. In market monitoring, it is therefore very important
that gas costs and availability (and other) model inputs are disclosed and
agreed upon by participants and the regulator.
2. When risk aversion is included in the DOASA optimization model, and this
is re-solved every two weeks, it produces storage trajectories in simulation
that avoid shortages over ten years. With low gas costs these outcomes
can be achieved with price increases to signal the risk of shortage that
are typically less extreme than historical prices. Care must be taken in
interpreting this assertion as the prices are computed at di¤erent reservoir
storage levels.
3. Di¤erences in Ricardian rent over 10 years can vary widely depending on
the assumptions underlying the counterfactual model. This means that care
must be taken when using these statistics on their own as a performance
indicator. Notwithstanding this remark, the counterfactual models allow us
to identify some market features present in both sets of experiments (i.e.
either assuming MBIE gas costs or FNZC gas costs) that deserve further
attention. These are:
(a) Price markups observed in February and March of each year that might
be explained by strategic behaviour;
(b) Price reductions observed in years with plenty of water that might be
explained by strategic behaviour of contracted plant;
(c) Price markups observed in the South Island compared with counterfactual prices that might be explained by strategic behaviour.
It is interesting to speculate on the causes of the di¤erences in prices and rents
observed in the market and the counterfactuals above. The Wolak report [19]
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makes a case for strategic exercise of market power as being the primary cause,
but uncertainty and risk (which are largely ignored in the hindsight benchmark of
[19]) also play a role that must not be discounted. Our counterfactual model is an
attempt to remove some of the bias associated with hindsight benchmarks that
ignore reservoir in‡ow uncertainty. We have not eliminated this hindsight bias
entirely as HydrovSPD admits full clairvoyance of intra-day in‡ows. In addition,
the benchmark model will still have some residual bias from relaxing other information constraints that will be present in a real setting. In particular, generators
are exposed to risks from plant failure, fuel price uncertainty and regulatory intervention. These risks have been modelled ex-post using deterministic parameters
in our model.
In our multistage setting, a perfectly competitive risk-neutral equilibrium can
be de…ned by a stochastic process of prices with respect to which every agent
optimizing its own expected bene…t will yield generation and consumption actions
that clear energy markets in all future states of the world. It is possible to show
[12] that such an equilibrium maximizes expected social welfare, and that a riskneutral social plan yields a perfectly competitive risk-neutral equilibrium. Thus
our risk-neutral counterfactual takes the perspective of a planner maximizing
expected social welfare. However the equilibrium we compute might be di¢ cult
for market participants to identify. As shown by [1], even if the social planning
problem has stagewise independent random variables, the stochastic process of
prices that de…nes an equilibrium might be very complicated with none of the
stagewise independence properties that make water values easy to compute using
dynamic programming 9 . Market design should be aimed at this dynamic price
discovery, but despite 25 years of experience with electricity markets for hydrodominated systems, these are not as well understood as purely thermal markets,
and more remains to be done to improve the operation of these markets to get
closer to welfare-optimizing outcomes. The di¤erent solutions adopted in various
jurisdictions (e.g. New Zealand, Brazil, Colombia, France) are evidence of the
di¤erent approaches to tackling this issue.
The in‡ow processes used in DOASA are assumed to be stagewise independent. This means that a sequence of dry weeks will occur in the model with lower
probability than it would in reality. When reservoir levels are low, and low in‡ows
persist, the independence assumption will tend to produce optimistic estimates
of future costs. The marginal water values at low reservoir levels are therefore
likely to be lower in our model than in a model with serial dependence. We have
attempted to account for this dependence using an in‡ow adjustment (see the
9

If, given an equilibrium price process, an agent …nds it is di¢ cult to compute an optimal
policy, then it is optimistic to assume that we will observe outcomes matching a perfectly
competitive equilibrium.
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description of DIA in [14]) and varying levels of risk aversion using a dynamic
coherent risk measure. This has largely been successful in avoiding shortages that
might have arisen from assuming stagewise independence without these adjustments, and with high levels of risk aversion the storage trajectories obtained are
more conservative than those observed historically.
Our models do not include forward contracts for electricity. It can be argued
that most electricity produced is sold under such a contract and so it is contract
prices that should be used in counterfactual comparisons. Unfortunately it is
di¢ cult to do this directly as not all traded contract quantities and prices are in
the public domain. However, ignoring forward contracts in our study has some
justi…cation for the following reasons.
There is a misconception about conditions under which contracts will change
the optimal behaviour of market participants. It might be argued, in particular
when agents are risk averse, that the prices that result from a counterfactual
model would be di¤erent in a setting where contracts are modelled. This is
certainly true when agents make decisions that are linked over stages. On the
other hand, if perfectly competitive agents bid an o¤er stack that optimizes in
each price outcome independently of the future then contract levels should make
no di¤erence to their o¤er stack, which will be their short-run marginal cost curve.
This can be explained as follows. A contract quantity of Q at contract price f
produces a payo¤ to the seller of Q(f p) where p is the spot price. A perfectly
competitive generator who has sold such a contract, behaves as a price taker with
respect to p so they should ignore the (random) contract payo¤ Q(f p) and for
each p choose quantity q to optimize (p c)q. Even if they were risk averse, the
o¤er stack gives them the ability to choose q(p) to optimize (p c)q for every
realized p.
It is possible therefore to test a hypothesis that agents are behaving as price
takers in the wholesale market by focusing only on this market and ignoring
contract positions. We have already seen that historical market prices in some
periods are lower than marginal costs of dispatched generation, an e¤ect which
one would observe if o¤ering generators are behaving strategically to keep prices
low in case they are dispatched below their electricity contract positions, but not
if they were price takers o¤ering in each period independently. Of course one
could argue that thermal o¤ers are linked over time by gas take-or-pay provisions
or unit commitment e¤ects, so alternative explanations of these e¤ects can be
made when the independent o¤er assumption is not satis…ed.
The second justi…cation for ignoring contracts relates to generator rents in the
spot market. In the experiments with MBIE gas costs, we can see from Figure 15
that in 2009 the counterfactual model earns more rent than historical outcomes.
It would be wrong to deduce that generators made less pro…t in 2009, since their
contract prices f would be likely to be above the average value of p in 2009.
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Conversely historical rents that are much higher than counterfactual outcomes
are likely to have been attenuated by contract payments. So contract payments
tend to smooth out the volatile historical rents that we observe. Nevertheless,
in most electricity markets (including New Zealand) contracts are traded at a
premium to expected spot prices (see [2]). Thus long-run average rents estimated
from spot prices would be expected to be underestimates of the contract and spot
revenue minus short-run costs of electricity generation. So in the long run (e.g.
over a ten year horizon) we might expect the total Ricardian rents to provide
some estimate of the degree of competition in the wholesale market.
Unfortunately, it is not easy to deduce a de…nitive performance …gure for
the New Zealand wholesale electricity market from our experiments (such as $4
billion of excess rents over 10 years), since estimates (e.g. of Ricardian rents) vary
depending on assumptions about gas costs, as illustrated by our results for MBIE
estimates as compared with FNZC estimates. It is tempting to assume a perfectly
competitive market for gas for electricity generation, and assume that gas can be
procured at unlimited quantities at MBIE rates. The reality is more complex,
needing to account for take-or-pay contracts, partial ownership of gas …elds by
some electricity generators, and the use of gas storage10 . Indeed any generator’s
opportunity cost of using gas should include the value of the option to sell it to
another thermal generator, who will be prepared to pay an amount based on their
marginal valuation of the gas if there is no competing supply o¤er. This means
that gas prices will be correlated with expectations of electricity prices, making
the calibration of a perfectly competitive wholesale electricity model a somewhat
circular exercise. Nevertheless, once they are provided with robust estimates of
perfectly competitive gas prices for New Zealand, our models provide a sound
mechanism for monitoring and measuring how well the New Zealand wholesale
electricity market is faring.
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