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Abstract-The ongoing growth in wind power introduce

huge amount of uncertainties to the power market. The

stochastic nature of these power sources increases the need for

the reserve power in real-time market. Having a flexible power

source, hydropower producer can provide reserve power and

increase its profit. Therefore, to build a planning model, which

will allocate available capacity in different market places is an

essential task for the price-taker hydropower producer.

This paper uses optimal bidding model to the day-ahead

market considering real-time balancing market under the

uncertainties of the day-ahead and real-time market prices.

Specifically, the model is built using stochastic linear pro-

gramming approach. According to the results, for simultaneous

bidding to day-ahead and real-time markets two extreme

cases are happening. To make the bidding strategies more

realistic and robust different novel approaches are modeled

and assessed. Discussions on the results are provided and

summarized.

Keywords-Stochastic programming, optimal bidding, day-

ahead market, regulating market, scenario generation

I. INTRODUCTION

Hydropower production has a big share of the total pro-

duction mix in many electricity markets around the world [1].

Hydropower is considered a reliable and very flexible electric

power source, which can change its production very fast and

support to keep continuous balance between production and

consumption in the electricity market [1].

There is a continuous increase in wind power production [2],

which will increase production variation in the power system

within short period. This production variation will increase

the need for the reserve power and cause high volatile electric

prices in real-time balancing market.

Being a flexible power source, hydropower can compensate

wind power variation in the power system [3], [4]. Thus,

hydropower producers need new advanced planning tools,

which will allow to provide regulating power and earn extra

profit. These tools have to be capable of working under

competitive market conditions.

To have a more realistic production plan a hydropower

producer has to consider uncertainties. A bidding strategy

to day-ahead market for a price taker hydropower producer

under uncertainty of the day-ahead market prices is developed

in [5]. The author in [6] introduces multi-stage stochastic

model under uncertainty of the spot market prices and water

inflow. Bidding strategy to day-ahead market for price taker

hydropower producer considering the possibility to trade on

the intra-day market has been explained in [7]. In [8] and

[9] the authors use stochastic dynamic programming to derive

bidding curves A stochastic programming model for bidding

to two-hour-ahead market is introduced in [10].

In addition, Olsson in [11] has introduced stochastic bidding

model to day-ahead market considering real-time market.

According to the results of this model, two extreme cases

are tended to dominate in the decision making process; either

the maximum amount is offered to up regulating market or

the maximum amount is bidden to day-ahead market and

put an offer on down regulating market. For a hydropower

producer this is not a realistic case. Since day-ahead market

sales are more definite, the hydropower producer will bid the

base amount to day-ahead market and only small part will

offer to real-time market.

This paper formulates different approaches, which force

the optimization model to give more realistic solution. Each

approach is a modification of the base optimization model, that

creates bounds on the traded quantity on the real-time market.

Every approach is assessed and discussed based on the results.

It is assumed that the hydropower producer is a price taker

and doesn’t have bilateral trading.

The paper is structured in the following way: section II

represents planning model, section III describes method for

time series analysis and develops forecasting model for the

day-ahead and real-time market prices, section IV presents

a case study and discusses different modeling approaches.

Finally, section V concludes the paper.

II. PLANNING MODEL

The bids for all hours of the coming day to the day-ahead

market are submitted at once. When the day-ahead market

is cleared, day-ahead market prices for all hours of the next

day are set at once. Then, so called second level uncertainty

related to the development of the real-time market takes place.

Rules for submitting bids to the real-time market are different.

The real-time market for a specific hour is closed very short

before the delivery. Hence, the real-time market prices are

settled according to the time progress. As a producer of a

2013 24th International Workshop on Database and Expert Systems Applications

1529-4188/13 $26.00 © 2013 IEEE

DOI 10.1109/DEXA.2013.45

209

2013 24th International Workshop on Database and Expert Systems Applications

1529-4188/13 $26.00 © 2013 IEEE

DOI 10.1109/DEXA.2013.45

209



flexible power source, a hydropower producer has to make

optimal decision (to participate in the real-time market, or sell

the whole electric power on the day-ahead market) under the

uncertain data. Multistage stochastic programming technique

is applicable, which is approximated by two-stage.

The first stage concerns the day-ahead bidding before the

observation of the uncertain data, and the second stage con-

tains bidding to real-time market and the actual dispatch. Prob-

ability description about the uncertain data is approximated

by a so called scenario tree. The set (λs,t ,r
↑
s,t ,r

↓
s,t)s∈S,t∈T , with

corresponding probabilities ps, generate this scenario tree.

The model is based on the hydropower planning model

developed in [11] with some modifications. The start and stop

cost of power plants, the forbidden discharge level and head

dependency are not considered.

Let assume s is an index for spot and real-time market

price scenarios associated with ps probabilities. t is time

index and has hourly resolution and T is the end of the

planning period. λs,t is price in spot market and λ f is water

opportunity cost. xs,t is dispatch level to day-ahead market,

ms
j,T is the end content of the reservoirs and γ j is expected

future production equivalent for a plant. r↑s,t and r↓s,t , d↑s,t and

d↓s,t denote the prices and dispatch levels to up and down

regulating market respectively. The objective function of the

optimization problem applicable for power plants located in a

row is presented below.

Max ∑
s

ps[∑
t
(λs,t xs,t + r↑s,td

↑
s,t − r↓s,td

↓
s,t)+λ f ∑

j
∑

r∈R j

γrms
j,T ]

(1)

The objective function (1) consists of expected profit from the

day-ahead market, real-time market and future trading.

Both day-ahead market prices and dispatched volumes are

unknown variables. To keep the model linear the possible

bidding prices are fixed: equidistance price points ρi are

selected and the corresponding bid volumes wi,t are considered

as variables. The Constraint presented below states the bidding

rule to day-ahead market.

xs,t = ∑i
p=0 wi−p,t if ρi ≤ λs,t ≤ ρi+1, (2)

As it is necessary to keep the hydrological balance between

reservoirs a constraint (3) is introduced: for each hour the

reservoir’s new contents (ms
j,t ) are equal to its old contents

(ms
j,t−1) plus water inflow (I j,t ) minus water outflow. The

discharge and the spillage (Ss
j−1,t−τ j

) from the upper reservoir

flow in the reservoir located downstream with delay time (τ).

ms
j,t = ms

j,t−1−∑
n

Qs
j,t,n−Ss

j,t +∑
n

Qs
j−1,t−τ j ,n

+Ss
j−1,t−τ j

+ I j,t , s ∈ S, t ∈ T,
(3)

In addition, constraint (4) bounds hourly generation Gs
j,t for

each operated power plant according to its discharge volume

Qs
j,t,n and marginal production equivalent.

Gs
j,t ≤∑

n
μ j,nQs

j,t,n, (4)

The quantity traded on the day-ahead and real-time markets

should be equal to the total output of the generation units for

each hour. This leads to the constraint (5).

xs,t +d↑s,t −d↓s,t = ∑
j

Gs
j,t ; (5)

The amount of energy traded on downward balancing mar-

ket can not be larger than the amount of energy traded on the

day-ahead market. This is provided by (6).

d↓s,t ≤ xs,t ; (6)

Last two constraints together put bounds on hourly dis-

charge level and on hourly water storage level respectively.

Qs
j,t,n ≤ q̄ j,n, (7)

ms
j,t ≤ m̄ j, (8)

Moreover, all variables ∈ R+, q̄ j,n and m̄ j are maximum

discharge level and maximum reservoir content respectively.

III. TIME SERIES ANALYSIS

One of the commonly used forecasting techniques to an-

alyze day-ahead market price time series is Autoregressive

Integrated Moving Average (ARIMA) [12]. ARIMA model

is used to forecast day-ahead market prices and to generate

scenarios based on that. Then SARIMA time series analysis

tool together with Markov chain is used to forecast real-time

market prices and to generate corresponding price scenarios

[13]. Time series used for day-ahead and real-time price

forecast are historical data for 2011 published on Nord pool.

A. Day-ahead market price model

Non-stationary series is provided by the ARIMA processes,

which reduces to ARMA process after differencing finitely

many times [14], [15]. The ARMA(p,q) process can be ex-

pressed in the following form: φ(B)λt = θ(B)εt ; where λt is

the day-ahead market price at time t, φ and θ are respectively

p-th and q-th degree polynomials

φ(B) = 1−φ1B− ...−φpBp,

θ(B) = 1+θ1B+ ...+θqBq,

}
(9)

and B is backward shift operator defined by B jλt = λt− j. In

addition, εt is white noise sequence, which is independently

and identically distributed with 0 mean and σ2 variance: εt ∼
WN(0,σ2).

The following steps have to be completed to construct a

model which best fits the time series: identification, estimation,

validation and prediction. Identification process is curried out

studying the ACF and PACF of the historical time series.

A preliminary model is build and the corresponding param-

eters are estimated according to Maximum Likelihood (ML)
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method. Then the model is refined studying the autocorrelation

(ACF) and partial autocorrelation (PACF) functions of the

residuals; weather they resemble a white noise. In addition, the

Ljung-Box statistics is applied, according to which, if H = 0

the hypothesis that the residuals resemble white noise series

can’t be rejected. If according to ACF, PACF and Ljung-Box

statistics the residuals series do not fulfill the requirements to

be a white noise, the model orders (p,q) are adjusted and the

whole procedure is repeated again.

The constructed ARMA model ready for day-ahead market

price prediction is the following.

(1−φ1B1)(1−φ17B17−φ23B23−φ48B48−φ72B72

−φ167B167)logλt = (1−θ1B1−θ2B2−θ3B3

−θ4B4−θ5B5)(1−θ18B18−θ45B45−θ68B68)εt

(10)

B. Regulating market price model

The day-ahead market prices serve a bound for real-time

market prices: upward regulated prices are always greater than

day-ahead market prices and downward regulated prices are

always less than day-ahead market prices. It is unusual to have

both upward and downward regulation happening within one

hour. Most of the cases either upward or downward regulation

is taking place.

As it is mentioned already the combination of SARIMA and

Markov processes is used to model real-time market prices. In

detail description of the topic see [13].

1) SARIMA model:
The general form of the SARIMA process is expressed in

(11).

Φ(Bß)φ(B)ΔD
ß Δd ln(δt) = Θ(Bß)θ(B)εt (11)

where ΔD
ß = (1−Bß)D, Δd = (1−B)d and Φ(Bß), φ(B), Θ(Bß)

and θ(B) are polynomials expressed as in (12), (13) and εt ∈
N(0,σ2) is white noise sequence.

Φ(Bß) = 1−Φ1Bß−Φ2B2ß− ...−ΦPBPß,

Θ(Bß) = 1+Θ1Bß +Θ2B2ß + ...+ΘQBQß,

}
(12)

φ(B) = 1−φ1B−φ2B2− ...−φpBp,

θ(B) = 1+θ1B+θ2B2 + ...+θqBq,

}
(13)

Lets denote δt as a difference between day-ahead market

prices and real-time market prices for each hour (14). In order

to reflect strong correlation between the spot market prices and

the real-time market prices their difference, δt is logarithmized

and modeled

δt = at −λt (14)

Then, model orders are set and parameters are estimated.

SARIMA models for upward and downward regulation prices

are presented below:

• The upward regulation prices are modeled with a

SARIMA (1,0,1)× (1,0,1)24 process expressed by the

following polynomials:

Φ(B) = 1−0.023B24,

Θ(B) = 1+0.009B24,

}
φ(B) = 1−0.63B,

θ(B) = 1+0.09B,

}
(15)

• The downward regulation prices are modeled with the

SARIMA (1,0,1)× (1,0,1)23 process expressed by the

following polynomials:

Φ(B) = 1−0.013B23,

Θ(B) = 1−0.006B23,

}
φ(B) = 1−0.43B,

θ(B) = 1+0.15B,

}
(16)

The models are validated using the same methods as for the

ARIMA model case.

2) Markov model:
To have a Markov model to describe the discrete behavior

of the system for next 24 hours, first the probabilities of the

transition matrix has to be estimated. Those parameters can be

estimated using historical market prices. Based on the price

series, (b↑t ,b
↓
t ) pairs are obtained, which show the state of the

upward and downward prices at time t. Let ot be the variable

which show the price state at time t as it is demonstrated below

ot =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

1, i f (b↑t ,b
↓
t ) = (0,0)

2, i f (b↑t ,b
↓
t ) = (0,1)

3, i f (b↑t ,b
↓
t ) = (1,0)

4, i f (b↑t ,b
↓
t ) = (1,1)

t = 1,2...T (17)

Let Oh
i j be set defined in the following way

Oh
i j = ot : ot = j,ot−1 = i, ...,ot−h = i, t = h+1, ...,T (18)

then transition probabilities for i, j = 1, ...,4 can be calculated

like in (19)

ph
i j =

#Oh
i j

∑4
n=1 #Oh

i,n
, i, j = 1, ...4 (19)

The obtained transmission matrix is shown in (20)

P =

⎛
⎜⎜⎝

0.6396 0.1762 0.1816 0.0054

0.1052 0.8259 0.0414 0.0276

0.1452 0.0456 0.7805 0.0269

0.0645 0.4516 0.4839 0

⎞
⎟⎟⎠ (20)

Having transmission probability matrix estimated, it is pos-

sible to predict different scenarios for the state of the system

for coming 24 hours.

IV. CASE STUDY

For the case study three cascaded reservoirs are studied.

Each Each reservoir has one power station.

Table I summarizes the maximum storage capacity, the

maximum design flow, the maximum production capacity for

each power plants and water delay time.

The models described in section III are used to predict

market prices. The optimization model presented in section

II is programmed in GAMS and CPLEX solver is used to

solve it. All assumptions are listed below:

• The future electricity price is considered deterministic

setting 50 Euro/MWh and is estimated taking the average
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Table I
DATA FOR POWER PLANTS

m̄ j (HE) Q̄ j(m3/s) Ḡ j(MW) τ j (h)

I 305856 340 95 0

II 1392 310 50 0.5
III 4008 330 90 2

value of futures and forward contracts.

• Initial reservoir content is considered 36% full.

• Ten day-ahead market price scenarios are generated for

each hour based on the day-ahead market price forecast.

• For each day-ahead market price scenario three upward

regulated and three downward regulating price scenarios

are generated.

The simulated result gives bidding volumes to different market

places for each hour Figure 1.

�

��

���

���

���

���
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�
�
�

����	

Figure 1. Base case: � represents traded spot volume, � / � traded up/down
regulation volume.

According to Figure 1 for most of the hours the following

happens:

• The maximum amount is bidden to upward regulating

market

• The maximum amount is bidden to day ahead market and

offered to buy back in downward regulating market

Similar results have been observed for example in [11]. The

solution is optimal; however the solution is not realistic. It is

expected that, the hydropower producer for each hour will

bid the main volume to day-ahead market and only small

quantity will offer to up or down regulating market. This

behavior is dependent on the special characteristics of day-

ahead market and real-time market. Sales on day-ahead market

are definite; when a bid is accepted on day-ahead market, the

quantity mentioned on the bid must be provided. In contrast,

sales on real-time market are uncertain. Bids submitted to the

regulating power market in this paper concern as an energy

volume in MWh. These bids are activated by the System

Operator, when the system needs regulating power. Thus, the

amount of regulating power the actor will buy or sell totally

depends on the duration the bid has been active within that

hour. The remaining volume has to be stored for the future

usage. If this happen in several consecutive hours, it can cause

spillage for a system with a small storing capacity.

The different modifications of the base model are following.

Trivial approach The first approach is very trivial. It states

that the maximum bidden amount to the up/down regulation

cannot be higher than 20% of the maximum capacity. The re-

sult is as naive as the approach itself; whenever it is beneficial

to participate in upward/downward regulation market, it bids

the allowed amount (20%) and remaining amount bids to day

ahead market Figure 2.

�
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���
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�
�
�

����	

Figure 2. Trivial case:� represents traded spot volume, � / � traded up/down
regulation volume.

Limit the end reservoir content approach The second ap-

proach is fixing the reservoirs content at the end of the

planning period. The results give more flexible solution, but

still it is not very realistic Figure 3.
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Figure 3. Fixing the end content of reservoirs case: � represents traded spot
volume, � / � traded up/down regulation volume.

According to Figure 3, up/down regulation volume is less

than the maximum capacity for most of the hours. Generally

speaking, overall results get better, but the improvement is not

sharp.

Non-linear approach In the third approach we have assumed

that real-time market prices are highly influenced by the bid

volume. The real-time market prices are least beneficial (low

for upward regulation and high for downward regulation),

when the bid volume is equal to the maximum capacity and

improving gradually while bid volume is decreasing. With the

introduction of variable real-time market prices the objective

function becomes nonlinear and nonconvex. Thus, it is not

possible to claim that the local optimum is also a global

optimum.

Figure 4 shows the results. As one can see the results are

more realistic in this case: for every hour the base volume is

traded on day-ahead market and only small amount is bid to

upward or downward regulated market.
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Figure 4. Nonlinear case: � represents traded spot volume, � / � traded
up/down regulation volume.

The main drawbacks of this approach are that it is not easy

to prove the global optimality of the solution and it takes 10

hours to solve.

Discretized approach The last approach is the advanced

version of the trivial approach. In this case we assume

that available traded amount to upward/downward market

has upper bound (20% of the maximum capacity). However,

upward/downward market prices are discretized and different

percentage of the available amount is bid according to that.

For example, if upward/downward market prices are not very

attractive it bids only 10 % of the available quantity. It

increases the bidding percentage when prices get better and

finally it bids all volume only for the case when the prices are

the most beneficial. The results are drawn in the Figure 5.

�
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���

���

���
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�
�
	


���

Figure 5. Discretized case: � represents traded spot volume, � / � traded
up/down regulation volume.

In this case also the base quantity is traded in the day-ahead

market. Small amount is traded on the upward/downward

market. The model is linear and solving time is very short.

Table II summarizes different approaches.

From all cases above the most promising and applicable

approach is the fourth one: it gives flexible results, keeps the

optimization problem linear and it is fast to solve.

V. CONCLUSION

The model used in this paper is an optimal bidding strategy

to the day-ahead market while considering real-time market.

The results of this model are not realistic. They tend to

follow two dominant trends: either to participate only in

upward regulating market or sell the whole capacity in day-

ahead market and put an offer to bring back in downward

Table II
SUMMARY OF THE RESULTS

Approaches Model

type

Results Solution

time

Base case Linear Optimal but not re-

alistic

12

second

Trivial Linear Optimal but not in-

teresting; naive

9 second

Fixed end

reservoir

Linear Optimal but little

improvement

9 second

Nonlinear Nonlinear Locally optimal

but realistic

10 hours

Discretized Linear Optimal and realis-

tic

9 second

regulation market. For a hydropower producer this is not a

realistic case. Therefore, the purpose of this study is to suggest

some modifications of the base model, which will provide

more robust results. Different modeling approaches are tested

and evaluated. The approach, where upward/downward market

prices are discretized and available volume is bid according

to that, is suggested as the most promising one.

Next step is to develop a model which considers also trading

on intra-day market under the uncertainty.
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