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Abstract

This paper is on the problem of short-term hydro scheduling (STHS), particularly concerning a head-dependent hydro chain. We use a metho
based on nonlinear programming (NLP), namely quadratic programming, to consider hydroelectric power generation a function of water discharg
and of the head. The method has been applied successfully to solve a test case based on a realistic cascaded hydro system with a neglig
computational time requirement and is also applied to show that the role played by reservoirs in the hydro chain do not depend only on their relativ
position. As a new contribution to earlier studies, which presented reservoir operation rules mainly for medium and long-term planning procedures
we show that the physical data defining hydro chain parameters used in the nonlinear model have an effect on the STHS, implying different optime
storage trajectories for the reservoirs accordingly not only with their position in the hydro chain but also with the new parameterisation defining
the data for the hydro system. Moreover, considering head dependency in the hydroelectric power generation, usually neglected for hydro plan
with a large storage capacity, provides a better short-term management of the conversion of the potential energy available in the reservoirs in
electric energy, which represents a major advantage for the hydroelectric utilities in a competitive electricity market.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction function of water discharge and also of the head in order to
avoid this loss of efficiency, that is, in order to take in account
In this paper, the short-term hydro scheduling (STHS) probhe head change effect. In a run-of-the-river cascaded hydraulic
lem of a head-dependent hydro chain is considered. Hydro pmn&)nfiguration an upstream reservoir highly influences the
with a small storage capacity are known as run-of-the-river. Typpperation of the next downstream reservoir. The latter reservoir
ically, run-of-the-river hydro plants are considered to operatg)sg influences the upstream plant by its effect on the tail
under stationary conditions with constant head and at the maxjyater elevation and effective heft]. Actually, the cascaded
mum water levelin the reservoirs, corresponding by design to thgyqraulic configuration coupled with the nonlinear head change
optimum efficiency operating point. However, it is often desir- effect, augments the problem dimension and the complexity, but
able to change this policy, thus incurring into head changes. Th@]ey should be considered because they are important for the
operating efficiency is sensitive to the head-head change effe¢h st advantage management of the conversion of the potential
Significant loss of efficiency can occur in operating hydroenergy available in the reservoirs into electric energy.
plants away from their most efficient operating point. Thus, |5 a competitive electricity market, the most advantageous
hydroelectric power generation has to be considered as @anagement of the conversion of the potential energy available
inthe reservoirsinto electric energy is not only a major advantage
mpondmg author. for the hydroelectric utilities, but also is essential for the welfare,
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source of energy fuelled by the sun. Furthermore, contributes ton the storage. For systems with cascaded reservoirs, memory
reduce the use of fossil fuels energy, which is costly, and avoidand CPU time requirements expand exponentially with problem
unnecessary environmental damage due to pollutant emissiosize making DP unsuitable for hydro chains.
coming from thermal plant2]. We report our experience with the proposed nonlinear model
Therefore, we need to consider the importance of improvingn a hydro chain based on a realistic hydro system with three
STHS models as a powerful aid for a better management. In theascaded reservoirs, considering a time horizon of 168h. As
STHS optimisation problem a time horizon of 1-7 days is con-a new contribution to earlier studies, we address the short-term
sidered, usually discretized in hourly periods. Hence, the STH®ehaviour of head-dependent reservoirs in the hydro chain, stud-
problem is treated as a deterministic one. Where the probleming it according to their position in the cascade and according to
includes stochastic quantities such as inflows to reservoirs dhe new parameterisation defining the data for the hydro system.
energy prices, the corresponding forecasts are used. STHSRsevious studies presented reservoir optimal operation policies

guided by specified hourly weighting factors, quantifying themainly for medium and long-term planning procedures, which
energy price at each hou8]. The goal is to maximize the typically encircle atime horizon of years on aweekly or monthly
value of total hydroelectric power generation throughout thebasig7,13,26,27]Moreover, the head change effectis takeninto
time horizon, satisfying all physical and operational constraintsaccount in our study, which represents one of the main difficul-
and consequently to maximize the profit of the hydroelectridies associated with the STHS problem, usually ignored when

utility from selling energy into the electric market].

using linear models or neglected for hydro plants with a large

Many methods have been used to solve the STHS probstorage capacity.
lem. Dynamic programming (DP) is among the earliest methods This paper is structured as follows. Sectdmprovides the
applied to the STHS problef—8]. Although DP can handle the notation used throughout the paper along with the mathematical
non-convexities and the nonlinear characteristics present in tHermulation of the STHS problem. Secti@presents the NLP
hydro model, it suffers from the well-known curse of dimension,method for solving the STHS problem. Sectibmpresents the
more difficult to avoid in short-term than in long-term optimi- numerical simulation results for the NLP method applied on a

sation without losing the accuracy needed in the m{gjel

applied to the STHS problem, namely, neural netw¢iks11]

realistic cascaded hydro system. Sectavutlines the conclu-
Artificial intelligence technigues have also been successfullgions.

and genetic algorithmigl 2,13} although there are some prob- 2. Problem formulation

lems concerning the computational effort necessary to solve the
problem.

work flow model[14—-16] because of the underlying network
structure subjacent in hydro chains. This network flow modekl;;
is often programmed as a linear or piecewise linear one. LinA
ear programming (LP) is a well-known optimisation methodb
and standard software is availaflg—19] Also, mixed-integer f
linear programming (MILP) is becoming frequently used for A
hydro scheduling20-24] where binary variables allow mod- #/"®
elling of start-up costs to avoid unnecessary start-ups, and a@f"™"
discrete hydro unit-commitment constraints. However, LP typH
ically considers that power generation is linearly dependent on
water discharge, thus ignoring the head change effect, leadirig
to a solution schedule with less power generation. Also, th&
discretization of the nonlinear dependence between power gei-
eration, water discharge and head, used in MILP to model healg
variations, augment the computational burden required to solv&"®
this problem24]. [min
A nonlinear model has advantages compared with a linegy;
one. A nonlinear model expresses hydroelectric power generag;
tion characteristics more accurately and the head change effegt'®
can be taken into accouf#,25]. gmn
Inthis paper, we use a nonlinear programming (NLP) method;
to solve the STHS problem in a market environment. A com-v;
parison between this NLP method with DP for a case study{"®
consisting of a single hydro plant, and with LP that ignoresy™"
the head change effect, was showr{4h, illustrating the suc- x
cess and the benefits of the method, improving the results of
STHS particularly in reservoirs where the head greatly dependg™@*

The notation used throughout the paper is described as
A natural approach to STHS is to model the system as a nefellows:

natural inflow to reservoir during the periodk
node-arc incident matrix

right-hand side vector

vector of coefficients for the linear term
head of plani during the period

maximum head of plant

minimum head of plant

Hessian matrix

index of reservoirs

index of periods in the time horizon

total number of periods in the time horizon
total number of reservoirs

water level in reservoir during the period
maximum water level in reservair

minimum water level in reservoir

power generation of plartduring the period
water discharge of plartduring the period
maximum discharge of plant

minimum discharge of plarit

water spillage by reservoirduring the period
water storage of reservaiat end of period
maximum storage of reservair

minimum storage of reservair

vector of the flux variables corresponding to the arcs
of the network

upper bound vector
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xmin lower bound vector e Water storage constraints:

nmax eff|C|.ency of plgnt during the periodc N < < 1 k=1 K 5)
U maximum efficiency of plant

™ minimum efficiency of plant o Water discharge constraints:

) forecasted energy price during the period min max .

v, future value of water stored in reservoir g =qk=q , i=l....L k=1..K (6)

e Water spillage constraints:
The STHS problem is formulated as a nonlinear network

constrained optimisation problem. The STHS problem can be ik 20, i=1....I k=1....K (7)
stated as to find out the water discharggs, the water stor-

ages,vix, and the water spillagesy, for each reservoit,= 1, The optimal value of the objective function given by Ef)

..., I, at all scheduling time periodé=1, ..., K, over the time is determined subject to constraints of two kinds: equality con-
horizon considered, that optimise a performance criterion supstraints and inequality constraints or simple bounds on the vari-
ject to the operational and physical constraints. Normally, théPles. Eq(2) corresponds to the water conservation equation
water storages at the end of the time horizop, are valued for each reservoir and assumes that the water discharge from
for future operation use. The number of the variables for thény upstream reservoir flows directly into the succeeding down-
problem, defining the size of the problem, can be determined aiream reservoir with no time lag, wherg is the water storage
three times the number of reservoirs multiplied by the numbepf reservoiri at end of period, a;, the natural inflow to reservoir

of scheduling time periodi]. For the case study used in this ¢ during the period, g; the water discharge of plantduring

paper, the problem size isx33 x 168, therefore existing 1512 the periodk, ands; is the water spillage by reservaiduring
variables. the periodk. Although the water travel times or the water time-

In the STHS problem under consideration the performancéelays between cascaded reservoirs have not been considered,

criterion, the objective function, is a measure of the benefithese can be easily taken into account if necessary. I{3q.
obtained by the conversion of potential energy of the watePOWwer generation,y, is considered a function of water discharge
available in the reservoirs into electric energy. The maximum ofind efficiency;:, depending on the heady. In Eq. (4), the
this objective function, satisfying all physical and operationalhead is considered a function of the water levels in the upstream
constraints, is a blend of the benefit of the hydroelectric powef€Servoir/i, and of the downstream reservdjk, x, depending
generation due to discharges throughout the time horizon and ti the water storages in the respectively reservoirs. In &gs.
future benefit of the water left at the last period. E).shows ~ and (6) water storage and water discharge have lower and upper
our objective function blending these two benefits. The objecbgi‘;“ds- Here for each rese;]\geml’.“aﬁs the maximum storage,
tive function is composed of two terms. The first term expressed; .. the minimum storage;"** the maximum discharge, and
the economic value of the future use of the water stored in thgi is the minimum discharge. In E(7) a null lower bound is
reservoirs at the last period;. This term is considered if no considered for water spillage. Normally, water spillage by the
final water storage requirement is specified as a constraint. THEServoirs occurs when without it the water storage exceeds its
last term represents the profit with the hydro chain during thélPPer bound, so spilling is necessary to avoid damage. The ini-
short-term time horizon, where, is the forecasted energy price tial water storagesyo, and the inflows to reservoirs are assumed
during the periodk andp; is the power generation of plant Known.
during the period.

In mathematical programming, the STHS problem can bé- NLP method for the STHS problem

formulated as to maximize ) )
NLP, namely quadratic programming, can be stated as to max-

I I K .
imize
J= E ¥;(vik) + E E Tk Dik (@H)
i—1

i=1k=1 Jx) = (1/2x"Hx + fTx (8)
Subject to Subject to
e Water conservation equation for each reservoir: Ax=b )
min max
Vik = Vik—1+ Gik — Gik — Sik + Gi—1.k + Si— 1k rosxs=x (10)
i=1....1 k=1.....K (2)  Where for the STHS problem, viewed as a quadratic program-
_ _ ming problemy is the vector of the flux variables corresponding
o Power generation equation: to the arcs of the underlying network structure in hydro chains.
. This vector consists of the water storageg, the water dis-
pi = Palgiona)e i=1...L k=1....K (3 o

chargesg;r, and the water spillagesy, for each reservoir,=1,
e Head equation: ..., I, and for each scheduling time peridds 1, ... ., K. In Eq.
(8), the function/(-) is a quadratic function of variables, where
hik = Hie(li, liv1), i=1,....1, k=1...,K (4  Histhe Hessian matrix anfls the vector of coefficients for the
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linearterm. Eq(9) corresponds to the equality constraints for theand the paramete¥ multiplied by r;, appears in the vector of
water conservation in E@2), whereA is the node-arc incident coefficients for the linear term.

matrix andb is the right-hand side vector. E(LO) corresponds The Hessian matrid is a symmetric matrix, hence all its
to the inequality constraints in Eq&)—(7), wherex™®* is the  eigenvalues are real numbers. The sum of the eigenvalues for
upper bound vector and"" is the lower bound vector. our Hessian matrix is null because the trace, the sum of the main
In Eq. (3), the efficiency depends on the head. Assuming aliagonal elements, is null as seen by E), i.e., the Hessian
linearization of this efficiency in plants, we have matrix has positive and negative or null eigenvalues, meaning
that the Hessian matrix is an indefinite matrix. Quadratic pro-
Nik = @ihix + nio (11) gramming for a problem formulated as in E¢8)—(10) can

be classified due to the nature of tHematrix into the well-

_ _ known concave and the less well-known nonconcave quadratic

o = (M — MM /(R — M) (12)  programming28], where the indefinite quadratic programming
is the toughest and still is a research topic among specialists in

global optimisation, being less general and taking advantage of

the special mathematical structure exhibited in applications.

The objective function of our model is neither a concave nor

imum eﬁiciency,n,m‘” is the minimum efficiencyh™ is the a convex function, our new modgl for the STHS problem is

an indefinite quadratic programming problem. Therefore, the

maximum head anﬂ}“i” is the minimum head. A HHa ) _
In Eq. (4), the water level depends on the water storageppt'mal solution is not necessarily attained at a vertex of the

Assuming linearization of the water level in reservoirs, we havd€asible region, the polytope defined by the network constraints
in Eq.(9) and box constraints in E¢10).

where the parametess andn;g are given by

nio = NN — ;A" (13)

In Eq. (12) parametery; of each planti depends on the
extreme values for efficiency and head, whelf&* is the max-

Lir = Bivik + Lio (14) The following Karush—Kuhn—Tucker and the second order
) necessary conditions faf to be optimal apply to our STHS
where the parametefs and/;p are given by .
problem:
Bi = (" = M) /(0™ — v (15)  Ax*=b (21)
lip = I"™™ — "™ (16)  xMin < x* < xMax (22)
In Eq. (15) paramete; of each reservoii depends on the p'(x™*—x*)=0, pn=>0 (23)
extreme values for water level and storage, wigféisthemax- . .
imum water level/M" is the minimum water levey"® s the 7 (" —x) =0 v=0 (24)
maximum water storage an{f"" is the minimum water storage. Hx* + f+ ATA —p+v=0 (25)
Substituting Eq(11) into Eq.(3), we have -
y Hy <0, yeT(x") (26)

Pik = qik(@ihix + ni0) (17)
By substituting Eqs(4) and (14)into Eqg.(17), we have

whereT(x") is the tangent space =, given for our problem by

T(x*)={y:VieR3(x"), y,=0, Ay=0} 27)

Pit = qir(iivi + tilio — eifiravivrr — iliva.0tnio) (18) R?(x") is the set of active constraintst. Eqs.(21) and (22)

Therefore, power generation becomes a nonlinear functiofe the conditions that ensure feasibility of the solution, Egs.

of water discharge and water storage, given by (23) and (24)are the complementary slackness conditions, Eq.
(25)is the stationary condition and E@6) is the second order
Pik = @ifiqikvik — iBi+1qikVi+1.k + 8iqik (19)  necessary condition, meaning that the Hessian matrix is negative

semidefinite with respect to the tangent space.
Exploiting the structure of our model for the STHS problem,
8 = ai(lio — lix1.0) + Mo (20)  Wwe were able to conclude some proprieties. For instances, con-
sider by hypothesis that is a local maximizer but not a global
The new parameter given as the productipby B; is the  maximizer for a problem formulated with Eq8) and (9) which
most important coefficient for the power generation nonlineajs the STHS problem without the box constraints. Hence, there
relationship in our STHS problem, considering head depenexist a feasible: with a better objective function value for the
dence. This new parameter will have a crucial importance ofroblem, that is
the short-term behaviour of head-dependent reservoirsin a hydr T rr - .
chain, affecting optimal reservoirs storage trajectories accordt H¥ —x" Hx" + 2f (x—x7) >0 (28)

ing to their position in the cascade and according to the physica|sting that Eqs(22)—(24)do not apply and by Eq€21) and

data defining the hydro system. (27) thatx —x" € T(x") for any feasiblex, solving Eq.(25) in
Eq.(19)is used to write the objective functioninto the form of ey tof and substituting into Eq28), we have

Eq.(8). The parameter given as the produatdby g; multiplied

by the forecasted energy priag appears in the Hessian matrix, (x — x*)"H(x — x*) > 0 (29)

where the parametéy is given by



408 J.P.S. Cataldo et al. / Electric Power Systems Research 76 (2006) 404—412

due to the second order necessary optimality condition, results a ay

contradiction of the hypothesis. Henaé,is a local maximizer

if and only if it is a global maximizer for the STHS problem

without the box constraints, this is known as uniextremality.
Now, consider by hypothesis that is a global maximizer

for the STHS problem with the box constraints, the difference

of objective function values between a feasible psiandx” is

given by

Jx) — J&*) = (x — x) H(x — x*) + 2(n — v)T(x — x¥)
(30)

considering Eqg23) and (24)we have

20— W' —x") =0 (31)

and considering Eq30), we have

(x —x") H(x = x*) = 20— )" (x — x*) (32)

The Hessian matrix is an indefinite matrix, E§2) implies
R3(x") # ¢ to ensurel — )" (x —x") >0. Due to this the global
maximizer is attained at the boundary of the feasible region, not
necessarily at a vertex as it happens if the problem is transformed
into an LP problem relaxation or whéhis positive definite, but
it is a good initial guess to start by such a vertex and consider
the neighbourhood around the vertex a good basin for achieving
a superior objective function value.

We consider a starting point given by an LP problem and using
quadratic programming we check for a superior objective func- M

Fig. 1. Hydro system with three cascaded reservoirs.

1.6F

tion value. In our case studies we always arrive at convergence M
to a superior solution. The robustness features of optimisation } F
methods are important and far from trivial. Nonetheless, some

authors consider that robustness should be in part sacrificed to
achieve fastneq49].

0.8F

Inflow (hm3/h)

4. Practical example 04f

The proposed NLP method, considering the head change
effect, has been applied on a cascaded hydro system based on a 0 : - : : .
real case. The hydro system is showrrig. 1 ! woow 72H0urs% e

This example consists of three cascaded reservoirs, consider-
ing natural inflow only on the first reservoir as showrFig. 2 Fig. 2. Inflow on the first reservoir.

The numerical simulation was performed ona 1.6 GHz-based
processor with 512 MB of RAM. The scheduling time hori-
zon is 168 h. The forecasted energy price considered over the
time horizon is shown irFig. 3 ($ is a symbolic economic
quantity).

The deregulation of the electricity markets brings uncertainty
to energy prices. A good forecasting tool provides a risk hedg-
ing mechanism for generating companies against price volatility.
In addition, a generating company can develop an appropriate
bidding strategy to maximize its own profit with an accurate
price forecast, which represents an advantage facing competi-
tion. Several forecasting procedures are available for predicting 141
energy prices, such as time ser[88], neural networkg§31], . ) . , ) ,
or neural networks combined with fuzzy lodi@2], but for the 0 4 48 72 % 120 144 168
STHS problem the prices are considered as deterministic input Hours
data. Fig. 3. Forecasted energy price.

Energy price ($/MWh)
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Fig. 4. Optimal reservoir storage trajectories for case 1.

Fig. 6. Optimal reservoir storage trajectories for case 2.
Final water storage in reservoirs is constrained so the water

storage in the reservoirs at the last period is fixed. Consequenﬁsef"mrs- in order to benefit the generation’s efficiency of the
the future values of water stored in reservoirs are not considerdy’© first plants, opposing to the change in the storage trajectory
in this example. The final water storage in reservoirs is con®f the third reservoir. Consequently, implies that the reservoirs
sidered equal to the value at the beginning of the schedulinglay & completely different role in the system depending on their
horizon, chosen to be 80% of the maximum storage. relative position in the hydro chain. Also, compared with an LP
This example is divided into four cases to evaluate thdn€thod that ignores head dependence, an increase in profit of
parameterisation effect on the short-term behaviour of the head:21% is achieved.
dependent hydro chain. The cases are defined by:

4.2. Case 2
o Case lu1f1>a2f82>a3fs;
o Case 2uof2> w181 > a3fs;
o Case 3181 >a3fB3>a2B2;
e Case 4uzf3>a2f2>a1b1.

The optimal reservoir storage and head trajectories for this
case are shown respectivelyrigs. 6 and 7

As in the first case the optimisation pulls up the storage tra-
jectories of the first and the second reservoirs in order to benefit
the generation’s efficiency of the first and the second plants,
opposing to the change in the storage trajectory of the third reser-
The optimal reservoir storage and head trajectories for thi%?ir' .Hence, itis Fhe gquration’s effici_ency ?n the third reservoir
case are shown respectivelyfiigs. 4 and 5 at. is once again sacrificed, comparing with case _1! but due to

The optimisation postpones power generation in the initiaf€ Inequalityafz > a1 f1 > a3 the second reservoir is nearer
periods on all plants to quickly achieve appropriated reservoil’0 the maximum vyater ;torage tt:an thg first reservoir. In th|§
storage levels, pulling up the storage trajectories of the two firg 2S¢, an Increase in profit of 3.58% relative to the LP method is

4.1. Casel

achieved.
— Plant | — Plant 1
100 N 1 ---Plant 2 100 - ~ f—— i --- Plant 2
¢+ == Plant 3 . ‘__”J" K ST == Plant 3
80 80
‘G‘E‘ 60 c’g 60
g [ ! =
5 [ i 3
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Fig. 5. Optimal plant head trajectories for case 1.

Fig. 7. Optimal plant head trajectories for case 2.
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4.3. Case 3
— Plant |
. . . . . {1 --- Plant 2
The optimal reservoir storage and head trajectories for this -~-- Plant 3

case are shown respectivelyrigs. 8 and 9

In case 3, due to the inequalitiess; > a3B3 > a282, the opti-
misation pulls up the storage trajectories of the first and the third
reservoirs in order to benefit the generation’s efficiency of the
first and the third plants, opposing to the change in the storage
trajectory of the second reservoir. Hence, it is the generation’s

Head (%)

40} ' h
efficiencyinthe second reservoir thatis sacrificed. In this case, an Lol o

increase in profit of 5.42% relative to the LP method is achieved. ooy

20} S

4.4. Case4

72 96 120
Hours

0 24 48 144 168
The optimal reservoir storage and head trajectories for this
case are shown respectivelyrigs. 10 and 11
In case 4, due to the inequalitiesss > a2 82 > a1 81, the opti-

misation pulls up the storage trajectories in all reservoirs in order

to benefit the generation’s efficiency of their plants where the,qq\,me the behaviours observed in previous cases. In this case

t_hwd reservoiris the nearestto the maximum water storage. Thgq profit achieved assumes its highest value with an increase of
first reservoir has the lowest coefficient for the power generas geo rejative to the LP method

tion nonlinear relationship of all reservoirs. Hence, it does not

Fig. 11. Optimal plant head trajectories for case 4.

Table 1 summarizes an overall comparison between the
results obtained by the classical LP method that ignores head
dependence, and the proposed NLP method.

— Plant |
100} == {1--- g{am% On the one hand, the computational effort is negligible with
e ant

the proposed NLP method, extra CPU time is about 0.14s.
Hence, itis an efficient method for the STHS problem achieving
fast convergence for all cases tested, therefore providing better
results for head-dependent hydro chains.

80

60

Head (%)

Table 1
Comparison of LP with the proposed NLP method

401

St Profit ($) % Increase CPU time (s)
LP 1055999 - 0.21
0 NLP (case 1) 1089881 3.21 0.35
NLP (case 2) 1093851 3.58 0.35
NLP (case 3) 1113283 5.42 0.35
NLP (case 4) 1139018 7.86 0.35

Fig. 9. Optimal plant head trajectories for case 3.
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