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Abstract. This paper deals with the optimization of the short-term production planning of a real cascade of
run-of-river hydropower plants. Water inflows and electricity prices are subject to data uncertainty and they
are modeled by a finite set of joint scenarios. The optimization problem is written with a two-stage stochastic
dynamic mixed-integer linear programming formulation. This problem is solved by replacing the value function
of the second stage with a surrogate model. We propose to evaluate the feasibility of fitting the surrogate model
by supervised learning during a pre-processing step. The learning data set is constructed by Latin hypercube
sampling after discretizing the functional inputs. The surrogate model is chosen among linear models and
the dimension of the functional inputs is reduced by principal components analysis. Validation results for
one simplified case study are encouraging. The methodology could however be improved to reduce the predic-
tion errors and to be compatible with the time limit of the operational process.
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1 Introduction

Managing a cascade of hydropower plants involves plan-
ning in advance its total power generation, especially for
bidding the production on power markets. Short-term pro-
duction planning of the cascade refers to the detailed oper-
ational scheduling of the hydropower plants within a time
horizon of a few days and with a high time resolution [1].
A short-term production plan of the cascade is established
to allocate the production between the hydropower plants
and over the time horizon. This problem is part of the
operational process of the cascade.

The total power generation of the cascade is sold on
power markets. Short-term production planning is in rela-
tion to day-ahead market in which contracts are hourly
power generation for physical delivery the following day.
Market participants submit their bids for each hour of the
following day, before the market closing. The hourly day-
ahead prices for the following day are settled just after
the closing time by the market clearing to meet the balance
between sale and purchase offers, reflecting the need for
balance between supply and demand on the power grid dur-
ing the following day. The hourly day-ahead commitments
are then defined according to the day-ahead bids and
prices, and they are added to the long-term commitments
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(e.g., bilateral contracts). Real-time operation of the cas-
cade is performed to ensure physical delivery of the commit-
ments to the extent possible. Deviations between real
delivery and commitments are called imbalances, and they
are financially penalized.

If the power modulation capacity of the cascade is signif-
icant (large reservoirs), then hydrological flows have little
impact on short-term hydropower production. In this case,
the operational process could consist of first deciding the
day-ahead bids and then establishing the short-term pro-
duction plan according to that decision while limiting
imbalances. Otherwise, if the power modulation capacity
of the cascade is insignificant (perfect run-of-river hydro-
power plants), then the short-term hydropower production
is strongly influenced by hydrological flows. In this case, the
operational process could consist of first deciding the short-
term production plan and then deducing the day-ahead
bids by computing the hourly total energy of the production
plan. In this paper, we consider an intermediate case of a
run-of-river hydropower cascade for which the decision of
the day-ahead bids and the decision of the short-term pro-
duction can both be obtained simultaneously. This is done
by solving the optimization problem that maximizes the
total revenues obtained by selling the day-ahead bids
and by penalizing imbalances, while complying with the
physical models (hydraulic modeling and hydropower
generation) and with operational requirements.
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Water inflows and day-ahead prices are parameters of
the optimization problem. They are both subject to data
uncertainty because they inherit uncertainties of weather
situations and market conditions over the time horizon.
The deterministic framework, based on a single estimation
of the uncertain parameters, may lead to a solution that
is sub-optimal or even not feasible with the real-time
observed parameters. Of course, the operational process
can deal with this issue by updating the production plan
at several regular times every day as uncertain information
evolves over time. In the deterministic framework, however,
this updating process of the production plan according to
data uncertainty cannot be anticipated. That is rather
the purpose of the stochastic framework, based on a math-
ematical representation of the uncertain parameters, for
which several approaches are presented in the literature
for similar optimization problems in the field of energy,
e.g., in the reviews [2—4]. In this paper, we consider a
two-stage stochastic dynamic programming formulation
for which data uncertainty is modeled by a set of scenarios.
The first stage relates to the decision of the day-ahead bids
and the reference production plan. The second stage relates
to the adaptation of the reference production plan with
respect to the scenario, i.e., future possible updates and
re-optimizations of the production plan so that it is always
applicable and optimal as uncertainty information evolves
over time. The two stages have a Mixed-Integer Linear
Programming (MILP) formulation.

Solving this stochastic optimization problem within a
time-constrained operational process is, however, quite chal-
lenging because of the size and complexity of the problem due
to the detailed operational constraints and to the number of
scenarios. Several approaches are presented in the literature
to tackle this issue. They are often based on a decomposition
scheme on the stages (e.g., L-shaped algorithm, Stochastic
Dual Dynamic Programming) where the optimal value func-
tion of the second stage is approximated within an incremen-
tal procedure during the solving step of the optimization
problem [5-8]. They have the advantage of being adaptive
because they tend to reduce approximation errors of the
value function around the optimality region. Other decom-
position schemes proposed in the literature are based on
the scenarios (e.g., Progressive Hedging [9]) or on space
(e.g., Lagrangian decomposition [10, 11]). All these decom-
position approaches are iterative algorithms. They are
widely used for solving two-stage stochastic programming
problems in the linear framework, especially in the field of
unit commitment under uncertainty [4]. Some of them can
be adapted to the integer framework, but with more restric-
tions on the problem formulation, such as a binary first stage
or a pure integer second stage [12-16]. Therefore stochastic
integer programming problems are generally relaxed before
using a linear decomposition algorithm. For our problem, a
linear relaxation would require a strong approximation of
the underlying physical model, which could be unsuitable
for real application in the operational process.

In this paper, we aim to evaluate the feasibility of using
supervised learning during a pre-processing step instead of
using an existing decomposition approach. Most of the
complexity of the problem is deported to the pre-processing
step. This has two main advantages:

e the pre-processing step can be performed offline in
advance and can fully exploit parallel computing,
e the underlying physical model is not approximated.

The pre-processing step consists of constructing a learn-
ing data set and fitting a surrogate model (also called meta-
model) of the optimal value function of the second stage.
After the pre-processing step, the stochastic optimization
problem is solved by replacing the optimal value function
of the second stage with the surrogate model. The proposed
methodology is relevant if prediction errors of the surrogate
model are less than the requested MIP gap for the optimal
solution, and if computation time is compatible with a use
in real operations.

The inputs of the surrogate model are composed of the
non-anticipative decision variables of the first stage and
the scenario. This raises two main issues for constructing
the design of experiments and fitting the surrogate model.
The first issue is due to the functional structure of the
two inputs, which can be tackled by dimension reduc-
tion [17-20]. The second issue is due to the non-explicit
formulation of the domain of the input related to the
non-anticipative decision variables, since it is only defined
by MILP constraints. In the literature, the domain of the
inputs is generally perfectly known or at least given by a
sample of observations.

The outline of this paper is the following. Section 2
introduces the case study used throughout the paper,
and it describes the mathematical formulation of the opti-
mization problem and the role of the surrogate model.
Sections 3 and 4 present the methodological approach for
fitting the surrogate model by using the case study for illus-
trative purposes, considering respectively the design of
experiments and the metamodeling process. Section 5 raises
some discussions about the proposed methodology for solv-
ing the stochastic optimization problem.

2 Methodological approach
2.1 Motivating case

The methodology described in this paper is strongly related
to real operations carried out by CNR (Compagnie Natio-
nale du Rhénel), a French renewable electricity producer
that operates in particular a cascade of 18 hydropower
plants along the Rhone river (see Fig. 1), representing
around 3000 MW of installed capacity (in 2021).

Apart from the first upstream hydropower plant, the
other hydropower facilities are run-of-river, i.e., they can
store a very limited amount of water compared to their
average daily flow. The run-of-river hydropower plants
allow only a very limited modulation of their outflows in
comparison with their inflows for producing a bit more or
less energy during a few hours. The power modulation
capacity of each hydropower plant is small but sufficient
to consider short-term economical optimization of the over-
all cascade in the day-ahead market. Since the hydropower
plants influence each other through hydraulic propagation
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Figure 1. CNR’s hydropower plants along the Rhone river. (a) Rhone river, (b) upper part of the Rhone river and (c) scheme of the

Rhoéne cascade.

and water balance equations, the challenge for economic
optimization is to synchronize discharges at each hydro-
power plant so that the total power generation of the cas-
cade is in line with electricity prices to maximize total
revenues [21]. Economical optimization is performed in
advance through short-term production planning of the cas-
cade, which is repeated every day at several regular times
with an updated situation (input data, initial conditions
of the Rhéne river, and user parameters). A numerical opti-
mizer for decision support can be used for this purpose.

In this paper, we consider the case study defined by the
historical situation on 2014-04-26 at 11:00 a.m. (local time)
for illustrative purposes. The case study is simplified by
considering only the upper part of the Rhoéne river, i.e.,
the first I = 6 upstream hydropower plants (see Fig. 1b).
Production plans of the 12 other hydropower plants of
the cascade are supposed to be fixed but their power gener-
ation is counted in the total power generation. Let
T =A{1,..., I} denote the set of indices of every hydro-
power plant along the cascade.

The time horizon is supposed to be discretized into
T = 360 regular time buckets of duration 6t = 10 min.
Let 7 ={1,..., T} denote the set of indices of every time
bucket. We assume that the production plan cannot be
changed for the next hour after the present time because
of the time delay required for establishing the production
plan and making changes in operations. Thus the time hori-
zon begins on 2014-04-26 at 12:00 a.m. and it ends at the
end of 2014-04-28 (+60 h). For simplification, we consider
that water inflows and day-ahead prices forecasts start on
2014-04-26 at 12:00 a.m. like the time horizon, and that
values between the present time (2014-04-26 11:00) and
the beginning of the time horizon (2014-04-26 12:00) are
observations. In the operational process, the forecasts would
have started at the present time. Note that, due to the time

delay of water propagation, a past time horizon is necessary
in practice to define the initial conditions of the cascade.

Data uncertainty on water inflows at each hydropower
plant over the time horizon is estimated by a uniformly dis-
tributed sample of 50 elements in R'T derived from an
ensemble forecast of the hourly measured inflows of the
6 main natural tributaries taking part in the upper Rhone
river that ensures reliability and correlations in space and
time [22] (see Fig. 2a). Data uncertainty on unmeasured
inflows is not considered in this paper. Likewise, data uncer-
tainty on day-ahead prices is estimated by a uniformly dis-
tributed sample of 50 elements in R” from a simple quantile
error model that ensures reliability and temporal autocorre-
lations (see Fig. 2b). Note that day-ahead prices are con-
stant on every hour of the time horizon since they have
hourly values. The two samples are then independently
combined to build a uniformly distributed sample of
N =50 x 50 = 2500 joint scenarios. Therefore data uncer-
tainty is modeled by a finite random variable E on some
probability space (Q, F, P) with values in R™” x R”. We
denote by ¢, = (a,, m,) € R'" X R”, for n € {1,...,N},
the joint scenarios (elements of Z(Q)) with their corre-
sponding probabilities p, = P [é =¢,| =1/N. Through-
out the paper, E stands for the expectation with respect
to the probability space (Q, F, P).

2.2 Short-term production planning

2.2.1 Feasible solutions

A solution to short-term production planning is a decision
of a couple of

e the next day-ahead bids, i.e., the hourly production to
be sold in the day-ahead market and that would be
added to the commitments,
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Figure 2. Example of the ensemble forecasts (grey lines) taking part in the case study, the deterministic forecasts (thick blue lines),
and the observations that were known at the present time (red lines). The ensemble forecasts for water inflows and day-ahead prices
have 50 members each. The vertical dashed lines represent the beginning of the time horizon on 2014-04-26 12:00 (local time). For
reasons of confidentiality, the forecast values of day-ahead prices are arbitrarily scaled. (a) Water inflows from the 6 natural
tributaries taking part in the upper Rhone river over the time horizon and (b) day-ahead electricity prices over the time horizon.

e the hydropower production plan, i.e., the allocation of
every variable that takes part in physical models and
operational requirements (imbalances, discharges,
stream flows, powers, storage volumes, etc.) at each
hydropower facility (see Fig. 1c) and over the time
horizon.

The next-day-ahead bids and the production plan are
mutually dependent on imbalances, i.e., deviations between
production and commitments, that are allowed but finan-
cially penalized.

All variable values that define a solution are combined
into a large vector x € R", where r € N is the problem size
(i.e., the number of decision variables), ris O(IT). For the
case study, r =~ 500,000.

A solution is said to be feasible if its hydropower produc-
tion plan complies with physical models, operational
requirements, and next-day-ahead bids. These conditions
are written as constraints on the solution. Some parameters
depend on the scenario because water inflows appear in
water balance equations that ensure the physical continuity
of the cascade in time and space. For an example of typical
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constraints for hydropower production planning, see
Appendix A or more generally the references in [4].

In this paper, constraints are supposed to be mixed-
integer linear. In particular, hydropower generation is sup-
posed to be piecewise linear with water discharges, and the
net water heads are supposed to be independent of volumes.
It should be noted that those strong assumptions may lead
to non-negligible evaluation errors on power generation, but
these deviations are acceptable in practice for the case
study. Moreover, water time delays, bounds on volumes,
and minimal final volumes are considered as parameters,
i.e., they do not vary with the solution. Let X(£) C R"
denote the (closed) set of all feasible solutions with
respect to a generic scenario ¢ = (a, 1) € R x R”. In
the sequel, the set X(&) is assumed to be bounded for every
¢ € RIT x R?, and also nonempty if &€ Z(Q)=
{&, - S}

2.2.2 Total revenues

Let x € X(¢) CR" be a feasible solution for a generic
scenario ¢ = (a, n) € R’ x R”. Subtracting a constant
from the total revenues if necessary, we may assume that
the entire total power generation of the cascade is sold in
the day-ahead market and long-term commitments are set
to zero (see Fig. 3). Defining the total revenues then in-
volves two types of interdependent decision variables:
next-day-ahead bids and imbalances. Their planned values
are given by some components of the solution x. Let
bi(x) € R, for t € T, denote the values of the components
related to the next day-ahead bids of the solution x over
the time horizon. Let €/ (x) € Ry and ¢, (x) € R, for
t € T, denote the values of the components related to
respectively positive and negative imbalances over the time
horizon. These decision variables are linked together by the
constraints in Appendix A.3.

The total revenues f{x, &) € R of the solution x € R" for
the scenario ¢ = (a, ) € R’ x R” is then defined by

fx, &) = oty (a(t)b(x) +a* (D¢ (x) — 7 (t)e; (x)), (1)

teT

where 7t = (17 (t)),.; € RT and 7~ = (2 ()),.; € R"
are respectively positive and negative imbalance prices,
supposed to be evaluated by downgrading day-ahead
prices 7 € RT that come from the scenario ¢, i.e.,
n = (1 - k)rand n= = (1 + x ), with (", x7)
€ (0, 1) For the case study, k" = x~ = 0.05. It should
be noted that the total revenues defined in equation (1)
is linear with the solution, since b;, ¢/ and e;, for t € 7,
are linear projections onto some components of R". For
instance, for every ¢ € 7, there exists some j, € {1,...,r}
such that

eR".

bi(x) = xj, Vx = (Xj)1gjgr

The same applies with ¢ and e, for t € 7.

2.2.3 Optimization problem

The deterministic short-term production planning problem
consists of finding a feasible solution that maximizes the
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Figure 3. Example of the planned total power generation of a
solution x € X(¢) over the time horizon for the case study (red
line) in comparison with the planned day-ahead bids b,(x) (blue
horizontal hatched area) and with commitments c(?) (green
diagonal hatched area). The vertical dashed line represents the
beginning of the time horizon on 2014-04-26 at 12:00 (local
time). The vertical grey lines separate the days of the time
horizon. For reasons of confidentiality, the power values are
arbitrarily scaled.

total revenues, with respect to a single reference scenario

&0 = (ag, mp) € R'T x R”. In practice, the reference scenario
is obtained from operational deterministic forecasts which
are completed with expertise (see blue curves in Fig. 2).
The mathematical formulation is then the following MILP

problem
max f(Xo, 50)7 (2)

x0€X (&)

where X(&;) C R" is supposed to be nonempty. For the
case study, the MILP problem (2) is implemented in
GAMS and solved with the CPLEX MIP solver. This
optimizer is used within CNR’s operational process as a
numerical decision support tool.

Even in the stochastic framework, we want the opti-
mizer to give a unique feasible solution with respect to
the reference scenario &, = (ag, my) € R” x RT used in
the deterministic framework (Eq. (2)). The reason for this
choice is that the reference scenario is composed of opera-
tional deterministic forecasts that are completed with
expertise while providing expertise for probabilistic fore-
casts is an ongoing research [23]. In consequence, data
uncertainty is not considered in the constraints that define
the set of feasible solutions, but only in the total revenues to
account for the impact of adapting the production plan
with respect to the effective scenario. More precisely, the
stochastic formulation considered in this paper is the follow-
ing two-stage stochastic dynamic programming problem

max {a0f(x0, &) + (1 - W)EIQ(b(x,), BN}, (3)

x0€X (o)

where:

e b: R” > R*! is the function that gives the upcoming
hourly day-ahead bids of a solution, i.e., the linear map-
ping defined by
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bhl (X)

b(x) = eR*  VxeR’

bh24 (X)

where (hy,. . .,hay) € T* are the first-time buckets of every
hour of delivery of the upcoming day-ahead bids. For the
case study, h; = 73 + 6(j — 1), for j € {1,...,24}.

e @ R x (R x R”) - [~o00,+00) is the optimal
value function of the second stage defined by
Q(bo, &) = max f(x,¢), V(b &) € R* x (R x R").

x € X(&)
b(x)=by

(4)

The optimal value function @ represents the optimal total
revenues that can be achieved from a given decision of the
upcoming day-ahead bids under the assumption that a
given scenario effectively occurs. It should be noted that
the optimal value function @ depends on the situation
and user parameters, just like the scenario and the set
of feasible solutions.

e o € [0, 1] is a weight for the reference scenario &g, that
can be computed, for example, as the weight of a

central cluster of the scenarios in Z(Q). If oy = 1, then
the stochastic and deterministic formulations merge.
If «y = 0, then the reference scenario is not used in
the objective function, leading to a more classical
stochastic formulation. If oy € (0, 1), then the objec-
tive function is a compromise between the total rev-
enues when no update of the production plan is
required (i.e., when the reference scenario perfectly
occurs) and the optimal total revenues after adapting
the production plan for the scenarios. For the case
study, the weight of the reference scenario ¢, is arbi-
trarily set to oy = 0.5.

The stochastic problem in equation (3) can be written
with the following equivalent large MILP problem

max
x) € X(&)
X, €X(,), 1<n<N

b(x,) € b(xo), 1< n< N

{Ofof(Xm &o) + (1 — o) anf(xm fn)}’

(5)

which is too large to be tractable for the case study with
the CPLEX MIP solver.

The stochastic formulation is similar to that of two-
stage stochastic programming (with recourse) because it is
based on a scenario tree with 2 stages. The first stage
involves the reference scenario to define the production plan
and the bids in the upcoming day-ahead market. The
second stage involves all the probabilistic scenarios, without
transition, to anticipate the future possible updates and
re-optimizations of the production plan in view of the
decision of the day-ahead bids made at the first stage.
The non-anticipativity constraints appear in the bids in

the upcoming day-ahead market that have to be compatible
with the reference scenario. The dependence of the second
stage on the first stage is also the basis of stochastic
dynamic programming. The optimization problems of the
2 stages only differ by the choice of the scenario and by
fixing the bids in the upcoming day-ahead market in the
second stage.

2.3 Proposed methodology

The main issue in solving the stochastic programming prob-
lem in equation (3) is that the function @ needs to be eval-
uated a lot of times with different upcoming day-ahead bids

in By = b(X(&)) = {b(x0), xo € X(&)} € R* and differ-
ent scenarios in g(Q) ={&, ..., &) € R x R”, while
an evaluation of the function @) requires significant compu-
tation time for solving a large MILP problem (see Eq. (4)).
This paper focuses on fitting a real-valued surrogate model
@ on R** x (R x RY) that is fast to evaluate, and that is

an approximation of @ on By X g(Q),
/Q\(b(); én) ~ Q(b07 én)? V(b(), én) € BO X E(Q) (6)

The condition in equation (6) ensures in particular that
FlQ(0.2)| ~E[Q(,E)|. vt By,
thus the problem
max {aof(xa, &) + (1-2)EQ(b(x), D)} (7)

x0€X (o)

is an approximation of the stochastic problem in equation
(3). A

For a fixed scenario &, € E(Q), by+— Q(by, &,) is the
value function of the MILP problem in equation (4), so it
is piecewise linear with a finite number of discontinuity
breakpoints [24, 25]. More details about the structure of this
kind of function are presented in [26]. If the surrogate func-
tion @ is chosen among piecewise linear functions, then the
problem in equation (7) has a MILP formulation with a
much smaller dimension than the large MILP problem in
equation (5). R

In this paper, we propose to fit the surrogate model @
every new situation during a pre-processing step by super-
vised learning based on a limited collection of evaluations
of the function . The issue is that the computation time
of the pre-processing step and solving the problem in equa-
tion (7) has to be compatible with the operational process.
The pre-processing step is divided into two main successive
substeps: constructing the learning data set (Sect. 3) and
fitting the surrogate model (Sect. 4).

The learning data set is composed of couples of
By x 2(Q) at which the optimal value function @ is evalu-
ated. The issue is that the set By = {b(xo), Xo € X (&)} of
acceptable upcoming day-ahead bids is not known with an
explicit formulation but with the MILP constraints of the
set X(&;). Tt is then difficult to characterize the elements
of By or to draw some of them. Thus we aim at approximat-
ing the set By by a simpler set B, C R*. A design of exper-
iments is then constructed to select some couples of the
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input data set By x 2(Q) at which the optimal value func-
tion @ is evaluated. The difficulty is that the inputs have a
functional structure, and the set of selected points needs to
properly describe the input data set while being small
enough to restrain computation time.

The type of the surrogate model is chosen according to
its implementation in equation (7), the structure of the
exact function @), and the computation time of fitting.
The issue is that the inputs have a large dimension, making
it difficult to fit a model on a small learning data set. A
dimension reduction of the inputs is then performed and
the surrogate model is fitted on the reduced inputs.

3 Computational design
3.1 Discretization of day-ahead bids

We propose to approximate the set B, by a finite set
Bo = {bl, ey bM} C R24, where (bh-- 7b[v[) S (R24)M
(M € N) is a sample obtained by selecting the effective
day-ahead bids associated to M past historical situations
that are close to the situation at hand among a set of
consecutive previous historical situations. This sampling
process is inspired by analogue-based weather forecasting
[27, 28] and it mainly consists of comparing situations one
with another.

Since a lot of parameters change from one situation to
another, it is crucial to carefully assess what parameters
are to be considered for the distance used to compare
similarities among situations. Moreover, the sampling size
M is arbitrary and it has to be carefully chosen. In the
sequel, the methodology to make these choices is described
for the hydropower cascade of the case study defined in
Section 2.1, but it can be adapted to another hydropower
cascade.

In order to measure similarities among situations, we
choose to separately test the three following parameters:

1. the hourly observation of total active power during
the previous day,

2. the hourly deterministic forecast of cumulative mea-
sured water inflows of all tributaries along the Rhone
river for the following day,

3. the hourly deterministic forecast of day-ahead prices
for the following day.

The first parameter is related to the initial conditions of
the situation while the other two are related to the deter-
ministic scenario of the situation. The three above param-
eters can partly explain the production of the following
day, then the upcoming day-ahead bids. Different situa-
tions can be compared according to their distance with
respect to one of the three above comparison parameters.
The distance is based on the L'-norm in R** for the first
two parameters and on the L*-norm in R** for the third
parameter. The L'-norm is convenient for power and
water flow because it provides physical values, respec-
tively energy and volume.

The M closest situations to the situation at hand with
respect to the chosen comparison distance are selected
among the set of the 1000 consecutive previous historical

situations. The sample (by,. . .,b") € (R**)? is then obtained
by getting the effective day-ahead bids associated with the
M-selected situations.

In this paper, the quality of discretization of the set
By refers to the statistical consistency of the sample
(by,...,by) with the effective day-ahead bids b € R** of
the situation at hand. For verification, we compute the
Continuous Ranked Probability Score (CRPS), a classical
score used in probabilistic weather forecasting [29-31].
The CRPS compares the empirical cumulative density func-
tion of the sample with that of the observation, i.e., the
effective day-ahead bids here. More precisely, the CRPS is

the positive score defined by
+00 1 M
[x M ZlH(u - bmh)

1 4
CI{IDS((bl7 ey b]\/j), b) == ﬂ E
h=1

where H: R — {0, 1} is the Heaviside function defined by
H(u) = 1if u > 0 and H(u) = 0 otherwise, for u € R. The
closer the CRPS is to zero, the better the quality of
discretization is.

To limit the computation time required when consider-

ing a new situation, we aim to find the comparison param-
eter and the sampling size that provide the best overall
quality of discretization for every situation (and not only
for the particular situation at hand). For this purpose,
the sampling process of day-ahead bids is repeated on a
testing data set of daily situations in 2019 (365 days), con-
sidering successively the three comparison parameters
and different values of the sampling size M. The testing
criterion is the mean of CRPS on the testing data set that
we aim to minimize. The results are presented in Figure 4.
It turns out that the best quality is attained with the
distance based on the L'-norm of the cumulative water
inflows (second comparison parameter) and with M = 21.
For convenience, however, the sampling size is set to
M = 20, without having a significant impact on the mean
of CRPS.
It should be noted that the finite set
By = {by, ..., by} C R* obtained by the sampling process
is not necessarily include(Ai in By. In consequence, evaluating
the second stage (4) on By x Z(Q) may lead to significant
imbalances on the following day compared to those
obtained by the deterministic optimization problem in
equation (2).

The sample obtained for the case study is presented in
Figure 5. We observe that the sampled day-ahead bids have
globally the same shape (peaks around 9 a.m. and 9 p.m.
like day-ahead prices) since they are historically effective
day-ahead bids that were mostly made according to day-
ahead prices. One curve is characterized by being below
the others with a small peak in the morning.

3.2 Design of experiments

o~

The size MN of the sampled input data set By x E(Q) =
{by, ..., by} x {&, ..., &y} is too large to evaluate the
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Figure 5. Example of the sample of the M = 20 upcoming day-
ahead bids for the case study. For reasons of confidentiality, the
values of day-ahead bids are arbitrarily scaled.

function @ at each point, since an evaluation requires
solving a large MILP problem which is time consuming.
Therefore we aim at evaluate the func/‘Eion @ at some
selected input points (b, &,,) € Bo x 2(Q), for
de{l,...,D}, with D < MN, mye {1,...,M}and
ng € {1, ..., N}. The selected points have to be well dis-
tributed in the set By x Z(Q) to ensure that the numerical
values Q(by,, &,,) € R, for d € {1, ..., D}, give enough
information about the global structure of the function Q.

The input data are strongly correlated because upcom-
ing day-ahead bids, water inflows, and day-ahead prices
have a functional structure and possibly correlations with
each other. Since sampling such input data is quite chal-
lenging, the surrogate model is constructed with the follow-
ing assumptions:

e the acceptable upcoming day-ahead bids are supposed
to be independent of the scenarios,

e the water inflows and the day-ahead prices that com-
pose the scenarios are supposed to be independent of
each other,

e the upcoming day-ahead bids, the water inflows, and
the day-ahead prices are each reduced to a scalar to
remove their functional structure.

After scaling, these assumptions lead to three indepen-
dent inputs in [0, 1]. For the case study, the reduction of
each functional input to a scalar is performed by getting
the L'-norm for upcoming day-ahead bids and water in-
flows and the L*norm for day-ahead prices (see Fig. 6),
in order to be consistent with the distance used in
Section 3.1. Of course, these assumptions are strong
because, in practice, the effective day-ahead bids are
decided with respect to the distribution of the scenarios
and because a scalar cannot accurately represent a func-
tional data. They might however be sufficient to construct
an adequate surrogate model.

We propose to construct the design of experiments by
the use of a 3-dimensional Latin Hypercube Sampling
(LHS) with D points and optimal with respect to the max-
imin criterion [32]. Based on the independence assumption
on the three inputs, this approach provides a set H (D) of
D points in [0, 1]* whose empirical distribution is close to
the uniform distribution on [0, 1]. Since each input is not
necessarily uniformly distributed in [0, 1] (see Fig. 6), the
design of experiments is obtained by applying the empirical
quantile function of each input at the associated component
of every point in H(D). Let (by,, &,,) € Bo x E(Q), for
d € {1, ..., D}, denote the selected points with their func-
tional structure. Removing some points if necessary, we
may assume that the selected points are all different.

The size D of the design of experiments is arbitrary. In
practice, it is chosen according to the computing power at
our disposal and the complexity (degrees of freedom) of
the surrogate model. For the case study, we choose
D = 1000, a very large size compared to the complexity
of the surrogate model (see Sect. 4) but computation time
is available in the study phase.

3.3 Data set

The data set is obtained by evaluating the function @ at
each point of the design of experiments. Let
Qi = Q(bn,, &) €R for de{l,...,D}. This requires
solving D-independent large MILP problems. The data set
is specific to the situation at hand and it has to be com-
puted at each new situation since the design of experiments
and the function @) change from one situation to another.

The data set is split into a learning data set with indices
D.C{1,...,D} and a validation data set with indices
D, ={1, ...,D}\D.. The choice of the ratio of the data
set that is used for fitting is arbitrary. For the case study,
the chosen ratio is 60%.

4 Metamodeling

In this paper, the surrogate function @ is chosen among
linear models. In this case, however, the structure of the
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function @) might not be completely represented since the
function @ is piecewise linear (see Sect. 2.3).

4.1 Dimension reduction

A dimension reduction of the inputs is necessary since their
initial dimension is too large for fitting a linear model with
regard to the size D of the learning data set. A common
approach consists of using the coefficients of the decompo-
sition of the inputs onto an orthonormal family with a small
size. Several approaches for constructing the orthornomal
family are presented in the literature (wavelets, splines,
principal components analysis, etc.) [20, 33-36]. For the
case study, numerical tests, which are not presented in this
paper, show that Principal Components Analysis (PCA)
provides the best compromise between the reduction error
and the size of the family. As PCA is data-driven, the
dimension reduction is described for the case study defined
in Section 2.1.

Since upcoming day-ahead bids, water inflows, and day-
ahead prices are assumed to be independent of each other in
constructing the surrogate model, PCA is separately
applied to each of the three inputs. The values of each input
are centered to ensure that PCA is based on explained vari-
ance, but they are not scaled to preserve the functional
structure of the inputs. If the inputs were not assumed to
be independent of each other, then the orthonormal family
should have been common for the three inputs. Moreover,
some values of water inflows (respectively day-ahead prices)
are redundant since they are not defined with time steps of
duration 6t = 10 min but with half-hourly (respectively
hourly) time steps.

The redundant values are removed before applying
PCA.

Let ¢, € L(R*RX1) denote the linear mapping that
gives the coefficients of the decomposition of upcoming
day-ahead bids onto the orthonormal family composed
of the K;j first principal components in decreasing order

of their explained variance (K; € {1,...,24}). Let
¢y € L(R™, R¥2) (respectively ¢,y € L(RT, R*2)) denote
the similar linear mapping for water inflows (respectively

day-ahead prices) after removing redundant values, with
Ky € {1,...,6 x 120} (respectively Ky € {1, ..., 48}).
Then let ¢, € L(R" x RT,R%?), with Ky = Koy + Koo,
be the linear mapping defined by concatenating ¢-; and
¢22a . €.,

$2(0) = (¢2‘(a)

) € Rz Vé = (a, 1) € R x R”.
}ys(m)

For the case study, K, K5 and K, are chosen to be the
minimal number of principal components such that
the cumulative explained variance is greater than 95% of
the total explained variance (see Fig. 7). The threshold of
95% 1is arbitrary. We get K; = 6, Ky; = 7 and Ky, = 13
(Ko =7+ 13 = 20).

4.2 Fitting
The linear model @ is defined by

Q(bo, &) = By + B] d1(bo) + B3 da(E), Vby € R,
vée R x RT,

where f, € R, , € R and B, € R? are the coefficients
of the linear regression (least squares problem solved by
the QR decomposition method) on the learning data set
defined by the indices D, after dimension reduction of
the inputs, and the superscript T stands for the transpose
operator.

4.3 Validation criteria

The quality of the linear model @) is assessed by its predic-
tion errors on the validation data set defined by the indices
D,. Prediction errors are evaluated on individual total rev-
enues (see Eq. (6)) by two scores:

e the predictivity coefficient Q?, i.e., the coefficient of
determination computed on the validation data set by
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Q2 -1 — ZdEDW Qd - gd| c (_007 1]7
> ien, 1@ — Q)
— 1
with Q=Y Q€R,
|D”| deD,
where @d = @(bmd, ¢,,) €R, for d € D,, are the values

of the surrogate model on the validation data set.

e the mean absolute error on the validation data set of
the normalized total revenues with respect to the total
revenues of the deterministic optimal solution
x4, € X(&) of the problem in equation (2), i.e.,

1 |Qd_@d|€

MAE = e
|Dv| deD, f(xdet; é(])

[0, +00).

It should be noted that the two scores can be evaluated by
cross-validation instead of using a validation data set,
especially if the size D of the data set is small.

4.4 Results

The results of the case study are presented in Figure 8.
The predictivity coefficient is Q* = 0.9813, which is above
the arbitrary threshold of 0.95 used for the case study.
The mean absolute error of the normalized total revenues
is MAE = 0.39%, which is below the relative MIP gap of
2% used for the case study. It turns out that the linear
model is quite relevant to the case study. Thus the piece-
wise linear function by — E[Q(by, Z)| is reasonably linear
on the set B of the sampled day-ahead bids.

5 Discussion

The stochastic optimization problem in equation (3) is
solved with the proposed methodology and compared to
the deterministic optimization problem in equation (2) for
the case study. We recall that the truly optimal solution

1.05
|

Predictions (normalized total revenues)
1.00
|

Yo}
Oj. —
o
o Q2=0.9813
& Jo %MAE=0.39
© T T T I
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Observations (normalized total revenues)

Figure 8. Prediction errors computed on the validation data
set for the case study.

of the stochastic optimization problem in equation (3) is
not accessible with the CPLEX MIP solver and the com-
puting power at our disposal (4 cores, 3.8 GHz, and
16 Go of RAM).

5.1 Computation time

For operational use in our case, the total computation time
of solving the stochastic optimization problem has to be less
than 3 times that of solving the deterministic optimization
problem. The total computation time is composed of that of
the pre-processing step and that of solving the MILP prob-
lem in equation (7).

The computation time of the pre-processing step is due
to that of evaluating the optimal value function @ on the
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every point of the design of experiments for the case study.

design of experiments since the computation time of dis-
cretizing the day-ahead bids and that of fitting the linear
surrogate model @ are negligible. Let 7, € R,, for
d € {1,...,D}, denote the computation time of evaluating
the optimal value Q; = Q(by,, &,,) over that of solving
the deterministic MILP problem in equation (2). Their dis-
tribution for the case study is presented in Figure 9. On
average, evaluating the optimal value function @ at a point
in the design of experiments requires a computation time
39.41% greater than that of the deterministic solution
(reference value of Tge = 1):

1 D
T=— Zrd = 1.3941.
D d=1

We also observe that some evaluations of the optimal value

function @ require extreme computation time up to almost

20 times greater than that of the deterministic solution:
max 7, = 19.3595.

1<d<D

If the values @, for d € {1,...,D}, of the data set can all be
computed in parallel for the case study (i.e., unlimited
access to parallel computing), then the normalized total
computation time of the preprocessing step is around
20 times greater than the computation time of solving the
deterministic problem in equation (2). Once the surrogate
model @ is fitted, the normalized computation time of solv-
ing the MILP problem in equation (7) is 7opy = 1.0547, i.e.,
only 5.47% higher than the computation time of solving the
deterministic problem in equation (2). Therefore the
normalized total computation time for the case study,

max Tq + Topti = 19.3595 + 1.0547 = 20.4142,
1<d<D

is largely determined by the computation time of the pre-
processing step and it is too large for operational use (far
above the acceptable threshold of 3 for our case).

The computation time of the pre-processing step can
however be improved by stopping the calculation of
the evaluation of the optimal value function @ if it exceeds
an acceptable time limit (a normalized time limit of
around 2 for our case). The extreme points of the design

of experiments are then removed, but on the other hand,
this process may subsequently have an impact on the
quality of the surrogate model. Moreover, with limited
access to parallel computing of n; € N cores, the normalized
computation time of the pre-processing step is estimated on

average by . D
71 “en Tp . T

Ny Ty

The number D of points in the design of experiments has
then to be carefully chosen so that the computation time
of the pre-processing step is below an acceptable time
limit (a normalized time limit of around 2 for our case).
However, reducing the number D of points in the design
of experiments may require reducing the dimension of
the inputs, and it also may subsequently have an impact
on the quality of the surrogate model.

To improve computation time, the pre-processing step
could be performed offline in advance, with data available
at a former situation (e.g., a couple of hours beforehand),
to update the surrogate model at regular intervals. Only
the MILP problem in equation (7) would be solved during
the operational process with the last updated surrogate
model. The total computation time would then consist only
of Topii, the same order of magnitude as for the deterministic
model.

5.2 Quality of the stochastic solution

Let bge, = b(x},) € By and by, = b(x%,) € By denote the
upcoming day-ahead bids for respectively the determinis-
tic optimal solution xj, € X(&;) of the problem in equa-
tion (2) and the stochastic optimal solution x% € X(&))
of the problem in equation (7). They are presented in
Figure 10 in comparison with the set By = {b;, ..., by}
of day-ahead bids obtained in Section 3.1. We observe that
baet and by, are globally similar. They are at the edg\e of the
lower boundary of the region delimited by the set By, even

outside during the 6 first hours. N

The quality of the surrogate model @ is evaluated on
{bges } X E(Q) and {by,} x E(Q) with the same scores as
in Section 4.3. The results are presented in Figure 11 for
the case study in comparison with the results obtained on
the validation data set in Section 4.4. We observe that
the quality of the surrogate model () is acceptable
with the day-ahead bids by and by, (predictivity coeffi-
cient Q* above 0.95 and mean absolute error below 2%),
even if it is slightly lower than with the discretized day-
ahead bids in_By. Thus the approximate mapping
E: by € By—E[Q(by, E)] does not significantly over-
estimate the mapping & : by € By—E[Q(by, E)] around
the optimal region of the optimization problem. There is
no guarantee, however, that the approximate mapping &
does_not significantly under-estimate the mapping £ on
Bo\Bo U {baet, bsio}), which _could misleadingly force the
optimal region to be inside By U {byer, bsio }-

The similarities between gy = b(x,,) and by, = b(x,)
may be a sign that the deterministic solution xJ, and
the stochastic solution x  are similar. For verification,
the stochastic objective function is evaluated at the
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Figure 11. Prediction errors computed on the upcoming day-
ahead bids of the deterministic solution (in blue) and the
stochastic solution (in red) for the case study.

deterministic solution and the deterministic objective func-
tion is evaluated at the stochastic solution. For the case
study, we obtain

aOf(xrlem é()) + (1 - aO)E[Q(bdem
Oﬁof(ximv 60) + (1 - O‘O)[E[Q(bstoa

f(xriet7 60)
f(X:toa 50)

so, with respect to the relative MIP gap of 2%, the
deterministic solution x%, € X (&) also optimal for the

) = 1.0047

o) oo
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Figure 12. Boxplots of the normalized total revenues
Q(baet, )/ (x> &) for the deterministic solution (in blue)
and Q(bo, 2)/f(x%,,, &) for the stochastic solution (in red) in
comparison with the boxplots of Q,/f(x%,, &), for d € {1,...,D},
as a function of the scaled upcoming day-ahead bids (in grey).
The points stand for the expected values with respect to the
scenarios. The horizontal dashed lines delineate the region for
which variations are insignificant with respect to the relative MIP
gap of 2%.

stochastic optimization problem and the stochastic
solution x¥, € X(&;) is also optimal for the deterministic
optimization problem. For the case study, the differences
between the deterministic and stochastic objective func-
tions are then insignificant with respect to the relative
MIP gap of 2%. This is due to the fact that the mapping
E: by € By—[Q(by, E)] is globally constant, so indepen-
dent of the decision variable, as illustrated in Figure 12.
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6 Conclusion

The stochastic framework of the short-term production
planning of a run-of-river hydropower cascade takes into
account uncertainty in forecasting water inflows and elec-
tricity prices. The problem is formulated as a mixed-integer
linear two-stage stochastic dynamic programming problem.
Solving this problem with a classical decomposition
approach, such as an L-shaped algorithm, would require a
linear relaxation of the problem and an iterative algorithm.
Instead, we evaluate the feasibility of using supervised
learning during a pre-processing step of the optimization.
The optimal value of the second stage is replaced by a linear
model so that the stochastic optimization problem becomes
a tractable mixed-integer linear programming problem.

The proposed methodology is mainly based on con-
structing a learning data set from historically effective
day-ahead bids and on reducing the dimension of the func-
tional inputs. Validation results for one simplified case
study are encouraging but the methodology needs to be
improved to be compatible with the time limit of the oper-
ational process. Further results on other case studies are
needed to draw general conclusions since the optimization
problem is quite sensitive to the situation of the studied
hydropower cascade.

The linear model could be replaced by a piecewise linear
model to account for the structure of the second stage value
function while keeping a mixed-integer programming for-
mulation of the optimization problem. Moreover, in the
same spirit of decomposition algorithms for solving a two-
stage stochastic programming problem, metamodeling
could be used within an incremental optimization procedure
in which the surrogate model would be improved as approx-
imate optimal solutions are added to the data set at each
iteration, starting from a very small data set. However, it
seems more appealing to perform the pre-processing step
offline in advance to update the surrogate model at regular
intervals. In this way, only the approximated mixed-integer
linear programming model under uncertainty, defined with
the last updated surrogate model, would be solved during
the operational process. The deterministic and stochastic
models would then have similar computation time.

Combined with intermittent energy sources (wind and
solar) and electricity storage assets (e.g., renewable hydro-
gen), the stochastic short-term production planning can be
used not only for optimizing the hydropower cascade but also
the storage assets, while compensating for imbalances caused
by forecasting uncertainty on intermittent generation.
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Appendix
A Examples of main constraints

This appendix introduces the main constraints that apply
to a feasible solution z,€ X(&) with respect to a generic

scenario ¢ = (a, 1) € R™ x R”. Note that the feasible set
X (&) is also defined by other more detailed and specific con-

straints that are not presented in this paper. We continue
to use the notations introduced throughout the paper.
A.1 Hydraulic modeling

The following constraints are supposed to hold.

e The conservation of water is written by the water
balance equations

Qin“ (X) = Qoutu<x) + Vit(x) _5;/“*1 (X),

V(i, t) €T x T,

where Q. (x) = R, Qu,(x) = R and Vy(x) € R, for
(i, t) € T x T, are the values of the components related
to respectively the total inflows, the total outflows and
the volumes of the solution x over the time horizon com-
puted at a specific location for each hydropower facility.

If a nonpositive index for the time bucket is involved, then
it refers to a past value (observation).

e The outflows are composed of discharges and spills
after water propagation, so

Qout, (X) = QUSLLfTUS“,) (x) + QBR“—IBR(M) (%),
V(i,t)eZ x T,

where Qug,(x) € R and Qgg,(x) € R, for (4, t) € Z x T,
are the values of the components related to the flow over
the time horizon through respectively the hydropower
plant (discharge) and the barrage (spill) that compose
each hydropower run-of-river facility. The parameters
tus(4, 1) € Ry and tpr(4, i) € Ry, for i € Z, denote the
time delays due to water propagation between the specific
location at which the balance equation is written and the
physical location of respectively the plant and the bar-
rage. If a nonpositive index for the time bucket is
involved, then it refers to a past value (observation).

e The inflows are composed of discharges and spills from
the upstream facility and intermediate water inflows
(e.g., from tributaries), so

Qiﬂn(x) = QUSFl*TUS(Hz) (X) + QBRFLL*TBR(FLL') (X) + a'(i’ t)’
Vi, t) eI x T.

where the parameters tyg(i—1, 1) € R, and tpr(i—1, 9)
€ R, for i € 7, denote the time delays due to water prop-
agation between the location of respectively the plant and
the barrage of the upstream facility and the specific loca-
tion at which the balance equation is written. If a nonpos-
itive index for the time bucket is involved, then it refers to
a past value (observation). The inflows and outflows at
1 = 0 are supposed to be zero. The water inflows
a € R'" is the parameter that comes from the scenario &.

e The power generations are computed from discharges,
1.€.,

Py(x) = q)Pl(QUS”(x)), V(i, t) €I xT,

where P;(x) € R, for (i, t) € T x T, are the values of the
components related to the power generation of the solu-
tion x at each hydropower plant over the time horizon,
and ¢@p, for 7 € 7, are concave piecewise mappings
obtained from experience. This constraint is consistent
with a mixed-integer linear formulation.

A.2 Operational requirements

Operational requirements are mainly written as bounds on
the decision variables. For instance,

V(@ t)< Vax) < V(i t), V(i,t) e T xT,

where V (i, t) € Rand V (4, t) € R, for (4, t) € Z x T are
parameters. Similar notations apply for inflows, outflows,
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discharges, spills, and for the sum of discharges and spills
at each facility.

A minimal bound is also applied on final volumes to
keep enough water in the reservoirs for the days after the
horizon, i.e.,

Vir (x) > Vi (4), YieT,

where V; (i) € R, for ¢ € Z, are parameters.

A.3 Objective function

The following constraints are supposed to hold.
e Next day-ahead bids are hourly contracts, so

bi(x) = b1(x), VteT\H,

where H C 7 is the set of the first time bucket of every
hour covered by the time horizon. For the case study,
H={1+6h 1< h<60}=1{1,7,13,..., 349, 355}.

e The next day-ahead bids are only defined on time
buckets for which the day-ahead market has not yet
been closed, so

bt(X) = O, vVt e T(),

where 7 C 7 is the set of the time buckets for which the
day-ahead market has already been closed (i.e., for which
the day-ahead commitments are known at present). For
the case study, 7o ={1,...,t} with & = 72 the index
of the time bucket that ends on 2014-04-26 24:00.

e Imbalances are the difference between real power
delivery and total commitments, so they can be esti-
mated by

e(x) =Y Py(x)-(c(t) + bi(x)), Vt € T,

i€l

where ¢,(x) € R, for t € T, are the values of the compo-
nents related to the imbalances of the solution x over
the time horizon, and ¢(¢) € R, for t € T, are the commit-
ments that are known at the present time (i.e., day-ahead
commitments that were decided the previous day since
long-term commitments are assumed to be zero).

e The hydropower production plan complies with the
next day-ahead bids, so

of) < elx) <), VEeT,
where e(t) € R_and €(t) € Ry, for t €7, are respec-
tively the minimal and maximal bounds on imbalances.

e Positive and negative imbalances are deduced from
imbalances by the following constraints that are con-
sistent with a mixed-integer linear formulation

max (0, e(x)),

{QW) VteT.
¢; (x) = max (0, —e(x)),
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