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water management ?

- collect, treat, distribute, value water as a commodity
ex: design and operate wastewater networks under normal or extreme conditions

- mobilize water in processes as a with limited availability
ex: withdraw water for cooling or cleaning while preserving water source quality

- preserve a biotope, or deal with a natural hazard involving water
ex: adapt landscape to flood resilience
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operatmna research: models and a gorithm

decision & management

long-term planning

time

prospective: data and scenarios



this class

overview of prescriptive tools in decision support
focus on mathematical optimization and discrete decision
model and solve mathematical programs

selected applications in water management






from WWIL: vaue
mathematical programming

in the 2010s:
Al, deep learning

in the 2000s:

business analytics,
big data

What happened?

decision support

optimization

Foresight

Why did it happen? What will happen?

Descriptive analytics Diagnostic analytics = Predictive analytics

Difficutly

Source: Gartner



decide = optimize

Decision Mahing identify possible alternatives, attach a quantitative score,
search an alternative with the highest score

model : describe the feasible solutions
oblective: a mapping from solutions to scores
optimize : compute a feasible solution of maximum score

Optimization




physical and virtual/numerical models
simulators: imperative "how"
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mini i diy
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accuracy & approximation

Decision MaRing Mathematical Optimization

minf(x) : g(x) =0Vi=1,...m

xeR”

concrete probleml —— —-— , gbstract model

# solve
practical decision +————————— (optimal) solution

solving, optimizing: find a solution to a modl not to a proble




solve 3 model not a problem

— 1IMp
- app

recise (truncated) and uncertain (forecast) data

- conceptual objective

solve a model ?

- SOIU
- SOIU
- SOIU

- theoretic = practical optimality guarantees: high complexi

tion may
tion may

ne Infeasible or feasible withl

ne sub-optimal or optimal wi

h

r‘oximate dynamics and simplified (soften) constraints Sagen

‘solve

Approximate minimization

This ] ¢ 1l minimum
performs nearly as well as

so it is an 1(((1)1;11)1(‘
halting point.

[deally. we would like
to arrive at thelglobal
minimum, but this

might not be possible.

Thig local minimum performs
poorly. and should be avoided.

a tolerance gap

thin a tole

tion may not be provably optimal, neither global
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optimize

Model the system behavior
Simulation evaluates behavior and score for one given input decision

Optimization search the input decision leading to the highest score

different problems, different needs — many algorithms Ofeesr:;irz%a'

different classes of algorithms:

- local/global, exact/heuristic
- deterministic/stochastic
- generic/specific

2 main principles:
- generate & test
- divide & conqguer

12



generate & test: principle

black-box or numerical methods:

|. select a candida
2. simulate/evalua

5. stop or Iterate

which candidates to evaluate ?

search:
choice:

derivative of t
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gelfle
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exnhaustive bu
'IC Or directed

ne objective

unction)

'y and score

IMplicit

Oy distance, score, highest-order information (e.g:
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generate & test: agorithms
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examples:

- |ocal search: move to a neighbour candidate, the best one or in an Improving direction

- may converge to a global optimum, e.g.: gradient descent In convex optimization, simplex
algorithm in linear programming

- metaheuristics (evolutionary, swarm): combine candidates, use collective memory
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divide-and-conquer:
1. separate the search space (and refine the model)

2. estimate feasibl
5. backtrack it not

Ity and
petter,

nest score
record If fu

divide & CONQUer: principle

relaxation/bounding (the maximal score):

- certificate of op

e
- [€

axations a
vy on tight

gle

timality: ze

nest lower

oound (L

out simple relaxations

solution, or Iiterate

‘0-gap between best Upucr vud

3) computed on full so
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divide & conquer: algorithms

examples:

- greedy heuristic: no backtrack /‘\x
- graph algorithms, dynamic programming

- backtracking methods in logic/constraint programming

- Dbranch-and-bound In combinatorial optimization
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one person s solution
should not become
another person'’s problem

(to keep In Mind when modeling)



mathematical
optimization




mathematical program

min f(x) : g(x) < 0, x € ZP X R"P

f:R" = R objective
g R"XR"™ > R"™ constraints
x € R" variables / solution




Pipe Sizing

Choose the diameter of two water distribu

to maximize the total rate of flow, within a bl

- Ist pipe: maxir

U

- 2Nnd pipe: maxi

variables: diameters for the pipes (in cm)
constraints: bounds and budget
objective: maximize flow rate

[

m

N dlameter = 40cm, COS

\/

max 3x; + 3x, :

3)61 + 2X2 180

my first MP

tion pIpes

dget of 180 euros, given that:

=35 eu

M diameter = 60Ocm, cost=2 e

A

ros/cm, avg rate=3u/cm
Jros/cm, avg rate=5u/cm

2%




max 3x; + 3x, :
OSX1S4O,OS.X2S6O

3x1 —+ 2X2 S

linear case: graphical solution

— constraints

- Intersection = poyhedron = feasible solutions
“cost p:point inline 3x; + 5x, = p

— solutions o

define half-spaces in |

- optimal solutl

on: corner on the highest line

- x = (20,60) costp =3*20+ 5*60 = 360
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variables: diameters for the pipes (in cm
constraints: bounds and budget
180 objective: max flow rate
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mathematical program

min f{x) : g(x) <0, x € ZP x R"7P

well-solved classes:
f,glinearp =0 Inear programming
fconvex, 2 =0,p=0 Jnconstrained optimization
1, g smooth convex p = (0 convex programming
f,glinearp > 1 mixed integer linear programming



Mixed Integer Linear Program

covers discrete decisions:  off/on status x € {0,1}, operation level [ € {0,1,..., N}

covers logical relations: [ < N(l — X) evelis O if status is on: x = ] = [=0

N
covers nonlinear relations: /= 2 X;, Y = Zf,x 1 = Z x, x; € {0,1}Vi € {0,...,N}
=0 1=0
f(x)] f(x} ‘
/ —
= f(l) a discrete function
1,

0 / 2 3 4 5T X

discrete setup piecewise linear
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Groundwater abstraction (identical pumps) m y fi rSt M I I-P

Choose places to install pumps within a finite set J of candidates
and minimize the global cost, given:

- Installation cost ¢; and average flow rate g; of a pump at place] € J

_ limited total abstraction rate: lower Q and upper Q limits

- at most 3 pumps installed, no 2 pUMPS oN placesaand b € J
variables: x; € {0, 1 }number of pumps installedat j € J =

min. ), cix;
QsijijQ,ijSfi

x +x,<1,xe{0,1}
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vanant MILP

Groundwater abstraction (distinct available pumps)
Assign available pumps taken from a finite set K:

- Installation cost ¢, and flow rate g, now depends on pump ke K
_ limited abstraction Q, O

min Z Z CeXi - variables: X = lifpump k € Kinstalledat place j € J
kK J o p— 'Vj!

QSZZQ'kakSQ "
ko

vieJ

j
Z Xig S
k
X]

+€10,1} VjelJ,kek
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cutting-plane algorithm

branch-and-bound
branch-and-cut

y

\V >

MILP algorithms

based on the LP relaxation

evaluate, refine, iterate
separate (on discrete variables), estimate, backtrack/iterate

refine then estimate

N




declarative

equations, not algorithms

performance

sophisticated solvers

versatile
covers logic & nonlinear
optimalit
prin?al-dual bour¥is M"'P perhs
flexible
IargE'Scale general-purpose format & solvers

decomposition methods



declarative

ions, not algorith
performance 2 g0 roder»
sophisticated solvers :
*still NP-hard: scale to some extent Versat“e
(or consider LP) covers logic & nonlinear

*approximation

Optlmall’[y M"_P perhs?'s‘ (or consider MINLP)

primal-dual bounds
flexible

general-purpose format & solvers
*generic # best

*algorithmic challenge
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