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OUTLINE

1. CHEMICAL BATCH SCHEDULING
2. STOCHASTIC INTEGER PROGRAMS

3. HYBRID EVOLUTIONARY ALGORITHMS
» General Evolution Strategy
» Specific Evolutionary Algorithm
» Comparative Numerical Tests
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CHEMICAL BATCH SCHEDULING

» GIVEN
¢ Flexible multi-product batch plant
¢ Recipes for batch-wise production

» BATCH SCHEDULING

¢ Feasible and optimal assignment of
processing steps — plant units — time
» MIXED-INTEGER LINEAR PROGRAM (MILP)

» REAL-TIME CONDITIONS
¢ Uncertain data: large-scale problems
¢ Limited solution time: fast algorithms
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EPS-PRODUCTION
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AGGREGATED SCHEDULING MODEL

MOVING HORIZON
; 0
DISCRETE DECISIONS Dl]il@ 2
¢+ Number, timing and c @
recipes of batches @
¢ Operation Finishing Eo % . e
» CONSTRAINTS Eﬁj Ll B
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. Capacity Po[ymerization Preparation sation Finishing B —o BS
¢ Capacity Finishing i
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DETERMINISTIC BASE MODEL
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STOCHASTIC INTEGER PROGRAMS

» INFORMATION- AND DECISION » DETERMINISTIC EQUIVALENT
Q
STRUCTURE e .
min - ¢’ X+ Y mudeYe
next w=1 XY

o=1
OW st. Ax<bh,
present , w=2 8 ToX+WgeYe <hg,
% xeX,Yy €Y, 0=11,...,Q}
w =3 § X,Y € IRxIN.

» MATRIX STRUCTURE
1st stage - -
here & now-decisions x w=0 Al 0 0 0 X b

2nd stage 7.1 W, 0 0 y} .hl
recourse decisions y,, 0 : :

S0 : :
/// IRARARALAINE h,
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STAGE DECOMPOSITION

» HYBRID ALGORITHM

Masterproblem: 1st stage

Evolutionary algorithm:
solution candidates x

Q
LT
mlncx+EnQ(x)
X 0=

o=1
st. Ax<b,xeX

Subproblems: 2nd stage

MILP-algorithm (CPLEX):
Objective value (fitness)

Qu,(X)=min qz;-oyoo
Yo

st WgYe Shg —TeX,
Yo €Y
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¢ non-convex in x

¢ not necessarily feasible
(no relative complete recourse)
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next generation

EVOLUTIONARY ALGORITHMS

population initialization

v

[ fitness evaluation ]

variation
- recombination
- mutation
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IMITATE NATURAL EVOLUTION
“SURVIVAL OF THE FITTEST”

RANDOMIZED SEARCH
POPULATION OF INDIVIDUALS
BLACK-BOX FITNESS FUNCTION
VARIATION-SELECTION-PARADIGM

¢ Variation: diversity

¢ Selection: direction
THEORETICAL PROPERTIES

¢ No optimality bounds

+ No convergence guarantee
CLASSES

¢ Genetic algorithms

¢ Evolution strategies ...
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1. GENERAL EVOLUTION STRATEGY

random and feasible

’ ~ 0 N\
@ fX) = cx+ Y mpQu(x)

=1

population initialization _ _
/ . _{f(x) if x feasible )F
fitness evaluation \_ fmax +p(x) else y
ﬁ @ @ = 1ST STAGE X

variation y - RGY
- recombination recombination

- mutation - dominant/intermediate
mutation NGTH
- scaled probability distributionj
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v
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2. SPECIFIC EVOLUTIONARY ALGORITHM
random and feasible
4 0

@ ) = c'x+ D meQu()
ST =1
population |n|t|a||zat|o}n/ + specific tree representation
v of feasible solution space
fitness evaluation \_ )

E>—) <>

c
2 variation 4 )
o - recombination - _
% - mutation specm_c mutation on tree
o reflecting expert knowledge
4>—<J - v -
@ fitness evaluation \_ )
selection (1, ¥ ,A)-selection
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SPECIFIC TREE REPRESENTATION

» DECISION TREE OF ;
FEASIBLE SOLUTIONS

> STRONG HIERARCHY OF E%
Tl

DECISIONS c
1. Operation Finishing
2. Feed Finishing preporation] | sotion
3. Number, timing and
recipes of batches
» DYNAMIC GENERATION
FROM SMALL SET OF
SUB-TREES

Bl

p=1/3
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SPECIFIC MUTATION OPERATORS

» DESIGN CRITERIA » EXPERT KNOWLEDGE
¢ Reachability ¢ Similarity of recipes
¢ Unbiasdness ¢ Temporal order
¢ Scalability
¢ Causality
A —T— 100% - — v
| 80% -
—~-25 +
fE_3g # & E 60% ] .A3
£ .35 | S 40%
L 40 | 20% AL
-45 + 0% -
'50-50 45 40 -35 _‘_-3'0 -és 20 -15 1 2 3 4 5
F(a) Recipe
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HYBRID ALGORITHMS

» 16 DEMAND SCENARIOS » 1,568 DISCRETE VARIABLES
» 3 FIRST STAGE INTERVALS » 5,601 CONTINUOUS VARIABLES
» 4 SECOND STAGE INTERVALS » 4,083 CONSTRAINTS
-36
! - = monolithic
40 MILP
i — GA+mod. obj.
g (rand. init)
o — — ES+mod. obj.
ok 44 | (rand. init)
O A el —spec.EA
nu I__ - (rand. init)

-48 —_——— e ——— = spec.EA
\\ T — (zero init)
. e — -

T —

-52 S A A I
““/// 0 1 2 3 4 CPU-time (h)
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DUAL/SCENARIO DECOMPOSITION

» BRANCH & BOUND-ALGORITHM (CARGE & SCHULTZ)

1. Initialization: Set Z* := o (best current solution) and let
P (list of untreated problems) consist of the original
problem.

2. Termination: If P = then Z* is optimal.

3. Node Selection: Select and delete a problem P € P and
solve its Lagrangian Dual. If P is infeasible, set ZP := .
If Z'°(P) > Z* go to 2.

4. Bounding: Determine heuristically a solution suggestion
xR, If ZR <Z* set Z* :=ZR and delete all P* € P with Z'P(P*)
> I*,

5. Branching: Select a component X, and add two new

problems to P by extending P by the additional
constraints X,y < X and X, > X4y, Go to 3.
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objective

UNIVERSITAT DORTMUND

RIGOROUS VS. STOCHASTIC ALGORITHM

UNCERTAIN DEMANDS » UNCERTAIN DEMANDS & CAPACITY
RELATIVE COMPLETE RECOURSE » NO RELATIVE COMPLETE RECOURSE
1,144 VARIABLES » 1,256 VARIABLES
716 CONSTRAINTS » 842 CONSTRAINTS
-5 i ‘ ‘ -9 ‘ ‘
! — evolution strategy — evolution strategy
\ : --=-- dual decomposition 10 --=-- dual decomposition |
-6 : ....... Optimum e T Optimum
\E el
7 : >
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1 ~— -13 \“
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ESSENCE

» CHEMICAL BATCH SCHEDULING PROBLEMS AS
2-STAGE STOCHASTIC INTEGER PROGRAMS

» FAST SOLUTION BY
STRUCTURAL SPECIFIC HYBRID ALGORITHMS

» ACCELERATION BY SYSTEMATIC
INTEGRATION OF EXPERT KNOWLEDGE
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