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Decision Making using MILP

(MILP1  Model)
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Two-Stages Decision Making
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Decision Making Under Uncertainty

How can we make decision when there exists uncertainty in the problem?

Uncertainty

Risk

Ambiguity

And/Or

There are two important types of uncertainty.

Parameters are 
random variables 
with enough 
historical data.

Parameters are 
quite unknown 
with no or few 
historical data.



Decision Making Under Ambiguity

The common objectives are:
• Finding the solution with the best worst case over all possible scenarios. 

(Absolute Robust Definition)

• Finding the solution that minimize the maximum regret from optimal 
objective function under perfect information over all possible future 
scenarios. (Deviation Robust Definition)

• Finding the solution that minimize the maximum relative regret from optimal 
objective function under perfect information over all possible scenarios.
(Relative Robust Definition)



Deviation Robust Decisions

The major focus of this research is to  determine the discrete 
decisions that performs well across all possible input scenarios.

(This discrete solution will be defined as the robust solution)

*

Let   represents the set of all possible future scenarios of the problem.
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Extensive Form Model for Two-Stages 
Deviation Robust Optimization Problem
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(MILP2  Model)

(MILP1  Model for Scenario ω )

*Not really an effective method when dealing with a large number of scenarios.



• How to effectively solve the problem with finitely large number of scenarios when 
scenarios are nicely designed?

The design of scenarios is a full factorial design.  
(Each uncertain parameter independently takes its values from a finite set of   

discrete real values.)

Research Question?

up1
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How Large the Number of Scenarios
can be with this Full Factorial Design?

*Assume that each uncertain parameter take its value from only 3 possible real values.
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Our Ideas of the Effective Algorithm

• The algorithm should not required O*
ω information for all scenarios.

• The algorithm should not blindly solve the full MILP2 model.  

• The algorithm should be able to generate and identify a small 
subset of necessary scenarios required for solving the full problem.

• The algorithm should be able to generate a global optimal 
(or ε−optimal) robust solution of the full problem within a finite 
number of iterations.



Characteristic of Our Algorithm

• The algorithm iteratively solves a small MILP2 model by 
considering only a small subset of all possible scenarios.

• The algorithm requires O*
ω information only for a small subset of 

scenarios.

• The algorithm uses bi-level optimization models to generating 
necessary scenarios required for solving the full problem.

Result   =    Huge Saving in Computational Time



Full Factorial Robust Algorithm

MILP1 and MILP2 Models (Relaxation Problem)
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Algorithm Flow Chart

• Select initial subset of scenarios 
from Ω and add then to Ω’.

• Set UB = infinity and LB = 0.
• Set YΩ and YOpt = NULL.

• Solve MILP1 model to generate

O*ω for each scenarios in Ω’.

• Solve MILP2 model by considering 

only for scenarios in Ω’.

Is MILP1 model Feasible?

START

Stop!  
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MILP2. 
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Stop!  
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FFBLLP Model

Purpose:
• To check if the candidate robust solution YΩ is feasible for all possible scenarios.
• If it is not, the model will identify the most infeasible scenario of the solution YΩ.

Initial Structure of the FFBLLP model:
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FFBLLP Model
Lemma 1:

The FFBLLP model has at least one optimal solution p* and P*
5 in which each 

element of p* and P*
5 takes on a value at one of its bounds.
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FFBLLP Model
Final Transformation Steps:

The pervious version of the FFBLLP model still requires the following 
final transformation steps by using the results from Lemma 1. 
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FFBLPP Model

Purpose:
• To find the scenario with the maximum regret value for the candidate robust solution YΩ.

Initial Structure of the FFBLPP model:
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FFBLPP Model
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FFBLPP Model
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Full Factorial Robust Algorithm

Lemma 2: The algorithm presented terminates in finite number of steps. 
After the algorithm terminated with                 , it has either detected infeasibility 
or has found an optimal robust solution to the original problem

0=ε

Now let see how this proposed algorithm work in the real problem.



Robust RPS Infrastructure 
for Television Recycle in GA 

12 Municipal collection sites

9 Commercial processing sites (A)



Cash Flow Diagram of the Model



Problem Size without Uncertainty
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Problem Size with Uncertainty

1,18024,836,571,13626,428,311,0842,097,1527
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For uncertainty level 3-7, the direct method failed to solve the problem using C++ with 
CPLEX 9.0 on Pentium (R) 4 CPU 3.6 GHz with 2 GB RAM .  (Still running after 8 hours)



Performance of the Proposed Algorithm
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Performance of the Proposed Algorithm

Computation Time Comparison among Three Algorithms
With Cutoff Value of 8 Hours (28,800 seconds)
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Research Contribution

• Theoretical Contribution
Innovative approaches to generate Min-Max regret 
robust solution when each uncertain parameter independently
takes its value from a finite set of real values and the scenarios 
design is a full factorial design.

• Practical Contribution
Practical approaches for large-scale robust planning problem 
under uncertainty.



Special Thanks

Dr. Matthew J. Realff
Chemical & Biomolecular Engineering

Dr. Jane C. Ammons
Industrial & Systems Engineering



Questions

Please feel free to ask 
questions.  I will do my 
best to answer all of them.

Thank you so much for 
coming to my presentation.  
Please have a wonderful 
day.


