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Mission of our lab
MDO research in our lab is designed 
to handle the problem of both strong 
and weak coupled questions

MDO research in our lab is based on 
the integrated simulation 

MDO research in our lab is dedicated 
into overcome the disadvantage of 
the current MDO 

To be continued… 3Introduction



Disadvantages of MDO
• Designers need to have knowledge in every discipline 

• Time and resource consuming.  BMW has reported needing 1,200 
CPU months to solve an MDO problem involving FEA and coupled 
dynamics

• It is difficult to get a global optimized answer 

To overcome the problems above, we are conducting MDO research 
in this lab.  We believe we are working at the leading edge of the 
field.

4Introduction



Classification of MDO Problems
• All MDO Problems can be classified into strong or weak coupled 

problems according to relationship among the disciplines.

• X is design vector which every disciplines shared. y1 and y2 are state 
vectors which are functions of design variables. For example, 
area                 , S is state variable.

• Strong coupled 

• Weak coupled 
or 
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Weak Coupled Problem--Collaborative Optimization 

System-level optimizer
Goal: Design Objective

Subject to: Interdisciplinary
 Compatibility Constraints 

Subsystem 1 optimizer
Goal: Min(Interdisciplinary  Compatibility)
Constraint: Self-constraint of discipline 1

Model analysis
Discipline 1

...

……

Subsystem 2  optimizer
Goal: Min(Interdisciplinary  Compatibility)
Constraint: Self-constraint of discipline 1

Model analysis
Discipline 2
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Application on active suspension 
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should be not more than 5mm.
This is the allowable displacement
of elastic deformation.
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The constraint is that maximum stress tensor is smaller 
than the yield one.

Dynamics 
Discipline 
Analysis

Structure Discipline Analysis

7Stage 1



Data transmission and result 

CAD
Pro/ENGINEER modeling

CAE
Patran preprocess

 modeling

CAE
Nastran solver

 CAE
ADAMS dynamic 

modeling

.igs 
file

.bdf 
file

.f06 
file

.stp 
file

.txt 
file
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Pro/ENGINEER

Pro/ENGINEER to Patran

Pro/ENGINEER to ADAMS

F2

F3

F4 F5 With the CO method, we can get the mass of 
the suspension has deceased by 22.52%. The 
dynamic and structure performance of the 
system are greatly improved.
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Strongly Coupled Problem
- Integrated Simulation

• Strong coupled disciplines interact via 
status vectors, means that, the output 
of some disciplines will be the input of 
other disciplines, and as a 
whole integration, the strong coupled 
disciplines communicate with outer via 
input-output interfaces.
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Inner
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In_b
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Outer
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Input
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• Given an Example of Electro-Hydraulic Actuator
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Analysis of the Strongly-Coupled System

• An integrated simulation method is designed to describe this 
type of coupled system
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Outer_input

Control
Discipline

Hydraulic
Discipline

Dynamics

Outer_output

Feedbacks

• Analysis of an Electric-Hydraulic 
Actuator (EHA)
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Integrated Simulation Platform
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Control
（MATLAB）

Drive Platform (isight)

optimization algorithm

Hydrolics
（DSHplus）

Mechanics
（ADAMS）

Design
ProE

EQ

V、 X 、F

T ,W，Q PID 

S,L,U

• The Drive Platform runs the simulations multiple times as part of 
its optimization algorithm.  The result is and optimum design as 
described the design variables

• Design Variable Vector:  X=(x1,x2,x3,…Xn)  → Generic Algorithm
Stage 1



Optimization Results
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Find the design variable set among three disciplines to get the minimum 
response time and total mass

p=30；
i=10；
Rc=1Ω；
c=0.18；
Jm=0.00149;
Jp=0.00012；
Kf=0.0002；
Kv=0.002；
p1=2；
i1=2；
p2=1.5；
i2=1.5；
M=10；
PD=100；
DV=5bar；
IM=0.
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Here, we introduce the platform to solve a real problem that contains 
both strongly and weakly coupled problems
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Short Summary
Stage 1: How do we express the real engineering design 

mission in our optimization models? 

Stages 2 and 3:
• How efficient can our optimization process be?
• How accurate are the optimization results?
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Introduce --
Design Space Sampling, Sensitivity Test & 
Response Types

• Before we go further, the hypothesis is that, all the engineering real 
problems have acceptable levels for the optimization solution. that 
means, it is no necessary to be perfect, but it is need to be better 
than the acceptable level. 

• Based on this point, we set our search ending condition as: 
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Design Space Sampling 
Stochastic Methods 
• Even face to the reduced variable range, we still not possible to test 

every point, because the real world is the continuous, which includes 
infinite points 

Sampling the Design Space 
• New questions :How do we choice the sample? How we secure 

our sample to be representative to the whole design space? 
• Monte Carlo Method 

-controlled to an acceptable level: i.e. 95% or 99% CI 
-distribution can be calculated 

Example: Monte Carlo Results in Our MDO
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Design of Experiment (DOE)
DOE is the step prior to the approximation approach which is often
used to construct the RSM or neural network (NN) model.

• Consider a simple problem; an optimized problem has 10 variables, 
and each variable has a possible range from 1-10. So the first 
question is that, when we conduct our optimization search, how small 
should the step size be to secure an acceptably good solution? 
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In our RSM process, we use Central Composite
Design (CCD). CCD is a statistically based
technique in which a 2-level full-factorial experiment
is augmented with a center point and two additional
points for each factor (called “star points”).
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Extended Research of Monte Carlo in MDO 
The random index is highly related to different 
simulation models 

The CI is related to the optimum level 

The distribution is important not only to the 
design space refinement, but also for the final 
results value.
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Question: if in one simulation, the results shows that the optimization goal is satisfied, when do I still need 
to repeat sampling and simulation according to the requirement of the Monte Carlo methods? 

Answer: if the problem is a simple one, it is not necessary, but the real world is never so simple. the 
real engineering problem is often so complex that we only can use approximate models instead of real 
simulation models to conduct MDO.  In that case, the single results are not representative; only a 
distribution can give an useful clue to get the real solution, not the solution to the approximated models. 
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Sensitivity test
Sensitivity Test is used to test which design variables are the most 
important ones and which can be ignored.
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Driver

DESIGN DATA SPACE

Simulation Software
Search the 

MOST

INFLUENCE
DATA 
SPACE

Influence table

Non-linear combination requires adding 

Monte Carlo process, as showed below
Monte Carlo
Random Sampling
Design Space

Sensitivity 
Test

Test 
Results 
Distribution 
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Approximation Methods--Neural Network 

A network of many simple processors ("units"), each 
possibly having a small amount of local memory. 

Units are connected by communication channels 
("connections") which usually carry numeric (as opposed 

to symbolic) data, encoded by any of various means. 

Units operate only on their local data and on the inputs 
they receive via the connections. The restriction to local 

operations is often relaxed during training. 
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There is no universally accepted definition of an NN. But perhaps most people in 
the field would agree that an NN is :

Stage 3



Using Neural-Network in MDO
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Simulation
Software 1

Simulation
Software 2

Simulation
Software 3

Nero-
models2

Nero-
models 1 

Nero-
models 3

• To reduce the simulation time, a well 
trained Neural network can be substituted for  
the original simulation model

•Use the simulation results to train a Neural 
Model

•Use the Monte Carlo Sample to distribution 
the Neural Points

•Use known points to test trained Network

•Use Approximate Sub-models to 
communicate among each other

We are using incorporating a Neural-
Network in our MDO research 

Stage 3
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Conclusions
Before we conclude, let’s recall the disadvantage of MDO----

• Complex coupled situation 

• Time and Resource Consuming 

• Hard to get the global optimization results 
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Solved by the CO & Integrated Simulation Method 

A local optimum is still an improvement and can be a good solution

Solved by the design space refinement and approximate models methods 
(Neural-solution) 

Besides, the confidence interval of the optimization results can be predicted, and 
the accuracy of the prediction can be calculated



Question and Comments? 
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Prof. Mark French: rmfrench@purdue.edu

Yuequan Wan: ywan@purdue.edu
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