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Introduction 
 

 

Improving the production rate by using the available resources better is very important nowadays. 

Optimization has  become a  fundamental aim for business in order to stay in the competition. 

 

These are the reasons why Virtual Manufacturing, a research group at the Engineer Science of 

University West in Trollhättan, Sweden, has developed the virtual manufacturing concept. As a case 

study, a sheet –metal press line at Volvo Cars in Gothenburg, Sweden, has been used. The virtual 

model is controlled by the same control system as the real machine. It is able to simulate the whole 

real press line but only three press stations and the three robots are simulated in today‟s optimization. 

 

Today the success of the production rate of the real press line depends only on the experience and the 

capacity of the line operators and control engineers. The aim of this virtual model is to optimize the 

parameters in order to get the best production rate and to avoid the collisions between the press and the 

robot without using the real machine and thus without stopping the production. 

  

The Process optimizer implemented as PressOpt, is a software made by the research group. The goal 

of several projects has been to find algorithms that enable optimizing speeds and points of positions in 

order to get the best production rate. The production rate is represented by an objective function that 

we seek to minimize. To optimize this objective function, three methods have been implemented in 

PressOpt. 

 

The Nelder Mead method implemented in 2007 is an algorithm that gives the possibility to find the 

local minimum of an objective function in using a starting point. This method is very efficient for a 

local search with a few evaluations but the quality of results is very dependent on the starting point 

values. It is not a real global search. 

The Direct Method implemented in 2008 is very efficient for a global search but needs many 

evaluations to define the best local points and it does not have any good stopping criteria. 

A third method called the Mix method was implemented in 2009 and it aims to gather the advantages 

of the two mentioned methods, by creating a fast and efficient method that will launch Direct first to 

explore the whole space and next the Nelder Mead for the interesting areas selected before. Actually, 

this method combines the two methods to overcome the drawbacks of each and therefore creates an 

efficient method for the considered problem. 

 

The aim of my project is to study the limits of this third method and to find some ways to improve the 

method. The challenge of the study is to find criteria and rules that improve the optimization.  

Three questions will lead our work:  

 

When should we to switch to Nelder Mead from Direct? 

Which points should we select from Direct?   

How should we generate the Nelder Mead starting simplex in order to get the best results? 

 

To find these criteria is not an easy task because few criteria for possible choices have been published 

in optimization literature to date. 
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I – The virtual manufacturing 
 

The virtual manufacturing model is a simulation of a press line at Volvo cars manufacturing in 

Göteborg. By a gathering of a lot of software it simulates the functioning of the real machine. The 

aims of the virtual manufacturing are to evaluate actual process parameter settings and to respond as in 

the real manufacturing process. 

This has the fundamental advantage not to stop the machine when you test the system with different 

parameters and neither to take the risk to make collisions between the real press and the real robot. 

In a first time only one press station is optimized and it requires a selection of the parameters which 

have mains effects on production goals. The choice of the number at parameters to optimize in order to 

limit the dimension of the search space to 10 was necessary because past 10, it becomes almost 

impracticable for optimization algorithms and so much greedy on computing (each evaluation can take 

eight minutes to be done). 

It is important to distingue two parts in the simulation. First the Physical resource representation that is 

made on the mechanical software Robcad and other softwares, and the Process optimizer, PressOpt, a 

software developed by the PTC.  

 

The scheme for this kind of architecture can look like as in Figure 1. 

 

 

Figure 1 - architecture of the simulation 

 

 

 

 

Contains Robcad and 

other softwares 
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In PressOpt you can select the algorithm that you want to apply: Screening mode, Nelder Mead, Direct 

or Mix method.  

You have also to choose your parameter limits (low and high values of each parameter) and the virtual 

manufactoring model evaluates the position of all robots at every 5ms step and if there is a collision 

between the press,the robot and metal part.  

II –The challenge: to find as good objective function value as possible in 

shortest possible time 
 

The aim of the virtual manufactoring project is to optimize an objective function that is 

discontinuous and non-linear and that has ten parameters of input. Therefore the main inconvenience is 

that the derivatives of the objective function are not available because the objective function value is 

given only by evaluation of the simulated process. These derivates could be eventually estimated 

numerically. Nevertheless it should require so much evaluations, especially by the fact that there are 

ten parameters. One of criteria required by the business is the time and therefore this idea has been 

discontinued. 

The researcher team had to find algorithms that enable finding the minimum objective function value. 

In accordance with the industry, the research group has chosen to have three throughput 

for each combination of parameters: the production rate and acceleration with and without plate (both 

these are values of smooth motions). 

The objective function shape is  :  

 

 

 

Actually the aim of the optimization is to find the ten parameter seetings that are able to give the best 

objective function value. To find a compromise between the best production rate and the longest 

lifetime is the ultimum aim of the industry. 

 

Whatever are the parameters we optimize, one evaluation even spends approximately eight minutes. In 

our case, we optimize 10 Parameters and each can have 40 to 100 different values and it finally means 

52.000.000.000.000.000.000 combinations. The challenge is to find the method that needs a few 

evaluations and that gives the best production rate. 
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In a first time, it has been implemented in PressOpt a screening mode that is used to 

look at the best objective function value in the area limited by the high and the low value of each 

parameter. It divides the area in steps between the low and the high value of each parameter. Actually 

it makes a grid and for each point is estimated the objective value (see the figure 2). 

 

Figure 2 - grid of the 2D space and selection of the best point 

The point with the best objective function value will be determined.  

Nevertheless this algorithm computes a lot of objective function values for areas that will not allow 

finding the point with the best objective value. A big number of evaluations are then unnecessary. 

Furthermore, it seems impossible to find the best point because this one computes the objective value 

only for some points, not for the best point for sure.  

Finding other algorithms has become also essential in order to reduce the number of evaluations and to 

find the best point. 

 

To know the parameters that gives the best objective function value three methods have been 

suggested and implemented by different students: 

 

- The Nelder Mead method due to the work of J. Nelder and R. Mead [1] (1965). 

- The Direct algorithm presented by Jones et al [2]. 

- The Mix method that looks for gathering the advantages of boths previous. 
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A -  Nelder Mead Algorithm 

 

1) Overview of the Nelder Mead algorithm 

 

 Nelder and Mead [1] proposed an algorithm for solving nonlinear, multimodal and 

discontinuous local optimization problems. The Nelder-Mead method is very used when derivatives 

are not possible or too expensive to determine. In our case, it deals with a problem in ten dimensions 

and it is therefore not evident to use the derivatives. 

This algorithm uses an initial simplex . The simplex in is a set of  points. For example the 

simplex in 2 dimensions is a triangle. In our case, the problem is in 10 dimensions and the simplex has 

so 11 points. 

This algorithm uses during each evaluation an estimation of  the objective function values for each 

point of the simplex. It compares each value of the eleven different points of the simplex and the worst 

point is replaced (which the objective function has largest value)  by a better. In fact, it works in 

finding minimum value of the function. At each iteration of Nelder Mead algorithm, there is a new 

simplex, defined by its 11 vertices. Actually we seek to minimize the objective function at each new 

iteration by rejecting the worst vertex and replacing it by a newly found better than the previous.  

To find and replace the worst vertex, the algorithm evolues in four steps: reflection, expansion, 

contraction, shrinking. 
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One iteration of the algorithm in our case can be explained like below: 

   

One iteration of the algorithm in our case can be explained like below: 

   

I – Order the n+1 vertices to satisfy the inequality :  

 

   is the objective function for each point . 

II –Replace the worst point (that has the worst objective function value), here . 

Reflect : Find Mean vertex,  of all points except the worst vertex  . Reflect  about  to have 

 : compute the reflection from   

Evaluate f( ). 

If , 

{Replace the worst point  by  and terminate the iteration} 

If , 

{ Expand . The expansion is calculated from : 

  

Evaluate f( ).} 

  If  ,  

  {Replace the worst point by  and terminate the iteration} 

  Else  

  { Accept  and terminate the iteration } 

If , 

{ Contract: compute the contraction from   

Evaluate f( ).} 

If , 

{Replace the worst point by  and terminate the iteration} 

Else 

{Shrink the Simplex such that the distance between a vertex and Best point is reduced to 

half. For all points except the best, replace the point with  for all 

 . 

Start the process all over again until the stopping criterion. } 
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The Nelder Mead method works along the iterations until that one of the two stopping 

criteria is reached. The first criterion is the maximum number of iterations set by the user, and the 

second is the variation between objective function values of the points of the simplex. Indeed, the 

simplex will be automatically stopped as soon as that it will be on a flat area (because there will be no 

worst point to change for make moving the simplex in the space), but since this criterion we can force 

it to stop when we admit that the slope on the simplex is as much low (meaning that we have arrived 

nearly on the top of a convex hull).  

 

2) Results issued of the Nelder Mead 

 

You can see the results after the convergence of the Nelder Mead method in Figure 3. 

 

 

Figure 3 - best  producation rate found by Nelder Mead in function of the number of evaluations 

  

 

We can see that this method enables finding a maximum production rate in a very short 

time (which corresponds to only one day or less with today evaluation time). This curve shows us the 

very fast convergence of solutions. Nevertheless, the quality of results depends strongly on the initial 

parameter values and therefore the choice of the first simplex is very important in order to find the 

global minimumof the objective function. This criterion decides of the direction of the exploration and 

if the orientation of the search is bad, the results will not be really satisfactory. 

It is not a real global optimisation method, but it is very effective on convergence.  

 

To summarize the Nelder Mead algorithm: 

+ uses only function values 

+ needs few evaluations 

+ stopping criterion known  

 

- very dependant on the starting point 

- not a global search (only a part of the whole area is explored)  
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B - The Direct method 

1) Overview of the Direct algorithm 

 

Hence it has been implemented the Direct Method [2] in PressOpt to overcome the some 

difficulties about the Nelder Mead method. The Direct method is a “smart” screening mode. 

The DIRECT algorithm (an acronym for DIviding RECTangles) is a deterministic sampling method. 

We mean  the progress of the optimization is governed only by evaluations of the objective function. 

No derivative information is needed . Unlike a lot of classical direct search methods such as Nelder-

Mead, Direct does not change the current worst point along several steps, and can be designed to 

perform a global search as the optimization progresses. The big interest of this method is that it can 

search in the whole work space and thus not to forget  interesting points. 

 

To explain the work of this algorithm, we consider the problem in two dimensions (see Figure 4). 

 

 
Figure 4 - evolution of the Direct method in 2D along the three first iterations 

 

Iteration1 

The Direct  algorithm initiates its search by evaluating the objective function at the center point 

of the rectangle ( in the Figure 4, the point with the value 401). Ω is identified as the first 

potentially optimal rectangle. The algorithm devides this rectantgle in three parts along each 

parameter. The rectangle with the best objective value (here,178) will be divide in three parts along the 

side with the largest size. 

Iteration2 

The algorithm compares the objective value of each known points and the size of the rectangles.  

It decides to divide the rectangle with the best objective function value and in the same time the 

rectangle with the biggest size. 

It continues for the next iterations. 
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This algorithms allows to focus on the most interesting areas.  

This Direct method searchs a compromise between areas size and objective function value insise of 

these areas. It decides to divide  by trisecting in all directions the most interesting hyper-rectangles. 

Iteration by iteration, the algorithm looks on the areas with the best values and in the same time in the 

areas that are not explored yet (these one with big hyper-rectangle dimensions). 

This strategy increases the attractiveness of searching near points with good function values. 

 

2) Results issued of the Direct method 

 

Results issued of the Direct on the virtual manufacturing after 4000 evaluations is shown in Figure 5. 

 

 

Figure 5 - best  found objective function by Direct in function of the number of evaluations 

We can see that the reached production rate is better than with the Nelder Mead 

method. Nevertheless, we had to stop the optimization because the method needs a lot of evaluations 

to find the local minimum. We cannot predict the total number of evaluations in order to get the 

convergence of the solutions. 

Nothing guarantees that after 4000 evaluations the production rate evolves over. The big problem is 

that we cannot predict the best objective function value and then to search quickly in the whole space.  

One of the benefits of this method is that it always searches in the whole work space and it is 

independent on a starting point. However the Direct algorithm needs many evaluations to find a 

minimum local and the search time is a very important criterion. The use of this optimization 

technique is formerly considered too computationally expensive. 

 

To summarize the Direct algorithm: 

+  uses only function values 
+  global search 
+  doesn’t need a starting point 
 
-  needs many evaluations 
-  stopping criterion unknown 
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III - The Mix method – The actual implementation 
 

The Direct algorithm discussed above and the Nelder Mead algorithms have 

weaknesses and strengths that are complementary: 

The Direct algorithm can find a global optimum but has very slow local convergence, whereas the 

Nelder Mead algorithm has no mechanism to find the global optimum but has a very fast local 

convergence. One is tempted then to examine how to blend these two algorithms in a manner that 

preserves the strengths of each.  

 

Hence it has been implemented a method that gathers the two algorithms to create an 

efficient algorithm. This process implemented by Damien Ringenbach [3] in PressOpt is called the 

“Mix method”. It is sensed to find a good compromise between the Direct method and  the Nelder 

Mead method in gathering the advantages of the both methods. With the direct method, it is possible 

to find interesting areas and with the Nelder Mead Method to affine better the best points into these 

areas. 

 

The process is simple. The algorithm begins in launching the direct algorithm. It 

searches the best points after each evaluation. Once the good points are found, efficient local method 

may be used to determine the optimum from these good points. The Nelder Mead is used for this local 

refinement. In fact, Direct is designed to completely explore the variable open space and is exploited 

to generate initial simplex for the Nelder Mead method. 

 

 

 

There are three questions wich have to be resolved to etablish the Mix method: 

 

 

 

 

Question 1: When have we to switch to Nelder Mead from Direct? 

 

Question 2: Which points have we to select from Direct?   

 

Question 3: How have we to generate the starting simplex in order to get the best results? 
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A- Question 1: Switch to Nelder Mead from Direct 

 

We cannot wait indefinitely for the total time of the method.  We have to set a switch criterion 

between the Direct method and the Nelder Mead. 

To switch to the Nelder Mead method from Direct, the chosen stopping criterion is the total 

number of evaluations. It has the advantage of limiting the time. To do this, the program calculates, 

after every Direct iteration, the number of interesting points that will be launched using the Nelder 

Mead method, it multiplicates this with the average of the number of evaluations possible in the 

Nelder Mead method for each starting point (estimated to 100 by tests done by Stephane Torres [4]), 

and it adds this to the number of evaluations already made by the Direct method. 

 

 

Once the predicted total number of evaluations is reached, we stop the Direct to launch the Nelder 

Mead. 

 

B- Question 2: Selection of « interesting » points from Direct 

 

It seems quite  unnecessary to launch Nelder Mead for every point found by Direct since the time 

of evaluation would be too long. The aim of the local search method is to select the best points 

(potentially the more interesting to find the point with the best objective function value) with which 

we will launch the Nelder Mead method. To make the choice of selecting the best points two paths are 

available, local or global search. 

 

1)  The Local search 

 

The idea of the local search is to compare the objective function value of each point to its 

neighbours in order to select the potential best points. 

About this local search method, two different process have been proposed by Damien Ringenbach 

[3]. Only the definition of “neighbors” is different. 

 

The first idea and its drawbacks 

 

The first idea is to compare the objective function value of each point to its closest neighbours along 

each parameter in order to select the potential best points. 

To do this, the process analyses each of points selected by the direct method. 

To explain the analyse, we take an aleatory point1 that is in the list of points selected by the Direct. 

The process cuts the space in two parts for each parameter. For the points that have an inferior 

parameter value than the point1, these points are put in the “list of inferior points”  and for the points 

that have a superior value, they are put in “the list of superior points ”. For the points that have the 

same value of the point1 parameter, they aren‟t put in a list for this parameter. 
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 After, point1 (for example the point with the function value 401 in the Figure 6) is 

compared to its closest neighbours along each of its parameters.We define here by “closest 

neighbours” the points that are closest compared to each parameter values.  It compares then the 

objective function values of the found closest points along each parameter to the point1. If the 

objective function value of point1 is better than its two neighbors values along each parameter, the 

point is kept. If it is not the case, the point is not kept.  

 

Figure 6 - closest points along their parameter values 

 

For the example above, point1 is compared to the values 211 and 200 along the parameter 0 because 

the point with the value 211 is the closest parameter value of the point1 in the “list of inferior points” 

along the parameter 0 and the point with the value 200 is the closest parameter value of the point1 in 

the “list of superior points” along the parameter 0 . It is also compared to the points with the values  

198 and 210 along the parameter 1.The point1 will be kept because its objective function value 401 

has a better value than the objective function values of its closest points along the parameter 0 and the 

parameter 1 in the “list of inferior points” and the “list of superior points”.  

In two dimensions it will be selected every points that have a better value than the four points having 

the closest parameter value. 

In our case, in ten dimensions it will be selected therefore only the points that have a better value than 

the 20 closest points along the parameters. 

In a general case (n dimensions) it will be selected only the points that have a better value than the 2n 

points that have closest parameter values along each parameter. 

 

Nevertheless, we can see that we don‟t compare the objective function value of the 

point1 to its closest neighborhood, only the points that have closest parameter values along each 

parameter. Indeed the points with the values  198 and 210 are the points that have the closest 

parameter value of the point1 for the parameter 1, but aren´t the  closest points of the point1 in the 

whole space. 

These compared points can be really far and then not comparable. 
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The problem of this idea is that each parameter is considered independently and each 

parameter is linked each other in our case.With this idea, we do not compare the point1 to its closest 

neightbourhood in the whole space.  

 

 

The second idea  

 

The aim of this new Ringenbach‟s idea is now to find the closest points of the point1 

without the criterion of the parameter value but only the criterion of the distance between the points. 

The rest with the “list of inferior points”, ”list of superior points” and objective function values are the 

same. It is only the definition of “closest point” wich is different. 

 

We take again a point that we call Point1. For each parameter, we divide the space in 

two parts where we classify every point following their value of the parameter in the “list of inferior 

points” and the “list of superior points” (like in the first idea). This separating allows an easy 

comparison of one point to others. 

We compare then the objective function value of the point1 to the closest points of the point1 in the 

“list of inferior points” and the “list of superior points”.The closest point is defined now like the 

closest point in the whole space. The criterion is only the distance between the point1 and the 

compared point in the whole space.  

 The program does not compute the distance along the parameter but the points that the distances in 

the whole space. The distance is evaluated by the theorem of Pythagore. 

 

 

 

To remember, in 2 dimensions:  

 

 

In n dimensions:  
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The new criterion of selection of the neighbor is defined Figure 7.  

 

Figure 7 - representation of the first and the second idea 

 

For this example, the process searches the closest point in the “list of inferior points”. 

B was the point selected by the first idea to compare to point1. A is the point selected by the second 

idea to compare to point1. The distance between the point1 and A is shorter than the distance between 

the point1 and B. 

If the point1 has a better minimum objective function value than its closest neighbours (A and the 

other closest neighbors) in each list (“lists of inferior and superior points”),  we put this point in final 

list to launch the Nelder Mead. 

If the point1 has not a better objective function value, we do not keep this point because we want to 

keep only the points that are potentially the most interesting. 

If there is only one point in the “list of inferior points”, we compare directly the objective values of the 

point1 and the point in the “list of inferior points” without calculate the distance between the points. 

 

 

To summarize:  

 

the first idea: comparison of the parameter values 

the seond idea: comparison of the distances 

The seond idea gives the guarantee that it compares each point in its shortest area. It is therefore this 

idea that has been implemented for the selection of interesting points. 

 

 

1 : the first idea 

2: the second  idea 
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Does the implemented method in PressOpt take care of all points? 

If point1 is the last point along one parameter, is this point kept or not?  

This question is crucial because if this is the case, the process does not take care of 2
10

 points (1024 

points). 

 

Figure 8 – point 1 on the limit of one parameter 

If there is no point in the “list of inferior points”, we do nothing. This point will not be selected for the 

moment. Nevertheless if this point has a better objective function value than its closest point in the 

“list of superior points” along the parameter 1 and for the closest points in the “lists of superior and 

inferior points” along the other parameters, this will be put in the final list and the Nelder Mead 

method will be launched with this point. 

For the example above, the first point will not be selected because it has not a good objective function 

value compared to its neighbor in the “list of superior points”. 

 

If the point is on the limit of the “list of superior points” it is the same process. 

 

Therefore each point can be selected if it has a better value than its neighbor or its 2 neighbors in one 

dimension. Extended in 10 dimensions, each point can be selected if it has a better value than its 10 

neighbors in the worst case or its 20 neighbors in the best case. 
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To conclude about this method of selection the process selects only these points (see Figure 9) : 

 

 
Figure 9 - selected points with the local search method in one dimension 

 

This method allows to keep all points that have a better value than their neighbors.  

 

2) The Global search 

 

The aim of this method is only to spare the number of evaluations. This will not improve the 

quality of selected points because these points are also selected with the local search method. In fact 

the points selected with the global search method are included in the selection of the local search. 

The idea of this method was to select only the points that have the higest objective function value.  

For example, on the Figure 9, there is the highest objective function value for the parameter values 10, 

11, 12 and  13 along the parameter 0.  

The Damien Ringenbach´s idea was to select only the points with this highest value. It will reduce the 

number of evaluations because there is now 4 selected points compared to 9 with the local search 

method. 

Nevertheless we take the risk to forget interesting aeras to launch the Nelder Mead method 

In my opinion, this method is not really improvable because it allows only a saving time, not a better 

selection than the local search. 
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3)  The Gathering Process 

 

The points selected by the Local search or Global search method have often only one parameter 

that changes because when Direct cuts the space in its dividing processes, it evaluates some new 

points along the dimensions of the space. It seems therefore that it is not really useful to launch the 

Nelder Mead method for all these points because they all converge to the same optimum. In his 

implementation, Damien Ringenbach gathers the points that are very close in several chains. He sets 

only a chain size to gather points. The chain size is a variable that needs to be evaluated. He chooses 

the center of gravity of these chains to launch the Nelder Mead method. The points that are alone are 

automatically selected. 

 

The interest of this process is to select only less points compared to the local search or global search 

alone that take the best points in their neighborhoods. 

This enables a decrease in the number of selected points and therefore a decrease of the total 

optimization time.  

 

 

 

Now we have the choice to select the points by the local path or the global path search 

with or without the gathering process. These different paths do not delete the problem of the choice of 

the first simplex, but select only the interesting points, this means the points that potentially could give 

the best objective function value with the Nelder Mead method. 

 

To summarize the selection made by the four paths, see Figure 9. 

 

1: Local search method: 9 points (3, 4, 8, 10, 11, 12, 13, 15, 16) 

2: Global search method: 4 points (10, 11, 12, 13) 

3: Local search method with the gathering: 4 points (4, 8, 12 ,16) 

4: Global search method with the gathering: 1 point (12) 
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 To summarize the four paths to find the best local optimum, see the Figure 10. 

 

Figure 10 - sheme summarizing the four possible paths 

 

With the actual implementation, you can choose the path that you want for the selection of points 

which will be launched the Nelder Mead. 

1: Local search method alone 

2: Global search method alone 

3: Local search method with the gathering of close points 

4: Global search method with the gathering of close points 
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C- Question 3: Choice of the starting simplex 

 

The actual  first simplex is defined from the point selected by each of the paths of selection in 

subtracting and adding a step  on each of 10 coordinates of the point to create the other points of the 

simplex like below: 

 

The step defines the size of the simplex. 

An example in two dimensions is more clear. The first simplex is created from a point (an 

“interesting” point found by the Direct method), in our case G, in adding and subtrating a “step” along 

the parameter O and the parameter1. 

 

Figure 11 - actual  generation of the first simplex 

The point coordinates are: ,     and  

 

The interesting point found by the direct is therefore only a corner (a vertex) of the simplex and the 

simplex is irregular, what it means one simplex in wich all the edges are not the same length. We don´t 

know to choose the direction of the exploration, the shape and the size of the first simplex. 
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D- Results issued of the Mix method 

Some tests have been done in order to see the efficiency of the new method compared to the 

Direct method and the Nelder Mead algorithm. 

 

Figure 12 - comparison between Direct and Mix method (selection of points after Direct by Local and Global search) 

The results are very  good,because it allows finding the best objective function value 

(13,1) known until know in a short time, in only 400 evaluations compared to 2000 with the Direct 

method, see Figure 12.  

 

Figure 13 - comparison between Nelder Mead and Mix method (selection of points after Direct by Local and Global 

search) 
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The points b and c in Figure 13 are results of two different simplex used by the user 

when he launched the Nelder Mead method. We can note again that the convergence is very dependant 

on the starting simplex. 

Moreover the best result with the Mix method is much better than with the Nelder Mead alone for the 

same number of evaluations.  

The mix method seems to be an efficient method to find good objective function values.  

 

But we think that it is really possible to improve this method in defining better the criteria of  the 

switch between Direct and Nelder Mead, in improving the selection of the best potential points found 

by the Local or the Global search method and in finding criteria and rules for the initial simplex.  

 

The aim of the study is to improve the Mix method in order to find as good objective function value as 

possible in shortest possible time, what it means with as few evaluation as possible. 

 

 

 

IV – Ways to improve the Mix method 

  

A- Question 1: The choice of a new stopping criterion for Direct  

 

In order to have a good and competitive Mix method, what it means to get the best 

points in a minimum of time, the direct has to be stopped at the right time. To launch the Nelder Mead 

for the selected points by the direct method, we need to stop the direct method when the areas are 

potentially good, neither so big nor so little that allow finding the best points with the Nelder Mead 

method. With the actual termination criterion only one condition is respected. Indeed the number of 

evaluations allows limiting the number of evaluations for the total method but nothing guarantees to 

get the best results. This solution is therefore a good solution in order to force the time of evaluation, 

nevertheless not the best for sure. 

The problem is a very specific problem because few optimization systems use the same 

combination of the two algorithms with so many parameters. 

Few papers have been published about this kind of problems till today. Nevertheless it 

is interesting to see and understand choices made by the other authors that use the Direct to explore the 

whole space and another method to affine better the best points into these areas.  

I am interested in seeing which termination criterion different authors use and which 

another algorithm they use to do the local search. 
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1) Stopping criteria mentioned in the literature 

 

Jörg M. Gablonsky [5] mentioned in his paper several methods to stop the Direct algorithm 

proposed by different authors that suggest some solutions to use Direct as a starting generator. 

 

1) Define a percentage on the best objective function value? 

 

To define their stopping criterion Jones et al.[2], the authors that have developped the Direct 

algorithm set a percentage of error on the known global minimum. They terminate Direct once the 

percent error in the function value is below a given tolerance.  is the known global minimal 

function value and  the best function value found by Direct every moment. 

 

  They define the percent error p as:             

 

 

Normally since in real applications the global minimal function value is unknown, the 

termination criteria used by Jones cannot be used.  

 

If we stop the direct with this criterion, the size of the hyper rectangles will be perhaps 

small or big, and the Nelder Mead works only well for small areas. In my opinion, it will be for sure 

better to use a criterion that set a “good” size of the hyper rectangle to launch the Nelder Mead 

method.  

 

 

2) Define a number maximum of iterations or evaluations? 

 

Jones et Al. [2]  also describe another termination criterion. This one stops the Direct after a given 

number of function evaluations. This kind of termination is typical for many sampling algorithms used 

by different authors. These authors use the Direct to generate a simplex for the local search. The 

algorithms used for the local search have the same aim that the Nelder Mead method in our case. 

 

 

I think that this typical stopping criterion has the quality to define a condition on the time of 

evaluation therefore be able to limit the time which is an important criterion. However this process 

does not guarantee a good result because we do not know if all potential best areas will be selected 

(too many or not enough).   

 

3) Define a minimum size for one or every hyper rectangles? 

Another idea proposed by  Cox et al. [6] is to stop the dividing process  once the size of the 

smallest hyper-rectangle reaches a certain percentage of the original hyperrectangle size in order to 

generate starting points.  
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They stop the Direct once one of all sides of the hyperrectangle reach a certain percentage of the 

initial size. We can define this criterion like below : 

 

 

 

It is possible also to limit the distance from the center of hyperrectangle to its vertices.  

 

 

 
Figure 14 - definition of the size of an hyper rectangle 

For this example in 3D in Figure 14, the Direct algorithm will be stopped once the size 

S of the smallest parallelogramm side will reach a certain percentage of the original parallelogramm 

side if the stopping criterion is defined with the size of the side, else for the smallest distance  from 

the center of hyperrectangle to its vertices. They do not indicate their choice about the percentage 

value. 

 

 

Cramer [7]  proposed a termination criterion a bit different. He stops the Direct once all sides of 

rectangle reach a certain percentage of the initial size. 

 

 

 

 

 In limiting the distance from the center of hyperrectangle to its vertices, 

 

 

 

 

These two criteria stop Direct once one or all hyperrectangles with  at their center are small 

enough. 
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There is a variation of this stopping criterion proposed by Gablonsky [5]. He stops the 

Direct algorithm once the last unexplored area reached a certain size. He defines this criterion from the 

distance between the center of hyper rectangle to its vertices or the size of the hyper rectangle side. 

This stopping criterion stops Direct once the largest unexplored area is small enough. 

 

 

Conclusion about the choice of a stopping criterion 

 

 

I think that the typical stopping criterion that set a percentage on the initial objective function 

value  has the quality to define a condition on the time of evaluation therefore be able to limit the time 

which is an important criterion. However this process does not guarantee a good result because we do 

not know if all potential best areas will be selected (too many or not enough).   

For me a good solution could be to combine the three last methods that define a 

minimum size for the explored hyper rectangles to stop the Direct.  

It could be a good solution to define a minimum size along each side of the hyper rectangle, not the 

same for all, because the distance between the low and the high parameter values are not the same for 

each parameter. The idea is to stop the Direct once all sides of all hyper rectangles that have a good 

objective function value, reach a certain percentage of the initial size on each of sides. 

 

Actually, we have to define a size that allows to continu with the Nelder Mead method.   

But to define these distances, we need to know the Nelder Mead behavior. The stopping criterion is 

only dependant on the Nelder Mead behavior for selected areas.  

 

 

In my opinion the choice to stop the Direct is connected to the choice to start the Nelder Mead.   

 

The problem that we have is that we have not enough knowledges about the Nelder 

Mead method. We know only that this method is very efficient for  little areas and has a stong 

dependance on the starting simplex.  We don‟t know really define a little area that should allow to find 

the best point. 

 

 

The problem: How can we define a little area for the Nelder Mead method?  

 

 

Perhaps, a  good idea should to see the Nelder Mead behavior for  several area sizes. The aim is to 

stop Direct once the largest unexplored area is small enough for launching the Nelder Mead. 
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Table 1 summarizes the possibilities of stopping criteria known until now: 

 

 

Stopping criteria quality drawbachs 

Percent error p 

on the objective 

function value 

Allows to reach a certain objective function 

value 
We don‟t know . 

Number of 

iterations 
Allows to limit the number of iterations 

Does not guarentee a good 

result. 

Unsure how many evaluations. 

 

Number of 

evaluations 

Allows to limit the number of evaluations, 

therefore the time of optimising 

Does not guarentee a good 

result. 

 

Percentage on 

the size of the 

hyperrectangle 

in defining a size 

for one or all 

sides for one or 

all hyper 

rectangles 

Should allow to start the Nelder Mead only for 

the little areas 

We cannot define a little area 

(big difficulty in ten 

dimensions) 

Combination 

between a 

defined good 

objective 

function value 

and a good size 

Should allow starting the Nelder Mead only 

for the little areas with a good objective 

function at the center of  hyper rectangles 

We  know neither define a good 

objective function value nor 

define a little area 

Table 1- The different stopping criteria to terminate the Direct method 

 

 

2) Another algorithm for the Local search used by different authors 

 

It is good to see which other algorithms are used by other authors in order to see if the 

influence of the initial point is less important than for the Nelder Mead method and which stopping 

criterion are used for the Direct. 

 

1) Direct-Implicit Filtering 

 

Jörg M. Gablonsky [1] uses the Implicit filtering algorithm to remedy  for the slowly 

local convergence of the Direct algorithm . Implicit Filtering (IFFCO) is designed for finding local 

minima. The combination Direct-IFFCO finds the areas near global minima with Direct and then 

starts Implicit Filtering there. The author stops the Direct method once a small number of function 

evaluations is reached and then uses the best point found by Direct as the starting point for IFFCO. 

 

At first they had tried to use the Jones termination criteria from Jones et al. This 

termination criteria uses a knowledge of the global minimum value to terminate once the percentage 

error is small. 

Following Jones [2], they terminated the iteration once p is lower than 0.01 or over 20000 function 

evaluations have been completed at the end of a sweep.  
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They observed that this criterion imposes  that the global minimal function value is known and this 

case is impossible for most of optimization system in many dimensions.  This termination criteria used 

by Jones cannot be  therefore used on the majority of cases. 

 

Results: 

For this criterion, which stops the algorithms once they are within a certain percentage of the global 

minimum, Direct needs fewer function evaluations than Direct only, sometimes considerably fewer, 

what seems normal, because they don‟t wait the convergence of the solution but they stop for an 

objective value. In their problem, this method  doesn´t prove a good efficiency to find the best 

objective value when they use Direct-IFFCO because after several tests, they didn‟t find a good 

objective value to launch the IFFCO. 

 

They wanted then to find a better termination criteria. By several tests with different 

number of evaluations that stopps the Direct, they defined a more realistic termination criterion. 

In their paper they noted that the budget of the number of evaluations depends on the dimension of the 

problem. The different tests showed the big dependance of the number of evaluations for Direct on 

results with the IFFCO.  

However if you choose a good number of evaluations after several tests, Direct-IFFCO 

allows to find a better objective value in less evaluations than only Direct. Their conclusion are the 

Direct-IFFCO method uses a low number of function evaluations for getting good results. They show 

also a IFFCO's strong dependence on a good starting point. They then used the best point found by 

Direct as a starting point for IFFCO. They then ran IFFCO until either the budget  was exhausted or 

IFFCO had converged.  

 

2) Direct-Nelder Mead (our Mix method) 

 

The mix method uses also a total number of evaluations. 

Only in this method created by Damien Ringenbachs [3], it is not the number of Direct evaluations 

that is limited like the previous method, it is the total number of evaluations. In the implementation, it 

multiplicates the number of interesting points that will be launched the Nelder Mead method with the 

average of the number of evaluations that may do the Nelder Mead method for each starting point 

(estimated to 100 by tests done by Stephane Torres), and it adds this at the number of evaluations 

already made by the Direct method.  

 

3) Direct-Multidirectionnal search 

 

P. Wachowiak and Terry M.Peters [8] combine the Direct and the multidirectional 

search (MDS). Like the Nelder Mead method, MDS utilizes a simplex but the search directions are 

guaranteed to be linearly dependant. For the authors, Direct performs well in the early iteration phases 

and is useful in finding the vicinity of the best points, what means the best areas to launch the local 

search method. 

For Direct, they denote the best value from the division of all rectangles in the previous iteration, what 

it is not possible in our case.  

Additionally, to ensure adequate search space exploration, iterations (maximum of 200) continued 

until the volume of the smallest hyper rectangle reached. 

Their results are inconclusive, because the Direct-MDS allows less evaluations to find a better 

objective function value than Direct. However, it is not mentioned how the choice is made about the 

volume of the smallest hyper rectangle. 

Their problem is only in two dimensions and it is easy to define by several tests the best distances 

along each dimension to launch the local search. 

This stopping criterion ensures good areas with good objective function values to launch the next 

method. 
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Our case is in ten dimensions and it is more difficult to define a good size to launch the 

Nelder Mead. Moreover we have a bad knowledge about the meaning of a “good” objective function 

value. 

 

4) Switch from global to local and to switch backto global and son on 

 

Jones describes another way to improve the Direct algorithm. He proposed a search that 

is at first global then local step by step. The aim is to speed up the local convergence rate by 

combining a trust region step. He suggests to use a small initial budget of function evaluations for 

Direct and then switch to local optimizer (for example, Nelder Mead, Implicit filtering, MDS…). After  

convergence of the local optimizer he switches back to Direct. By using the best function value found 

so far (by either Direct or the local optimizer), Direct will search more globally in a larger space. If 

Direct method finds a better point, he again switches to the local optimizer, and so on.   It always 

evolves towards a better solution and it allows to sweep the whole space. In contrast to multi-start and 

a number of other global optimization algorithms, in the modified Direct algorithm every iteration 

consists of the same steps. There are no separate phases for the local and global search like our 

method, yet a fast local convergence rate is still achieved. 

 

Sigurd A. Nelson,Panos Y. Papalambros [9] test this method in combining the Direct 

algorithm with  the Quasi-Newton Trust Region algorithm. In every iteration, the potentially optimal 

hyperrectangle with smallest function value is identified. With a Quasi-Newton Trust Region step they 

find a new point that has a better function objective value than the previous. This hyper rectangle that 

contains this point is divided into two hyperrectangles such that this new point  is as close to the 

midpoint of one of these hyperrectangles as possible. Then, every potentially optimal rectangle that 

has not been used to successfully produce a point are divided into 2n+1 new rectangles like in the 

original DIRECT algorithm. 

Every potentially optimal rectangle which has been used to successfully produce a point are divided 

into 3 new rectangles along the longest edge. 

And the new step start again until the stopping criterion. 

 

 

Results are satisfactory because it allows to reduce in nearly all cases the number of 

function calls required to locate the global optimizer by a factor of two or more. Nevertheless, this 

method has been tested for only problems with six dimensions or less. 

 

 

Table 2 summarizes the possibilities known until now: 

 

Algorithms Authors 

combination Direct-Implicit filtering 

 
Jörg M. Gablonsky 

combination Direct-Nelder Mead 

 
The virtual manufactoring team at University West 

combination  Direct- Sequential 

quadratic programming approach 

 

Cox et al. 

combination Direct-Multidirectional 

search 

 

P. Wachowiak, 

Terry M.Peters 

Switch from global to local and to 

switch backto global and son on 

 

Sigurd A. Nelson, 

Panos Y. Papalambros 

Table 2 - To summarize the other algorithms used after the Direct method known until now 
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Further work: 

 

 To make several tests in using different minimum size of hyper rectangles to stop the Direct 

and lauch the Nelder Mead 

 To continue tests with different total numbers of evaluations 

 

 

B- Question 2: Improving of the selection from Direct 

 

How can we select only the “best points” that will allow to get the point with  the best objective 

function value by the Nelder Mead method? 

In my opinion the Global search method is good to limit the number of evaluations but is not really 

improvable. It is only a good solution to limit the time of searching results but the selection of every 

interesting point could not be very efficient, because we delete perhaps good areas. 

 

1) Interesting points defined by the actual Local search 

 

Contrary to this one, the Local search method is more interesting and really improvable because for 

me several selected areas do not need to be seleted, because we can be quasi sure that they will not 

allow getting the best parameter seetings (which the objective value is the best).  

There are two big problems in the selection of interesting points. 

  

 

The local search method does not take care of the objective function value of points and 

the distance between the compared points. Indeed, the process doesn´t take care of the distance value 

between the two compared points. In the present process, there is not a difference between a very big 

area and a little area. Nevertheless if the area is very little and has not a very good value, there is not 

much chance that the Nelder Mead method converges to the point that has the best objective function 

value. 

Another problem is in the fact that it can select a very bad value  in a big area that we don‟t know well 

because this point is surrounded by 20 very bad and far points. 

 

For me, it is therefore really useless to select points which we think the convergence to a good point 

(the best point) is not possible. 
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Figure 15 - problem in the points selection: example in 2D 

For the example in 2D in Figure 15, the points that will be selected by the current method are the 

points with the surrounded values.  

For the value 450, it is ok. It is the best value. We have automatically to select this interesting point. 

I think that the values 180 and 190 do not need to be selected, because it seems that it will not allow 

finding a good point by these ways.  

The point analyzed is the one with the objective function value 180. The algorithm chooses the point 

160 and the point 140 to compare. The point 180 is selected because this has a better value than the 

two others. Nevertheless this point selected has a very bad objective function value compared to 350, 

450, 300...There is a very bad value that is selected and I think that it is useless to continue to explore 

in this big area with the Nelder Mead method, because it seems that there is a convergence between 

the points with the values 300,350,250.  

 

The point with the value 190 has not to be selected, because the value is bad and the 

distance between the compared points is weak. This is not a good chance to find a good objective 

function value in this area because we see well the repartition of the values. For me the best solution 

will not be in this area and therefore this is useless to explore in this area with the Nelder Mead 

Method. 

 

 

The aim: to set criterion of selection that allows deleting the points which we are quite sure not to find 

the best point with the Nelder Mead. 

 This improving of the selection of the best statistics areas could enable sparing several evaluations 

and therefore to win a big time in finding a good compromise between big areas and good objective 

function values to explore the best areas and not to lose a long time for nothing. Nevertheless to find 

the good criterion to select the best areas is not an easy thing, because we are in ten dimensions. 
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In deleting some points we take the risk not to find the best point. 

In a first time, the aim of the study was to study the distances between the analyzed point and its 

closest points along each dimension. We have to remember that there are two closest neighbors along 

each parameter for the points with an inferior parameter value and the points with a  superior 

parameter value. If the point is on the limit of one parameter (low or high value), there will be only 

one neighbor. The number of distances can therefore varie between ten and twenty.  

I have implemented in the mix method program a saving of the distances between each of selected 

point and its twenty neighbors. 

Aim of the study : to delete the points that are compared to very closest points and that have bad 

values in order to spare some evaluations that will not allow getting good points after the Nelder 

Mead. 

I would like to define a big area and a little area. The big difficulty is that it doesn´t exist a method to 

compare two areas in 10 D. In 2D, the square, in 3D the volume and it is all. 

 

2) The choice of a good chain length for the Gathering Process 

 

The gathering process gathers points that are close in the whole area. The gathering process criterion is 

set by a distance.  

The problem that we have is : when can we say the gathering area is little or big? It is a non-trivial 

question because the problem is in ten dimensions. We have to be sure to gather little areas in order 

not to lose interesting point. 

Until know, the length of a chain has been only determined by different tests. I think that it could be 

better to study the distances between the selected points. To know these distances I save the distances 

beween each point and the others. The main goal of this part is to study the different distances between 

the points in order to  give a criterion of the gathering process. For the moment this is defined by 

alpha. The mix method was tested by Stephane Torres for alpha=1, 0,8 and 0,5. We would like define 

a big or a little distance between two points in order to gather two closed points  and not to gather two 

points which the area between the two is big. 
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If we consider the selection again the selection by the local search method(see Figure 16) 

 

Figure 16 - scheme of distances between the selected points 

For example, if we take the point with the value 350, we save the distances between this 

point and all the points arround. 

In knowing the different distances between each of points, it will be easier to determine a length for 

the gathering process. 

 

 

 

Further work: 

 To seek to define little aeras and big aeras in order to delete the points not really interesting to 

launch the Nelder Mead 

 To implement the saving of distances between all the selected points 

 To define better the size of the chain for the gathering process  
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C- Question 3: Solutions to improve the Nelder Mead Method 

 

How to generate the first simplex ?  

At the moment, we have not a good knowledge about the generation of the first simplex. Nevertheless, 

this influences the probability of finding the best point and therefore it is necessary to define the best 

initial simplex (that allows finding the point with the best objective function value). 

The aim of this part is to try to determine some criteria to define the best initial simplex, 

that is to say to find rules for choosing its shape, size and orientation to allow to go to the best 

direction to begin the exploration. 

The best thing should be to find criteria that could work for every first simplex. 

It seems evidently that we have to choose the initial simplex that is not so little and not 

so big in order to search a little area and not to have a degenerate simplex. But how have we to choose 

the first simplex in order to avoid a degeneration and improve the search of the best point?  

Nelder and Mead (the authors of the Nelder Mead method) place no restriction about this choice, other 

than nondegeracy. 

 

To begin, I am interested in reading the litterature which deals with choosing the first simplex. 

 

 

1) Starting simplex mentioned in the litterature 

 

Few criteria about the choice of the starting point have been published in the optimization 

literature.  

 

 

Virginia Joanne Torczon [10] mentioned in her thesis that the use of a regular simplex is also 

consistent with most of direct simplex algorithms like the Nelder Mead. 

Spendley, Hext and Himworth [11] use a regular simplex with their method. In their method those 

maintain this same shape fixed accross all iterations of the algorithm. Jacoby, Kowalik and Pizzo [12] 

note that the Nelder Mead algorithm only requires a general simplex, but they suggest that the 

construction of a regular simplex assures that its vertices span the full space. 

However Virginia Joanne Torczon notes in her thesis that the simplex is scale dependant and the use 

of a regular simplex  is not a good choice if the variables widely in scale. 

Parkinsson and Hutchinson [13] use a right-angled to begin and note very good results. However, they 

proved by different tests that in their case the shape of the initial simplex is relatively unimportant. 

 

Unfortunately we do not exactely well the results concerning their method and in  my opinion all cases 

are really different because the dimension, the scales and the first point of the problems always are 

different.  

 

In the absence of results about these suggestions, we decided to do several tests that could enable to 

see the influence of the different parameters on the final value of objective function. 
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2) Choice of a step size 

 

Until now, all the tests have been done with the same step that defines the size of the first simplex  

and it could be an interesting idea to test the Nelder Mead method behaviour with several steps in 

order to see the influence of the step on the number of evalutions and the objective function value.The 

step always is an entire value. 

We would like to find a rule about the choice of the size of the first simplex.  

The choice of the step will be defined in kepting a step that allows a low number of evaluations and a 

good objective function value. 

We would like to find a link between the objective function value, the number of evaluations and the 

size of the simplex defined by the step.  

In order to see the influence of this step, we tested the system in launching only the Nelder Mead 

method with three starting points. 

 Nelder Mead Basic : The coordinates of the first point are chosen by Volvo. It represents best 

parameters found until now to have a good production rate and without having a risk to make 

collision between the press and the robot. 

 Nelder Mead Center : it centres each paramaters between the low and the high value of each 

parameter set by the user. 

 Nelder Mead Random : it is a simplex that has been created randomly and has been shown to 

find a high objective function value.  

 

In each case we taken several step values in order to compare the shape of curves in hoping to find a 

link between the curves. 
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We got the results: 

 

Figure 17-results after several step sizes on three first simplex 

 

 

We canot see an evident link between the curves because the shape has not a special shape and is 

different for the three cases. 

Nevertheless, it seems that in our case the value 10 is a good compromise to have a low number of 

evaluations and a good objective function value. 

This part is not really accomplished but nevertheless we will use since now the step 10 for the next 

uses of the mix method. 
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3) New shape for the initial simplex 

 

The idea is to put now the interesting point in the center of gravity of the initial simplex. Actually 

the idea is to create arround the interesting point a regular area. The idea is to focus on the interesting 

area (the area that for center of gravity the interesting point) and to get a regular area.  

In two dimensions, the new shape of the simplex is like below in the Figure 18. 

 

Figure 18-new  generation of the first simplex 

The point coordinates are: 

, ,  and  

 

We think that it is possible with this new first simplex to find better points with the Nelder Mea 

method. We cannot be sure of results but it is certain that the exploration of the space will be different 

and it could be really interesting to know the advantages or drawbachs of this new first simplex (on the 

number of evaluations and the objective function value). Evidently the test with different steps will 

must be done again in order to find the best step. Moreover, it could be easy to change the orientation 

of this new simplex and it could be interesting to have results with different directions of exploration. 

The shape of the matrix of the points in ten dimensions will be shown in the next report. (see Report 

II- implementation of a new starting simplex) 

 

Further work: 

 To implement the new simplex in the Nelder Mead programm 

 To make several tests with this new simplex (step size, orientation) in order to compare its 

results with the actual used simplex 
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Conclusions and Discussion 
 

This first work was to find  new ways and new ideas in the hope of improving the Mix 

method. This Mix method has shown its efficiency but it is, however, really improvable because there 

are some unresolved problems.  

 

The solution to stop the Direct by a number of evaluations is a solution that allows to 

switch to Nelder Mead but it is certainly not the best because we are not sure how to select enough 

interesting points in small enough areas. Other choices have been proposed in this report and will be 

tested in the next months in order to determine a better stopping criterion. 

Moreover, the choice of the interesting points is not really certain and some do not 

seem to allow finding a good point after the launching of Nelder Mead. It has been implemented a 

saving of the distances between the selected points and their closest compared point. At the moment, 

the knowledge about the distances between the selected points by the local and their compared point  

is not really fully explored. However, in my opinion this idea could help us  setting  a stopping 

criterion and deciding on a good size for the gathering process.  

Until know, only one simplex had been tested with the interesting point as a vertex of 

the simplex. The choice of a new starting point has been made and it could allow explorating the space 

to other directions. My further work will be to implement this new shape of the first simplex and test 

the new simplex compared to the old.  

 

I think that I have to continue actualizing my ideas and implement the generation of the 

new first simplex in order to find as good objective function value as possible in shortest possible 

time. 
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