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    Introduction  
 
 
 The Production Technical Centre (PTC) is a part of the Innovatum at Trollhättan 
(Sweden). We can find there different groups of researchers working also in the University 
West in Trollhättan. One of these groups has developed the general Virtual Manufacturing 
concept. This Virtual Manufacturing combines of a lot of software that are gathered to 
simulate a line of fabrication of sheet-metal in a Volvo's production manufactory of Göteborg. 
It has been created to simulate the Industrial Process with different values of the production 
line’s parameters. 
 
 Currently, in order to optimize a production line, the operators handle the line 
manually, as best as they can. Therefore the results depend of the ability of the operator. The 
virtual Manufacturing is a solution to optimize safely a production line, using the powerful of 
computers. Today, the Virtual Manufacturing can use different algorithms of optimization to 
maximise the results of the press line, that work in a many dimension work space (one 
dimension by parameter of the press line). The two algorithms witch interest me are the 
Nelder Mead method and the Direct method. 
 
 The Nelder Mead optimisation method needs a few evaluations to find a local 
optimum. Yogesh H. Jain, an Indian Erasmus student implemented it in PressOpt in 2007. 
This method is useful because in our case each evaluation spend nearly 10 minutes, so the 
most rapid is the process, the best it is. The only problem of this method is that it is not 
efficient in a global extremum search, because the validity of the result depend of the starting 
point we choose. 
 The Direct Method is a powerful method in a global search of optimum. Marc-
Emilien Chauvin, a French Erasmus student implemented it in PressOpt in 2008. This method 
has got the default to need a lot of samples, thus it means some weeks or months of 
simulation. 
 
 The subject of the project is to gather the advantages of the both methods, by 
creating a fast and efficiency Mix method that will make run Direct first to explore the whole 
work space and next lunch Nelder Mead in the interesting areas. Therefore I will have 
especially to determinate witch results point of the Direct method are interesting for lunching 
the Nelder Mead method on them and later see if I can minimize the number of points that my 
method select. 
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1) Virtual Manufacturing 

  
 The Virtual Manufacturing research Group at the Department of Engineering 
Science at University West has made a Virtual representation of a part of a Volvo's press line. 
It contains 3 presses and 3 robots. On the drawn below, we can see by far the architecture of 
the Virtual Manufacturing model.  

 
Figure 1: Architecture of the Virtual manufacturing model 

 
    ICS: Industrial Control Systems                
  HMI: Human Machine Interface 
SDSP: Synchronized Distributed Simulation Protocol, a software developed by the research    
            Virtual Manufacturing research group 
 
 The Physical resource representation is made on the mechanical software 
Robcad, and the Process optimizer contains PressOpt, a software made by the research group. 
In the PressOpt panel, the user can choice witch algorithm of optimisation he wants to use on 
the Virtual Manufacturing, in order to get back a good combination of the press line's 
parameters. Furthermore, depending of the method he uses, he can enter some specific criteria 
in PressOpt. He can also set the border values of each parameter, their initial values or simply 
witch parameters he wants to optimize. PressOpt communicates through the SDSP and lunch 
then some evaluations in the Virtual Manufacturing. Therefore, if we put a mathematical 
method algorithm of optimisation in PressOpt, it will follow this method and launch some 
evaluations with the parameter chose by the method (Figure 2).   
 
 When PressOpt commands to the Virtual manufacturing to make an evaluation 
for a certain combination of parameters, the Virtual Manufacturing answers: 

• if there is a collision between the presses, the robots and the sheet-metal 
• all robots positions at every time step (every 20 ms) 
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   Collision and positions 
            of Robots 
 

 
Figure 2: Dialogue between PressOpt (with the Process optimizer)  

and the Virtual Manufacturing 
 
 
  
 After each evaluation, PressOpt calculates the production rate, the acceleration 
of the robot handing plate and the acceleration of the robot without plate for this combination 
of parameters. 
 
 We want to optimise an "Objective function" that is a linear combination of the 
production rate and the two accelerations: with and without plate. This combination reflects 
the results and the lifetime of the Press Line. The three coefficients are chose by Volvo, so 
they can change then I use an arbitrary valour of each one for my entire project. 
 
 Whatever are the parameters we optimize, one evaluation even spends nearly 10 
minutes. In our case, we optimize 10 Parameters each can have 40 to 100 different values, and 
it finally means 52 000 000 000 000 000 000 combinations, that is why we really need to have 
a powerful fast method of optimisation. 
 
 
 
 
 
 
 
 
 
 

 
PressOpt 

 
Process 

optimizer 
 

 
 

Virtual 
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    2) Nelder Mead method 
 
 The Nelder Mead method uses an optimisation algorithm to treat some nonlinear 
functions. It is due to the work of J. Nelder and R. Mead (1965). This method is used to 
minimize an objective function in a many-dimensional space. In our case, we want to 
maximize our Objective function, so the Nelder Mead method works here with -1*(Objective 
function). Why? Because looking for the minimum of (-1)*(Objective function) is finally 
equal than looking for the maximum of the Objective function. 
 The method uses the concept of a simplex, which is a polytope of N+1 vertices 
gliding in a working space of N dimensions. For example on a plane (N=2 dimensions) the 
simplex is a triangle (because N+1=3 vertices). 
 
The simplex is initially created all around a "starting point". Here the Objective function is 
evaluated in every point of the simplex. After this, the worst point of the simplex is changed 
to a better one, by making a reflection or a contraction.  
On the example Figure 3, the point x3 is the worst of the simplex, so it makes a reflection 
behind the point xc and the new point xr is evaluated. If the new point has not a better 
evaluation than x3 the algorithm looks on the point xe and at least xm. If no better point if 
found at the end, the algorithm makes a contraction: point x_. In the case of after these 4 new 
evaluations no better point (than x3) has been found by the algorithm, all the simplex shrinks 
to a more little one (that means N new evaluation of points, because x3 is kept is this case). 
After this iteration, the algorithm chooses the new worst point and restarts this process 
iteration by iteration. 
  

 
Figure 3: Evolution of a Nelder Mead simplex 
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 The Nelder Mead method works along the iterations until that one of the two 
end criteria is reached. The first criterion is the number maximum of iterations, and the 
second (the "error") is the variation between the points of the simplex. Indeed, the simplex 
will automatically be stopped as soon as that it is 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).   
In order to let it working the best as possible, the number maximum of iteration criterion is set 
to 100 and it normally do not stop the algorithm (because it generally finishes before 50 
iterations). The error criterion is set to 0, for be sure to finish on the top of the convex hull 
where the simplex is climbing. With an error equal of 0, the simplex has sometimes a surface 
(in N=2 dimensions, volume in N>2 dimension) of sometimes (when the top of the convex 
hull is too much small) the simplex is reduced to only one final point (after being shrank step 
by step). 
 
 The simplex moves is the working space by climbing on the slope around the 
starting area, or sometimes if it size is as much big it can climb on another neighbouring 
slope. Therefore the way uses by the simplex only depends of the position of it points at the 
first iteration (the initialisation). I mean that if we change the starting area or the size of the 
simplex, Nelder Mead will often find another final "best point". 
This method is efficient for a local maximum search, but if we lunch it near to a convex hull 
or another it will certainly go to different results (specially if there are several peaks or some 
flat areas), then the choice of the starting area is crucial. The choice of the shape of the 
starting simplex changes the results too, because a bigger or a smaller simplex looses some 
time for climb on a slope, and depending of this size it can climb to a neighbour convex hull. 
Furthermore, in addition to making the choice of the size of the simplex, we can choice the 
shape of the complex (for example in 2 dimensions, we can create an isosceles or equilateral 
triangle). In our case, the shape of the simplex is made by creating N points around the first 
starting point by adding and subtracting the number "step" in it N coordinates. 
 
 
 
 
 After a lot of tests, the Nelder Mead method (already implemented), has shown 
it efficiency to find quickly a local optimum. It only defect is the random aspect of the way 
used by it simplex.  
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    3) Direct method 
 
 The Direct search method has been created for optimization problems. It is used 
to work with non-Lipschitzian mathematical functions. The advantage of this method is the 
fact that it always searches in the whole work space. 
The direct method cut the space many hyper-rectangles (we precisely call it "Direct" for 
"Dividing Rectangles"). For every hyper-rectangle, it centre point is evaluated and the 
Objective function value is set to the whole hyper-rectangle.  
According to the size of each hyper-rectangle and their Objective function value, the 
algorithm decides to divide 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). 
On the example Figure 4 we see the 3 first iterations of Direct in a 2 dimensions work space. 
 
 

 
 

Figure 4: Evolution of the Direct method along the iterations 
 
 We can see on the example above that in the areas with some values that Direct 
find interesting, the algorithm evaluates a lot of points. It evaluated also some far points when 
they have a worst Objective value if their hyper-rectangle size is big.  
 
 
 The Direct method (already implemented), has the default to need many 
evaluations. Indeed, lots of evaluations are spent in some bad areas of the space. Nevertheless, 
the Global search of it is useful, because contrary to the Nelder Mead method, this one will 
always look on every area of the space. Thus if we let it run as much, we would be sure to 
have found every interesting areas of the space. 
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    4) Mix method  

        4.1) Introduction: 

 1) Process of selection of interesting points 
 
 The aim of my process of selection is in first to find some interesting areas of 
the work space, using the results of the Direct method. There are two different ways to do it: 

� We can look for the points that have the best value and then lunching the Nelder Mead 
method from each of them ("Global Maxima search"). 

� We can look for every local optimum, thank to the slopes (after having linearizing the 
work space), and lunch NM from each one ("Local Maxima search"). In this method, 
the points selected by the other method are of course all selected too (because like they 
are some Global maxima they are for sure also some local optimums). I think that this 
method is more safety because we are sure that we will not forget any "interesting 
areas", but it will choose more areas that the other so I will need more evaluations 
(and the efficiency of the method is the ratio between results and total evaluation 
time). 

 

 2) Criterion for switch from Direct to Nelder Mead 
 
 When do we need to switch from the direct method to the Nelder Mead method? 
This question is crucial, because we will never know if we have found with the Direct method 
every interesting areas (and specially the best of all). We have to make a choice and there are 
different points of view on it: we can for example restrict the number of iterations of the 
Direct method or we can run the direct method until that we have found as much interesting 
areas as we want. Nevertheless, the user wants that the whole Mix Method (Direct and Nelder 
Mead included) spend a certain time, so it will be his only end criterion when he starts the 
program. Therefore, the choice is made to predict the total number of evaluations needed by 
the entire Mix method, after every iteration of the Direct method. To do this, we calculate 
after every Direct iteration the number of interesting points where we would like to lunch the 
Nelder Mead method, we multiplicate it with the average of the number of evaluations that 
may do the Nelder Mead method for each starting point (chose 60), and we add this at the 
number of evaluations already made by the Direct method. 
 

 3) Gathering process 
 
 How can we do to decrease the number of selected points? If we want to have a 
time competitive method, it is not good to lunch one Nelder Mead method from every 
interesting point, simply because we find too many interesting points with the Global or Local 
Maximum search. In both cases of selecting process, sometimes are selected some interesting 
points that are very closed (on the flat areas of the work space). Often, just one parameter 
change between it (and generally for just a little), because when Direct cut the space in it 
dividing processes, it evaluates some new points along the dimensions of the space. Thus the 
new points created by Direct have just one different parameter than the old first point of the 
hyper-rectangle. 
In appropriateness with my supervisor, I made a gathering process that looks inside the list of 
selected points, and when some points are too much close it chooses only one of it. This 
process will be the bigger part of my C++ code. 
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         4.2) The Local Maxima search 
 
 
 In order to search for the local maxima, the idea is to compare the Objective 
function values of the neighbourhood of each point. It is important to notice that we work in a 
discretised space (because the real Press Line can only use some integer values of every 
parameter). The purpose of the selecting process is to find the neighbour points for each point 
that we already know (meaning already evaluated by the Direct method), in the working 
space.  

 1) First idea 
 
  My first idea has been that the more efficient way would be to choose in each 
direction number n of the space (that contains generally 10 dimensions) the two points with 
the next and last values of the parameter n, in order to compare their Objective function value 
to the one of the point we analyse (linearization of the space). 
We can see in the example below in 2 dimensions that for the Parameter 0 we choose the 
points a and b, and for the Parameter 1 we take the points c and d. There are other points with 
the same values of the Parameter 0 but they are further and we want the closest points. Indeed, 
after have found that several points had the value a(p0) and b(p0) of the Parameter 0, we 
choose the closest points at the left and at the right (think to the Theorem by Pythagore). The 
points c and d are found b the same way. 
 

 
Figure 5: Example of selected points by the Local search 

 
In n>2 dimensions, lots of points can have this same value a(p0) of the Parameter 0, and the 
same value a(p1) of the Parameter 1(witch is the same of the end of the Point1). Then we look 
one more time on the distance between each of these points and Point1 to see what point we 
will choose in this direction on the left side (and after on the right side). 
 
 When we have chosen the points on the left and on the right for this Parameter, 
we compare the value of the Objective function of these points and if one of the two points 
has a bigger value than Point1, the Point1 is not selected like a local maximum. If it is not the 
case, we do the same process along the other dimension of the space (meaning the other 
Parameters). At the end, if the Point1 has been better than every points selected in its 
neighbourhood, it is chosen like a local maximum. This selecting process is restarted for 
every point that we know. 
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 As we set the condition to be the nearest as possible by Point1 for a Parameter, 
in a continuous space we would get a hyper-plane. If we add the condition to be closest to the 
Point1 (in distance inside this hyper-plane) we get a hyper plane of this hyper-plane. It means 
that in a continuous space the result of this selecting process would be a "hyper-hyper-plane", 
so a plane in (n-2) dimensions (meaning 8 in our general cases). Fortunately, like we only 
have some discretised values of points, we can not obtain infinity of points but an ended 
number of points. 
 
The process is in fact cut in several Steps that are repeated in every dimensions of the space: 
  
First Step: the space is cut in two parts along the Parameter 0 

 
Figure 6: First Step of the Local selection 

 
 
Second Step: in each of these two parts, we select all the points witch have the closest 
Parameter 0 value than Point1. It means that we search for the points that have the maximum 
values of the Parameter 0 in the left side and the minimum value of Parameter 0 in the right 
side. 

 
Figure 7: Second Step of the Local selection 

 
Now that we have found the closest points for the Parameter 0 of Point1, we have to choose 
only one point in the inferior side and only one in the superior side. Witch point is the closest 
of Point1 in all dimensions? To answer, we have to choose within the selected points the one 
that has the minimum distance to the Point1, thank to the Theorem by Pythagore. In the case 
below, for the Parameter0 we will select the points c and d (and for the Parameter 1 we will 
look on the points b and c). The point d, which has the same Parameter1 value, is not chosen 
for the selection along the Parameter1, because we look on the superior and inferior values 
but not on the equal values, that one will be compared along the other dimensions). 
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 As soon as this process is finished, we have found one or many points by side, 
because of the possibility to have many points in the same distance of Point1. Every 
evaluation of selected points (for the Objective function) is compared to the one of Point1, 
and then if one of them is better than Point1, Point1 is not selected like a Local maximum by 
the process. If the Point1 seems to be interesting along the Parameter0, we do the same 
process along the Parameter1 and so on for every Parameter. At least, if the Point1 succeed 
the selection for each dimension we copy it in the list of the selected points. After this we 
restart the whole process for another "Point1". When the selecting process have analysed all 
the points (already known, from Direct) the Local maximum search is ended. 
 
 Example 1: the point analysed is the one with the Objective function value 302. 
The algorithm chooses the point 350 and the point 230 to compare. The point 302 is not 
selected because of the point 350. 
 

 
Figure 8: Example 1 of Local selection 

 
 Example 2: the point analysed has the value 350. Horizontally, the algorithm 
chooses the points 291 and 302, and vertically the point 198 because it is (inside these points 
that have a smaller value of the vertical Parameter) the one that have the biggest value of the 
vertical Parameter. So the point 350 is selected like a local maximum.  
 

 
Figure 9: Example 2 of Local selection 
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 Example 3: the point analysed is the one with the Objective function value 291. 
It is not selected by the algorithm because of the point 350. 
 

 
Figure 10: Example 3 of Local selection 

 
 
 

 Example 4: the point analysed is the one with the Objective function value 192. 
Horizontally, the algorithm chooses the points 211 and 200, and vertically the points 210 and 
225. So the point 192 is not selected like a local maximum. 
Here, choosing the point 210 instead of 401 is debatable, because the point 401 is closest than 
the point 210 in the whole space (but not along the vertical parameter…). 
 

 
Figure 11: Example 4 of Local selection 
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 Example 5: the point analysed is the one with the Objective function value 401. 
Horizontally, the algorithm chooses the points 230 and 208, and vertically the points 198 and 
210. So the point 401 is selected like a local maximum. 
One time more, the choice of the algorithm is debatable, because the point 192 is closest than 
the point 210 in the whole space (but not along the vertical parameter…). 
 

 
Figure 12: Example 5 of Local selection 

 
 Through the two last examples, the selecting process is accused to be inefficient. 
Indeed, it searchs on the points in the space like if every parameter was independent, but it is 
not the case. Nevertheless, if we want to look in every directions of the space and study each 
slopes, it would mean to compare each point with almost all the other points, because most of 
them will not be aligned, like we can see on the Figure 13. 
 

 
Figure 13: Alignment of the points in the space 
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 If we do this, we will just finally select the global maximum. The problem is 
that the goal of this selecting process is to find the local maxima. We can not know how can 
change the Objective function between the points that we have and we can not suppose 
anything about it because we do not work on a Lipschitzian function. So it needs like I said 
before to make an approximation of the space (by linearizing it), even if it is cheating. I think 
that in a discretised set of points we never can be sure to be right, because if we have not all 
the points, the links between parameters or mathematical functions that gather parameters, the 
truth can simply not be found (we can not create some information that we do not have). For 
me, it seems to be an ethical mathematical problem. But to continue to work, I remind that 
this is a method of optimisation and it goal is to find the best results as possible in the smallest 
time as possible. 
 

 2) Second idea 
 
 My first selecting process has showed is default, then an improvement needs to 
be immediately done to correct the problem. How could I do to modify the local selecting 
method? The beginning thing to do is to analyse what is good to keep and what need to be 
changed. Firstly, the idea to cut the space in two parts along every parameter seems for me to 
be really good. Secondly, the idea to take the point that has the closest value along this 
parameter have to be changed. In the two sides, the "closer point" needs to be chosen, 
wherever it is, because like we saw before (on the Figures 11 and 12), we can not always 
select some aligned points along each parameter. Before, the distance was used like a criterion 
of selection between two points that had the same value of a parameter. I think that it has to 
be generalized like the only criterion of selection of the neighbourhood points. We can see 
below some kind of links between the points, they show the comparison made now between 
points, and that reflects the shape of this linearization of the space. 

 
 

 
Figure 14: Local search after improvements on the local search 
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 On the arbitrary example below in 1 dimension the points with the Objective 
function value equal to 3, 4, 8, 10, 11, 12, 13, 15, and 16 are selected. They are all some local 
maxima, even if some of them (the 15 and 16) are not really interesting. We see that this way 
of selection keep the local maxima and the flat areas. I made the choice to keep the flat areas 
because like we can see for the points 10 11 12 and 13, they are all as much interesting 
because there is maybe a good area between them.  
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Figure 15: Illustration of Local selection 

 
 

 The Objective function value of the points that are making a collision of the 
press line is set to 1.79e+41 by the Direct and Nelder Mead methods. It is a way to make the 
algorithm knowing that this is a collision point with letting the algorithms working and 
continue to lunch some other evaluations.  
We know that the point with the best value of the Objective function is for sure near a 
collision area of the space. If I let this value of the Objective function, all the nearest points of 
the collision areas will not be selected by the local research (simply because of the fact that 
1.79e+41 will always be a better value than they). Further more, there is a risk to select some 
collision points by the Global research. For these two reasons, I set the Objective function 
value of the collision points to 0. Therefore they will not be selected by the Global search. 
Furthermore, this will increase the attractiveness of the nearest points of the collision areas for 
the Local search Process.  
At the end of the Local search Process, I erase the selected points that have an Objective 
function value equal to 0, this happens when many collision (the minimum is the number of 
dimensions of the space + 1) are is the same area, so in this case some of them could be 
selected by the Local search Process (like are selected the points 15 and 16 in the example 
above) and after erased of the list of selected points.  
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       4.3) The Gathering process 
 
 

 We would like to "gather" some close points. The criterion is to be able to admit 
that lunching NM from only one point of the group will be the same than lunching it in every 
point. Indeed, we rely on the fact that the simplex created in the beginning of the Nelder Mead 
method covers an area around the starting point. If two points are very closed, one simplex 
can include both of it and climb on the same slope.  
 We set a value, called GAP. If some points are separated by a distance equal of 
this value (or less), we gather it. Point by point we will create some kind of chains of points. 
 

 
Figure 16: Example1 of chains created by the Gathering Process 

 
We see on the Figure 16 in two dimensions that we can not just choose one point for the big 
chain, because here the points 1 and 12 are very far and we can not admit that the simplex 
created by the Nelder Mead method could include all the big chain (Figure 17). 
 

 
Figure 17: Nelder Mead simplexes 

 
We need to cut the big chain in smaller groups of points. For each chain, we choose the first 
point of the chain. If the next point is closer of it than BIG_GAP (a constant value, chose 
equal to the double of GAP) we keep it. If not, we create a second chain and put it inside. 
Thus we are sure that all the points of every chain are included in some hyper sphere with a 
radius BIG_GAP. 
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We do the same comparison for the next points. In the case of the point can not be in the first 
chain, we look if it can enter in the second (according the BIG_GAP distance criterion). If it 
can not enter in nether we create a third chain and put it inside and so on. 
Step by step, we break up every points of the initial chain in some other chains that have an 
acceptable size (since BIG_GAP). 
Apart from when a chain has just 2 points, the BIG_GAP criterion looks on the distance from 
the centre of gravity of the chain to determinate if a point is able to be in this chain or not. The 
calcul to find the centre point is obviously updated along the increasing of the chain. 
In the end, there are different groups of points:  

• The alone points that are automatically selected. 
• The two-points groups where one point is randomly selected. 
• The bigger groups (containing more than 2 points) where the centre point is selected. 

The "centre point" or "centre of gravity" is the point of the group that is the most in the centre 
of the group. To determinate it, we choose each point of a chain, calculate the distance from 
each other, and add these distances. The point witch have the shortest sum is called like the 
centre point. 
 
 
 
 One problem is that we can not control the entire selection of chains, because we 
work in several dimensions. If we worked in 1 dimension we could easily do this: 
 

 
Figure 18: Chains in 1 dimension 

 
Since we work in two dimensions (or more), the algorithm have many possibility to gather the 
points in groups. The reason is that the points come from a list, so they are stored along only 
one dimension (first point, second point, third point, etc…). Therefore the process chooses 
unpredictably the chains: if it read the list in order or from the end to the beginning (or 
randomly), we will for sure create some different chains and the gravity centres will be 
different (and their number too). Nevertheless, I think that the process is even satisfactory and 
can work good (because in every case the BIG_GAP criterion is validated)  
In the Figures 19 and 20 there is an example of this problem, the points are read by the 
algorithm in different order (illustrated by the numbers next to them), so some different chains 
of points are made and there are finally some different selected points: 
 
First case, selected points: a, b, c, d, and e. 
Second case, selected points: A, B, C, D, and E. 

 

 
Figure 19: First case of chains 
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Figure 20: Second case of chains 

 

    5) Implementation 
 
 My practical work started by understanding the C++ codes that was already 
implemented for each methods (Direct and Nelder Mead), in order to gather these files. I had 
also to look inside virtual Manufacturing architecture, especially in the PressOpt interface. 
Indeed, I needed to understand how direct and Nelder Mead was written, but also how to 
interact with PressOpt during the calls of my method, and how to modify the PressOpt Panel 
in order to add on it the case of my method. Reading that codes, I saw some C++ functions 
unknown for me and I learned to use it (list, vector, iterator, size(), front(), back(), 
push_front(), push_back(), pop_front(), pop_back(), erase(), splice(), begin(), end(), 
advance(n), etc…). They have been very useful for me to manipulate the list of points. 
I have used the compiler Borland C++ Builder 6. I have written my code process of selection 
by process of selection, and in the same time I checked them on my computer. Every time, I 
have used some text files result to lunch the processes of selection and test their behaviour. 
 When my whole code has been finished, I have lunched the new version of 
PressOpt.exe (that contained it) on the computer that is in the simulation room. There, I have 
encountered lot of problems: some problems to write my results in an out text file, some crash 
problem of PressOpt coming from mistakes in the interacting part of my code, and problem of 
weird results. I solved the two first kinds of problems in one week, and for the singularity of 
the results I took more time. Indeed I have had to print the detail of each iteration from every 
loop of each process of selection, and checked all of it (thousands lines of intermediate 
results).  
 I realised that I had made some errors in the way to write some loops, and that 
some functions of C++ Builder that worked on my computer before made now some problems 
of working or simply made PressOpt crashing .  
For example, the function "erase(iterator)" did not work when I lunched PressOpt: 
 
list<point>::iterator iter;  // Creation of an iterator named "iter" 
iter=p1.begin();  // Assignement of iter to the first point of the list "p1" 
p1.erase(iter);  // Erasing of this point  
 
Instead of doing this, I wrote then: 
p1.pop_front;  // Erasing of the first point to the list 
 
It seems to be easier but it is in fact longer, because to use pop_front I have always had to 
move in the beginning of the list the point that I wanted to erase (same idea with pop_back 
that erase the end point of a list). 
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        5.1) Scheme of the Mix method 
 
 The whole code is separated in 4 Steps. The first is the Step during the working 
of the Direct method and the calcul of the number of interesting points. The second, is the 
optional Step where works the gathering process. The third is the one of the work of every 
lunch of the Nelder Mead method. The forth is the end one that determinate the result of the 
whole Mix method.  
 In addition to the number of evaluation maximum, the user have the choice to 
use the Local search Process or the Global search Process, and with or without the Gathering 
Process. There are possible 4 ways:  

� 1 = Local search 
� 2 = Global search 
� 3 = Local search + Gathering Process 
� 4 = Global search + Gathering Process 

 

 
 

Figure 21: Scheme of the Mix method 
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        5.2) Number of selected points by different selecting processes  
 
 

Before the Gathering 
Process 

After the Gathering 
Process 

Number 
of 

iterations 
of Direct 

Number 
total of 
points 

Global 
Search 

Local 
Search 

Global 
Search 

Local 
Search 

1 21 1 1 1 1 
2 39 1 1 1 1 
3 73 1 1 1 1 
4 103 2 2 2 2 
5 145 1 3 1 3 
6 197 3 5 2 4 
7 257 7 11 5 9 
8 323 8 9 6 7 
9 353 11 12 9 10 
10 407 12 14 10 12 
11 461 14 18 12 15 
12 515 16 21 12 17 
13 571 16 22 13 18 
14 627 17 23 13 19 
15 677 17 23 13 19 
16 727 17 24 13 20 
17 783 17 24 13 20 
18 839 17 24 13 20 
19 895 17 25 13 21 
20 951 17 25 13 21 
21 1007 17 26 13 22 
22 1031 17 26 13 22 
23 1093 1 1 1 1 
24 1131 1 1 1 1 
25 1183 13 13 1 1 
26 1233 26 26 1 1 
27 1287 34 34 1 1 

Figure 22: Number of points selected 
 

 We can see that the number of interesting points found by the Local method that 
the Global method as not found is include between 2 to 9 until the 22nd iteration. The 
Gathering process inform us that there are arranged in different areas of the work space 
(because if not then would be erased by it from the list of selected points). 
 
 For the 23rd and the 24th iterations, we see that the Local search select just the 
best point of all. It means that all the points selected before now are around it (because no 
other local top point is selected), and there is no flat area (no step zone) on the ways of all the 
slopes that climb to this top point. It means that the points selected before was on the same top 
(a flat top). This conclusion gives us good information about the shape that we have if we 
make a linearization of the space at this moment. 
 
 Since the 25th iteration, the Local and Global search select the same points, so 
they have all the same Objective function value (the one of the iteration 24). Here the 
Gathering process informs us that they are all closed: they are as much closed to "gather them 
in only one" and lunch only one Nelder Mead simplex that would include all of them. 
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        5.3) Values of GAP and BIG_GAP 
 
 The Nelder Mead simplex is created all around a starting point. The parameters 
of every points change by a number called "Step" from the starting point (in fact + or - Step). 
So every point of the polytope is far from the starting point of Step multiplicated by the 
square of the number of dimensions (since the theorem of Pythagore). Therefore in the 
beginning we choose the value of GAP like this: 

 
The BIG_GAP is chose like the double of the GAP (see page 32). 
 
 

        5.4) Number of total evaluations predicted 
 
 We can see in the Figure 23 the number of evaluations predicted for Nelder 
Mead, made by multiplicating the number of points selected by the average of evaluations 
necessary by Nelder Mead (60 is used here). So in order to have the number of evaluation 
total predicted, we add after on it the number of evaluation already done by the Direct method 
at the end of every iteration (Figure 24). 
 

Before the Gathering 
Process 

After the Gathering 
Process 

Number 
of 

iterations 
of Direct 

Global 
Search 

Local 
Search 

Global 
Search 

Local 
Search 

1 60 60 60 60 
2 60 60 60 60 
3 60 60 60 60 
4 120 120 120 120 
5 60 180 60 180 
6 180 300 120 240 
7 420 660 300 540 
8 480 540 360 420 
9 660 720 540 600 
10 720 840 600 720 
11 840 1080 720 900 
12 960 1260 720 1020 
13 960 1320 780 1080 
14 1020 1380 780 1140 
15 1020 1380 780 1140 
16 1020 1440 780 1200 
17 1020 1440 780 1200 
18 1020 1440 780 1200 
19 1020 1500 780 1260 
20 1020 1500 780 1260 
21 1020 1560 780 1320 
22 1020 1560 780 1320 
23 60 60 60 60 
24 60 60 60 60 
25 780 780 60 60 
26 1560 1560 60 60 
27 2040 2040 60 60 

Figure 23: Number of evaluation predicted for Nelder Mead 
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Before the Gathering 
Process 

After the Gathering 
Process 

Number 
of 

iterations 
of Direct 

Global 
Search 

Local 
Search 

Global 
Search 

Local 
Search 

1 81 81 81 81 
2 99 99 99 99 
3 133 133 133 133 
4 223 223 223 223 
5 205 325 205 325 
6 377 497 317 437 
7 677 917 557 797 
8 803 863 683 743 
9 1013 1073 893 953 
10 1127 1247 1007 1127 
11 1301 1541 1181 1361 
12 1475 1775 1235 1535 
13 1531 1891 1351 1651 
14 1647 2007 1407 1767 
15 1697 2057 1457 1817 
16 1747 2167 1507 1927 
17 1803 2223 1563 1983 
18 1859 2279 1619 2039 
19 1915 2395 1675 2155 
20 1971 2451 1731 2211 
21 2027 2567 1787 2327 
22 2051 2591 1811 2351 
23 1153 1153 1153 1153 
24 1191 1191 1191 1191 
25 1963 1963 1243 1243 
26 2793 2793 1293 1293 
27 3327 3327 1347 1347 

Figure 24: Number total of evaluation predicted 
 
 
 Depending of the Selecting Processes chose, the Direct iterations 5, 8, 23, 24, 
25, 26 and 27 are not reachable by the algorithm. Indeed, as soon as the number total of 
evaluations predicted by the algorithm grows to the maximal value set by the user, the 
algorithm switch to the Nelder Mead method. Therefore, like the number total of evaluation 
predicted is not always growing, the algorithm can not switch to Nelder Mead on the flat areas 
of this bow and on it basins. 
This is much clear on the Figure 25, where we see that whatever is the selecting process 
choice we make, we will always have the problem that the Number total of evaluations 
predicted is not an increasing function for all the Direct iterations. 
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Evolution of the number total of evaluations predicted
along the Direct iterations
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Figure 25: Graphic of the number of evaluations predicted  

 
 
 

 One solution to be able to lunch nevertheless the Nelder Mead after the 
iterations 5, 8, 23, 24, 25, 26 and 27 could be to force the algorithm to do a minimum number 
of Direct iteration and only after this looking on the "Number total of evaluations predicted" 
stop criterion. But it would be cheating. Indeed, when the user lunch the method, he can not 
predict the future and know that if he forces the algorithm to do for example 23 iterations 
minimum the mix method will have access to this basin (and then this finish faster because 
like is shown with the "Number of evaluations total predicted", switching to Nelder Mead at 
the 23rd Direct iteration will need to lunch only 1 Nelder Mead method at the opposite at 
switching to Nelder Mead at the 22nd Direct iteration). 
 
 
 I specify that these results are found with the "Average of Nelder Mead 
evaluations" constant value set to 60, but the problem shown here appears also with another 
value of this constant, at different Direct's iterations.  
In the same way, if the values of GAP and BIG_GAP are changed, the curves of the Figure 25 
change but the problem still appears.  
 
 
 The problem showed by the Figure 25 happens at different Direct's iterations, 
depending of the processes we choose. So we could say that at one iteration or another some 
processes are more efficient (because the problem is not here) but is would be wrong because 
one time more the problem happen depending only of if we are lucky or not. 
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        5.5) First Results 
 
 
The first results of the Mix Method have been made with these constant values: 

• number of dimensions optimized: 10 
• "Epsilon" = 0 (criterion that decides the end of the Nelder Mead method) 
• "Error" = 0.0001 (criterion that decides what Hyper-rectangles 

              are divided inside the Direct method) 
• "Step" = 5 (criterion of the size of the starting Nelder Mead simplexes) 
• "Average of Nelder Mead evaluations" = 60 (value for predicting the number total 

           of evaluations for the Mix Method)  
 

•    (criterion for the Gathering Process) 
• "BIG GAP" = 2 * GAP (second criterion for the Gathering Process) 
• Objective Function = 1* Production Rate + 0 * Acceleration of robots with plate  

+ 0 * Acceleration of robots without plate 
 
 
 

Without the Gathering Process With the Gathering Process Number 
of 

Direct's 
iterations 

Global Search Local Search 
Global 
Search 

Local 
Search 

1 13,043478 13,043478 13,043478 13,043478 
2 12,987013 12,987013 12,987013 12,987013 
3 13,100437 13,100437 13,100437 13,100437 
4 13,100437 13,100437 13,100437 13,100437 
5 unreachable 13,100437 unreachable 13,100437 
6 13,043478 13,043478 13,043478 13,043478 
7 13,043478 13,043478 12,987013 12,987013 
8 unreachable 13,043478 13,043478 unreachable 
9 13,043478 13,043478 13,043478 13,043478 
10 13,043478 13,043478 13,043478 13,043478 
11 13,043478 13,043478 13,043478 13,043478 
12 13,043478 13,100437 13,043478 13,100437 
13 13,043478 13,100437 13,043478 13,100437 
14 13,043478 13,100437 13,043478 13,100437 
15 13,043478 13,100437 13,043478 13,100437 
16 13,043478 13,100437 13,043478 13,100437 
17 13,043478 13,100437 13,043478 13,100437 
18 13,043478 13,100437 13,043478 13,100437 
19 13,043478 13,100437 13,043478 13,100437 
20 13,043478 13,100437 13,043478 13,100437 
21 13,043478 13,100437 13,043478 13,100437 
22 13,043478 13,100437 13,043478 13,100437 
23 unreachable unreachable unreachable unreachable 
24 unreachable unreachable unreachable unreachable 
25 unreachable unreachable unreachable unreachable 
26 13,043478  13,043478  unreachable unreachable 

 
 Figure 26: First results 
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 1) Confirmation that the Local search is useful (without using 
the Gathering Process) 
 
 
 We can see since the 12th iteration of Direct (2500 total evaluations), that one of 
the points found in more by the Local search (in comparison than the Global search) leads 
Nelder Mead to a better maximum. This is illustrated in the Figure 27. So, this confirms that 
the idea to select all the local maxima as starting points for Nelder Mead (and not only the 
Global maxima) is a real improvement. It means that these points really contain some 
information that we miss if we are only interested by the Global maxima of the Objective 
function: even if they are not in a good value they are really on an area where there is a good 
slope (a slope that leads to a good top). 
 The Figure 27 really proves that the Local search is better, because it compares 
the Number total of evaluations needed by the Mix method in the different cases. So even if 
sometime we have to lunch many Nelder Mead methods when we use the Local search, the 
result is still better than lunching less Nelder Mead method after more Direct's work. 
 
 We note also that the results curve of the Mix method is not always increasing. 
Indeed, the points selected by the Global Search and Local Search are often different after the 
6 first Direct's iterations. So they are localised in different areas of the working space, and 
Nelder Mead climbs on different slopes to different Convex Hull tops (meaning different 
values of the Objective Function).  
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Figure 27: First results, comparison between the Local and Global search 

 
 

 Today, the Nelder Mead method has no counter of the number of evaluation it 
makes, then I have counted manually in the Mix method (think to the text files with the details 
of the points evaluated) but I could have made some little mistakes. Even if the Nelder Mead 
method will be improved soon in order to have these numbers with accuracy, the exploitation 
I do now is still right.  
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 2) Comparison between DIRECT and the Mix method 
 
 
 The Figure 28 shows that the Mix method (without using the Gathering Process) 
leads to better values than the Direct method (working alone) if the Virtual Manufacturing 
does less than 1700 evaluations. We can also see that between 2000 and 2500 evaluations, 
Direct is better. Nevertheless, I think that the Gathering Process (that improves the speed of 
the Mix method) could easily correct this default. 
At 3500 evaluations, the Mix method does not leads to 13,1 because the selected points are in 
this case all positioned in an area of the work space that is not as much good. 
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Figure 28: Comparing curves between the Mix method (without the Gathering Process) 
 and the Direct method 

 

 3) Comparison between NELDER MEAD and the Mix method 
 
 The Nelder Mead method can work lonely. When it is the case, the user can 
decide that it simplex starts around the basic values of every Parameter or in the centre of 
every Parameter. We can see on the Figure 29 the result value of the Objective Function 
found if we lunch Nelder Mead from the basic values (b) or in centre of the Parameters (c). 
 The Mix method leads to better results in the same order of total number of 
evaluations than Nelder Mead in these two cases. It means that the centre of every Parameter 
and the basic values of every Parameter are not located in good areas in the working space 
(they are not on interesting slopes because Nelder Mead does not climb high). 
 We can see here that the Mix method can find some points after as many 
evaluations as the Nelder Mead method, even if the Mix method uses the Direct method 
before lunching Nelder Mead. It comes from the fact that if Nelder Mead starts from a point 
with a very bad value of the Objective Function (like it is the case for "b" and "c"), it will 
have to cover a very long distance before being on a top (meaning a lot of evaluations). So, 
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the more works Direct, the best will be the Objective Function value of the points selected, 
and the less will be the number of evaluations needed by Nelder Mead to climb to each top.  
This also emphasizes the fact that the "Average of Nelder Mead evaluations" would be 
changed depending of when we want that the method switch from Direct to Nelder Mead (it 
would be set to a big value in the beginning, and a low value if Direct works a long time), in 
order to have a Mix method that evaluates a total number of points closer that the one wanted 
by the user. Nevertheless, to know the behaviour of the real "Average of Nelder Mead 
evaluations" we would have already lunched Mix method and count it, but it can not be the 
case for an ordinary user. 
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Figure 29: Comparing curves between the Mix method (without the Gathering Process) 
and the Nelder Mead method 

 
 
 

 4) Necessity to improve the Gathering search 
 
 Making the decision to gather some points far from GAP have not always a 
good impact on the results. Indeed, at the 7h iteration (with the Global Search and Local 
Search), the Gathering chooses to erase some points from the lists of interesting points (that it 
should not). The effect is that we miss the starting point that led us to the best result by Nelder 
Mead. This case shows us that when the Gathering Process have admitted that the points was 
as much closed to lunch only one Nelder Mead simplex, it was wrong. Using the actual value 
of GAP makes us miss some information, because here we see that several Nelder Mead 
simplexes distant from GAP can grows on different slopes in the working space and finish on 
some different maxima (different Convex Hull tops). 
   
 I take the first decision to add a coefficient called "alpha" (inferior than 1) that 
multiplicates the value of GAP and a second one called "beta" to change the rate between 
GAP and BIG_GAP, in order to ripen the Gathering Process.  
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        5.6) Further investigations  

 1) Underline some of the Nelder Mead method defaults 

  1) Shape of the simplex 
 
 I think that the problem encountered by the Gathering Process comes from the 
fact that Nelder Mead does not evaluate every point of the surface of the hyper-sphere around 
the starting point (the simplex) but only a number of points equal to the number of dimensions 
of the working space plus 1. Therefore even if many starting points would be inside the hyper-
sphere, creating only one simplex (that contain so few points) is maybe a too much big 
approximation to use the Gathering Process.  

  2) Different slopes of the Objective Function in one simplex 
 
 The problem encountered by the Gathering Process can also come from the size 
of the Nelder Mead starting simplex. If the simplex is too much big (according to the value of 
"Step"), it can contain several different slopes and do not grow on the good one (the one 
where is positioned the starting point). This means that even if the processes of selection of 
the Mix method has chosen some starting points on good Convex Hulls, the Nelder Mead 
simplex can climb on a foreign Convex Hull and finally finish it way on a bad top. 
Furthermore, if a starting point is on a flat area and is surrounded by different increasing 
slopes, the choice by Nelder Mead to climb on one or another is not controlled and it can 
finish it way on a very bad top instead of maybe the best top of the working space. This is 
clearer on the examples Figure 30, 31 and 32 in 1 dimension where the starting point's 
Parameter 0 value is 15. In one dimension, Nelder Mead creates it simplex by using a second 
point. The second point is created by adding or subtracting "Step" to the starting point's 
Parameter 0 value (so it makes randomly 10 or 20). 
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gure 30: Nelder Mead problem in 1 dimension, 1st case 

 
On the case showed by the Figure 30, the Nelder Mead simplex is created by adding "Step" at 
the Parameter 0 of the starting point value. It will climb on the good top: it will stay on the 
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slope of the convex Hull where is positioned the starting point (the right one), there is no 
problem. 
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Figure 31: Nelder Mead problem in 1 dimension, 2nd case 
 
 

On the case showed by the Figure 31, the Nelder Mead simplex is created by subtracting 
"Step" at the Parameter 0 of the starting point value. In this case too, it will climb on the good 
top: it will stay on the slope of the Convex Hull where is positioned the starting point (the 
right one), there is also no problem because we are lucky. 
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Figure 32: Nelder Mead problem in 1 dimension, 3rd case 
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On the case showed by the Figure 32, the Nelder Mead simplex is created by subtracting 
"Step" at the Parameter 0 of the starting point value. In this third case it will not climb on the 
good top: it will climb on the slope of the left Convex Hull then there is here the problem. 

  3) Distance between two close simplex  
 
 The figure 33 shows the 2 first dimensions of an example of creation of two 
Nelder Mead's simplexes from the starting points a and b in 10 dimensions. The circles drawn 
around a and b show the value of GAP (initially, with alpha=1). When I chose to use a 
BIG_GAP equal to the double of GAP, I thank about this case. However, actually the Nelder 
Mead simplexes are currently created differently, like we can see on the figure 34. Even if the 
circles that delimit the simplexes from the 2 starting point are meeting, we see that the real 
simplexes created (Figure 34) are really far. This observation takes a new look at the problem 
of "How to choose alpha and beta?". 
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Figure 33: Example of two close simplexes 

 

 
Figure 34: True creation of close simplexes 
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  4) Size of the simplex 
 
 The last observations are really disturbing and show one time more that the 
random aspect has a big influence of these optimisation methods (Nelder Mead and the Mix 
method). Nevertheless, we can decrease the influence of the random aspect by changing the 
starting simplex of Nelder Mead. Indeed, when the Direct method has run as much, we know 
that we have some good points (meaning that they are on slopes that could lead on good tops). 
So we could decrease the size of the Nelder Mead starting simplex, in order to avoid that it 
runs away on a foreign Convex Hull. In fact, the problem would be solved if we were sure 
that since a certain value of Step it could not be possible to have a convex or concave Hull 
between the points of the simplex. In order to know this, it would be good to have the k-
Lipschitzian constant of the Objective function, but it is not the case. However, we have to 
keep in mind that behind the Objective Function is hidden a mechanical system, then it has 
inevitably a k-Lipschitzian constant. Unfortunately we do not know how much it is, but we 
can try to find a good Nelder Mead starting simplex's Step empirically. Nevertheless, it would 
be cheating, because when the user lunch the Mix method, he normally do not have to make 
some tests in order to optimize this method before lunching it… Furthermore if we optimize 
the method, it will be for only one Objective Function but the user can (and probably will) use 
another Objective Function (meaning the Objective function with another linear combination 
of the production rate and the two accelerations with and without plate). 
 
 I think that after few Direct's iterations, we are not sure to lunch Nelder mead on 
the best slopes, but only in interesting areas. Nevertheless, after a lot of Direct's iterations, we 
know much better the Objective Function then it is possible to admit that the starting points 
selected are on the best convex Hulls, then the Nelder Mead Step value could be reduced from 
5 to 3 or 2 in order to be sure that Nelder Mead climb on these Convex Hulls and not a 
foreigner one. Even if the Nelder Mead simplex needs a lot of evaluations if it has a little size 
(because like it is small, its reflections will make it move slowly) it does not make us a big 
problem since the simplex is started more close to the top of Convex Hull. 
 

  5) Initialisation of the simplex 
 
 Another way to try to keep the Nelder Mead simplex on the good slope of it 
starting point could be to create the starting simplex directly on this slope (that could be 
approximated be linearizing the space) and not by adding and subtracting the number "step". 
Indeed, today the starting simplex is not created by using the knowledge we have about the 
working space. So there are a lot of possibilities (even if we work in a discretised space) to 
create a polytope with N+1 corners in N dimensions using a "Step value", then why do not we 
create it specially where we want? I think that the Nelder Mead method could be involved in 
order to be lunched in the Mix method, because in this case we have already worked in the 
Objective Function space that is not now totally unknown. 
 There is also another case where the Nelder Mead method will choose to climb 
on a Convex Hull randomly: in the case of the starting point is in the bottom of a concave 
basin, Nelder Mead will have the possibility to climb on different slopes around, sometime 
the best one and sometimes not. We do not control it, but it is one of the Nelder Mead 
algorithm rules that we have to accept. 
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  6) Behaviour of the simplex 
 
 The Nelder Mead's simplexes wander in the working space by making some 
reflections or contractions from on of them sides. Today, the scientific community is agree to 
say that it is a good behaviour. However, I think that this could be improved. Indeed, instead 
of substitute the worst point of the simplex by a new one created by making a reflection or a 
contraction, we could directly create for it a new point better positioned. I mean that like the 
simplex has 1 point more than the number of dimension of the space, they create a hyper-plan 
whose slope can be calculated. So, this linearization of the space give the direction of the 
slope, then it could be a good idea to immediately create a point in this direction. Thus, I think 
that the simplex could climb faster on the slopes, and this could also decrease the risk for 
them to climb on a foreigner convex hull. 
 
 
 

 2) Next work to do 
 
 I think that the Mix method needs to be restarted after each of the 26 first Direct 
iterations with the Gathering Process and after dividing the actual GAP by 2 (meaning doing 
alpha=0.5). With the Local search and the Global search, I hope that this time it will give 
some equivalent results than without using the Gathering Process (and normally faster).  
If it works, the Mix method will be the more competitive using the Local search (that find the 
best values) and using the Gathering Process (that increase the speed of the Mix method). 
After this, the Mix method could work during months (5000 or 10 000 evaluations), in order 
to see if it can reach a new best value. Today, we can say that the Mix method is efficiency 
for a few number of evaluations (less than 1000), and I think (and hope) that for a big number 
of evaluation we will say (after have made the tests) the same conclusion. 
  
 We would like to decrease as much as we can the influence of the random aspect 
of the Mix method, in order to get a method the more reliable as possible. In order to do this, 
there are many things that could be improved: the Nelder Mead method, and the values of 
alpha and beta.  
Finding some good values of alpha and beta could be the subject of a theoretical investigation. 
Concerning some possible modification inside the Nelder Mead method, it may be also an 
interesting way on working, that would improve the Nelder Mead method and then the Mix 
method. 
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    6) Conclusion 
 
 
 During my Erasmus Swedish semester, I have worked on a very interesting 
project. It has shown me the constraints of a project: technical issues and limits of time, but 
also the self sufficiency work and the team work (with my supervisors).  
 I have had the time to make several performance tests of the Mix method, but 
unfortunately not after the 26th Direct's iteration. However, the goal of the Virtual 
Manufacturing is in our case to have a powerful method that could reach the best Objective 
Function's value as possible in nearly one week of work (meaning 1000 evaluations) and this 
case has be tested (see Figure 27).  
In fact this time of work has been set by Volvo (at Göteborg), who wanted to have a Virtual 
Manufacturing Optimisation that could involve their Press line in nearly 1 day of work. So we 
have speculated that the Virtual Manufacturing time for one evaluation could be decreasing 
by involving the model, and we finally chose to look on 1000 evaluation. 
 I will leave the Virtual Manufacturing search Group by letting them a program 
that works quiet good. The code that I wrote works but there are just some further tests to do 
for the Gathering Process. Nevertheless the Mix method is a good improvement of the Direct 
method and gives better results for less number of evaluations (less time of working). 
 The Swedish work at the Production Technical Centre (PTC) has been fulfilling 
in the way of working without stress so being more productive and I will remind it.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 

36/36 

 
 
 
 
 

    References: 
 
 
� Project Report, Yogesh H. Jain, 2007  
� Project Report PART I - Implementation of direct method for Virtual Manufacturing, 

Marc Emilien Chauvin, 2008 
� Project Report PART II - Implementation of direct method for Virtual Manufacturing, 

Marc Emilien Chauvin, 2008 
� Nelder Mead method,  http://en.wikipedia.org/wiki/Nelder-Mead_method  28.04.09 
� Nelder Mead method, http://roso.epfl.ch/cours/optimisation_I/2005-2006/cours/11b-

sans-derivee.pdf 11.05.09 
� Off-Line Optimisation of Complex Automated Production Lines - Applied on a Sheet-

Metal Press Line, Bo Svensson, Fredrik Danielsson and Bengt Lennartson, 2007 
� Simulation Based Optimization of a Sheet-Metal Press Line, Bo Svensson and  

Fredrik Danielsson, 2009 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


