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6. Progress within the reporting period 
(Not exceeding 3 pages, including tables and figures) 
1 OPTIMIZATION ALGORITHMS 
The BFGS algorithm is robust, efficient and well adapted to design problems. It requires computing the 
gradient of the objective function, and here the adjoint state method is used with semi-analytical 
calculations [4]. Very often, it finds a solution within few iterations, but this solution may depend on the 
starting point, and the algorithm may get trapped into local optima. 
1.1 Evolution strategy with meta-model: ES-M 
Evolution Strategies (ES) are very similar to Genetic Algorithms (GA), with slight differences. ES use 
real coding parameters, and the selection of the parents is simpler, with only two strategies, the “plus” 
(parents are kept in the new generation) and “comma” (parents do not survive) ones. Mutation is the 
main genetic operator, while recombination is not systematically used for producing new individuals. It 
is just the opposite for GA. ES may find a solution more rapidly, whereas GA are more robust to locate 
a global extremum. In this paper, we have used an enhanced version of ES based on a meta-model 
(ES-M) that has been developed at the University of Dortmund [5]. In order to reduce the number of 
function evaluations, a high-dimensional interpolation model, called meta-model, is dynamically built. It 
recycles the already calculated functions to better approximate the function over the optimization 
domain. The utilized Kriging method provides both an estimation of the function value at any point but 
also the confidence interval of this estimation. 
1.2 Hybrid algorithm based on clustering: GA-MGC 
A similar approach (GA-MGC) is utilized with a Genetic Algorithm (GA), here the one written by Pikaïa 
[6], and a Meta-model based on a discontinuous linear interpolation provided by the Gradient 
information and a Clustering method [7]. For the current population of any generation, a clustering 
algorithm gathers the individuals into a prescribed number of clusters. The objective function and its 
gradient are then calculated at the gravity center of these clusters. A linear interpolation can then be 
applied inside each cluster (see a 1D representation in Figure 1), allowing to compute an 
approximation of the function for all the individuals of the cluster. This way, whatever the population 
size, the function and its gradient are only evaluated for a prescribed number of points, Nbcal. 
1.3 Hybrid algorithm based on Liszka-Orkisz extrapolation: GA-MGO 
The GA-MGC algorithm does not have memory. It can possibly be improved by taking into account the 
Nbeva values evaluated during the previous generations. For any individual iX , the objective function 
is continuously approximated by equation (1) (see a 1D representation in Figure 1), which minimizes 
the error due to the local linear interpolation in a least square sense (Liszka-Orkisz’method [8]). 
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ijdX  is the Euclidian distance between an individual iX  of the current population and a point jX  
where the function and its gradient have actually been evaluated. At each generation of new Nbind 
individuals, it is then necessary to find the best points to carry out these Nbcal evaluations. Assuming 
the regularity of the objective function, these points minimize the following functional: 

 
Figure 1: Linear discontinuous (based on clusters) and continuous (based on Liszka-Orkisz method) 

interpolations 
2 APPLICATIONS 
2.1 Preform optimisation of a 3D gear: 
The optimization problem consists in improving the preform shape that is utilized to forge a gear (see 



 

Figure 2), in order to minimize the forging energy (Erreur ! Source du renvoi introuvable.) and 
reduce surface defects (Erreur ! Source du renvoi introuvable.). ene foldΦ = Φ + Φ  is used as 
objective function. The axisymmetrical preform is parameterized by a combination of quadratic curves 
(see Figure 2). 1/20 of the gear is studied. The constant volume constraint is handled by 
condensation, reducing the number of unknowns from 4 to 3. The computational time for a simulation 
with the FORGE3® software is more than 12h on a PC (Pentium4 - 2.4Ghz). For optimization 
iterations, a less expensive simplified problem is preferred (about 30 minutes of CPU): the mesh is 
coarser and the material behavior is linearized. 

  
Figure 2: . Full preform and gear shapes (not real scale) - Parameterization of the geometry of the radial plane 

Figure 3 shows the convergence history with the studied optimization algorithms. Figure 4 shows the 
best preforms proposed by each of them and Table 1 the number of simulation required and 
improvement of the objective function. After 3 iterations, the BFGS algorithm is not able to improve the 
solution utilized in industry. It is very probably trapped into a local extremum. ES-M makes it possible 
to find a much better solution after 42 problem simulations. GA-MGC finds a slightly better solution 
after 27 calculations and GA-MGO after only 7 calculations. GA-MGO finds its best solution after 17 
calculations. GA-MGC and GA-MGO require computing the gradient, which multiplies the 
computational cost by approximately 2 in the linear case, and 1.3 in the general non-linear one. 

 

 
Figure 3: Convergence history respectively with BFGS, ES-M, GA-MGC and GA-MGO 

This example shows the robustness and efficiency of evolutionary algorithms for complex objective 
functions, and the improvement brought by the hybrid algorithms. 



 

 
 

Figure 4: Preform respectively suggested by: the forging company, BFGS, ES-M, GA-MGC, GA-MGO 

Table1. Optimizations results for the 3D gear forging. 
 ref BFGS ES-M MGC MGO 

Φ 1.19 1.15 1.08 1.075 1.06 
%  3% 9% 9.3% 10.3% 
Nb  7 (stag) 50 40 40 
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