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An evolutionary approach in the combinatorial selection and optimization of catalytic materials D. Wolf∗ , O.V. Buyevskaya, M. Baerns Institut für Angewandte Chemie Berlin-Adlershof e. V., Richard-Willstätter-Str. 12, D-12484 Berlin, Germany Received 9 January 2000; received in revised form 9 March 2000; accepted 9 March 2000



Abstract A methodical basis of the evolutionary method for selection and optimization of heterogeneous catalytic materials was developed. For validation, the oxidative dehydrogenation of propane was used as a model reaction. Various oxides (V2 O5 , MoO3 , MnO2 , Fe2 O3 , GaO, MgO, B2 O3 , La2 O3 ) were chosen as primary components for the generation of catalytic materials. The first generation consisting of 56 catalytic materials was created by combination of the primary components in a stochastic manner. The materials of each preceding generation were selected based on the catalytic results obtained and subjected to an evolutionary procedure applying mutation and crossover operators to create further generations of catalytic materials of different qualitative and quantitative compositions. For illustration, four generations were created with a total number of tested catalytic materials of 224. As a result of the preliminary optimization procedure an increase in the propene yield was achieved with increasing number of generations; the results can be certainly improved by screening further generations of catalytic materials. Under standard conditions used for testing (T=500◦ C, C3 H8 /O2 =3, p(C3 H8 )=30 Pa), the highest C3 H6 yield amounted to 9.0% (S=57.4%) in the 3rd generation on V0.22 Mg0.47 Mo0.11 Ga0.20 Ox . © 2000 Elsevier Science B.V. All rights reserved. Keywords: Combinatorial catalysis; Evolutionary catalyst optimization approach; Propane oxidative dehydrogenation; Solid mixed metal oxides



1. Introduction In the field of heterogeneous catalysis the development of new multi-component catalytic materials occurs mainly by an empirical approach since general principles which allow the prediction of catalytic activity of complex solids are not available. Considering the high time effort for synthesizing and screening potential solid catalysts, the development of methods which lead to a higher efficiency is of interest. Combinatorial ∗ Corresponding author. Tel.: +49-30-6392-4459; fax: +49-30-6392-4454. E-mail address: [email protected] (D. Wolf).



methods and high throughput synthesis and screening (HTSS) contribute to increasing efficiency. These methods have already been successfully established in the pharmaceutical chemistry [1] and in homogeneous catalysis [2]. Also several applications of combinatorial principles and HTSS in heterogeneous catalysis have been recently reported for the development of solid materials [3–11,27–29]. However, these studies deal essentially with parallel catalyst preparation and testing only and a process of optimization based on the screening results has not been reported. A still unresolved problem in the optimization of heterogeneous catalysts applying combinatorial
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principles compared to pharmaceutical chemistry and homogeneous catalysis results from the high complexity of the optimization task comparing a large number of variables. This includes qualitative and quantitative aspects of catalyst composition as well as the diversity of preparation parameters (type of precursors, calcination temperature, calcination media, etc.) and operating conditions (temperature, contact time, reactant concentrations). The intention of the present work is to supplement the combinatorial approach by self-adaptive evolutionary strategies (ES) allowing a reduction of the number of tested materials due to an efficient search process for active and selective catalysts. An indication that evolutionary principles can be applied in catalysis was given recently by Reetz et al. [12] in the optimization of bio-catalysts. The authors used an in vitro evolution implying the mutation in the lipase molecule to produce improved enantioselective catalysts. A significant increase in selectivity (from 2 to 81%) was observed with increasing number of generations. Genetic algorithms (GA) which represent one type of evolutionary optimization principles have been applied to generate combinatorial libraries for drug design [13–15] but also for theoretical prediction of the optimal active site distribution assuming two types of adsorption sites [16]. In the present work, the evolutionary approach is applied as an optimization method for the development of heterogeneous catalytic materials. To our knowledge no such application has been reported yet. For this purpose an optimization concept was developed. Preliminary results of our group were reported elsewhere [17,30,31]. To validate the principle of the evolutionary approach for catalyst optimization, the oxidative dehydrogenation of propane (ODP) was used as a model reaction. For simplification, only the variation of chemical composition was considered in the present study although the authors are aware that the desired properties are also determined by the preparation method and reaction conditions.



2. Methodical basis In general, evolutionary algorithms simulate evolutionary principles such as selection, crossover and mutation of different individuals to find the optimal



solutions for a given task. The differences with respect to conventional optimization strategies are: • Different solutions of the optimization problem are considered simultaneously (population of solutions) allowing a parallel search through the multi-dimensional solution space. • Stochastic elements are used. This, however, does not lead to a random search but rather to an intelligent search through the solution space, since the search is rapidly concentrated on regions which appear to be successful with respect to the aim of the optimization. Different types of evolutionary algorithms were described in literature which are subdivided into GA [18–20], ES [21,22] and evolutionary programs [23]. A systematic and comprehensive overview on these different types was given by Nissen [24]. Our approach is based on a combination of both, a genetic algorithm (GA) and an evolutionary strategy (ES). The GA serves the purpose of finding the optimal combination of catalyst components and of the preparation method while the task of the ES is to find the optimal quantity of each component. The overall strategy is summarized in Fig. 1 being the guideline for our concept. 2.1. Description of catalyst composition in the evolutionary optimization process (mode of encoding) For illustration, we are considering a hypothetical example of the oxides of eight metal elements: V(1), Mg(2), B(3), Mo(4), La(5), Mn(6), Fe(7) and Ga(8) among which the optimal catalyst composition was to be found. The qualitative composition of catalytic materials consisting of these components can be represented by binary digits (Fig. 2a). The number of digits corresponds to the number of catalyst components (here: 8). If a certain element is present in the material the binary digit amounts to 1 otherwise 0. For example, a material containing V, B, Mo, La and Mn corresponds to a binary code as illustrated in Fig. 2a. The last segment of the code represents the mode of preparation and contains an integer number as a so-called index of preparation. In the present example, 1 stands for co-precipitation and 2 for incipient wetness. Stochastically generated compositions based on the described mode of encoding compose the first gener-
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Fig. 1. Flow diagram of the evolutionary approach for selection and optimization of catalytic materials.



ation. Further optimization occurs by applying operators such as crossover and mutation.



selected from the preceding material generation. In the following their action is described.



2.2. Operators



2.2.1. Crossover (Fig. 2b) In the given example one crossover segment is related to one component of the catalytic material. If an advanced status of material development has



Crossover and mutation lead to a change of the composition of particular catalytic materials which were
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Fig. 2. Illustration of encoding mode and genetic operators (crossover and mutation) for describing and modification of a multi-component catalytic materials.



been reached and information on certain combinations which lead to desired properties are available, such combinations can also be considered as pseudocomponents. During crossover one digit is exchanged between binary codes of two different catalytic materials. The exchange position is determined randomly. As a result, two new complementary compositions are generated. This procedure can also lead to a change of the number of components in the materials.



A probability value Wcross was defined (see below, Eq. (2a)) which determines the frequency of crossover operation compared to mutation. 2.2.2. Mutation Similar to crossover, first a decision has to be made whether a certain catalytic material will undergo qualitative mutation or not (see Eq. (2c) below). For this purpose, the probability of mutation Wmut must be
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defined. Qualitative mutation of the composition of catalytic materials occurs by random inversion of one digit (change of the yes/no decision on the presence of a certain component) (cf. Fig. 2c). To modify the mode of catalyst preparation by mutation the integer number which represents the preparation method will be changed randomly. Quantitative mutation is based on vectors of real xE = {x1 , x2 , . . . , xm }



numbers



where xi represents values for concentrations, mass or molar fraction of the particular components in the catalytic material. The control vector σE = {σ1 , σ2 , . . . , σm−1 } determines the extent and direction of the change of concentration. Quantitative mutation occurs by varying the parameters xi in a certain range according to Eq. (1). This range of concentration depends on the type of component (main component, dopant or carrier) and must be specified by the user. t is a random integer number (0; 1) which controls the direction of the concentration change. σi = (−1)t



preceding generation



xi



2



preceding generation



= xi



, + σi



Wmut = 1 − A
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(2c)



2.3. Mode of catalyst selection from the population In principle, one has to find a compromise between a high rate of convergence and, on the other hand, a high certainty of convergence. A high rate of convergence can be obtained by selecting only the best catalysts for the creation of the next generation while high certainty of convergence occurs if all catalysts of the population take part in the process of reproduction. Accordingly, our mode of selection comprises the following definitions: • fitness-proportional selection for quantitative mutation, • random selection among the whole population for qualitative mutation, • crossover between one catalytic material selected in a fitness-proportional manner and the other catalytic material chosen randomly. 2.4. Hypothetical example for analysis of rate and certainty of convergence



succeeding generation



xi



(1)



The evolutionary algorithm must ascertain a large diversity of material properties even at an advanced state of optimization. Diversity of materials in the population maintains a high potential for further improvement of catalytic performance and prevents early local convergence. Since the difference between mean and best value of catalytic performance in the population (Pmean , Pbest ) is a criterion for diversity. A relationship between the probabilities Wcross , Wquant , Wmut and the performance values Pbest and Pmean can be used in a self-adapting sense. We have chosen a relationship between the operators which can be expressed by Eqs. (2a)–(2c). A and B are control parameters in the range from 0 to 1 determining the influence of each of the operators (crossover, quantitative or qualitative mutation) on the optimization process. Wcross = A ·



Pbest − B · Pmean Pbest



(2a)



Wquant = A ·



B · Pmean Pbest



(2b)



An analysis of the relationship between the size of population, the set-up of control parameters and convergence is illustrated by the following example. The optimal composition of a catalytic material is to be found from eight potential components: V, Mg, B, Mo, La, Mn, Fe and Ga. Usually, a relationship between the composition and catalytic performance is unknown before screening. For illustration, a quantitative hypothetical relationship between yield and composition of the catalytic material has been set up to simulate problems of real catalyst optimization including phenomena such as synergism of components, poisoning and influence of the preparation method (Eq. (4)) and to estimate the optimal control parameters of our evolutionary concept. The objective function (OF) to be maximized (catalyst performance P expressed by yield, which is the product of selectivity S and conversion X) is described as follows:   S1 · X1 if incipient wetness (3) yield = S2 · X2 if coprecipitation  0 if xB or xLa > 0 with
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S1 = 66xV xMg (1 − xV − xMg ) + 2xMo −0.1xMn − 0.1xFe , X1 = 66xV xMg (1 − xV − xMg ) − 0.1xMo +1.5xMn + 1.5xFe , S2 = 60xV xMg (1 − 1.3xV − xMg ), X2 = 60xV xMg (1 − 1.3xV − xMg )



(4)



The non-continuos function in Eq. (4) reveals two maxima corresponding to different molar fractions of components and preparation methods: 1. global maximum: yield=7.5%, xV =0.32, xMg =0.32, xMo =0.26 and xMn +xFe =0.10 if incipient wetness was applied for preparation (preparation index 1); 2. local maximum: yield=7.1%, xV =0.66, xMg =0.33 if catalysts were prepared by co-precipitation (preparation index 2) and a synergism between V and Mg exists. The optimal ratio of both components depends on the preparation method. While for co-precipitation a binary oxide system with a V/Mg ratio of 2 is the optimal one, a more complex composition is obtained by incipient wetness method leading to an even higher yield. In the case of the incipient wetness method, the optimal ratio V/Mg is 1. Furthermore, the presence of Mo increases the selectivity and suppresses the conversion, i.e. the catalytic activity. Fe and Mn, in turn, promote the conversion but diminish the selectivity. For each mode of preparation, any presence of B or La results in the complete disappearance of the desired product. Ga was defined to be completely inactive. For this hypothetical example, the following aspects of the performance of the evolutionary process were addressed: • minimum size of the population of catalytic materials in each generation required for sufficient certainty of convergence, • optimal values of control parameters A and B in Eqs. (2a)–(2c), • optimal number of components per material composition in the first generation of materials. 2.4.1. Minimum size of population of catalytic materials The effect of the population size on the certainty of convergence is illustrated in Fig. 3a–c. The advance of optimization can be seen by the increasing mean and best yield (equal to performance value P) and the



Fig. 3. Simulated main and best yields depending on the number of generations for different population sizes (control parameters of Eqs. (2a)–(2c): A=0.5, B=0.5); the dotted line equals the level of the global maximum yield (Y=7.5%). (a) Population of 100 catalysts, (b) population of 50 catalysts, (c) population of 25 catalysts.
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Table 1 Influence of parameters A and B (see Eqs. (2a)–(2c)) on the probability of the actions of evolutionary operators (see also Fig. 4)a A



B



Probability of crossover



Probability of quantitative mutation



Probability of qualitative mutation



Best yield after 10 generations



0 1 1 0.5



0 0 1 0.5



0 1 1−(Pmean /Pbest ) 0.5−(0.25Pmean /Pbest )



0 0 Pmean /Pbest 0.25Pmean /Pbest



1 0 0 1−Wquant −Wcross



7.1 7.1 7.2 7.5



a



Population size=100.



decreasing difference between both values. Complete convergence would be obtained if both the best and the mean yield have reached the maximum value of 7.5. Then, all catalytic materials of the population result in the same composition and the same yield. The procedure shows a high degree of certainty to find the global maximum yield for a population size around 100 (Fig. 3a). For population sizes of 25 and 50 the level of the global maximum at 7.5% could not be reached although the best and mean yield of the population were nearly identical already after 20 gen-



erations (Fig. 3b and c). Since such situation provides no more driving force for further improvement of catalyst composition it corresponds to a sub-optimal convergence (final yield about 7.3%). Nevertheless, even the small population size of 20 results in a final composition which is already close to the global optimum. 2.4.2. Optimal values of control parameters A and B The analysis of the control parameters A and B on the optimization process is summarized in Table 1 and Fig. 4.



Fig. 4. Simulated main and best yields and the frequency of operators vs. the number of generations for different set-up of control parameters A and B (population size=100). (a) A=0.5, B=0.5; (b) A=1, B=1.
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Highest certainty of convergence is obtained if the frequency of operators usage is adapted to the diversity of the catalyst population. This can be obtained by applying control parameters A=0.5 and B=0.5 as indicated in Fig. 4a. At the beginning crossover frequency is high. Quantitative mutation gets more important in a later phase of convergence while the frequency of qualitative mutation stays nearly constant. The exclusion of qualitative mutation (A=1, B=1) as indicated in Fig. 4b leads to a less satisfying reproducibility of convergence. The requirement of applying all three operators, crossover, qualitative and quantitative mutation simultaneously is emphasized by the values of best and mean yield obtained after 10 generations (Table 1). In general, exclusive usage of one operator (A=0, B=0 or A=1, B=0) leads to sub-optimal convergence.



allowed the rate of convergence was somewhat lower than in the case of the normal distribution of the number of components between one and eight. This is indicated by the larger difference between mean and best yield after 10 generations (Table 2).



3. Proof of principle To illustrate the principle of an evolutionary methodology for the identification and optimization of catalytic compositions by starting from a broad basis of single compounds considered to be important for the specific catalytic reaction, the ODP was used as a model reaction. Since the desired product propene is an intermediate in the overall process the maintenance of its high selectivity with increasing conversion is of high importance. Taking into account our previous findings on the reaction mechanisms in the ODP [25,26] eight primary components (i A) were chosen based on 1. redox properties: V2 O5 , MoO3 , MnO2 , Fe2 O3 , GaO, 2. high i A–O binding energy and basicity: MgO, 3. high i A–O binding energy and Lewis acidity: B2 O3 , 4. ability towards dissociative oxygen adsorption: La2 O3 . Compositions of the catalytic materials to be prepared and tested can be described as follows:



2.4.3. Optimal number of components per material composition The influence of the number of components per catalytic material used for the set-up of the starting generation is summarized in Table 2. According to the results, the highest certainty of convergence was achieved if the first generation contains catalytic materials with different numbers of components (cf. Table 2, last column). Obviously, this provides a high heterogeneity of the population which is the actual driving force of optimization by evolutionary principles. Very low certainty of convergence was observed if the presence of all eight components in each catalytic material of the initial population was allowed. All other component numbers (from two to seven components per catalyst) led to similar results. However, if only a certain number of components was



1



Ax1 –2 Ax2 –3 Ax3 – · · · –n−1 Axn−1 –n Axn –Oy



(5)



where i A is one of the following elements: V, Mg, B, Mo, La, Mn, Fe, Ga, and xi is the atomic proportion of element i A (stoichiometry).



Table 2 Influence of the number of components per catalytic material in the 1st generation on the state of convergencea Initial number of components per catalyst



2



3



4



5



6



7



8



1–8



7.4 5.4 Gc



7.4 6.0 G



7.4 6.9 G



7.4 6.6 G



7.4 6.6 G



7.4 6.0 G



6.4 2.5 G



7.5 7.4



generationsb



State of convergence after 10 Yieldbest Yieldmean Which optimum dominates? a



Population size=100, A=0.5, B=0.5. Results are average values from 10 independent trials per initial situation (columns). Consideration of optimum catalyst composition (see Eq. (4)). c G=global optimum. b
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Table 3 Compositions of catalytic materials of the 1st generation Catalysis no.



Content/atomic fraction



1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56



0.24



V



Mg



B



Mo



0.42 0.41 0.47 0.36



0.11 0.31 0.14 0.42 0.10



0.29 0.32 0.15



0.21 0.30



0.28 0.27



0.34 0.36



0.08



0.20 0.27



0.10



0.14 0.19 0.25



0.44



0.12 0.31 0.49 0.43



0.005 0.42 0.35



0.38 0.05



0.25



0.19 0.24 0.25



0.42 0.09 0.05 0.24 0.13 0.32



0.12 0.24 0.41



0.2



0.23 0.38



0.53 0.33 0.26 0.26



0.29 0.09



0.42 0.17



0.35 0.31



0.14



0.45 0.29 0.12



0.3 0.18 0.41 0.47 0.03



0.61 0.26 0.12



0.07 0.09 0.3



0.27 0.39 0.59



0.24 0.34



0.13



0.3 0.12 0.32



0.2 0.34



0.13 0.25



0.18 0.43 0.31 0.32



0.07 0.24



0.31



0.08 0.68



0.19



0.21 0.21



0.14



0.27 0.02



0.03



0.1 0.22



0.23



0.04 0.22



0.02



0.27



0.34



0.04 0.22



0.34



0.24



0.35



0.26



0.19 0.24



0.13



0.24



0.28



0.7



0.30



0.15 0.18 0.04



0.40 0.14 0.46



0.45



0.26 0.28 0.05



0.22



0.11 0.20



0.24 0.05



0.32 0.46



0.32



0.15 0.31



0.11



0.28 0.06 0.13



0.24 0.12 0.06



0.41 0.51



0.46



0.22



0.13 0.22 0.33



0.26



0.32



0.18



0.45 0.56 0.16



0.37



0.04 0.05



0.27 0.13



0.20



0.41



0.13 0.39 0.05 0.29



0.44 0.25 0.36



Ga 0.28



0.23 0.41 0.26



0.11 0.30 0.05 0.40 0.02 0.52 0.33



0.002 0.08



0.27 0.47



Fe 0.15 0.28 0.05



0.13 0.17



0.25



Mn



0.27



0.16



0.44 0.05 0.10 0.42



La 0.33



0.28 0.004



0.39



0.32 0.12 0.21 0.24 0.09 0.08 0.33 0.37 0.3 0.17
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3.1. Experimental For preparing catalytic materials, the starting compounds (see below) containing the primary elements selected for one catalytic material were dispersed or dissolved in water in the presence of granulated ␣-Al2 O3 (CONDEA, particle size=1.0 mm, SBET =5 m2 /g) served as an inert component for dispersion of the active mass amounted to 30 wt.%. The volume of the aqueous solution used g−1 of support amounted to 10 ml. The mixture was stirred for 30 min at 80◦ C. The excess of water was evaporated while stirring at ca. 100◦ C; the remaining solid was then dried at 120◦ C for 10 h and finally calcined at 600◦ C for 3 h in air. Starting compounds were: NH4 VO3 (Merck, p.a.), Mg(NO3 )2 ·4H2 O (Merck, p.a.), H3 BO3 (Merck, p.a.), (NH4 )6 Mo7 O24 ·4H2 O (Riedel de Haën, p.a.), La(NO3 )2 ·6H2 O (Merck, p.a.), Mn(NO3 )2 ·4H2 O (Merck, p. a.), Fe(NO3 )3 ·9H2 O (Fluka, p.a.), Ga(NO3 )2 ·6H2 O (Alfa, 99.9%). To accelerate the catalytic testing, six U-form reactors (Øint =6 mm) made of quartz were operated in parallel at ambient pressure. For minimizing the temperature gradients, the reactors were immersed in a fluidized bed of sand of constant temperature. The reaction temperature was 500◦ C in all experiments. A reaction mixture consisting of propane, oxygen and nitrogen (C3 H8 /O2 /N2 =3/1/6) was passed through each bed of catalyst particles (mcat =0.3 g); total flow rates were varied from 10 to 150 ml/min (STP) for acquiring selectivities at different degrees of conversion. On-line gas chromatography was used to analyze the feed and effluent compositions.



consisted of four primary components; the total number of combinations in the 1st generation (population size) amounted to 56 which is a reasonable value for eight primary components to obtain sufficient certainty of convergence (see Section 2). 3.2.2. 2nd step: parallel preparation and testing of catalytic materials of the 1st generation, evaluation of catalyst quality (objective function) The catalytic materials were synthesized according to the method described in the Section 2 and then tested for their catalytic performance in parallel. The catalytic results of the 1st generation of materials are shown in Fig. 5; they are plotted as a dependency of propene selectivities on propane conversions. CO and CO2 were formed in significant amounts besides propene. Ethylene, methane, oxygenates (mainly acrolein) and C4 hydrocarbons were observed only in minor amounts for some catalytic materials. For selecting catalytic materials for the further evolutionary procedure, the definition of OF is of importance. Different criteria, e.g. conversion, yield or selectivity could be used to identify the promising materials. In the present work, a quantitative criterion of catalytic performance taking into account the dependency of propene selectivity on propane conversion was used



3.2. Results of the evolutionary approach The procedure applied in the present study was supported by a software code based on the above description of the approach (cf. Fig. 1). The following steps were implied. 3.2.1. 1st step: initialization of the 1st generation of catalytic materials based on the defined primary components Compositions of different materials of the first generation (cf. Table 3) were created in a stochastic manner in such a way that each catalytic material



Fig. 5. Selectivity of propene as a function of propane conversion for the 1st generation of catalytic materials (T=500◦ C, C3 H8 /O2 /N2 =3/1/6). OF — objective function as criterion of catalyst quality to be minimized in the next generations.
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Table 4 Compositions of catalytic materials of the 4th generation Catalysis no.



Content/atomic fraction



1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56



0.30 0.36 0.20 0.21 0.22 0.27 0.71 0.27 0.20 0.54 0.29 0.18 0.44 0.18 0.51 0.52



V



Mg



B



0.22 0.28 0.53 0.47 0.55 0.37 0.28 0.28 0.25



La



0.26 0.32



0.47 0.64 0.27 0.54 0.50 0.45 0.19



0.29 0.29 0.07



0.20 0.29



0.11 0.15 0.16 0.10 0.23



0.31 0.37



0.14 0.08 0.05 0.07 0.12 0.24 0.15



0.03 0.09



0.10 0.40 0.20 0.27 0.21 0.23



0.04 0.46 0.14 0.11



0.55 0.23 0.14 0.02 0.05 0.23



0.27



0.32 0.29 0.11 0.12 0.16 0.22 0.15



0.29 0.18 0.47 0.28 0.16 0.30 0.20 0.46 0.13 0.09 0.41 0.34 0.14 0.28



0.59 0.20 0.39 0.49 0.67 0.21 0.25 0.48 0.20 0.57



0.33 0.28 0.36



0.06 0.12 0.39 0.52 0.11 0.17 0.33 0.08 0.18 0.33 0.33 0.04 0.05 0.20



0.06 0.19



0.09 0.14



0.14 0.48 0.40 0.43 0.38



0.11 0.06



0.10



0.10 0.23 0.06



0.30 0.34



0.13 0.10



0.15



0.20 0.07 0.45 0.10 0.09 0.05



0.78 0.44 0.77



0.15 0.32



0.13



0.07 0.14



0.26 0.22 0.25 0.39



0.10



0.20



0.17 0.19 0.21



Ga



0.10 0.12



0.31



0.26



Fe



0.10



0.34 0.40 0.21 0.23 0.41 0.19 0.40 0.18 0.42



Mn 0.36 0.09



0.08 0.25 0.19 0.13 0.24 0.20



0.51 0.44 0.28 0.13 0.16



Mo 0.34 0.18 0.09 0.16 0.21 0.09 0.09 0.12 0.09 0.14



0.11



0.11 0.21 0.19 0.06 0.28 0.05 0.10 0.85 0.26 0.04 0.20 0.06 0.05 0.07



0.65 0.05



0.20 0.39 0.10



0.05



0.15 0.13



0.20



0.32 0.18 0.17 0.08



0.42
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Fig. 6. Selectivity of propene as a function of propane conversion for all tested catalytic materials (T=500◦ C, C3 H8 /O2 /N2 =3/1/6). Mean OF: 107.7 (1st generation), 105.5 (2nd generation), 100.3 (3rd generation), 98.3 (4th generation).



for the fit-proportional selection. Fig. 5 illustrates the definition of the OF to be minimized in the next generations based on the catalytic results of the preceding generations. The OF was defined as the distance from the measured data point to the best possible target (XC3 H8 = 100%, SC3 H6 = 100%). The selection was restricted additionally by setting boundary values of propane conversion and propene selectivity, i.e. the materials for the further optimization were chosen only among those compositions on which conversions and selectivity exceeded 5 and 20%, respectively (see the broken lines in Fig. 5).



3.2.3. 3rd step: creation of the 2nd generation based on the catalytic results of the 1st generation using mutation and crossover methods, preparation and testing catalytic materials The second generation of catalytic materials was produced based on the materials of the first generation applying evolutionary operators (mutation, crossover); a general description of the mutation and crossover procedures is given in the Section 2. In this step, an arbitrary choice of the population size (56) was taken. The same population size was used in all subsequent generations. Variations of the chemical composition were accomplished by qualitative mutation and crossover. By quantitative mutation the stoichiometry of the best samples was varied. The number of materials created by different operators was adjusted by the control parameters A=0.5 and B=0.5. 3.2.4. Subsequent steps: repetition of 2nd and 3rd steps for the next generations The number of steps may be increased by continuing according to the procedure described above. In the present study, four generations were prepared and tested in this manner. Total amount of the tested catalytic materials amounted to 224. The catalytic results achieved in all generations are summarized in Fig. 6. Minimizing of the mean value of the OF from 107.7 to 98.3 was achieved by proceeding from the 1st to 4th generation, the best OF value changed from 96.2 to 94.4. The compositions of the materials in the 4th generations are listed in Table 4. It can be seen that some primary components such as B and La were almost



Table 5 Compositions of the 10 best catalytic materials resulting in the highest propene yields in each generation



1 2 3 4 5 6 7 8 9 10



Generation 1



Generation 2



Generation 3



Generation 4



V0.25 Mg0.52 Mo0.12 Ga0.11 Ox V0.44 Mo0.11 Mn0.26 Ga0.19 Ox V0.42 Mg0.4 Fe0.04 Ga0.14 Ox V0.27 Mg0.34 Mo0.21 Fe0.18 Ox V0.36 Mn0.3 Fe0.25 Ga0.09 Ox V0.18 Mg0.2 Fe0.32 Ga0.3 Ox V0.25 Mg0.35 Mo0.27 Fe0.13 Ox B0.42 Mo0.09 Mn0.02 Ga0.47 Ox V0.26 La0.07 Fe0.59 Ga0.08 Ox V0.47 B0.15 Fe0.35 Ga0.03 Ox



V0.47 Mo0.05 Mn0.27 Ga0.2 Ox V0.35 Mg0.33 Fe0.03 Ga0.28 Ox V0.39 Mo0.22 Mn0.23 Ga0.17 Ox Mg0.26 Mo0.31 Mn0.44 Ox V0.27 Mo0.19 Fe0.43 Ga0.11 Ox V0.31 Mg0.39 Mo0.1 Fe0.21 Ox V0.3 Mg0.42 Mo0.13 Fe0.17 Ox V0.24 La0.12 Ga0.65 Ox V0.52 Mo0.13 Mn0.13 Ga0.22 Ox V0.27 Mg0.57 Mo0.13 Ga0.06 Ox



V0.22 Mg0.47 Mo0.11 Ga0.2 Ox V0.3 Mg0.63 Ga0.07 Ox V0.14 Mg0.2 Mo0.15 Fe0.08 Ga0.42 Ox V0.4 Mg0.42 Mo0.09 Ga0.09 Ox V0.39 Mg0.24 Mo0.1 Mn0.1 Ga0.17 Ox V0.24 Mg0.32 Mo0.19 Fe0.16 Ga0.08 Ox V0.27 Mg0.38 Mo0.12 Fe0.14 Ga0.08 Ox V0.53 Mg0.25 Fe0.05 Ga0.18 Ox V0.55 Mo0.06 Mn0.16 Ga0.23 Ox V0.23 Mg0.59 Mo0.18 Ox



V0.27 Mg0.37 Mo0.12 Fe0.13 Ga0.1 Ox V0.29 Mg0.31 Mo0.14 Ga0.26 Ox V0.19 Mg0.39 Mo0.09 Ga0.33 Ox V0.35 Mg0.3 Mo0.2 Mn0.15 Ga0.08 Ox V0.41 Mg0.25 Mo0.1 Mn0.05 Ga018 Ox V0.42 Mg0.44 Mo0.1 Ga0.05 Ox V0.27 Mg0.34 Mo0.09 Fe0.19 Ga0.11 Ox V0.2 Mg0.28 Mo0.09 Fe0.1 Ga0.32 Ox V0.47 Mg0.05 Mn0.28 Ga0.2 Ox V0.18 Mg0.26 Mo0.19 Fe0.1 Ga0.27 Ox
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Table 6 Compositions of catalytic materials resulting in X(C3 H8 ) 
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