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Abstract  

An automatic method for the reduction of chemical kinetics mechanisms under specific physical 

or thermodynamic conditions is presented. The method relies on the genetic algorithm search 

logic to gradually reduce the number of reactions from the detailed mechanism while still 

preserving its ability to describe the overall chemistry at an acceptable error. Accuracy of the 

reduced mechanism is determined by comparing its solution to the solution obtained with the full 

mechanism under the same initial and/or physical conditions. However, not only the chemical 

accuracy and the size of the mechanism are considered, but also the time for its solution which 

helps to avoid stiff and slow converging mechanisms, thus preferring the fast solutions. The 

reduction method is demonstrated for a detailed mechanism for methane combustion, GRI-Mech 

mailto:nejra.sikalo@uni-due.de
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3.0, which was reduced from 325 reactions and 53 species to 58 reactions and 26 species, and for 

an iron pentacarbonyl mechanism by Wlokas et al. (2013), [1] originally consisting of 144 

reactions and 34 species, which was reduced to 37 reactions and 24 species. The performance of 

the reduced mechanisms is shown for homogeneous constant-pressure reactors and for burner-

stabilized flames. The results show a good agreement between reduced and full mechanisms for 

both the reactor and flame cases. The presented method is flexible and can be easily adjusted to 

either yield more accurate (but bigger) or smaller (but less accurate) reduced mechanisms, 

depending on the user’s preference. 

 

Keywords: Reaction Mechanisms, Genetic Algorithms, Reduction  
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1. Introduction 

The simulation of combustion processes involves solving complex finite rate chemistry models 

consisting of large numbers of chemical reactions and species, often coupled with turbulence and 

complex geometry. Although modern computers and specialized software packages are capable 

to solve for large numbers of chemical reactions, even relatively simple practical problems are 

often too complex for an accurate numerical simulation. Detailed chemical kinetics descriptions 

of hydrocarbon oxidation may require the tracking of hundreds of chemical species and 

thousands of reaction steps [2, 3]. Although such mechanisms describe the overall chemical 

process very accurately, a large number of equations must be resolved. Under a specific range of 

physical conditions, reaction mechanisms can be reduced and still provide a reasonable accuracy 

defined by user-specified criteria.  

There are several attractive approaches to the reduction of chemical reaction mechanisms; a 

comprehensive review on these methods is given by Tomlin et al. [4]. Some approaches are 

based on a time-scale analysis, such as the so-called quasi-steady-state assumption (QSSA) 

considered by Chen [5] and Montgomery et al. [6] which requires identifying species that react 

on a large time scale relative to other species. The QSS assumption consists of assuming that the 

net rate of production of a species is zero and is valid under combustion conditions for a large 

number of minor and intermediate species. The QSSA however requires some “chemist’s 

intuition” although tools have been developed to aid with the use of this method. The intrinsic 

low-dimensional manifold method [7, 8] is based on a reaction trajectory quickly converging to a 

low-dimensional manifold that can be represented by a smaller number of species forming a 

reduced mechanism. The method of computational singular perturbation (CSP) is described by 
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Lam [9], Lu et al. [10], Valorani et al. [11] and it analyses the Jacobian matrix to distinguish 

between slow and fast reactions.  

In order to identify and extract species that are kinetically important, methods as path flux 

analysis [12, 13] and sensitivity analysis [14], which evaluates the change in the species 

concentration due to small changes in the rate constants, are commonly used. A lumping method, 

which groups concentrations of species into a reduced species set, was proposed by Kuo and Wei 

[15]. More recently, an integer programming approach was proposed by Petzold and Zhu [16], 

Androulakis [17] and Bhattacharjee et al. [18] and applied to large-scale combustion models. 

The integer programming solution is defined as the smallest possible reduced mechanism 

consistent with the user-set tolerances, which retains the original set of species but contains a 

smaller set of reactions. However, single reduced mechanisms might not be accurate enough 

over the whole region of the combustion system and the local chemistry might not be well 

described. To address this problem, the adaptive chemistry approach was proposed by Schwer et 

al. [19] and Banerjee and Ierapetritou [20], which replaces the detailed mechanism with a 

number (library) of locally accurate reduced mechanisms adjusted for changing conditions 

within the flow.  

Edwards et al. [21] used genetic algorithms to reduce reaction mechanisms taking into account 

both the difference between the species concentration profiles in a burner-stabilized premixed 

flame, for the detailed and the reduced mechanisms, and the size of the reduced mechanism. This 

methodology worked well for a small mechanism (18 reactions and 10 species) but the behavior 

of the reduction method was not investigated for larger mechanisms. Montgomery et al. [22] 

used a genetic algorithm to determine which species of a detailed mechanism fit into the QSSA 

assumption. This approach yielded plausible results for a methane combustion mechanism and 
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outperformed simple trial and error. A more recent work by Elliott et al. [23] used genetic 

algorithm in two steps; first to eliminate unimportant species from the full mechanism and then 

to optimize the reduced mechanism against experimental data. Calculations of full and reduced 

mechanisms were performed on a premixed burner-stabilized flame. The size of the desired 

subset of species to be extracted from the full mechanism was fixed and specified from the start. 

A methane combustion mechanism (GRI-Mech 3.0, [24]) was reduced and the rate coefficients 

were optimized against experimental results from Bernstein et al. [25] in a subsequent step. Later 

on, Elliott et al. [26] employed standard and hybrid genetic algorithms to reduce and optimize a 

reaction mechanism for the combustion of aviation fuel/air mixtures containing 338 reactions 

and 67 species. The reduced mechanism consists of 215 reactions and 50 species and was 

optimized using a hybrid real coded genetic algorithm that was improved with the Rosenbrock 

method [27]. Hernández et al. [28] used a genetic algorithm as a single method to reduce the 

number of reactions in the full mechanism; the mechanisms were evaluated with constant 

volume reactor simulations for a number of different sets of initial conditions. These conditions 

were chosen such that they have a strong effect on the autoignition process of a homogeneous 

charge compression ignition engine (HCCI). The key reaction paths that occur during a 

hydrocarbon oxidation were first identified by analyzing reaction rates, and then kept in each 

chromosome of the population. This approach was demonstrated on a methane oxidation 

mechanism that was reduced from 53 species and 350 reactions to 47 species and 57 reactions 

using a genetic algorithm as a single reduction method. Because of its large size, the Diesel fuel 

surrogate (n-heptane/toluene) oxidation mechanism consisting of 664 species and 2796 reactions 

has been reduced with a four-step methodology (species lumping, species sensitivity analysis, 
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reaction sensitivity analysis and at the end, the genetic algorithm method previously described) 

to 116 species and 252 reactions. 

Genetic algorithms in kinetics studies, however, are mostly used for the optimization of rate 

coefficients in reduced mechanisms (obtained from another method), and not for the reduction 

itself [29, 30, 31, 32]. 

The relevance of the CPU time of the reduced mechanism has been considered in the work from 

Nagy and Turányi [33], which describes the error minimization-based reduction methods used 

for reducing very large mechanisms. This work describes the elimination of both the unimportant 

species using a Simulation Error Minimization Connectivity Method (SEM-CM) and the 

unimportant reactions using the Principal Component Analysis of Matrix F with Simulation 

Error Minimization (SEM-PCAF). The SEM-PCAF method yields several different reduced 

mechanisms which all have an error very close to the minimal error. As the accuracy criteria are 

equally satisfied by all these reduced mechanisms, the final choice is made based on their 

computational times. The mechanism with the smallest computational time is accepted as the 

best found reduced mechanism. 

The present study focuses on the use of genetic algorithms for reduction purposes only, aiming at 

providing a simple, robust, automatic method that does not require a detailed understanding of 

chemistry from the user, while ensuring that resulting mechanism is not only small but also easy 

to solve.  

The method uses an objective function that considers both the accuracy of the mechanism and 

the computational cost for its solution, leading to a compromise that can be matched to very 

specific requirements. The cost for the solution is considered through the number of reactions of 

the reduced mechanism and the time required for the solution, helping to avoid large or stiff 
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reaction mechanisms. This evolution towards mechanisms that can be solved at low cost has the 

added advantage that the mechanisms from later generations are typically easier to solve, so that 

the optimization algorithm itself will run faster. 

2. Structure of the Genetic Algorithm 

The concept of the genetic algorithm (GA) is derived from the mechanism of evolution and 

natural genetics [34], which are represented through computational operations. Many 

modifications of genetic algorithm operators exist and can enhance the performance for a given 

application. Genetic algorithms work particularly well for optimization problems that involve not 

only the accuracy of the solution but also finding it efficiently, which makes GAs very suitable 

for the reduction of reaction mechanisms. The genetic algorithm finds a near optimal solution to 

a problem, where “optimal” is defined by an evaluation function (also known as objective- or 

fitness function). Before starting the search, one must represent a potential solution in a way that 

can easily be processed by the genetic algorithm. In analogy to the natural genetics, such an 

encoded solution is called a chromosome. For the evaluation function calculation, the 

chromosomes created by the GA must be ‘translated’ into the shape that corresponds to the real 

problem that we are aiming to solve. Such representation is called phenome. In this case, the 

phenome is a reaction mechanism with its full kinetics information suitable for simulations of the 

reactive cases. Mechanisms only vary in presence or absence of reactions defined in the detailed 

mechanism. The chromosome only contains the information whether a given reaction is included 

or not. This is explained in greater detail in the following sections. Evaluation is performed on 

the phenome. All other genetic algorithm operations, such as initialization, selection, crossover 

and mutation, are performed on the chromosome.  

The genetic algorithm search for the solution consists of the steps of:  
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(1) Initialization, where a set (population) of initial chromosomes is generated  

(2) Evaluation, where the performance of each chromosome from the population is being 

evaluated and corresponding fitness is assigned to the each chromosome 

(3) Selection, where the chromosomes (according to their fitness) are chosen from the current 

population as the basis for the next generation of chromosomes (children) 

(4) Crossover, where the selected chromosomes exchange information (genes) to create 

children for the next generation 

(5) Mutation, where a small number of the children’s genes is randomly changed in order to 

increase diversity of the population 

This new population undergoes the process of evaluation, selection, crossover and mutation until 

termination criteria are satisfied or a given number of generations has passed. However, when 

creating a new population using crossover and mutation, there is a possibility that the best 

chromosomes might be lost. Therefore, the highest scoring chromosome(s) from each generation 

is (are) copied unchanged to the next generation (elitist selection). The elitist selection preserves 

the best found solution from the current total history of generations. As soon as a better one is 

found, the old elitist solution is replaced by the newly found one. That way, the algorithm 

preserves the best solution found so far, but it continuously searches for a better one. This 

procedure is illustrated in Figure 1. 

 

3. Implementation Details 

This section explains the use of genetic algorithms for the elimination of reactions from the 

detailed reaction mechanism. We aim to reduce the size of a reaction mechanism, ensuring a 

good accuracy for a certain application and preventing the formation of excessive stiffness in the 
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resulting mechanism. A reaction mechanism is a list of all reactions that (can) occur during the 

combustion of a specific gas mixture (with detailed sets of data needed for evaluation of their 

thermodynamic and transport properties), and the reactions which occur among these species 

with all the coefficients required for the evaluation of the corresponding reaction rates.  

The conversion rate from reactants to products in the elementary reactions is controlled by 

chemical reaction rates where the forward rate constant is assumed to depend on temperature 

according to the Arrhenius equation (Eq. (1)), where Ai  is the pre-exponential factor, βi  is the 

temperature exponent and Ea,i is the activation energy. 
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Large mechanisms can contain several hundreds of reacting species and thousands of reactions. 

In a detailed mechanism of NR reactions, a smallest possible subset of Nr reactions exists that can 

reproduce the predictions of the detailed mechanism with a given user-defined accuracy. The 

genetic algorithm aims at finding this smallest mechanism (or one that is only slightly bigger) by 

satisfying accuracy and size criteria which are defined by an overall fitness function. The genetic 

algorithm seeks the minimum of this function, while gradually eliminating reactions from the 

mechanism. Elimination is triggered not only by the fitness criteria, but also through mutation 

operations adjusted to this problem. In the following sections, the reduction methodology is 

explained in greater detail. 

 

3.1 Encoding and Initialization 

A reaction mechanism is mapped to a chromosome by representing each reaction as a binary 

gene. The presence of a reaction is represented by 1, while 0 denotes that the reaction is absent. 

The length of each chromosome corresponds to the number of reactions in the full mechanism, 
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NR, as formulated by Eq. (2), where αi indicates whether the ith reaction is present in the reduced 

mechanism. 

     R

R

N

N 1,0,,1     (2) 

The first generation of chromosomes (initial population) is generated in a way that all the 

chromosomes in the initial population are equal and represent the original mechanism (all i = 

1). This approach has been chosen due to a concern that, if the initial population was created 

randomly, key-reactions could be lost in the first step. Although there is no initial diversity 

among the chromosomes and the evolution effectively starts with small changes due to mutation 

in the second generation, the full-mechanism initialization is proven to be the safest starting 

point of the search for a reaction subset smaller than the full mechanism. Alternatively, the 

population can be initialized in a way that every initial chromosome just deactivates a single, 

randomly chosen reaction, such that 

 1
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where the index i, for which αi = 0, is chosen randomly with a uniformly distributed probability 

(Eq. 4). 
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This initialization introduces a small diversity among individuals, which avoids that a complete 

set of identical chromosomes is solved in the first step, whereas maintaining (almost) original 

chromosomes ensures that none of the original reactions gets lost. (The population diversity 

increases afterwards with the crossover and the mutation, which are discussed later.) Number of 

chromosomes in the population (population size) is user-defined. As an example, initial sets of 
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four chromosomes representing a eight-reaction mechanism, as according to the two ways of 

initialization described above are shown in Fig. 2. 

After the population is created, the chromosomes are used to generate the corresponding 

phenomes (sub-mechanisms). These are incorporated into the calculation of the reactive case 

(e.g., a perfectly stirred reactor or a laminar flame) and solved. The solution is evaluated as 

described in the next section to provide information about how well the reduced mechanism 

performs compared to the full mechanism.  

 

3.2 Evaluation 

The evaluation function must consider the requirements one has for a reduced mechanism; it 

must therefore provide good tradeoff between the size of the reduced mechanism, its accuracy 

and its stiffness to minimize the computational effort associated with the resulting reduced 

mechanism. The evaluation function (or objective or fitness function) is the key part of the 

optimization technique and is usually the “trickiest” part to define. The evaluation function 

determines the difference between the results obtained from the original mechanism (taken as 

accurate) and the reduced mechanism. Because the size of the reduced mechanism and its 

stiffness is also relevant, we also consider the remaining number of reactions and the CPU time 

required for solving the equation system (Eq. 5). The evaluation can be based on any aspect of 

the simulation, e.g., for a homogeneous reactor or for a laminar diffusion flame.  

In the present work, a homogeneous constant-pressure reactor model is used because its 

moderate computational requirements permit to conduct detailed parameter studies. In the 

present work, ignition delay time i, steady-state temperature Ts, number of remaining reactions 

and CPU time were tracked, but the concentrations of certain species could also be considered by 
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simple inclusion in the evaluation function. The genetic algorithm must then find a minimum of 

the function f that considers the combined advantages of the reduced mechanism. 

 CPUNT fffff
Rsi
   (5) 

The ignition delay time error function fτi (τi(0) , τi(r))  depends on the difference in simulated 

ignition delay times of the reduced τi(r) and the full mechanism τi(0). For the steady state 

temperature error function fTs(Tin, Ts(0), Ts(r)) we consider the initial temperature of the reactor Tin 

and the steady state temperature predicted by the reduced Ts(r) and the full mechanism Ts(0). The 

function that “controls” the number of reactions in a reduced mechanism, fNR(NR, Nr) depends on 

the number of reactions in the full mechanism NR and the number of reactions in the reduced 

mechanism Nr. The runtime for the simulation of each reduced mechanism is tracked using a 

function fCPU(tCPU(0), tCPU(r)) that depends on the time required for reaching a solution for the 

simulation with the reduced tCPU(r) and the full mechanism tCPU(0). Unlike the method from [33], 

our approach considers the computational time as a part of the objective function, its importance 

relative to the other criteria can be freely suggested by the user to match a certain need. 

Each of the terms from the Eq. (5) is discussed in further detail in Section 4. 

 

3.3 Selection, Crossover, and Mutation 

The probability of selecting a chromosome for the next generation depends on its fitness value so 

that the fittest chromosomes are usually preferred, whereas some less fit chromosomes can still 

contribute valuable diversity. In this work a tournament selection is applied [35]. The general 

concept of tournament selection relies on a random selection of two or more chromosomes from 

the population, and choosing the fittest one among them. This is repeated n times, where n is the 
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number of chromosomes in the population (population size). Tournament selection has many 

advantages discussed by Goldberg and Deb [36], Blickle and Thiele [37], and Zhong et al. [38].  

At the crossover stage, all of the chromosomes (except those retained by the elitist selection) are 

paired up and their genes are exchanged with a previously defined probability. There are several 

ways to perform a crossover. In our case the crossover of two chromosomes   RN
1,0,   is 

accomplished by randomly choosing a single point at index  RNi ,,1 from which the genes 

of the two chromosomes are swapped, yielding children  

 ],,,,,,,[ and ],,,,,,,[ 2121221211 RR NiiiNiii       

This operation is known as a single-point crossover and is illustrated on Fig. 3.  

After the formation of the children, a mutation operation takes place altering only a small 

number of randomly chosen genes in the chromosomes with a user-defined probability pm (Eq. 

6).  

      miR pPNi  0  ,,2,1   (6) 

This operation is important as it introduces diversity and helps to avoid stagnation at local 

optima. However, the mutation probability should be fairly low, otherwise it might randomize 

the entire search and destroy a good solution. In this work, the aim is to drive the solution 

towards smaller mechanisms, therefore, the mutation is done in one direction only, i.e., genes 

with a value 1 are converted to 0 while a value of 0 remains unchanged. This means that 

reactions are being gradually eliminated during the evolution beyond the elimination resulting 

from the evolution pressure applied by the fitness function. It must be stressed that for this 

particular goal, the mutation rate must be adjusted to the mechanism size (chromosome length) 

as the aggressive elimination of reactions might irreversibly eliminate important reaction paths 

and push the solution beyond an optimum. As the size of the mechanism is already a part of the 
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evaluation function (Section 4), the mutation should only provide a little help with the faster 

convergence towards the smaller mechanisms. (The effect of using a one-directional instead of a 

two-directional mutation operation is presented in Fig. A5 and discussed in Appendix A.) With 

the mutators defined in this way, the genetic algorithm is strongly directed towards reduction. A 

general one-directional mutation scheme is illustrated on Figure 4. 

Having completed the operations of crossover and mutation, a new population is created and 

evaluated once again for the next cycle of selection and reproduction.  

 

3.4 Evaluation Function 

Achieving a significantly reduced mechanism with the preserved overall chemistry implies 

searching for a minimal deviation in terms of chemical properties between the reduced and the 

detailed mechanism. In other words, the acceptable deviation must be specified and incorporated 

into the evaluation function. In the work from Elliott et al. [23] the evaluation function 

incorporated species concentration profiles (generated using PREMIX code, [39]) for each 

genome and the aim of the genetic algorithm was to maximize this function, Eq. 7. 

 

1

1 1
orig

origcalc

PREMIX

conditions
reduced

2

2



  

























 
  

N

j

n

k
L

jk

L
jkjk

k

s

Y

YY
Wf   (7)

  

The function takes into account 
conditionsN boundary conditions, the mole concentrations of the kth 

species in the jth set of boundary conditions for the reduced and the detailed mechanism ( calc

jkY  

and orig

jkY  respectively), the normalized weights for each species which denotes their importance (

kW ) and the coefficient ε was introduced to avoid numerical overflow. In later work, [26], the 

mechanism evaluation was based on a combination of functions evaluating mechanisms for 
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perfectly stirred reactors (PSR) and laminar premixed flame simulations, which improved the 

applicability of the reduced mechanism. The mathematical form of the PSR function was of a 

similar form as the Eq. 7, and the overall evaluation function maximized by the genetic 

algorithm was created by multiplying the PSR and the PREMIX function. 

Another example, Perini et al., [32] used the genetic algorithm to optimize the reduced 

mechanism, extending the function from [26] to take into account the temperature and the 

species time evolution. These functions use the accuracy of the reduced mechanism as the 

reduction criteria, and the single values were normalized against their corresponding original 

values using the L2 norm (Eq. 8). 

   21
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2  dxxff
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      (8) 

A work from Hernandez et al. [28] defines the objective function that evaluates the difference 

between the ignition delay times (τ) and the combustion temperature (Tcomb) of the reduced and 

the detailed mechanism under N different sets of initial conditions for the constant volume 

simulations. The function uses linear normalization of the results from the reduced mechanism, 

against the corresponding values from the detailed mechanism (Eq. 9). 
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In this paper only few definitions of the function were described in order to give a brief overview 

on some existing approaches to definition of the evaluation function.  

As previously stated, for a homogeneous reactor the properties of interest are the ignition delay 

time and a steady-state temperature. In addition, the concentration of species can be tracked by 

the evaluation function. This function can be defined by simple linear expressions (Eq. 10 and 
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11) of the relative difference between the results from the reduced and the detailed mechanism, 

featuring weighting factors w1 and w2 respectively.  
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In addition to the accuracy criteria, the evaluation of the cost of solving the mechanism was 

introduced to improve the reduction, to avoid the stiffness and to reduce the runtime in the later 

iterations of the genetic algorithm. This reduced runtime is particularly important for the parallel 

solution of different mechanism (chromosomes), as it helps to avoid that the processors have to 

wait for the solution of exceptionally slowly- or non-converging mechanisms, enabling the 

evaluation of more generations in a shorter time. For the cost criteria, a different type of 

functions was used as the aim of reducing computational cost is different than reducing the error. 

This is due to the fact that from the deviation point of view, the solution must approach an 

optimal value, while for the cost, the lowest possible value should be reached. Simple 

expressions for the cost evaluation were introduced in linear form, where the runtimes and 

number of reactions for the potential reduced mechanism was normalized against the runtime 

and the number of reaction of the detailed mechanism (Eq. 12 and 13) and multiplied with 

weighting factors w3 and w4 respectively. 
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Although relatively simple and obvious, these expressions were not satisfactory and therefore 

replaced by more complex expressions that were found to give a good trade-off between 
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different terms of the evaluation functions and to improve the overall convergence of the 

algorithm. For the ignition delay time error expression (Eq. 10), we have finally chosen a 

logarithmic dependence on the relative difference between the ignition delay times of the 

reduced and the full mechanism (Eq. 14). This logarithmic expression has the advantage of a 

steep convergence towards the optimal point for the accuracy (τi(0)). If τi(r) is not predicted well 

enough, but the performance is still promising, the chromosome has a chance to survive and ‘fix’ 

the τi(r) in the next generation.  
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The sharpening factor σ is used to adjust the steepness of the function, thus directing the solution 

to the reference point with more or less evolution pressure. The influence of this factor on the 

corresponding function term is illustrated in Fig. 5a. The same type of the function is adopted for 

the steady-state temperature error (Eq. 15). 
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Changing its sharpness factor will generally put more weight on the accuracy, hence leading to 

chemical mechanisms that are more accurate in terms of ignition delay time and reaching a 

steady-state temperature. A number of numerical experiments have shown that the logarithmic 

form of the accuracy function does not outweigh other terms of the overall objective function 

(due to the low-steepness in the area of large deviations). To avoid outweighing the other parts of 

the function, the cost terms had to be modified as well, leading to a sigmoid form for the number 

of reactions (Eq. 16) and the runtime (Eq. 17).  
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The asymptotic behavior of the sigmoid functions (Fig. 5c and 5d) prevents the cost criteria to 

outweigh the other part of the overall function, so that a sensible solution can be expected in the 

steep part of the curve. The sharpening coefficient σ and shifting coefficient λ are required for 

tuning the functions in such a way to favor chemically reasonable solutions. The effect of the 

different expressions for the cost evaluation function terms on the overall algorithm behavior is 

examined in Appendix A. 

 

The overall evaluation function composed of the terms described above is found to provide a fast 

convergence towards the plausible solution. These expressions are shown to preserve the 

important features observed during the evolution ensuring a good tradeoff between the individual 

criteria and if necessary, weights for each part of the overall objective function can be introduced 

and controlled easily.  

 

4. Results 

The reduction technique was tested for the GRI3.0 mechanism for natural gas combustion 

consisting of 325 reaction steps and 53 species, and for an iron-oxide formation mechanism [1] 

that consists of 144 reactions and 34 species. The reduction was done for a homogeneous 

constant-pressure reactor model only, but the performance of the resulting reduced mechanisms 

was also analyzed for a laminar flame model. The reduction ran for 1,000 generations with a 
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population size of 48 on HPC server providing 24 AMD Opteron 2.6 GHz cores within 192 and 

72 CPUh for methane and iron pentacarbonyl respectively. 

 

4.1 Methane Combustion Mechanism 

The test case for reducing the GRI-Mech 3.0 was constructed to correspond to the test case by 

[23] for the combustion of a stoichiometric mixture of 12.5 % methane, 25 % oxygen and 62.5 % 

argon (mole fractions) in a homogeneous constant-pressure reactor model. The reduced 

mechanism was then applied for a burner-stabilized flame model with conditions taken from 

[23]. The reactor has been simulated at a pressure of 2670 Pa and an initial temperature of 1800 

K. For the genetic algorithm search process, a population of 48 chromosomes was set, 

corresponding to the number of CPU cores available on a single server node. The coefficients of 

the evaluation functions (Eqs. 14 – 17) are presented in Table 1. 

The tournament selection, a single-point crossover with a crossover rate of 0.4 and a one-

directional mutation operation with the mutation rate of 0.003 provided a plausible convergence 

within 1000 generations (Table 2). The mutation was applied to the entire chromosome, so that a 

small mutation probability had to be chosen for each gene. As a result, the best performing 

mechanism was found in generation 339 with an overall score of 0.01898 (Fig. 6), consisting of 

58 reactions (Fig. 7). The evolution diagram (Fig. 6) shows the best scores within a generation 

and the statistical distribution of the scores for all the individuals, expressed as quantiles (Q). 

To see what this raw score means in terms of physical properties of the combustion process, 

temperature and species profiles have been calculated and compared to the ones from the 

detailed mechanism. A comparison of temperature and major species profiles from the detailed 
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and reduced mechanisms calculated for a homogeneous constant-pressure reactor is shown in 

Figures 8a and 8b. 

 

To test the suitability of the reduced mechanism for a flame, a burner-stabilized premixed flame 

[23] was used to calculate important species profiles and temperature profiles along the flame 

axis, for the full and the reduced mechanisms. The mixture composition and pressure were set as 

in the reactor case, with the unburned gas temperature of 373.7 K. Temperature and species 

profiles along the flame axis calculated from the reduced and detailed mechanism are compared 

in Figs. 8a and 8b. It is interesting that even though the mechanism was not reduced with the 

flame calculations within the evaluation function, the mechanism was still able to produce 

similar flame results as the full mechanism. This implies that a reduced mechanism for a flame 

can be obtained very efficiently by first reducing the mechanism for an (easy to solve) 

homogeneous reactor and only then continuing the optimization for the (more expensive to 

solve) flames. 

 

4.2 Iron Pentacarbonyl Mechanism 

An iron pentacarbonyl mechanism that describes the gas-phase synthesis of iron and iron-oxide 

nanoparticles is considered, which was found to have a significant catalytic effects on the 

kinetics of hydrocarbon flames. An extensive mechanism for iron pentacarbonyl doped hydrogen 

or methane flames was first introduced by Rumminger et al. [40], enhanced by Staude et al. [41] 

and extended for iron oxide formation by Wlokas et al. [1]. For the hydrogen combustion branch, 

the mechanism by Li et al. [42] is used. The mechanism is reduced using genetic algorithms. The 

results are validated against the detailed mechanism. The reacting mixture is composed of the 
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following mole fractions: 2857.0
2H X , 2857.0

2O X , 0003.0
55OFeC X , 4248.0Ar X  and 

reacts at a pressure of 3000 Pa at an initial temperature of 1100 K. For the genetic algorithm 

search, a population size of 48 chromosomes, a tournament selection and a single-point 

crossover (crossover rate 0.6) were used. The one-directional mutation rate for this case is 0.002 

(Table 3). The evaluation function terms from Eqs. (14 –17) were adopted, with an additional 

term that is used to preserve the concentration of a fictitious gaseous species Fe2O3 [1], (Eq. 18). 

 












 


)0(OFe

)0(OFe)(OFe

OFe

32

3232

32
1ln

X

XX
f

r
  (18) 

The coefficients for tuning the evaluation function (Eqs. 15–19) used for this case are given in 

Table 4. 

Evolution diagrams for the overall evaluation function and the number of active reactions are 

shown in Figures 9 and 10.  

The reduced iron pentacarbonyl mechanism was used for the simulation of reactions in a freely-

propagating flame calculation and the results were compared to those obtained with the detailed 

mechanism. The flame was simulated with the same mixture composition and pressure as for the 

reactor case; with an unburned gas temperature of 373 K. Figures 11 and 12 show a good 

agreement between the results for the detailed and the reduced mechanism. 

 

5. Conclusions 

A method based on a genetic algorithm was used to reduce the size of reaction mechanisms by 

eliminating reactions that are “unimportant” for a specific set of conditions. The method 

gradually eliminates reactions from the full mechanism according to the user’s defined accuracy 

and cost criteria, and maintains the most important properties of the full mechanism (namely 
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describing temperature and species profiles and ignition delay time). The parameters of the 

genetic algorithm and the specific definition of the evaluation function can be set to allow a 

flexible adjustment of the reduction criteria to the needs of the user. The tracking of the runtime 

for each calculation has shown to enhance the convergence of the reduction process towards a 

fast solution by avoiding stiffness and long waiting times on the other processor cores during the 

parallel computing. The new methodology was applied to reduce a methane combustion 

mechanism (GRI-Mech 3.0) from 325 reactions and 53 species to 58 reactions and 26 species; 

and to reduce a combined iron pentacarbonyl and hydrogen combustion mechanism from 144 

reactions and 34 species to 37 reactions and 24 species. The mechanisms were evaluated for both 

homogeneous reactor and laminar flame cases. The reduction method was found to be easily 

adjusted for generating reduced mechanisms with a user-specified tradeoff between size and 

accuracy.  
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Appendix A. 

 

Effect of initialization 

The effect of different initializations was studied, comparing an initialization with the full 

mechanism to an initialization where one reaction was deactivated in every chromosome. Figure 

A1 shows the evolution of the total score over the generations, indicating that the type of 

initialization only affects the very first generations. For this case, the setup starting from the full 

mechanism has surpassed the incomplete initialization after approximately fifty generations, but 

the latter has converged faster initially.  

 

Effect of one-way vs. two-way mutation 

A mutator was chosen to create additional evolution pressure towards smaller mechanisms by 

only permitting mutations to remove reactions, but not to add them again. Where this approach 

involves the risk that a key reaction might be “lost” forever, we have found this approach to be 

generally beneficial, as can be seen by the faster convergence in Fig. A2 as compared to Fig. A3. 

The overall error and the remaining reactions over 500 generations for the sigmoid normalization 

of the runtime and the number of reactions are shown for the two-directional mutation (Fig. A3) 

and the one-directional mutation (Fig. A4). The two-directional mutation results in somewhat 

slower convergence and many previous tests have shown that it may lead to a slightly bigger 

mechanism, as would be expected, since this mutator shifts the evolutionary pressure towards 

small mechanism. But the overall effect is small. Nevertheless, the mutation rate for both 

mutators must be carefully chosen to prevent the solution to fall beyond the optimum.  
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Effect of the choice of evaluation functions 

In order to examine the effect of the major parameters of the genetic algorithm on its overall 

convergence, a mechanism containing 104 reactions [43], combined with the mechanism from 

[40], was taken as a test case. The study considers various evaluation functions for the cost 

parameters (runtime and number of reactions), the initialization, and different mutators. The 

terms for the evaluation of the accuracy criteria (Eqs. 14 and 15) are defined in a way that directs 

the potential solution towards the correct solution calculated from the detailed mechanism 

(reference point). On the other hand, cost evaluation terms (Eqs. 16 and 17) aim to direct the 

potential solution towards the smallest possible value. In order to achieve a satisfactory trade-off 

between the two usually ‘opposed’ parts (accuracy and cost) of the overall evaluation function, 

the cost criteria must be designed carefully to avoid outweighing the accuracy criteria. Numerous 

experiments were done with different shapes and weighting factors for the functions. In the 

present paper, only three types of functions were presented, namely linear, square and sigmoid as 

shown in Fig. A4.  

For testing, these functions were weighted to correspond to the best-performing sigmoid function 

adopted as the optimum for the number of reactions (Eq. 16) and the runtime (Eq. 17). The linear 

normalization function for the runtime is  )0()(125.0 CPUrCPUCPU ttf   while the linear function 

for the number of reactions is  RrN NNf
R

6667.0 . Square normalization functions are, for the 

runtime  2
)0()(03125.0 CPUrCPUCPU ttf  and for the number of reactions  2

8889.0 RrN NNf
R
 . 

The accuracy terms use Eq. (14) for the ignition delay time, Eq. (15) for the temperature, and Eq. 

(18) for the iron-oxide mole fractions. A homogeneous reactor case is used for the evaluation. A 

single-point crossover with a probability of 0.4 was applied, combined with a tournament 

selection for a population size of 48. The full-mechanism initialization and one-directional 
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mutation were used. The effects of linear, square and sigmoid normalization on the overall error 

and the reduced mechanism’s size behavior are shown in Figs. A5–7.  

Square normalization functions give better convergence behavior of the algorithm in comparison 

to the linear functions during 500 generations as shown on Fig. A6. The algorithm using linear 

functions (Fig. A5) did not reach the stagnation point in 500 generations, while square (Fig. A6) 

and sigmoid functions (Fig. A7) did. Not only was the convergence influenced by the choice of 

the normalization cost functions, but the accuracy as well. In our cases, the sigmoid form of the 

cost functions gave the best accuracy-cost balance in comparison to the other two (Fig. A7).  

 

Effect of the crossover rate 

For a constant population size of 48 individuals, as used in the analysis above, the crossover rate 

was varied to examine its influence on the overall convergence of the algorithm within 500 

generations. Figure A8 shows the behavior of the minimal value of the overall error for runs with 

different crossover rates. The crossover rate has a small impact on the convergence of the 

algorithm within 500 generations, but a good compromise between the convergence speed and 

the minimal error value is achieved for a crossover rate of 0.4 which is consistent with the “rule 

of thumb” for different genetic algorithm applications [44]. 

 

Effect of the population size 

The effect of population size on the rate of convergence was investigated at a constant crossover 

rate of 0.4. Figure A9 shows the expected behavior of faster convergence with a bigger 

population size, but it must be noted that the effort for the solution of a single generation 

increases with the size of the population, as well as the variance of the population. This is 
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illustrated on Figure A10, where the overall error distribution in terms of its minimum and the 

median (Q50) is shown along the entire sampling space. The number of samples is the number of 

the genomes in the population multiplied with the number of generations.  
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Tables 

Table 1 Parameter values for the evaluation function terms used to reduce the GRI-Mech  

3.0  

 

Term σ λ 

Eq. (14) 1 - 

Eq. (15) 1 - 

Eq. (16) 6 0.75 

Eq. (17) 6 4 
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Table 2  Genetic algorithm parameters used for the reduction of GRI-Mech  3.0  

 

Parameter Value 

Population size 48 

Selection Tournament selection 

Crossover Single-point 

Crossover rate 0.4 

Mutation One directional 

Mutation rate 0.003 

Number of generations 1000 
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Table 3 Parameter values for the evaluation function terms used to reduce the iron 

pentacarbonyl mechanism. 

 

Term σ λ 

Eq. (14) 4 - 

Eq. (15) 4 - 

Eq. (16) 6 0.75 

Eq. (17) 6 4 

Eq. (18) 4 - 
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Table 4 Genetic algorithm parameters used for the reduction of the iron pentacarbonyl 

mechanism 

 

Parameter Value 

Population size 48 

Selection Tournament selection 

Crossover Single-point 

Crossover rate 0.6 

Mutation One directional 

Mutation rate 0.002 

Number of generations 1000 
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Figure 1 Activity chart of the genetic algorithm  

  



34 
 

a)  b)  

Figure 2 Initial populations of four mechanism representations (chromosomes) for a) a full-

mechanism initialization and b) mechanisms with only one reaction missing 
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Figure 3 A single-point crossover between two parents 
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Figure 4 One-directional mutation 
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a) b) 

 

c) d) 

Figure 5 Evaluation function terms for a) ignition delay time, b) steady-state temperature, 

c) number of reactions and d) computational time. 
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Figure 6 Overall score for reduced mechanisms during evolution 
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Figure 7 Number of reactions in the reduced mechanisms (chromosomes) 
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Figure 8a Comparison of the temperature and the species profiles for the full and the 

reduced GRI-Mech 3.0 for the reactor. 
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Figure 8b Comparison of the temperature and the species profiles for the full and the 

reduced GRI-Mech 3.0 for the flame. 
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Figure 9 Evolution of the reduced mechanisms in 1000 generations. 
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Figure 10 Evolution of the overall score of the reduced mechanisms in 1000 generations. 
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Figure 11 Simulated temporal variation of temperature and important iron and hydrogen 

species concentrations for a homogeneous constant-pressure reactor based on the full and the 

reduced mechanism. 
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Figure 12 Simulated spatial variation of temperature and important iron and hydrogen 

species concentrations for a freely-propagating flame based on the full and the reduced 

mechanism. 
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Figure A1 Overall error convergence over 100 generations, for the case of the full-

mechanism initialization (left) and “one reaction missing” initialization (right). 
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Figure A2 Overall convergence with the two-directional mutation (sigmoid normalization of 

the runtime and the number of reactions).  
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Figure A3 Overall convergence with the one-directional mutation (sigmoid normalization of 

the runtime and the number of reactions).  
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Figure A4 Linear, square and sigmoid normalization function f(x), where x stands for the cost 

parameter. 
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Figure A5 The overall error and the remaining reactions over 500 generations for the linear 

normalization of the runtime and the number of reactions. 
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Figure A6 The overall error and the remaining reactions over 500 generations for the square 

normalization of the runtime and the number of reactions. 
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Figure A7 The overall error and the remaining reactions over 500 generations for the 

sigmoid normalization of the runtime and the number of reactions. 
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Figure A8 The overall error over 500 generations for runs with the constant population size 

of 48 individuals and different crossover rates, p(cross). 

  



54 
 

 

Figure A9 The overall error minimum and the median distribution over 500 generations for 

runs with the constant population crossover rate of 0.4 and different population size. 
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Figure A10 The overall error minimum and the median distribution over the overall number of 

investigated samples within 500 generations for runs with the constant population crossover rate 

of 0.4 and different population size. 
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Figure Captions 

Figure 1  Activity chart of the genetic algorithm  

Figure 2  Initial populations of four mechanism representations (chromosomes) for a) a full-

mechanism initialization and b) mechanisms with only one reaction missing 

Figure 3 A single-point crossover between two parents 

Figure 4 One-directional mutation 

Figure 5 Evaluation function terms for a) ignition delay time, b) steady-state temperature, 

c) number of reactions and d) computational time. 

Figure 6 Overall score for reduced mechanisms during evolution 

Figure 7 Number of reactions in the reduced mechanisms (chromosomes) 

Figure 8a Comparison of the temperature and the species profiles for the full and the 

reduced GRI-Mech 3.0 for the reactor. 

Figure 8b Comparison of the temperature and the species profiles for the full and the 

reduced GRI-Mech 3.0 for the flame. 

Figure 9 Evolution of the reduced mechanisms in 1000 generations. 

Figure 10 Evolution of the overall score of the reduced mechanisms in 1000 generations. 

Figure 11 Simulated temporal variation of temperature and important iron and hydrogen 

species concentrations for a homogeneous constant-pressure reactor based on the full and the 

reduced mechanism. 

Figure 12 Simulated spatial variation of temperature and important iron and hydrogen 

species concentrations for a freely-propagating flame based on the full and the reduced 

mechanism. 

Figure A1 Overall error convergence over 100 generations, for the case of the full-

mechanism initialization (left) and “one reaction missing” initialization (right). 

Figure A2 Overall convergence with the two-directional mutation (sigmoid normalization of 

the runtime and the number of reactions).  

Figure A3 Overall convergence with the one-directional mutation (sigmoid normalization of 

the runtime and the number of reactions). 

Figure A4 Linear, square and sigmoid normalization function f(x), where x stands for the cost 

parameter. 

Figure A5 The overall error and the remaining reactions over 500 generations for the linear 

normalization of the runtime and the number of reactions. 

Figure A6 The overall error and the remaining reactions over 500 generations for the square 

normalization of the runtime and the number of reactions. 

Figure A7 The overall error and the remaining reactions over 500 generations for the 

sigmoid normalization of the runtime and the number of reactions. 
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Figure A8 The overall error over 500 generations for runs with the constant population size 

of 48 individuals and different crossover rates, p(cross). 

Figure A9 The overall error minimum and the median distribution over 500 generations for 

runs with the constant population crossover rate of 0.4 and different population size. 

Figure A10 The overall error minimum and the median distribution over the overall number of 

investigated samples within 500 generations for runs with the constant population crossover rate 

of 0.4 and different population size. 
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