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ABSTRACT 
The Fischer-Tropsch synthesis is the collection of several 

reactions which are used to produce hydrocarbon products 

from synthesis gas. This method is able to produce more than 

70 types of products. The selectivity models of the products 

such as: diesel, gasoline, methane and C21
+in the Fischer-

Tropsch synthesis over Fe-Mn catalyst were obtained while 

have been discussed less about the selectivity models in the 

references. Neural networks and response surface method 

were used to determine the effect of operating parameters such 

as: temperature, pressure and H2/CO ratio and space velocity 

on the selectivity of products. Operating parameters were 

varied as follow: reaction temperature 523-573 K, reaction 

pressure 1.5-3 Mpa and H2/CO ratio 0.67-2. The highest 

influence related to temperature and H2/CO ratio parameters 

and the lowest was pressure on the selectivity of products such 

that has been removed from some of the models. 

In addition, the interaction between temperature and H2/CO 

ratio was interaction parameter. The results showed that the 

values predicted by the neural network could satisfy the 

experimental data, so use of neural network to predict the 

selectivity values in Fischer-Tropsch synthesisis an effective 

method. 
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1. INTRODUCTION 
Decreasing oil resources and the existence of high resource of 

methane and coal (1.5 and 25 times of that of the crude oil) 

and also increasing petroleum price in recent decades caused 

to considered the Fischer- Tropsch Synthesis (FTS) 

significantly [1-5]. In FT reaction, synthesis gas (CO and H2) 

convert into paraffin’s, olefins and oxygenated compounds [1, 

6-10]. All of these products are resulted from hydrogenation 

and polymerization of carbon monoxide [11]. Converting of 

Syngas is perform at two procedures, low temperature and 

high temperature that high temperature is mainly used to 

convert gasoline and chemicals like alpha-olefins and low 

temperature method is appropriate for the production of waxes 

[12]. Catalyst plays an importance role in the FT process. 

Between all metals which can be used to provide the required 

activity of FT process, Iron and Cobalt catalysts have been 

more 

Studied and used for industrial applications [13, 14]. 

Iron-based catalyst system (namely Fe-Cu-K and Fe-Mn 

catalysts) is highly regarded because of several reasons such 

as: low cost and high water-gas shift reaction. Also the iron- 

based catalysts are more appropriate for synthesis gas rich in 

CO [15-19] and have high efficiency of olefin in the 

distribution of hydrocarbons [20-25]. Some of metals such as 

K, Mn, Cu, and Ca can be used as promoters for improving 

Fe-based catalyst performance [26]. Recently, the catalytic 

system of iron-manganese has been highly considered since 

the properties such as: high selectivity of alkenes with low 

molecular weight [27-29], high selectivity of middle distillate 

cut products (these products derived from it, can be used as 

feedstock of chemical industrial) and increasing FTS activity 

[30-33]. Selection of an appropriate reactor is another 

significant subject in the FT process. Among all reactors that 

have been used in this industry (fixed bed, fluidized bed 

reactors and slurry bubble column reactor), the slurry bubble 

column reactors (SBC) have special importance [3, 7]. Since 

the FT process is a highly-exothermic process (Hr = -

165Kj/mol) [11] Thus, slurry bubble column reactors are 

considered an appropriate choice for this process due to many 

advantages such as: temperature proper control and the small 

size of solid particles which leads to higher efficiency, low 

pressure drop, its low operation cost, low constructions [1, 34] 

and a relatively high coefficient of heat transfer [30, 33].  

In addition to the mentioned cases, it is important to obtain 

models which can offer manner of distribution of FT products 

since in FT reaction produced over 70 different products. On 

other hand, studying and finding the best operating conditions 

that can support maximum production of designed products is 

costly and time consuming. Therefore trying to reduce the 

costs and save time while achieving favorable results is an 

important matter. 

Selectivity models are convenient and practical ways for 

explain how the distribution of any of products during 

reaction. It also investigate the effect of each operating 

parameters (temperature, pressure, space velocity and H2/CO 

ratio in feed) and the impact of interaction of them. In this 

study, selectivity models of products of FTS, the performance 

of these effective parameters on the selectivity of the products 

and their effects on each other are evaluated using artificial 

neural network (ANN) and response surface model (RSM). 

 

 

1.1. Artificial Neural Network (ANN) 
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In recent years, ANN have been identified an appropriate 

strategy and applications to improve the experimental models 

by means of modeling [35]. ANN is made of a genetics 

algorithm. Actually is a calculated model that has been 

grounded on the basis of processor system of human brain data 

and is considered as one of the useful optimization methods to 

get the best input and output for a system. Knowledge of 

neural networks is achieved from patterns and relationship 

between the empirical data that is used to its education [36-

39].  

Complex and non-linear issues are simulated with using a 

different number of these non-linear processing elements [40]. 

ANN is set of layers and nodes or neurons (processing 

elements). These layers are divided into three categories: input 

layer (receiver of raw data), the output layer (its performance 

is depending on the hidden layer activity and neurons weight) 

and the middle layer (the layer where data processing is carried 

out) [41, 42]. Neurons are powerful, small, single (but related 

to each other) processor elements [43]. They are connected to 

each other by communications signal. Several inputs enter to 

each neuron from other neurons according to their weight and 

single output or multiple output signals are produced by each 

neuron [44]. The number of neuron is different for each layer 

so that, in the input layer, it is equal to the number of input 

parameters and for output layer is equal to the number of 

output parameters. For middle layer, which can also be formed 

from multiple layers, the number of nodes is also variable and 

depends on the achievement to the best response that is defined 

during simulation by the user. Each input elements multiplied 

on corresponding its weight when enters into a layer and 

connects with neurons. In other words, the training process of 

network is setting the neurons weights in response to the 

calculated error between calculated values and target value. 

Generally, neural network can be used in FT process as a 

predictor. Meaning that artificial neural network plays a role 

of a reactor in this matter (according to the definition given to 

it) i.e. by having experimental data on the defined operating 

conditions, they are used with the aim of training, validating 

and testing network and finally the required output data, which 

are dependent parameters, are calculated with very high 

accuracy. 

 

2. EXPERIMENTS 
In this study the selectivity models obtained from the data of 

referenced article [45], to FT products such as gasoline, diesel, 

methane and C21 
+ (table 1). 

This process carried out on Fe-Mn catalyst in the slurry 

column reactor with height and diameter 30 m and 5 m, 

respectively. The catalyst specifications are presented in table 

2. 

 

3. ARTIFICIAL NEURAL NETWORK-

BASED MODELING 
In order to selectivity modeling using ANN, temperature, 

pressure and H2/CO ratio considered as independent variable 

(input data) and selectivity value of each products selected as 

depend variable (responses). The structure of the designed 

network in this paper is as follows (Figure 1): 

ANN model was performed by using Matlab2012 Neural 

Network Module. Table 3 reported the calculated valid output 

data (responses). 

The number of hidden layer (it is same number of used  

neurons) and output layers were 5 and 1, respectively.70% of 

the total input data were selected completely random by the 

neural network (data set) for training network, 15% for 

validation and 15% remained for the final test of the network's 

training. Levenberg- Marquart algorithm is a network training 

function that weight and bias values updates according to the 

optimization method of Levenberg- Marquart that was 

considered as learning algorithm for this neural network. The 

appropriate number of neurons in the middle layer was chosen 

5 neurons. The best regression for each of the network 

parameters, such as: training, validation and testing are shown 

in Fig. 2 and table 4. Then a completely random experimental 

design was performed by RSM for each of the independent 

parameters in defined levels. 

By entering obtained input from experimental design to 

trained network, the output (selectivity of each product) was 

calculated. Finally, selectivity models of products achieved by 

entering the response in the RSM. 

 

4. RESULT AND DISCUSSION 
As mentioned above, the selectivity model for each of the 

products of FTS such as: diesel, gasoline, methane and C21
+ 

were achieved by neural network and RSM. 

Moreover, the effect of each of operating parameters on the 

products selectivity were investigated using ANOVA analysis, 

the ineffective parameters was removed from the model as for 

the P-values related to each of them. The Radj and R2 are also 

provided before and after correction of the models and finally, 

the best model was presented for each of the products (tables 

6-9). 

On the other hand, optimal tools have been used to achieve 

optimum condition. The results are shown in Table 5. 

The result showed a good agreement between predicted values 

with experimental data by comparing between them (Figs 3, 4 

and 5). All regressions and statistical analysis was carried out 

by design -expert software version 7. 

In order to investigate the impact of operating parameters and 

their interaction on selectivity of products, these selectivity 

models are reported in two ways: basic selectivity model and 

modified selectivity model (table 6-9). 

In fact, by investigation the P-values of any of operating 

parameters and interaction parameters in basic selectivity 

models, the ineffective parameters were detected then by 

removing them from these models, the modified selectivity 

models were achieved. Furthermore the statistical indicators 

obtained for any of selectivity models are reported in these 

tables. As seen, all models with P-value <0.0001 were able to 

predicted the selectivity value of any of products with an 

accuracy of over 95% confidence. 

Temperature, pressure and H2/CO ratio operating parameters 

were effective on the selectivity of CH4 and C21 + while on 

selectivity of gasoline temperature and H2/CO ratio and on 

distribution process of diesel two parameters temperature and 

pressure were more effective, respectively. The impact of 

interaction parameters on selectivity of products were more 

varied. So that the N×T, T2, N2 and P×T were more effective 

on the selectivity of two products CH4 and C21
+. But for 

gasoline N, T2 and N2 were only influential interaction 

parameters and P2, P×N and P×T were removed from basic 

selectivity model of gasoline. The how influence of each 

interaction parameters on diesel selectivity is as follow: 

T2> N2> N×T.  
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It should be mentioned that in this model H2/CO ratio 

parameters with P-value equal to 0.418 remained in the 

modified selectivity model since it has an interaction effect on 

temperature parameter.  

Evaluated impact of each operating condition on the 

selectivity of the products during the FT process is provided 

Fig. 6 (6a, 6b, 6c and 6d). For more details of comparison 

between the results of these graphs, all of these graphs are 

drawn based on two operating parameters, temperature and 

H2/CO ratio, at a constant pressure of 2.5 MPa. According to 

consideration, among other interaction parameters, T×N, 

among all four models is the most effective. Figs. 6a and 6c 

showed alterations of the selectivity of the two products diesel 

and gasoline under the influence of changes of H2/CO ratio 

and temperature at constant pressure 2.5 MPa. Both graphs 

shows similar results. As concluded from statistical results, the 

selectivity of these two products are a function of temperature, 

pressure and H2/CO ratio in feed. This means that for middle 

distillate products with increasing temperature and H2/CO 

ratio, at constant pressure, the selectivity increase and then 

began to decrease after reaching the maximum area. 

The increase and decrease is a result of increasing temperature 

in low H2/CO ratio within the reactor, for gasoline and diesel 

are 1.5 and 1.25 respectively, Due to the increase in carbon 

monoxide conversion, the production of longer-chain 

hydrocarbons and increases selectivity of these two products. 

But in the higher H2/CO ratio, since hydrogen is not able to 

grow hydrocarbon chain by itself, the selectivity of these 

products decrease. Also, the reason of decreasing 

C21
+selectivity and increasing CH4 selectivity by increasing 

the temperature and the H2/CO ratio can also be well 

understood by the same reason. (Figs. 6b and 6d). The Fig. 4 

shows the changes of selectivity of each product by increasing 

pressure. Increasing pressure lead to increase long- chain 

hydrocarbons production. In fact smaller chains lead to 

produce larger chains. Hence the selectivity of CH4 decrease. 

But at higher pressures because the production of 

hydrocarbons are beyond the range of C21
+ while the amount 

of the input feed remains without change so, the amount of 

production of intermediate products decreases while the 

amount of C21
+ selectivity continues dramatically to its 

increase. in addition to the experimental data, other results was 

calculated by neural network, that were calculated in the 

operating conditions defined by the experimental design (The 

operating conditions are within the range of operating 

conditions of laboratory), Thus were provided a wider 

possibility to predict the effect and importance of each 

operating parameter on the selectivity of the products more 

accurately. 

 

5. CONCLUSION 
In this study, the selectivity models were obtained with 

excellent accuracy, for products methane, diesel, gasoline and 

C21
+

 in the FTS over Fe-Mn catalyst by combining neural 

networks and experimental design. The simultaneous use of 

these software’s led to additional examining of the 

applicability and possibility of using neural network to predict 

the selectivity of the FTS products. The impact of various 

operating parameters and interactions of these parameters on 

each other has better considered using neural network. 

According to the results, it was observed that of all the input 

parameters, H2/CO ratio parameter at first priority and then the 

temperature in the second priority and also of all interaction 

parameters T×N (temperature- H2/CO ratio) is influential 

parameters during the process. Also according to the 

calculated optimum conditions, the maximum amounts for the 

selectivity of each product were obtained as follows: 

1- For diesel: 25.03 at P=1.5 MPa, H2/CO=1.64 and 

T=559.87 K 

2- For gasoline: 37.84 at P=1.5 MPa, H2/CO=1.88 and 

T=545.22 K 

3- For C21
+: 67.08 at P=3.24 MPa, H2/CO=0.67 and T=523 K 

4- For CH4: 67.05 at P=1.2 MPa, H2/CO=2 and T=523 K 

According to the comparison was performed between results 

from the neural network prediction and experimental data, 

selectivity models of products were obtained with very low 

error with the concomitant use of neural networks and 

experimental design. Finally, it must be pointed that achieving 

the selectivity models leads to decrease costs of experimental 

and saving time. 
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Table 1. Experimental data for hydrocarbon products on Fe-Mn catalyst at inlet superficial gas velocity 0.2 m/s 

and different temperatures, pressures and H2/CO ratios

+
21%C %gasoline %diesel 4%CH /CO2H P(Mpa) T(K) Test. No 

57.1 14.7 14.5 1.94 1 3 523 1 

53.2 15.6 16.3 2.74 1 3 526 2 

44 18.1 20.5 4.35 1 3 533 3 

38.87 19.4 21.1 5.60 1 3 536 4 

26.8 24.2 22.7 8.23 1 3 543 5 

22.74 25.6 21.9 9.84 1 3 546 6 

13.1 28.9 20.2 13.7 1 3 553 7 

10.64 29 18.4 15.8 1 3 556 8 

5.16 29.7 14.4 20.8 1 3 563 9 

4.03 28.5 12.4 23.4 1 3 566 10 

1.45 26.1 8.06 29.1 1 3 573 11 

46.9 16.8 16.8 3.78 0.67 3 543 12 

42.03 18.5 18.1 4.86 0.75 3 543 13 

17.17 28.4 20.4 12.6 1.25 3 543 14 

7.16 32.6 18.1 17 1.5 3 543 15 

4.19 31.5 13.2 23.1 1.75 3 543 16 

1.08 30.7 8.24 29.2 2 3 543 17 

13.4 25.2 17.5 18.5 1 1.5 543 18 

15.92 25.3 18.9 16 1 1.75 543 19 

18.4 25.5 20.3 13.4 1 2 543 20 

20.59 25.2 21.1 11.9 1 2.25 543 21 

22.7 25 21.8 10.3 1 2.5 543 22 

24.67 24.6 22.2 9.31 1 2.75 543 23 

25.71 23.6 22.8 7.43 1.00 3.25 543 24 

26.8 23 22.9 6.43 1.00 3.5 543 25 

 

Table 2. Catalyst Properties 

Value Catalyst Properties 

3-1900Kg.m Particle density 

1-.K1-1.7 Wm Thermal conductivity 

1-.K1-993j.Kg Heat capacity 

m6-80×10 Diameters of catalyst particle 
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Fig.1. Structure of artificial neural network 

Table 3. Calculated responses by artificial neural network for designed experimental condition 

%C21
+ %diesel %gasoline %CH4 T(K) H2/CO P(Mpa) 

4.57 21.87 33.27 20.76 548 1.34 2.5 

0 25.26 28.74 53.74 573 2 3.5 

12.72 22.33 29.03 14.91 548 1.34 3.5 

34.96 7.77 22.91 6.32 523 1.34 2.5 

4.57 21.78 33.27 20.76 548 1.34 2.5 

15.04 2.26 25.84 11.49 523 2 3.5 

0 12.16 30.86 38.48 548 2 2.5 

5.15 17.49 31.35 30.32 548 1.34 1.5 

10.92 3.08 17.74 18.71 573 0.67 3.5 

4.57 21.87 33.27 20.76 548 1.34 2.5 

67.51 20.32 7.91 0 523 0.67 3.5 

4.57 21.87 33.27 20.76 548 1.34 2.5 

3.63 19.94 27.86 69.39 573 2 1.5 

5.96 0.22 29.23 26.06 523 2 1.5 

4.71 0 22.94 34.12 573 0.67 1.5 

4.57 21.87 33.27 20.76 548 1.34 2.5 

4.57 21.87 33.27 20.76 548 1.34 2.5 

32.25 11.96 17.28 5.39 548 0.67 2.5 

0 28.99 28.99 20.85 573 1.34 2.5 

50.82 2.63 2.63 20.85 573 1.34 2.5 
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Table 4. Regression results obtained from neural network 

All Test Validation Training Products 

0.991 0.996 0.997 0.997 Diesel 

0.996 0.996 0.997 0.999 Gasoline 

0.999 1 0.999 0.999 +
21C 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.2.The regression graph obtained from neural network for CH4 
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Fig.3. Compare calculated data with the experimental data at variant H2/CO ratio 

 

Fig.4. Comparison of calculated data with the experimental data at variant pressure

 

Fig.5. Comparison of calculated data with the experimental data at variant temperature 

 



Selectivity Model of Fischer-Tropsch Synthesis over Fe-Mn Catalyst Using Artificial Neural Networks 

 

Copyright © 2016. Innovative Research Publications. All Rights Reserved 238 

 

Table 5. Optimization results for products 

Selectivity% H2/CO ratio P(Mpa) T(K)  

25.03 1.64 3.5 559.87 Maximization of Sdiesel 

0 2 2.01 523 Minimization of Sdiesel 

37.84 1.88 1.5 545.22 Maximization of Sgasoline 

8.48 0.67 3.24 523 Minimization of Sgasoline 

67.08 0.67 3.24 523 Maximization of SC21
+ 

2 1.5 546,74 0 Minimization of SC21
+ 

67.05 2 1.5 523 Maximization of SCH4 

0 1.02 3.04 523 Minimization of SCH4 

 

Table 6. Basic and modified selectivity model and statistical indicators of C21
+ 

C21
+ basic selectivity model=4521.1+74.37*P-405.32*N-15.17*T-3.28*P*N+0.64*N*T-0.57*P2+15.01*N2+0.01*T2 

C21
+ modified selectivity model=4420.55+71.51*P–404.02*N–14.79*N–3.28*P*N-0.11*P*T+0.64*N*T+14.52*N2+0.01*T2 

2T 2N 2P N*T P*T P*N T N P Model 
P-value Indicator 

statistical of 

basic model 

0.001 0.006 0.77 <0.0001 0.027 0.08 <0.0001 <0.0001 0.005 <0.0001 

Standard deviation C.V.% Adj-R-squared R-squared 

3.17 23.41 0.97 0.98 

2T 2N N*T P*T P*N T N P Model 
P-value 

Indicator 

statistical of 

modified 

model 

0.0008 0.003 <0.0001 0.02 0.067 <0.0001 <0.0001 0.003 <0.0001 

Standard deviation C.V.% Adj-R-squared R-squared 

3.04 22.42 0.97 0.98 

P is pressure in (MPa), T is temperature in (K) and N is H2/CO ratio 

Table 7. Basic and modified selectivity model and statistical indicators of CH4 

CH4 basic selectivity model=1178.26+21.80*P–142.50*N–4.67*T–1.91*P*N-0.059*P*T+0.28*N*T+1.31*P2 

CH4 modified selectivity model=1415.68+25.83*P-150.27*N-5.54*T-0.059*P*T+0.28*N*T+5.96*N2+0.0055*T2 

2T 2N 2P N*T P*T P*N T N P Model 
P-value Indicator 

statistical of 

basic model 

0.012 0.05 0.201 <0.0001 0.025 0.048 <0.0001 <0.0001 <0.0001 <0.0001 

Standard deviation C.V.% Adj-R-squared R-squared 

1.59 6.6 0.99 0.99 

2T 2N N*T P*T T N P Model 
P-value 

Indicator 

statistical of 

modified 

model 

0.007 0.028 <0.0001 0.047 <0.0001 <0.0001 <0.0001 <0.0001 

Standard deviation C.V.% Adj-R-squared R-squared 

1.89 7.84 0.98 0.99 

P is pressure in (MPa), T is temperature in (K) and N is H2/CO ratio 
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Table 8. Basic and modified selectivity model and statistical indicators of gasoline 

Gasoline basic selectivity model = -2644.39+20.41*P+171.42+9.08*T–0.49*P*N-0.03*P*T-0.21*N*T–0.64*P2–15.34*N2–

0.78*T2 

Gasoline modified selectivity model = -2715.33+171.66*N+9.43*T–0.21*N*T–15.89*N2–0.0082*T2 

2T 2N 2P N*T P*T P*N T N P model 
P-value 

Indicator statistical 

of basic model 

0.004 0.0005 0.641 0.001 0.35 0.689 0.0003 <0.0001 0.517 <0.0001 

Standard deviation C.V.% Adj-R-squared R-squared 

2.24 8.57 0.93 0.96 

2T 2N N*T T N Model 
P-value 

Indicator statistical 

of modified model 

0.0005 <0.0001 0.0002 <0.0001 <0.0001 <0.0001 

Standard deviation C.V.% Adj-R-squared R-squared 

2.06 7.87 0.94 0.96 

P is pressure in (MPa), T is temperature in (K) and N is H2/CO ratio 

Table 9. Basic and modified selectivity model and statistical indicators of diesel 

Diesel basic selectivity model = -1767.77–11.68*P–275.13*N+7.15*T+0.14*P*N+0.01*P*T+0.58*N*T+1.11*P2–15.29*N2–

0.72*T2 

Diesel modified selectivity model = -1592.82+1.87*P–277.29*N+6.46*T+0.58*N*T-14.35*N2–0.0065*T2 

2T 2N 2P N*T P*T P*N T N P Model 
P-value 

Indicator statistical 

of basic model 

0.026 0.003 0.535 <0.0001 0.732 0.926 0.037 0.418 0.065 <0.0001 

Standard deviation C.V.% Adj-R-squared R-squared 

2.87 18.41 0.88 0.94 

2T 2N N*T T N P Model 
P-value 

Indicator statistical 

of modified model 0.014 0.0007 <0.0001 0.019 0.365 0.038 <0.0001 

Standard deviation C.V.% Adj-R-squared R-squared 

2.58 16.58 0.91 0.94 

     P is pressure in (MPa), T is temperature in (K) and NisH2/CO ratio 
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                                        Fig. 6a                                                                                                   Fig.6b 

 

 

                                   Fig.6c                                                                                          Fig.6d 

Fig. 6. Variation of calculated selectivity of products as a function of temperature value and H2/CO ratio value 

at P=2.5 MP 

 


