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S2= -3.8194 + cos(3.0152 -2ti +(ti + FAr)×(FAr -Cf))     (11)
						           
						          (12)

						           (13)

L = S1 × S2 × S3 × S4				         (14)

Fig. 7 compares the CNTs length predicted by GEP 10 
and experimental data. 

To provide for a comparison of the predicting ability 
of ANN-MPSO and GEP modeling approaches, all 
statistical indices must be considered simultaneously. In 
this regard, utilization of a combined function, such as 
Eq. (15), can be useful to determine the best modeling 

Fig. 6. Representation of the GEP-10 model as an expression tree.
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Table 8. Parametric and statistical details of the selected GEP model.

Parameter Value

Chromosomes 42
Head size 9
Genes 4
Linking function Multiplication
Function set F1
Mutation rate 0.0026
Inversion rate 0.01
Constants per gene 10
Training sample 67
Testing sample 22
Fitness function RMSE
R2 training 0.9943
RMSE training 0.0752
MAPE training 4.4040
R2 testing 0.9824
RMSE testing 0.0491
MAPE testing 2.0571

approach for modeling CNTs length as a function of the 
practical parameters of FC-CVD. As defined, the lower 
value of the combined function can be considered as the 
criteria for the selection of the most appropriate model 
for the prediction CNTs length by the proposed ANN-
MPSO and GEP approaches.

Combined function = 1/(R2 + MAPE + RMSE)         (15)

Fig. 8 shows the combined function of the 10 most 
appropriate networks by ANN-MPSO as well as 
the 10 most appropriate GEP models. As shown, the 
minimum value of the combined function related to 
ANN-MPSO 7, ANN-MPSO 2, and ANN-MPSO 5 is 
2.1667, 2.1737 and 2.3198, respectively. Accordingly, 
the ANN-MPSO 7 network with architecture 8-17-1 
and activation function logsig-purlin is introduced as 
the most appropriate model for predicting the length 
of CNTs prepared by FC-CVD. Also, the higher 
neuron number of the first hidden layer (e.g., ANN-
MPSO 2, ANN-MPSO 5, and ANN-MPSO 7) does not 
significantly change the combined function values. At 
a constant activation function of purlin in the second 
hidden layer, the activation function of logsig through 
the first hidden layer performed better with respect 
to the tansig. The predicting ability of ANN-MPSO 

Fig. 7. Experimental and GEP model results for the length of CNTs.
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in all cases is better than the GEP models. This may 
be due to the ability of MPSO to search all regions of 
each practical parameters and determine the absolute 
optimum instead of the local optimum. 

The normalized predicted values for the input 
parameters are shown compared with the experimental 
data using ANN-MPSO 7 in Fig. 9. As can be seen, 
there is an acceptable agreement between the predicted 
and actual value of CNTs length, which confirms the 
predicting ability of the proposed method. 

After determining the most appropriate model to 
predict the CNTs length, i.e., ANN-MPSO, sensitivity 
analysis was employed to determine the influence 
of eight effective practical variables in the developed 
ANN-MPSO network. Fig. 10 showed the results of 
the sensitivity analysis. Quantitative and qualitative 
analysis of the effect of each parameter is the main 
advantage of this analysis.

As shown in Fig. 10, the flow of CH4 and C2H4, i.e., 
the precursor of carbon, were the parameters that had 
the most effect on the length of CNTs. Both investigated 
carbon precursor in this study have linear structures, 
which encourage the formation of straight hollow 
CNTs as a consequence of thermal decomposition of 
CH4 and C2H4 to linear trimers/dimers or atomic carbon 
[47,48]. Hence, the greater dependency of CNTs length 
on CH4 can be related to the higher hydrogen content 
with respect to C2H4. In this case, the higher hydrogen 
content of CH4 plays as etching role on the amorphous 
carbon as well as an being an effective reducing agent 
for oxide removal from the surface of the catalyst. These 
observations were contrast exactly to the carbon-rich 
precursors, which have shown higher CNTs yields. It 
seems that the reducing ability of hydrogen in CH4 can 

 
  Fig. 8. Comparison of the 10 most appropriate ANN-MPSO 

networks and GEP models using a combined function as criteria.

be compensated for by the lower content of carbon in 
CH4, with respect to C2H4. This behavior was intensified 
at higher operating temperatures (test number 26 to 44 
in Table 3) and evolved as higher noise in the sensitivity 
analysis (Fig. 10). High curvature and small diameters 
of single-wall CNTs induced higher strain energy with 
respect to multi-wall CNTs, facilitating the growth 
of multi-wall CNTs, especially at low temperatures. 
Accordingly, the higher noises from the average value 
of each parameter in the cases of higher temperature can 
be related to the higher forms of multi-wall CNTs in 
FC-CVD at low temperatures (600-900 °C) with respect 
to the single wall CNTs, i.e., the administrated phase at 
higher operational temperatures 900-1200 °C [48]. 

After the carbon precursor, the time of the process, type 
of catalyst and operational temperature are situated at 
the next level that affects the length of CNTs. According 
to the literature [49], researchers are conflicted about 
the mechanisms of CNTs growth through FC-CVD. 
However, the most accepted mechanism of CNTs 
growth supposes that the precursor of carbon in gas 
phases are first adsorbed on the surface of the catalyst 
and then catalytically dissociated to its components in 
a way that carbon species diffused through the catalyst 
particles, and after supersaturation, seamless carbon 
cylinder (CNTs) are formed from its surface. In this 
mechanism, the prolonged time and temperature of the 
process enhance the possibility of higher diffusion, and 
as a consequence, longer CNT will be produced. The 
greater dependency of CNTs length to the Fe catalyst 
with respect to Al2O3 can be related to the higher 
solubility and diffusion rate of carbon in the Fe alloy 
at operational temperatures of FC-CVD. Moreover, 
regarding Al2O3, the adhesion between Fe and CNTs 
growth are stronger. Consequently, the Fe catalyst is 

Fig. 10. Sensitivity analysis of the effect of practical parameters of 
FC-CVD on the length of prepared CNTs.
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C2H4 flow (sccm)    CH4 flow (sccm)

Al2O3 Catalyst size (nm) Fe Catalyst size (nm)

Fig. 9. Comparison of experimental data and ANN-MPSO structures for normalized CNTs length versus (a) Temperature (oC), (b) Preheat 
temperature (oC), (c) Flow of Ar (sccm), (d) Time (min), (e) C2H4 Flow (sccm), (f) CH4 Flow (sccm), (g) Al2O3 Catalyst size (nm), and (h) 
Fe Catalyst size (nm).

156



M. Khosravi et al. / Journal of Particle Science and Technology 5 (2019) 145-159

more effective in the formation of longer CNTs with a 
lower diameter [50]. It seems that preheat temperature 
has no significant effect on the length of CNTs. 

We investigated the behavior of proposed ANN-
MPSO networks at various iterations using the fitness 
value (Eq. (16)) as criteria. 

						           (16)

Fig. 11 illustrates the dependency of the fitness value 
of the10 most appropriate ANN-MPSO networks up to 
100 iterations. As can be seen, all proposed networks 
showed a fitness value lower than 0.04 after about 10 
iterations, revealing the acceptable performance of the 
proposed strategy with significantly lower estimation 
cost. 

6. Conclusion

The predicting ability of the modified particle 
swarm optimization-artificial network approach was 
compared with gene expression programming to predict 
the length of carbon nanotubes prepared by chemical 
vapor deposition. To provide the dataset for modeling, 
89 tests were employed by considering the main 
practical parameters of chemical vapor deposition, 
i.e., under various levels of temperature, time, preheat 
temperature, Ar gas flow, methane gas flow, ethylene 
gas flow, alumina catalyst, and Fe catalyst, as input 
variables for construction of predictive models. First, 
outlier data were removed and then the ANN-MPSO 
and GEP modeling parameters were tuned separately to 
find the models with the minimum combined function, 
i.e., a linear combination of R2, MAPE, and RMSE, to 
predict the length of CNTs prepared by FC-CVD. Both 
models, ANN-MPSO and GEP, were compared with 
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the combined function as criteria. It was confirmed 
through performance criteria analysis that the ANN-
MPSO strategy performed better in the prediction of 
CNTs length as compared to the GEP models. Also, 
sensitivity analysis confirmed that in the investigated 
range, the carbon precursor, process time, and type of 
catalysts were the parameters that had the most control 
on the length of the prepared CNT. Accordingly, the 
ANN-MPSO model upgraded with meta-heuristics is 
a promising tool to model industrial issues and can be 
employed to recognize practical interactions in the case 
of a well-trained structure.
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