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Abstract: 

We propose to use artificial neural networks to process the experimental data and to predict the 

performance of the aerosol CVD synthesis of single-walled carbon nanotubes based on Boudouard 

reaction. We employ five key input parameters of the growth (pressures of CO, CO2 and ferrocene as 

well as residence time and temperature) to control the performance of produced nanotube films (yield, 

mean and standard deviation of diameter distribution, and defectiveness). The prediction errors were 

found to be comparable with the corresponding experimental errors. We believe the proposed 

approach is of great interest for the synthesis of nanocarbons with tailored characteristics.  

 

Graphical abstract: 

 

A schematic representation of the hierarchical architecture of the experimental setup and artificial 

neural network connection for controlled and predictive SWCNT synthesis.  
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Synthesis of carbon nanotubes with tailored characteristics has been one of the most important 

goals of nanotechnology for the last two decades promising a generation of novel functional 

nanomaterials, nanoelectronic devices, nanomedical tools, etc. [1,2] However, the complexity of 

mechanisms for the nanotube nucleation, growth, and termination inhibited the progress towards the 

control of the product with defined parameters. The lack of the general model (a quantitative 

correlation between the synthesis process and SWCNT parameters) and systematic datasets are still 

the key barriers for the controlled synthesis and therefore for a wide range of applications [3–5]. Here, 

for the first time we employ an artificial neural network (ANN) methodology that proved itself for 

complex multi-parameter tasks [6,7] for processing of the experimental data to enhance the control 

over single-walled carbon nanotube synthesis conditions and to predict the experimental results.  

We employ the aerosol CVD synthesis (Figure S1) of single-walled carbon nanotubes 

(SWCNTs) based on Boudouard reaction (2CO=C+CO2) [8]. This relatively simple method allows 

us to minimize the number of input parameters avoiding the influence of a substrate, catalyst 

activation procedure and to decrease a variety of the possible chemical reactions during the synthesis. 

Ferrocene was used as a catalyst precursor [9], and small amounts of CO2 were utilized to enhance 

the SWCNT synthesis (increase of the yield, diameter, quality) [10]. The setup is a vertical hot wall 

tubular reactor with a supply of CO/CO2/N2 mixtures (purity >99.995%) as shown in Figure S1. The 

grown aerosol SWCNTs were collected on a filter (HAWP, Merck Millipore) for the following 

characterization: UV-vis-NIR spectroscopy (Perkin Elmer Lambda 1050), Raman spectroscopy 

(Horiba LabRAM HR Evolution system), scanning electron microcopy (FEI Helios Nanolab 660).  

We define five key input parameters, namely, the partial pressure of CO, CO2 and ferrocene as 

well as the residence time and temperature, for a comprehensive description of the process within the 

experimental architecture used. These parameters are not the only affecting the SWCNT growth, 

however, the other variables are kept constant (e.g., catalyst composition, way of catalyst production, 

reactor type). The complex effect of each input parameter on the SWCNT characteristics [11] (e.g., 
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both CO2 concentration as well as temperature affect the diameter distribution, defectiveness and the 

yield [8–10,12]; even the partial pressure of CO affects both nucleation and growth providing a non-

trivial dependences [5]) inhibit a simple processing becoming, thereby, the main drivers leading us 

to the ANN employment. 

Using such a set of input parameters, we acquired a dataset of 98 points (Table S1) with four key 

performance SWCNT parameters: the diameter distribution (mean diameter and standard deviation, 

respectively, dCNT and σd), the yield, the ratio of intensities of G and D modes of a Raman spectrum 

(IG/ID). Figure 1 shows a typical range of the key performance parameters within the dataset: Raman 

spectroscopy provides the IG/ID ratio, UV-vis-NIR spectroscopy allows us to estimate the thickness 

of the film, which is proportional to the absorbance (according to the Lambert–Beer law), and the 

diameter distribution that can be reliably calculated from the Van Hove singularities of the S11 

transition [13,14]. The thickness of the film provided by UV-vis-NIR spectroscopy corresponds to 

the yield (section S2) and allows a more precise validation than gravimetric studies owing to a small 

weight of the collected SWCNT films. 

 
Figure 1: Typical data describing SWCNTs: a) Raman spectra with a typical SEM microphotograph (the inset); 

b) UV-vis-NIR spectra with the photograph inset of the SWCNT films of different thicknesses. 

Self-geometry of the ANN is based on a sequential model (Figure 2) developed in Python 

programming language using the Keras open-source neural-network library. We vary 
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hyperparameters of the ANN (the number of hidden layers, number of nods, activation function, 

optimizer, batch size, number of training epochs as shown in Table S2) to define the optimal ANN 

architecture and conditions providing minimal errors. For simplification of the training process we 

use four independent ANNs with the same five key input parameters and four single outputs: either 

the mean diameter, the deviation, the yield or the IG/ID (Table S3). We use the mean absolute error 

(standard deviation) as a loss and mean absolute percentage error (relative standard deviation) as 

statistical criteria for the accuracy of the ANN prediction.  

 
Figure 2: A scheme for the data preparation and processing in the ANN. 

The input data are handled in the following way (Figure 2). First, we transform the experimental 

data (temperature distribution, gas flowrates and reactor geometry) into five key input parameters 

(partial pressures of gaseous components, the residence time and reactor temperature). Then, we 

shuffle the samples and randomly split the data into training (80%) and validation (20%) datasets. 

We obtain the input as an array of n-dimensional vectors [[X11… X1n] … [Xi1… Xin]], where n = 5 is 

the number of key input parameters, i is the index number in the dataset from 1 to 98. Third, we 

employ a common data augmentation [15] that provides a dataset of a size acceptable for the ANN 

training and, thereby, significantly improves the prediction performance (Section S5). Each 
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experimental vector can be transformed in a family of vectors (20 in our case) by a normal 

randomization of each coordinate with a dispersion, which is equal to the standard deviation of the 

corresponding key input parameter. As the key input parameters have four orders of magnitude 

deviation, in prior to feeding the input neurons, the data were normalized as X=(X-Xmean)/σ, where σ 

is the dispersion of a parameter.  

The ANN training (Figure 3; Table S3) can be represented as a simple iteration algorithm 

consisted of a set of epochs: a forward propagation of input vectors through the ANN is followed by 

a back propagation of errors (error distribution for the nods to correct the weights).  

 
Figure 3. The evolution of losses of the key performance parameters of the SWCNT synthesis during the 

training of the ANN. The values for corresponding experimental and prediction errors are 8% and 23% 

(IG/ID), 5% and 14% (Yield), 0.7% and 4.0% (dCNT), 4 and 22% (σd), respectively.  

We achieve the modelling error comparable with the experimental error (based on the parameter 

dispersion throughout repetitive experiments; Figure S2) proving the methodology proposed (Figure 



 6 

3; Table S3). After a certain number of epochs (iterations) we naturally observed the common 

overfitting by the ANN that can be attributed to the description of the training data too closely that it 

fails to process additional dataset (testing data) accurately [16]. It is worth noting that the ANN show 

an acceptable prediction of the experimental output parameters when compared to real values: 

experimental and prediction errors are 8% and 23% (IG/ID), 5% and 14% (Yield), 0.7% and 4.0% 

(dCNT), 4 and 22% (σd), respectively. Though some parameters are in a good agreement (e.g., the 

mean absolute percentage error for the diameter is 0.7% corresponds to the ANN accuracy of the 

prediction <0.1 nm), the model accuracy can be enhanced by an enlarged dataset, an extended set of 

input parameters or by a decreased scattering of the experimental data. Moreover, there is a room for 

improvement for the methodology proposed by, for example, reducing the effect of the black-box via 

identification of the relations underlying between the input and output parameters or improved data 

representation [17]. Nevertheless, the approach employed can be extrapolated to the other 

performance parameters of the collected SWCNT thin films: sheet resistance, length distribution, 

chirality distribution, etc. Thus, we believe this methodology is to provide a facile and a resource-

efficient route for processing and collecting the comprehensive data with a capability of revealing 

hidden dependencies in case of multiple input parameters. However, such results are a subject of our 

future studies. 

In conclusion, for the first time we employ the artificial neural network (ANN) methodology for 

the predictive synthesis of single-walled carbon nanotubes (SWCNTs). We achieve an acceptable 

agreement between the key input parameters of the nanotube growth (partial pressures of CO, CO2, 

the catalyst precursor as well as the residence time and the reaction temperature) and the prediction 

of the key performance characteristics of the SWCNT synthesis (the yield, mean and standard deviation 

of nanotube diameter distribution, IG/ID intensity ratio of Raman spectra): from 4.0% for the diameter 

up to 23 % for IG/ID. Though the ANN developed is limited by a small dataset for training (98 points), 
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number of input parameters (5), and the experimental data error (up to 8%), the results obtained justify 

further studies.  
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