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Highlights 

 Voltage was recognized as the most efficient variable for non-thermal plasma. 

 Developed model of Response Surface Methodology had a good accuracy. 

 Neural network model was more accurate than Response Surface Methodology model. 

 

Abstract 

This study aimed to assess the prediction efficiencies of response surface methodology (RSM) 

and artificial neural network (ANN)-based models in terms of benzene, toluene, ethylbenzene, 

and xylenes (BTEX) removal from a polluted airstream using non-thermal plasma (NTP). The 

effect that key elements of the NTP process, including temperature, BTEX concentration, 

voltage and flow rate, had on the BTEX elimination efficiency was investigated using a central 

composite RSM design along with three ANN models including Feed-Forward Back 

Propagation Neural Network (FFBPNN), Cascade-Forward Back Propagation Neural Network 

(CFBPNN) and Elman-Forward Back Propagation Neural Network (EFBPNN) with the 

topology of 4-h-1. The RSM and ANN models were statistically compared using some 

indicators including Sum of Squared Errors (SSE), adjusted R2
, determination coefficient (R2), 

Root Mean Squared Error (RMSE), Absolute Average Deviation (AAD). According to the 

RSM output, voltage was the most efficient variable with a coefficient proportion of 8.28. 

Besides, FFBPNN was the best model among the considered ANN models. Also, the R2 

achieved for ANN (FFBPNN) and RSM models were 0.9736 and 0.9656 correspondingly. 

Therefore, it was concluded that the ANN (FFBPNN) represents a powerful tool for modeling 

the BTEX removal. 

 

Key words: Air pollution, BTEX, Non-thermal plasma, RSM, ANN 

 

1. Introduction: 

The emission of volatile organic compounds (VOCs) is considered as one of the biggest sources 

of contemporary atmospheric pollution, and it significantly reduces the quality of the air content. 

VOCs are usually released from petrochemical, chemical and other associated industries. 

Recently, great economic, social, scientific and political perspectives have influenced air quality. 

These, coupled with additional regulations, have prompted a renewed focus on methods by 

which VOCs can be controlled. However, by virtue of their extensive application range in all life 

ACCEPTED M
ANUSCRIP

T



3 
 

aspects in a variety of chemical structures, the concentration of these pollutants in the air is 

continually rising and this has resulted in a range of adverse environmental and health effects. 

Benzene and toluene coupled with ethylbenzene and xylenes constitute the BTEX group of 

VOCs. These account for nearly 59 percent (W/W) of gasoline pollutants. While toluene, along 

with ethylbenzene and xylene, are considered to be highly toxic and mutagen compounds, 

benzene is regarded as a potent carcinogen (Gallastegui et al., 2011). As a result of the potential 

carcinogenic health effects of benzene, the Environmental Protection Agency (EPA) has 

categorized this organic chemical compound as Group A carcinogen, which entails that it is 

considered to be a human carcinogen of medium carcinogen hazard. Based on the Mobile Source 

Air Toxics (MSAT) gasoline fuel program which was finalized in February 2007 and started 

from January 1, 2011, refiners have to meet their produced gasoline benzene content (annual 

average) to 0.62 volume percent. It is estimated that this rule would decrease VOC emissions by 

over 1 million tons (EPA, 2007; Aly Hassan and Sorial, 2010). 

Within the Priority List of Hazardous Substances Comprehensive Environmental 

Response, Compensation and Liability Act (CERCLA, 2007), benzene and total BTEX are 

ranked 6th and 78th respectively of 275 substances that are believed to pose the most significant 

threat to human health. The sources that release BTEX into the environment include fuels and 

wood, degreasing agents, industrial paints, aerosols, and adhesives. Vehicle emissions, along 

with petroleum refineries, are also recognized as significant sources of anthropogenic benzene 

emission into the atmosphere. Benzene has been related to increased instances of leukemia 

(Cancer), 2004). Furthermore, recent studies have indicated that there is an association between 

cancer in members of the wider community and, in particular, in children who are exposed to 

benzene through traffic emissions (Steffen et al., 2004). Chronic exposure to xylenes coupled 
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with toluene has been found to result in undesirable impacts on the kidneys, nervous system, and 

the liver. Chronic exposure to ethylbenzene has been related to undesirable impacts on the 

kidneys and the respiratory system (ATSDR, 2003). In addition, the adverse effect of VOCs on 

global warming, and consequently climate exchange, has been clearly demonstrated (Yalçin, 

2013). 

Methods of eliminating VOCs from polluted and waste airstreams, such as reverse flow 

reactor, adsorption, absorption, membrane separation, condensation, thermal and catalytic 

processes, and ultraviolet oxidation and bio-filtration have been commonly used to remove the 

VOCs from waste gases. None of these approaches have been completely successful in achieving 

VOCs removal from waste gases, and all of them suffer from one or more restrictions (Hassan 

and Sorial, 2010; Khan and Ghoshal, 2000; Xiao et al., 2014). Therefore, alternative 

technologies were studied during the years, among which non-thermal plasma (NTP) is approved 

to be an efficient one. In order to generate plasma which is regarded as the forth state of the 

matter, high voltage power supply, dielectric, two electrodes and gap amongst the electrodes 

along with a gas flow through this gap are necessary. Application of a strong Electric Field (EF) 

between the electrodes of the NTP reactor leads to the free electrons formation, providing these 

electrons with a very high acceleration and energy. These produced electrons hit the atoms as 

well as molecules in the gas and generate ionized, excited or dissociated species as presented in 

the following reactions (Table 1). 

Table 1: Preliminary processes in NTP  
Preliminary Processes 

Process name Chemical reaction Process name Chemical reaction 

Excitation 𝑒− + 𝐴 → A∗ + 𝑒− Dissociative attachment 𝑒− + 𝐴2 → 𝐴− + 𝐴 

Ionization 𝑒− + 𝐴 → A+ + 2𝑒− Dissociative ionization 𝑒− + 𝐴2 → 𝐴+ + 𝐴 + 2𝑒− 

Dissociation 𝑒− + 𝐴2 → 2𝐴 + 𝑒− Electronic decomposition 𝑒− + 𝐴𝐵 → 𝐴 + 𝐵 +  𝑒− 

Attachment 𝑒− + 𝐴2 → 𝐴2
− Charge transfer 𝐴+ + 𝐵 → A + 𝐵+ 
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The aforementioned processes are taken into account as the preliminary processes in 

NTP, and roughly 10-8 seconds is enough to be carried out. These generated active species will 

undertake a lot of recombination reactions amongst each other such as: radical and radical, ion 

and ion along with radical and neutral, resulting in the final NTP formation. These processes are 

considered as the secondary ones in NTP production and have a timescale of about 10-3 seconds. 

The generation of active species using NTP at temperatures near to room temperature allows 

numerous applications for surface treatments (Ghaida et al., 2016; Mizuno, 2007; Namihira et 

al., 2009).  

The response surface methodology (RSM) has been extensively and effectively applied in 

process modeling. It is commonly used to investigate and model the operational variables for 

experimental design, model development, etc. (Maran et al., 2013a; Maran et al., 2013b). That is, 

this technique is able to model the effect of different process variables both through their 

interactions and individually on a response (Pilkington et al., 2014). However, the disadvantage 

of RSM is that the structure of the developed model through this approach may not be flexible 

enough to demonstrate the true response surface (Zhang, 2015). 

 On the other hand, the Artificial Neural Network (ANN) approach is considered as a 

well-known and influential modeling procedure that presents numerous merits over traditional 

modeling procedures and RSM. Fundamentally, it is well received because it allows modeling 

without supposition with respect to the nature of the phenomenological mechanisms along with 

understanding the mathematical background of the problem underlying the process and the 

ability to learn linear and nonlinear relationships among variables directly from a set of examples 

(Latrille et al., 1993). It is worth highlighting that the performances of some complicated 

processes in different purposes, except NTP application, have been compared using RSM and 
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ANN models. According to the obtained results of these studies, the strength of the RSM and 

ANN models is highly dependent upon the considered application. Chamoli reported that 

developed RSM model is stronger than ANN one in a specific rectangular channel design 

(Chamoli, 2015). Also, in another study, researchers demonstrated that the ANN model is 

powerful than RSM one in ultrasound-assisted biodiesel production (Maran and Priya, 2015). 

Since almost no study was found to assess and compare the performance of NTP process in 

simultaneous removal of BTEX from waste gases using ANN and RSM. Besides, it has been 

established that Feed-Forward Back Propagation Neural Network (FFBPNN) as well as Cascade-

Forward Back Propagation Neural Network (CFBPNN)  are the most appropriate tool to model 

the complicated and nonlinear technologies (Li et al., 2017), the main motivation underpinning 

the current study was to develop a strategy by which the performance of non-thermal plasma in 

BTEX elimination from waste gases through the application of RSM and ANN procedures 

including FFBPNN, CFBPNN and Elman-Forward Back Propagation Neural Network 

(EFBPNN) could be assessed. 

 

2. Materials and Methods 

 

2.1 . Experimental set up 

Figure 1 presents the schematic diagram of the experimental setup through which BTEX 

elimination was achieved. The applied Dielectric Barrier Discharge (DBD) reactor (Figure 2) 

consisted of a quartz tube as a dielectric barrier (20 cm long, 10 mm outer diameter, and 1.1 mm 

thickness), coated copper foil and tungsten wire (20 cm long, 1.6 mm diameter with purity of 

98.5%) as the grounded electrode and inner high voltage electrode, respectively. Furthermore, 
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two Teflon stoppers were located at both ends of the reactor to seal the exits and to hold the inner 

electrode in the center of the gap distance. The gap distance of the reactor was 7.3 mm which is 

considered as one of the most efficient parameters of the reactor. Generation of plasma is highly 

dependent upon this factor. The length of the gap distance can severely be affected by various 

factors such as the constant, thickness and permittivity of the used dielectric as well as applied 

voltage. So that, if the length of this gap is small, the EF in the region of plasma ought to be high 

and the streamer can easily be formed and will quickly stop(Gibalov et al., 2002; Oda et al., 

2006). 

Firstly, compressed air was passed through the filtration device to eliminate the 

particulate matter and oil. Then, the humidity level of the air was measured by passing it through 

a unit. After filtration, the purified airflow was split into two branches: major and minor air 

flows. To generate the BTEX-polluted airstream (with benzene, toluene, ethyl-benzene and 

xylene concentrations ratio of 1:1:1:1), the minor airflow was passed through four glass flasks 

that contained benzene, toluene, ethylbenzene and xylene (a mix of para and ortho isomers of 

xylene) solutions (purity > 99.7). The polluted airstream and major stream were combined in the 

mix and thermal unit. Then, the temperature of the airstream was set using the thermocouple and 

sensor system and injected into the NTP reactor. The rate at which BTEX was added was 

regulated by controlling the proportion of inflow to the BTEX flasks. Rotameter was used for 

controlling and measuring the air flow arte. Finally, the initial concentrations of BTEX were kept 

at the considered proportion by regulating the fine control regulators of the rotameter. The NTP 

reactor was operated in various conditions. Samples were collected from the inlet and outlet of 

the reactor (sampling ports) using charcoal tubes (SKC). The sampling flow rate was 0.2 L/min, 

and the volumes of samples were 1 liter. Finally, the adsorbed BTEX was extracted from the 

ACCEPTED M
ANUSCRIP

T



8 
 

activated carbon using 1 ml carbon disulfide (CS2) in a small vial and measured by gas 

chromatography (GC-FID) (Agilent 7890A GC System; HP-5 column; 30 m × 0.320 mm × 0.25 

µm, American Agilent Company). BTEX removal efficiency (Equation 1) and removal rate 

(Equation 2) were calculated using the following equations:  

Y =
(𝐶𝑖𝑛−𝐶𝑂𝑢𝑡)

𝐶𝑜𝑢𝑡
× 100          (Equation 1) 

RR =
(𝑌𝐶𝑖𝑛)

100 𝑅𝑇
          (Equation 2) 

Where, Y and RR are the BTEX removal efficiency and removal rate, Cin, Cout and RT 

are the influent and effluent concentrations of BTEX and residence time, respectively (Assadi et 

al., 2014; Ghaida et al., 2016). 

 

Furthermore, a high voltage generator (ca. 10 KV) was used to control the excitement of 

the gas discharges. A high-voltage probe (Tektronix P6015A) connected in parallel with the 

discharge was used to detect the discharge voltage in the used DBD reactor. 
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Figure 1. Schematic diagram of BTEX elimination from polluted airstream using non-thermal 

plasma process 

1. Air compressor; 2. Filter and relative humidity level measurement; 3. Rotameter; 4. Mix and thermal unit; 5.Flasks 

containing benzene, toluene, ethylbenzene and xylenes (para and ortho xylenes); 6. Thermocouple and sensor system; 7 & 9. 

Inlet and outlet sampling ports; 8. Non-thermal plasma reactor; 10. High-voltage probe; 11. Power supply; 12. GC system 

 

Figure 2. Schematic diagram of applied NTP reactor 

 

2.2. Response surface methodology modeling 

RSM is considered as a statistical modeling procedure applied for experimental aim. This 

technique is statistically able to design the matrix of the experiments for an investigation. Then 

in a mathematical model, it can evaluate the coefficients of the variables and predict the 

response. RSM can, also, examine the sufficiency of the developed model. It is known as an 

efficient and beneficial procedure for modeling as well as predicting the reaction of interest 

influenced by a number of independent factors with the purpose of optimizing the response 

(Chamoli, 2015; Najafpoor et al., 2018). A central composite design (CCD) with four 

independent variables at five different points was applied to design the trials, which are listed in 

Table 2. The experimental design included 30 trials with 6 center points. As presented, the 

investigated independent variables included temperature (100-200 ˚C), BTEX initial 
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concentration (100-1500 ppm), voltage (4-10 kV), and flow rate (10-188 ccm/s) (Vandenbroucke 

et al., 2011). It is worth highlighting that the residence time in investigated flow rates (10, 54.5, 

99, 143.5 and 188 ccm/s) were (1.243, 0.228, 0.125, 0.086 and 0.066 Sec.) respectively. The 

response variable (dependent) denoted the BTEX removal efficiency. Coding of the independent 

factors was performed based on the equation 3. 

 Xi =
(𝑥i – 𝑥𝑐𝑝)

Δ𝑥𝑖 
                        i = 1, 2… k         (Equation 3) 

Where, Xi, xi and xcp are considered as a dimensionless amount of independent factor, an actual 

amount of independent factor and actual amount of independent factor at center point, 

respectively. Δxi is step change in actual amount of the factor i which is correspond to a variation 

in a unit for the dimensionless amount of the factor i.  

Process performance was assessed by analyzing the response (Y) depending on the input 

variables x1… xk is presented by the following equation (equation 4): 

𝑌 = 𝑓(𝑥1 … 𝑥𝑘) + 𝑒                                            (Equation 4) 

Where, Y is considered as the response variable (BTEX removal efficiency), e and f are, 

respectively, the error that explains the differentiation and the actual response function the 

format of which is unknown (Maran et al., 2013c). 

To fit the achieved experimental results to estimate the appropriate model factors by Design-

Expert® 7.0.0 software, the presented second-order polynomial equation (5) was used. 

𝒀 =  𝜷𝟎 + ∑ 𝜷𝒊𝑿𝒊 + ∑ 𝜷𝒊𝒊𝑿𝒊
𝟐𝒏

𝒊=𝟏
𝒏
𝒊=𝟏 + ∑ ∑ 𝜷𝒊𝒊𝑿𝒊𝑿𝒋

𝒏
𝒋=𝒊+𝟏

𝒏−𝟏
𝒊=𝟏       (Equation 5) 

Where, Y is considered as the proportion of anticipated dependent variable, the Xi along with Xj 

are regarded as the coded factors, and β0 (the constant term), βi (the linear effect), βii (the 

quadratic effect) and βij (the interaction effect) are the regression coefficients. 
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The statistical analyses were carried out using Design Expert program. Multiple regressions were 

applied to analyze the experimental results obtained, and the regression coefficients significances 

were assessed by F-test. Modeling of this process was initiated with a quadratic model. In order 

to verify the accuracy of the developed model, prediction error sum of squares (PRESS) along 

with adjusted R2 and R2 were used. The meaningful factors in the obtained model were 

determined by analysis of variance (ANOVA) for the dependent variable, and an ANOVA table 

was produced. The coefficients of regression were applied to provide the statistical analyses 

required to produce the plots of response surface from the regression model (Najafpoor et al., 

2015). 

 

Table 2. Experimental factors and points of the factors in RSM 

Factors Coded values 
– α –1 0 1 α 

 Real values 

A)Temperature, x1 (˚C) 100 125 150 175 200 

B) Concentration of BTEX, x2 (ppm) 100 450 800 1150 1500 

C) Voltage, x3 (kV) 4.00 5.50 7.00 8.50 10.00 

D) Flow Rate, x4 (cm3/s) 10.00 54.50 99.00 143.5 188 

 

 

 

2.3. Artificial neural network modeling 

In order to provide complex nonlinear relationships modeling, ANN can be applied as a 

substitute to the polynomial regression-based modeling tool. The model of ANN is 

hypothetically much more precise than polynomial regression-based modeling because it 

includes all the obtained experimental results. To develop an appropriate model, ANN requires 

significantly more experiments than the RSM. However, in fact, if the available data in the input 
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and output domains are statistically significant, which was the case in this investigation; the 

ANN is able to perform successfully even with practically small data. Thus, the experimental 

results gained from RSM were deemed sufficient to construct effective models of ANN (Desai et 

al., 2008). As a whole, there were few studies about the performance of NTP using ANN model 

(Istadi and Amin, 2007; Istadi* and Amin, 2006). Istadi and Amin used the ANN along with 

genetic algorithm to predict the methane and carbon dioxide conversion in a catalytic–dielectric 

barrier discharge plasma reactor (Istadi and Amin, 2007). Also in another study, Istadi and Amin 

combined the GA with ANN model to optimize the performance of the applied DBD plasma 

reactor (Oda et al., 2006). 

Models of artificial neural network predominantly consist of three layers including input, hidden 

and output layers (Figure 3). Selecting the proportion of the neurons in hidden layers is 

considered to be one of the most significant tasks in developing the ANN (Badkar et al., 2013). 

The performance of the network will not be acceptable if the network is very small (few neurons 

in the hidden layer). In contrast, if overly numerous neurons exist in the hidden layer, the 

training process will be time consuming and may be compromised by local minima or over-

fitting. Therefore, correct choice of the network size is extremely vital (Ghoreishi and Heidari, 

2013).  

In general, an ANN model structure is designated by the proportion of its nodes in each 

layer and layers along with the nature of transfer function. In the present study, the MATLAB 

R2013a Neural Network Toolbox was applied to construct an appropriate model of ANN using 

FFBPNN, CFBPNN and EFBPNN and estimate the efficiency of the non-thermal plasma in 

BTEX elimination from a polluted airstream. Owing to the ability of FFBPNN and CFBPNN in 

complicated process modeling, these types of ANN models can be two appropriate models for 
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NTP. In order to better assess and compare, these types of ANN models along with Elman-

Forward Back Propagation Neural Network (EFBPNN) type were developed. The training 

procedure of the network was based on the Levenberg–Marquardt and back-propagation 

algorithms. Also, a linear transfer function (purelin), and a tagent sigmoid transfer function 

(tansig) are, respectively, used at the output and hidden layers, and they are expressed as follow 

(equations 6 and 7) (Maran et al., 2013c): 

𝑓(𝑥) =
1

1+ 𝑒𝑥𝑝−𝑥                     (Equation 6) 

𝑓(𝑥) = 𝑥                               (Equation 7) 

 

The experimental results were randomly assigned into three groups: 70%, 15%, and 15% for 

training, validation and testing respectively. Thus, the number of samples applied for 

subdivisions of training, validation, and testing were 20, 5, and 5 respectively. The inputs are 

represented by four neurons corresponding to the process parameters: temperature (˚C), BTEX 

initial concentration (ppm), voltage (kV), and flow rate (ccm/s), the hidden layer has between 1 

and 30 neurons and the ANN output is represented by the removal percentage. In order to 

guarantee constant approach and limit numerical overflows throughout the training process, the 

ANN model inputs and outputs were normalized among 0.2 and 0.8 to prevent scalar overflows 

by virtue of very small or large weights. The MATLAB normalization was performed by 

Equation (8): 

 

y =
(xi−xmin)

(xmax−xmin)
(b − a) + a   (Equation 8) 
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Where y is the xi normalized value; a and b are equal to 0.2 and 0.8 respectively; and the xmax 

and xmin are the maximum and minimum value of xi respectively. The ANN models performance 

was managed based on the correlation coefficient (R) and the mean squared error (MSE). Table 3 

presents the applied formulas for these statistical factors.  

 

 

Figure 3. Architecture of the developed FFBPNN 

 

 

2.4. A Comparison of the RSM and ANN models 

To assess, validate and test the prediction accuracy and the goodness of fit of the developed 

models, absolute average deviation (AAD), sum squared error (SSE), R-squared (R2) and root 

mean squared error (RMSE) were calculated and compared for the achieved experimental and 

predicted results (for all 30 runs of experiments). Then, a completely new set of 5 runs as an 
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additional test was carried out on the defined experimental ranges which do not belong to the 

training data sets. The applied formulas for error analysis are presented in Table3. 

 

 

Table 3. Error functions along with their equations 

Error Function Equation 

 

Mean Square Error (MSE)  
𝑀𝑆𝐸 =

1

𝑁
∑(|𝑦𝑝𝑟𝑑,𝑖 − 𝑦𝑒𝑥𝑝,𝑖|)

2

𝑁

𝑖=1

 

Root Mean Square Error (RMSE) 𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 

 

Determination Coefficient (R2) 

 
𝑅2 = 1 −

∑ (𝑦𝑝𝑟𝑑,𝑖 − 𝑦𝑒𝑥𝑝,𝑖)
𝑁
𝑖=1

∑ (𝑦𝑝𝑟𝑑,𝑖 − 𝑦𝑚)𝑁
𝑖=1

 

Sum Square Error (SSE) 
𝑆𝑆𝐸 = ∑(𝑦𝑒𝑥𝑝,𝑖 − 𝑦𝑝𝑟𝑑,𝑖)

2

𝑁

1

 

Absolute Average Deviation (AAD) 

 𝐴𝐴𝐷 = (
1

𝑁
∑(

𝑦𝑝𝑟𝑑.𝑖 − 𝑦𝑒𝑥𝑝,𝑖

𝑦𝑒𝑥𝑝,𝑖

𝑁

𝑖=1

)) × 100 

 

 

N is the number of experiments; yexp,i is the experimental proportion of the ith experiment; yprd,I is 

the predicted proportion of the ith experiment by model; ym is the average proportion of 

experimentally determined values. 

 

3. Results and discussion  

The measured relative humidity level ranged from 26.5 to 29.4% during this investigation. 
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3.1. RSM model 

According to the center composite design, runs were conducted to identify the optimum setup 

and to study the effect of various process parameters on the response variable. The actual and 

predicted results are presented in Table 4. Linear, interactive, and quadratic models were fitted to 

the achieved actual results to gain the regression models. The model summary statistics were 

employed to evaluate the adequacy of the models. Based on the obtained results, the P-value was 

lower than 0.0001 for the response surface reduced quadratic model. Second-order polynomial 

models that could be employed to predict BTEX removal efficiency were yielded by multiple 

regression analysis of the achieved actual results. The second-order polynomial equation was 

fitted with the obtained actual data. The coefficients for each term obtained from the regression 

analysis along with their statistical significance as calculated through ANOVA are given in 

Table 5 for un-coded units. 

 

 

 

Table 4. The RSM design matrix along with achieved experimental data 

 

Run 

Actual Factors Coded Factors Actual 

Efficiency 

 (%) 

Removal 

Rate 

(ppm/s) 

RSM 

Predicted 

efficiency 

ANN 

(FFBPNN) 

Predicted 

efficiency  

 

A 

(˚C) 

B 

(ppm) 

C   

(V) 

D 

(ccm/s) 

X1 X2 X3 X4 

1 150 824.02 7.00 99.00 0 0.069 0 0 45.6 30.06 44.55 43.49 

2 125 1000.18 8.50 54.50 -1 0.572 1 -1 50.301 22.06 51.48 50.13 

3 175 518.90 8.50 143.50 1 -

0.803 

1 1 54.1 32.64 55.03 54.39 

4 175 812.90 5.50 143.50 1 0.037 -1 1 40.5 38.28 39.60 40.23 

5 125 500.22 5.50 143.50 -1 -

0.857 
-1 1 35 20.35 32.66 32.99 

6 100 825.14 7.00 99.00 -2 0.072 0 0 42.019 27.69 41.22 43.62 

7 125 501.29 8.50 143.50 -1 -

0.853 

1 1 54.101 31.53 56.13 56.49 

8 175 351.14 8.50 54.50 1 -

1.282 

1 -1 56.908 8.76 56.45 56.09 

9 150 886.95 7.00 10.00 0 0.248 0 -2 49.014 3.49 46.18 48.51 
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10 125 115.00 5.50 54.50 -1 -

1.957 

-1 -1 41.75 2.1 42.06 43.16 

11 150 810.22 7.00 99.00 0 -
0.029 

0 0 44.03 28.52 44.71 43.76 

12 125 500.22 5.50 143.50 -1 -

0.857 

-1 1 29.814 17.33 32.66 32.99 

13 150 810.13 7.00 99.00 0 0.029 0 0 42.328 27.41 44.71 43.76 

14 150 281.96 7.00 99.00 0 -
1.480 

0 0 47.756 10.75 50.62 49.20 

15 175 361.00 8.50 54.50 1 -

1.254 

1 -1 55.036 8.70 56.33 56.08 

16 150 824.56 7.00 188.00 0 0.070 0 2 43.84 54.72 42.22 43.50 

17 150 201.95 10.00 99.00 0 -
1.709 

2 0 71.197 11.48 69.68 71.17 

18 150 750.08 7.00 99.00 0 -

0.143 

0 0 44.12 26.46 45.38 44.83 

19 125 499.07 8.50 54.50 -1 -
0.860 

1 -1 59.868 13.08 61.31 54.82 

20 175 911.69 8.50 143.50 1 0.319 1 1 51.27 54.27 50.58 51.51 

21 175 957.31 5.50 54.50 1 0.449 -1 -1 39.292 16.45 38.72 39.53 

22 200 143.74 7.00 99.00 2 -

1.875 

0 0 49.738 5.71 49.84 49.96 

23 125 847.19 8.50 143.50 -1 0.135 1 1 52.01 51.22 49.34 50.65 

24 175 293.69 5.50 143.50 -1 1.998 1 -1 41.405 14.14 41.03 41.57 

25 150 782.53 7.00 99.00 0 -
0.050 

0 0 45.036 28.17 45.02 44.27 

26 150 935.26 7.00 99.00 0 0.386 0 0 41.032 30.67 43.31 41.16 

27 150 184.00 7.00 99.00 0 -

1.760 

0 0 55.00 8.10 51.71 54.89 

28 125 450.00 5.50 54.50 -1 -1.00 -1 -1 40.21 7.93 38.36 40.46 

29 150 716.00 4.00 99.00 0 -

0.240 

-2 0 23.463 13.40 24.96 22.30 

30 175 114.10 5.50 54.50 1 -

1.957 

-1 -1 41.114 2.05 41.03 40.91 

 

The validation and fitness of the constructed model were examined by ANOVA. According to 

the achieved results, there was a clear relationship between independent and dependent variables 

(Tables 5 and 6). 

Table 5.Regression analysis of the reduced RSM model for BTEX elimination from polluted 

airstream coupled with the statistical significance of each coefficient (at a 95 % confidence 

interval) 
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Table 6. ANOVA results for the constructed RSM model 

As can be seen in table 5, the obtained intercept value of 44.82 for BTEX elimination is not 

dependent upon the independent variables or their interactions. Voltage with a coefficient of 8.31 

was considered as by far the most important parameter. It may be ascribed to the fact that 

formation of plasma is completely dependent upon voltage (Vandenbroucke et al., 2011). After 

this parameter, the efficient parameters, which affect response variable in declining order were 

initial Concentration of BTEX, temperature-voltage interaction, temperature, initial BTEX 

Concentration-voltage interaction, initial Concentration of BTEX-temperature along with 

temperature-flow rate interactions, flow rate and quadratic voltage, correspondingly. 

Generally, lower P-values along with higher Fisher’s F-test values are deemed to be reflective of 

the relative significance of each term. The ANOVA result for the response variable indicated an 

F-value of 62.40, which implies that the constructed model is significant. In order to check the 

Model term Coefficient F-value P-value 

β0 44.82 - - 

βx1 1.56 5.97 0.0240 

βx2 -3.92 54.04 < 0.0001 

βx3 8.28 136.58 <0.0001 

 βx4 - 1.16 7.47 0.0128 

βx1x2 1.45 6.31 0.0207 

βx1x3 -2.18 15.47 0.0008 

βx1x4 1.41 6.40 0.0199 

βx2x3 -1.50 5.02 0.0366 

βx3
2 -0.88 3.82 0.0648 

 

Response  

 

Source 

Analysis of variance 

Sum of square Degree of freedom (df) Mean square F-value P-value (p) > 7 

 Model 2391.77 9 265.75 62.40 <0.0001 

Residual 85.18 20 4.26   

Lack of fit 71.73 19 3.78 0.28 0.9255 

Pure error 13.45 1 13.45   
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good fitness and the adequacy of the developed model, the coefficient of determination (R2) 

coupled with adjusted R2 were calculated. The R2 value of 0.9656 implies that more than 96% of 

the achieved experimental results were compatible. The adj-R2 was used to examine the good 

fitness and adequacy of the model. The proportion of adj-R2 corrected R2 for the number 

parameters in the model as well as for the sample size. The adj-R2 value of 0.9644 for response 

variable was also high enough to indicate that the model was significant. Furthermore, the 

constructed model was evaluated for its suitability by evaluating the lack of fit. Based on the 

obtained results, the lack of fit for the developed model was significant by virtue of the low 

probability of the Fisher’s F-value for this parameter. This was deemed to represent further 

confirmation of the good fitness of the model. 

The coefficient of variation (CV %) exhibited the relative dispersion of the experimental 

points from the prediction of the second-order polynomial models. The proportion of this 

parameter was also low at 4.46, indicating that the deviation among the obtained predicted and 

actual proportions was low. In 2018, Fasuan and et al. observed CV value of 5.14% shows that 

the developed model could be noticeable reasonably repeatable and reproducible (CV < 10%) 

(Fasuan et al., 2018). The adequate precision was applied to measure the signal-to-noise ratio, 

and a ratio greater than 4 was desirable. The ratio was, in fact, 37.538, exhibiting an adequate 

signal. In order to evaluate the residuals normality data were analyzed, and the normal 

percentage probability plot of these residuals is indicated in Figure 4. 
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Figure 4. Normal % probability plot for response variable 

 

 

3.2. Response surface and contour plots 

Plots of response surface as a simultaneous function of two independent variables which 

maintain rest of the variables at constant points are more effective in finding out the interactive 

and the main effects of these variables. The curves of the RSM were plotted to identify how the 

independent factors interacted and to ascertain the ideal point of each factor for best responses. 

The plots of the RSM for the elimination of BTEX are exhibited in Figures 5 to 8, and these 

indicate the influence of process-independent factors including temperature, initial concentration 

of BTEX, voltage, and flow rate. A greater temperature and voltage promotes the elimination of 

BTEX. The correlation between temperature and removal efficiency (Fig. 5) can be attributed to 

the augmentation of the reaction rate between BTEX compounds and radical species such as OH 

and O owing to the endothermic behavior of these types of reactions (Blin-Simiand et al., 2009; 
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Vandenbroucke et al., 2011). Furthermore, the influence of voltage on the response variable (Fig. 

6) may be ascribed to the generation of a stronger electric field. Greater energetic electrons are 

produced at the higher voltages and this, consequently, leads to a stronger electric field (Tayade 

et al., 2009; Vandenbroucke et al., 2011; Vintila et al., 2005). In contrast, there was an inverse 

relationship between lower BTEX concentration and flow rate and the elimination of BTEX. 

This can be attributed to the fact that, when the initial BTEX concentration increased, each 

BTEX compound shared fewer radicals and other reactive species of plasma (Fig. 7). However, 

there was a direct relationship between removal rate and initial BTEX concentration. This can be 

owing to the induction of decomposition kinetics increase (Assadi et al., 2014; Blin-Simiand et 

al., 2008; Chiper et al., 2009; Delagrange et al., 2006; Ghaida et al., 2016). In addition, the 

observed relationship between flow rate and response variable (Fig. 8) can be illustrated by the 

fact that, since the lower the gas flow rate, the more the VOC compounds residence time in the 

reactor will occur, the collision possibility is promoted for reactions among VOC molecules and 

produced radicals and other reactive species as well as for electron-impact reactions (Byeon et 

al., 2010; Chavadej et al., 2007). 
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Figure 5. Simultaneous effects of initial BTEX concentration and temperature on BTEX removal 

efficiency (voltage: 7 kV; flow rate: 99 ccm/s) 

 

 

Figure 6. Simultaneous effects of influent concentration of BTEX and voltage on BTEX removal 

efficiency (flow rate: 99 ccm/s; temperature: 150 °C)  
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Figure 7. Simultaneous effects of influent concentration of BTEX and voltage on BTEX removal 

efficiency (flow rate: 99 ccm/s; temperature: 150 °C) 

 

 

 
Figure 8. Simultaneous effects of temperature and flow rate on BTEX removal efficiency (initial BTEX 

concentration: 800 ppm; voltage: 7 kV) 
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3.3. ANN model 

According to the R (correlation coefficient) maximum value and the MSE minimum value of the 

training, validation and testing data sets, the appropriate developed ANN model was FFBPNN 

model with structure of 4-9-1. In this study for networks optimization, 1 to 30 neurons were used 

in the hidden layer. The relationship between the neurons numbers and the values of R and MSE 

for the chosen ANN models including FFBPNN, CFBPNN and EFBPNN are presented in Tables 

7A, 7B and 7C, respectively. 

Table 7A. Dependence amongst number of neurons at the hidden layer, R value and MSE for FFBPNN 

type of ANN models with normalized data 

Number 

of 

neurons 

Training Validation Testing 

MSE R MSE R MSE R 

1 0.0008 0.9648 0.0044 0.9860 0.0032 0.9458 

2 0.0004 0.9847 0.0017 0.9398 0.0014 0.9348 

3 0.0005 0.9784 0.0013 0.9538 0.0028 0.9324 

4 0.00003 0.9988 0.0018 0.9945 0.0050 0.9056 

5 0.00005 0.9982 0.00075 0.9656 0.0042 0.9753 

6 0.00041 0.9835 0.0017 0.9688 0.0022 0.9765 

7 0.00006 0.9962 0.0037 0.9670 0.0031 0.9461 

8 0.00061 0.9834 0.0015 0.9531 0.0022 0.9412 

9 0.000188207 0.99243 0.00099926 0.98416 0.000314208 0.99038 

10 0.00018 0.9906 0.00064 0.9858 0.0032 0.9667 

11 0.000007 0.9996 0.0011 0.9744 0.0022 0.9415 

12 0.00053 0.9808 0.0024 0.9761 0.0011 0.9794 

13 0.00013 0.9948 0.0011 0.9245 0.0039 0.9412 

14 0.00079 0.9693 0.0022 0.9364 0.0031 0.9619 

15 0.00023 0.9896 0.0108 0.97334 0.0056 0.9583 

20 0.00036 0.9779 0.0041 0.9300 0.0113 0.9203 

25 0.0000003 1 0.0017 0.9713 0.0093 0.8738 

30 0.00019 0.9946 0.0118 0.9162 0.0317 0.8820 
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Table 7B. Dependence amongst number of neurons at the hidden layer, R value and MSE for CFBPNN 

type of ANN models with normalized data 

Number 

of 

neurons 

Training Validation Testing 

MSE R MSE R MSE R 

1 9.328e-04 0.9551 0.0015 0.957 0.002 0.7921 

2 6.535e-04 0.9592 0.0027 0.9527 0.0011 0.9245 

3 9.138e-04 0.9716 7.271e-04 0.9597 0.0014 0.9498 

4 0.0022 0.9452 4.927e-04 0.9433 9.271e-04 0. 9833 

5 3.056e-04 0.9888 0.0029 0.9437 0.0013 0.9134 

6 3.560e-04 0.9818 0.0020 0.9806 0.0021 0.9607 

7 7.374e-04 0.9843 0.0021 0.9215 0.0031 0.9580 

8 7.676e-04 0.9814 0.0021 0.9623 0.0023 0.9691 

9 2.259e-04 0.9912 0.0022 0.9818 0.0023 0.9693 

10 1.341e-04 0.9962 4.883e-04 0.934 0.0029 0.9439 

11 6.030e-04 0.9852 0.0026 0.9854 0.0013 0.9728 

12 4.292e-04 0.9744 8.588e-04 0.9400 0.0024 0.9641 

13 2.799e-04 0.9817 0.0020 0.9669 0.0030 0.9517 

14 4.012e-04 0.9855 0.0045 0.9203 0.0073 0.9686 

15 1.309e-04 0.9947 0.0011 0.9417 0.0030 0.9894 

20 1.170e-04 0.9965 0.0052 0.8265 0.0016 0.9393 

25 0.0031 0.8904 0.0342 0.7479 0.0075 0.7690 

30 0.0016 0.9401 0.0163 0.9526 0.0286 0.7638 

 

Table 7C. Dependence amongst number of neurons at the hidden layer, R value and MSE for EFBPNN 

type of ANN models with normalized data 

Number 

of 

neurons 

Training Validation Testing 

MSE R MSE R MSE R 

1 0.0016 0.9474 0.0011 0.9411 0.0014 0.9492 

2 3.804e-04 0.9874 0.0021 0.6913 0.0019 0.9117 

3 2.091e-04 0.9920 0.0025 0.9886 0.0014 0.94109 
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4 8.046e-04 0.9727 7.452e-04 0.9283 0.0071 0. 8736 

5 6.803e-05 0.9978 1.894e-04 0.9676 0.0012 0.9384 

6 2.014e-04 0.9910 6.029e-04 0.9611 0.0027 0.9559 

7 0.0010 0.9528 0.0011 0.9729 0.0076 0.9586 

8 0.0014 0.9690 3.547e-04 0.9235 0.0025 0.9353 

9 0.0018 0.9717 0.0017 0.9566 0.0119 0.8785 

10 0.0015 0.9573 5.911e-04 0.9500 0.0018 0.9788 

11 1.878e-04 0.9911 4.790e-04 0.9894 0.0019 0.9616 

12 7.229e-04 0.9878 0.0011 0.9100 7.370e-04 0.9729 

13 2.542e-05 0.9987 0.0034 0.9645 0.0021 0.9640 

14 4.014e-04 0.9896 3.942e-04 0.9752 0.0011 0.9871 

15 0.0011 0.9845 0.0017 0.9515 0.0063 0.9261 

20 5.098e-04 0.9832 5.415e-04 0.9680 0.0010 0.9706 

25 3.022e-04 0.9766 8.752e-04 0.9352 0.0015 0.9421 

30 1.841e-04 0.9937 0.0024 0.8988 7.625e-04 0.9590 

 

 Based on the obtained results, all three developed models (FFBPNN, CFBPNN and EFBPNN) 

were suitable, among which the FFBPNN type of ANN models containing nine hidden neurons 

was selected as the preferred model for the BTEX elimination using the NTP process. Using this 

optimally developed ANN model, the R and MSE proportions for the set of test data were 

0.99038 and 0.00031 respectively. Equation 9 presents the gained ANN model.  

ANN equation = Purelin (LW ∗ tansig (IW ∗ [x(1);  x(2);  x(3);  x(4)]  +  b1)  +  b2)  

                                                                                                                 (Equation 9) 

Where, IW and LW are the weights of the hidden and output layers respectively, and b1 and b2 

are the biases of the hidden and output layers respectively. 
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The distribution of the achieved actual values and their residual errors are demonstrated in Figure 

9, which reveals that the differences of the forecasted and the actual values for the ANN 

(FFBPNN) model are relatively lower than the RSM model. 

 

 

Figure 9.Comparison of experimental and predicted values obtained by the ANN (FFBPNN) and RSM 

models: (a) residual proportions distribution (b) for each experimental run 
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3.4. ANN and RSM Comparison 

In order to compare these two developed models, a deductive criterion was required to calculate 

the difference among the experimental and predicted values by ANN (FFBPNN) and RSM 

models. The obtained actual and forecasted values of the dependent variable for both developed 

models in main design matrix and additional test are presented in Tables 4 and 8 respectively.  

 

Table 8. Validation and comparison of the experimental data set 

 

Run 

Actual Factors Coded Factors Actual 

Efficiency 

 (%) 

Predicted 

RSM 

 

Predicted 

ANN 

(FFBPNN) 
A 

(˚C) 

B 

(ppm) 

C   

(V) 

D 

(ccm/s) 

X1 X2 X3 X4 

1 

2 

3 
4 

5 

170 

140 

160 
190 

110 

500.64 

909.61 

614.32 
1012.14 

794.59 

8.00 

7.00 

9.00 
8.00 

7.00 

100.00 

80.00 

120.00 
140.00 

160.00 

0.8 

-0.4 

0.4 
1.6 

-1.6 

-0.85 

0.31 

-0.53 

0.61 

-0.02 

0.667 

0.00 

1.333 
0.667 

0.00 

0.022 

-0.427 

0.472 
0.921 

1.371 

49.12 

36.50 

63.39 
52.01 

33.94 

53.25 

42.96 

57.36 
49.55 

37.73 

51.41 

33.38 

60.71 
52.64 

32.79 

 

The developed RSM and FFBPNN models performance were statistically evaluated in terms of 

the SSE, RMSE, R2, adj. R2, and AAD, and the data that were generated is presented in Table 9. 

Table 9. SSE, RMSE, R2, adjusted R2, and AAD for FFBPNN best designed model (Levenberg–

Marquardt BP algorithm and neuron number 9) and RSM 
Model SSE RMSE R2 Adjusted R2 AAD 

RSM (MDM) 

ANN (FFBPNN)  (MDM) 

RSM (AT) 

ANN (FFBPNN)  (AT) 

82.27 

63.09 

115.56 

23.88 

1.714 

1.501 

4.807 

2.185 

0.9656 

0.9736 

0.898 

0.9672 

0.9644 

0.9727 

0.8642 

0.9563 

0.1945 

0.0747 

4.606 

-2.050 

MDM: Main Design Matrix; AT: Additional Test 

 

 

As can be observed in Table 9, the values of the RMSE for FFBPNN and RSM models reveal 

that the RSM forecast has a higher deviation than that of the FFBPNN. Despite the obtained 

results indicate that both of the constructed FFBPNN and RSM models fitted satisfactory with 
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the actual results, the attained SSE and AAD coupled with R2 and Adj. R2 for both of these 

models demonstrate that the developed FFBPNN model was in better agreement than the 

constructed RSM model.  

It is worth highlighting that, although the developed RSM model was, in main design 

matrix, constructed with 30 experimental runs and the FFBPNN was trained and developed with 

only 20 experiments in this set, the FFBPNN model predictive power was slightly more than that 

of the RSM model. Also, the obtained additional test results reveal that the ANN (FFBPNN) 

model is more powerful than the RSM one. Besides, given the regression analysis result for 

estimation, demonstrating and recognizing the insignificant quadratic variables as well as 

interaction and main independent variables in the model is considered to represent a fundamental 

benefit of RSM and, thereby, RSM is able to decrease the problem difficulty compared with 

ANN.  

Conversely, the major restriction of the RSM is that only quadratic non-linear correlation 

is assumed by RSM and this approach needs an appropriate range determination for each 

independent variable to confirm that the dependent variable(s) under consideration change in a 

systematic procedure within these ranges. However, ANN is intrinsically able to capture 

approximately any type of non-linearity, is simply able to conquer the RSM restriction (Desai et 

al., 2008), and does not rely on an appropriate design of experiments to develop the model. 

Additionally, the model of ANN is flexible and permits the incorporation of obtained actual 

results to construct a reliable model of ANN (Geyikçi et al., 2012). Whilst both constructed 

FFBPNN and RSM models exhibited excellent forecasts in the present investigation, the 

developed FFBPNN model was more accurate than the RSM model. Therefore, FFBPNN was 

deemed to be an efficient method for optimizing and modeling BTEX removal. 
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4. Conclusion 

Non thermal plasma is considered as a modern technology for the treatment of many pollutants. 

The main objective of the present study was to assess the prediction efficiency of ANN 

(FFBPNN, FFBPNN and FFBPNN) and RSM based models for BTEX elimination from a 

polluted air stream. In the present investigation, RSM-CCD with four variables including 

temperature, BTEX initial concentration, voltage and flow rate at five levels, and one response 

variable coupled with three models of ANN (FFBPNN, CFBPNN and EFBPNN) were applied to 

construct an appropriate model for BTEX elimination from a polluted airstream. According to 

the three models of ANN, FFBPNN had best condition with nine neurons in hidden layer. The 

performance and capabilities of the developed models of RSM and ANN (FFBPNN) were 

compared and statistically designated (SSE, RMSE, R2, adj. R2, and AAD) with actual 

experimental results, satisfying that the constructed ANN (FFBPNN) model achieved excellent 

prediction performance in comparison to the developed RSM model. 
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