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1 Introduction
Several separation techniques have been used to study the 
removal of different pollutants from water , among these 
methods being multicomponent adsorption.1 This latest 
technique has attracted the interest of many industrial sec-
tors because of its simplicity, high efficiency, and cost-ef-
fectiveness.2–6

Multicomponent adsorption equilibrium is complex due to 
the nonlinear relationships between dependent variables 
and the nature of the interactions between the adsorbent 
and the adsorbate (synergism, antagonism or non-inter-
action).7 The chemical species are adsorbed at the same 
time with a different degree of competition, depending 
on several thermo-physicochemical and morphological 
parameters8 In this sense, different theoretical and em-
pirical models (kinetics such as pseudo-first-order, pseu-
do-second-order, liquid film diffusion and isotherms such 
as competitive Langmuir, Freundlich, Temkin, Dubinin–Ra-
dushkevich and Elovich)9 have been proposed in literature 
to model this phenomenon. However, the application of 
these models is limited because they are established based 
on some restrictive assumptions about the physicochemi-

cal nature that affects the adsorption system.10 Due to this 
complexity, machine learning algorithms have emerged as 
a powerful tool, compared to other classical methods, to 
tackle the nonlinear relationships directly from samples 
with no previous knowledge of the chemical or physical 
nature that affects the system.10–13

Different machine learning algorithms were used in the lit-
erature as an advanced mathematical tool to model the 
adsorption capacity of single and multicomponent adsorp-
tion systems, such as: artificial neural network (ANN),3,7,11–

15 support vector machine (SVM).12,15–17

The SVM method can overcome some disadvantages of 
the ANN model, such as robustness, and avoid the result 
of falling into local optimum.18 However, the SVM’s pa-
rameters are tuned using a built-in optimisers, which are 
generally selected by trial and error method.18 This meth-
od causes troublesome prediction and large error.18 There-
fore, many methods have been proposed for improving 
parameter optimisation. Published in literature is a new, 
simple, and effective optimisation method called dragon-
fly,19 which combines the SVM’s parameters as the solution 
position of DA, and keeps the computing performance of 
the algorithm as the current fitness value of DA, and then 
iterates through those parameters to obtain the optimal 
location of the dragonfly, i.e., the best parameters of the 
SVM.18
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To the best our knowledge, no research has been pub-
lished on the development of only one model capable 
of predicting the adsorption capacity based on any set of 
pollutants (heavy metals, dyes, pharmaceuticals, hydrocar-
bons, organic, and inorganic matter). 

Therefore, the aim of this study was to use a novel hybrid 
DA-SVM algorithm for hyperparameters optimisation, to 
obtain the best prediction model in terms of statistical met-
rics for modelling the multicomponent adsorption capacity 
at equilibrium; this model can predict the adsorption ca-
pacity of ternary adsorption systems of different types of 
pollutants.

2 Dataset selection
The experimental data of this study were collected from a 
large body scientific literature. Table 1 represents the af-
fecting parameters.

Table 1 – Statistical description of the dataset

Variable 
category Variables Unit

inputs

molecular weight of each 
pollutant Mw

Mw1

g mol−1Mw2

Mw3

specific area of adsorbent As m2 g−1

temperature T °C

concentrations ce

ce1

mg l−1ce2

ce3

outputs equilibrium adsorption 
capacity of each adsorbent qe

qe,1

mg g−1qe,2

qe,3

The literature and the number of data used for each sys-
tem are given in Table 2. The dataset was collected from 
various published papers; each paper contained different 
ternary competitive adsorption systems on different adsor-
bents. The published papers reported single or competitive 
adsorption like in binary or ternary systems. In this work, 
we collected only the ternary competitive adsorption from 
graphs using digitiser software. The three metals or antibi-
otics shown in Table 2 represent the three pollutants to be 
removed from the aqueous solution.

3 SVM modelling approach
The SVM algorithm was first proposed by Cortes and Va-
pnik in 1995.53 The SVM algorithm presents some advan-
tages as follows:

• It can model complex nonlinear behaviours, 
• Potential for implementation in regression, 
• It can deal with missing data, etc. 

The SVM algorithm uses the trial and error optimisation 
method to tune its parameters. Therefore, some disadvan-
tages can be encountered, such as low efficiency, accura-
cy, and speed of calculation. To overcome these problems, 
recent optimisation methods have been used to tune the 
SVM parameters, namely, Genetic algorithm (GA), Parti-
cle swarm optimisation (PSO),54 Cuckoo optimisation al-
gorithm (COA), Artificial Bee Colony (ABC), Simulated 
annealing (SA),55 Ant Colony Optimisation (ACO),56 Grid 
search, Firefly algorithm (FFA), and Dragonfly algorithm 
(DA).57 A detailed theory of SVM has been explained by 
numerous researchers.58 The output expression of the SVM 
model can be written by Eq. (1):

( ) ( )Tf x w x b= ⋅∅ + (1)

where w and b are the weight and bias vector, respective-
ly, ∅(x) represents the nonlinear mapping transfer function, 
which maps x into higher dimensional feature space.

To obtain w, it is compulsory to tune the following regular-
ised function, which can be expressed as in expression (2), 
with the constraint of expressions (3)–(4) and Eq. (5):

(2)

, i = 1, 2, 3,…, N (3)

ξi,ξi
* ≥ 0, i = 1, 2, 3,…, N (4)

(5)

ψ is equivalent to the function approximation accuracy 
placed on the training data samples.15 C is the capacity 
parameter, ξi and ξi

* represent the positive slack variables.15 
K is a kernel function defined by an inner product of the 
nonlinear transfer function; the most used kernel function 
is the Gaussian Radial Basis function (RBF), which is given 
by Eq. (6):

 
σ ∈ ℝ (6)

where σ is the width of RBF function. 

The dragonfly algorithm is a nature-inspired algorithm that 
can overcome all shortcomings presented by other opti-
misation algorithms in the light of high efficiency, rapid 
convergence, less computational complexity, and better 
capability of determining the global optima. 

There is a connection between the accuracy of the SVM 
model and C, ε, and σ. The GWO has been employed in 
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Table 2 – Dataset of mixture adsorbate in aqueous solution adsorbed on different adsorbents

Ref. Adsorbate Adsorbent Dataset 
size Ref. Adsorbate Adsorbent Data set 

size

20 Cd2++Cu2++Pb2+

activated carbon 
24 21 Cd2++Cu2++Zn2+ biochar 15peanut shell

sawdust
22 Cd2++Ni2++Co2+ nanotubes 33

23 Zn2++Cu2++Pb2+
biochar 18

24 Cu+2+Pb+2+Hg+2 activated carbon 39 magnetic biochar 18

25
Pb2++Cu2+Zn2+

NaX zeolite
18 26 Cd2++Cu2++Zn2+ natural sediment 45

Pb2++Cd2++Cu2+ 18
27 Cu2++Zn2++Hg2+

calcined magnetic biochar 12
Cd2++Cu2++Zn2+ 18 calcined biochar 12

28 Pb2++Hg2++Cr2+ activated sludge 51 29
Cu2++Zn2++Cd2+

cabbage waste
11

Cu2++Zn2++Pb2+ 19
Cu2++Pb2++Cd2+ 22

30 Cr3++Pb2++Cd2+ dead anaerobic 
biomass (DAB) 30 31 Pb2++Cu2++Cd2+ locally porcelanite 39

32 Ni2++Cu2++Pb2+ phosphoric acid 
activated carbon 18 33 Ni2++Cu2++Cd2+ phosphate rocks (PR) 36

34 Cu+2+Zn+2+Pb+2 polypropylene fibre 30 35 Ni2++Cd2++Pb2+
mesoporous and  

nano-mesoporous silica  
(nano- MCM-41)

15

36

Pb2++Zn2++Cd2+ Al-SM 27

37

Pb2++Hg2++Cd2+

biosorption

6

Pb2++Zn2++Cd2+ ASM 27
Pb2++As5++Hg2+ 6
Pb2++As5++Cr3+ 6
As5++Hg2++Cr3+ 6

38 Pb2++Zn2++Cd2+ peat 24 39

Remazol reactive 
yellow+

Remazol reactive 
black+ 

Remazol reactive red 

activated carbon 15

40
Phenanthrene + 
Naphthalene + 

Naphthol
nanotube carbon 15 41

Methylene blue+ 
Malachite green+

Congo red 
activated carbon 12

42
Congo red+

Crystal violet+
Brilliant green

alginic biopolymer 
composite 30 43

Safranine O+ 
Brilliant green+ 
Methylene blue

pine cone modified 45

44
Acetaminophen+ 

Diclofenac+ 
Tetracycline 

argil 54 45
Methylene blue+ 

Crystal violet+ 
Congo red

argil 18

46
Tetracycline+ 
Amoxicillin+ 
Ciprofloxacin

pistachio shell powder 30 47
Congo red+ 

Brilliant green+ 
Methylene blue 

alginic biopolymer 
composite 30

48
Carbamazepine+

Paroxetine+
Oxazepam

commercial activated 
carbon 18 49

Direct fast scarlet + 
Eosin Y+

Reactive violet K-3R 
EPIDMA/bentonite 24

50
Ethanol+ 
Acetoin+ 

Acetic acid
resin 24 51

Trimellitic acid+ 
Hemimellitic acid+ 

Pyromellitic acid 
cellulosic agricultural waste 15

52
Acetone+
Toluene +
n-hexane

activated carbon 51
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this study to tune the aforementioned three SVM parame-
ters. Fig. 1 illustrates the flowchart of the hybrid DA-SVM 
methodology model to be implemented in MATLAB soft-
ware.

The DA algorithm was used to tune the SVM hyper-param-
eters (C, ε, σ) in the following search space, respectively 
([10−3−103], [10−3−103], close to zero). The maximum 
iteration and search agents were fixed to 20 and 7, re-
spectively, with RMSE as a fitness function. In this study, 
three kernel functions were tested (‘Gaussian’, ‘linear’, and 
‘polynomial’).

4 Statistical evaluation and uncertainty 
in models

The performance of the best model was measured using 
three statistical metrics: R, R2, and RMSE. These metrics 
can be expressed as follows: 

( )2exp cal
e, e,

1

1RMSE
n

i i
i

q q
N =

= −∑ (7)

where exp
e,iq  and cal

e,iq  are the experimental and the calcu-
lated adsorption capacities. Coefficients R and R2 are also 
employed to confirm the accuracy of the best developed 
models, the R2 can be expressed by the following equa-
tion:59–61

( )
( )

2exp cal
e, e,2 1

2
exp exp
e, e1

1
n

i ii

n
ii

q q
R

q q

=

=

−
= −

−

∑
∑

(8)

where exp
eq  is the mean of the experimental values and n 

is number of data sample. 

Table 3 represents the performances of each model when 
modelling the adsorption phenomena in terms of RMSE, R, 
and R2. Table 3 presents the values of the DA-SVM mod-
el performance, the correlation coefficient, and the root 
mean square error.

Table 3 – Statistical parameters of the DA-SVM model for the 
global stage

Method Kernel Function R R2 RMSE
⁄ mg g−1

DA-SVM
linear 0.405 0.164 42.550

polynomial 0.564 0.318 39.000
RBF-Gaussian 0.998 0.997 2.540

SVM RBF-Gaussian 0.985 0.9693 7.525

In this study, the dataset was divided into two subsets, us-
ing 80 % for training set, and 20 % for the test set. Diverse 
kernel functions have been tested: linear, polynomial, RBF, 
and Gaussian. The results of the optimised hyper-param-
eters of the SVM model are summarized in Table 4. The 
RBF-Gaussian kernel function gave the best results, yield-
ing the lowest error and highest correlation coefficient 
among all kernel functions.

Scatter plots show the comparison between measured 
and predicted adsorption capacity values obtained using 
the best model for the training, whereas testing dataset is 

Fig. 1 – Schematic depiction of DA-SVM 
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shown in Fig. 2. The correlation and the determination co-
efficient were found to be, respectively, 0.998 and 0.997 
for the DA-SVR model using RBF-Gaussian as the kernel 
function. Hence, the obtained DA-SVM with RBF-Gauss-
ian kernel function is statistically significant. The MSE was 
used as a fitness function to evaluate how close the solu-
tion was to the optimal solution.

Fig. 3 – Predicted vs experimental adsorption capacity for qe,1 
(mg g−1)

Fig. 4 – Predicted vs experimental adsorption capacity for qe,2 
(mg g−1)

Fig. 5 – Predicted vs experimental adsorption capacity for qe,3 
(mg g−1)

Figs. 3 to 5 again confirmed the accuracy of the DA-SVM 
model between experimental and predicted ternary ad-
sorption capacity (qe,i, i = 1, 2, 3). These figures showed 
that the predicted values followed the trend of the nonlin-
ear experimental values. The developed model presented 
very low values of RMSE (2.540) for the global stage, and 

Fig. 2 – Observed vs predicted adsorption capacity values for the global stage

Table 4 – Details of the optimised hyper parameters for the 
SVM model

Method Kernel function C
Kernel 
scale
sigma

(σ)

Epsilon
(ε)

Quantity 
of support 

vectors

DA-SVM
linear 640 – 1950 921

polynomial 327.100 – 1050 921
RBF-Gaussian 500 0.0182 22.500 921

SVM RBF-Gaussian 640 0.100 518.700 921
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high R2 values of 0.997 for the three outputs. The results 
confirmed the high prediction ability of the developed 
model, and the possibility of being integrated in water 
treatment and purification unit.

5 MATLAB-based GUI 
To provide a simple and convivial use of the optimal DA-
SVR model in estimating the target values and avoiding 
dealing with the complex architecture of the model with 
many weights and biases, a practical GUI was designed 
with MATLAB R2018a GUI Toolbox. The constructing pro-
cedure of the GUI is presented in Fig. 6.

The GUI presented in Fig. 7 was built using the optimised 
model with high accuracy; the input parameters are writ-
ten directly in the related textboxes whose descriptions 
are stated above the boxes. The inputs are then used with 

weights and biases of the optimised model to estimate the 
adsorption capacity of ternary systems as outputs in the 
range of the used inputs. 

6 Conclusions 
The efficiency of SVM and DA-SVM in the prediction of 
the adsorption capacity was evaluated in this work. Based 
on the statistical metrics evaluated, the accuracy of the 
models in terms of accuracy and precision was in this or-
der: DA-SVM with RBF-Gaussian kernel function (model 
1), SVM with RBF-Gaussian kernel function (model 2), 
DA-SVM with polynomial kernel function (model 3), and 
DA-SVM with linear kernel function (model 4). Model 4 
had significantly high RMSE (42.550 mg g−1) compared to 
model 3 (39 mg g−1), model 2 (7.525 mg g−1), and model 1 
(2.540 mg g−1). 

The developed DA-SVM model can be used to predict the 
adsorption capacity of any ternary pollutant system (heavy 
metals, dyes, pharmaceuticals, hydrocarbons, organic, and 
inorganic matter) involved in water treatment and purifica-
tion. In order to simplify the use of the obtained model, a 
single MATLAB-based GUI was developed based on best 
model’s parameters that could be used for response pre-
diction with high accuracy. 

List of abbreviations

RMSE – root mean squared error
MSE – mean squared error
R2 – determination coefficient
R – correlation coefficient 
qe,i – capacity of adsorption of the component i

Fig. 6 – Constructing procedure for the GUI

Fig. 7 – Implementation of the best model in GUI to estimate 
the target values
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exp
e,iq – experimental value of the capacity of adsorption

cal
e,iq – predicted value of the capacity of adsorption

exp
eq – mean of the experimental values

N – number of data set 
Mwi – molecular weight of the component i
cei – concentration of the component i
As – specific area of the adsorbent 
T – temperature
w – weight matrix and wT is its transpose
b – bias vector
∅(x) – nonlinear mapping transfer function, which maps x 

into higher dimensional feature space
C – capacity parameter
σ – width of RBF function
ε – insensitive loss function
ξi and ξi

* – positive slack variables
δi and δi

* – Lagrange multipliers
ψ – equivalent to the function approximation accuracy 

placed on the training data samples
K – kernel function 
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SAŽETAK
Predviđanje kapaciteta višekomponentne adsorpcije metodom 

potpornih vektora uz algoritam Dragonfly
Riadh Moumen,a,b Maamar Laidi,b* Salah Hanini,b Mohamed Hentabli b,c i Abdellah Ibrirb

Višekomponentni adsorpcijski kapacitet modelirana je metodom potpornih vektora (SVM). Razvi-
jena su i uspoređena dva SVM modela. U prvom modelu primijenjena je metoda SVM s već ugra-
đenim optimizacijskim algoritmom. U drugom modelu primijenjena je SVM metoda s Dragonfly 
algoritmom (DA) optimizacije. Točnost modela procijenjena je pomoću tri uvriježene statističke 
mjere: korijena srednje kvadratne pogreške RMSE, koeficijenta determinacije R2 i koeficijenta 
korelacije R. Korišteni podatci o raznim onečišćivalima, poput iona teških metala, boja i organskih 
spojeva te različitim prirodnim/sintetskim adsorbensima prikupljeni su iz literaturno dostupnih 
znanstvenih radova. Skup podataka sadržavao je pet važnih varijabli s 1023 točke; 4 varijable bile 
su ulazne varijable (molekulska masa, ravnotežne koncentracije adsorbata, specifično područje 
adsorbensa i temperatura), a jedna izlazna (ravnotežni adsorpcijski kapacitet). Podatci su podije-
ljeni u dva podskupa: 80 % podataka uzeto je za treniranje, a 20 % za testiranje. Programiranje je 
provedeno u softveru MATLAB. Rezultati su pokazali da optimiran DA-SVM model s RBF-Gausso-
vom kernel funkcijom ima dobru sposobnost globalnog pretraživanja uz visoku točnost predviđa-
nja, s R2 = 0,997, R = 0,998 i RMSE = 2,539. 
Dobiveni model može se primjenjivati za predviđanje učinkovitosti adsorpcijskog sustava te pruža 
alat za optimizaciju procesa u skladu s promjenama radnih uvjeta. Razvijeno je novo grafičko ko-
risničko sučelje (GUI) za točnu procjenu željenih odziva koje primjenjuje najbolji DA-SVM model.

Ključne riječi 
Višekomponentna adsorpcija, MATLAB GUI, onečišćivala, regresija potpornih vektora, 
algoritam Dragonfly
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