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Abstract

A single-layer Artificial Neural Network (ANN) model was developed to predict the removal efficiency of
Ni(Il) ions from aqueous solution using shelled Moringa Oleifera seed (SMOS) powder. Batch experiments
resulted into standardization of optimum conditions: biomass dosage (4.0 g), Ni(I) concentration (25 mg/L)
volume (200 mL) at pH 6.5. A time of forty minutes was found sufficient to achieve the equilibrium. The
ANN model was designed to predict sorption efficiency of SMOS for target metal ion by combining back
propagation (BP) with principle component analysis. A sigmoid axon was used as transfer function for input
and output layers. The Levenberg—Marquardt Algorithm (LMA) was applied, giving a minimum mean

squared error (MSE) for training and cross validation at the ninth place of decimal.
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1. Introduction

The pattern of industrial activity alters the natural flow of
materials and introduces chemicals in their effluents [1].
Most of these effluents contain toxic substances espe-
cially heavy metals. The heavy metals are of special con-
cern because they are non-degradable and thus persistent.
The removal of heavy metals from wastewater has re-
cently become the subject of considerable interest due to
more strict legislations introduced to control water pollu-
tion. Current methodologies such as chemical precipita-
tion, electro floatation, ion-exchange and reverse osmo-
sis have been used for the removal of heavy metals [2].
Activated carbon is also regarded as an effective ad-
sorbent for removal of metal ions from water [3]. How-
ever, these processes are economically non-feasible es-
pecially for the developing countries [4].

Biomaterials have gained much importance for decon-
tamination of water which involves processes that reduce
overall treatment cost through the application of wastes
like bagasse pith, wood, saw dust and other agricultural
wastes [5-7]. They are particularly attractive as they
lessen reliance on expensive water treatment chemicals,
negligible requirements of transportation and thus offer-
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ing genuine, local resources as alternate solutions to tac-
kle local issues of water quality problems. This novel
approach is competitive, effective and low cost. Agri-
cultural wastes that are available in large quantities have
enough potential to be used as biosorbents in an envi-
ronment friendly manner. Regeneration of the biosor-
bents further increases the cost effectiveness of the proc-
ess thus warrants its future success following the concept
of Green Chemistry which is a new principle guiding the
next generation products and processes [8].

Ni(Il) has been recognized as one of the hazardous
heavy metals commonly used in mining, acid battery
manufacturing, metal plating etc. [9,10]. Significant
quantities of nickel-containing waste water are intro-
duced into water bodies from the effluents of nickel plat-
ing plants, silver refineries, zinc based casting industries
and storage batteries [11]. Higher concentration of Ni(II)
causes cancer of lungs, kidneys, gastrointestinal distress,
nausea, vomiting, pulmonary fibrosis, renal edema and
skin dermatitis [12]. These harmful effects of Ni(I) ne-
cessitate its removal from waste waters before release
into streams.

To achieve an optimum management for any control
measure, the concept of modeling for an efficient opera-
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tion and design should be developed. ANN utilizes in-
terconnected mathematical neurons to form a network
that can model complex functional relationship [13]. In
recent years, ANN have been used as a powerful model-
ing tool in various processes such as membrane filtration,
gas separation, ultra filtration, reverse osmosis etc. [14-
16].

In continuation of our work on biosorption of toxic
metals using agricultural waste from waste water [17-20],
the present paper describes the abatement of Ni(II) ions
from aqueous system using shelled Moringa Oleifera
seed (SMOS) powder. Moringa Oleifera, a multidimen-
sional tropical plant that survives in heat, desiccating
dryness and destitute soils is deemed to be an efficient
biosorbents for metal removal than other biosorbents
previously reported. The paper also reports the applica-
bility of a single-layer ANN model using a back propa-
gation (BP) algorithm to predict the removal efficiency
of shelled Moringa Oleifera seed powder (SMOS) for
Ni(Il) ions. Pursuing benchmark comparisons of BP al-
gorithms, a study was conducted to determine the opti-
mization study to determine the optimal network struc-
ture. Experimental data were initially distributed to three
subsets; training, validation and testing. Finally, output
obtained from the ANN modeling was compared with
the experimental data. The present piece of work high-
lights the possibility of the prediction of sorption effi-
ciency for the metal ions from waste water using SMOS
in the range of metal concentration with which lab ex-
periments have not been conducted.

2. Materials and Methods

2.1. Biosorbent Preparation

Moringa Oleifera Lam. tree was notified in the nearby
area of Dayalbagh Educational Institute and the seeds
were collected from the target plant. Seeds were washed
thoroughly with double distilled water to remove the
adhering dirt, dried at 65°C for 24 h, crushed and sieved
through (105) mesh copper sieves. Shelled Moringa
Oleifera seeds (SMOS) were used as biosorbent.

2.2. Biosorption Studies

Sorption studies using standard practices were carried
out in batch experiments (triplicate) as a function of bio-
mass dosage (2.0-6.0 g), contact time (10-60 min), vol-
ume of the test solution (100-300 mL), metal concentra-
tion (10-100 mg/L), particle size (105) and pH (4.5-8.5).
A required amount of Ni(II) (Nickel Sulphate, AR grade)
was taken in an Erlenmeyer flask and after pH adjust-
ments, a known quantity of dried biosorbent was added
and metal bearing suspensions were kept under magnetic
stirring until equilibrium conditions were reached. After
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shaking, the suspension was allowed to settle. The resid-
ual biomass sorbed with metal ion was filtered using
Whatman 42 filter paper (Whatman International Ltd.,
Maid stone, England). Filtrate was collected and sub-
jected for metal ion estimation using Flame atomic ab-
sorption spectrometer. Percent metal uptake by the sor-
bent has been computed using the equation: % Sorption
= Co — 100Ce/Co, where Co and Ce were the initial and
final concentration of metal ions in the solution.

2.3. Statistical Analysis

Batch experiments were conducted in triplicates (N = 3)
and data represent the mean values. Regression, correla-
tion coefficients, standard deviations have been calcu-
lated using SPSS PC + TM statistical package. For the
determination of inter group mean values differences,
each parameter was subjected to a student “t” test for
determining significance level (p < 0.05).

2.4. Definition of the ANN Model

A neural network is a massively parallel distributed
processor made up of simple processing units, which has
a natural propensity for storing experimental knowledge
and making it available for use. A neuron is an informa-
tion processing unit that is fundamental to the operation
of a neural network. Neural Network Toolbox Neuro
Solution 5 ® mathematical software was used to predict
the sorption efficiency. Ninety experimental sets were
used to develop the ANN model. A single-layer ANN
with sigmoid axon transfer function was used for input
and output layers. The data gathered from batch experi-
ments were divided into input matrix and desired matrix.
The single layer sigmoid network represents functional
relationship between inputs and output, provided sigmoid
layer has enough neurons. Levenberg-Marquardt algo-
rithm is fastest training algorithm for network of moder-
ate size, therefore, used in the present study.

3. Results and Discussions

3.1. Sorption Studies

Table 1 represents soluble Ni(Il) ion concentration after
sorption on SMOS powder. Sorption studies led to the
standardization of the optimum conditions as: Ni(Il)
concentration (25 mg/L), contact time (40 min) and vol-
ume (200 mL) at pH 6.5 for maximum Ni removal
(75.64%).

The results indicate that the SMOS has considerable
potential to be used as biosorbent for metal removal from
waste water. Studies, therefore, have been planning to
predict the efficiency of SMOS for the removal of Ni(Il)
using ANN model.
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Table 1. Soluble Ni(II) ion concentration (uM) after adsorption on SMOS for Ni(II) as a function of metal concentration and
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biomass dosage at volume (200 mL), pH 6.5 and particle size (105 nM).
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Initial conc.
(nM)

Time interval (minutes)

10

20

30

40

60

Biomass dosage (2 g)

03.41a 02.73 +0.15% 02.45+0.13*"
17.06 11.94 +£0.54* 10.85 + 0.52*"
34.12 22.01+1.01¢ 19.72 + 0.92**
85.32 48.46 +2.16% 42.45+2.16
170.64 96.72 + 4.64 84.67 +4.14*
341.29 193.17 £ 9.65" 169.07 + 7.60™
Correlation 0.96 0.97
Coefficient (r)

02.28 +0.12*

10.20 +0.51*

18.08 + 0.90*"

39.21 + 1.96"

78.25 £ 3.9¢

156.0 + 7.028"
0.97

02.18£0.11*
9.72 £ 0.48*"
17.06 + 0.85*"
36.58 £ 1.82°"
72.9 +3.64°"
145.56 £ 6,98
0.98

02.18 + 0.10™*

09.69 + 0.50"

17.03 + 0.85*"

36.48 + 175

72.76 £ 3.637

14525 £ 697"
0.99

Biomass dosage(4 g)

03.41a 01.97 £ 0.10™" 01.60 £ 0.09*
17.06 08.49 + 0.45* 06.99 + 0.37*
34.12 14.94 £ 0.79*" 12.49 + 0.66*"
85.32 32.80 + 1.73*" 26.05+ 1.38*
170.64 65.49 +3.53"" 52.01 +2.80*"
341.29 130.71 £ 6.79*" 103.72 £ 5.39*"
Correlation 0.96 0.97
Coefficient(r)

01.39 +0.07*

06.14 + 0.34*

11.26 + 0.58*

2278 £1.13*

45.42 £2.368"

90.61 + 4.80%""
0.95

01.33+0.07*

05.76 + 0.29*

10.22 +0.52*"

20.78 + 1.07*"

4139 +2.068"

82.55 + 429"
0.98

01.33 +£0.07%

05.76 + 0.29%"

10.20 £ 0.51%°°

20.71 £ 1.03*"

41.29 £2.06*"

82.32+4.11%"
0.99

Biomass dosage (6 g)

03.41a 01.97 +0.11°%¢ 01.60 + 0.09*"
17.06 08.49 + 0.45*" 06.99 £ 0.37*
34.12 14.94 +£0.76*" 12.49 £ 0.67*
85.32 32.74 £ 1.57% 25.98 + 1.35*"
170.64 65.35+3.59°" 51.80 +2.84
341.29 130.30 + 6.25* 103.31 £5.165"
Correlation 0.96 0.97
Coefficient (r)

01.39 £ 0.08*"

06.14 £ 0.34*"

11.22 +0.60*"

22.68 +1.22°"

4525 £2.39"

90.23 £4.51*
0.95

01.33+£0.07*

05.76 + 0.29%

10.20 + 0.53*"

2071+ 1.11%

4126 +2.18"

82.21 £ 427
0.98

01.33 +0.08"*"

05.76 + 0.29*

10.17 + 0.52

20.64 + 1.07%

4112 217

82.01 + 4.26%
0.99

“Number in parenthesis represent soluble metal concentration in pM.,
"Standard deviation values of replicate (N = 5) determinations.

Mean difference [initial Ni(II) loaded (uM) versus soluble Ni(Il) (uM)] as functions of
Time *significant (p < 0.10), * insignificance (p > 0.10).

Metal concentration *significance (p < 0.10), " insignificance (p > 0.01).
Biomass dosage *significance (p < 0.01), ** insignificance (p > 0.01).

3.2. Optimization of the ANN Structure

The prediction of removal efficiency of Ni(Il) ions from
aqueous system using SMOS are made in the range of
metal concentration with which experiments have not
been conducted. A training set of ninety experimental
data sets was selected to develop the model. ANN model
based on single layer recurrent back propagation algo-
rithm for the experimental data was applied to train the
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neural network. During training, the output vector is
computed by a forward pass in which the input is propa-
gated forward through the network to compute the output
value of each unit. The output vector is then compared
with the desired vector which resulted into error signal
for each output unit. In order to minimize the error, ap-
propriate adjustments were made for each of the weights
of the network. After several such iterations, the network
was trained to give the desired output for a given input
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vector. The optimum network structure was determined
as single layer with 10 hidden neurons (1000 epochs)
describing the dynamics of Ni(Il) in effluent (Figure 1)
respectively.

The sigmoid axon was considered transfer function
with 0.7 momentums. The performance of neural net-
work simulation was evaluated in terms of mean squared
error (MSE) criterion. The MSE for the training and
cross validation data sets were found at the ninth place of
decimal. The developed network model was examined
for its ability to predict the response of experimental data
not forming part of the training program. Figure 2 show
the result obtained by the network simulation for both the
training and cross validation data sets. The reduction in
Ni(IT) concentrations were precisely predicted for the
training data sets. The development of the proposed
ANN model is an effort towards the growing interest in
applying ANN modeling technique to the area of bio-
sorption of pollutants from water bodies [21-23].

3.3. Sensitivity Analysis

A sensitivity analysis was conducted to determine the
degree of effectiveness of variables. Performance of the
groups of input vectors included biomass dosage, Ni(II)
ion concentration, contact time and volume of test solu-
tion. Series of experiment resulted into the evaluation of
the performance based on 50% data for training, 25%
data for testing and 25% data for cross validation at 1000
Epoch with 0.70000 momentums. The minimum MSE in
the group of four variables determined for training and
cross validation were 0.005956571 and 0.00866526823
respectively as shown in the Table 2.

INPUT layer Hidden layer

////"5‘-\
.

_ e &
Metal Conc. .W.///
& :,_ - %orption Efficiency
Initial Volume‘.'w\ﬁ: /
T

Single Layer
(10 neurons)

Output layer

Biomass
dosage

Time.

Figure 1. Single layer Neural Network structure for the pre-
diction of the biosorption efficiency.

Table 2. Minimum MSE.

Best Networks Training Cross Validation
Run # 5 4
Epoch # 1000 1000
Minimum MSE 0.00595657 0.008652682
Final MSE 0.00595657 0.008652682
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Average MSE with Standard Deviation
Boundaries for 5 Runs

0.16
0.14
0124
0.1
0084
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0.04 J&.
0.02 PR
0

Training

....... + 1 Standard Deviation
rrrrrr - 1 Standard Deviation
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,,,,,, + 1 Standard Deviation
-------- 1 Standard Deviation
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0 ! ! ! ! ! ! ! ; ! !
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(©

Figure 2. Graphical representation of MSE value with 1000
Epoch.

The effect of various experimental parameters was stud-
ied and compared with performance of ANN model
based predictions.

3.4. Effect of Metal Concentration on the
Sorption Efficiency

Figure 3 represents the effect of metal concentration on
the sorption behavior of Ni(II) on SMOS in the range of
metal concentration (10-100 mg/L). Sorption of Ni(II) on
SMOS increased with increasing concentration of the
metal ion reaching to an optimal level (25 mg/L). Later,
an increase in initial concentration decreased the per-
centage binding. These observations can be explained by
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Figure 3. Agreement between ANN outputs and experimental data as a function of metal concentration (biomass dosage = 4.0

g, volume =200 mL and pH = 6.5).

the fact that at medium concentrations, the ratio of sorp-
tive surface area to metal ions available is high and thus,
there is a greater chance for metal removal. When metal
ion concentrations are increased, binding sites become
more quickly saturated as the amount of biomass con-
centration remained constant [23].The experimental data
and ANN calculated outputs were compared and found
that the ANN model shows a good performance on pre-
diction of the experimental data.

3.5. Effect of Biomass Dosage on the Sorption
Efficiency

Percent sorption increased with the increase of biomass
dosage from 2.0 to 6.0 g. However, no significant incre-
ment in the sorption tendency was observed on further
increasing the biomass dosage from 4.0 g onwards. This
might be due to attainment of equilibrium between ad-
sorbate and adsorbent at the existing operating conditions
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rendering adsorbent incapable of further adsorption. The
amount of biomaterial (4.0 g) used in present case seems
to be quite reasonable, as practically similar biosorption
efficiencies for the same set of metals were reported with
relatively higher biomaterial dosage from 6.0 to 10.0 g of
different biosorbents like Okra wastes [24] and Nile rosa
[25]. The perusal of experimental data and ANN outputs
as a function of biomass dosages (Figure 4) depicted the
performance of the model in good harmony with the ex-
perimental data.

3.6. Effect of Initial Volume on the Sorption
Efficiency

The effect of volume on the percent sorption of Ni(II) on
SMOS was observed under similar experimental condi-
tions in different set of volumes (100-300 mL). Maxi-
mum sorption was obtained in the volume (200 mL) of
the test solution. It shows that the ratio of sorption sur-
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face of the SMOS to total Ni(Il) ions availability is opti-
mum, exhibiting maximum percentage removal (75.64%).
ANN model showed performance in resemblance with
experimental data (Figure 5).

Sorption efficiency %
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0 20
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Figure 4. Agreement between ANN outputs and experimental
data as a function of biomass dosage (metal concentration =
25 mg/L, volume = 200 mL and pH= 6.5).
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Figure 5. Agreement between ANN outputs and experimen-
tal data as a function of volume (metal concentration = 25
mg/L, biomass dose = 4.0 g and pH = 6.5).

3.7. Effect of Contact Time on th
Efficiency

e Sorption

The effect of contact time on Ni(II) sorption on SMOS
was studied for duration of 10-60 minutes. The percent
sorption metal ion gradually increased with time from 10
to 30 minutes, finally reaching the optimum value at 40
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minutes. Once equilibrium was attained, the percentage
sorption of Ni(Il) ion did not change with further in-
crease of time. On comparison basis, sorption efficiency
of the present process is much better than earlier reported
contact time ranging from 60 to 120 minutes for same
metals shown by other agricultural byproducts such as
corn cob [26] and Rice husk [27]. ANN model prediction
was found in match with experimental data.

3.8. Effect of pH on Sorption Efficiency

The pH of a suspension is an important factor that can
affect the percentage sorption of Ni (II) ion on SMOS.
The sorption efficiency increases, as the pH of the solu-
tion is increased from 4.5 to 8.5. The pH profile for Ni(Il)
sorption on seed powder shows that metal sorption is a
function of pH, exhibiting maximum sorption at pH 6.5.
There was no significant difference in sorption behavior
with further increase in pH up to 7.5. Investigation on pH
variation beyond 7.5 yielded an increase in sorption up to
pH 8.5 which might be due to the precipitation carry over
of Ni (II) ion which starts at pH 7.5 [28]. As the pH of
the solution increases from 4.5 to 7.5, Ni (II) ion reflects
increased binding behavior to the biomass with optimum
binding at pH 6.5. SMOS seed powder prominently con-
tains low molecular weight amino acid. Amino acids
have been found to constitute a physiologically active
group of transporters, working even at low concentration,
which because of ability to interact with metal ions is
likely to increase their mobility [29]. These Proteina-
ceous amino acids have variety of structurally related pH
dependent properties of generating appropriate atmos-
phere (positively and/or negatively charged sites) for
attracting the cationic and anionic species of metal ions
[30]. Therefore, ANN model predictions were made at
optimum pH 6.5.

4. Conclusions

The present piece of work demonstrates the successful
removal of Ni(Il) ions from the aqueous solutions using
Moringa Oleifera seeds with maximum removal effi-
ciency (75.64%). The single layer ANN modeling tech-
nique was applied to optimize this process. The Leven-
berg-Marquardt algorithm (LMA) was found best of BP
algorithms with a minimum mean squared error (MSE)
for training and cross validation as 0.005956571 and
0.0086526823 respectively. Thus a simple back propaga-
tion of the recurrent network using the momentum train-
ing algorithm is proved meaningful supplement for the
conventional and complicated mathematical models in
the prediction of bioprocess. Introduction of knowl-
edge-based systems is efficient for scientific research of
unstudied dependence among different by natural vari-
ables (physical, chemical, biological) for solving tasks of

Copyright © 2010 SciRes.

inferential measurement and process optimization with-
out requiring a big amount of precise experimental data.
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