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Abstract

Simultaneous determination of V(V) and Al(l11) was performed by application of neural networks when the calibration matrix was performed
usingB-correction spectra. Two reactions between V(V) and Al(lll) and Alizarin Red S (ARS) as a ligand have been investigated and applied for
the simultaneous spectrophotometric determination of these metal ions. The parameters controlling behavior of the system were investigated
and optimum conditions selected. Feed-forward neural networks have been trained to quantify considered metal ions in mixtures under
optimum conditions. Sigmoidal functions were used in the hidden and output layers. Determinations were made over the concentration range
0.10-7.8Qug mi~? of V(V) and 0.11-4.2Qug mI~* of Al(lll). Applying this method satisfactorily to simultaneous determination of these
metal ions in several synthetic solutions with total relative standard error less than 4.02% validated the proposed method.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction AAS, spectrophotometry5—9] are most frequently used for
the individual determination of these ions.

Aluminum and vanadium species play important role in  In spite of the importance of simultaneous determination
many industrial and environmental processes. They are usedf Al(lll) and V(V), only few works have been reported
as structural material in the construction, automotive and for simultaneous determination of these i¢h6]. Some of
production of metal alloys. On the other hand, both vana- these methods are unsuitable for the analysis of samples in-
dium and aluminum may find their way in to the natural envi- volving complex matrix or for the analysis of a large number
ronment, in particular, surface water as toxic pollutants and of samples[11,12]. Current efforts towards the develop-
they are responsible for industrial and environmental pollu- ment of new methods are focused primarily on increasing
tions therefore, their determination is always an important sensitivity and selectivity of the detection methods and
subject in analytical chemistry. The toxicity of vanadium simplifying the procedure by eliminating treating and sam-
compounds on its physico—chemical state, particularly on pling steps. Simultaneous determination of several analytes
its valance and solubility, pentavalent vanadium is generally is possible using multivariate calibration. These techniques
considered to be the most toxic form of vanadium, regard- present the advantages over other methods as they are faster,
less of whether it functions as an anion or cafibrd]. The sample treatment is usually reduced and the removal of
chemical properties of V(V) and Al(lll) make them essential interference is not strictly required in many cases.
in different processes. Moreover, V(V) and Al(lll) are metal Nowadays, artificial neural networks (ANNs) modeling
ions, which appear together in a wide variety of samples (en- method has been found extensive application in the field
vironmental, industrial, and geometrical). This point testi- of simultaneous determination of several species in a given
fies the interest in simultaneous determination of these metalsample. Several researchers have reported the application
ions. Different methods such as, HPLC, ICP-MS, ICP-AES, of these methods to spectrophotometric analysis for reso-

lution of multi component sampleld 3,14]. This method
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other unknown non-linearity in systems. The feed-forward real absorbancé. of metal (M) complex, ML, produced
neural networks trained by back-propagation of the errors with a ligand (L):
have one obvious advantage; there is no need to know the

, . . Ap
exact form of the analytical function on which the model A, =
should be built. That is neither, the functional type (linear, 1-oap
polynomial, exponential, etc.) nor are the number and po- Ag = AA — BAA/ @)
sition of parameters required. Basic theory and application

to chemical problems of ANN with back-propagation algo- here, the ternys was nameg-correction absorbance, which
rithm is well-discussed ifil5-17]. was proportional to metal concentratiohA and AA’ are

In spectrophotometric analysis, linear dynamic range is the absorbances of the reacted solution between M and L
obtained by plotting the absorbance versus sample concenx; wavelengths.; and, against the reagent blank, respec-

tration at the wavelength of maximum absorption. Deviation tjyely. The coefficients: andg are named correction factors
from Beer—Lambert law at very low and high concentrations anq they can be obtained as follows:

limits the observed dynamic range, especially at simultane-
ous determination. We have therefore attempted to develop eﬁ,llLy

1)

and validate of a new method to solve this problem. It @ = —~ 3)

seems, in the case of simultaneous determination, this lim- ML,

itation can be mostly overcome by use a combination of

X : : and

B-correction spectrophotometery with a non-linear model-

ing technique such as artificial neural network, In this work gtz

a back-propagation artificial neural network (BP-ANN) al- B= M (4)
L

gorithm was used to handle such non-linear spectral data
for increasing range of determination and obtain wider de-
termination ranges in simultaneous determination of V(V)
and Al(1I1).

B-Correction spectrophotometery, elaborated by Gao
et al.[18-25]is applicable where both reagent and its com-
plex with metal ion exhibit chromophoric properties. This
method is a dual-wavelength technique for determination
of trace metal, which is different from ordinary spectropho-
tometry because it may eliminate the interference of excess
of chromomeric reagent from its metal-colored solution to
give the real absorbance of the chelate formed. Then the
sensitivity, precision and accuracy by the dual-wavelength
B-correction method are all higher than those for the ordi-
nary one. The reaction between V(V) and Al(lll) with ARS

The termssyf . eyt . 6" ande;? are the molar absorb-
tivities of MLy and L at wavelengtha; and X», respec-
tively. A1 is absorption peak of reagent akg that of com-
plex (Amax)- In fact, with the help of3-correction technique
true absorbance of chelate produced can be calculated be-
cause the quantity of absorbance, which has related to the
fraction of reagent that reacted with metal ion, and has been
subtracted when reagent applied as reference by this correc-
tion has compensatefl-correction method can also applied
to spectra of mixturef24]. In a mixture, each of the metal
will form a color complex with ligand and the fractional ab-
sorbance of each color compound can be calculated by the
following correction equation:

was sensitive at pH 4.8, over this condition absorption peak n
of the V(V)-ARS complex was located at 483nm and that Ag = Y _aijx; = AA; — BiAA" (i=1,2.....n)  (5)
of Al(III)-ARS complex at 495 nm (against reagent blank j1

reference), but that of ARS at 424 nm. It is difficult by
conventional method to obtain an accurate measurement of
each of the mixed complexes. 3. Experimental

3.1. Chemicals and reagents

2. B-Correction theory

All chemicals were of analytical-reagent grade and were

Although basic theory and application @Fcorrection used directly without further purification (all from Merck).

method was discussed in detail by Gao et al., in several Triply distilled water was used to prepare buffer and reagent
papers here, a brief discussion of the general principle solutions. Stock solutions of V(V) and Al(lll)) both of them
is required. In order to consider the general principle of (200ngmi~1) were prepared by dissolving 0.0459¢g of
B-correction spectrophotometry, the reaction of metal (M) NH4VO3 and 0.2780 g of Al(N@)3-9H20, respectively in
with a colorant (L) can be expressed as follow: distilled water and diluting to 100 ml, (\4¥O3 dissolved
by heat in slowly). Alizarin Red S solution (0.01 M) was
prepared by dissolving appropriate amount of the powder in
wherey represents the complexation ratio of M with L. The distilled water and diluting with water to 100 ml. An acetate
following expression was developed for determination of buffer (pH 4.8, 0.1 M of acetic acid) was also prepared.

M +yL — ML, + L(excess)
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3.2. Apparatus and software 11
0.9 1
UV-Vis absorption spectra were recorded on a spec- 05 -
trophotometer model Citra 5, which equipped with a 07
1.00cm path length quartz cells. The spectra of mixtures
were recorded between 350 and 800nm, digitized ab- £ %°]
sorbance was sampled at 1 nm intervals. Measurements of § 0.5 1
pH were made with a metrohm 654 pH meter (Metrohm § 0.4 1

Ltd., CH-9100-Hesau Switzerland) using a combined glass 03
electrode. The back-propagation neural network algorithm |
having three layers was used in MATLAB (version 6, Math

. 0.1
Work Inc.) using NNet toolbox. All program were run on a
Pentium (Ill), 633 MHz, personal computer, with windows 0 0 1 2 3 ;1 5 6 7
98 operating system. oH
3.3. Procedure Fig. 1. Effect of pH on change in absorbance, V(V)-ARK)(and

Al(II-ARS (M), at 3x 10~*M of Alizarin Red S, 2ugmi~1 of V(V)

—1
To a series of 10 ml volumetric flasks, 5 ml of Alizarin Red 2"d 1-2:gmi™ of Al(ill) complexes.

S (0.01 M) was added, to obtain a final concentration gf 5

10-3 M. A 3ml buffer solution (pH 4.8) and was also added. ~ To study the stoichiometry of the reactions, mole ratio

Finally, an appropriate amount of each metal ion containing (mole of metal ion/mole of ligand) method was applied

1-78ug of V(V) and 1-42.g of Al(lll) were added and  for each complex at a constant concentration of the ligand

the solutions were made up to the mark with distilled water. (Alizarin Red S 3x 10~4M) and varying concentration of

Excess concentration of reagent has been applied to ensureach metal ion. The results revealed that V(V) and Al(lIl)

guantitative formation of the complexes in the whole range react with Alizarin Red S in, (1:2) and (1:2) mole ratio,

of determination. The concentration ranges were chosen saespectively;Fig. 2 shows these experiments. An excess

that the absorbances obtained for all standard solutions wereconcentration of Alizarin Red S has been chosen to ensure

not greater than 1.8. The spectral correction data obtainedquantitative formation of the complexes in 1:2 mole ratio.

by proposed method at 483 and 495 nm were processed by

ANN which was trained with the back-propagation of errors 4.2. Absorption spectra

learning algorithm for simultaneous determination of V(V)

and Al(lI1) ions. Fig. 3shows the absorption spectra of ARS, V(V)-ARS
and Al(II)-ARS solutions. The reaction between V(V) and
Al(Il) with ARS was sensitive at pH 4.8, over this condition

4. Results and discussion absorption peak of the V(V)-ARS complex was located at
483 nm and that of Al(III)-ARS complex at 495 nm (against
4.1. Optimization of experimental conditions reagent blank reference), but that of ARS at 424 nm. These

three wavelengths, such that the positive and negative
Assay conditions such as pH and mole ratios were in-
vestigated for optimization. The influence of pH on the
spectrum of each complex was studied from pH 1-6. The
spectrum of each complex at a constant concentration of
metal ion as a function of pH was studied separately. For 1.4 1
the V(V) complex, absorbance at 483 nm increased up to 1.2 -
pH 5 and complex shows maximum absorbance at about
pH 4.5-5.0, beyond this region no significant change was

1.6

Absorbance

0.8
observed in the spectrum of V(V) complex. Maximum

e 0.6
sensitivity for Al(IIl) complex was occurred at about pH o

values larger than 4.8 (Fig. 1). Since at pH values larger
than 6, Alizarin Red S has a high molar absorptivity, the 0.2 1
pH value selected as an optimum pH for simultaneous 0 T . T T 1
determination of V(V), Al(lll) was pH 4.8 at which the 0 0.5 1 15 2 2.5
absorbances for both of the complexes were high, while Mole ratio

the ab;qrbance of ARS was IO_W' This pH was achlevgd via Fig. 2. Stoichiometry of V(V)-ARS &) and Al(lI)-ARS (#l) reaction,
an addition of 3ml buffer solution (pH 4.8) per 10ml final  mole ratio (mole of metal ion/mole of ligand) at-310-4M of Alizarin
solution. Red S, and pH 4.8.
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of this non-linearity, the linear chemometrics methods are
unsuitable for simultaneous analysis of mixtures. Thus, in
order to reduce effect of analyte—analyte interaction and this
non-linearity, ANN is proposed as a powerful non-linear
technique for solving the problem. The spectral correction
data obtained from application @-correction method on
conventional spectra were processed by AAN in order to in-
creasing dynamic range of determination and to obtain wider
' ' ' ' : | dynamic ranges in simultaneous determination of V(V) and
350 400 450 500 550 600 650 700 Al(”')

Absorbance

044 4.5. Multivariate calibration

Wavelength(nm)
Fig. 3. Absorption spectra of ARS,V(V)-ARS and Al(ll}-ARS, curve 4.5'I.'i1.el\lf:lr)scscugfe%&?ng;multaneous determination of different
(a) reagent blank (reference, water), (b) V(V)-ARS (reference, water), (c) . s ) .
AI(I-ARS (reference, water), (d) V(V)-ARS (reagent, reference), and SP€cies by multivariate methods involves constructing the
(e) Al(IN-ARS (reagent reference), curves foud mi—t of V(V) and calibration set for binary mixtures of them. In this work, we
1.35pgmi~* of Al(lll) complexes and 5< 10~*M of Alizarin Red S. performed the calibration with thp-correction data. The
multivariate calibration requires a careful experimental de-
absorbances approach the maximum, were selected for corsign of the standard composition of calibration set to pro-
rection coefficients. From curve a, the correction coefficient vide the best predictions. In order to select the mixtures that
was calculated to bg = 0.501 at 483 nm ang = 0.435 at provide more information using a few experimental trials,
495 nm. From curves (b) and (c), the correction coefficients from calibration set, their compositions were randomly de-
were calculated to besgsz = 1.105 anduggs = 0.549 for signed. Twenty-five binary mixtures were selected as the
V(V) and Al(lll), respectively. B-Corrected absorbances calibration set. Training set of V(V) and Al(lll) ions in cal-

were calculated using these coefficients &id. (1) and (2). ibration set were between 0.10-7,89ml~* of V(V) and
0.11-4.2Qug mI~1 of Al(IIl). In order to construct ANN
4.3. Individual determination model, a prediction set was prepared involve 20 synthetic

test samples. The prediction set was also randomly designed.

To find the linear dynamic range of each component cal- In order to evaluate the quality of the model, we prepared
ibration graph were obtained. The absorption spectra werean independent validation set consisted of 17 binary mix-
recorded over 350-700 against a reagent blank. Under op-tures of V(V) and Al(Ill) which analyzed with the optimized
timum conditionsp-correction was applied on absorbance model. The compositions of the prediction and validation
values. Linear range for each metal ion was determined by sets are given iffables 1 and 2.
plotting the absorbances at itg,ax Versus sample concen-
tration. Conventional calibration curves were linear between 4.5.2. Data processing and model building

0.9-6.8Qug mi~1 of V(V) and 0.1-2.5ug mi~1 of Al(Il). ANN method, which was trained with the back-propaga-
In B-corrected calibration curves, sensitivity were increased. tion of errors learning algorithm was run on the calibra-
Linear equations arelg = 0.2292; + 0.1326 andA = tion data constructed with thg-correction technique. Three

0.1017G + 0.0577 for V(V) andAg = 0.4801G + 0.0808 layer back-propagation networks, an input, a hidden, and
and A = 0.3652C; 4 0.0614, for Al(lll), ( whereC; is in an output layer, were used. The input nodes transferred the
pgmi~—1), regression coefficients were higher than 0.9989 weighed input signals to the nodes in the hidden layer, and

in both V(V) and Al(ll1). the same as the hidden nodes for the output layers. A connec-
tion between the nodes of different layers was represented
4.4. Smultaneous determination by a weight,wj;, and during the training process, the con-

nection of weight was performed according to delta rule.
Fig. 3 shows that the spectral overlapping of V(V)-ARS Assuming that:

and AI(III)—ARS complexes. It can'be seen tha}t signifi- C=f(A)+E ©6)
cance overlapping prevents resolution of the mixtures by
conventional method to obtain an accurate measurement ofwhere A, ., represents the measurement spectral matrix,
each the mixed complexes. Moreover, in the binary mixture in which each row denotes one of timemixture spectra
of these metal ions, linearity for each metal in mixture is obtained ap different wavelengthsC, «,, denotes the cor-
very limited in the presence of another and deviation from responding concentration matrix with each row expressing
Beer—Lambert law is more extensive. (an excess concentra-the concentration vector for one known mixture sample con-
tion of Alizarin Red S has been chosen to ensure quantita-taining m distinct components in the training set. The task
tive formation of the complexes in 1:2 mole ratio). Because for the BP-ANN technique is to find a non-linear mapping,
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Table 1
Composition of prediction set, their results obtained by suggested method and relative standard errors for simultaneous determination of analytes

Prediction set

Actual (ugmi1) Found (ugmt?) Actual (ngmi1) Found (ugmt?)

V(V) Al(I) V(V) Al(n) V(V) Al(In) V(V) Al(I1)
0.11 0.12 0.13 0.12 3.87 2.17 3.92 2.18
0.62 0.33 0.59 0.36 4.18 2.65 421 2.64
0.95 0.46 0.92 0.47 4.80 2.51 4.83 2.67
2.29 0.95 2.29 0.95 7.82 4.22 7.83 4.20
1.30 0.63 1.28 0.62 0.45 0.25 0.45 0.24
2.60 0.97 2.58 0.96 0.75 0.20 0.74 0.29
3.25 1.52 3.06 1.52 6.38 1.85 6.47 1.84
1.64 0.66 1.64 0.64 5.78 1.32 5.78 1.34
2.94 1.19 2.96 1.18 1.70 0.35 1.74 0.44
3.56 217 3.50 2.18 2.70 3.27 2.72 3.33
R.S.E. (%) 2.50 1.87

denoted byf in Eq. (6), which specifies the mathemati- In our experiment, the digitized absorbance of calibration

cal relationship between matri€ and A. This procedure  mixtures were gathered in a 262 data matrix and ab-
is known as supervised training in BP-ANN in which the sorbances of prediction matrixes were collected in & 20
network is trained to generate correct outputs from inputs. data matrix. To further investigate the prediction ability of
After this mathematical relationshiphas been determined, method neural networked models for individual component
one can easily find the concentration matrix of an unknown were also made with respect to output layer considered as a
sample Cunknownkxm, from the corresponding measurement single node corresponding to the analyte. In order to evalu-
spectral matrix,Aunknownkx p,» according to the following ate the performance of the models, the neural network model
equation: was also tested on an additional validation set which, its
samples belonging to neither the calibration nor the predic-
tion. In our system sigmoidal transfer function was applied
This procedure, defined bEq. (7), is known as the Petween the input and output of a node in hidden layer and
prediction step in BP-ANN. The training procedure, de- Purelin output layer function was found to be optimum for
fined byEq. (6), is achieved by supervised learning, which calculations. The var_lables of network consist of the num-
corrects weights after one sample spectrum (a multivari- P€r of nodes in the hidden layer and the number of epochs,
ate signal) passes through the network. The correction!€aming rate were optimized for each element separately.
of weights is based on the error (difference) between ASlearningrates were being investigated, momentum val-
the desired target and the actual output. The iteration UeS Were also varied in the hopes of finding a ratio for the

would be finished when the error of prediction reached a relative combination of the two parameters that would give
minimum. the most rapid optimization of network. The optimum of

Cunknownkxm = f(Aunknownkxp) (7)

Table 2
Composition of validation set, their results obtained by suggested method, relative standard errors and root mean squares errors, for simultaneous
determination of analytes

Validation set

Actual (ugmit) Found (g mt?) Actual (ngmi?) Found (ugmt?)
V(V) AI(lIN) V(V) Al(IIT) V(V) Al V(V) Al
2.26 3.27 2.40 3.27 4.54 0.85 4.34 0.81
3.21 3.85 2.72 3.33 5.42 1.32 5.22 1.30
0.98 0.45 0.94 0.45 5.78 1.35 5.78 1.34
1.05 0.66 1.19 0.66 6.38 1.85 6.43 1.84
1.44 0.65 1.29 0.65 7.00 2.63 6.98 2.67
1.22 1.19 1.21 0.96 7.59 2.63 7.60 2.63
2.30 3.81 2.24 3.81 0.15 0.99 0.17 0.95
3.30 0.40 2.99 0.40 1.64 1.12 1.65 1.10
0.00 0.52 -0.41 0.52

R.S.E. (%) 4.02 3.51

RMSE 0.14 0.20
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Table 3
Optimized parameters used for construction of ANN models

Parameter Compound

V(V) Al(lI
Input nodes 2 2
Hidden nodes 4 3
Output nodes 1 1
Learning rate 0.47 0.68
Momentum 0.73 0.75
Number of iteration 3000 1000

learning rate and momentum were evaluated by obtaining_a) gjioya

those, which yielded a minimum in the relative error of pre-
diction. The proper number of nodes in the hidden layer was
determined by training ANN with different number of nodes
in hidden layer and computing relative standard error of pre-
diction, a minimum in RSEP occurred when four and three
nodes were used in the hidden layers of V(V) and Al(lll),
respectively. The optimum number of epochs for each metal
ion was also obtained, continued training beyond 3000 it-
erations for V(V) and 1000 iteration for Al(lll) frequently

resulted in a slight increase in root mean square of predic-
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Table 4
Estimated and actual concentration of V(V) and Al(lll) in synthetic and
real mixtures

Sample synthetic solution  V(V)ugmi~1) Al(l) (pgml —1)
Added  Found Added  Found
1 3.20 3.26 0.20 0.18
2 4.25 431 1.50 151
3 0.35 0.37 2.40 2.35
4 6.50 6.50 4.00 3.85
5 2.00 1.98 3.50 3.58
Synthetic alloy
V-Al alloy 5.00 5.00 1.62 1.52
7.00 6.92 2.90 3.12
Tap water
1 3.50 3.56 1.00 1.01
2 7.00 7.03 0.50 0.58
3 2.25 2.32 3.00 3.00

@ This alloy is also composed of 0.5% Si, 0.4% Fe, 0.2% C (proposed
method can be applied after the removal of interferences).

4.6. Interference study

The influence of various species on the absorbance of a so-

tion as the number of epochs increased while root mean|ytion mixture containing 2.g mi~* of V(V) and 2pug mi—2

square of calibration decreased slightly. The optimized pa-
rameters for ANN models used are givenTiable 3. The
detection limitg26] obtained for V(V) and Al(lll) were 0.1
and 0.05.g mi~1, respectively.

4.5.3. Satistical parameters
The root-mean-square error (RMSE) of prediction is de-
fined as followdq27]:

D1 )i (s,

n

RMSE = [ (8)

1/2
—ys)/ tsi)2:|
both summation in the above equation run overatput
objects of the test set and overalloutput variables. The
RMSE value measures how good outpytvalues are in
comparison with the target valugs The aim of any train-

of Al(lll) was investigated. An ion was considered as in-
terference when its presence produced a variation in the
absorbance of the sample greater than 5%. This increment
of absorbance was evaluated at two wavelengths, 483 and
495 (corresponding to the maximum absorption of V(V) and
Al(Ill) complexes, respectively), in order to establish the dif-
ferent effects of the interfering ions on each analyte. Among
the interfering ions tested; %, Mo®+, Ag*, Hg3™, Zr?t,

TI3*, Cr 3+, SG;~, Naf, C&*, K*, CHsCOO~, NO3,
10%-, and Br- did not interfere at concentrations 1000 times
higher than those of the analytes and*€uC,02~, TIt,

NiZ*+ did not interfere at concentrations 100 times higher
than those of the analytes. Fe(lll) showed interference in
determination of Al(lll) at concentrations five times higher
than that of analyte. Fe(lll) ion could easily be masked by

ing is to reach as smallest RMSE values as possible in thesodium dithionite.

shortest possible time. Also the prediction error of a sin-

gle component in the mixture was calculated as the relative 4.7. Application

standard error (R.S.E.) of the prediction concentrafitj,

- 1/2
G —Cp?

> ()2
whereN is the number of samples;; is the concentration

of the component in thgh mixture and@j is the estimated
concentration. The low RMSE and R.S.E. were obtained
indicate that the networks used, can procsorrection

R.S.E (%) = 100 x < 9)

spectral data and model the complex relationship between

The proposed method (at optimum conditions) was also
applied to simultaneous determination of V(V) and Al(lII)
in tap water and synthetic mixture alloys, the results of pre-
diction are summarized iable 4. The good agreement
between these results and known values indicates the suc-
cessful applicability of proposed method for simultaneous
determination of V(V) and Al(lll) in real samples.

the concentration of ions and corrected absorbance in the5. Conclusion
wider ranges. The reasonable relative standard errors for
each analyte in both set indicate the accuracy of the proposed Based on the results obtained in this work, application of

method.

ANN method, which was trained with the back-propagation
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of errors learning algorithm on the calibration data con-
structed with theB-correction technique for simultaneous
determination of V(V) and Al(lll) is an effective and ac-
curate way. ANN modeling using a calibration matrix con-
structed withB-correction absorption has been successfully

applied to simultaneous analysis of these metal ions in syn-

thetic mixtures of some alloys. Non-linear effects resulting

from analyte—analyte interaction in this system can be mod-

eled by artificial neural network. There is no need to know
the exact form of the analytical function on which the model

441

[2] S.J. King, C. Oldham, J.F. Popplewell, R.S. Carling, J.P. Day, L.K.
Fifield, R.G. Cresswell, K. Liu, M.L. Di Tada, Analyst 122 (1997)
1049.

[3] J.J. Jacobs, J.L. Gilbert, R.M. Urban, Adv. Oper. Orthop. 2 (1994)
279.

[4] J.J. Jacobs, A. Shanbhag, T.T. Glant, J. Black, J.O. Galante, J. Am.
Acad. Orthop. Surg. 2 (1994) 212.

[5] C.C. Wann, S.J. Jiang, Anal. Chim. Acta 357 (1997) 211.

[6] P.G. Su, S.D. Huang, J. Anal. At. Spectrom. 13 (1998) 641.

[7] A.S. Mohamad, K.H. Fawy, Mikrochim. Acta 134 (2000) 229.

[8] A.A. Ensafi, M.K. Amini, M. Mazloum, Anal. Lett. 32 (1999) 1927.

[9] H.W. Gagq, S.R. Shi, Y.C. Li, Indian J. Chem. Technol. 8 (2001) 273.

should be built also it requires no complex pretreatment [10] J.J. Jacobs, L. Yu, S. Roy Koirtyohann, M.L. Rueppel, A.K. Skipor,

or chromatographic separations of the samples containing
analytes. This technique is simple, fast and affordable. This

modeling shows a combination @fcorrection spectropho-

tometery with back-propagation artificial neural network
(BP-ANN) algorithm is a powerful technique to handle
non-linear spectral data for increasing sensitivity, preci-

sion and accuracy and to obtain wider dynamic ranges in

simultaneous determination of V(V) and Al(llI).
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