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Abstract 
A new application of principal component analysis – wavelet transform – artificial 

neural network (PC-WT-ANN) was proposed for the simultaneous determination of 
uranium and thorium. A simple spectrophotometric method for simultaneous 
determination of uranium and thorium based on formation of their complexes with 4-
(2-pyridylazo) resorcinol (PAR) is described. Although the complexes of uranium and 
thorium with reagent show a spectral overlap, they have been simultaneously 
determined by PC-ANN and PC-WT-ANN. The results obtained by the two methods 
were compared and it was shown that in PC-WT-ANN, the convergence speed was 
faster and the root mean square error of prediction (RMSEP) was also smaller than 
PC-ANN. The results also show very good agreement between true and predicted 
concentration values and have the ability to use in routine analysis. 
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Introduction     
Uranium and thorium are very essential elements in nuclear and atomic energy 

program. Their selective simultaneously determination in presence of each other and 
closely associated metal ions has drawn much attention of the chemist’s world over 
because of their importance in energy related applications.1 Several techniques such as 
inductively coupled plasma, mass spectrometry, ion chromatography, electrophoresis 
and flow injection analysis have been used for determination 

of these ions in different samples.2 However, because these instrumental analyses 
require rather expensive equipment and higher running costs, they offer limited 
availability. Among the most widely used analytical methods are those based on the 
UV-Visible spectrophotometric techniques due to high speed, quickness, simplicity, 
and wide application. However, the simultaneous determination of uranium and 
thorium with the use of the traditional spectrophotometry is difficult because, 
generally, the absorption spectra overlap and superimposed curves are not suitable for 
quantitative evaluation.3 Quantitative spectrophotometry has been greatly improved by 
the use of multivariate calibration methods4-9 and artificial neural networks.  

Artificial neural networks (ANN) are important class of pattern recognizers that 
may have many useful chemometric applications. ANN utilizes the weight matrices to 
perform the mathematical transformation of the input vector to the output vector. The 
feed-forward neural networks trained by back-propagation of the errors have one 
obvious advantage there is no need to know the exact form of the analytical function 
on which the model should be built. Basic theory10 of neural networks and application 
to chemical problems of ANN in spectrophotometry can be found in the literature.11-14 
In this work, two methods (PC-ANN and PC-WT-ANN) were used in simultaneous 
spectrophotometric determination of uranium and thorium and we wish to compare 
results of these methods in the determination of uranium and thorium.  

The wavelet transform (WT) is a mathematical transformation for hierarchically 
decomposing functions. It led to a description of a function in terms of a coarse overall 
shape and details of a graded sequence. In continuous wavelet analysis the wavelet 
coefficients c are related with the signal according to: 
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where x and y describe the original signal, p characterizes the scale and resolution 
and q characterizes the transformation.15 The theory of wavelet transform and its 
application in analytical chemistry has been discussed by several workers.15-19 In each 
models (PC-ANN and PC-WT-ANN) the scores of the principal component analysis 
(PCA) of the response data of the calibration mixture were used as an input layer. PC-
ANN and PC-WT-ANN architectures were constructed by using different numbers of 
PCs. The variables of each model were optimized to obtain the minimum error for the 
prediction set.10 
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Experimental  

Reagents 
Triply distilled water and analytical-grade chemicals were use. 4-(2-pyridylazo) 

resorcinol, acetic acid, phosphoric acid, boric acid, hydrochloric acid, sodium 
hydroxide, uranyl nitrate hexahydrate and thorium nitrate hexahydrate were purchased 
from Merck. Standard stock solutions of 1000 µgml-1 thorium (IV) and uranium (VI) 
were prepared by dissolving appropriate amounts of thorium nitrate and uranyl nitrate 
hexahydrate in water, respectively. Standards of working solution were made by 
appropriate dilution daily as required. A stock 4-(2-pyridylazo) resorcinol solution 
(1.2×10-3 M) was prepared by dissolving reagent. Adjusting the pH values of the 
working solutions was carried out using universal buffers (acetic acid-phosphoric acid-
boric acid mixture) for this study.20 

 

Apparatus and Software 
 

A Hewlett-Packard 8453 diode-array spectrophotometer controlled by a computer 
and equipped with a 1-cm path length quartz cell was used for UV-Visible spectra 
acquisition. Spectra were acquired between 300 and 600 nm (1 nm resolution). A 
HORIBA M-12 pH-meter furnished with a combined glass-saturated calomel electrode 
was calibrated with at least two buffer solutions at pH 3.00 and 9.00. ANN and WT 
calculus were performed in MATLAB 6.5 with MATLAB code of wavelet and neural 
networks. The data treatment was done in an AMD 3000 (1 Gb RAM) computer using 
MATLAB 6.5 software (The Math Works).    
 

Procedure 

Known amounts of the standard solutions were placed in a 10-ml volumetric flask 
and completed to the final volume with deionized water (final pH 8.0). The final 
concentration of these solutions varied between 0.10-24.00 and 0.05-20.00 µgml-1 for 
uranium and thorium, respectively. The real samples in this study were collected in 
surface waters from: Fontal water and Waste water. The range concentrations of 
uranium and thorium were added to be 0.05-24.00 and 0.05-20.00 µgml-1 for uranium 
and thorium, respectively. 

Results and Discussion 

Spectrophotometric Measurements    
Figure 1 shows the absorption spectra in aqueous solution of the individual 

uranium and thorium complexes and PAR at pH 8.0. As this figure shows, there is a 
clear overlapping of the two spectra. This prevents the simultaneous determination of 
the uranium and thorium by direct UV-vis absorbance measurements. To overcome 
this problem a suitable and simple technique, which presents a good recovery, is 
neural networks. Spectra of mixtures of uranium and thorium solutions between 300 
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and 600 nm wavelengths by 1-nm intervals were recorded, and then the data were 
digitized and stored for late treatment.  
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Figure 1. Absorption spectra of (a) 9.3×10-5 M of PAR, (b) 8 µgml-1 of uranium and (c) 9 µgml-1 of thorium with 
9.3×10-5 M of PAR at pH 8.0. 

 

Optimization of experimental condition 
For finding the optimum conditions, the influence of pH values on the spectrum of 

each complex at a constant concentration of each ion was studied. The formed 
complexes with uranium and thorium were affected differently with pH. In order to 
select the optimum pH value at which the minimum overlap occurs, influences of the 
pH of the medium on the absorption spectra of uranium and thorium complexes were 
studied over the pH range 2.0 – 11.0. However pH 8.0 was chosen as the optimum pH 
for this work because both complexes have maximum absorbance and minimum 
overlap at this pH. Effect of the concentration of the PAR was also investigated, a 
reagent concentration of 9.3×10-5 M was chosen because it ensures sufficient reagent 
excess. Individual calibration curves were constructed with several points as 
absorbance versus metals concentration. 

For constructing the individual calibration lines the absorbencies were measured 
at 512 and 504 nm against a blank for uranium and thorium, respectively. The linear 
regression equation for the calibration graph for uranium for the concentration range of 
0.10-24.00 µgml-1 was A=0.4512+0.00527Curanium (r2=0.9951, n=14) and for thorium 
for the concentration range of 0.05-20.00 µgml-1 was A=0.4761+0.0612Cthorium 
(r2=0.9976, n=15). The limits of detection were 0.06 and 0.03 µgml-1 for uranium and 
thorium, respectively, were calculated according to calibration line characteristic. 
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Table 1. Concentration data of the different mixtures used in the calibration set for the determination of uranium 
and thorium (µgml-1). 
 
Mixture Uranium Thorium Mixture Uranium Thorium Mixture Uranium Thorium 

M1 0.10 0.05 M10 6.10 20.00 M19 18.10 15.00 
M2 0.10 5.00 M11 12.10 0.05 M20 18.10 20.00 
M3 0.10 10.00 M12 12.10 5.00 M21 24.00 0.05 
M4 0.10 15.00 M13 12.10 10.00 M22 24.00 5.00 
M5 01.0 20.00 M14 12.10 15.00 M23 24.00 10.00 
M6 6.10 0.05 M15 12.10 20.00 M24 24.00 15.00 
M7 6.10 5.00 M16 18.10 0.05 M25 24.00 20.00 
M8 6.10 10.00 M17 18.10 5.00    
M9 6.10 15.00 M18 18.10 10.00    

 

Artificial Neural Networks 
 

After optimization of pH and reagent concentration, the standard solutions were 
prepared with different uranium and thorium concentration ranges (0.10-24.00 and 
0.05-20.00 µgml-1 for uranium and thorium, respectively). 25 standard solutions 
(Table 1) were chosen for the training set and 7 (Table 2) solutions for the prediction 
set. The spectrum for each of samples was recorded from 300 to 600 nm. At first, in 
PC-ANN and PC-WT-ANN the data matrix of the training set was analyzed by 
principal component analysis (PCA) and scores of the PC, were chosen as input nodes 
for input layer. The variables of networks architecture consist of the number of PCs as 
an input layer; the number of nodes in the hidden layer and the number of epochs were 
optimized. It should be noted that the actual numbers of PCs and nodes in the hidden 
layer are selected based on the minimum value for the root mean square error of 
prediction set (RMSEP). In order to optimize the number of PCs and the number of 
nodes in the hidden layer, PC-ANN and PC-WT-ANN architectures with different 
numbers of nodes in the hidden layer were examined with 6×105 epochs. The results of 
optimization for two models are shown in Table 2. 
 

Determination of Uranium and Thorium in Synthetic Samples  

         The predictive ability of method was determined using 7 two-component 
uranium and thorium mixtures (their compositions are given in Table 2). The results 
obtained by applying PC-ANN and PC-WT-ANN algorithm to seven synthetic 
samples are listed in Table 2. Table 2 also shows the recovery for prediction series of 
uranium and thorium mixtures. Satisfactory recovery values are obtained in samples 
analyzed in prediction set by two methods, but the values predicted  PC-WT-ANN are 
obviously better and the PC-WNN needs much less training epochs than PC-WT-
ANN.  
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Table 2. Added and determined results of synthetic mixtures of uranium and thorium (µgml-1). 
 

Added Determined (PC-
ANN) 

Recovery (%) Determined (PC-WT-
ANN) 

Recovery (%) 

Uranium Thorium Uranium Thorium Uranium Thorium Uranium Thorium Uranium Thorium 
15.00 15.00 14.23 15.31 94.9 102.1 14.78 15.08 98.5 100.5 
4.00 7.00 4.11 6.78 102.8 96.9 4.01 6.95 100.3 99.3 
7.20 15.00 7.29 14.67 101.3 97.8 7.18 14.91 99.7 99.4 
8.00 18.00 7.78 18.46 97.3 102.6 7.94 18.03 99.3 100.2 
5.00 6.00 4.87 6.34 97.4 105.7 4.97 6.03 99.4 100.5 

10.00 7.00 10.91 6.45 109.1 92.1 10.21 6.92 102.1 98.9 
13.50 9.00 14.11 8.78 104.5 97.6 13.61 8.93 100.8 99.2 

Input nodes 3 3   3 3   
Hidden nodes 5 7   4 6   
Output nodes 1 1   1 1   
Learning rate 0.05 0.05   0.04 0.04   
Momentum 0.7 0.7   0.7 0.7   
Number of iteration 4600 5100   3400 4100   
Wavelet order - -   2 2   
RMSEP 0.5180 0.3648   0.1251 0.0656   
RSEP (%) 5.3187 3.0689   1.2848 0.5517   
 

 

Table 3. Added and determined results of uranium and thorium in real matrix samples (µgml-1). 

 
 

Uranium Thorium Type of 

water 
Added Determined S.D.a Recovery 

(%) 
Added Determined S.D.a Recovery 

(%) 
Waste 
water 

0.60 0.57 0.11 95.0 3.00 3.09 0.24 103.0 

Waste 
water 

5.50 5.42 0.23 98.5 5.00 5.13 0.52 102.6 

River 
water 

9.00 9.12 0.42 101.1 7.50 7.21 0.88 96.1 

River 
water 

5.00 4.88 0.14 97.6 14.00 14.41 0.56 102.9 

a Standard deviation n = 3. 
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Statistical parameters 

For the evaluation of the predictive ability of a two models, the root mean square 
error of prediction (RMSEP) and relative standard error of prediction (RSEP) can be 
used: 
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where predy  is the predicted concentration in the sample, obsy  is the observed value 
of the concentration in the sample and n  is the number of samples in the validation 
set. The value of RMSEP and RSEP(%) for uranium and thorium summarized in Table 
2. 

   
Application 

The accuracy and precision of the proposed method as applied to the 
determination of the uranium and thorium in the real matrix samples were checked via 
a recovery study. To this end, aliquots of solutions of the uranium and thorium were 
supplied with variable amounts, between 0.10-24.00 and 0.05-20.00 µgml-1 for 
uranium and thorium, respectively, and their absorbance recorded. As can be seen 
from Table 3, the results obtained in the determination of uranium and thorium in 
water samples (river and waste water) were quit good. In fact, the recoveries ranged 
from 95.0 to 101.1% for uranium and 96.1 to 103.0% for thorium. Therefore, the PC-
WT-ANN model is able to predict the concentrations of each uranium and thorium in 
the real matrix samples. 
Conclusion 

Determination of uranium and thorium based on complex formation with 4-(2-
pyridylazo) resorcinol in aqueous media with the PC-ANN and PC-WT-ANN was 
established, with good prediction ability in the synthetic and real matrix samples. 
Results show that PC-WT-ANN has better prediction power and needs much less 
training epochs than the PC-ANN. 
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