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Abstract 

       The aim of this paper is to presents a parallel processor technique to estimate the 

concentration of Nickel in soils. We suggest collocation neural network as an alternative accurate 

technique. The proposed network is learned by back propagation with Levenberg-Marquardt 

training algorithms. The next objective of this paper was to compare the performance of 

aforementioned algorithms with regard to predicting ability. Then applied the suggest technique to 

estimate the concentration of Nickel in Baghdad soils in Iraq.  
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1. Introduction 

       The heavy metals in the soil have the peculiarities of long accumulate time, complexity of 

existent state and toxicity. Their bioavailability is harmful for the plants, human beings and 

environment [1]. Nickel (Ni) is one of harmful elements in soil [2, 3]. It can harm human health 

via food chain. The harm of heavy metals is related to the total concentration of heavy metals and 

especially to the chemical species of heavy metal [4-6]. So, the researches of heavy metals species 

and their distribution in soil sample have important guiding significance to the researches on the 

effects of heavy metals to human health and environment conservation. 

      There are many method which an effective chemical operational procedure for species analysis 

[7-9]. But it is difficult to choose the highly selective extractants and the interference among 

various species is unavoidable in the sequential extraction procedure [10]. 

      Another problem is that the sequential extraction procedure will finish in a week 

approximately. So, it is necessary to develop a fast and sensitive method for determining various 

species of heavy metals in soil simultaneously. 

      Artificial neural network (ANN) a simplified mathematical model of the human brain; it can 

be implemented by both electric elements and computer software. It is a parallel distributed 

processor with large numbers of connections; it is an information processing system that has 

certain performance characters in common with biological neural networks [11]. It has been 

applied in many fields [12-15].  

       In this paper we suggest collocation neural network (CNN) to estimate the concentration of 

Nickel in soils and to illustrate the efficiency and accuracy of suggest technique we used this 

technique to estimate Ni in soil of Baghdad city in Iraq.  
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2. Architecture of the Collocation Neural Network 

        In the proposed work, the suggested design of CNN is as three layer network: input layer 

which consist three input unit, hidden layer consist eight hidden unit with tansig. sigmoid transfer 

function and output layer consist one output unit. The suggested network is learned by back 

propagation with Levenberg-Marquardt training algorithms (see Figure 1). 

         In the proposed approach the model is expressed as the sum of two terms: the first term 

satisfies the initial concentration (C0) and contains no adjustable parameters. The second term can 

be found by using CNN which is trained so as to estimate the concentration of Ni and such 

technique called collocation neural network. 

       In this section we will illustrate how our approach can be used to estimate the concentration of 

Ni. Let 𝑦𝑡(𝑥, 𝑝) denotes a trial concentration with adjustable parameters 𝑝, correspond to the 

weights and biases of the neural architecture. 

       In our proposed approach, the trial concentration 𝑦𝑡 employs a CNN and we choose a form for 

the trial function 𝑦𝑡(C) such that it satisfies the initial concentration (C0). This is achieved by 

writing it as a sum of two terms: 

                          𝑦𝑡 (C𝑖, 𝑝) = C0 + 𝐺(𝑥, t, 𝑁(C, 𝑝)) ,                                               (1) 

where 𝑁(C, 𝑝) is a multi-layer CNN with parameters 𝑝, depth x, time t and 𝑛 input units fed with 

the input vector C. The weights and biases are to be adjusted in order to deal with the 

minimization problem. 

       A trial solution can be written as: 

                          𝑦𝑡 (C, 𝑝) = C0 + (𝑥 – x0) (t – t0) 𝑁(𝑥,𝑝) ,                                                   (2)                                

 

where 𝑁(𝑥, 𝑝) is the output of a CNN with one three input unit for 𝑥, t, C0 and weights 𝑝. 

 

 
Figure 1: Architecture of suggested CNN 

 

3. Choosing of Training Set 
       The choosing of training set is the key of accurate discretionarily of the concentration of Ni in 

soil samples. For the choosing of the training set, from 40 soil samples from different sections 

were obtained by atomic absorption spectrometry (AAS). We choose training set was consisted of 

20 samples of concentrations of Ni, which were selected discretionarily from 40 soil samples. The 

effect of training set on estimating result was tested, we choose testing set was consisted of 10 

samples of concentrations of Ni were selected discretionarily in four samples and choose 

validation set was consisted of 10 samples of concentrations of Ni, were the soil samples selected 

from the industrial sites, communities and agricultural land in Baghdad city. The results illustrated 

in Figure 2.  
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Figure 2: Comparison between the results of CNN by the training, testing and validation sets & AAS 

 

4. Selection of Learning Rate 
        Learning rate, η, is a learning step (step size), where η (0<η<1) is a parameter of controlling 

the convergence rate. When the hidden nodes are fixed, the convergence rate will increase with the 

increase of high learning rate, but the calculation result may be unstable. If learning rate is too 

low, the learning time will be long and the network is easy to tend to a local minimum. In the 

learning process, the optimal value of learning rate is selected by MSE. Figure 3 shows the 

relation between the learning rate and MSE. It can be seen from Figure 3 that the optimal value of 

learning rate is 0.28. 

 

 
Figure 3: Relation between learning rate (η) and MSE 

 

5. Results and Discussion  
       The suggested CNN is used for estimation of concentration of Ni in soil for Baghdad city and 

the results of training, testing, validation sets are compared with the result obtained by atomic 

absorption spectrometry (AAS) and illustrated in Figure 4. As can be seen from these graphs there 
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are deviation for prediction of Ni concentration for both training and test data set respectively using CNN 

design.  

 

Figure 4: Comparison between the results of CNN & results AAS 

      The results of CNN for concentration of Ni in soil different location in Baghdad city is show 

that by a comparison of Ni concentration in soil among various types of land use indicated that 

higher concentration of Ni was observed in the industrial area. Also, for Roadside soil, we see that  

Industrial > residential > Commercial, but in Open area soil, we see that Industrial > Commercial 

> residential. 

      For more detail Ni content varies from 72.63 to 85.32 mg/kg. The observed values are higher 

than the world average concentration of Ni in soil which is around 20 mg/kg [16]. Results exceed 

the calculated world mean of unpolluted soil (34 mg/kg) [17]. Further, considering the analyzed 

values of rural (control) as 35.75, indicated than Ni median concentration in the all samples of the 

study area was observed to be 2.2 times than Ni content in the rural soil. It is evident that local 

solid waste and anthropogenic activities such as burning of fuel contribute to the increase in Ni 

content in the soil of the study area. It may be noted that many domestic cleaning products, e.g. 

soap, 100 - 700 mg Ni/kg; powdered detergents, 400 - 700 mg Ni/kg and powdered bleach, 800 

mg Ni/kg, may prove to be important sources of Ni in the urban soils [16]. 
 

6. Conclusions 

        The concentration of nickel can be estimated by collocation neural network. The 40 soil 

samples from the different sections of Baghdad city in Iraq, were estimated by this technique. The 

prediction errors of this technique are less than 10% compared with those of AAS. This technique 

is fast, convenient, sensitive, and can eliminate the interference among various species. The 

determination of sample by AAS is finished in 7 d; however the determination of sample by the 

proposed technique is finished in 1 d. So the CNN is an effective technique for the determinations 

of various species content of heavy metals in soil simultaneously. 
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