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Abstract 8 

Soil pollution is a big issue caused by anthropogenic activities. The spatial distribution of 9 

potentially toxic elements (PTEs) varies in most urban and peri-urban areas. As a result, 10 

spatially predicting the PTEs content in such soil is difficult. A total number of 115 samples were 11 

obtained from Frydek Mistek in the Czech Republic. Calcium(Ca), magnesium(Mg), 12 

potassium(K), and nickel (Ni) concentrations were determined using Inductively Coupled Plasma 13 

Optical Emission Spectroscopy. The correlation matrix between the response variable and the 14 

predictors revealed a satisfactory correlation between the elements. The prediction results 15 

indicated that support vector machine regression (SVMR) performed well although its 16 

estimated root mean square error (RMSE) (235.974) and mean absolute error (MAE) (166.946) 17 

were higher when compared with the other methods applied. Conversely, the hybridized model 18 

of empirical bayesian kriging -multiple linear regression (EBK-MLR) performed poorly as 19 

indicated by the measured coefficient of determination value below 0.1. The empirical bayesian 20 

kriging-support vector machine regression (EBK-SVMR) model was the best model, with low 21 

RMSE (95.479) and MAE (77.368) values and a high coefficient of determination (R2 = 0.637). 22 

EBK-SVMR modeling technique was visualized using self-organizing map. The clustered neurons 23 

of the hybridized model CakMg -EBK-SVMR component plane showed a diverse color pattern 24 

predicting the concentration of Ni in the urban and peri urban soil. The results proved that 25 

combining EBK and SVMR is an effective technique for predicting Ni concentrations in urban 26 

and peri-urban soil. 27 
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Highlights  32 

Empirical Bayesian kriging was used as a base model for hybridization. 33 

Support vector machine regression was the best algorithm to hybridized with. 34 

The EBK-SVMR hybrid model outperforms the other models in predicting Ni. 35 

The performance of the hybrid model was visualized using a self-organizing map. 36 
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INTRODUCTION 56 

Nickel (Ni) is regarded as a micronutrient for plants due to its contribution to atmospheric 57 

nitrogen(N) fixation as well as urea metabolism, both of which are needed for the germination 58 

of seed.1 Apart from its contribution to seed sprouting, Ni also acts as an inhibitor for fungi and 59 

bacteria and promote substantially plant development. The deficiency of Ni in the soil for plants 60 

to uptake results in leaves showing chlorosis symptoms. Cowpeas and green beans, for 61 

example, require the application of Ni-based fertilizer to optimize N fixation.2 The continuous 62 

application of Ni-based fertilizer to enrich the soil and increase the potency of the leguminous 63 

plant to fix N in the soil successively increases Ni concentration in the soil. Even though Ni 64 

serves as a micronutrient for plants, its excesses in the soil cause more harm than good, the 65 

toxicity of Nickel in the soil minimizes the pH level in the soil and impedes iron uptake as an 66 

essential nutrient for plant growth.1  According to Liu3 Ni has been discovered as the 17th 67 

essential element that is required for plant development and growth. Apart from Ni playing a 68 

role in plant development and growth, it also needed by humans for various applications and 69 

uses. Ni use in various industrial sectors is neded for, electroplating, nickel-based alloy 70 

production, and for the automobile industries for ignition device and spark plug 71 

manufacturing.4  Furthermore, Ni-based alloys and plated items have been utilized extensively 72 

in kitchen wares, fittings for ballroom, for goods in the foods industry, electricals wires and 73 

cables, turbines for jets, implants for surgical, textiles and building ships.5 Enriched Ni levels in 74 

the soil (i.e. surface soil) are attributed to anthropogenic and natural sources, but primarily, Ni 75 

is of natural source than anthropogenic.4 In recent time, Ni pollution in soil has become critical 76 

due to the incessant release of Ni via steel industries, the application of phosphate fertilizers, 77 

mining, processing of metals and sewage sludge discharge. According to Freedman and 78 

Hutchinson 6and Manyiwa et al., 7 the main topsoil pollution  source  immediate a vicinity and 79 

adjacent environments is principally caused by Ni-Cu based smelter and mines.  80 

Soil pollution assessment is prevalent in the recent era because of the wide range of health-81 

related issues that arise from soil-plant relationships, soil and soil organism relationships, 82 

ecological degradation and environmental impact assessment related issues. Hitherto, spatial 83 

prediction of potentially toxic elements (PTEs) such as Ni in the soil using the conventional 84 



means has been laborious and time-consuming. The advent of digital soil mapping (DSM) and 85 

its success chalked 8 in this present time has improved predictive soil mapping (PSM) 86 

tremendously. Predictive soil mapping, or DSM, according to Minasny and McBratney, 9 has 87 

proven to be a prominent soil science subdiscipline. Lagacherie and McBratney, 2006 defines DSM 88 

as "the creation and population of spatial soil information systems by the use of field and 89 

laboratory observational methods coupled with spatial and non-spatial soil inference systems". 90 

McBratney et al.,10 outlined that DSM or PSM in contemporary time is the utmost effective 91 

technique to foretell or map the spatial distribution of PTEs, types of soil and soil properties. 92 

Geostatistics and Machine learning algorithm (MLA) are modelling techniques in DSM that 93 

employ large and minimal data via computer aid to create a digitized map. 94 

Deutsch, 11 and Olea, 12 defines geostatitics “as a collection of numerical techniques that deal 95 

with the characterization of spatial attributes, employing primarily random models in a manner 96 

similar to the way in which time series analysis characterizes temporal data.” Particularly, 97 

geostatitics involves the assessment of variograms, that allows to quantify and define the 98 

dependency of spatial values from every sort of dataset.13 Gumiaux et al.,13 further illustrated 99 

that, the assessment of variogram in geostatistics is based on the 3 principles including (a) to 100 

compute the data correlation scale, (b) to identify and calculate the anistoppies in the disparity 101 

of the dataset and (c) estimate the area effects in addition to  intrinsic errors that takes in 102 

accounts measured data that is segregated from local effects. On the basis of these concepts, 103 

various interpolation techniques such as universal kriging, cokriging, ordinary krigging, empirical 104 

bayesian kriging, simple kriging, and other well-known interpolation techniques used within 105 

geostatistics are used to map or predict PTEs, soil properties, and soil types. 106 

Machine learning algorithms (MLA) are a relatively new technique that employs the use of 107 

larger nonlinear data classes propelled by algorithms that are primarily used for data mining, 108 

identifying data patterns, and repeatedly applied to classification and regression tasks in 109 

scientific fieldswadoux et al. 14 such as soil science. Substantial research papers have relied on 110 

MLA models to predict PTEs in soil, such as Tan et al., 15(random forest for heavy metal 111 

estimation in agricultural soil), Sakizadeh et al.,16(application of support vector machine and 112 

artificial nueral network to model soil pollition). Furthermore, Vega et al., 17( CART for modelling 113 



heavy metal retention and sorption in soil) Sun et al., 18 (application of cubist is the distrbution of 114 

Cd in the soil) and other algorithms like k-nearest neighbors, generalized boosted regression 115 

and boosted regression tree also applied MLA to predict PTEs in the soil. 116 

Application of DSM algorithms in prediction or mapping comes with several challenges. Many 117 

authors have argued the superiority of MLA to geostatitics and contrariwise. Even though one is 118 

superior to the other, the combination of the two has increased the accuracy level in mapping 119 

or prediction in DSM.8 Woodcock and Gopal19 Finke 20 ; Pontius and Cheuk, 21and  Grunwald22    120 

have commented on the imperfection and some error that exist in predictive soil mapping. Soil 121 

scientists have tried a variety of techniques to optimize the effectiveness, precision of mapping 122 

and prediction in DSM. The incorporation of uncertainty and validation is one of the many 123 

different facets that have been integrated into DSM to optimize effectiveness as well as 124 

decrease the imperfection. Nevertheless, Agyeman et al.,8 outlined that the  act of validation 125 

and the uncertainty that come with creation of map and prediction should be validated 126 

independently to enhance map quality. Recently there have been a new trend in DSM that 127 

foster the combination of geostatitics and MLA in mapping and prediction. Several soil scientist 128 

and authors such as Sergeev et al.,23; Subbotina et al.,24; Tarasov et al., 25and  Tarasov et al., 26 have 129 

harness accurate qualities in geostatistics and machine learning to generate hybrid models that 130 

increase the efficiency and quality of the prediction as well as mapping. Some of these 131 

hybrization or  combined algrorithmic models are artificial nueral network-kriging (ANN-RK), 132 

multi-layer perceptron residual kriging (MLP-RK), generalized regression neural network 133 

residual kriging (GR-NNRK) 25and artificial nueral network-kriging- multilayer perceptron (ANN-134 

K- MLP) .26 135 

According to Sergeev et al.,23  the act of combining various modelling techniques has the 136 

potential to eliminate flaws and increase the efficiency of the hybrid model produced over the 137 

single models from which it was developed. Against this backdrop, this new paper deem it 138 

necessary to apply a combined algorithm from geostatistic and MLA to develop the best 139 

hybridized model to predict the enrichment of Ni in the urban and peri-urban area. This 140 

research will lean on empirical Bayesian kriging  (EBK) as the base model and hybridizing it with 141 

support vector machine (SVM)  as well as multiple linear regression(MLR) model. The 142 



hybridization of EBK with any MLA is uncharted. The plurality of hybrid models seen is a 143 

combination of ordinary, residual, regression kriging and MLA. EBK is a geostatistical 144 

interpolation technique that involves a spatial stochastic process characterized by localize being 145 

as non-stationary/stationary random field with a defined localize parameter on the field that 146 

gives way to vary spaces across.27 EBK has being applied in diverse research such as 147 

investigation the distribution of organic carbon in agrogray soils (Samsonova et al., 2017) 28soil 148 

contamination assessment  29and mapping soil properties(John et al., 2021).30 149 

On the other hand self organisinising map (SeOM) is a learning algoritm that has been applied 150 

in diverse articles such as Li et al.,31 Wang et al,32 Hossain Bhuiyan et al.,33 and Kebonye et al.,34 to 151 

determine the spatial attributes and grouping of elements. Wang et al., 32 outlined that SeOM is 152 

a vigorous learning technique known for its capacity in grouping and imagining that is allowed 153 

to deal with nonlinear problems. SeOM unlike other pattern recognition techniques such 154 

principal componet analysis, fuzzy clustering, hierachical clustering and multiple criteria 155 

decision making performs better in organization and recognising the pattern of PTEs. Accroding 156 

to Wang et al.,32 SeOM is capable of spatially grouping the distribution of related neurons and 157 

providing high-resolution data visualization. SeOM will be used to visualize Ni prediction data 158 

for the best model that was developed in order to characterize the results for easy  159 

interpretation. 160 

This paper intends to generate a robust mapping model with elevated resolution that predicts 161 

Ni content in urban and peri- urban soil. We hypothesized that the dependability of the 162 

hybridized model primarily relies on the influence of the other model attached to the base 163 

model. We acknowledge the challenges in DSM, and while these challenges are being 164 

addressed on several fronts, the combination of geostatitics and MLA model progression 165 

appears to be sluggish, so we will attempt to answer the research question that will potentially 166 

generate a hybrid model. Nevertheless, how accurate is the model in predicting the targeted 167 

elements? What is the efficiency assessment level based on validation and accuracy 168 

assessment? Therefore, the specific objectives of this research are (a) to create a combined 169 

hybrid model using EBK as the base model against SVMR or MLR, (b) compare the models 170 

generated (c) propose the best hybrid model to predict the concentration of Nickel in urban or 171 



peri-urban soil and (d) to apply SeOM to create high-resolution spatial variability maps of 172 

Nickel. 173 

 174 
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MATERIALS AND METHODS 200 

Study area 201 

The research is being conducted in the Czech Republic, specifically in the Frydek Mistek district 202 

of the Moravian-Silesian Region. (Figure 1).  The geomorphology of the study area is a very 203 

rugged landscape that is largely part of the Moravian-Silesian Beskydy region, which is a portion 204 

of the outer Carpathian mountain range. The study area falls within latitude 49° 41'0' North and 205 

longitude 18 ° 20'0' East at an altitude varying between 225 and 327 m above sea level; 206 

however, the Koppen classification system of the area's climatic situation is rated as Cfb= 207 

temperate oceanic climate with a high amount of rainfall even in dry months. Temperatures 208 

usually range between 24 ° F and 75 ° F throughout the year, seldom falling below 8 ° F or rising 209 

above 86 ° F, and annual precipitation ranges between 685 and 752 mm. 35 The district's area 210 

survey is projected to be 1208 km2, with 39.38 percent of the land area under cultivation and 211 

49.36 percent under forest cover. The region used for this study, on the other hand, is 212 

approximately 889.8 km2. In and around the Ostrava neighbourhood, the steel industry and 213 

metal works are active. The soil properties are easily differentiated from the soil's color, 214 

structure, and carbonate content. The soil's texture is medium to fine, and it is derived from 215 

parent materials. They are either colluvial, alluvial, or aeolian in nature. Some soil areas show 216 

mottles in the top and subsoil, which are usually accompanied by concrete and bleaching. 217 

However, cambisols and stagnosols are the most common soil types in the area (Kozák, 2010).36 218 

With elevations ranging from 455.1 to 493.5 m, cambisols is predominate in the Czech Republic 219 

(Vacek et al., 2020).37 220 

 221 
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 227 

Figure 1: Study area map  228 

 229 



Soil sampling and analysis 230 

Topsoil samples totaling 115 were obtained from urban and peri-urban soil in the Frydek Mistek 231 

district. The sample pattern used was the regular grid, and the soil sample intervals were 2× 2 km 232 

using a handheld GPS device (Leica Zeno 5 GPS) at a depth of 0 to 20 cm for topsoil. The samples 233 

were wrapped in Ziploc bags, labeled appropriately, and transported to the laboratory. The 234 

samples were air-dried to produce a pulverized sample, crushed by a mechanical system (Fritsch 235 

disk mill pulverize), and sieved (2 mm). A gram of the dried, homogenized, and sieved soil sample 236 

(sieve size 2 mm) was placed in a Teflon bottle that was clearly labeled. In each Teflon container, 237 

7 ml of 35% HCl and 3 ml of 65% HNO3 were dispensed (using automatic dispensers—one for 238 

each acid) and the cap was gently closed to allow the sample to remain overnight for reactions 239 

(aqua regia procedure). The supernatant was put on a hot metal plate for 2 hours to promote the 240 

digestion process of the sample before being allowed to cool. The supernatant was transferred 241 

to a 50 ml volumetric flask and diluted to 50 ml with deionized water. After that, the diluted 242 

supernatant was filtered into 50 ml PVC tubes. In addition, 1 ml of the diluted solution was diluted 243 

with 9 ml of deionized water and filtered into a 12 ml test tube prepared for PTE pseudo-244 

concentration in this study. ICP-OES (inductively coupled plasma optical emission spectrometry) 245 

(Thermo Fisher Scientific, USA) was used to calculate metal concentrations following standard 246 

procedures and protocols. The quality control and quality assurance process were ensured and 247 

each study by testing the reference criteria. To ensure that the errors were reduced, duplicate 248 

analysis was performed. 249 

Empirical Bayesian kriging 250 

Empirical Bayesian kriging (EBK) is one of the numerous geostatistical interpolation techniques 251 

used in modelling in diverse fields such as soil science. Unlike the other kriging interpolation 252 

techniques, EBK varies from conventional kriging methods by considering the error of the 253 

semivariogram model estimation.38  In EBK interpolation, several semivariogram models are 254 

calculated during the interpolation instead of a unitary semivariogram. The interpolation 255 

technique makes way for uncertainties associated,hereby plotting semivariogram and 256 

programmed the highly complex parts of composing a sufficient kriging approach(Samsonova et 257 

al., 2017b). The interpolation process of EBK follows 3 criteria as proposed by   Krivoruchko, 38(a) 258 



the model estimate semivariogram from the input dataset (b) based on the generated 259 

semivariogram a new prediced is value against each inputted dataset location and (c) finally a 260 

model is computed from the simulated dataset. The bayesian equation rule is give as posterior  261 

   𝑃𝑟𝑜𝑏(𝐴, 𝐵) =  𝑃𝑟𝑜𝑏 (𝐴𝐵) 𝑃𝑟𝑜𝑏(𝐵) =  𝑃𝑟𝑜𝑏(𝐵, 𝐴) = 𝑃 (𝐵𝐴) 𝑃(𝐴)  𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛 1  262 

Where the 𝑃𝑟𝑜𝑏(𝐴) represents the prior, 𝑃𝑟𝑜𝑏(𝐵) marginal probability in the most 263 

instances there they are ignored, 𝑃𝑟𝑜𝑏 (𝐵, 𝐴) the posterior.  The semivariogram calculation is 264 

based on the Bayes rule, which exhibits the proclivity that the observed dataset can be created 265 

from the semivariogram. Krivoruchko, (2012) explains that, during the computation of 266 

semivariogram in step 1, a set of data are utlized to stimulate a new location input and 267 

however, step 2 and 3 are replicated.  268 

Support vector machine regression  269 

Support vector machine is a machine learning algorithm that generates an optimal disengaging 270 

hyperplane to differentiate identical but not linearly independent categories. Vapnik, 39  created 271 

the algorithm for intent classification, but it has recently been used to solve regression-oriented 272 

problems. According to  Li et al., 40 SVM is one of the best classifier techniques and has been 273 

used in a variety of fields. The regression component of SVM is used in this analysis (support 274 

vector machine regression-SVMR). Cherkassky and Mulier, 41 pioneered SVMR as a regression 275 

based on kernel, and its computation was performed using a linear regression model with a 276 

multinational space function. John et al.,42 reported that the SVMR modelling employs a 277 

hyperplane linear regression, which creates a nonlinear relationship and allows for the space 278 

function. According to Vohland et al., 43 epsilon (ε)-SVMR uses a trained dataset to obtain a 279 

represented model as an epsilon -insensitive functi used to map data independently with the 280 

optimum epsilon-deviation from dependent data training. The preset distance error within is 281 

ignored from the actual value, and if the error is larger than the epsilon (ε), the soil prop 282 

erty compensates for it. The model also reduces the intricacy of training data to a broader 283 

subset of support vectors. The equation as proposed by Vapnik, 39 is given as  284 



𝑦(𝑥) =  ∑ 𝛼𝑘𝑁𝑘=1 𝐾(𝑥, 𝑥𝑘) + 𝑏, equation 2 285 

In which the b represents the scalar threshold, 𝐾(𝑥, 𝑥𝑘) representing the kernel function, 𝛼 286 

denoting the Lagrange multiplier, N symbolizing the number dataset,  𝑥𝑘 representing the data 287 

input and 𝑦 is the data output. One of the critical kernels used is the SVMR operation with is 288 

the gaussian radial basis function (RBF). The RBF kernel was applied to ascertain the optimum 289 

SVMR model that is essential to procure the finest penalty set factors C and the kernel 290 

parameters gamma (γ) for the PTE training data. We assessed the set of training and then 291 

tested the validation set's model performance. 292 

Multiple linear regression  293 

Multiple Linear Regression Model (MLR) is a regression model that embodies the relationship 294 

between a response variable and numerous predictor variables by employing linearly 295 

incorporated parameters that are computed using the least-squares method. In MLR, the least 296 

square model is a prediction function that is directed toward a soil property following the 297 

selection of an explanatory variable. Nickel was used as response variables in order to create a 298 

linear relationship using the explanatory variable. The PTE was used as the response variables 299 

which was used to establish the linear relationship utilizing the explanatory variable. The MLR 300 

equation is given as 301 

𝑦 = 𝑎 + ∑ 𝑏1 𝑛
𝑖−1 Χ  𝑥𝑖  ±  𝜀𝑖   𝑒𝑞𝑢𝑎𝑡𝑖𝑜𝑛 3 302 

 303 

In which the y represents the response variable, a denotes the intercept, n signifies the number 304 

of predictors, 𝑏1 denotes the partial regression of coefficient, 𝑥𝑖  implies the predictors or the 305 

explanatory variables and the 𝜀𝑖 signifies the error in the model which is also called residual.  306 

The model was utilized in R.  307 

Hybrid modelling 308 

The hybrid models were obtained by sandwiching the EBK as the base model with SVMR and  309 

MLR. This was done by extracting of predicted values from the EBK interpolation. The predicted 310 

values obtained from interpolated Ca, K and Mg was passed through permutation process to 311 



obtain new variables such as CaK, CaMg and KMg. The elements Ca, K and Mg was then 312 

combined to obtain the fourth variable CaKMg.  Overall, the variables obtained were Ca, K, Mg, 313 

CaK, CaMg, KMg and CaKMg. These variables became our predictors that will aid in predicting 314 

Nickel concentration in urban and peri-urban soil. The predictors will be subjected through 315 

SVMR algorithm obtain a hybrid model Empirical bayesian kriging – Support vector machine 316 

(EBK_SVM). Similarly, the variables will be piped through MLR algorithm to likewise obtain a 317 

hybrid model Empirical bayesian kriging -multiple linear regression (EBK_MLR). Generally, the 318 

variables Ca, K, Mg, CaK, CaMg, KMg and CaKMg were used as covariates which served as 319 

predictors in predicting the Nickel content in urban and peri-urban soil. The finest model 320 

(EBK_SVM or EBK_MLR) obtained will then be visualized using the self-organizing map.  The 321 

workflow of the study is presented in Figure 2. 322 

 323 

Figure 2: Flowchart of the study 324 

 325 



Self-organizing maps (SeOM) 326 

Using SeOM has become a popular tool used in diverse fields for the organizing, assessment 327 

and prediction of data in the financial sector, medical sector, industrial sector, in statistics, soil 328 

science, etc. 1 developed SeOM using an artificial neural network for organization, evaluation, 329 

and prediction, as well as unsupervised learning techniques. In this study, SeOM was used to 330 

visualize the concentration of Ni based on the finest model used in the prediction of Ni in urban 331 

and peri-urban soil. The data treated in SeOM assessment serves as an n input dimensional 332 

vector variable . 44 45 Melssen et al., 46 delineated that an input vector is connected to an output 333 

vector with a single weight vector by a single input layer into a neural network. The output 334 

generated from SeOM comes out as a two-dimensional map made up of diverse neurons or 335 

nodes knitted together into either a hexagonal, circular or square topological plot based on 336 

their proximity.31 Map sizes were compared baed on metrics,  quantization error (QE) and 337 

topographic error (TE), and a SeOM model with 0.086 and 0.904 respectively was chosen which 338 

was a 55-map unit (5×11). The neuron structure was chosen based on empirical equation node 339 

number given as 340 

 𝑚 = 5 × √𝑛  341 

In which the m denotes the quantity of SeOM map neurons, n representing the input data 342 

quantity. 343 

Data partitioning  344 

The number data used in this study is 115 samples A random method was employed to dissect 345 

the data into a test data (25% for validation) and a training dataset (75% for calibration). The 346 

training dataset was used to produce the regression models (calibration), and the test dataset 347 

was used to validate generalization capabilities.47 This was done to evaluate the 348 

appropriateness of the diverse models that is being used to predict nickel content in the soil. All 349 

the models used were subjected to a 10-fold cross-validation process that was replicated five 350 

times. The variables generated from EBK interpolation were used as the predictors or 351 

explanatory variable to predict you target variables (PTEs). The modelling process was 352 

performed in R.  353 



Model and accuracy assessment   354 

A variety of validation parameters were used to determine the best and finest model suitable for 355 

the prediction of nickel concentration in the soil and evaluating the accuracy of the model as well 356 

as its validation. The hybridized models were assessed using mean absolute error (MAE), root 357 

mean square error (RMSE), and R square, or coefficient determination (R2). R2 defines the 358 

variance of the proportion in the answer and is represented by the regression model. The RMSE 359 

and the magnitude of the variance within the independent measurement describe the model 360 

prediction power, while MAE determines the true quantitative value. The R2 value must be high 361 

to evaluate the best hybridized model using the validation parameters, and the closer the value 362 

is to 1, the higher the accuracy. According to Li et al., 48an R2 criteria value of 0.75 or greater is 363 

considered a good prediction, from 0.5 to 0.75 is acceptable model performance and below 0.5 364 

is unacceptable model performance. A lower obtained value is sufficient and considered best for 365 

the selection of a model using the RMSE and MAE validation criteria evaluation methods. The 366 

following equation describes the validation methods. 367 

Mean absolute error  368 

𝑀𝐴𝐸 =  1𝑛 ∑ 𝑌𝑖𝑛
𝑖=1 − �̂�𝑖 369 

 370 

R square 371 

     R2 = 1 − ∑(Yi− Ŷi)2∑(Yi− Ŷi)2 372 

Root mean square error 373 

𝑅𝑀𝑆𝐸(𝑚𝑔/𝑘𝑔) = 1𝑛 ∑(�̂�𝑖𝑛
𝑖=1 −  𝑌𝑖)2 374 

Whereby n represents the size of the observations 𝑌𝑖 represents the measured response and 375 

the �̂�𝑖 also stated as the predicted response values, accordingly, for the ith observation term. 376 

 377 
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RESULTS AND DISCUSSION 406 

Statistical description  407 

The statistical description of the predictors and the response variables are shown in Table 1, 408 

displaying the mean, standard deviation (SD), coefficient of variability (CV), minimum value, 409 

maximum value, kurtosis and skewness. The elements minimum and maximum values descend 410 

in this Mg< Ca < K < Ni and Ca< Mg< K< Ni order, respectively. The concentration of the 411 

response variable (Ni) sampled from the study area ranged from 4.86 mg/kg to 42.39 mg/kg. 412 

Comparing Niwith the world average value (29 mg/kg) and the European average value (37 413 

mg/kg) indicates that the overall computed geometric mean of the study area is under 414 

tolerable limits. Nevertheless, comparing the mean concentration of Nickel (Ni) in this current 415 

study to the agricultural soils in Sweden, as indicated by Kabata-Pendias, 49 exhibits that the 416 

current mean concentration of Ni is higher. Similarly, the mean concentration of in the current 417 

study (Ni 16.15 mg/kg) of the urban and peri-urban soil in Frydek Mistek is higher than the 418 

permissible limit for Ni in urban soil in Poland as reported by Różański et al., 50 (10.2 mg/kg). 419 

Furthermore, the mean nickel concentration in Tuscan urban soil recorded by Bretzel and 420 

Calderisi, 51 (1.78 mg/kg) is very low in comparison to the current study. Jim, 52 also identified a 421 

low Ni concentration in Hong Kong urban soil (12.34 mg/kg), which was lower than the current 422 

research. Birke et al., 53 reported a Ni mean concentration of 1.45 mg/kg in an old mining and 423 

urban industrial area in Sachsen Anhalt, Germany, which was 1.45 mg/kg higher than the Ni 424 

mean concentration in the current study. The concentration of Ni in some parts of the study 425 

area's urban and peri-urban soil that exceeds the allowable limit might be attributed largely to 426 

steel industries and metal works. This is inline with Khodadoust et al., 54  study that steel 427 

industries and metal works are major sources of nickel pollution in the soil. However, the 428 

predictor variables also ranged from 538.70 mg/kg to 69161.80 mg/kg for Ca, 497.51 mg/kg to 429 

3535.68 mg/kg for K and 685.68 mg/kg to 5970.05 mg/kg for Mg.  Jakovljevic et al., 55 430 

investigated the total content of Mg and K in central Serbian soil. They found that the total 431 

concentration (410 mg/kg and 400 mg/kg, respectively) was lower than in the current analysis. 432 

Indistinguishably, in eastern Poland,Orzechowski and Smolczynski, 56 assessed the total content of 433 

Ca, Mg and K and the results suggested that the mean concentration Ca (1100 mg/kg), Mg 434 



(590mg/kg) and K (810 mg/kg) in the topsoil were lower the respective element in this present 435 

study. A recent study conducted by Pongrac et al., 57  revealed that Ca total content analyzed in 3 436 

different soil in Scotland Uk (Mylnefield soil, Balruddery soil and Hartwood soil) suggested the 437 

Ca content of the present study is higher. 438 

The dataset distribution of the elements exhibited different skewness due to the differences in 439 

the measured concentration of the elements sampled. The skewness and the kurtosis of the 440 

elements ranged from 1.53 to 7.24 and 2.49 to 54.16 correspondingly. All the computed 441 

skewness and kurtosis level of the elements were above +1 and it thus indicates that the data 442 

distribution is irregular skewed in the right direction and leptokurtic. The estimated CV of the 443 

elements also suggested that K, Mg and Ni showed a moderate variability, whereas Ca extremely 444 

high variability. The CV of K, Ni and Mg explained that they are homogeneously distributed. 445 

Moreover, Ca distribution is non-homogeneous and its level of enrichment might be influenced 446 

by an external source. 447 

Table 1: Statistical description of predictors and response 448 

  Ca K Mg Ni 

     

 mg/kg 

 Predictor s Response 

Mean 3624.83 1289.75 1981.91 16.15 

Standard deviation 7969.72 446.87 666.69 6.78 

Coefficient of Variability 219.86 34.65 33.64 41.97 

Minimum value 538.70 497.51 685.68 4.86 

Maximum value 69161.80 3535.68 5970.05 42.39 

Kurtosis 54.16 4.82 11.67 2.49 

Skewness 7.24 1.54 2.48 1.63 

 449 

Correlation between response and predictor variable 450 

The correlation of the predictors against the response element suggested a satisfactory 451 

correlation among the elements (see Figure 3). The correlation suggested that CaK showed a 452 

moderate correlation with r value = 0.53 and CaNi similarly displayed moderate correlation. Even 453 

though Ca and K showed moderate nexus among each other but researchers such as Kingston et 454 



al., 58and Santo, 59 have suggested that their content in the soil is inversely proportional. However, 455 

Ca and Mg are antagonistic to K but CaK correlated very well. This might be due to the application 456 

of fertilizer such as potassium carbonate that is 56% richer in potassium. Potassium correlated 457 

moderately with magnesium (KMg r = 0.63) and in the fertilizer industry these two elements have 458 

a history of strong relationships due to the application of potassium magnesium sulfate, 459 

potassium magnesium nitrate and muriate of potash to the soil to enhance its deficiency level. 460 

Nickel correlated moderately with Ca, K and Mg with r values = 0.52, 0.63 and 0.55 respectively. 461 

The relationships involving calcium, magnesium, and PTE such as nickel are complicated but 462 

notwithstanding magnesium inhibits calcium absorption, calcium decreasing the effects of excess 463 

magnesium, and both magnesium and calcium reduce the toxicity effects of the nickel in the soil. 464 

 465 

Figure 3: Correlation matrix of the elements showing the relationship between predictors and 466 

response (Note:  The plot includes scatter plots between the element, and the significance levels 467 

is based on p < 0,001)  468 



Spatial distribution of the elements 469 

The distribution of the predictors and the response variables was interpolated using empirical 470 

Bayesian kriging. According to Burgos et al., 60 application of spatial distribution is a technique used 471 

to quantify anhighlight hot spots of polluted areas. The enricnment level of Ca in Figure 4 can be 472 

seen in the northwestern part of the spatial distribution map. The map shows moderate to high 473 

hotspots of Ca enrichment.  Calcium enrichment in the northwestern part of the map might be 474 

due to the application of quicklime (Calcium oxide) to reduce soil acidity and its application in 475 

steel plants as basic oxygen in steel making process. On the other hands, other farmers prefer to 476 

use calcium hydroxide in acidic soil to neutralize the pH level, which also surges the calcium 477 

content of the soil.61 Potassium exhibited hot spots in the northwestern part of the map and 478 

eastern part as well. The Northwestern part is the predominantly agrarian community, and a 479 

moderate to a high pattern of K might be due to the application of NPK and muriate of potash. 480 

This is coherent with other authors such as  Madaras and Lipavský, 62 Madaras et al., 63 Pulkrabová et 481 

al., 64Asare et al., 65 who observed that using muriate of potash and NPK for soil stabilization and 482 

treatment resulted in high K content in the soil. Potassium enrichment in the northwestern part 483 

of the spatial distribution map might be due to applying potassium-based fertilizers such as 484 

potassium chloride, potassium sulphate, potassium nitrate, sylvinite, and kainit in increase the 485 

deficient soil to increase its k content. Zádorová et al., 66 and Tlustoš et al., 67 outlined that the 486 

application of potassium-based fertilizer increases the potassium level in the soil and, by a long 487 

effect will significantly upsurge soil nutrient content, especially K. Magnesium showed a hot spot 488 

in the northwestern part of the map and relatively moderate hotspot in the southeastern part of 489 

the map. Colloid fixation in soil depletes the concentration of magnesium in the soil. Its deficiency 490 

in the soil causes plants to portray interveinal chlorosis of yellowish colouration. Magnesium-491 

based fertilizers, such as potassium magnesium sulphate, magnesium sulphate and Kieserite, 492 

treat deficiency syndrome (purple, red or borwn coloration of plants indicating lack magnnesium) 493 

in soils with normal pH ranges 2. The accumulation of Nickel on the surface of the urban and peri-494 

urban soil might be due to anthropogenic activities such as agriculture and NNickel importance 495 

in stainless steel production 3. 496 



 497 

Figure 4: Spatial distribution of the elements  498 

Performance of models 499 

The performance of individual approaches for predicting Ni content in urban and peri-urban soil 500 

was assessed using the models' performance (Table 2). Table 2 comparison assessment 501 

compares support vector machine regression (SVMR), empirical Bayesian kriging support vector 502 

machine regression (EBK SVMR), and multiple linear regression -support vector machine 503 

regression (MLR SVMR). Model validation and accuracy assessment confirmed that the Ca_ 504 

Mg_ K predictors and the EBK SVMR model yielded the optimal performance. The R2, the root 505 

means square error (RMSE) and the mean absolute error (MAE) of the calibrated model 506 

Ca_Mg_K- EBK_SVMR model obtained 0.637 (R2), 95.479 mg/kg (RMSE) and 77.368 mg/kg 507 

(MAE) as against 0.663 (R2), 235.974 mg/kg (RMSE) and 166.946mg/kg (MAE) for Ca_Mg_K-508 

SVMR. Despite that, Ca_Mg_K-SVMR (0.663 mg/kg R2), and Ca_Mg-EBK_SVMR (0.643 =R2) 509 



obtaining a good R2 their RMSE and MAE results were higher than that of Ca_Mg_K-EBK_SVMR 510 

(see Table 2). Moreover, the RMSE and MAE of the Ca_Mg-EBK_SVMR model are 17.5 and 13.4, 511 

bigger than that of Ca_Mg_K-EBK_SVMR. Similarly, the RMSE and MAE of Ca_Mg-K SVMR 512 

model is equally bigger than Ca_Mg_K-EBK_SVMR RMSE and MAE by a margin of 2.5 and 2.2 513 

respectively. The cross-validation accuracy assessment Ca_Mg_K-EBK_SVMR hybrid model 514 

predicts Ni content in the urban and peri- urban soil 63.70% accuracy level. This level accuracy, 515 

according to  Li et al., 48 is an acceptable model performance rate. 516 

The current results compared to a previous study by Tarasov et al.,25 whose hybridize model 517 

created MLPRK (multi-layer perceptron residual kriging) to the current study EBK_SVMR 518 

accuracy assessment indices reported with regards, RMSE(210), and MAE(167.5) were higher 519 

than the results we had in the current study (RMSE  95.479,MAE 77.368). However, when the 520 

R2 (0.637) of the current study is compared to the R2(0.544) of Tarasov et al., 25  it is clear that 521 

the coeffiecient of determination (R2) in this hybrid model is higher. The maginal errors (RMSE 522 

and MAE) of the hybrid model (EBK SVMR) are two times lower. Similarly, Sergeev et al., 23 523 

recorded 0.28 (R2) for the hybrid model developed (multi-layer perceptron residual kriging), 524 

compared to 0.637 (R2) for Ni in the current study. The prediction accuracy level of this model 525 

(EBK SVMR) is 63.7% as opposed to 28 percent Sergeev et al.23 526 

Table 2: Model comparison using diverse prediction models 527 

  Models 

  SVMR EBK _SVMR EBK_MLR 

mg/kg 

Predictors  R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 

Ca 2.78E-01 1478.87 1015.300 6.85E-05 2710.6 1402.38 2.160E-02 6.246 4.425 

K 0.306 323.602 228.251 0.079 144.949 120.139 6.000E-02 6.123 4.324 

Mg 0.161 418.771 324.731 0.002 162.293 122.298 1.350E-01 5.872 4.296 

Ca_Mg 0.416 346.868 259.569 0.643 1664.64 1031.49 1.480E-01 5.829 4.314 

Ca_K 0.584 312.264 242.796 0.533 113.175 91.920 6.100E-02 6.119 4.320 

K_Mg 0.511 281.239 196.885 0.523 114.201 90.926 1.350E-01 5.871 4.302 

Ca_Mg_K 0.663 235.974 166.946 0.637 95.479 77.368 1.500E-01 5.823 4.320 

528 



Visualization of predicted Nickel via EBK_SVMR model using self-organizing map 529 

Presented in Figure 5 is the PTEs concentrations as component planes comprising of individual 530 

neurons. No component plane exhibited the same color pattern as shown. However the 531 

appropriate number of neurons per plotted map was 55.  The SeOMs were made using various 532 

colors, and the more similar the color pattern, the more comparable the sample attributes are. 533 

The single elements (Ca, K, and Mg) displayed a similar color pattern with single high neurons 534 

and majority low neuron according to the its color precise scale. Consequently, CaK and CaMg 535 

shared some similarities with very high-level neurons and low to moderate colour patterns as 536 

well. Both models predicted the concentration of Nickel in the soil by displaying moderate to high 537 

shades of colors such as red, orange, and yellow. The KMg model showed a lot of high color 538 

pattern according to the precise scale as well as low to moderate patches of colours. The 539 

component plane distribution patterns of the models revealed high colour pattern according to 540 

the precise color scale ranging from from low to high, indicating the potential concentration of 541 

Nickel in the soil (see Fig 4). The CakMg model component plane showed a diverse  colour pattern 542 

from low to high according to the precise color scale. In additament, this model's prediction of 543 

nickel content (CakMg) is similar to the spatial distribution map of Nickel shown in Figure 3. Both 544 

maps revealed high, moderate, and low proportional Nickel concentrations in urban and peri-545 

urban soil. 546 

Figure 6 depicts the silhouette method in k-mean groupings on the maps, which are divided into 547 

three clusters based on the predicted values in each model. The silhouette method indicated the 548 

optimal clustering number. Cluster 1 obtained the most soil samples,74, out of the 115 collected. 549 

Cluster 2 received 33 samples, while Cluster 3 received 8 samples.  550 



 551 

Figure 5: Component planes for each empirical bayesian kriging -support vector machine 552 

(EBK_SVM_SeOM) variable output. 553 

 554 



 555 

 556 

 557 

Figure 6: Different clusters classification components   558 

 559 

 560 

 561 
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 567 

 568 

 569 



Conclusion  570 

The current research clearly illustrates a modeling technique for nickel concentration in urban 571 

and peri-urban soil. The study tested different modeling techniques, combining elements with 572 

modeling techniques to obtain the best method for predicting nickel concentration in soil. The 573 

results indicated that the support vector machine regression model (Ca Mg K-SVMR) predicted 574 

the concentration of Ni in the soil as a unitary model, but validation and accuracy evaluation 575 

parameters revealed that the error in terms of RMSE and MAE was very high. The modeling 576 

technique employed utilizing EBK_MLR models, on the other hand, was similarly deficient due 577 

to the low coefficient of determination (R2) values. The use of EBK SVMR and combined 578 

elements (CaKMg) resulted in good results with low RMSE and MAE error and a 63.7 percent 579 

accuracy level. The results proved that combining the EBK algorithm with a machine learning 580 

algorithm can generate a hybrid algorithm that can predict the concentration of PTEs in soil. 581 

The study demonstrated the EBK model's potential to minimize error levels and increase the 582 

accuracy level of spatial distribution models of soils in urban or peri-urban soil. Generally, we 583 

suggest the application of EBK-SVMR model for assessing and predicting PTEs in the soil, 584 

moreover, hybridization using EBK with various machine learning algorithms is also 585 

recommended. 586 

 587 
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