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Highlights

• Factorial kriging allows to map the geochemical background component of gamma dose rate.

• Uranium mining activities impact gamma dose rate along drainage networks.

• Geostatistical analysis of radiometric data allows to better interpret localized geochemical 

results.

Abstract

A geostatistical approach is applied for extracting the geochemical background from gamma dose rate 

data acquired downstream of a former French uranium mining area. The exploratory data analysis 

shows that the spatial structure of the gamma dose rate consists of two components: a short isotropic 

component (10 m-range) that corresponds to the geochemical background; and a long anisotropic 

component (30 to 60 m-range) that corresponds to the drainage network features previously fed by 

the mine discharge water. The gamma dose rate on the whole area of interest was estimated and 

simulated (to deal with uncertainties) through a kriging of the measured values. The spatial component 

related to the geochemical background was then extracted through factorial kriging. The proportion 

of the gamma dose rate explained by the geochemical background according to factorial kriging is 

consistent within uncertainties with geochemical analyses performed on soil and sediment samples. 

This study thus highlights the potential of such geostatistical approaches for better exploiting 

radiometric data.
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1. Introduction

Uranium naturally occurs in soils and sédiments with concentrations highly variable in space depending 

on both primary sources, related to the geochemistry and mineralogy of bedrock, and secondary 

sources, related to changes or modification of radioelements distribution due to weathering and 

pedogenesis (Wilford et al., 1997; Ielsch et al., 2017). On the other hand, downstream of former 

uranium mining sites, the dissemination of radioactively-enriched material from past mining and 

milling activities may result in increased uranium concentrations, especially along watercourses and in 

lakes and wetlands (Strok and Smodis, 2010; Wang et al., 2013; Morin et al., 2016; Stetten et al., 2018). 

Identifying the potential sources of uranium, i.e., geochemical background versus mining activities, is 

a key element for the decision-making process, especially for defining the strategies of effective 

management and remediation of contaminated soils and sediments (Gourgiotis et al., 2020).

Uranium-ores lead to the production of radiogenic lead (Pb) with a specific isotope composition; stable 

Pb isotope ratios measured in soils and sediments can thus be used as a tracer of mining and milling 

activities (Munksgaard et al., 2003; Bollhofer et al., 2006; Frostick et al., 2008; Frostick et al., 2011; 

Cuvier et al., 2016; Dang et al., 2018; Liu et al., 2018; Gourgiotis et al., 2020). Such a geochemical 

approach requires material sampling and advanced time-consuming laboratory analyses and can only 

be carried out a few locations. In situ radiometric measurements, especially through gamma-ray 

monitoring techniques, which are commonly used for radioelement mapping (IAEA, 2003; Cuvier et 

al., 2016), could be exploited so as to tie these geochemical data together into a more coherent 

interpretation at the scale of the area of interest. However, this involves establishing a relation 

between geochemical and radiometric data (Guagliardi et al., 2013; Nguyen et al., 2018), in other 

words, extracting the component of the radiometric data related to either the geochemical 

background or the mining activities.

In geostatistics, the combined effects of various scales of spatial variation of a given property result in

a nested variogram structure (Bourennane et al., 2017). Methods such as factorial kriging (Matheron



1982; Goovaerts, 1997; Wackernagel, 1998) can be then used for estimating and mapping each of the

spatial components of the variogram (e.g., Bourennane et al., 2017; Du et al., 2017; Queiroz et al., 

2008). This approach could be applied on radiometric measurements for extracting geochemical 

background or mining/milling activities components, provided they correspond to distinct spatial 

scales. In general, geostatistics are particularly suitable for exploiting radiometric data since their high 

spatial density lead to a robust estimation of variograms (Masoudi et al., 2019). The current study aims 

at assessing the potential of factorial kriging for distinguishing the sources of uranium downstream of 

a former mining area and to compare it with a geochemically-based approach.

2. Study area and data

In 2015, the French Institute for Radiological Protection and Nuclear Safety (IRSN) carried out a 

radiological survey downstream of the former uranium mine of Ty-Gallen, Brittany, France (Fig. 1a). In 

situ gamma dose rate measurements were acquired and soil samples were collected for geochemical 

laboratory studies.

2.1. The uranium mine of Ty-Gallen

The underground mine of Ty-Gallen is located in the granitic massif of Pontivy containing fine to 

medium-sized leucogranites interspersed by a large number of aplitic and pegmatitic veins (AREVA, 

2014). The extraction of the Ty-Gallen deposits led to the production of 49 tons of uranium from 1963 

to 1981. During the mining operations, underground mine water was pumped through a technical 

borehole and discharged and partly channeled up to a wetland located 300 m downstream. This 

wetland seasonally supplies the "Brulé" stream (Fig. 1).

2.2. Gamma dose rate

Gamma dose rate measurements were performed through a Saphymo 6150 ADB probe used with a 

Saphymo 6150 AD5 radiation meter. The radiation range of the probe was set from 5 to 106 nSv.h-1,

with a scanning energy from 23 keV to 7 MeV. The device was embedded into the MARCASSIN system



(a self-standing vehicle developed by IRSN) for recording gamma dose rate at 50 cm above the soil 

surface for 2480 locations from the outlet of the mining water to the wetland (Mangeret et al., 2018) 

(Fig. 1).

2.3. Stable lead isotope ratio measurements

Four soil cores were sampled, three (C2, C4, and C6) in the wetland and one (C1) on the edge of the 

related topographic depression (Fig. 1b). The cores were extracted using a steel hand corer equipped 

with 5 cm diameter PVC core tubes and had lengths varying between 30 and 55 cm. They were 

conditioned under anaerobic atmosphere immediately after coring and were stored in an anaerobic 

glovebox in the laboratory before analysis (Stetten et al., 2018). A chemical purification of the samples 

was done before Pb isotope ratio characterization (204Pb/207Pb, 206Pb/207Pb, and 208Pb/207Pb) which was 

performed using an Agilent 8800 ICP-MS/MS (Agilent Technologies, Tokyo, Japan). The Pb portion 

coming from the uranium ore (i.e., related to the mining and milling activities, minePb hereafter) in the 

sediments and soils of the wetland was estimated with the help of a reevaluated mixing model 

(Gourgiotis et al., 2020) (Table 1).

3. Theoretical considerations

In orderto characterize the spatial components of the gamma dose rate data, a geostatistical approach 

based on factorial kriging was applied. This approach first involved the analysis of the spatial variability 

of the measured (i.e., sampled) dose rate and the estimation of the dose rate between the 

measurements (i.e., at unsampled locations).

3.1. Variographic analysis

The regionalized variable theory (Chiles and Delfiner, 2012) states that a variable in an area has both 

random and spatial properties that can be characterized by computing an experimental variogram 

from field sampling, such as:
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where y(h) is the experimental variogram for the lag distance h between pairs of sampled locations; 

N(h) is the number of pairs separated by lag distance h; Zi and Zi+h are the values of the regionalized 

variable at the sampled locations i and i+h. The experimental variogram can then be fitted by an 

established model or a linear combination of established models.

3.2. Estimation with ordinary kriging

Ordinary kriging (Chiles and Delfiner, 2012) was developed for estimating the value of the regionalized 

variable at an unsampled location using a linear weighting of sampled values of the variable 

surrounding this location, generally within a neighborhood that corresponds to the variogram range, 

such as:

Zxo = zr=i À)Zj with zr=i À = 1 [2]

where ZXo is the estimated value of the variable at the unsampled location xo; n is the number of 

sampled values considered; Àj is the weight for the sampled value Zj. The weights are obtained by 

solving the ordinary kriging system, built based on the unbiasedness condition and the minimization 

of the error variance:

[3]

where r is the (n X n) matrix of variograms between each pair of sampled locations; u is a (n X 1) 

vector of unit values; A is the (n X 1) vector of kriging weights; p is a Lagrange multiplier; To is the (n 

X 1) vector of variograms between the sampled locations and the target point (i.e., the unsampled 

location).

3.3. Factorial kriging

Factorial kriging (Goovaerts, 1997; Chiles and Delfiner, 2012) was developed based on the idea that 

the regionalized variable can be considered as a linear combination of two mutually orthogonal (i.e.,

independent) random variables, called scale components, in addition to the mean:



Z = Y1 + Y2 + m [4]

where Z is the regionalized variable; Y1 and Y2 are the centered (i.e., mean is zéro) scale components; 

m is the mean of the variable. The variogram of the regionalized variable itself is thus a combination 

of the variograms characterizing the scale components:

Y(h) = ay1(h) + py2(h) [5]

where Yx(h) and Y2(h) are the experimental variograms of Y1 and Y2 for the lag distance h; a and P 

represents the relative contribution of y1 and y2 to the total variance. None of the scale components 

is directly observable but they can be estimated by solving the following system:

Y1;0 = EjLi^Zj [6]
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where Y1*0 is the estimated value of the scale component Y1 at the location xo; Xj is the weight for 

the sampled value Zj; P is the (n X n) matrix of variograms of the scale component Y1 between each 

pair of sampled locations; A1 is the (n X 1) vector of kriging weights; p1 is a Lagrange multiplier for the 

scale component Y1; r0 is the (n X 1) vector of variograms of the scale component Y1 between the 

sampled locations and the target point.

3.4. Implémentation

In this study, the geostatistical analysis was implemented through the RGeostats R package (MINES 

ParisTech / ARMINES, 2020). The input data set consists of the gamma dose rate values, i.e., 2480 

measurements and the corresponding spatial coordinates (X and Y).

For the whole geostatistical analysis, a Gaussian anamorphosis (Chiles and Delfiner, 2012) was applied 

for transforming the multivariate distribution of gamma dose rate measurements into a normal 

distribution. The (factorial) kriging results depicted in Sections 4.2 and 4.3 correspond to back-

transformed data.



In addition, the (factorial) kriging were performed on a grid with 2.5 m spatial resolution. The input

data set was thus subsampled based on a nearest neighbor method so as to remove duplicates in each 

grid mesh (790 measurements remained).

4. Geochemical background extraction

The geostatistical analysis performed on the gamma dose rate data allowed to identify and separate 

two main spatial components; and then to map the contribution of the component assumed to be 

related to the geochemical background.

4.1. Exploratory data analysis

The measured gamma dose rates range from 50 nSv.h-1 to 1800 nSv.h-1 and qualitatively appear to 

consist of two main groups of values (Fig. 2): the lowest values, below 200 nSv.h-1, almost log-normally 

distributed (G1); and the highest values, related to a spread distribution with a poorly defined mode 

(G2). By fitting a multivariate log-normal model on the whole data set, the group G1 was estimated to 

correspond to 53% of the data with a mean value of 100 nSv.h-1 and the group G2 to 47% of the data 

with a mean value of 500 nSv.h-1 (Fig. 2).

Experimental variograms computed directionally from the Gaussian-transformed dose rate data 

exhibits different ranges (i.e., the distance at which a variogram reaches a sill) in various directions, 

indicating a geometric anisotropy of the related spatial features. Indeed, the range values appear to 

be maximal according to the N 125°E direction and minimal orthogonally, i.e., according to the N 35°E 

direction (Fig. 3). More precisely, the experimental variograms computed for both these directions 

were fitted by adjusting a spherical model with two scale components (Fig. 3) (Table 2): (i) a short 

isotropic component with 10 m range; and (ii) a large anisotropic component with 60 m range in N 

125°E direction and 30 m range orthogonally. The part of the variance explained by the short scale 

component is about 40%. It should be noted that the gamma dose rate data were mainly acquired 

along approximatively N 125°E oriented lines (Fig. 1): this results in an undersampling in the orthogonal 

direction for long lag distances and bias in experimental variogram values (Fig. 3b).



4.2. Spatial estimation and simulation

Ordinary kriging was applied with the nested (i.e., two-component) variogram model for estimating 

the gamma dose rate at unsampled locations on a grid with 2.5 m spatial resolution (Fig. 4a). The 

resulting map shows relatively high gamma dose rates (>200 nSv.h-1) from the mine outlet to the 

wetland, especially along two main N 120°E to N 145°E oriented structures that correspond to the 

drainage network (ditches) and within the wetland. The kriging standard deviation indicates high 

uncertainties regarding the extent of these high gamma dose rate areas, especially in the vicinity of 

the wetland (Fig. 4b).

In orderto deal with these uncertainties, a turning-bands simulation algorithm (Lantuejoul, 2002) was 

applied on the same grid for generating 100 equiprobable realizations of the gamma dose rate field 

that are consistent with the variogram model (Fig. 5a). The number of realizations was fixed to 100 

since increasing the number of realizations does not significantly impact the results presented below. 

This set of realizations can then be used, for example, to compute and map the probability of exceeding 

threshold values (Fig. 5b).

4.3. Spatial component séparation

Based on both exploratory data analysis and the gamma dose rate spatial estimation, the following 

assumptions were formulated:

• the large anisotropic N 125°E-oriented spatial component identified in the variograms 

corresponds to the drainage network fed by the mine discharge water, and thus to the high 

gamma dose rate areas;

• the short isotropic component corresponds to the geochemical background, which can be 

characterized in terms of gamma dose rate values through the distribution G1 (i.e., mean value

of 100 nSv.h-1).



Factorial kriging was applied for separating the short isotropie component from the estimated gamma

dose rate field. The mean of this component was set to 100 nSv.h-1 and the resulting map (Fig 6a) was 

then compared to the estimations so as to compute the proportion of the gamma dose rate that is 

explained by the short spatial component, i.e., by the geochemical background (Fig. 6b). The short 

component appears to explain more than 75% of the estimated gamma dose rate on the major part of 

the domain, except along the drainage network of the mine water and in the wetland area.

In order to deal with kriging uncertainties, the same procedure was applied for each of the 100 

realizations of the gamma dose rate simulated field. The results can be used, for example, to compute 

and map the probability of explaining a given proportion of the simulated gamma dose rate through 

the geochemical background (Fig. 7).

5. Assessment and discussion

The proportion of the gamma dose rate that is explained by the geochemical background according to 

the factorial kriging applied on the simulated fields was sampled at the core locations (C1, C2, C4 and 

C6, Fig 1b) and compared to the estimated percentages of Pb not related to the mining and milling 

activities (Table 1). These percentages are generally comprised between the 1st and the 3rd quartiles of 

the proportion of the gamma dose rate explained by the geochemical background (Fig. 8). Both 

radiometric- and geochemical-based approaches, based on strongly different measurements and 

processes, thus appear to lead to consistent results. Although a relevant assessment probably requires 

more comparison points spread over the whole investigated domain, such results are promising, 

especially when considering that the data were acquired during a single-shot survey without the aim 

of conducting a spatial analysis.

It should be noted that the depth of the field of view related to the sub-surface gamma dose rate 

induced by uranium decay products, especially 226Ra (the long-lived parent of 214Bi, which 

predominantly contributes to the measured gamma dose rate), is generally estimated to be about 25

cm below the ground surface (IAEA, 2003), with a major contribution of the radionuclides located in



the top few centimeters of soil (Varley et al., 2016). The interprétation of the gamma dose rate data 

thus ought to be limited to this depth. On the other hand, the mobility of minePb could differ from the 

mobility of uranium and 226Ra, and the assumption of a codispersion in depth should be used with 

caution (Gourgiotis et al., 2020). In particular, a relative uranium or 226Ra loss in top soil layers could 

result in a relative underestimation of the geochemical background contribution when using the 

radiometric-based approach (e.g., as for the 3 cm- and 10 cm-depth samples on core C4; Fig. 8). 

Discrepancy in estimated geochemical background proportions resulting from the two approaches 

could therefore be analyzed with respect to the sampling depth in order to better highlight differences 

in mobility of uranium and minePb at a site scale.

More broadly, this study confirms that in situ gamma dose rate measurements, often only considered 

as a way for performing a quick radiological screening of a domain during a reconnaissance phase, can 

be exploited for better characterizing the spatial variability of a contamination by radionuclides. The 

acquisition strategy, in terms of location and measurement devices, thus needs to be established based 

on this purpose. The geostatistical approach carried out in this study focuses on the analysis of a single 

variable, i.e., the gamma dose rate data. The use of secondary variables such as topography (or related 

variables that describe the drainage system), land use or geology could lead to reduce the uncertainties 

related to the estimations and simulations (e.g., Guastaldi et al., 2013; Warnery et al., 2015) and to 

reinforce the assumptions regarding the spatial components of the gamma dose rate data. In addition, 

gamma dose rate is linked to radio-isotopes that produce high-energy gamma rays, i.e., uranium (238U 

and 235U and their daughters) but also thorium (232Th and its daughters) and potassium (40K). A 

geostatistical analysis of the unfolded spectrum acquired by spectroscopy survey (e.g., Kaplan et al., 

2020) by using factorial kriging into a multivariate framework (e.g., Imrie et al., 2008), could lead to 

better constraint the mapping of the component of the dose rate related to the mining/milling 

activities.

6. Conclusion



This study shows that factorial kriging can be used for extracting the component of radiometric data 

related to the geochemical background, and thus to link radiometric and geochemical data when both 

natural and anthropogenic sources of radionuclides occur with distinct spatial scales. The map of the 

geochemical background component deduced from radiometric data could be used either for guiding 

the sampling strategy of soil for geochemical analyses and/or for constraining the spatial interpolation 

of the localized background radionuclide concentrations (or its complementary, i.e., the 

concentrations attributable to anthropogenic source) estimated based on geochemical approaches.
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Tables

Table 1. Proportion of lead (Pb) not related to the mining and milling activities (i.e. Pb attributable to 

the geochemical background) estimated based on geochemical analyses of soils and sediments 

sampled on the cores C1, C2, C4 and C6 (Fig. 1b) (from Gourgiotis et al., 2020).

Core Depth (cm)
Geochemical background Pb (% of the 

total Pb)
C1 0-30 100

C2

5 51
20 44
25 42
30 44
40 98
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52 42

C4

3 30
10 18
15 39
20 43
25 46

C6

5.5 65
10.5 52
20.5 97
38.5 39

Table 2. Parameters of the directional variogram models of the Gaussian-transformed gamma dose 

rate measurements according.

Direction Component Model type Sill (% of the total variance) Range (m)

N 125° E
Short Spherical 40 12
Long Spherical 60 60

N 35°E
Short Spherical 40 10
Long Spherical 60 30

Figures



Fig. 1. Gamma dose rate measurements downstream of the Ty-Gallen mining area, Brittany, France 

(a); and location of cores C1, C2, C4 and C6 in the wetland area (b).

Fig. 2. Distribution of the gamma dose rate measurements and fitted components of a bivariate log- 

normal model (for groups of measurements G1 and G2).
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Fig. 3. Directional variograms (experimental and models) of the Gaussian-transformed gamma dose 

rate measurements according to N 125° E (a) and N 35°E (b) directions. The values in italics correspond

to the number of pair of sampling used for computing the experimental variograms.
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Fig. 4. Gamma dose rate field estimated by kriging of the measured values (a); and corresponding 

kriging standard deviation (b). The black dots correspond to the location of the measurements.



Fig. 5. One realization of a gamma dose rate field simulated by kriging of the measured values (a); and 

the probability of exceeding a gamma dose rate value of 200 nSv.h-1, i.e., two times the geochemical 

background mean value (often considered to identify anthropic signal), computed based on 100

realizations (b). The black dots correspond to the location of the measurements.



Fig. 6. Geochemical background component of the gamma dose rate estimated by factorial kriging of 

the total estimated gamma dose rate field (Fig. 4a) (a); and corresponding proportion of the total 

estimated gamma dose rate (b). The black dots correspond to the location of the measurements.



Fig. 7. Probability of explaining more than 75% of the total gamma dose rate by the geochemical 

background component. Map obtained based on factorial kriging of 100 realizations of the total 

simulated gamma dose rate field. The black dots correspond to the location of the measurements.

Fig. 8. Box-plots of the proportion of gamma dose rate explained by the geochemical background 

according to the factorial kriging applied on the simulated fields (100 realizations) at the core location. 

The red crosses correspond to the proportion of lead (Pb) not related to the mining and milling 

activities estimated based on geochemical analyses of core samples and the related values to the core

depth in centimeters (Table 1; Gourgiotis et al., 2020).


