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Abstract

The estimation of the volumes of contaminated soil to be treated is
a crucial step in soil remediation. Numerous techniques exist for esti-
mating the distribution of pollutants in soils, such as inverse distance
weighting, kriging, Gaussian sequential simulation, and sequential indica-
tor simulation. Unfortunately, these methods require significant compu-
tational resources to achieve precise estimations. Moreover, both kriging
and Gaussian simulation require the transformation of non-normal distri-
butions, often seen in hydrocarbon contamination, to produce accurate
results. In this paper, we propose a generative neural network to generate
3D maps of contaminant distributions without prior training, and to esti-
mate the contaminated volumes. This differentiates this work from other
Deep Learning approaches that necessitate training data. The proposed
method relies on a convolutional neural network for image reconstruction
and inpainting. Rather than solely depending on the concentration of
chemicals determined in the laboratory, we utilize hyperspectral imaging
data from soil cores to achieve a more precise depiction of soil contami-
nants. We assess the proposed method using a synthetic 3D dataset and
a real case of hydrocarbon pollution on a polluted site in France. The
method demonstrates competitive performance with efficiently managed
computation time, achieved through the use of GPU accelerator. This
study offers a new, practical way to improve soil pollution management
using fast, and data-driven techniques.

Keywords: Geostatistics, Volume estimation, Hydrocarbon pollu-
tion, Deep learning, Environmental data, Kriging, Geostatistical condi-
tional simulation



1 Introduction

Estimating the volume of contaminated soil is essential for managing polluted
sites, as it enables effective planning of decontamination efforts, cost evalua-
tion, resource allocation, and ensures environmental and public health safety.
Geostatistical methods are frequently used for this estimation due to their abil-
ity to manage spatial data variations and provide uncertainty estimates.
showed in their study that many geostatistical methods were used
to delineate pollution zones in 3D, such as ordinary kriging/indicator kriging
Liu et all [2017} |Tao et al.,[2014; Ren et al., 2016) or geostatistical simulation
Jiang et al) [2016). They also pointed out major underlying challenges, such
as adhering to the stationarity assumption, which implies that the variable is
invariant under translation, and the isotropy assumption, which requires the
variable to be invariant under rotation. Although classical interpolation meth-
ods offer a volume estimate, they do not provide the associated uncertainties.
Kriging, a major geostatistical method that predicts unknown values based on
spatial correlation, can provide an uncertainty for each individual estimate, but
it does not provide a global uncertainty for the total estimated volume (Xie
let all 2011} |[Agyeman et al.| [2022)). In recent years, there has been an increas-
ing interest in 3D interpolation from borehole data. This progress is primarily
attributed to the development and application of data-driven approaches —more
specifically machine learning methods— to this task, as demonstrated by stud-
ies such as (Abbaszadeh Shahri et al.l 2021; Wang and Ganl 2023; Lialestani|
et all) 2022)), and more recently (Lialestani et al., [2024; |Tychola et al., [2024).
However, these methods do not automatically account for the uncertainties asso-
ciated with the estimations. Although a recent study [Abbaszadeh Shahri et al
introduces uncertainty estimation, it is limited to point estimates and
does not extend to the estimated volume.

To address these limitations on the uncertainty of estimated volumes,
[Demougeot-Renard and De Fouquet| (2004]) proposed a geostatistical method-
ology based on sequential Gaussian simulations (SGS) introduced by
(1974). This approach tackles the problem of the non-integration of spatial cor-
relations in simulation techniques. This simulation is conditional because the
values simulated at the data locations match the observed values; it is geosta-
tistical as it incorporates the spatial correlation function, represented by the
variogram, into the simulation process. This allows the evaluation of the vol-
ume of soil to be treated and the associated uncertainty based on observed data.
The steps of this method can be summarized as follows: (i) Generation of point
conditional simulations of pollutant concentrations on a fine grid, using site sur-
vey data as conditional data. (i¢) Calculation of block conditional simulations of
pollutant concentrations on a coarse grid, replicating the grid used for the reme-
diation of soils to be cleaned. A simulated block value is the mean of the sum of
the simulated point values included in the remediation grid. (i#i) Calculation of
block conditional simulations of pollutant concentrations, model sampling and
analysis errors. (iv) Calculation of exceeding probabilities for pollutant concen-
trations per block. (v) Evaluation of the remediation volume and associated




uncertainty based on block simulations and probabilities.

The superiority of the SGS method in estimating volumes of contaminated
soil is confirmed by a recent comparative study conducted by |Metahni et al.
(2019)), for the estimation of volumes of soil contaminated by As, Cr, Cu, Pen-
tachlorophenol, and dioxins/furans. That study concluded that geostatistical
interpolation methods, such as kriging, are effective in capturing the spatial
structures of pollution distribution in soils, unlike deterministic methods such
as inverse distance weighting. The SGS method involves performing spatial in-
terpolation that estimates unknown values by averaging the values of nearby
points, giving more weight to closer points based on the inverse of their dis-
tance. However, the tendency of kriging to produce smoothed results reduces
its effectiveness in estimating exceedance probabilities for specific thresholds.
Consequently, SGS is preferred for estimating volumes of contaminated soils
and quantifying the associated uncertainties.

The estimation of uncertainties related to contaminated soil volumes is cru-
cial, as it helps control the risk of error, especially in contexts where the number
of observed values is limited. Moreover, the models usually proposed often strug-
gle to accurately represent reality. This in-depth understanding of uncertainties
aids in making more informed and safer decisions regarding the management of
contaminated sites. |Guridi et al.| (2023)) suggested combining Deep Learning and
geostatistical simulation to significantly improve the accuracy of estimations in
the context of complex environmental pollution contexts.

However, geostatistical simulation-based approaches, such as SGS, are con-
strained by certain methodological requirements, notably the need to transform
data into a Gaussian distribution before proceeding with the simulation. This
step is crucial for SGS, due to the Gaussian assumption of the investigated
model. However, this is not always suitable for pollution data, which often ex-
hibits an asymmetric distribution. Indeed, these data are characterized by an
over-representation of values close to zero, and conversely, by extremely high
concentration values. This particularity is highlighted by |[Aghadadashi et al.
(2019)) in their study, illustrating the challenges associated with applying tra-
ditional geostatistical methods to environmental pollution data. In most appli-
cations, simulations are performed layer by layer in 2D, due to the challenges
associated with modeling the variogram in 3D. Additionally, the high compu-
tational cost of 3D modeling often leads researchers to favor the 2D approach.
However, this process limits the integration of vertical and horizontal informa-
tion in the modeling, which can affect the accuracy and relevance of the obtained
results.

In this paper, we propose to build on our previous work on spatial interpo-
lation with a generative neural network for 2D maps generation (Rakotonirina
et al., [2024). This work is revisited here by proposing a 3D generative convolu-
tional neural network (CNN) that generates multiple 3D maps conditioned by
the observed values. And then, these maps are used to estimate the volume
of contaminated soil and the associated uncertainty with this estimation. This
Deep Learning method frees us from the constraints traditionally associated
with geostatistical methods, such as the assumption of Gaussian distribution



data and the constraints linked to the use of variographical analysis like the
spatial stationarity (consistent statistical properties across the study area) and
the isotropy (directional independence of these properties).

To demonstrate the relevance of the proposed method, its ability to per-
form 3D spatial interpolation is first assessed using a synthetic dataset. The
performance of the proposed method is compared to that of ordinary kriging,
using 1% of observed values relative to the interpolated values. Subsequently,
a concrete application of volume calculation is presented through a case study
of total petroleum hydrocarbon (TPH) contamination in France. This case
study consists of a 3D dataset derived from six boreholes, reflecting the lim-
ited data availability often encountered in real-world analyses. The dataset is
a 3D dataset of soil core samples analyzed using hyperspectral imaging. This
analysis, conducted by the startup Tellux, provides the concentrations at every
point in the soil cores; this is done by inferring the hyperspectral model trained
on ground-truth laboratory chemical analysis (Dhaini et al., 2021} [Exem et al.,
2023; |[Feray et al.| |2023). To evaluate the performance of the proposed method,
its spatial interpolation capability is first analyzed through a comparison with
ordinary kriging (OK) and the average maps generated by sequential Gaussian
simulation (SGS). Subsequently, the volume estimates obtained from SGS and
the proposed method are compared to assess their ability to produce estimates
with an uncertainty that aligns with actual values. A validation protocol is
implemented by excluding portions of two boreholes, which are then used for
evaluation.

The main contributions of this paper can be summarized as follows:

e Deep Learning method volume estimation with uncertainty: Our
recent work on spatial interpolation in 2D in (Rakotonirina et al., |2024)
is revisited here, by proposing a generation conditioned by the observed
values in 3D and by adopting the volume uncertainty calculation method
introduced by [Demougeot-Renard and De Fouquet| (2004)).

e 3D spatial interpolation with limited data: The model’s ability is
demonstrated on performing 3D spatial interpolation with a limited num-
ber of boreholes, by recovering both statistical and spatial information by
comparing it with OK methods and the mean of a Gaussian simulation.

e Deep Learning maps generation for variographic analysis: The
maps generated by the proposed method are used for variographic analy-
sis. Our method improves performance compared to variographic analysis
with observed data and has also shown that the generated maps present
anisotropy.

The rest of this paper is structured as follows. Section [2] introduces the
proposed method, that is divided into two subsections: 3D spatial interpolation
and volume estimation. The synthetic dataset and the case study are presented
in Section |3} and the experimental results are discussed in Section Finally,
Section [5| concludes the paper.
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Figure 1: The process of the proposed volume calculation method: (1) Spatial
interpolation by minimizing the difference between the interpolated map and
observed values; (2) Repeating the interpolation n times with varying random
input maps to generate n plausible distributions; (3) Statistical analysis on the
resulting maps to estimate the probable volume distribution.

2 Proposed method

This section presents a generative neural network to estimate the volume of
contaminated soil and the associated uncertainty. This is addressed in two parts:
the first part involves traditional three-dimensional spatial interpolation DIP-
SI-3D (Deep Image Prior Spatial Interpolation), and the second part focuses on
generating probable maps of pollution distribution in the soil and estimating
the volumes from these maps.

2.1 Deep Learning 3D spatial interpolation

In this section, the workflow of 3D spatial interpolation with DIP-SI is described
in detail.

2.1.1 DIP-SI-3D

The proposed 3D spatial interpolation method is an adaptation of our 2D
method (Rakotonirina et all, [2024)), which relies on the generative framework of
deep image prior. The operating principle remains similar between 3D and 2D
interpolations. As illustrated in Figure[I] the input of the neural network f is a
random 3D map Z, which is of the same dimension as the interpolated map X.
The map of observed values X and the binary map m are also in 3 dimensions




to account for both the vertical and horizontal information of the variable of
interest. In the binary mask m, the locations corresponding to the observed
values in X are equal to 1, while the locations for the values to be interpolated
are equal to 0. This implies that the function f is approximated by minimizing
the difference between the observed values of the map X and the sampled val-
ues of the interpolated map X. This sampling results from the term-by-term
multiplication of the interpolated map with the binary mask, allowing only the
locations of the observed data to be considered in the estimation of the error, as
shown in step 1 of Figure[I] The loss function £, which adjusts the function f,
is the squared error between the map of observed values X and the interpolated
map X multiplied by the binary mask m, £ can be expressed as follows:

L=I(X - X)om| (1)

Here, the operator ® designates element-wise product (or Hadamard product),
and the norm is a matrix norm.

The 3D method proposed in this paper differs from the 2D method in many
aspects. The matrices X, X and m are no longer 2D matrices, but 3D cubes,
namely tensors. Therefore, this requires a 3D architecture for the neural network
f in both its input and its output, as described next. Moreover, special care
must be paid to reduce the computational complexity.

2.1.2 3D architecture of the neural network f

In the following section, the specificity of the 3D architecture is presented by
providing a detailed description of its two components: the encoder and the
decoder.

Encoder: The architecture starts with a sequence of 3D convolutions, using
convolution kernels of size 3x3x3 with reflective padding to maintain the spatial
dimensions of the data. These layers gradually increase the number of channels,
from 32 to 256, enabling hierarchical feature extraction from the raw data. The
ReLU activation function is employed at each layer to introduce non-linearity,
essential for capturing complex patterns in the data and where the relationships
between vertical and horizontal information are non-linear. The dimension of
the data is reduced using the average pooling operation, which helps to con-
centrate the information while reducing the computational complexity. After
dimension reduction, the data is flattened and passed through a linear layer to
produce the latent representation. In all the experiments carried out in 3D, the
latent vector has a size of s = 10, which allows to control the computation time.

Decoder: The decoding process begins with transforming the latent vector
into a 3D tensor, which is then progressively enlarged through upsampling to
return to the original dimensions. The decoding uses skip connections, where
feature maps of the same dimensions between the Encoder and Decoder are
concatenated before each subsequent convolution, facilitating the recovery of
detailed spatial features lost during encoding. The specificity of the 3D de-
coder also lies in the upsampling method used. Unlike the DIP-SI approach
in 2D, which uses bicubic interpolation, this technique is not applicable in 3D.



Table 1: Detailed architecture of f for 3D spatial interpolation, where ¢ corre-
sponds to the size of the flattened vector before and after the encoding vector

of size s (s = 10 in experiments).

Layer Type Parameters

Convl Conv3D Input: 1, Output: 32, Kernel: (3,3,3)
Conv2 Conv3D Input: 32, Output: 64, Kernel: (3,3,3)
Pooll AvgPool3D  Kernel: (2,2,2)

Conv3 Conv3D Input: 64, Output: 128, Kernel: (3,3,3)
Conv4 Conv3D Input: 128, Output: 128, Kernel: (3,3,3)
Pool2 AvgPool3D  Kernel: (2,2,2)

Convb Conv3D Input: 128, Output: 256, Kernel: (3,3,3)
Conv6 Conv3D Input: 256, Output: 256, Kernel: (3,3,3)
Pool3 AvgPool3D  Kernel: (2,2,2)

Linearl Linear Input: ¢, Output: s

Linear2 Linear Input: s, Output: ¢

Conv7 Conv3D Input: 512, Output: 256, Kernel: (3,3,3)
Conv8 Conv3D Input: 512, Output: 256, Kernel: (3,3,3)
Upsamplel  Interpolate  Scale factor: 2, Mode: nearest

Conv9 Conv3D Input: 384, Output: 128, Kernel: (3,3,3)
Upsample2  Interpolate  Scale factor: 2, Mode: nearest

Conv10 Conv3D Input: 256, Output: 128, Kernel: (3,3,3)
Convll Conv3D Input: 128, Output: 64, Kernel: (3,3,3)
Conv12 Conv3D Input: 64, Output: 32, Kernel: (3,3,3)
Conv1l3 Conv3D Input: 32, Output: 1, Kernel: (3,3,3)

While tricubic interpolation could be considered, it would be extremely resource-
intensive. Therefore, we have chosen to use the nearest neighbor method, which
provides relevant results. Finally, the network output is produced by the last
convolutional layer, thus completing the reconstruction process of the architec-
ture of f.

Table [1] details the hyperparameters of each convolution layer.The parame-
ters are optimized taking into account the available computing capacity and the
convergence of the model. As shown in our previous work [Rakotonirina et al.
(2024)), the size of the encoding vector s and the upsampling function both affect
the performance of the model.

2.2 Deep Learning volume estimation

After introducing the DIP-SI architecture for 3D estimation, this section focuses
on volume estimation. Specifically, the ability of the method presented in Sec-
tion to generate multiple interpolated maps X conditioned on the observed
values in X is demonstrated.



2.2.1 Conditional generation with DIP-SI-3D (DIP-GEN-3D)

DIP-GEN-3D involves utilizing the DIP-SI-3D spatial interpolation method to
create multiple probable maps of the variable of interest. The results of X in-
terpolation with DIP-SI-3D vary for two full learning processes. The variability
in the results is primarily due to different instances of the generating function f,
which performs convolutions on Z using weights w. These weights are iteratively
updated using the Adam optimizer until the loss function defined in Equation
reaches its minimum. This loss function is designed to be flexible, permit-
ting a wide range of admissible solutions. As a result, multiple configurations
of f can achieve optimized outcomes. This flexibility is essential for modeling
systems where uncertainty or variability in the data plays a significant role.

This variation allows, not only to estimate the volume of contaminated soil,
but also to quantify the uncertainty associated with this estimation. The mea-
sured uncertainty reflects the variability of the results obtained through different
initializations and configurations of the input map Z and the weights w. This
approach provides a more robust and reliable estimate, considering the range of
possible outcomes rather than a single optimistic or pessimistic result. In sum-
mary, both the use of randomness in the generation of Z and the initialization
of convolution weights w enrich the analysis by allowing a more comprehensive
exploration of possible scenarios and their implications.

2.2.2 Volume calculation

During the generation step, n different maps are produced. These maps are cru-
cial for the analysis as they represent potential spatial variations of the studied
phenomenon, taking into account uncertainties and natural variations. To pro-
cess and analyze these maps, we have chosen to adopt the methodology described
by [Demougeot-Renard and De Fouquet| (2004)). However, instead of using SGS
for the generation, the DIP-SI-3D is used as described in the following.

A set of n maps representing the spatial distributions of pollution is gen-
erated, denoted as {Xl,Xg, ,Xn} Each of these maps is used to estimate
the volume of contaminated soils based on a contamination threshold specified
by environmental authorities. This threshold defines the minimum and maxi-
mum contamination limits for classifying the soil, namely S,,;, and Sy,q.. The
contaminated volume V for each map in the set {X 1, Xg, ,Xn} is computed
by counting the number of cells (i, j, 1) that satisfy the condition relative to the
threshold. Each cell contributes to the overall volume estimate based on its spa-
tial resolution, given by res;, res;, and res;, which are the dimensions of each
cell along the abscissa axis 4, the ordinate axis j, and depth axes, respectively.
This is expressed by the following formula for each map Xy

V= ZP(Xk(Z,],l), Smin; Sma'p) X ng'd Vk € {172, .. .TL}, (2)

,3,0

The function P(Xk(i,j, 1); Smin; Smaz) is defined as an indicator function that
takes the value 1 if the value of the contaminated soil at point (i, 7, 1) meets the



specified threshold conditions, that is Sy < X(Lj, ) < Spaz, and 0 otherwise.
Vgyria represents the volume of an individual grid cell, computed as the product
of the cell dimensions along the three axes res;, res;, res;.

Following these calculations, a set of estimated volumes for each map is
obtained, denoted {Vxl, Vi, oo VX,L}' We leverage this set to analyze the cu-
mulative distribution of the estimated volumes, which provides a clear view of
the statistical distribution of the data. To ensure a robust estimation of the
contaminated soil volume, in line with regulatory requirements, the percentiles
are used as key statistical indicators. Specifically, the percentiles of the inverse
cumulative distribution are computed. These values delineate the range within
which we can be reasonably confident that the contaminated soil volume lies.
The choice of percentiles as references for the confidence interval is strategic. It
allows us to cover a broad range of potential scenarios, thereby minimizing the
risk of underestimating or overestimating the contamination volumes. This is
crucial for planning remediation measures, managing environmental risks, and
ensuring transparent communication with regulatory authorities and the public.

3 Study case and experiments

To demonstrate the capacity of the method DIP-SI-3D, it is first evaluated on
synthetic anisotropic data, and then we present a concrete application of volume
calculation in a case study of total petroleum hydrocarbon (TPH) contamination
in France.

3.1 Synthetic dataset

The first dataset is a synthetic dataset generated using the Python library
GSTools (Miuller et al., |2022)). This dataset will be specifically designed to
meet the conditions required for optimal kriging performance, with a distri-
bution that does not require transformation. The creation of the dataset can
be summarized in three key steps: (i) A 3D grid of dimensions 60 x 60 x 60
is established, defining the spatial coordinates where the random field will be
evaluated. (ii) A three-dimensional Gaussian model is instantiated with a vari-
ance of 30 and length scales of 16, 8, and 4 for the axes of abscissa, ordinate,
and depth, respectively. The angles (0.8,0.4,0.2) are used to specify the orien-
tation of the field in the three-dimensional space. The length scale corresponds
to the range of the variogram in the direction of the chosen angle. This is a
generation method based on the study by Hefe et al.| (2014)). (éi7) A spatially
structured random field is generated using the Gaussian model. This field has
a mean of 50 and is initialized with a fixed random seed (seed = 1) to ensure
the reproducibility of the results.

The sampling strategy to select the observed values involves choosing 6
points spaced 10 units apart starting from 0 along the x and y axes, while
all values of z are selected. This approach aims to demonstrate the effectiveness
of our method in handling data from soil core sampling. Figure [2| shows that



Synthetic dataset samples Distribution of observed values in the synthetic dataset

Figure 2: Representation of the generated synthetic data map and its distribu-
tion.

the distribution of the selected values closely resembles a Gaussian distribution,
which is expected since the dataset was generated using a Gaussian model.

3.2 Case Study: TPH contaminated site

The studied dataset comes from a site contaminated by TPH located in France.
The goal of this study is to conduct a soil pollution assessment in order to reuse
the land. Estimating the volume of contaminated soil on the site allows for bet-
ter anticipation of the waste storage management. To achieve this, six boreholes
(B1-B6), each with a depth of 5 meters, were drilled. The interpolation grid
covers an area of 2612m?, with a resolution of 2 m for the horizontal axes and
0.1 m for the vertical depth axis. This dataset is particularly specific due to
the limited number of boreholes, resulting in sparse data along the horizontal
axes. With a resolution of 2 m on the horizontal axes, each grid cell covers 4m?,
resulting in 2612/4 = 653 points to interpolate. Therefore, we have a ratio of
0.91% of points relative to the 6 boreholes. The performance of geostatistical
methods may be affected by this limitation, especially due to the constraints of
variographic analysis, which heavily depends on the variation of values based
on the distances between points.

The pollution contamination in TPH comes from the analysis of hyperspec-
tral images performed by Tellux. Tellux offers machine learning algorithms
that correlate indices derived from hyperspectral imaging, as demonstrated by
|Achard and Elin| (2019) and Kithn et al.| (2004), with TPH concentrations ob-
tained from laboratory chemical analyses. More details on the investigated
methods are given in (Dhaini et al., [2021} Exem et al. 2023; [Feray et al.l 2023).
This provides us with TPH concentrations at all points along the depth axis of
the boreholes.

Figure 3] illustrates the locations of the six boreholes as well as the total
hydrocarbon concentrations measured along each well. The objective is to use

10



Figure 3: Representation of total hydrocarbon concentrations in the space for
the 6 boreholes with the selection of evaluation data for total hydrocarbons
indicated by black markers for B3 and B5.

these concentrations to generate multiple possible maps of the pollution distri-
bution. As mentioned in the previous section, due to the lack of more precise
elevation data, we used the digital elevation model (DEM) provided by the
French Institute for Geographic Information (IGN). The DEM accuracy varies
according to the zones and stakes. It reaches 20 centimeters of Root Mean
Square Error (RMSE) in flood-prone areas or coastal zones to meet the require-
ments of the European Flood Directive. [Pichon et al. (2016) estimated the
average error of the IGN DEM to be around 0.5 m. The wells are thus adjusted
according to the altitude of the borehole point.

To validate the model in the absence of evaluation volume data, we study
its interpolation capability and compare it with ordinary kriging (OK) and the
average of a conditional SGS. To this end, some of the data are excluded from
boreholes B3 and B5 as illustrated in Figure |3] which could not be obtained by
vertical interpolation of the cores, in order to use them to validate the model.
These points, excluded during the training phase, can also be used to evaluate
the estimation of the number of contaminated cells in the grid.

The distribution of the dataset is typical of hydrocarbon contamination cases
as shown in Figure [4] where a pronounced asymmetrical distribution towards
low concentration values is often observed. This characteristic is consistent with
observations reported in the literature on similar pollution cases, as shown by
studies conducted by |[Liu et al.| (2013) and [Liu et al| (2010). These studies
highlight that hydrocarbon concentrations in the environment tend to have pre-
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Figure 4: Representation of the distributions of the TPH variable (left figure)
and its logarithmic transformation (right figure).

dominantly low values with a few occurrences of extremely high values, creating
this highly skewed distribution.

To adequately compare the results obtained by different methods, a log-
normal transformation is performed on the TPH values. This transformation
involves applying the natural logarithm to the TPH values before performing
spatial interpolation using ordinary kriging. After the interpolation, an inverse
transformation by exponentiation is applied to return to the original TPH values
as shown in the study by [Kishné et al.| (2003). The concentration values are
defined for all the wells. The presence of only six boreholes limits the ability
to model three variograms in three directions. Therefore, we opted for a single
omnidirectional variogram to ensure consistency.

For performing SGS, the first step is to transform the variables into a Gaus-
sian distribution. However, as shown in Figure [ even after transformation,
we are far from achieving a Gaussian distribution. This observation explains
why the results from SGS are not consistent with those obtained using ordinary
kriging, even when using the same variogram. Several types of transformations
were explored to make the data Gaussian, such as Gaussian anamorphosis per-
formed with the RGeostats tool (MINES ParisTech / ARMINES, [2023) and
the Box-Cox transformation. However, the results obtained with the validation
data from boreholes B3 and B5 are inconclusive.

The limited number of borehole points also complicates the modeling of the
variogram. Therefore, we propose using data from simulations with DIP-GEN-
3D to model the variograms in the three directions needed for SGS. Specifically,
the variograms were modeled from the average of the realizations obtained with
the DIP-GEN-3D method and then used them in SGS. Figure [5 illustrates the
three variogram models thus obtained.
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Figure 5: Representation of variograms obtained from the mean maps of the
proposed method: the figure on the right displays the directions of the three
axis, while the figure on the left presents the variograms for each axis.

4 Experimental results

In the following, the results obtained by the proposed method are compared
with geostatistical methods.

4.1 Synthetic dataset

Based on the observed data described in Figure 2] the spatial interpolation is
performed using ordinary kriging and the proposed method. For kriging, we
used the same directions as those employed in the dataset creation to conduct
the variographic analysis. It should be noted that directional information for
variographic analysis is not directly available in practical applications but can
be obtained through expertise and prior knowledge of the study site. The 3D
kriging is performed using the Python library PyKrige, which is a dedicated
toolkit for kriging. Developed by , it provides a wide range of
features related to geostatistical methods.

Three metrics are used to compare the results: The mean absolute error

(MAE), defined as
N

1
MAE:NZ

i=1

13



Table 2: Performance measurements between OK and the proposed DIP-SI-3D
method.

Methods RMSE MAE R?

OK 3.11 2.28 0.69
DIP-GEN-3D 2.53 1.76  0.80

the root mean square error (RMSE), defined as

1 X 2
RMSE = N;(Xi—Xi), (4)

and the coefficient of determination (R?), defined as

Sy (Xi - Xi)?

R =1- =2 :
Dz (Xi — X)?

()

The results obtained from ordinary kriging are presented in Figure [6] and
Table Pl This illustration consists of three columns: the first column shows
the ground truth, which is the synthetic dataset generated for this experiment.
The second column illustrates the results obtained using the proposed DIP-
SI-3D method. The third column displays the results from ordinary kriging.
Comparative metrics between the two methods, ordinary kriging and DIP-SI-
3D, indicate that the latter outperforms ordinary kriging.

By comparing the maps in the first row, one can observe that the DIP-SI-
3D method more accurately reproduces the ground truth map, while ordinary
kriging tends to smooth the results. This difference is particularly evident in
areas where real values are known and replace interpolated values, creating
a visible discontinuity on the map. The three distributions presented in the
second row are similar, which is consistent with the fact that the data follows a
Gaussian distribution. This similarity also reflects the typical results obtained
with ordinary kriging.

4.2 Case Study: TPH contaminated site

The initial analysis of the results involves evaluating the spatial interpolation
by comparing the results obtained with OK, the mean of SGS, and the mean
of simulations obtained using the proposed method. These comparisons assess
the model’s ability to capture spatial and statistical information of the variable
of interest. Table [3|shows that the proposed method outperforms the other two
geostatistical approaches on all three metrics evaluated: mean absolute error
(MAE), root mean square error (RMSE), and R? coefficient score. It is also
important to note the difference between the results of OK and the mean of
SGS. Theoretically, the results of these two methods should converge. However,
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Ground Truth (GT) DIP-SI-3D - RMSE: 2.53, MAE: 1.76, R?: 0.80 OK - RMSE: 3.11, MAE: 2.28, R%: 0.69
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Figure 6: Ilustration of ground truth (first column) and the 3D interpolation
results with the proposed DIP-SI-3D method (second column) and OK (last
column).

in the study, a variogram derived from the mean of the maps generated by
the proposed method was used for SGS, whereas for OK, the variogram was
based solely on the observed data. This divergence highlights the capability of
the model to effectively integrate vertical and horizontal information from very
limited data. Therefore, using the proposed generation method to augment
the amount of data could be a viable solution to overcome variogram modeling
issues with restricted data.

After evaluating the performance of various spatial interpolation methods,
their ability to estimate volumes was assessed. Volume estimates are based on
thresholds defined by the authorities in France for hydrocarbons. In this case,
the maximum measured concentration is 2000 mg/kg, leading to two classes:
the class between 0 and 500 mg/kg and the class between 500 and 2000 mg/kg.
Given the absence of real data on the volumes for the two classes, the number
of cells in the test data from the B3 and B5 boreholes is used. Specifically,
the actual values available for these data are classified and compared with the
estimates produced by SGS and the proposed method. Figure [7] and Table [
show that the inverse cumulative distribution of the estimated numbers of con-
taminated cells is consistent with the actual number for the proposed method,
while the SGS tends to overestimate the concentrations. For this case, the P10
and P90 percentiles are used, providing us with an 80% confidence interval.
However, this choice is not universally applicable and depends on the statistical
distribution of the estimated volumes and the required confidence level for the
case studied. Although the data remain limited, they provide insight into our
method’s ability to estimate contamination volumes.

After evaluating the model’s results using the test data, we present the
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Table 3: Performance measures for different methods: OK, SGS (mean), the
proposed method

Methods RMSE MAE R?
OK 32144 26192  0.35

SGS (mean) 320.10 25879 0.34
This paper 233.53 163.40 0.58

Inverse Cumulative Distribution between 500 and 2000 mg/kg

T
100 :
1
|
: 26.00
1
80 1
1
> 1
9 1
s 1
g 1
=]
g :
L 601 i
[
2
5
]
=1
g
3 404 ;
L 1
E 1
v 1
>
£ |
- i
201 —— DIP-GEN Inverse Cumulative Distribution :
SGS Inverse Cumulative Distribution 1
= P10 ...: ........................................................ ', RETETEEEEEEEP
P Pgo :
0+ --- Actual number of contaminated cells : 25.00 29.00
T T T L T T T T
18 20 22 24 26 28 30

Number of contaminated cells

Figure 7: Representation of the distribution of estimated volumes for the two
thresholds for the validation data from proposed method (DIP-GEN) and SGS

volume estimations for each threshold across the entire grid using Equation .
Figure [8| shows the inverse cumulative distribution for 2 classes of contaminated
soil volume. In addition to volume estimation, the simulations allow us to obtain
the mean map Xavg, the uncertainty map u, and the probability p of exceeding
a certain threshold, respectively defined by

Kavelivdo1) = = 0 Xl 1) ©
k=1
U(Z,],l) = %Z (Xk(zajvl) _Xavg(ivjal))27 (7)
k=1
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Table 4: Estimated number of contaminated cells from test data for the two
classes of pollution (mg/kg), and compared to ground truth values

Classes of contamination (mg/kg)

[0-500] [500-2000]
Groundtruth (V) 10 cells 23 cells
SGS 4 to 7 cells 26 to 29 cells
This paper 8 to 13 cells 20 to 25 cells

- P10
- P90
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]
&
S

Inverse cumulative frequency
inverse cumulative frecuency
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Figure 8: Cumulative inverse distribution of volume estimates for the two
classes, 0-500 mg/kg and 500-2000 mg/kg

and, for all k € {1,2,...n},

Zi,jJ P(Xk(ia.ja 1)7 Simin; Smaz)
n .

p(i,j,1) = (8)

Figure [J] illustrates the model’s ability to generate multiple different maps
from the observed values. This capability is further confirmed by the uncer-
tainty map. It is noted that the areas where test data were removed exhibit
very high uncertainty, which is consistent with the absence of data. However,
this also raises an important question: could removing known values during
training bias the uncertainty map? The uncertainty map helps identify regions
where estimates are uncertain, which is crucial for assessing environmental risks
and planning interventions. These maps are essential for optimizing resource
allocation during remediation efforts and for clearly communicating risks to
stakeholders and the public, thereby facilitating a more informed and respon-
sive management of the situation.
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Figure 9: Illustration of the 3D simulation results using the proposed DIP-GEN-
3D method. The 12 figures on the left show 12 maps randomly selected from
the 100 generated maps. The 2 figures on the right are the map of estimated
means (upper figure) and the associated uncertainty map (lower figure).

5 Conclusion

In this paper, a generative neural network was proposed for 3D map generation
and contaminated soil volume estimation. The learning process relied on the
generation of maps from a random 3D map, adjusted with the observed values.
The challenges of 3D generation, compared to 2D, required addressing several
issues to develop a computationally feasible method.

The model’s ability to perform spatial interpolation in 3D is demonstrated,
with better performance than both ordinary kriging and mean of geostatistical
simulation. Geostatistical methods exhibit difficulty because of the very limited
amount of observed data, which makes variographic modeling difficult. This is
accentuated by the fact that the vertical resolution is better than the horizontal
resolution. The proposed method is advantageous as it eliminates the need for
any prior variographic analysis.

The proposed 3D method was also capable of generating maps conditioned
on observed values. This capability was utilized to estimate the volume of
contaminated soil. Such estimations are crucial for remediation professionals,
as they provide a basis for assessing cleanup costs and managing land post-
remediation. The effectiveness of the proposed method was assessed through
its application to a case of hydrocarbon contamination in France. The dataset,
limited to only six wells and exhibiting an asymmetric distribution, represented
the challenges often encountered in polluted sites. Data from two wells, which
could not be obtained through vertical interpolation, were excluded to be used as
evaluation data. More accurate volume estimates were provided by the proposed
method compared to the state-of-the-art method using SGS. Furthermore, it
was demonstrated that the results from the proposed method can be used to
enhance variogram modeling, thus facilitating the implementation of SGS. This

18



could represent a practical application of the method in cases where SGS is
already endorsed by environmental authorities for volume estimation.

The ability of the proposed method to perform spatial interpolation and
conditional map generation has been demonstrated in this paper. However,
unlike traditional geostatistical methods, multivariate cases are not handled by
the proposed method. This represents a limitation, particularly in applications
for contaminated sites and soils where data acquisition costs are very high. In
such cases, the incorporation of auxiliary variables could be highly beneficial.
This research direction is identified as a major area for future work.
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