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ABSTRACT

This paper introduces a new concept for mapping hydraulic transmissivity from temporal
concentration data collected in multiple tracer tests. Based on convolutional neural network, the
principle uses an encoder-decoder architecture with multiple neural layers to establish a relationship
between the concentration data and the transmissivity field. This relationship is established in two
phases with two networks. The first network is designated and trained to reconstruct a transmissivity
field using data from a single tracer test. To improve the reconstruction quality, the second network
then performs a joint interpretation for multiple tracer tests, which reprocesses all the transmissivity
resulted from the first network for each individual tracer test. Both networks are trained by synthetic
data, where the transmissivity models are generated with a Gaussian variogram and its properties are
considered as prior information on the aquifer heterogeneity. Tracer tests are derived numerically by
solving the forward problem to obtain the corresponding concentration data that feed the training. The
trained networks accurately map the transmissivity fields, of which the accuracy relies on the volume
and nature of the heterogeneities of training models, as well as the number of piezometers used to
monitor the concentration changes. Reconstruction quality, on the other hand, is less influenced by
data noise. Effective training requires a large dataset, but the time required for dataset generation is
only on the order of the Gauss-Newton algorithm in a conventional inversion, while the trained

network performs inference instantly.

Keywords: Inversion method, Hydraulic tomography, CNN, Neural network architecture, Deep

Learning, Tracer test.
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1. Introduction

Characterising the spatial variability of aquifer hydraulic properties in hydrogeology remains a
complex and critical task for any attempt to understand water dynamics and contaminant transport in
aquifers (Bear & Cheng, 2010). Spatial heterogeneity, particularly in hydraulic conductivity, drives
transport mechanism of water and contaminants in the subsurface. Such characterization, referred as
hydraulic tomography, is typically performed on a large scale by analysing hydraulic changes due to
natural forces, such as the hydrological cycle and tidal oscillations (Bailey & Bau, 2012; Jardani et al.
2012). On a small scale, the task can be similarly achieved through a joint interpretation of hydraulic
head variations in a sequential multiple pumping test (Yeh & Liu, 2000; Cardiff et al., 2013). As an
alternative, tracer tests can provide insight into hydraulic properties, particularly in high permeability
environments, by analysing the temporal concentration variations of an injected tracer, i.e., a dye, salt,
or heat (Yeh & Zhu, 2007; Jardani et al., 2013; Lee & Kitanidis, 2014; Sanchez-Ledn, 2016).

To interpret these hydraulic/concentration measurements, an inversion solver often involves an
iterative algorithm that fits the measurement from adjusting a hydraulic conductivity distribution.
However, this type of inversion approach is ill-posed, resulting in a non-unique solution. To overcome
this issue, constraints and prior information must be included which narrow the possibilities and
promote convergence to a physically meaningful model (Kitanidis, 1997; Zha et al., 2017).

This optimization can be performed with an algorithm that belongs to one of three types:
deterministic, stochastic, and global (Sen et al. 1995; Carrera et al. 2005; Soueid et al. 2015; Xu &
Go6mez-Herndndez, 2018; Reuschen et al., 2020). In deterministic algorithms, such as Gauss-Newton
and Conjugate Gradient, optimization aims at a local minimum by iteratively computing the gradient
of the objective function. Their computation time and accuracy rely on the selection of initial model
and the calibration of Jacobian matrix (Tarantola & Valette, 1982; Fahs et al., 2014). Stochastic
algorithms, otherwise, search for the best model, which is based on a random strategy in which many
models are generated, selected, or discarded according to their ability to fit both the
water/concentration data and the prior information (Cui & O'sullivan, 2011). This type of algorithm is

straightforward to implement, and the resulting model is independent of the initial choice. However,
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the computation demands an intensive resource as it requires solving several times the forward
problem. Global algorithms, such as Simulated Annealing and Genetic, also represent an interesting
alternative to invert the hydraulic/concentration data by iteratively searching for the global optimum
(Datta-Gupta et al, 1995; Jha & Datta, 2011).

Among the applications of these inversion tools on the reconstruction of hydraulic parameters by
processing tracer test data, which will be the main subject of this paper, Zhu et al. (2008) showed a
synthetic case that interpretation of tracer test data with a linear sequence estimator. The approach
provided useful information about the heterogeneity of the hydraulic conductivity field in a short time,
especially when the concentration data are expressed with their temporal moments. Schewde et al.
(2013) employed the quasi-linear geostatistical approach to characterize 3D hydraulic conductivity by
jointly inverting hydraulic and thermal data derived from pumping and heat tracing tests conducted on
a synthetic aquifer. Lee and Kitanidis (2014) applied principal component geostatistical inversion,
derived from the classical quasi-linear geostatistical algorithm, to perform a joint inversion of
hydraulic test and tracer data. Sanchez-Leon et al. (2016) examined the effectiveness of the Ensemble
Kalman Filter and the Kalman Ensemble Generator in interpreting synthetic pumping and tracer test
data. Jimenez et al. (2016) opted for the stochastic Reversible-Jump Markov chain Monte Carlo with
the pilot point as a parameterization method to invert tracer data collected on alluvial environment.
Saley et al. (2016) used the Hamiltonian Monte Carlo algorithm to reconstruct hydraulic conductivity
heterogeneity by inverting heat tracing data collected on sandbox. Somogyvéari & Bayer (2017)
mapped the hydraulic conductivity of a heterogeneous alluvial aquifer by inverting thermal tracer data
with the Simultaneous Iteration Reconstruction Technique (SIRT). The same algorithm was tested by
Kittila et al. 2020, in the interpretation of dye tracing test data performed on fractured crystalline
rocks to identify preferential groundwater flow paths.

Thus, the literature is rich with applications of inversion tools for tracer data processing; however,
an algorithm based on a new generation of deep learning tools has barely been performed for tracer
tests. The deep learning algorithm is based on the approximation of an inversion function that non-
linearly relates two parameters: the spatio-temporal measurement data and the aquifer properties

(Zarita & Ong, 2008). These relationships are determined using networks consists of multiple layers
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in which a set of linear and nonlinear operations are performed sequentially on the neurons of these
layers. This process involves the use of multidimensional coefficients, known as weights and biases,
to ensure the connectivity between two successive layers (Zhang et al., 1998; Tahmasebi et al., 2020;
Margais & de Dreuzy, 2017). The identification of the weights and biases is based on the optimization
process, i.e. their selection is made according to their ability to connect the input data with their
corresponding outputs which are considered to be known and referred to as training dataset (Hassoun,
1995). The accuracy of the predictions provided by the learned network depends strongly on the size
of this training dataset (Zhang et al.1998; Jardani et al., 2022).

In the processing of pumping and tracer test data, the first attempts using deep learning algorithms
to approximate inversion functions were made with vanilla neural networks, where the layers are fully
connected (Zio, 1997; Balkhair, 2002; Lin & Chen, 2006; Akin, 2005; Yoon et al., 2007). This kind of
connectivity implies the use of many parameters, which overburdens the learning process and requires
a heavy resources and computation time. However, in recent years, a new generation of networks
based on convolutional neural networks has emerged, allowing to better address the problems of
tomography in geosciences (LeCun & Bengio, 1995; LeCun et al., 1998). Indeed, this type of network
permits efficiently linking two images through operating several convolution layers. Convolution is a
linear operation in which small weights called filters are applied to the input image to establish local
connectivity between neighbouring pixels (Indolia et al., 2018). Each filter is dedicated to extracting a
feature in the image by scanning the filter region-wise over the entire image. The use of these small
filters allows the recovery of the main features on the input image and reduces the number of
unknown parameters learned during training (O'Shea & Nash, 2015).

The number of applications of these new networks in the geosciences continues to grow, including
Liu et al. (2019) who used the Unet network to train an inversion operator for electrical resistivity
tomography that links apparent electrical resistivity data collected at the ground surface to the
distribution of electrical resistivity in the subsurface. Vu & Jardani (2021) trained a convolutional
neural network with encoder-decoder architecture to perform 3D inversion of electrical resistivity
data. Apolinario et al. (2019) opted for the convolutional neural networks with encoder-decoder

structure to estimate seismic velocity from acoustic data. Zhang & Lin (2020) employed the
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Generative Adversarial Network to approximate the inversion function to image spatial heterogeneity
of seismic velocity for seismogram data. In the electromagnetic applications, Puzyrev & Swidinsky
(2019) used a convolution neural network to perform 1D inversion of electromagnetic data to obtain
the vertical profile of electrical conductivity. In the hydraulic tomography applications, Bao et al.
(2020) combined Ensemble Smoother with Multiple Data Assimilation with Generative Adversarial
Networks to map the geometry of the channels by analysing the hydraulic head and concentration
data. Sun (2018) used the Generative Adversarial Networks to identify the spatial heterogeneity of the
synthetic aquifer for the pumping test data. Laloy et al (2018) also used an inversion of hydraulic data
based on the Generative Adversarial Networks to determine spatial distribution of hydraulic
conductivity fields in 2D and 3D. Most of these few initiatives were dedicated to reconstructing the
hydraulic conductivity field from hydraulic head observations. However, there has been little work on
the inversion of solute data.

In this paper, we investigate the effectiveness of a network of encoder-decoder structures to
reconstruct the transmissivity field from temporal concentration data of a salt tracer. This network
called SegNet was originally developed for a segmentation task in which networks are trained to
identify pixels of labelled objects (animal, lane, bicycle, car) on images (Badrinarayanan et al., 2017).
However, in this paper, the network is adapted to perform a regression task to associate concentration
data with hydraulic transmissivity fields. To our knowledge, this is the first time such an advanced
network has been performed in a tracer test inversion problem.

The first part of this paper introduces the theoretical background of the tracer test - the forward
problem - used to generate the training data. The principle of inversion is then introduced, followed
by a brief explanation of the proposed encoder-decoder architecture, its built-in layers, and operations
for establishing the relationship between the concentration data and hydraulic transmissivity fields. In
the implementation process, the network is tested with 5000 models after being trained with synthetic
datasets. After that, the algorithm accuracy is assessed under a variety of data conditions in a
monitoring field, including the effects of data size, low resolution, and observation noise. The effect

of prior conditions introduced into the generation of training models on accuracy is discussed further
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in a range of real field contexts. Finally, the Deep Learning results are compared with those

determined with a Gauss-Newton method to illustrate effectiveness of the proposed algorithm.

2. Theoretical Background

In this section, we first describe the theoretical concept of the forward problem used for the
numerical simulation of spatiotemporal concentration data of a tracer injected into an aquifer with a
heterogeneous transmissivity field. This forward problem is based on a coupling of the steady-state
groundwater flow equation and the transient transport equation and is employed to build a database in
which the concentration data and its corresponding transmissivity field are used in the network
training phase. In the second section, we introduce the concept of inversion problem with the

convolutional neural network with an encoder-decoder structure.

2.1 Forward problem

Numerical simulation of the transfer of a soluble tracer in a saturated heterogeneous medium relies
on the sequential solving of the groundwater flow and transport equations. First, the groundwater flow
equation is solved to determine the spatial distribution of the Darcy velocity, which is subsequently
used in the transport equation to compute the convective and dispersive terms. In this paper, the

groundwater flow equation is expressed in the steady state (Bear, 1972):

V- (TVh) = qob6(x — xo), (D
subjected to a boundary condition
h=hgatT, 2
where T is the heterogeneous transmissivity field (m%s) generated geostatistically, go represents the
injection source (m?%/s) at the well position xo, J is Kronecker delta. 4 is the hydraulic head (m). ho is a
constant hydraulic head imposed at the boundary 7.

The water velocity is determined by Darcy's law:
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u= —KVh, 3)
where, K (m/s) denotes the hydraulic conductivity, K =7/b with b (m) is thickness of the aquifer taken
as constant in this study.

Then the velocity field is used in the transport equation that is expressed in transient mode as
following:

dc

¢8t

+V:(=¢D-Vc)+uVc =0, 4)

subjected to the following initial and boundary conditions
c=0 atr=0, (&)
—n-(DVc) = ¢y at x = xy, (6)
where ¢ (.) is the dynamic porosity, ¢ (mol/m?) is the solute concentration, 7 (s) is the time, D (m*/s)

represents the hydrodynamic dispersion tensor which can be given by:
D a,—a
D = (Tm+aTU)I3+%u®u; (7)

where D,, (m%/s) is molecular diffusion coefficient of tracer, v (m/s) is the magnitude of velocity, v =
[lu]l, = () is the tortuosity, a; and ar are the longitudinal and transverse dispersivities, I5 is the
identify matrix 3 by 3.

In this paper, the groundwater flow and transport equations are solved numerically using the finite
element method with Comsol software. These equations constitute the direct problem of the tracer test
in which the concentration of conservative tracer is connected in a nonlinear manner to the
transmissivity field:

c=f(m),withT =107™, ®)
As mentioned earlier, the forward problem will be served to create the training dataset by

computing concentration data for thousands of geostatistically generated transmissivity fields.

2.2 Inverse problem with deep learning network

In this section, we describe the theoretical background of inversion with an encoder-decoder

structure neural network that is based on the approximation of the highly nonlinear inverse function
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relating the concentration data (input) to the transmissivity model (output). This approximation is
derived from a statistical analysis of the provided concentration-transmissivity data in which a set of
weight and bias parameters are determined by an optimization algorithm to construct a universal
relationship between the input and output data. Thus, the inverse operation can be reformulated as
following:
m= f"(c,0), %)
where f ' denotes the inverse operator and @ denotes all parameters used in the network and are
determined in the training step. ¢ is the temporal measurements of the concentration of tracer
collected in the wells. m is the negative of logarithm of transmissivity field.
In the learning phase, the inverse operator is built with an optimization process for finding the best
weights and biases that connect the concentration and transmissivity of the training data set. This

operation can be expressed as follows:

N
© = argmin] » lm; — £ (¢, O)II, (10)
1

where (mi, c;) refers to the transmissivity model and its corresponding concentration data determined
numerically with the forward problem, and N is the size of training data used to train the network.

The quality of the approximation of the inversion function depends on the amount of data used in
the training phase. To get an accurate estimate, we need to build a large training database from
repeated solving of the forward problem, making this step the most time-consuming in the process.
The structure of the networks also has a significant impact on the quality of the reconstruction of
inversion function. In this paper, we chose the Segnet network, which was initially established to deal
with the problem of segmentation on images by identifying the objects learned on the images (such
as: car, bus, road, animal). Since it is difficult to perform a soil classification from the concentration
data, we adapted this network to handle a regression problem for linking the concentration data to the
transmissivity model.

The Segnet network is composed of Encoder and Decoder blocks presented in a symmetrical
manner (Badrinarayanan et al., 2017). On each encoder, several operations are performed sequentially

to extract the main features of the data using convolution, batch normalization, and ReLu.
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Convolution is a linear operation in which several small filters are slid to cover the entire image to
recover the relevant information called feature maps (Jogin et al., 2018). This operation is followed by
a batch normalization, as the name indicates, is a simple normalization of the feature maps to be of the
same order to facilitate learning of the network. Then, the ReLu function is applied to introduce non-
linearity in the process. At the end of these operations, max-Pooling is used to reduce the size of the
maps without losing the main information. This loss of resolution will be compensated in the decoder
part. Each decoder starts with an up-sampling layer that is used to increase the resolution of the maps
extracted in the encoder block. This up-sampling results from a transfer of the max-pooling indices
from the encoder block which drastically reduces the computation time compared to other encoder-
decoder structures such as Unet (Siam et al.,, 2018). As in the encoder, convolution, batch
normalization and RelLu operations are performed sequentially in the decoder to form the network. At

the end of all these operations, we added a convolution and a regression layer.

Net 1 Output

i i Poo'mg 1 i‘

3 NE
4N

i ‘ II Pooling lndn:es il\ ‘
7y,
y
’547/&,

n ° Prediction True

Convolution Pooling Upsampli i
: — sampling c ti o
Predicted Transmissivity + Batch Norm. ’ Layer ' Layer ' onvolution Transmissivity

One injection

Prediction True

Transmissivity

Multi injections

2\
Lz
%

+RelU +Regression
Layers Layers

Figure 1: Graphical representation of the SegNet network modified to reconstruct the
transmissivity field from concentration data for different injection configurations, named as
CNN-2T. The upper network (Net-1) is designed to interpret data from a single injection into a

single well. The lower network (Net-2), on the other hand, performs a transmissivity prediction
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from the combination of multiple tracer tests which reprocesses the output of the upper
network from each individual injection.

In this study, we test two schemes to reconstruct the transmissivity field (Figure 1): one is designed
to process data collected with a single injection (Net-1) while the other processes data from multiple
injections performed separately (Net-2). The latter uses the transmissivity fields obtained with a single
injection as input to the second network to reconstruct a transmissivity model with multiple injections.
Thus, the second network performs a joint inversion of the data to improve the prediction accuracy.

Both architectures are built with 3 encoders which relate to 3 decoders and the whole is formed of
45 layers. The architectures are trained in the same way, but the nature of the input data is totally
different. The first one uses the concentration data measured in the boreholes at different time steps.
Then, these punctual observations are spatially interpolated to bring this data to the same size as the
transmissivity field. At the end, for each time step, an image is obtained to construct the spatio-
temporal concentration data as a matrix with 3D. However, in the second network, the input data are
the transmissivity fields obtained with the first network derived from the single injection
interpretation. Thus, in the second network, the input and output have the same nature; this network

provides a correction of the transmissivity field obtained by single injection.

3. Application

3.1 Construction of training data

This section is dedicated to the construction of the training dataset to train the Segnet network. To
accomplish, we use a geostatistical code to generate 25,000 transmissivity fields in which the
distribution of logioT is constructed randomly using a Gaussian variogram. Variogram properties vary
0.1-2.5 for sill, 3-5 for mean, and 3-15 m for range. The values of the generated transmissivity models

range from 10 to 10° m%s in six orders of magnitude.
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Figure 2: The tracing test is realized with 49 observation (dots) and 3 injection (red squares)
wells in a studied area of 20 m x 10 m. Background flow is from left to right.

We assign these models to a confined aquifer with dimensions of (20m x 10m) and 5m for
thickness (Figure 2). On this aquifer, we have set up 49 wells, 3 of which are dedicated to the
injection of the tracer and the others to the monitoring of the evolution in time of the tracer
concentration. Then, the set of transmissivity fields is used in the forward problem described in the
previous sections to numerically calculate the concentration data associated to the tracer tests
conducted sequentially on the three wells. The tracer is injected with a constant flow rate of 50m?*/day
and a concentration of 50 mol/m>. Each tracer test lasts 15 days. We also impose a hydraulic gradient
of 0.1% between the right and left boundaries of the medium to simulate a regional flow. For
simplicity, we assign constant values to the porosity (¢ = 0.3), and longitudinal and transverse
dispersivities of the aquifer (2.0 m and 0.2 m).

The concentration data acquired on the 49 boreholes over a period of 15 days with a time step of
0.5 days are transformed with this formulation to avoid strong contrasts between the data:

¢ =logio(c + 1). an
Then these data are spatially interpolated with nearest method at each time step to make the
concentration data the same size as the transmissivity models. At the end, the input data are assembled
as a 3D matrix (32 x 32 x 30). The same operation is performed for each hydraulic transmissivity
model and each tracer test. Finally, we will try in the training phase to link the concentration data
image with multiple channels (32 x 32 x 30) to another image of transmissivity with the same

resolution (32 x 32).
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For the training and testing phases, we separated 25,000 transmissivity fields with corresponding
concentration data into 3 sets: 18,000 models for the training and 2,000 models for the validation. The
remaining 5000 models are used in the test phase to evaluate the efficiency of the network in handling
unseen models. All these data are organized according to the number of injections and take in total 2

GB.

3.2 Learning and validation of the neural network

As described in Section 2.2, we build two architectures in this study, Net-1 and Net-2, to process
the single-injection test and the multi-injection test respectively. For the first network (Net-1), it will
be trained three times, one for each injection tests. The trainings of both networks are performed with
the ADAM optimization algorithm implemented in MATLAB on a Dell Precision Tower 5810, single
GPU NVIDIA Quadro K2200. For Net-1, the training is performed with 60 epochs in 82 minutes,
with a learning rate initiated at 0.01 and decreasing by 0.1 for every 30 epochs. However, the second
network Net-2 is trained in 35 minutes, using a constant learning rate of 0.01 with 30 epochs. The
number of epochs in both training is set manually to avoid the overfitting problem. The training
quality of both networks is reported in Figure 3, where we presented the root mean square error
between the predicted and true transmissivity models used in the training and validation.

To quantitatively assess the predictions accuracy of the networks on the unseen data, we use the

coefficient of determination (R?) and the root mean square error (RMSE) as defined below

R>=1 25k 12

2
Spred—Strue
RMSE = \/E?M, (13)

n
2 _ :
where SSR = Z'f(spred — strue) , SST = Y (Strue — Strue)? With Sy and spr.s denote the true and

predicted logarithm of transmissivity, s = -log;oT, respectively; Sy 1S the mean of s, and n is the

number of pixels (32 x 32 in this case).
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Figure 3: Loss function expressed in mean square error to track the quality of the learning
process performed with 18,000 samples. The learning process of Net-1 required 60 epochs to
reach a final convergence, while the learning of the second network (Net-2) required only 30
epochs. Net-2 uses all the predicted transmissivities fields from the Net-1 for each individual
injection test to effectively improve the accuracy of predictions

To illustrate and discuss the quality of the inversions obtained with both networks, we have
graphically represented the predictions of three models chosen among the test models. These models
have different degree of heterogeneity, which is very high in model 3, moderate in the second and
very low in the first model (Figure 4). This difference in heterogeneity is due to the parameters of the
variogram used in generation, which were chosen randomly. The present discussion concerns the Net-
1 trained with single injection data realized at the second well with coordinates (2.5 m, 5 m). The
metric evaluations of the application of Net-1 on 5000 models in the test set shows that the accuracy
of predictions depends on the complexity of the target model with the averages of determination
coefficient and root mean square R? = 0.68 and RMSE = (.36 respectively. This is also confirmed by
the prediction reconstructions of three models presented in the figure 4 where the model with simple
heterogeneity is better reconstructed (Exp-1, R* = 0.88) compared to the models with moderate (Exp-
2, R? = 0.56) and complex (Exp-3, R?> = 0.42) heterogeneities. We also observe that these

reconstructions are better in areas close to the injection well. This is normal since in the areas far from
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it difficult to obtain information on the hydraulic properties.
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Figure 4: Predictions using Net-1 with data obtained from a single injection (at the red point)
- Case C0. The accuracy of these predictions depends on the degree of heterogeneity of the
models in which the model with simple heterogeneity is better reconstructed than the models
with moderate and complex heterogeneities. Furthermore, the area near the injection well
(delimited by a red box) is well mapped compared to the distant areas, as shown by the
correlation of the transmissivity data of this area (red dots in Fig 4.cfi) with that of the true
model.

In order to improve the quality of the predictions, we will combine in Net-2 all the predictions
derived from Net-1 with the single injection. Indeed, the assimilation of three transmissivity fields
coming from three injections to form the Net-2 should allow a better reconstruction of the whole area.

On the other hand, another configuration is also feasible which consists in combining all the data from
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the three injections to train the network at the same time. But this approach obviously requires more
memory because the concentration data will be voluminous (32x32x30x3) which makes the training
very complex. On the other hand, by separating the data of each injection, we reduce the memory, and
we can analyze the information brought by each tracer test.

The training of Net-2 is relatively fast compared to the first network because the training data size
is reduced to 3-channels (32x32x3). It is also very easy to relate the predicted transmissivity to the
real transmissivity fields, which have many similarities. The performance test of this network was
also performed on 5000 unseen test models. The prediction results of all these models have an
average of R> = 0.83 and RMSE = 0.2. The details of the distribution of R> and RMSE are
summarized in Figure 10 with a comparison to the previous Net-1 results. Based on this metric
evaluation, this network seems to correctly reproduce the aquifer heterogeneities. This is also
confirmed by the analysis of the predictions of the three models which illustrates that with Net-2, the
reconstructions were well improved for all models compared to the results with first Net-1 with single

tracer test (see Figure 5).
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350
351 Figure 5: Predictions using Net-2 where the predicted transmissivity fields from Net-1 are

352 used as input. This combination of data from three tracer tests reconstructs the aquifers
353 heterogeneities accurately and leads to an improvement in the predictions over the Net-1 results

354  in Figure 4.

355 3.3 Effect of the resolution of the observation data

356 In this section, we will investigate how changing the quantity of piezometers and the duration of

357 concentration data sampling affects the quality of predictions.

358
359 a. Number of measurement wells (in space)
360 In this test, we only reduce the number of wells used to track the concentration changes to 25 wells;

361 in other words, we remove almost half of the wells from the initial configuration used in the previous

362 cases (Figure 6). However, we keep the same sampling duration used in the previous cases. Then the
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data acquired with this new configuration is used to train the networks without modifying their
structures. The trained network Net-2 was also used to predict unseen test models and the results
obtained have average values of R?=0.70 and RMSE = 0.33.

This metric evaluation illustrates a degradation in the reconstruction accuracy compared to the
result of the previous case with a dense distribution of wells. However, the concentration data are still
largely sufficient to provide the main features of the models. As confirmed by the predictions of the
reference models in which it is found that the reconstructions of the models with simple and moderate
heterogeneities remain satisfactory (Figure 7). However, the third model with complex heterogeneity
the reconstruction obtained is very smooth, as the lack of data did not allow to perfectly identify the

heterogeneities of small sizes.
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Figure 6: A novel setup for measuring concentration data using only 25 wells (black dots) and
three injections (red squares) to study the effect of lack of data on prediction quality.

We then reduced the number of observation wells to 16, arranged in a regular array of (5.0 m x 2.5

m). Analysis of the prediction accuracy with this poor configuration reveals a significant degradation

in the quality of the reconstructions with average of R>=0.57 and RMSE = 0.38. All the information

on the metric evaluation of the case is reported in
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Table 1. We conclude that the accuracy of inversion results with deep learning methods like other
classical inversions with deterministic (Gauss-Newton) or stochastic (MCMC) methods depends
strongly on the number of wells used to collect the data. Thus, a configuration with a very limited
number of piezometers will not be able to capture all the characteristics of a highly heterogeneous

aquifer but will provide a too smooth mapping of the hydraulic transmissivity.
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Figure 7: Predictions of the three models from concentration data recorded at 25 wells (Case
C2). In general, data reduction leads to a deterioration in the quality of predictions, especially in

the case of very heterogeneous models.

b. Number of measurements in time

In this section, we analyze the impact of reducing the duration of tracer concentration monitoring

from 15 days to 5 and 3 days on the predictions. In practice, we only shortened the number of training
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data channels used in the construction of Net-1 with the first configuration (with 49 piezometers).
Thus, the data that will be taken in this analysis will have these sizes (32x32x10) and (32x32x6) for
the duration of 5 and 3 days respectively. We re-train the networks with these new data and use them
to predict the test models. The results obtained for the two acquisition times of 5 and 3 days in Table
1 have these averages (R?= 0.81, RMSE = 0.30) and (R?>= 0.74, RMSE = 0.33) respectively. From
these evaluations, there is a net decrease in prediction quality with shortening of the acquisition time.
The predictions of the reference models confirm this trend but also show that this degradation occurs
mainly on the areas far from the injection zone (Figure 8). Indeed, the use of a short acquisition time
does not allow collecting enough information on the distant areas where the tracer reaches late. The
accuracy of the reconstruction with the deep learning algorithm depends on the spatial coverage of the
piezometer and the temporal acquisition scheme used to track changes in tracer concentration over
time. Dense coverage with a long acquisition time allows for better identification of transmissivity

heterogeneities.
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Figure 8: Predictions obtained from concentration data collected only over 3 days (case C3).
The shortening of the acquisition time affects the quality of predictions of regions far away (x >

10 m) from the injected wells.

3.4 Effect of observation uncertainty

Most often in tracer tests, the recorded data may carry a noise signal that may affect the inversion
result. In this section, we analyze the noise impact on the result of the deep learning algorithm. To do
so, we contaminate the concentration data used in the test models with a Gaussian noise of 15% and
25% and check the result of applying the network already built in the previous section on these
contaminated data. The result of this application is presented in the table, where the averages of the
correlation coefficients (R?> = 0.79 for 15% noise, and R* = 0.76 for 25% noise) indicate a slight

degradation of the noise quality with the increase of noise magnitude.
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The transmissivity predictions of the reference models also show that the 25% noise does not
prevent efficient reconstructions of hydraulic transmissivity fields (Figure 9). This minimal effect of
noise has also been noted in applications of CNN techniques on the inversion of electrical (Vu &
Jardani, 2021), seismic data (Wu & Lin, 2018; Wei & Chen, 2019). This could be explained by the
fact that the data in CNN networks are not processed individually but in spatial connection with each
other and in this case the noise does not have a significant impact on the alteration of the information
carried by the input image.

To clarify the influence of each interference in the prediction accuracy, details of the distribution of
R? and RMSE are summarized in Table 1 for three examples and the average of 5000 testing models

with its histogram illustrated in Figure 10.
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428
429 Figure 9: Inversion results from concentration data contaminated with 25% Gaussian noise

430  (Case C4). These predictions show that noise has a very limited effect on the quality of the
431 predictions since the CNN concept relies on the spatial analysis of the whole data set rather than
432 on individual data points.
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434 Table 1: Summary of metric evaluations R> and RMSE of the 3 reference models and the

435

2

R
5000 test models (shown as RMSE ).

Data type One injection Full data @ Lower resolution ' Shorter obs. With noise
25 wells 16 wells: 3days S5days 25% 15%

(CO) (C1) (C2) (C3) (C4)
Exo.1 0.88 0.94 0.90 0.80 0.88 090 0.92 0.93
xp- 0.31 0.25 0.30 037 035 030 030 027
Exp.2 0.56 0.85 0.76 0.68 0.74 0.86 : 0.82 0.83
xPp- 0.50 0.31 036 038 035 029 033 033
Exp.3 0.42 0.74 0.52 0.17 062 0.75 072 0.73
xp- 0.50 0.36 0.43 0.55 041 037 | 038 0.36

Average of
0.68 0.83 0.70 0.57 074 081 076 0.79
0.36 0.28 0.33 0.38 033 030 033 031
5000 samples
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Figure 10: Distributions of the metric parameters R> and RMSE determined from the
comparison between predicted and real models and used to evaluate the accuracy of

predictions. We recall that these evaluations were made on 5000 models.

4. Influence of the features of training models

In the inverse problem, it is known that the solution is not unique and to reduce the number of
solutions, it is necessary to include prior information in the optimization procedure. In the deep

learning algorithms, prior information is also included through the choice of the characteristics of
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generated transmissivity fields of training data. To evaluate how the nature of the training models can
influence the inversion results, we apply the previous network trained with a Gaussian variogram on
the inversion of the concentration data derived from the non-Gaussian transmissivity models. We
generated three models characterized by abrupt changes in transmissivity values that are completely
different from the smooth models used in the network training. The predictions resulting from these
applications have been reported in Figure 11 with comparisons between the predicted and true
models. Based on these comparisons, we can clearly notice that the network is able to provide the
main heterogeneities of the first and second models. But in detail, these models show many anomalies
related to the presence of variabilities in transmissivity on the areas where the values are
homogeneous. This is related to the influence of the nature of the training models. However, on the
third model with complex heterogeneity, the network fails to provide a good reconstruction of the
field. These results are normal because deep learning algorithms only approximate an inversion
operator that is highly dependent on the nature of the training data and thus cannot be used to predict
models with unlearned features. Thus, the choice of the feature of the training models is a crucial step
in the deep learning algorithm and this choice must be based on the prior information collected on the

aquifer under study.

26



461

462

463

464

465

466

467

468

469

470

471

472

True Predicted Comparison

0 b) -log, T c)
5 ~ 6|R2=052
o
4 24
' S ——
3 g
S 2f
F | RMSE=0.53
0 5 10 15 20 0 5 10 15 20 P

Predicted, -Iog10 T

f)
10 4 =
- 4 ++||—
3 o ”
> 5 £I> 3R —033
2 S 2 -_HH-
0 [ -~ RMSE=0.56
0 2 3 4

Predicted, -Iog10 T
i)

10 * +— [rR%=035
o4 "
5 3 8 3 +-H-—IIH-
2| e—
)
2 >
. = 1. RMSE=0.64
0 5 10 15 20 2 4
X X Predicted, -log,, T

Figure 11: Applying a trained network with transmissivity models generated with a Gaussian
variogram to predict transmissivity models with discontinuous heterogeneities. Qualitatively,
the predictions reproduce the main transmissivity distributions found in the real fields,
especially in the first and second models. However, in detail, they fail to provide accurate
reconstructions. Therefore, inversion with the deep learning algorithm cannot predict models

with features not seen in the learning steps.

5. Comparison of CNN-2T with conventional Gauss-Newton algorithm

We devote this section to comparing the results obtained with our CNN-2T deep learning algorithm
and the Gauss-Newton code. Gauss-Newton is a popular deterministic algorithm that searches for the
best transmissivity model that can fit the concentration data by minimizing an objective function

formulated as follows:
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L = (f(m) = eops)" (f(mM) — Eops) + @ (m—m")" 67" (m —m"), (14)
where m is the logarithm of the transmissivity field to be determined from the minimization of this
objective function. €, denotes the measured concentration vector, f(m) is the forward problem
used to compute numerically the concentration vector corresponding to the transmissivity model m. G
is the covariance matrix used with the mean of field m* as prior information to constraint the
inversion. O is a parameter of regularization. The minimization of the objective function relies on this
iterative formulation:

mrtt = m* + gAm, (15)
where
Am = [JT]+a G T (Eops — (M), (16)
with coefficient 3 is a scalar determined from minimizing objective function L using a line search

code; J is a Jacobian matrix computed with finite difference:

=2 a7

om

The calculation of the Jacobian matrix requires a very repetitive and heavy computation of the
forward problem, in this case, for each iteration, the direct problem is solved (1024 = 32x32) times.
The Jacobian could be computed with the adjoint state method, which is faster than the finite
difference method, but it is complex to implement (Vu et al, 2019; Sun & Yeh, 1990). The process is
repeated until a local minimum is reached that minimizes the objective function. This algorithm was
applied on the three models used as reference in the previous sections and the inversion of each model
took 3 days using a CPU (Intel Xeon 3.5GHz, 6 cores, 12 threads). The results of these inversions
faithfully reproduce the main characteristics of the real models with the same degree of accuracy as

the CNN-2T algorithm. Each inference of Gauss-Newton inversion method consumes the same time
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with building entire process of CNN-2T, including time for dataset generation and training network,

while CNN-2T performs each inference only on few milliseconds.
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Figure 12: Predictions from a conventional inverted method of which the accuracy is of the
same order with ones from the Neural Network in Figure 5. A conventional method takes days
to process each inversion comparing to milliseconds by a neural network approach.

As explained in the work of Jardani et al. 2022, deterministic inversion methods share with the
inversion method their strong dependence on the a priori model. In deterministic algorithms, the a
priori model is used as a regularization term of the objective function, so it must have a derivable
form. On the other hand, in machine learning, the a priori model is used to construct training data
without any condition on its derivability. It also shares their dependence on the amount of
measurement data and that the quality of the prediction improves in both methods when the
piezometric information are sufficient to capture all the heterogeneities of the studied aquifer.
Regarding the impact of measurement noise on the results, machine learning techniques are slightly

less impacted compared to deterministic methods. Because in machine learning, the data processing is
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performed on the spatial analysis of several information instead of individual data as it is the case in
deterministic algorithms. The results of the Gauss-Newton inversion are local minima, so they
depend on the choice of the initial model. In contrast, machine learning provides a global solution.
The machine learning method does not require any linearization of the forward problem, but it does
require a large amount of forward problem computation to construct the training data. The time spent
generating this training dataset can be the same or less than that needed to find a local minimum with
Gauss-Newton code using the finite difference method. The reason it will take less time is that
training an inversion network with simple and moderate heterogeneities can be done with a very
limited data set. We recall that in our case we used a variogram with randomly chosen parameters
which leads to create a large variability between models, which makes the training is done with a

large volume of training data.

Conclusion

In this work, we propose a novel approach that inverts tracer test data to reconstruct the spatial
variability of the hydraulic transmissivity field. The approach is based on a deep learning neural
network to approach the inversion function. The proposed neural network architecture - Segnet - uses
the concept of convolutional neural networks with encoder-decoder structure, which have shown
significant success in image processing in recent years. The Segnet network was originally set up for
segmentation tasks, but in this paper, it has been modified to perform a regression task in order to
relate the temporal concentration data to the transmissivity field. The inversion processing was
performed sequentially in two steps and via two connected networks with the same structure: The first
network was built to link the concentration data recorded with a single tracer test and the

transmissivity field. Then, this network is trained with data of each tracer test performed separately.
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The transmissivity fields determined from the individual tracer data are then incorporated into the
second network as input data, which is linked to the real transmissivity field to improve the
reconstructions. This second network performs a joint inversion of data from multiple tracer tests and
corrects the transmissivity fields determined separately from each individual tracer test.

The networks were trained from a large synthetic database where the transmissivity fields were
generated geostatistically and the concentration data by the coupled numerical solutions of the
groundwater flow and transport equations. Several sensitivity analyses were conducted on these
networks to evaluate the prediction accuracy, which was also compared with that achieved by a
deterministic Gauss-Newton method. Based on these results, we conclude that:

The network succeeded in accurately reconstructing the heterogeneities of the transmissivity field.
The reconstruction accuracy though shows a clear dependence on the scale of training datasets, whose
generation is the hardest task in a deep learning approach. However, the time needed to generate
datasets is of the same magnitude as that required in solving a local minimum in a Gauss-Newton
algorithm which computes the Jacobian matrix using the finite difference method. In addition, the size
of the training datasets to achieve a perfect approximation of the inverse function depends strongly on
the nature of the heterogeneity of the target field. Learning can be achieved with a small number of
training models if the generated models have a low degree of heterogeneity. Recall that in this work,
the models are all generated according to a random scheme in which the variogram parameters are
also randomly selected to ensure the generality in the generation. As a result, a large number of
training models are required to reconstruct an accurate prediction.

Furthermore, the quality of the neural network predictions relies on the size of the concentration
data, i.e., the number of wells and the duration chosen for tracer migration monitoring. Accuracy
improves as monitoring data are sufficient to cover the main heterogeneities in the target field. This
dependence on data coverage is also observed in both classical deterministic and stochastic inversion
methods. Concerning the effect of concentration data noise on forecasts, the tests revealed that it had a
marginal impact on the network performance. This is due to the spatial analysis performed by the
convolutional process, in which the data are related regionally rather than being handled separately as

in classical inversion methods.
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We believe that the new generation of deep learning algorithms based on the concept of
convolutional neural networks are effective tools for mapping hydraulic properties from tracing or
pumping test data. These tools deserve to be explored in hydraulic and geophysical tomography and

to show all their aspects, we plan in our next work to apply them on a real field data.
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