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ARTICLE INFO ABSTRACT

This manuscript was handled by Renato Mor- Accurate identification of heterogeneous aquifer structures is critical for geoscientific research. To address the

bidelli, Editor-in-Chief limitations of inversion accuracy caused by sparse observations and the high computational cost of the inversion
process, this study develops a Combined Hydrologic, Chemical, and Geophysical Data Deep Inversion Framework

Keywords: (HCGDIF). The framework integrates facies observations, hydraulic head, solute concentration, and electrical

Heterogeneous aquifer structure

> resistivity tomography (ERT) data, and achieves efficient generation of heterogeneous structures through the
Inverse modeling

. o tight integration of hydrologic and geophysical models with deep learning (DL) techniques. The performance of
Electrical resistivity tomography X ) ) )
Data assimilation the framework is evaluated through a synthetic ERT-monitored tracer experiment. Results demonstrate that the
Deep learning Integrated Structure Generation Model not only enables the parameterization of high-dimensional heterogeneous
Surrogate modeling structures, but also generates a large number of random realizations consistent with prior geostatistical
knowledge from limited facies observations, thereby providing reliable training data for DL models. The Hybrid
Residual Octave-Convolution Network with Squeeze-and-Excitation Attention (HROCN) effectively captures the
complex nonlinear mapping between aquifer structures and ERT data, making prediction approximately 33 times
faster. Inversion results with different data types further indicate that, compared with direct estimation from
facies observations alone, assimilating at least one observation type can improve identification accuracy. Among
them, ERT data yields the best performance, increasing average identification accuracy by 13.9 % and reducing
uncertainty by 4.31 %. Moreover, multi-source data fusion enhances the accuracy relative to single data, but also
introduces additional uncertainty, while the inclusion of ERT data helps mitigate this uncertainty.

1. Introduction uncertainty from aquifer structure often leads a more considerable misfit
to the numerical simulations (Dai et al., 2020; Wallace and Soltanian,
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waste disposal (Jia et al., 2023; Ma et al., 2024), and geological storage
of carbon dioxide and hydrogen (Xu et al., 2025).

The early mainstream method for identifying aquifer structures is the
stochastic simulation methods, which establish relationships between
facies at different spatial locations through spatial correlation functions
and subsequently interpolate facies based on these relationships (Carle
and Fogg, 1996). However, the effectiveness of stochastic simulation
methods depends on the spatial coverage and data density of facies
observations (e.g., drilling data) in the study area (Chen and Rubin,
2003; Soltanian and Ritzi, 2014). Further research has shown that dy-
namic observations, such as hydraulic heads (Berg and Illman, 2011;
Cardiff et al., 2013; Xiang et al., 2009; Yeh and Liu, 2000; Zhu and Yeh,
2005) and solute concentrations (Mo et al., 2020; Xu and Gomez-
Hernandez, 2016) exhibit unique response characteristics to specific
heterogeneous aquifer structures (Brunetti et al., 2019; Khambham-
mettu et al., 2020; Kim et al., 2018; Liu et al., 2019; Reuschen et al.,
2021). Therefore, data assimilation (DA) methods based on dynamic
observations can effectively address the reliance of stochastic simulation
methods on facies observations (Bravo et al., 2002; Dausman et al.,
2010; Song et al., 2019; Soueid Ahmed et al., 2014; Zhang et al., 2020).
In theory, using more dynamic observations can improve the reliability
of inversion results, but the methods for acquiring dynamic observa-
tions, such as tracer tests and pumping tests that involve injection/
pumping wells and observation wells are essentially intrusive survey
methods. On the one hand, survey costs are high; on the other hand, the
structural damage caused by the sampling process can affect ground-
water flow and solute transport, increasing the uncertainty of experi-
mental results (Chen et al., 2022). Therefore, balancing the need for
high-quality dynamic observations with cost-effective survey methods is
a critical challenge for traditional aquifer structure identification.

Geophysical methods, with their non-intrusive nature and high-
density sampling, provide cost-effective and abundant spatially contin-
uous information, offering a valuable solution to address the limitations
of traditional methods in identifying heterogeneous aquifer structures
(Christensen et al., 2016). Among various geophysical methods, Elec-
trical Resistivity Tomography (ERT) is particularly favored by hydro-
geophysicists for its high sensitivity to variations in water content and
solid phase (e.g., soil and aquifer mineralogy and grain size distribu-
tions) (TIkard et al., 2023; Mao et al., 2022; Mao et al., 2024; Rucker
et al., 2021). DA methods incorporating geophysical data enable the
coupled inversion of geophysical and hydrologic models (Hubbard et al.,
2001; Yeh and Simiinek, 2002). This approach eliminates the need for
traditional geophysical inversion and instead focuses on mutual con-
straints between models to identify physical laws from raw geophysical
monitoring data (Binley et al., 2015). Existing studies demonstrate the
significant potential of geophysical data in joint assimilation with hy-
draulic head and concentration data (Pollock and Cirpka, 2010; Pollock
and Cirpka, 2012; Yeh et al., 2008). Algorithms such as the Ensemble
Kalman Filter (EnKF) and Ensemble Smoother with Multiple Data
Assimilation (ESMDA) have successfully integrated various data types in
sandbox experiments and regional large-scale studies (Camporese et al.,
2015; Kang et al., 2018; Kang et al., 2019; Neven and Renard, 2023; Xu
etal., 2021). However, DA methods face challenges in high-dimensional
parameter inversion during application, and obtaining responses re-
quires repeatedly running forward models, especially for complex and
large geophysical dynamic responses, which demand substantial
computational time.

The rapid development of machine intelligence, especially deep
learning (DL), with its superior data compatibility and ability to char-
acterize nonlinear relationships, has been used to develop structure
generation models and surrogate models for responses in DA frame-
works, thereby elevating aquifer structure identification methods to an
unprecedented new stage (Liu et al., 2019; Song et al., 2019; Wang et al.,
2021). For structure generation models, generative adversarial networks
(GANs) (Laloy et al., 2018; Zhang et al., 2019) and variational autoen-
coders (VAEs) (Canchumuni et al., 2017; Laloy et al., 2017) have been
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effectively applied. Later research enhanced these models by integrating
advanced models (Chan and Elsheikh, 2019; Chen, 2024; Deng, 2024;
Han et al., 2022; Jamil, 2024; Lopez-Alvis et al., 2022; Mo et al., 2020).
Additionally, DL-based surrogate models for forward simulation can
speed up the process of acquiring dynamic responses (Siade et al., 2020;
Xiao et al., 2021). Several classical models from the field of computer
vision can be applied to surrogate modeling, such as ResNet and Den-
seNet. However, DA methods aim to extract local heterogeneity infor-
mation of aquifer structures from geophysical raw observations.
Therefore, models should be designed to map hydrologic parameters to
geophysical raw observations. Currently, no studies have utilized
models to predict geophysical raw observations within the framework of
DA methods.

This study develops a Combined Hydrologic, Chemical, and
Geophysical Data Deep Inversion Framework (HCGDIF) for identifying
heterogeneous aquifer structures. The datasets required to train all DL
models within the framework are generated through stochastic simula-
tions and high-fidelity numerical simulations. A synthetic case study is
conducted to evaluate the performance of the structure generation
model and surrogate models embedded in the framework. Based on this
setup, multiple inversion scenarios are designed using different types of
data, including facies observations, hydraulic head, solute concentra-
tion, and ERT data. The performance of HCGDIF is assessed by analyzing
the accuracy and uncertainty of the inversion results.

The paper is organized as follows. Section 2 outlines the methods,
including the structure of the proposed framework, integrated structure
generation model, the coupled hydrogeophysical forward model, DL-
based surrogate models, and DA algorithm. Section 3 presents the
designed application example, including the real structure and cases
with different data combinations. Section 4 discusses the identification
results of various cases. Section 5 summarizes the conclusions of this
work.

2. Methods

2.1. Combined hydrologic, chemical, and geophysical data deep inversion
framework

The HCGDIF has four modules: (1) Integrated Structure Generation
Model (Fig. 1a, Fig. 1¢); (2) coupled hydrogeophysical forward model
(Fig. 1b); (3) DL-based surrogate models (Fig. 1b); (4) DA algorithm.
Sections 2.2-2.5 provide a comprehensive account of the four modules.
The Integrated Structure Generation Model is designed to parameterize
aquifer structures, employing low-dimensional latent vectors to repre-
sent aquifer structures during parameter inversion, thereby alleviating
the computational burden associated with high-dimensional parameter
inversion. The coupled hydrogeophysical forward model is utilized to
construct a dataset linking aquifer structures to multi-source dynamic
responses. The trained surrogate models effectively capture the highly
nonlinear relationship between aquifer structures (inputs) and dynamic
responses (outputs), and thus significantly reducing the computational
time required for high-fidelity forward simulations.

The inversion workflow is illustrated in Fig. 1d. First, a set of prior
latent vectors is randomly sampled from a standard normal distribution
and input into the structure generation model to obtain a prior structure
ensemble. Subsequently, the surrogate models are employed to simulate
multi-source dynamic responses for the prior structures, generating the
spatiotemporal distributions of solute concentration, hydraulic head,
and ERT data that correspond to specific heterogeneous facies configu-
rations. Finally, the DA algorithm updates the prior latent vectors by
minimizing the discrepancies between dynamic observations and re-
sponses, enabling precise adjustments to aquifer structures and yielding
posterior aquifer structures with high accuracy.
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Fig. 1. Flow diagram of HCGDIF inversion process. (a) Stochastic simulation-based structure generation model, (b) Coupled hydrogeophysical forward model and
surrogate models, (c) DL-based structure generation model, (d) Inversion of aquifer structure based on DA algorithms and multi-source dynamic observations.

2.2. Integrated structure generation model

The Integrated Structure Generation Model consists of two sequen-
tial sub-models: the stochastic simulation-based structure generation
model (Fig. 1a), which incorporates facies observations, and the DL-
based structure generation model (Fig. 1c), which parameterizes high-
dimensional aquifer structures. In the stochastic simulation-based
structure generation model, a broad geostatistical parameter distribu-
tion range (volume proportions p and mean lengths L) is initially
established based on site-specific facies observations. Structure param-
eters are then randomly sampled from this range and used for stochastic
simulation with a transition probability model. The analytical solution
of the transition probability model is employed to represent facies
spatial correlations (Dai et al., 2007):

)

(85 —pi)e 40P 4 p; @

Ty(oy) =

where Tjj(0,) represents the transition probability from facies i to faciesj
at lag distance o, in direction ¢, §; is the Kronecker delta, p; and p; are

the proportions of facies i and facies j, Lf’ is the mean length of facies i in
direction ¢. Subsequently, indicator cokriging simulation is applied to
complete the stochastic simulation of aquifer structures (Carle and Fogg,
1996). The stochastic modeling software GEOST (Dai et al., 2014) is
used to conduct the aforementioned analyses and computations.

The Octave Convolution Adversarial Autoencoder (Zhan et al., 2021)
is applied in the DL-based structure generation model to address the
limitations of conventional GAN-based generators. Although GANs can
capture complex data distributions, they often suffer from mode
collapse, where different latent inputs produce nearly identical aquifer
structures. This reduces the structural diversity and limits the flexibility
of subsequent data fusion processes. The Octave Convolution Adversa-
rial Autoencoder introduces adversarial learning into a variational
autoencoder framework, combining the stable latent representation of
variational autoencoder with the realism enhancement of adversarial
training. This design introduces adversarial perturbations that enhance
the model’s robustness and generalization, allowing it to generate
structures that more closely match the spatial heterogeneity present in

the training data, which cannot be achieved by conventional GANs. The
training dataset required for the generation model is generated using
stochastic structures established by GEOST. However, the broad prior
parameter ranges determined through manual experience often result in
high uncertainty and limited accuracy in the generated stochastic
structures, deviating significantly from real structures. This quality of
datasets is suboptimal for training the generation model, necessitating
preprocessing of the prior parameter set using a DA algorithm. Structure
parameters obtained after inversion, combined with facies observations,
are input into GEOST to generate high-quality stochastic simulation
structure datasets. This process enables the generation model to focus on
learning features resembling actual aquifer structures. Detailed infor-
mation on data preprocessing and the hyperparameters of the DL-based
structure generation model is provided in Supporting Information Text
S1.

As shown in Fig. 1c, the encoder encodes the stochastic structure into
a latent vector following a standard normal distribution. The discrimi-
nator evaluates whether the generated latent vector originates from the
training set, while the decoder decodes the latent vector into a recon-
structed structure with features similar to the stochastic structure. After
training, the network model and weight files of the decoder are saved,
enabling the transformation of low-dimensional stochastic latent vectors
into high-dimensional aquifer structures. Consequently, the DA algo-
rithm can refine aquifer structures by optimizing the latent vectors.
Theoretically, a larger latent vector dimensionality improves the
model’s ability to adjust aquifer structures in detail; however, it also
significantly increases the computational burden of parameter inver-
sion. Thus, the latent vector size should be tailored to specific tasks to
balance computational performance and cost.

2.3. Coupled hydrogeophysical forward model

2.3.1. Groundwater flow and solute transport model
The governing equation for the steady-state flow field in this study is
(Bear, 1979):

VKVH =0 )
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where K and H represent the hydraulic conductivity (m/d) and hydraulic
head (m) respectively. The boundary conditions are considered as:

H(x,y, t)lrleft = Hyyt
H(x, y,t)|Crigh: = Hiighe

oH 3
Ka T =0 3

oH
Kai ‘Fbattom =0
n

in which Hyp; and Hg, are prescribed head at the left boundary I'; and
right boundary g, The top boundary I',, and bottom boundary I'yoom
are impervious.

The governing equation for nonreactive contaminant transport is:
oc
&:Vo(DoV(c))fVo(uc)+S @
where c is the solute concentration (mol/mS), t is the time (s), D is the
diffusion coefficient tensor (mz/s), u is the pore water velocity (m/s),
and S is the sink/source (mol/m° e s). The boundary conditions are
considered as:

(%, ¥, 8)|Tiepe = Co
(%, ¥, t)[Trighe = o

()
c(x,y,t)|Tiop = Co

C(x:y: t)‘rbom)m =Co

where ¢y presents the initial solute concentration. The groundwater flow
and solute transport equations are solved by TOUGHREACT (Xu et al.,
2006).

2.3.2. ERT forward model

Given that traditional geophysical inversion struggles to characterize
the highly heterogeneous features of aquifer structures, HCGDIF utilizes
apparent resistivity in the inversion process. The objective of the ERT
forward model is to measure apparent resistivity data that characteris-
tically responds to the heterogeneity of aquifer structures. The resistivity
of water-saturated porous media is primarily governed by the resistivity
of pore fluids and surface resistivity. In the aquifer model discussed in
this paper, the influence of surface resistivity is neglected due to the
absence of clay content (Camporese et al., 2015; Pollock and Cirpka,
2010). Archie’s law is applied to describe the relationship between pore
fluid resistivity p,, (Q e m) and bulk resistivity p (Q ¢ m) (Han et al.,
2024):

p=9¢7"S, "p, )

where ¢ represents porosity, m is the cementation exponent, n is the
saturation exponent, and S, is the water saturation. These parameters
are site-specific empirical values, and applying these equations to other
locations would require recalibration of the associated parameters. p,, is
influenced by both temperature T (°C) and ¢ (mol/m?) (Sen and Goode,
1992):

1 2. .099T 3
—=(56+027T—15x10*T*) ec— 36+ 0.099T 3

Py 110214c ¢ )

According to equations (6) and (7), under water-saturated condi-
tions, the aquifer bulk resistivity p is primarily influenced by ¢, which
has a static heterogeneous distribution, and c, which has a dynamic
distribution. Therefore, the apparent resistivity data distribution in this
study exhibits dual variability in both temporal and spatial dimensions,
meaning that this time-lapse ERT measurement can offer more valuable
information for identifying subsurface sedimentary structures (Jardani
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et al., 2013; Kang et al., 2019).

In this study, the ERT simulation utilizes a point current electrode to
inject direct current, generating a current I (A) at the position (xo, 2o).
After determining the spatial distribution of p(Q e m) the target potential
is computed by solving the following equation (LaBrecque et al., 1996):

V- G)WQ - sz%vk = —I5(x — x0)5(z — 20) 8)

where Vk(x, z) (V) is potential in the Fourier transform domain of
wavenumber k and & denotes the Dirac function. The boundary condi-
tions are considered as:

Vi Ky (kr)

—+ kacosH =0¢eT;
0 Ko (ki
noo Kk ©
oV
on - 0€ls

where T is surface boundary and r is the distance between the supply
electrode and I's; Ko and K; respectively denote the zero-order and first-
order modified Bessel function of the second kind; and I',, denotes the
truncated boundary. Equations 8-9 are solved using SIimPEG (Cockett
et al., 2015; Heagy et al., 2017).

2.4. DL-based surrogate models

To obtain the multisource response state fields of reconstructed
structures in the inversion process, the HCGDIF organizes the high-
precision data obtained in Section 2.3 into corresponding datasets to
train DL-based surrogate models, thereby accelerating the prediction
process of multisource dynamic responses. For hydrological responses
such as solute concentration and hydraulic head, we adopt the Deep
Octave Convolution Residual Network (DOCRN), which is well-suited
for image-to-image mapping tasks such as predicting spatial distribu-
tions of state variables from structure inputs (Zhan, 2022). Unlike hy-
drological responses, ERT data are vectorized and directly incorporated
into the HCGDIF as one-dimensional inputs. This distinct data repre-
sentation, combined with the more complex mapping from structure to
ERT data, makes it unsuitable to simply extend the output channels of
DOCRN. Such extension could significantly degrade prediction accu-
racy. Therefore, in this study, we design a Hybrid Residual Octave
Convolution Network with Squeeze-and-Excitation Attention (HROCN)
specifically for predicting ERT data. The errors generated in the inver-
sion process primarily stem from dynamic observations and the surro-
gate model’s prediction of dynamic responses. Errors in dynamic
observations depend on manual techniques and the inherent accuracy of
sensor equipment, making them unavoidable and beyond the scope of
this study. To enhance the inversion effectiveness of the proposed
framework, the surrogate model should possess accurate image-
translation capabilities, which depend on the ability of the neural
network to extract image features. Therefore, we integrated advanced
feature extraction blocks into surrogate models to enhance the predic-
tion accuracy of the responses.

Octave Residual in Residual Dense Residual Block (OctRRDRB,
Fig. 2b) combines two key techniques: octave convolution and a deeply
nested residual structure (Rakotonirina and Rasoanaivo, 2020). Octave
convolution separates input features into low- and high-frequency
components (Chen et al., 2019). This allows the model to focus more
on high-frequency details, such as sharp facies boundaries, making it
especially effective for initial feature extraction. The basic structure of
the Octave Residual Dense Block (OctRDB, Fig. 2a) includes several
convolutional groups. Every two convolutional groups are connected
through residual connections, while the first four groups are also con-
nected through dense connections. The deeply nested residual structure
includes three residual dense blocks connected with skip connections
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(b) OctRRDRB

(c) CNB

(d) SEB

Fig. 2. The architecture of (a) OctRDB, (b) OctRRDRB, (c) CNB, (d) SEB. BN + LR means that the feature maps are processed sequentially through a Batch

Normalization operation and then a LeakyRelu activation.

scaled by a factor B (here, p=0.2 (Szegedy et al., 2017)). This residual
architecture enables the deep learning model to extract structural fea-
tures of the input image across different scales. In the context of aquifer
structure identification, such a design allows the model to capture facies
distribution characteristics at multiple spatial scales, thereby improving
its ability to represent complex heterogeneity. To reduce overfitting,
Gaussian noise is added to the scaled outputs, as commonly done in
generative tasks (Karras et al., 2021). Finally, all standard convolutions
in the block are replaced with octave convolutions, forming the final
OctRRDRB.

ConvNeXt Block (CNB) is the fundamental building block of Con-
vNext (Liu et al., 2022). ConvNeXt was designed to explore the perfor-
mance limits of traditional convolutional networks against the backdrop
of Transformers, which is dominating the field of visual recognition.
ConvNeXt has demonstrated that its inference speed and accuracy have
surpassed those of Swin Transformer (Liu et al., 2021) in a variety of
vision tasks, including ImageNet classification (Deng et al., 2009), object
detection/segmentation on COCO (Lin et al., 2014), and semantic seg-
mentation on ADE20K (Zhou et al., 2019). The structure of CNB is shown
in Fig. 2c, which adopts a more aggressive depthwise convolution at the

module’s start, inspired by the grouped convolution in ResNext (Zhou
et al., 2019). Compared with standard convolution, depthwise convo-
lution significantly reduces the number of parameters and computa-
tional cost by separating spatial and channel-wise feature extraction.
This design allows the model to focus more efficiently on the spatial
variations of facies features while maintaining rich channel information,
thus improving computational efficiency and feature representation
capability. In depthwise convolution, each convolution kernel has a
channel size of 1, requiring the number of kernels to equal the number of
channels in the input feature matrix. The depthwise convolution process
can be described as:

Yl*l*c Z XLH*LW*HVV;*VS*I (10)

where C represents the number of channels of the feature map, Ly and
Ly represent the spatial dimensions of feature map X, and V; represents
the size of the convolution kernel V (here, K=7 (Liu et al., 2022)). For
each input channel, the convolution operation outputs a compressed

feature map Y with the same number of channels. Then, two fully-
connected layers are used to expand and compress the features by a
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factor of 4, ensuring that the input and output feature map dimensions
remain unchanged. Finally, the normalized output features from the
fully-connected layer are connected residually to the feature map before
the input depthwise convolution layer:

SL'Lw*C
X

— XU 5 (4, (1 (£ (V1)) an

where .~ represents Layer Normalization to avoid extreme values in
Y.F; and F; represent the first expanding fully-connected layer and the
second compressing fully-connected layer, respectively, g represents the
activation function GELU, vy is a learnable dynamic parameter (set
initially asy = 1e-6 in this study (Liu et al., 2022)). & represents the
Droppath regularization method, which helps prevent network
overfitting.

There are three subtle adjustments in CNB compared to OctRRDRB:
in terms of normalization layers, CNB replaces Batch Normalization with
Leaky Relu and reduces the frequency of normalization layers to only
following depthwise convolution, a strategy that has proven effective in
comparison to the Swin Transformer. In terms of activation functions,
CNB draws from Transformer practices by replacing Leaky Relu with
GELU and similarly eliminates the traditional convolution network’s
practice of using an activation function after each convolution layer,
employing it only once between the two fully-connected layers.
Regarding feature scaling, CNB no longer uses a fixed constant for
scaling but employs a dynamic parameter y, which is gradually adjusted
through backpropagation during training to optimize network perfor-
mance. This scaling mechanism in CNB helps stabilize the training
process of deep networks, avoiding gradient explosion or vanishing
phenomena, and significantly reduces computation and parameter
count.

Squeeze Excitation Block (SEB) is inspired by Squeeze-and-
Excitation Networks (Hu et al., 2018), is a channel attention mecha-
nism that automatically learns the relative importance of each channel
feature within a feature map. In this context, a channel refers to an in-
dividual feature map in the output of a convolutional layer, where each
channel represents a specific type of learned feature. The SEB basic
network structure is shown in Fig. 2d. First, global average pooling is
used to squeeze the spatial information of the feature map, averaging
each feature map into a single real value with a global receptive field.
This process can be described as:

1 Ly Ly .
B = mZizl Zj:] U (i) 12)

where Ly and Ly represent the spatial dimensions of the feature map, u,
represents the ¢ th feature map, and z, represents the real value of the
squeezed c th feature map.

Next, a set of FC layers is used to learn the channel features. These
learned channel features represent the importance of each channel in the
context of the task at hand. Specifically, the FC layers capture de-
pendencies between channels and help identify which channels
contribute more to the network’s decision-making process. The learned
channel features are then used to excite the initial feature map by scaling
each channel according to its learned importance. This process can be
described as:

sc = o(W28(W12.)) 13

%c = SclUc

where ¢ and § represent the Sigmoid and ReLU activation functions,
respectively. W; and W, are the weight matrices for the fully-connected
layers that control the expansion and compression of the channel in-
formation, with a scaling factora = 16 (Hu et al., 2018). s, represents the
learned channel attention, which is a scalar that indicates the relative
importance of the c th feature map. The final output X, is the excited
version of the ¢ th feature map, where the important channels are
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enhanced, and the less important ones are suppressed. In summary,
channel feature refers to the inherent characteristics of each feature map
in the convolutional layers, and channel attention refers to the learned
importance of these channels, which helps the network focus on the
most relevant features while suppressing less informative ones. This
mechanism not only reduces the computational load but also improves
the model’s ability to generalize by emphasizing key features and sup-
pressing noise. DOCRN and HROCN are built on the aforementioned
blocks (Fig. 3) and they serve as the surrogate models for multi-source
dynamic responses. The application of HROCN in this study can be
represented as:

)?DXLWXLH = NNpocrn (Xiy <1y )

- a4
X, = NNuroon—se(Xiy <1y )

where X, .1, represents the heterogeneous aquifer structure input with
width Ly and height Ly; X represents the ERT data with L data

points; Xp.1,, L, represents hydrologic dynamic response fields with D
types; NN represents the corresponding neural network architecture.

Further details on the network configurations and the hyper-
parameters of DOCRN and HROCN are provided in Supporting Infor-
mation Text S2. Unlike the hourglass structure of DOCRN, HROCN
adopts a progressive design where the feature map size is gradually
reduced while the number of channels increases as the network deepens.
Specifically, the OctRRDRB is positioned at the model’s initial stage,
utilizing its ability to distinguish high-frequency and low-frequency
information to enhance the features in areas of intense aquifer struc-
ture variation. After being processed twice consecutively through the
OctRRDRB, the feature map is linked with the initial features (which are
the feature representations derived directly from the input data or from
the output of earlier layers) via a residual connection. This allows the
network to retain and refine important information from the input. The
feature map is then passed through four CNBs with gradually increasing
channels to efficiently capture essential sample features at a low
computational cost. Compression of the feature map is achieved via
convolutional layers. At the end of the final CNB, the feature map rea-
ches its maximum number of channels. At this point, the SEB’s powerful
channel attention mechanism is used to weight each feature channel,
which is then multiplied by the input feature map to obtain the weighted
feature map. Since in this study the ERT data are reshaped into a 1D
vector to facilitate the direct connection between the HROCN output and
the DA algorithm, the model’s final layer is designed with FC layers to
output data in the required dimensions. Notably, the HROCN can be
flexibly adapted in its application; depending on specific task re-
quirements, the model’s final layer can be modified to a combination of
convolution and upsampling layers to output image data.

2.5. Data assimilation algorithm

The fundamental logic of applying indirect observations in DA
methods is:Dyps = f)m + e, the error e between dynamic responses. f)m
and dynamic observations D, arises mainly from the estimation bias of
aquifer structures. Thus, DA methods can generate simulated structures
closer to reality by minimizing the e. This study employs the Iterative
Local Update Ensemble Smoother (ILUES, (Zhang et al., 2018)) as the
DA algorithm for parameter estimation. The stability of this method has
been validated in recent studies (Xia et al., 2023). The updated process
of ILUES can be expressed as:

D+e 1N —F(ri?)

- - 15
Cirt (Ci + NCp) (1%

hrte

whereri and i € R = [r1,r2-+Tiy| represent the n th parameter value in
the ensemble before and after the i th update, respectively. D denotes the
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Fig. 3. The architecture of Surrogate Models: (a) HROCN, (b) DOCRN. The green solid line represents the residual connection, and the orange dashed line indicates
the repeated input to the CNB. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

dynamic observations, N is the total number of iterations, e ! is the n th
observation error, F represents the simulation process of the dynamic
responses, Cp is the covariance of the observation errors. C,} represents
the cross-covariance between the parameters to be updated and the
dynamic responses, and Ci;! represents the auto-covariance of the dy-
namic responses.

3. Application example

A two-dimensional dual-facies heterogeneous aquifer was designed
as the target for identification to evaluate the performance of HCGDIF.
The model dimensions are 80 m x 20 m, discretized into 3200 grids (80
x 40), with each grid measuring 1 m x 0.5 m. Two facies types were
incorporated into the model to represent high- and low-permeability
zones, as illustrated in Fig. 4a. This dual-facies structure has been
demonstrated to control flow and transport processes in subsurface en-
vironments (Gershenzon et al., 2015). The model was stochastically
generated using GEOST, with a borehole placed every 20 m as condi-
tional data. The corresponding true structure parameters (volume pro-
portion p and mean lengths L) are shown in Table 1. Notably, the low-
permeability facies has a smaller true volume proportion compared to
high-permeability facies. When estimating the dual-facies structure
using GEOST, each grid is initially assigned the facies type with the

Table 1
Parameter Settings for Petrophysical Relationships.
Parameter High- Low-
Permeability Permeability
Volume proportion (true / prior 0.4 / [0.35,
distribution) 0.45]
Mean length in X-direction (true / prior 20/ [10, 80]
distribution)
Mean length in Z-direction (true / prior 3/ [2.5, 3.5]
distribution)
Permeability (1071° m?) 16.799 0.094
Porosity 0.29 0.28
Cementation exponentTemperature 2.6 2.6
Q) 25
Water resistivity (Q-m) 20

larger volume proportion. The spatial positions of the facies with the
smaller volume proportion are then determined using the transition
probability model, and the facies type of the corresponding grids is
replaced. Due to the sparse spatial distribution of borehole data, the
mean length in x direction L, could not be accurately estimated, leading
to a wider prior interval for L, In contrast, smaller prior intervals were
assigned to the p and the mean length in z direction L, Note that all
random sampling processes in this study utilized Latin hypercube

(a) (b) No-flow boundary
20 20 Well 1 Well 2 Well 3 \
(m) ERT electrodes
(2 m spacing)
x®
» =
=10 < ‘Groundwatery
§ z Flow
S =
3l K S
Hydrologic|
sampling ppints
0 80(m) 0 20 No-flow boundary 60 80 (m)

Fig. 4. (a) Distribution of low-permeability facies (red) and high-permeability facies (blue). (b) Sketch of the synthetic model domain. The green solid lines indicate
the locations of facies observations, yellow area represents the release source zone, blue rectangles denote hydrologic sampling points, and black circles represent the
electrodes distribution for the ERT survey along the land surface and upper boundary. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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sampling, which provides more uniform sample coverage compared to
Monte Carlo random sampling (McKay et al., 2000).

A synthetic salt water injection experiment is conducted using the
model, with hydrologic sampling and ERT surveys employed to monitor
solute transport. For the groundwater flow and solute transport model,
the left and right sides are set as constant head boundaries with a hy-
draulic gradient of 5 x 103, while other boundaries are no-flow
boundaries. The selected hydraulic gradient represents a relatively
small natural gradient typically observed in alluvial aquifers and is
suitable for simulating the dispersion and migration of contaminant
plumes (Chen et al., 2025). In contrast, larger hydraulic gradients, such
as 0.05 and 0.1, are commonly found in large scale sandbox experiments
or in situ test sites where flow conditions are enhanced by pumping wells
(Jose et al., 2004; Zhang et al., 2015). We adopted a smaller natural
gradient primarily to maintain the physical plausibility of the flow
boundary conditions while ensuring that the velocity scale of the flow
field approaches natural conditions. This allows the dominant control of
stratigraphic heterogeneity on the spatiotemporal evolution of the so-
lute plume to be revealed more clearly. An injection well is set at the left
boundary as the injected-solute release source zone. The total simulation
time is 150 days (after start of injection), with the injection well
continuously releasing a 51.3 mol/m> NaCl solution at a rate of 0.01 kg/
s for the first 15 days. The initial solute concentration of the entire re-
gion is set to 4.28 mol/m>. To monitor the solute transport process, 12
randomly distributed concentration and pressure sampling points are
installed in each of the three boreholes located in the middle of the
model, for a total of 36 sampling points (Fig. 4b). To better capture
dynamic response variations caused by local heterogeneity in the aquifer
structure, the randomly selected sampling points should avoid low-
permeability facies as much as possible. During the release period,
concentration data and ERT data at six time points (t =2, 3,4, 5,7, 13
days) and post-release head data (t = 16 days) are collected, resulting in
252 hydrologic data points for inversion, with 1 % observation noise
considered (Zhanet al., 2022). For the ERT forward model, the relevant
parameters in the petrophysical relationships are listed in Table 1. To
maintain the comparability of the synthetic experiment and the
simplicity of the model, each facies is treated as having representative
constant parameters, porosity, cementation exponent, and saturation
exponent, which are assumed invariant within the same facies. The
selected parameters are derived from representative values extracted
from actual measurements in the Chaobai River alluvial fan of the Bei-
jing Plain (Zhu et al., 2017). In this study, two media with markedly
different permeabilities were chosen for comparative filling, aiming to
highlight as clearly as possible the controlling effect of structural het-
erogeneity on flow and transport. Furthermore, consistent with the
treatment commonly adopted in synthetic case studies and sandbox
experiments, we set S, = 1 in Eq. (6), i.e., considering only the direct
correspondence between bulk conductivity under saturated conditions
and pore-water conductivity. This highlights how variations in solute
concentration influence bulk conductivity through changes in pore-
water conductivity. Electrodes are arranged on the top horizontal sur-
face of the model at intervals of 2 m (Fig. 4b), employing the commonly
used dipole-dipole array for field surveys (Johnson et al., 2015). A total
of 1560 ERT data points are used for inversion, with 10 % observation
noise included (Kang et al., 2021). This study designed five cases to
represent different inversion scenarios, with detailed information pro-
vided in Table 2. The prior scenario directly identifies aquifer structures
using stochastic simulation method based on facies observations, while
cases 1-5 use the HCGDIF to identify aquifer structures by assimilating
different types of dynamic observations. All inversion schemes share the
same set of facies observations from boreholes as conditional data.
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Table 2
Definition of identification scenarios for measurement types.

Case Observations type Number of data
Prior F 200

1 F+H 236

2 F+C 416

3 F+C+H 452

4 F + ERT 1760

5 F+C+ H+ ERT 2012

Abbreviations: F, facies observations from drilling; C, solute concentration; H,
hydraulic head; ERT, electrical resistivity tomography.

4. Results and discussion

4.1. Training results of the structure generation model and surrogate
models

4.1.1. Performance evaluation of integrated structure generation model
According to the method described in Section 2.2, GEOST are
employed to generate 10,000 random structures from facies observa-
tions, forming the training set for the DL-based generation model. The
training epochs are set to 50 and the batch size is 64. The learning rate is
0.002, and the adaptive optimization algorithm Adam is used to update
neural network parameters based on gradient information. The di-
mensions of the latent vector are set to 200 to represent the high-
dimensional aquifer structure (3200 dimensions), compressing the pa-
rameters to be estimated by 16 times, which significantly reduces the
computational burden of parameter inversion. Fig. 5a-c show three
aquifer structures stochastically generated by GEOST, with the corre-
sponding reconstruction results shown in Fig. 5d-f. The visualized
analysis indicates that the reconstruction results exhibit only slight
estimation errors at the boundaries between different facies, with ac-
curacies of 97.66 %, 97.38 %, and 97.25 % calculated grid by grid
among the 3200 grids. Therefore, DL-based generation model can
accurately capture the facies distribution patterns in the dataset, sup-
porting the DA algorithm in refining aquifer structure adjustments.

4.1.2. Performance evaluation of DOCRN

DOCRN and HROCN are used as surrogate models for forward sim-
ulations within the proposed framework. These surrogate models need
to ensure prediction accuracy while improving simulation speed. To
obtain the dataset required for training, we randomly sample 10,000
latent vectors from a standard normal distribution and input them into
the decoder of the DL generation model to generate 10,000 random
aquifer structures. Following the method described in Section 2.3,
coupled hydrogeophysical forward simulations are performed on the
random aquifer structures to obtain high-fidelity concentration, head,
and ERT data. Each training sample for DOCRN includes one aquifer
structure, six concentration distribution fields at different time points,
and one head distribution field; each training sample for HROCN con-
tains one aquifer structure and six ERT datasets at various time points.
For both datasets, 80 % of the samples are randomly selected for
training, while the remaining 20 % are used for testing. Both HROCN
and DOCRN use the Adam optimizer to update network parameters,
with learning rate decay applied during training to prevent overfitting
(decay factor set to 0.99). Both networks have the same training epochs
(200) and batch size (128), with an initial learning rate of 0.001 for
DOCRN and 0.0005 for HROCN. Additionally, due to the different di-
mensions of the data types, directly assimilating raw data makes it
difficult to balance the weights in the inversion process. Therefore,
normalization is applied to each type of dynamic response data:
R, = (R,;: - R;in) (Rfrmx - R"min)7l (16)
where ﬁnm and R}, represent the normalized and unnormalized values of
the n th type of dynamic responses on the m th grid. R]},,, and R}, are the

min
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(2) (b) (c)
(d) (e) ()

Fig. 5. Stochastic aquifer structures: (a), (b), (c); corresponding aquifer structures reconstructed by DL-based generation model: (d), (e), (f). Red represents the
distribution of low-permeability facies, while blue represents the distribution of high-permeability facies. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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Scaled Head. y represents the results from the high-fidelity numerical model, y represents the predicted results of DOCRN, and e denotes the prediction errors of
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maximum and minimum values of the n th type of dynamic response
data in the training samples.

To evaluate the performance of DOCRN and HROCN, reference
aquifer structures not present in the training set are input into both the
high-fidelity numerical models and the surrogate models to calculate
prediction errors for different types of dynamic response fields. Fig. 6a-f
shows the predictive capability of DOCRN for concentration fields at
various time steps, and Fig. 6g shows its performance in predicting the
hydraulic head field. Note that the concentration and hydraulic head
fields generated by the high-fidelity numerical model are normalized to
the same scale as the DOCRN training set using Equation (16). The
prediction error maps were generated through a direct comparison be-
tween DOCRN and high-fidelity numerical model outputs. The concen-
tration field errors at all time steps are within a range of +0.2, with
larger errors mainly located at the edges of the solute plume. The error
range for the hydraulic head field is within +0.05, indicating that
DOCRN’s predictions for the hydraulic head field are more accurate than
those for the concentration fields. In summary, DOCRN demonstrated
reliable predictive capabilities in terms of accuracy compared to the
high-fidelity numerical model. To obtain the dynamic response data of
concentration and hydraulic head at monitoring points, time-series data
at the corresponding locations are extracted from the state fields pre-
dicted by DOCRN.

4.1.3. Performance evaluation of HROCN

As described in Section 2.4, the overall network design of HROCN
inherits the structural characteristics of ConvNeXt while extensively
integrating the core innovation of ResNet, residual connections, to
enhance the efficiency and stability of feature propagation. To system-
atically evaluate the performance of HROCN, this study first conducts a
comparative analysis against two representative architectures,
ResNet50 and ConvNeXt. All models are trained on the 10,000 sets of
randomly generated structures and corresponding ERT data introduced
in Section 4.1.1. The training and testing split and hyperparameter
settings are kept consistent across models to ensure a fair comparison.
The apparent resistivity data from ERT surveys are collected on a uni-
form spatial grid with contiguous measurement volumes. Therefore, this
study organizes the apparent resistivity data into a 1D vector form for
direct transmission within the inversion framework. The performance
evaluation metrics for the three alternative models include the regu-
larized L; loss function (see Supporting Information Text S2), the coef-
ficient of determination (R?) and the Root-Mean-Square Error (RMSE):

L Th (5:-5)

Z?:l (.yi - }_’)

N - )
RMSE = HZHUG‘ ¥i)

where y; represents the output of surrogate models, y; is the output of the
high-fidelity numerical model, y is the mean value of y;. A lower L;,
RMSE and a R? value approaching 1.0 suggest better performance of
surrogate models. It should be emphasized that only the L loss was used
during training, whereas R? and RMSE were employed solely for post-
training evaluation and comparison. The comparative results of the
three models are presented in Supporting Information Text S3.

Fig. 7 shows a comparison between the predictions of HROCN and
high-fidelity numerical model. The red dashed line represents the
standard fit line, where the x-axis corresponds to normalized results
from the high-fidelity numerical model, and the y-axis corresponds to
predictions from HROCN. All scatter points are located near the stan-
dard fit line, with no significant outliers observed. The calculated R? is
0.9988, and the RMSE is 0.0085. The comparison results indicate that
HROCN can provide reliable predictions of apparent resistivity.
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Fig. 7. Comparison of ERT data predictions between HROCN and the high-
fidelity numerical model.

4.2. Inversion results

4.2.1. Accuracy of aquifer structure identification

The identification of aquifer structures is performed according to the
steps described in Section 2.1. The initial sample size of latent vectors is
set to 2000, and the number of ILUES iterations is 40. All cases shared
the same prior parameter set, yielding 2000 posterior aquifer structures
after assimilating dynamic observations for each scenario. The conver-
gence criteria of ILUES and the sensitivity analysis of ensemble size are
provided in Supporting Information Text S4. Posterior aquifer structures
from different cases are compared with the facies represented by each
grid in the true structure. Fig. 8 presents the distribution of aquifer
structure identification accuracy and its ensemble standard deviation
under different observation data scenarios. The Prior scenario, based
solely on borehole data, performs poorly overall, with an average ac-
curacy of only 81.95 %, a minimum value as low as 68.38 %, and a
standard deviation of 4.41 %, indicating not only low precision but also
high uncertainty. In contrast, the use of dynamic observations signifi-
cantly improves identification accuracy and reduces uncertainty.
Among single data types, hydraulic head (Case 1) and ERT (Case 4) both
demonstrate strong performance. Case 1 achieves an average accuracy
of 95.15 % with a standard deviation of only 0.12 %, indicating high
stability. Case 4 attains the highest average accuracy (95.85 %) and the
lowest standard deviation (0.10 %) across all scenarios, with the mini-
mum accuracy remaining above 95 %, demonstrating that ERT provides
the strongest and most stable constraint on aquifer structure. In com-
parison, Case 2, which uses only solute concentration data, has a lower
average accuracy of 92.53 % and an increased standard deviation of
0.68 %, indicating its relatively limited independent constraint on
structure identification. In joint inversion, the combination of hydraulic
head and solute concentration (Case 3) results in an average accuracy of
93.09 %, higher than using concentration alone, but its standard devi-
ation rises to 1.08 %. This indicates that while the joint data improves
certain samples (with a maximum accuracy of 96.47 %, exceeding the
95.56 % achieved by hydraulic head alone), it also introduces greater
variability among samples. Furthermore, when ERT data are incorpo-
rated into the joint inversion (Case 5), the average accuracy increases to
93.35 % and the standard deviation drops significantly to 0.57 %,
showing that the inclusion of ERT not only enhances overall accuracy
but also effectively reduces uncertainty in multi-source joint inversion.

Fig. 9 presents the average aquifer identification accuracy at
different depths for different posterior scenarios, where the x-axis rep-
resents depth and the y-axis corresponds to the average accuracy across
all samples in the posterior ensemble. For example, a point at 8 m on the
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Fig. 9. Average aquifer identification accuracy at different depths for different
posterior scenarios.

x-axis with a y-value of 92 % indicates that the average identification
accuracy of the 2000 samples from the surface to 8 m depth is 92 %.
Overall, the curves for all scenarios exhibit varying degrees of fluctua-
tion in the shallow region (0-7 m) and gradually stabilize with a slight
increase at greater depths (>10 m). This pattern is closely related to the
inherent heterogeneity of the aquifer structure: in shallow regions, more
complex facies variations generally reduce the accuracy of inversion
results, whereas in deeper regions, the relatively continuous facies leads
to more stable identification accuracy. Among the single data scenarios,
ERT (Case 4) performs best, maintaining an average accuracy above 95
% across the entire profile without noticeable degradation with depth. In
particular, in the shallow region where heterogeneity is most pro-
nounced, its curve is significantly higher than those of other scenarios,
indicating that the high sensitivity of ERT in shallow regions enables it
to capture abrupt facies changes while still providing stable constraints
at depth. In contrast, hydraulic head data (Case 1) is substantially
affected in the shallow region, but its accuracy gradually increases with
depth, approaching 95 % in the middle region. Concentration data (Case
2) alone performs relatively weakly, with accuracy remaining around
92 % and showing large fluctuations from shallow to the middle region.
In joint inversion, the combination of hydraulic head and concentration
(Case 3) achieves slightly higher accuracy at depth compared with Case
2, reflecting a certain degree of complementarity between the two data
types. However, the accuracy in the shallow region remains low and
fluctuations persist, indicating that multi-source coupling does not
significantly mitigate the effects of heterogeneity. Notably, when ERT
data are incorporated (Case 5), the average accuracy in the shallow
region matches that of Case 4, but the performance in the deep region

11

does not retain the same advantage and is comparable to Case 3. This
suggests that while ERT enhances shallow region identification, its deep
region advantage is attenuated in multi-source joint inversion due to the
weighting and coupling interactions among different data types.

4.2.2. Uncertainty analysis of inversion results

The impact of different types of data on the uncertainty of aquifer
structure inversion is evaluated using facies probability map and tracer
breakthrough curves (BTC) from observation wells. The facies proba-
bility map in this study is obtained by calculating the sample mean of the
indicator variable for the low-permeability facies:
P = >0 EK) (8)
where p’(k) represents the probability of low-permeability facies at
location k, N is the total number of samples, and I* (k) is the indicator
variable for low-permeability facies. For the i th sample, if the facies at
location k is low-permeability facies, then IF(k) = 1; otherwise, I* (k) =
0.

As shown in Fig. 10a, the facies probability map of the prior struc-
tural ensemble exhibits high overall uncertainty. Only at borehole
(conditioning observation) locations do the occurrence probability of
low-permeability facies remain stable at 0 or 1, indicating that the prior
samples already incorporate conditioning constraints. After inversion
with different types of observation data, the uncertainty of the structural
ensemble is markedly reduced and is primarily concentrated along facies
transition boundaries. A comparison of results reveals that assimilation
of ERT data (Fig. 10e) produces the lowest overall uncertainty, with
notably lower uncertainty in the shallow region than in the deep region,
demonstrating the stronger constraint of ERT on shallow structures. In
contrast, assimilation of hydraulic head data (Fig. 10b) results in lower
uncertainty than assimilation of concentration data (Fig. 10c), but
neither exhibits the depth-dependent pattern observed in the ERT case.
This difference is related to data acquisition methods: ERT relies on
surface electrodes and suffers from signal attenuation with depth,
whereas hydraulic head and concentration data are collected as point
measurements at fixed well locations. The joint assimilation of hydraulic
head and concentration data (Fig. 10d) produces higher uncertainty
than either dataset alone, suggesting that the inclusion of low-quality or
weakly constraining data may compromise overall inversion perfor-
mance. However, in the joint assimilation of all three data types
(Fig. 10f), this adverse effect is effectively mitigated, and overall un-
certainty is substantially reduced. It is noteworthy that in Figs. 10d, a
clear misinterpretation occurs near the middle depth of the right
boundary, where a region that should exhibit high probability (1) is
incorrectly classified as low probability (=~0). With the incorporation of
ERT data, this misinterpretation is corrected in Fig. 10f, further
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Fig. 10. The facies probability map of low-permeability facies: (a) result without inversion; (b-f) results after inversion for Case 1-5, respectively.

underscoring the critical role of ERT in reducing uncertainty and
refining boundary delineation.

The BTC uncertainty analysis reflects the impact of the differences
between the posterior aquifer structure and the true structure on solute
transport simulation. Generally, the smaller the difference, the more
accurate the solute transport simulation based on the posterior struc-
ture. The true aquifer structure, the prior aquifer structure ensemble,
and the posterior aquifer structure ensembles from Case 1-5 are input
into the high-fidelity numerical model to obtain dynamic responses over
the simulation period. Fig. 11 shows the BTC curves at Well 3, while
those at Wells 1 and 2 are provided in Figs. S5 and S6 of the Supporting
Information. The orange curve represents dynamic observations from
the true aquifer structure, while the blue curves represent the dynamic
responses of 2000 prior and posterior structure ensembles under
different scenarios. A closer match between the blue and orange curves
indicates smaller heterogeneity differences between the identified and
true aquifer structures. The prior ensemble results exhibit pronounced
uncertainty, with wide curve dispersion and large deviations from the

observations improves both accuracy and uncertainty to varying de-
grees. Assimilating hydraulic head data (Case 1) and solute concentra-
tion data (Case 2) both effectively narrow the ensemble spread, yielding
simulations closer to the observed curve. Solute concentration data
inversion achieves better consistency in terms of peak concentration and
decay trends, whereas hydraulic head data inversion shows a slight shift
in peak arrival time. Joint assimilation of hydraulic head and solute
concentration data (Case 3) alleviates this peak shift but produces a
wider curve spread, suggesting higher uncertainty. Assimilation of ERT
data alone (Case 4) provides strong constraints, yielding BTCs that
closely match the observed response with the lowest uncertainty, indi-
cating that ERT captures the overall dynamics of solute transport most
effectively. In the joint assimilation of all three data types (Case 5), the
increased uncertainty caused by hydraulic head and solute concentra-
tion data joint assimilation is partially suppressed, while the consistency
in peak concentration and peak arrival time with the true response is
maintained.

observed response. After inversion, assimilation of different
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Fig. 11. Ensembles of tracer BTC curves at Well 3 for the prior and Cases 1-5. The orange curve represents the dynamic observations from the true aquifer structure,
while the blue curve represents the dynamic responses of the identified aquifer structure. (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)
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4.3. Discussion

4.3.1. Influence of single and multi-source data on structure identification

The data discussed in this study include facies, hydraulic head, solute
concentration, and ERT observations, with inversion results varying in
terms of accuracy and uncertainty depending on the data type. Facies
observations, as the most direct conditioning data, directly determine
the quality of the training dataset for the deep learning generation
model during stochastic simulation. For example, in Fig. 10a, the un-
certainty of facies distribution is significantly reduced at observation
points and in their vicinity. This indicates that when facies observation
points are sparse, the uncertainty of structure identification increases
substantially, and facies distribution patterns may even emerge that
differ considerably from the true structure. Dynamic point-based ob-
servations such as hydraulic head and solute concentration capture
heterogeneity information along the flow path from the source to the
observation point. However, such information carries high uncertainty,
meaning that multiple structure configurations may yield responses
consistent with the observations. Increasing the number of observation
points can partially reduce this non-uniqueness (Mohamed et al., 2021).
The inversion process generally tends to minimize the misfit between
dynamic responses and observations. When the number of monitoring
points is limited, the resulting structures may deviate considerably from
the true heterogeneous configuration, even though the simulated dy-
namic responses still appear consistent with observations. As the num-
ber of monitoring points increases, the inversion is supported by more
comprehensive information, which can thereby mitigate the issue of
non-uniqueness to some extent. Although ERT method is discretely
sampled in form, it is collected over a regular spatial grid, and each
observation corresponds to a response over a continuous volume, thus
presenting a semi-continuous distribution over the region. This wide
spatial coverage and continuous response capability give ERT data sig-
nificant advantages in identifying spatial structures, contributing to the
lower uncertainty observed in ERT-based inversion results in this study.

Data fusion from multiple sources can improve the accuracy of single
data inversions and mitigate the adverse effects of data scarcity in
practical applications. All observations are generated based on well-
defined physical processes, such as groundwater flow governed by
Darcy’s law and solute transport following the advection-dispersion
mechanism. Therefore, inversions using a single type of data often better
recover features related to the physical process represented by that data.
However, integrating results from different data types in traditional
approaches often requires manual model adjustments and result cor-
rections, which are prone to subjective bias. The HCGDIF enables joint
inversion of multiple data types to obtain unified structure identification
results, thus significantly reducing human intervention and improving
objectivity and consistency. For example, results in this study demon-
strate that the combination of hydraulic head and solute concentration
data improves the accuracy of heterogeneous structure identification,
while incorporating ERT data further mitigates the increased uncer-
tainty caused by noise accumulation in multi-source data fusion.
Particularly in the shallow region, the heterogeneity of the true structure
is more pronounced. In this case, inversion accuracy based solely on
hydraulic head and concentration data is relatively limited, whereas the
integration of ERT data improves the overall reliability of structure
identification.

4.3.2. Framework characteristics and applicability

Previous hydrogeophysic studies typically rely on traditional
geophysical inversion techniques, where raw observations are inverted
to obtain geophysical parameters and subsequently converted into
spatial distributions of hydrologic parameters via petrophysical re-
lationships (Gottschalk et al., 2017; Jiang et al., 2023; Sassen et al.,
2012; Tsai et al., 2022). However, conventional inversion methods often
employ isotropic regularization, resulting in overly smooth parameter
fields that fail to capture strong heterogeneity. Numerous studies have

13

Journal of Hydrology 665 (2026) 134701

shown that DL models can infer complex nonlinear relationships be-
tween raw geophysical observations and geophysical parameters.
Compared to traditional Gauss-Newton inversion methods, they achieve
unprecedented breakthroughs in computational accuracy and efficiency
(Alvarez and Kodagoda, 2018; Jamil et al., 2024; Li et al., 2023; Tan
etal., 2019). Nevertheless, these DL-based methods are typically limited
in their ability to handle multi-source data fusion, as different types of
data are often inverted independently and require manual calibration to
reconcile the results. In contrast, the HCGDIF framework enables a
process-based joint inversion of hydrologic and geophysical models. By
simultaneously incorporating multiple types of observational data,
HCGDIF produces unified and self-consistent results, overcoming the
limitations of single-source or independent inversion approaches in
capturing heterogeneity and integrating multi-source information.

HCGDIF is a flexible multi-source data fusion framework in which
sub-models can be replaced according to practical requirements,
enabling its application in diverse scenarios. In the Integrated Structure
Generation Model developed in this study, both a transition probability-
based stochastic simulation method and a deep learning approach were
employed. The transition probability method essentially belongs to two-
point geostatistics. Its main advantage lies in incorporating prior
knowledge to enhance the geological plausibility of stochastic re-
alizations. However, this method relies on the assumption of second-
order stationarity. When borehole data are sparse or unevenly distrib-
uted, it often fails to accurately characterize spatial correlations between
facies, leading to reduced simulation quality. To address this limitation,
improved approaches have been proposed, such as multi-zone transition
probability models (Zhu et al., 2015; Zhu et al., 2020). Moreover, when
reliable training images are available and can adequately capture the
true facies distribution, multiple-point statistics methods (Bai and Tah-
masebi, 2020; Strebelle, 2020) can produce more accurate structural
realizations. Therefore, in practical applications, the choice of stochastic
simulation method should be adapted to the specific conditions.

In terms of computational efficiency, HCGDIF leverages DL-based
surrogate models to accelerate the prediction of dynamic responses
from facies structures. For instance, the forward modeling time for a
single sample of concentration and hydraulic head is about 6 s, while for
a single sample of ERT forward modeling, it is about 10 s. In the same
scenario, DOCRN takes about 0.5 s, while HROCN takes about 0.3 s.
Assuming the DA algorithm requires 2000 samples in each iteration and
runs for 40 iterations. For the concentration and hydraulic head-based
case, about 133 h are required during the forward simulation stage,
while DOCRN only requires about 11 h, resulting in a 12-fold
improvement in computational efficiency. For the ERT data-based
case, about 222 h are required during the forward simulation stage,
while HROCN only requires about 6.5 h, resulting in a 34-fold
improvement in computational efficiency.

Furthermore, HCGDIF demonstrates strong extensibility. In more
complex geological settings, such as aquifer systems with multiple facies
zones or multi-scale heterogeneity, the transition probability model can
be expanded by adjusting structural parameters to represent different
facies patterns (Soltanian et al., 2015). After experimentally measuring
the mean and variance of permeability coefficients for different facies
types, the aquifer structure model can be transformed into a heteroge-
neous permeability field using the Karhunen-Loeve expansion method.
The HROCN proposed in this study also demonstrates strong general-
ization capability and can be extended to other geophysical methods
such as self-potential (Kang et al., 2020; Soueid Ahmed et al., 2016) and
induced polarization (Romhild et al., 2024), to improve data prediction
accuracy and computational efficiency.

4.3.3. Research limitations

Despite the promising potential of HCGDIF, the use of synthetic ex-
periments in this study limits its generalizability, and several challenges
remain in practical applications. (1) The uncertainty of petrophysical
relationships remains a key factor affecting the accuracy of coupled
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hydrogeophysic modeling (Brunetti and Linde, 2018; Friedli and Linde,
2024). In this study, Archie’s law was employed, which is applicable to
clay-free heterogeneous media. For clay-rich media, the effect of cations
sorbed on the mineral surfaces must be additionally considered (Kang
et al., 2019; Revil et al., 2018). Some studies have also constructed
empirical relationship models through laboratory experiments (Binley
et al., 2015; Linde et al., 2017). However, in complex field environ-
ments, the applicability and stability of these relationships and their
parameters are highly uncertain. (2) Observation data inevitably
contain noise from various sources, including instrument limitations,
operational errors, and environmental interference (Huisman et al.,
2010; Linde et al., 2015). To make the synthetic experiments more
realistic, a relatively high level of noise was introduced into the simu-
lated ERT data. Nevertheless, in single data inversion scenarios, ERT
data still yielded the best results, indicating a certain robustness to
observational noise. It is noteworthy that, in theory, the reliability of
inversion results should increase with the amount of observational data.
However, this study found that the inversion using the limited hydraulic
head data outperformed that using solute concentration data. This can
be attributed to the fact that while DL-based surrogate models sub-
stantially enhance computational efficiency, they inevitably introduce
model noise. Such noise can be interpreted as the deviation between
surrogate model predictions and high-fidelity numerical simulations. On
the one hand, the generalization ability of deep neural networks de-
pends on the quality and diversity of training data. The model may
produce prediction bias when data is insufficient or feature extraction is
inadequate; on the other hand, the design of the network architecture
and optimization strategies may also introduce new uncertainties, such
as overfitting, gradient vanishing or explosion, etc., which further affect
prediction accuracy (Chan and Elsheikh, 2019; Mo et al., 2020; Siade
etal., 2020; Xiao et al., 2021). Therefore, a systematic investigation into
the mechanisms of observation and model noise under different data
types, along with the development of compensation and correction
strategies, represents a crucial direction for extending HCGDIF to
practical applications.

5. Conclusions

This study develops a Combined Hydrologic, Chemical, and
Geophysical Data Deep Inversion Framework (HCGDIF) for the identi-
fication of heterogeneous aquifer structures under varying data avail-
ability conditions. The framework consists of three core components: (1)
the Integrated Structure Generation Model for dimensionality reduction
of heterogeneous structures; (2) deep learning (DL)-based surrogate
models for predicting hydrogeophysical dynamic responses; and (3) the
ILUES algorithm for minimizing the mismatch between observations
and simulated responses. Based on a synthetic electrical resistivity to-
mography (ERT)-monitored tracer experiment, the following key find-
ings are obtained:

1. The Integrated structure generation model can generate a large
number of random structures from limited facies observations and
parameterize heterogeneous structures into latent vectors of cus-
tomizable dimensions. This effectively addresses the challenge of
inverting high-dimensional heterogeneous parameters and provides
sufficient training data for the DL models.

2. The DL-based surrogate models achieve rapid prediction of dynamic
responses while maintaining accuracy comparable to high-fidelity
numerical simulations. In particular, the Hybrid Residual Octave-
Convolution network with Squeeze-and-Excitation attention
(HROCN), which integrates octave convolution layers, dense resid-
ual connections, depthwise separable convolutions, and attention
mechanisms, effectively captures the complex nonlinear mapping
between aquifer structures and ERT data, yielding higher accuracy
than baseline models.
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3. Due to differences in sampling strategies and underlying physical
processes, different data types contribute differently to structure
identification. When hydraulic head and solute concentration data
are sparse, their identification accuracy is lower than that of ERT
data. Although multi-source data fusion provides higher identifica-
tion accuracy than single data, it may also lead to greater uncertainty
due to the accumulation of observation noise. The inclusion of ERT
data, with its regionally semi-continuous distribution characteristics,
helps reduce this uncertainty.

The scenarios considered in this study include independent and joint
inversions using hydraulic head, solute concentration, and ERT data. All
results clearly demonstrate the robustness of the HCGDIF under various
data conditions. In addition, the HCGDIF achieves synergistic inversion
of hydrologic and geophysical models and significantly improves
inversion efficiency through the incorporation of DL techniques. In
future practical applications, beyond the differences in the information
content carried by various types of data, data errors and missing ob-
servations may also affect inversion performance to varying degrees.
The findings of this study highlight the importance of integrating mul-
tiple complementary observation datasets, particularly those with
broader spatial coverage, to enhance the robustness of structure iden-
tification. Future research should place greater emphasis on optimizing
monitoring networks, evaluating noise propagation across multi-source
datasets, and improving strategies for fusing data in real-world
applications.
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