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Abstract

Model development in groundwater simulation and physics informed deep learning (DL) has been
advancing separately with limited integration. This study develops a general hybrid model for
groundwater level (GWL) simulations, wherein water balance-based groundwater processes are
embedded as physics constrained recurrent neural layers into prevalent DL architectures. Because
of the automatic parameterizing process, physics-informed deep learning algorithm (DLA) equips
the hybrid model with enhanced abilities of inferring geological structures of catchment and
unobserved groundwater-related processes implicitly. The main purposes of this study are: 1) to
explore an optimized data-driven method as alternative to complicated groundwater models; 2) to
improve the awareness of hydrological knowledge of DL model for lumped GWL simulation; and
3) to explore the lumped data-driven groundwater models for cross-region applications. The 91
illustrative cases of GWL modeling across the middle eastern continental United States (CONUS)
demonstrate that the hybrid model outperforms the pure DL models in terms of prediction
accuracy, generality, and robustness. More specifically, the hybrid model outperforms the pure DL
models in 78% of catchments with the improved ANSE=0.129. Meanwhile, the hybrid model
simulates more stably with different input strategies. This study reveals the superiority and
powerful simulation ability of the DL model with physical constraints, which increases trust in
data-driven approaches on groundwater modellings.
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A novel hybrid model for simulating groundwater level was developed
The hybrid model integrated water balance equations with deep learning algorithm

The proposed model presented the superiority and powerful simulation ability

The automatic parameterizing ability enhanced the model for cross-region simulation
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1 Introduction

Groundwater plays an important role in geophysical and hydrological simulation (Cuthbert
et al., 2019; Li et al., 2017; Zipper et al., 2018). Two major focuses related to groundwater
simulation are: 1) exploring the essence of hydrological cycle and its potential influences on
geophysical dynamic system, such as climate change (Ma et al., 2021a; Fan et al., 2013; Mohan et
al., 2018) and drought propagation (Ma et al., 2021b; Sadeghfam et al., 2018; Zhou et al., 2020);
and 2) exploring rational strategies including management, utilization and protection of
groundwater resources under the impacts of human activities, such as pumping (Zipper et al., 2018)
and pollutant transport (Ossai et al., 2020; Tian et al., 2015). For groundwater-related simulations,
seeking accurate prediction of groundwater level (GWL) is an inevitable task. Due to the
deepening understanding about the essence of geophysical dynamic system, many efforts have
been devoted into process-based hydrological models (Feng et al., 2020). In general, the successes
of traditional groundwater-related hydrological models relied heavily on detailed geological
attributes and meteorological data. More specifically, referring to collected local hydrogeological
information, such as boundary conditions, land covers, and so on, a catchment is divided into
several hydrological units and water interaction between adjacent hydrological units is simulated
numerically (Mohan et al., 2018). Furthermore, strong mathematical derivation ability is required
for establishing groundwater-related models since the relevant governing equations are almost
two- or three-dimensional partial differential equations (PDES). In general, process-based models
are the most suitable simulation strategies for catchments where the knowledge of flow path,
geological characteristics and boundary conditions are vital and extensively clear (Sahoo et al.,

2017). Despite there are many successful cases of applying traditional process-based models to
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simulate GWL in specific regions, it has been criticized as too complex, parametric, difficult and
regional limited to use (Beven and Cloke, 2012; Clark et al., 2015a; Simone Fatichi et al., 2016;
Tran et al., 2021). Moreover, it is still extremely difficult for process-based models to perfectly
describe the water flow with nonlinear interactions, spatial heterogeneity, and time lags in real
groundwater systems (Clark et al., 2015b). With the continuous development of computer science
and deep learning algorithms (DLAs), data-driven hydrological models seem to be reliable
alternatives for traditional process-based hydrological models.

In general, the main data sources for hydrological modeling originate from observations,
surveys, and lab experiments over years of systematic research (Chadalawada et al., 2020).
Multiple variables, sources, and resolutions in space and time doom the complex and big-data
nature of hydrological data. With the aiming of exploring, extracting, and simulating the
information from the raw data, different types of DLAs emerged as times required. Among the DL
strategies, artificial neural networks (ANNs) and their optimized forms have become the
mainstream methods for establishing data-driven hydrological models. During the past decades,
applications of data-driven DL models have burgeoned in different fields of hydrology and their
performances have been widely recognized (Reichstein et al., 2019). For examples, commonly
recognized DLAs for hydrological timeseries modeling, such as streamflow and GWL forecasting,
include: recurrent neural network (RNN) based models, for instance, long short-term memory
(LSTM) (Feng et al., 2020; Gao et al., 2020; Kratzert et al., 2019; Jiang et al., 2021) and gate
recurrent unit (GRU) (Cai et al., 2021; Zhang et al., 2021); convolutional neural networks (CNN)
(Jiang et al., 2018; Jiang et al., 2019); genetic programming (GP) (Babovic, 2009; Babovic and
Keijzer, 2002; Chadalawada et al., 2017; Liu and Shi, 2019; Chadalawada et al., 2020); and etc.

Admittedly, benefited from the outstanding computational efficiency with diverse algorithm types,
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DL models present excellent adaptability and versatility when serving as alternatives to traditional
models. Comparing to the process-based models, DL models have advantages in terms of easy
construction, computing speed, and data requirements (Reichstein et al., 2019). However, criticizes
on DL models focus on the black-box essence, which means that DL models are more like
computing tests without any physical meanings. As a result, DL models have not been
psychologically accepted by hydrologists because such models cannot improve our understanding
the essence of natural hydrogeological processes at present.

In recent years, application of artificial intelligence methods on hydrological modeling has
developed into a new and critical stage which integrating DLAs with dynamic geophysical
processes is expected to enhance the performance and generality of data-driven models
simultaneously (Frame et al., 2022; Jiang et al., 2020; Hoedt et al., 2021; Reichstein et al., 2019;
Zhao et al., 2019). Recent studies have demonstrated two strategies of integrating physical
constraints and DLAs: 1) using interpretation methods to demonstrate the prevalent DL
architectures for gaining scientific insights. For example, Jiang et al. (2022) explored the flood
inducing factors by analyzing inner works of the LSTM models. 2) embedding physical processes
into DL models to improve their awareness to systematic dynamic processes. Among these
research works, one strategy is adding physical informed equations into loss functions of deep
learning models (Raissi et al., 2019). For example, Wang et al. (2020) proposed a Theory-guided
Neural Network (TgNN), which considered groundwater related factors (including governing
equations, boundary conditions, initial conditions, engineering controls and expert experience) as
residual terms for loss function of the neural networks. This type of strategy is mostly suitable for
specific spatial problems as it could be considered as a powerful approximator for the PDEs.

Another strategy is adding physical constraints into the inner neural networks for forward
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propagation. This type of strategy is majorly based on recurrent neural networks (RNN) for
timeseries simulations. For example, Kratzert et al. (2019) optimized the LSTM models with
regional entity awareness for streamflow simulation; Zhao et al. (2019) integrated Penman-
Monteith equations into ANN models for simulation of evapotranspiration. Significantly, Niu et
al. (2019) demonstrated the relationship between the network architecture of RNN family and
numerical method, and theoretically supported the use of RNN to solve problems involving system
dynamics. Jiang et al. (2020) successfully embedded snowmelt process into DL models for
streamflow simulations. In general, most previous studies only focused on streamflow-related
tasks, applications of physically constrained DL models on the GWL simulation remains to be
explored.

With the purpose of improving the performance of lumped DL model for GWL simulation
at catchment scale with limited geological observations, this study proposed a hybrid hydrological
model with water balance as physical constraints and DLA as cornerstone. The embedding of water
balance equations is theoretically supported by the algorithm of solving ordinary differential
equations (ODEs) with RNN (Jiang et al., 2020). The groundwater-related water balance equations
are summarized from GSFLOW model (Markstrom et al., 2008), EXP-HYDRO model (Patil &
Stieglitz, 2014), and TOPMODEL (Kirkby, 1975). Two prevalent DLAs for timeseries
simulations, i.e., one dimensional convolutional neural network (1D-CNN) and gate recurrent unit
(GRU), are established for comparisons of simulating performance. Specifically, the hybrid model
consists of a self-designed RNN model (WB-Model) with wrapped water balance equations and a
prevalent DL model (two-layer 1D-CNN model). Self-designed parameters of water balance
equations with physical meanings in WB-Model are determined during the iterative (training)

process of DLA, which strengthens the model’s understanding of physical process and
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hydrogeological characteristics of target catchments. For hybrid model, GWL simulated form WB-
Model serves as an input for a 2-layer 1D-CNN model to give the final output. As a result,
enhanced simulation accuracy, robust, generalization ability and intelligence for inferring
characteristics of catchments are expected from the proposed hybrid model. Overall, this study
demonstrates that the novel hybrid model can garner the GWL-related physical knowledge in a
catchment vision if integrated with physical constraints properly, which makes the physical
constrained DL model be more accurate, interpretable, feasible, advanced, and promising in terms
of GWL simulations for cross-region and less ungauged catchments.
2 Data and methods
2.1 Study area and multisource data
Continental United States (CONUS), as shown in subplot(a) of Fig. 1, is divided into 18 major

watersheds by U.S. Geological Survey (https://www.usgs.gov/), and each watershed contains

either drainage area of a major river or the combined drainage area of several rivers. Experimental
data collected in this study consist of two datasets from 10 major watersheds: New England Region
(01), Mid Atlantic Region (02), South Atlantic-Gulf Region (03), Great Lakes Region (04), Ohio
Region (05), Tennessee Region (06), Upper Mississippi Region (07), Lower Mississippi Region
(08), Missouri Region (10) and Arkansas-White-Red Region (11). The first dataset is from publicly
available Catchment Attributes and Meteorology for Large-Sample Studies (CAMELS), which
contains two types of data to describe a specific catchment with minimal human disturbance: 1)
seven types of basin-averaged daily hydrometeorological timeseries data mostly recorded from
1980 to 2014 at hydrometeorological observation stations: precipitation (P), surface downward
solar radiation (SRAD), snow water equivalent (SWE), maximum temperature (T,,,,,), minimum

temperature (T,;,), near surface daily average vapor pressure (V},), and streamflow observations
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at catchment outlet (SF); and 2) six types of averaged catchment attributes, i.e., topography and
location, climate indices, hydrological signatures, land cover characteristics, soil characteristics,
and geological characteristics (Addor et al., 2017; Newman et al., 2015). Each catchment in the
CAMELS dataset is represented by a hydrological unique code (HUC). The second dataset is the
freely available daily GWL data corresponding to catchments in the CAMELS dataset, which was
collected and compiled by U.S. Geological Survey. In this study, we selected the GWL data
following three principles simultaneously. First, the selected groundwater wells must provide daily
GWL data with 25 to 30 consecutive years between 1980 and 2014. Lower limit of 25 years was
set to ensure both enough monitoring wells that could meet the standard and a satisfying amount
of data for the need of DL model. Meanwhile, upper limit of 30 years was set to control the
difference of data volume for DL model to ensure the simulation results were comparable. Second,
as shown in Fig. 1, GWL data must be collected from the monitoring wells closest to the
streamflow observation stations from the same catchment. This principle was set to make sure that
the hydrological factors in the CAMELS dataset were major driving forces of the GWL changes.
Despite we recognized that the boundaries of groundwater and streamflow catchments are not
always perfectly overlapped, among the dataset we collected, compared with the average
catchment area of 812 km?, we believed that the average distance of 20 km between groundwater
monitoring wells and streamflow stations was small enough to ensure their potential interactions.
Third, since the CAMELS dataset contained only catchments with minimal human impacts and
human impacts were not considered in this study, the groundwater data we collected should also
avoid urban and agricultural areas with frequent human activities. However, most of the wells we
collected in the western CONUS, especially in California Region, presented obvious traces of

human activities such as pumping. The number of eligible wells in those regions is negligible. As



138 aresult, 91 catchments from 10 major watersheds located in the central eastern CONUS were used

139  for this study (Fig. 1).
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141 Fig. 1. Distribution of streamflow observations and groundwater monitoring wells used in
142 this study. Map of the 18 major watersheds of Continental United States (subplot(a)).
143 Examples of several catchments and locations of groundwater wells and streamflow
144 stations (subplot(b)).
145
146 2.2 Deep learning methods for hydrological timeseries simulation
147 2.2.1 Gate recurrent unit
148 A general concept of RNNs refers to a class of ANNs with recurrent cells, which works on

149  the principle of storing the output of a particular layer and feeding it back to the input in order to
150  predict the optimate output of the layer. During the past decades, a variety of RNN-based DL

151 models, including GRU and LSTM, were proposed following different strategies of designing the
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recurrent cell. To better introduce GRU model, we will firstly introduce the basic model of RNN
family, i.e., simple RNN model. As shown in Fig. 2(a), a simple RNN (Rumelhart et al., 1986)
recurses in the evolution direction of the sequence and all nodes are connected in a chain. The key
point of a simple RNN model is the concept of hidden state (S;), which stores information from
previous time steps and delivers the previous features to predict the output (y,). The specific
algorithms are listed as follows:
St = os(Usxy + W,Si_1 + by) (1D
ye = oy (WS, + by) (2)
where ¢ is an activation function strategy, U and W are weight matrices, and b is a bias vector.
Theoretically, RNN can make use of all the information from former sequence, which makes it a
preferred strategy for timeseries analysis. However, due to the gradient vanishing and explosion
problems, a simple RNN would perform poorly when it comes to long sequence analysis because
outputs are likely to be only determined by several former steps. In order to solve these problems,
LSTM was firstly brought up for language processing with three gating controllers and two hidden
states (Hochreiter and Schmidhuber, 1997). To simplify the LSTM structure, GRU neural
networks (as shown in Fig. 2(b)) were proposed by Cho et al. (2014). GRU neural networks share
a similar chain structure with that of a simple RNN, but the internal operations inside the recurrent
cell are optimized for long short-term sequence simulation. The core algorithm of GRU is the two-
gate controller: reset gate and update gate. The reset gate determines how to combine the new input
information with the previous memory (which information will be stored or deleted), and the
update gate defines the amount of previous memory saved to the current state (which data will be

output from the current state). Computational workflow of GRU can be summarized as follows:
7 = o(Wy[xe, he_1] + b,) 3)

1y = oW [xe, he—1] + by) 4)
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h; = tanh(W,, - x; + Uy, - (1:®h;_1) + by) (5)

he = (1 - 2z)®h,_; + z,Qh, (6)

where W and b are weight matrices and bias vectors; z, and r; are update and rese gates’

activation vectors; h, is potential update vector; ¢ and tanh are sigmoid and hyperbolic tangent

functions. Recently, several studies have shown that GRU presents similar, if not better, simulation

performance with LSTM but a better computational efficiency due to a reduction of structural

complexity (Ayzel and Heistermann, 2021; Gao et al., 2020). Therefore, we applied GRU

networks as one scenario of GWL simulation. As shown in Fig. 2(d), referring to the modelling

strategy introduced by Cai et al. (2021), we adopted two GRU layers with a full connection layer
and a dropout layer for the catchment-scale GWL simulation.

2.2.2 One dimensional convolutional neural network (1D-CNN)

Convolutional neural network was firstly proposed by LeCun et al. (1989), who integrated
the back propagation algorithm and shared weights into convolutional neural layer. Normally, the
basic structure of CNN consists of input layer, convolutional layer, pooling layer, full connection
layer, and output layer. As shown in Fig. 2(c), 1D-CNN structure applied in this study adopts
convolution layer and pooling layer alternately. A convolution operation involves two steps: 1)
multiple learnable convolutional kernels (also known as filters) read the former layer, such as input
layer, by sliding on sequence matrix; and 2) the output features of the upper layer are convoluted
with the convolution kernel, that is, the dot product operation is performed between the input term
and the convolution kernel, and then the results are sent to the activation function to obtain the
output features. The essence of convolutional layer is similar to RNN-based DLA, which is
extracting the most relevant features of input sequence for output sequence predicting. Comparing
with a fully connected layer, the 1D-CNN layers do not require the manipulation of lags

concatenation and decrease the memory resources allocated accordingly (Jiang et al., 2020).



200  Comparing with the RNN-based DL model, the algorithm of 1D-CNN is more concise, which may
201 make its simulation performance not be as good as that of RNN-based model, but its calculation
202 speed will be much faster (Jiang et al., 2020). To this point, 1D-CNN layers are chosen as one

203  section of the hybrid model for efficient testing.
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2.2.3 DLA for solving ODEs
In general, the simplest form of RNN-based model is that the input vector sequence
(1, x5, ..., x;) and output vector sequence (y4,¥,, ..., ¥:) should satisfy the following recursive
relationship:
Ve = f(Ve-1, %, 1) (7)
As shown in Fig. 2, state (S;) stores and propagates the information from last time step (S;_;),
which leads to the simplest RNN model is in fact a recursive computation model as follows:
ye = tanh(Wyy,_; + Wox, + b) (8)
where W and b are weight matrices and bias vectors.
Research concerned with dynamics and dynamical systems is usually closely related to the
solution of ODEs (Jiang et al., 2020). General ODEs have the following form:
y(@© =f@®),0) 9
Only a few ODEs can be solved analytically. In most cases, numerical method is regarded as the
first choice for solving ODEs. Euler method is a basic numerical method for solving initial value
problems of the first-order ODEs (Butcher, 2000). Implicit Euler method uses the first-order

backward difference quotient instead of differentiation, that is:

oyl —yk-1)  yk)—yk-1)
TR —tk=1D n (10)

where h is time step. In this case, the differential equation becomes an implicit difference equation:

{y(k) = y(k = D) + hf (t(k), (k) (11)

y(0) =y,
In the k-th iteration, y(k — 1) and t(k) are known values, y(k) is the unknown value to be
obtained, and £ (t(k), y(k)) is a function of the unknown value y (k) to be solved. Normally, y (k)

can be solved by iterative solution of nonlinear equations (such as Newton's iterative method):
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calculating the values of y(1), y(2), y(3), y(4), ..., y(n) in turns, and the discrete sequence is the
numerical solution of the differential equation. However, comparing Eqg. 7 with Eq. 11, it can be
concluded that the Euler solution of ODE is theoretically a special case of RNN. The forward
propagation of RNN corresponds to the Euler solution of ODE. Meanwhile, the backpropagation
process of RNN for determining the parameters brings out the advantage of applying RNN to solve
ODE (Tan et al., 2018). To be more specific, in actual problems, there is a type of problem called
“model inference”, which is based on the known experimental data. The ultimate goal is to guess
the model (mechanism inference) that this batch of data conforms to. The approach to solve this
type of problem is roughly divided into two steps: the first step is to guess the form of the model,
and the second step is to determine the parameters of the model (Viana et al., 2021). In our case,
assuming that this batch of data can be described by an ODE whose form is already known, what
needs to be focused on is the estimation of the inner parameters. From the perspective of RNN,
the process of parameter determination corresponds to how the propagation mechanism of RNN
model is designed: forward propagation is to solve ODE (RNN prediction process), and
backpropagation is to infer ODE parameters naturally (RNN training process). An interesting fact
is that, inferencing ODE parameters is a well-studied subject, but it is just one of the most basic
applications of RNN model.

As shown in Fig. 3, general idea of inserting physical constrained ODEs into the general
concept of RNN structure is to replace the step function of simple RNN model with differentiable
physical constrained equations. In our case, the proposed WB-Model is designed to encode
geosystem dynamics as a neural network architecture with RNN backend. Within the self-designed
RNN architecture, the connections (Eq. 1 and Eq. 2) between neurons in simple RNN structure,

inputs, states, and outputs, are specified with the state-space representation in an explicit discrete
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form of governing functions, which in our case are the water balance equations. Specifically, we
replaced the algorithms and the activation functions for calculating the states (S;) in hidden layer
and output (y,) by water balance ODEs with self-designed state variables, self-designed flux
variables and self-learnable parameters (see equations in Fig. 3(a) and Fig. 3(b), respectively). To
make it clearer, Fig. 3(c) presents the structure and unfolded network schematic graph of the WB-
Model layer. Unlike simple RNN model, which possesses one state variable for each hidden layer,
WB-Model is equipped with five states variables (S, S, ..., S4) for each of the so-called hidden
layer. Each state variable represents a specific groundwater related hydrological reservoir. To
calculate and update the state variables, nine flux variables are introduced. Each flux variable
represents a flow process. Flux variables are like the ‘bridges’ connecting the state variables in

order. To make the flux variable accurate and meaningful, 16 self-learnable parameters (6p),

consisting of 0,{ and 67, with physical meanings are introduced. Each parameter is determined by
the gradient descent algorithm wrapped in the ordinary RNN model. Relevant descriptions about
the water balance equations, self-designed state variables, self-designed flux variables, and self-
learnable parameters applied in this WB-Model are introduced in detail in subsection 2.3. In
summary, we redefined the step function of ordinary RNN to solve the target ODEs by introducing
self-designed state variables, self-designed flux variables, and self-learnable parameters with

physical meanings.
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Fig. 3. Architectures of the simple RNN layer and the proposed WB-Model layer.
2.3 Groundwater-related water balance equations
The essence principle for process-based models is water balance, a form of mass conservation

law in terms of hydrological research (Herrmann et al., 2016), with a generic equation as:

d—S =1(t) — 0(t) (12)

dt
where S is the water storage unit, I(t) is the inflow to the unit at time t and O(t) is the outflow from
the unit at time t. Traditional process-based hydrological model usually divides the catchments
into segments (hydrological units) and calculates the flow between adjacent segments based on
water balance equations and hydrogeological characters of segments. In addition to spatial and
temporal resolutions, existing process-based hydrological models majorly differ in mathematical
algorithm of I(t) and O(t) (Jiang et al., 2020). In this subsection, we summarized water balance
equations related to GWL from different process-based models including GSFLOW model

(Markstrom et al., 2008), EXP-HYDRO model (Patil & Stieglitz, 2014) and TOPMODEL (Kirkby,
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1975). These processes were integrated into DL by replacing the states and learnable parameters
with water balance equations for RNN model. We named the model and equations wrapped in the
RNN model as WB-Model, and related processes and equations are listed below.
2.3.1 Canopy interception

As shown in Fig. 4, interception of precipitation by plant canopy is computed during a time
step as a function of plant-cover density and the storage available on the predominant plant cover
type. The variability of the CAMELS dataset makes it possible to demonstrate the plant canopy
interception process since the landcover related data is included (Dunkerley and Booth, 1999).
Precipitation that reaches the ground is calculated by the sum of throughfall and precipitation on
the catchment not covered by plants. Canopy interception is closely related to the vegetation type
and local climate condition (Tao et al., 2020; Trinh and Chui, 2013). In this subsection, we set a
reservoir (S,) for the storage change of canopy interception. Two critical learnable parameters, the
maximum capacity of canopy interception (SC,,,4,) and canopy interception coefficient related to
plant type (K,), were introduced for physical RNN model. Since CONUS locates in the Northern
Hemisphere, we determined the seasons according to the averaged day-length: if the day-length is
longer than 0.5, we set a range with higher mean value of K. and SC,,,, because vegetation
flourishes in autumn and summer; conversely, if day-length is shorter than 0.5, we set a range with
smaller mean value of K, and SC,,,, for winter and spring. The equations (Leavesley et al., 1983)

can be summarized as:

K. XD, X A,0 <S5 < SChax
Pt = 0, So<0 (13)
Pmax» SO > SCmax

dSo

d = Pint (14)
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{Kc = K.s; SChrax = SCsmax, when DayL = 0.5 15
K. = K.; SChiax = SCwmax, when DayL < 0.5 (15)

where D, is vegetation coverage, which reflects the spatial coverage of vegetation. A is catchment

area. Values of D, and A are from the CAMELS dataset.

(S Precipitation 0 ( 0 ) O 0
6po \ Canopy Interception

|

Evapotranspiration

Infiltration of %
Hortonian flow

Rain fall & Snow melt |

Gravity Reservoir Slow interflow ————

Groundwater level

Fig. 4. The main hydrological processes considered in the proposed model.
2.3.2 Snow melt

Snow melt process, a critical factor for hydrological simulation especially in cold regions,
has been proven to be a key point for streamflow simulations with DL methods (Broxton et al.,
2019). Inspired by the methods of wrapping EXP-HYDRO model (Patil and Stieglitz, 2014) into
P-RNN model (Jiang et al., 2020), the snow melt process is implanted into the hybrid model as
follows.

First, the precipitation reaches the ground will be divided into snowfall (P;) and rainfall (B.),

which is controlled by daily temperature (T) and threshold temperature of snowfall (T,,,;,,):

(16)

int»

{Pr =P = Ppy; By = O,whenT > T,
P, =P —Py;P-=0,whenT < Tpn

Then, water from snow melt was calculated as:
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o = {min{Sl,Df X (T = Tynax)}, ifS1 > 0and T > Tpay

(17)
0, otherwise

where Dy is thermal degree-day factor, Ty, is temperature threshold of snowmelt, and S; was the

snow reservoir, which can be expressed as:

ds,
Rl P,—M (18)
2.3.3 Soil retention and groundwater flow

Describing the dynamic system of water movement in soil has always been a complex but
critical object for groundwater simulation (Banwart et al., 2019; Cai et al., 2021). Indeed, soil
structure affects the all-round local hydrological response (Fatichi et al., 2020). What we focused
on was the water distribution in soil that meets the catchment-scale water balance requirements.
Again, this part is referred to the soil structures introduced in GSFLOW model. Specifically, we
only considered the downward vertical flow process between preferential reservoir, capillary
reservoir, and gravity reservoir, with the aim of meeting the catchment-scale water balance.

2.3.3.1 Preferential reservoir

When precipitation and snow melt reach the ground, a fraction of infiltration is apportioned
to the preferential-flow reservoir to account for fast interflow through large openings in the soil
zone near land surface, while the rest of the water, which is generated when the precipitation rate
exceeds the infiltration rate of the soil that may not be saturated will be classified as Hortonian
flow (Horton, 1933). Eventually, both Hortonian flow and preferential flow contribute to the

streamflow of catchment outlet. Referring to the TOPMODEL and P-RNN model, water flow in

the preferential-flow bucket can be calculated as:

Qnor = (B + M) x (1 —Ri) (19)
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0, S,<0
Qpres =3 (P + M) X Rip X Ry X e/ (Somax=52),0 < S, < S0 (20)

Qpmaxr S2 > Spmax
where R;;, is the infiltration rate; R, is the coefficient of fast interflow; f is decay factor; S, is
preferential reservoir; S, is the storage capacity of preferential bucket; and Qppmqy is the
maximum preferential flow. The values of the parameters are learned during iterative process of
self-designed RNN model, which can be expressed as:

ds,
—= = (B + M) X Rin X Rpy (21)
t

2.3.3.2 Capillary reservoir
The capillary reservoir represents water held in the soil by capillary forces between the wilting
and field-capacity thresholds. Water is removed from the reservoir by evapotranspiration
(Markstrom et al., 2008). Referred to the EXP-HYDRO model and P-RNN model, the PET
(Potential Evapotranspiration) is estimated by Hamon’s formulation. Therefore, the calculation

can be concluded as follows:

Qcap = (P +M) X Rip X (1_Rpr (22)
ds,
E = Qcap —ET (23)

( O' 53 < Scmin
S3

ET=! PET><< ) , 0 < S5 < Semax (24)

cmax

LPET, S3 > Scmax

T
0.611 - e’ 3T+2373

=298 X L X
PET = 298 X Laay T + 237.3

(25)

where Q. is the waterflow into capillary reservoir, S is capillary reservoir, Sep,, and Sy are

the minimum and maximum storage capacities of capillary reservoir, Lg,,, is day length and T is
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local temperature. The main function of capillary reservoir is to calculate the amount of
evapotranspiration. The maximum storage capacity represents the field capacity, and the minimum
storage capacity represents the minimum storage capacity held by vegetation.
2.3.3.3 Gravity reservoir

The gravity reservoir represents water in the soil zone between field-capacity and saturation
thresholds. This reservoir was developed to provide gravity drainage from the soil zone to the
unsaturated zone, which will eventually discharge to the groundwater. According to GSFLOW
model, slow interflow from the gravity reservoirs represents the perching of water in the soil zone
above the water table that can occur because of mineralization near the bottom of the soil zone or
when soil develops over fine-grained material. Slow interflow can occur when the water content
in the soil zone exceeds the field-capacity threshold. Slow interflow is developed from continuity
and an empirical equation (Leavesley et al., 1983). For the lumped hydrological model, we added

a decay process for slow interflow referring to TOPMODEL, which can be written as:

0, S,<0
Qslow = Qgra X kl + Qéra X kn xe_f.(sgmax_&})' 0< S4 = ngax (26)

ngax' S4 > ngax

Qgra = Qcap —ET (27)
ds,
d_ = Qstow (28)
t

where Q4.4 is the water flows into gravity reservoir; S, is gravity reservoir; Sy q, is maximum
storage capacity of gravity reservoir; k; is linear coefficient of slow interflow; k,, is non-linear
coefficient of slow interflow; and Q g4 is the maximum slow interflow.

Finally, the outputs of the water balance model are expressed as:

Qstream = Qnor + Qpref + Qsiow (29)
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ng = Qgra — Qstow (30)
where Qgtreqm I the water flowing into stream at catchment outlet and Qg,, is the proportion of

water that flows into groundwater at the catchment scale.

Table 1. Pseudocode of the ODE-RNN layer for GWL simulation.

Algorithm: the water balance wrapped GWL-RNN layer

Input forcings: Precipitation (P), temperature (T) and day length (Dayl)
Self-learnable parameters:
SCmax: K. Tonin: Tnax: Dy Rins Ryr s Spmax: Qpmax- . Scapmax: Scapmin: Ki. Kn, S gmax, Q gmax
State initialization: S = 0, S” = 0,5 = 0,5” = 0and s = 0
Calculate PET (mm) via Hamon’s formulation Eqgs. (24) and (25)
Define step-functions ([P®, T®, PET®], [ §{7D, s gi~1 g0~D g0 geif Jearnable parameters)
via Eq. (13) to Eq. (28)
Caleulate Pl,, PL, PL, MY, Qlop, Qhrep) @hor Qhrar Qlion
Calculate S, s, 590 s0 0
Return 5, s, 53,58, ¢
Run RNN (step-function,[P, T, Dayl, PET], [S{”, $, 55, s, §{97) for sequences of S, S1, S5, S3, S4
Calculate timeseries Q,, by Egs. (29) and (30)

Output: the sequence of GWL near the catchment outlet (Q,,)

To better illustrate the way of wrapping above equations into WB-Model, we use snow melt
process in subsection 2.3.2 as an example. The precipitation that reaches the ground (flux from
canopy interception reservoir) and temperature in input (x;) will be used for initial input for this

section, the snow reservoir. Firstly, we set a temperature threshold T,,,;,, ranging from -3°C to 0°C

to determine whether precipitation reaching the ground is in form of rainfall or snow (Eqg. 16).
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Secondly, we set a temperature threshold T,,,, ranging from 0°C to 3°C to determine when the
snow starts to melt. A thermal degree-day factor D, ranging from 0 to 5 (mm/day/°C) was set to

calculate the snow melt (Eq. 17). The state variable (Sf), which represent the snow storage, is
updated by Eq. 18 as S = S{~' + Pf — M*. In this case, Ty, Tmax and D will be determined
through the training process. Above process is inserted into the neural network by defining S;,
rainfall, snow and melt with Eq. 16 to Eq. 18. Further, the flux out of snow reservoir (S;), which
is the rainfall and snow melt, will serve as the input for preferential reservoir in subsection 2.3.3.1
to further update S, and calculate other fluxes. With similar process, state variables will be updated
in order from S, to S, indicating water flows from precipitation to groundwater. As a result, after
updating the five states and nine flux variables, the preliminary groundwater fluctuation would be
calculated as Eq. 30. Pseudocode of the ODE-RNN layer for GWL simulation is presented in Table
1. Overall, the process-based groundwater model involves three input daily variables from the
CAMELS dataset (Precipitation, averaged Temperature and Day-length), five states variables (So,
S1, S2, Sz and Sa), nine flux variables (Prqy, Ps, By M, Qcap, Qprefs Qnor» Qgra and Qsoy), and 16
learnable parameters, which controls the hydrological behaviors (SCrax, K¢, Trmins Tmax» D Rin,
Rprs Spmaxs Qpmax:f+ Semaxs Smin» Kis kny Sgmaxr Qgmax)- AQain, the proposed WB-Model is a
spatially lumped DL model with physical constrains, which adheres strictly to the law of water
balance.
2.4 Integrated hybrid framework for GWL simulation

Inspired by the outstanding work of P-RNN integrated hybrid streamflow simulation model
(Jiang et al., 2020) and previous work of exploring the usage of DL model for large-scale GWL
simulation (Cai et al., 2021), this study proposed a hydrology-aware DL architecture for GWL

simulation. As presented in Fig. 5, there were two pipelines for the hybrid model. The first pipeline
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was the water balance based RNN model (WB-Model), which wrapped catchments attributes and
water balance equations into DLA. The forcing variables for this pipeline were precipitation, day-
length, and temperature. The parameters within WB-Model were trained separately to present a
preliminary GWL, which was furtherly served as one of the input variables for the second pipeline.
The second pipeline was a sequence-to-sequence DL model, which maps the meteorological
sequences to GWL sequence. The input variables of the second pipeline included the preliminary
GWL simulated by WB-Model and the other six dynamic forcings provided by the CAMELS
dataset. The objective of WB-Model was to identify geo-hydrological information from
observations of the external world and reorganize them in form of providing simulated preliminary
GWL. In other words, WB-Model was used to facilitate the prevalent DL model. The core function
of WB-Model was to combine water balance equations and DL algorithm to capture the fluctuation
characteristics of GWL that response to driven factors. As a result, the preliminary GWL simulated
by WB-Model was served as an important input forcing to strengthen the training process of hybrid
model. Considering the ability of handling lagged effect from hydrological signals (Feng et al.,
2020) and a faster computing speed than RNN-based model (Jiang et al., 2020), a two-layer 1D-
CNN model was chosen as the main DLA for simulating the GWL. After a large number of
preliminary experiments considering the trade-off between increasing modelling accuracy and
reducing the complexity of the model structure, the first layer applied 8 kernel filters, each with a
length of 15. The length of 15 symbolized that the influence on the current hydrological response
could be traced back to 15 days ago. From a hydrological viewpoint, tracing the influences on the
current hydrological response back to 10 days ago is a common strategy in data-driven
hydrological models and has been proven to be successful for streamflow simulation with similar

method (Jiang et al., 2020). Since our simulation target is GWL for phreatic aquifer, the
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hydrological response time will be a little longer than that of streamflow simulation. The set of 15-
day hydrological response time was based on a large number of preliminary experiments.
Nevertheless, we cannot ensure that 15-day hydrological response time is the most accurate setting
for each specific catchment. However, this setting is overall feasible for GWL simulations of these
91 catchments and is in line with common strategy in data-driven hydrological models. The second
layer used 1 convolution kernel filter for analyzing the output of the first layer and providing the
final results. Zero-padding strategy was adopted for ensuring the output had the same sequence

length as the input sequence after filtering by kernel filters.
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Fig. 5. The proposed generic architecture that explicitly embedding water balance
constrained dynamic behaviors into DL models.
The performance of the model was evaluated with Nash-Sutcliffe coefficient of Efficiency

(NSE) value (Nash and Sutcliffe, 1970) as follows:

Z?:l(Qs - Qo)2
NSE=1——"—"———— 31
S Qo — Qo) (31

where Q,, Q, and Q, are the simulated, observed and mean observed GWL. NSE is widely used
for model assessment, which ranges from —oo to 1. The closer NSE is to 1, the better the simulation
result is. The NSE value was also set as loss function for all the DL models in this study. 80% of
each timeseries was divided as training set while the rest 20% of the data was used as testing set.
The epochs number was set as 400 and the learning rate was 0.01. The number of parameters in
hybrid model is 593 including 16 self-designed parameters in WB-Model, 568 parameters in first
1-D CNN layer and 9 parameters in the second 1-D CNN layer. All the models and equations
introduced in this study were coded with Python 3.6 with Keras as coding APl and Tensorflow 1.4
as the DL backend with no GPU requirement.

Generation ability (GA) is an important evaluation criterion for data-driven model (Chen et
al., 2020). It reflects the ability of DL model, which is well trained, to digest new data and make

accurate predictions. The calculation method is as follows:

(32)

(33)

where O, and O, are the simulated and observed GWL; RMSE refers to Root Mean Square Error,
which measures the average magnitude of the error between model simulations and observations;

and GA is calculated as the ratio of the RMSE values between predicting process and training



469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

process (Yoon et al., 2011). If the data-driven model simulates GWL perfectly, the GA values will
be unity. Otherwise, if the model is over trained or overfitting, the GA values will exceed unity. In
this case, the model would not give accurate predictions even though it is able to provide accurate
fittings for the training data. The GA values will be less than unity if the model is under trained,
which is also called as underfitting.
3 Results and discussion
3.1 Comparisons of GWL simulation results
3.1.1 Comparisons of model performances in specific catchments

As representatives of the 91 catchments, three catchments (HUC: 04216418, HUC: 03015500
and HUC: 03026500) were chosen for presenting, describing, and analyzing the simulations in
detail. Fig. 6 presented the GWL forecasting performances with four independent DL strategies,
from top to bottom of the subplots are Hybrid model, 1D-CNN model, WB-Model (the self-
designed RNN model), and GRU model. WB-Model integrated water balance constrains into
RNN, which served as a major optimization for hybrid DL model while the 1D-CNN model and
GRU model are pure DL model. Consequently, what concerned us the most was how much the
simulation performance of hybrid model was improved compared with the 1D-CNN model and
GRU model. The reason why we chose these three catchments as representatives was that the
simulation performances of the 91 catchments could be roughly divided into three categories,

which corresponded to the three catchments shown in Fig. 6.
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Fig. 6. Representatives of simulation results by four DL strategies introduced in this
study.

The simulation results of HUC: 04216418 represented the catchments that with an overall
simulation improvement when combining water balance constrains into common DL models. As
shown in the first column of Fig. 6, the pure DL strategies, 1D-CNN (NSE=0.238) and GRU
(NSE=0.278) model, had similar simulations effect while the hybrid model (NSE=0.553)
outperformed significantly than the pure DL models. Such improvement was majorly benefit from
the accuracy of simulating the GWL fluctuance pattern by the WB-Model (NSE=-0.377).
Admittedly, based on the evaluation criteria of hydrological model, the performance of WB-Model
itself were not satisfied enough for an alternative of traditional process-based model. However,
although there were certain differences in specific values, the variation trend and fluctuation
patterns of the simulation results were consistent with the observations. As a result, the preliminary

result from WB-Model, served as an important input forcing, strengthened the training process of
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hybrid model, which lead to a higher accuracy than pure DL models. More specifically, in plain
language, common DLAs possessed the ability to filter out critical information that mostly related
to the simulation target by adjusting the intrinsic parameters, such as weights and bias. In this case,
comparing to the other two representatives, preliminary GWL simulated by WB-Model provided
the most useful sequence for mapping the observations because the fluctuance pattern simulated
by WB-Model was most similar to that of the observed GWL.

The second column of Fig. 6, HUC: 03015500, presented the representative of catchments
with another type of simulation performance. In general, despite the NSE improvements may not
be as obvious as the catchments in the first category, hybrid models (NSE=0.606) outperformed
the pure DL models (NSE_CNN=0.391 and NSE_GRU=0.374) in these catchments for better
simulating the GWL fluctuance under extreme conditions. Comparing to the first category, the
overall simulation performances of WB-Model in this category were slightly inferior, which led
to a less obvious promotions of NSE values. As the simulation of catchment HUC: 03015500
illustrated, there was an obvious increasement of GWL during 2011 to 2012, which was resulted
from a large amount of snow melting and rainfall as precipitation. As shown in the 1D-CNN model
and GRU model, the pure DL models failed to capture such precipitation pattern because
precipitation characteristics, especially the extreme precipitation conditions, had certain
probability of being diluted in a variety of input variables. During the training process, DL model
would consider the extreme precipitation events as outliers especially when the other inputs were
sufficient to establish a good liner or nonlinear mapping relationship with the object. This could
be inferred from the fact that pure DL models had already presented good overall simulation
performances. Under these circumstances, WB-Model captured the pattern of extreme

precipitation events when providing the preliminary GWL, which emphasized the importance of
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the extreme points and reinforced the hybrid model to learn such patterns. Consequently, the
simulation results of hybrid model were intuitively improved because of better matchings of
extreme GWL.

Table 2. Summary of the simulation results of testing set by hybrid, 1D-CNN, and GRU

model across 91 catchments in the 10 major watersheds.

Watersheds Basin 1D-CNN GRU Hybrid Model Improvement

(Region) count Median Mean Median Mean Median Mean Mean Count
01 New England 5 0.275 0.282 0.277 0291 0278 0330 -0.008 3
02 Mid Atlantic 20 0299 0305 0313 0326 0393 0.405 0.125 17
03 South Atlantic-Gulf 15 0256 0326 0260 0313 0356 0.361 0.254 13
04 Great Lakes 5 0365 0.348 0.373 0347 0.528 0.578 0.231 5
05 Ohio 16 0329 0.349 0.338 0358 0388 0.459 0.036 10
06 Tennessee 6 0.243  0.210 0300 0.293 0334 0.334 0.106 6
07 Upper Mississippi 8 0298 0354 0443 0275 0475 0475 0.097 7
08 Lower Mississippi 3 0.603  0.533  0.663 0.559 0.531 0.531 -0.013 2
10 Missouri 7 0.192 0.288 0.434 0344 0224 0.224 0.127 4
11 Arkansas-White-Red 6 0314 0401 0432 0.548 0.409 0.409 0.244 4
ALL 91 0279 0.253 0313 0278 0.408 0.401 0.129 71

The last column of Fig. 6, HUC: 03026500, was presented as a representative of catchments
with negative effects when integrating WB-Model. Intuitively, preliminary GWL simulated by
WB-Model failed to match the fluctuance of observed GWL (NSE=-6.759). Conversely, the pure
DL models showed satisfying simulation results (NSE_CNN=0.626 and NSE_GRU=0.686). The
reduction of hybrid model performance (NSE=0.542) resulted from the failure of WB-Model.
Specifically, for catchment HUC: 03026500, the GWL simulated by hybrid model showed a larger
fluctuation range than observed GWL, which was consistent with simulation from WB-Model.

There were three potential reasons: 1) the groundwater observation well and the corresponding
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streamflow observation station located in different drainage areas. As mentioned in subsection 2.1,
although the groundwater data we collected were from the observation well that was closest to the
streamflow observation station at the catchment outlet, we cannot guarantee that the GWL was
driven by the precipitation from the streamflow catchment because the catchments of groundwater
and surface flow might not be geographically coincident. In this case, the WB-Model driven by
the precipitation from the CAMELS dataset would inevitably lead to failed GWL simulation
results because the fluctuation of GWL was driven by a different precipitation input. 2) The water
balance algorithm was not applicable for local GWL simulation. The essences of the WB-Model
and hybrid model were physical constrained DL models for lumped GWL simulation, which meant
the detailed geological information related to groundwater flux were not collected or considered
in these models. This would lead to simulation mismatches if discharge and recharge of local
groundwater were not majorly from the precipitation but from other sources such as confined
aquifer or lakes nearby. In this case, the WB-Model would not provide a rather precise simulation
result even if the precipitation was one of the driven forces for the local groundwater fluctuance.
3) The ranges of learnable parameters were not set properly. This was also resulted from the lack
of geophysical information to determine the range of self-designed parameters especially the soil
related parameters. Overall, the influence from the third problem could be minimized by multiple
tests while the first and second problems might be the most likely causes of the failures of WB-
Model and hybrid model for GWL simulations in several catchments.
3.1.2 Comparisons of overall accuracy between hybrid model and pure DL models

As shown in Table 2, 1D-CNN, GRU and water balance constrained hybrid model were

applied to simulate GWL of 91 catchments located in 10 major watersheds of the middle eastern

CONUS. More specifically, the median NSE values of the simulation results by using GRU model
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was 0.313 while the average NSE was 0.278, which was consistent with the NSE range of former
simulations in similar areas by applying GRU algorithm (Cai et al., 2021). As an advanced DLA
focused on timeseries simulation, GRU model served as a group of controlled experiments in this
study for physical constrained hybrid model. In the meanwhile, the median NSE value of
simulation by using 1D-CNN model was 0.297 and the average NSE was 0.253. In views of the
NSE values, the simulation performance of the two pure DL models were not much different, but
due to the complexity of model structure and the difference in emphasis of simulation (GRU model
focuses on timeseries simulation and CNN model focuses on image processing), the overall result
of 1D-CNN model simulation would be slightly inferior to that of GRU model for GWL
simulations. Benefited from the WB-Model, the overall simulation performance was significantly
better than that of 1D-CNN and GRU model: the median NSE was 0.408 and the average value
was 0.401. The NSE distribution was shown in Fig. 7(b).

Since the final algorithm of hybrid model was a two-layers 1D-CNN model, comparing to
the pure 1D-CNN model, the preliminary GWL simulated by the WB-Model was the key factor
for improving the performances of hybrid model. With the aim of testing the adaptability of hybrid
model, we counted the number of catchments where the hybrid model outperformed the 1D-CNN
model for GWL simulation. As shown in the last two columns of Table 2, comparing with the 1D-
CNN model, 71 out of 91 catchments presented simulation improvement when applying the hybrid
model. Furthermore, for the 10 major watersheds, comparing to the 1D-CNN model, average NSE
improvements while using hybrid model were positive except for the New England and Lower
Mississippi regions. However, the number of catchments used for experiments was so small that
the average NSE improvement would be seriously affected by a single catchment with a major

failure of hybrid model. Moreover, more than half of the catchments in New England and Lower
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Mississippi region presented positive improvement when using hybrid model than using 1D-CNN

model. Optimizing effect of hybrid model was more intuitively explained in Figs. 7(a) and 7(c).

Distribution of catchments where hybrid model outperformed the 1D-CNN model were shown in

Fig. 7(d).
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Fig. 7. (a) Histogram for comparison of simulation result from hybrid, 1D-CNN and

GRU model; (b) Distribution of NSE values for simulation results of hybrid model; (c)

Box plot for comparison of simulation result from hybrid, 1D-CNN and GRU model; (d)

Distribution of catchments where hybrid model outperformed 1D-CNN model.

Lumped hybrid DL model for streamflow simulation based on snow melting processes had

been tested to be successful for catchments in high latitudes (Jiang et al., 2020). In this study, in

addition to the snow melting process, groundwater-related soil water flow processes were also

properly embedded into the WB-Model. As a result, the hybrid model outperformed the pure DL
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model not only in the snow-domain areas but also basins in middle and low latitudes. Preliminary
GWL simulated by WB-Model improved the noise tolerance of hybrid model to groundwater-
irrelevant input features and strengthens the learning ability of the hybrid model to GWL changes.
Therefore, comparing to the pure DL models, hybrid model possessed better adaptability and
understanding of different hydrometeorological and geophysical conditions with the constrains of
water balance equations. In conclusion, comparing to prevalent pure DL models, hybrid model
exhibited significantly higher overall accuracy for GWL simulations.
3.2 Comparisons of model generalization ability

The generalization ability was evaluated by Eq. 33. If the model focused on the training
process rather than a general system, the GA value would be higher. This meant the model will
have overfitting problems. The higher the GA values were, the weaker the generalization ability
the model processed. Fig. 8 presented the distributions of the GA values for the four DL models
in form of boxplot. The average GA values of hybrid, WB-Model, CNN and GRU model were
1.269, 1.124, 1.431 and 1.396, respectively. This indicated the developed hybrid model presented
a better generalization ability than that of CNN and GRU model and WB-Model presented the best
overall generalization ability among the four DL models. It should be noted that WB-Model was
a group of ODE equations coded with the language used in recurrent neural networks. This meant
that WB-Model was essentially a physic guiding model. For WB-Model, the water balance
equations, served as a backbone of training and predicting stages, were universal theorems. This
was the main reason why WB-Model presented the best generalization ability. Furthermore, the
result was consistent with conclusions of the previous study, which proved that physic based

numerical models tended to present better generalization abilities than that of pure machine
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learning models (Chen et al., 2020). In conclusion, benefited from WB-Model, hybrid model
presented superiority than pure DL models in terms of generalization ability.
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Fig. 8. Comparison of the GA values between Hybrid, WB-Model, CNN and GRU

model.

3.3 Robustness of the proposed model

In general, in addition to the advanced core algorithms, an important factor affecting the effect
of DL model was the amount of sample data as well as the potential relationship between input
data and target data. An excellent DL models should be equipped with the ability to ensure its own
stability while satisfying the accurate simulation performance while reducing the effect from the
interference information as much as possible (Su et al., 2018). To demonstrate the reliability and
stability of the proposed model, we chose the catchment HUC: 03182500 for scenario tests. We
evaluated the GWL simulation results of hybrid model with six combinations of input features.
More input features signified a larger amount of input data, which could be either useful
information or noisy for simulations of targets. In this study, since the WB-Model needed three

inputs (precipitation, temperature, and day length) for the self-designed RNN model, these three
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variables were the minimum input requirement. As shown in Fig. 9, with the increasing number
of input features, NSE values of the hybrid model also presented an increasing trend, from 0.564
to 0.650. It was worth mentioning that although the NSE values of the three inputs strategy was
the smallest, the value of NSE=0.564 was a fine result for GWL simulations. Meanwhile, in
perspective of the NSE values, the difference of simulation performances between the six scenarios
was relatively small, which proved that the hybrid model processing a good stability. Furthermore,
it could be inferred that, comparing to SRAD and vapor, applying streamflow data as one of the
input features could better improve the accuracy of the hybrid model, which implied that the
feature of an important hydrological phenomenon, flow exchange between streamflow and
groundwater through baseflow, was captured from the perspective of hybrid DL model. This
reflected that DL models, which had always been criticized as black-box models without any

physical meanings, could also express some natural processed implicitly (Jiang et al., 2022).
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Fig. 9. Comparisons of hybrid model performances with different input strategies.
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Fig. 10 presented the comparisons of the stability of physical constrained hybrid model and
1D-CNN model as representative of pure DL model through the NSE values. We adopted the data
from catchment HUC: 03182500 for testing experiments to compare the performance of the model
under same input feature strategies. The result showed that hybrid model outperformed the pure
DL model for every input strategy and the NSE value of hybrid model presented a smaller
fluctuation range (from 0.564 to 0.651) than that of pure DL model (from 0.417 to 0.517), which
implied the hybrid model performed more stably than pure DL model.

The reason for this phenomenon was that the WB-Model in the hybrid model could adjust the
values of the internal learnable parameters according to the regional characteristics, so that the
preliminarily simulated GWL could reach a certain accuracy. Then, as an input, the preliminarily
simulated GWL could help the DL model better understand the change characteristics of the GWL
to be simulated, so that the performance the hybrid model was obviously better than that of the
pure DL model. In conclusion, the physical constrained mechanism made the stability of the hybrid
model better than the pure DL model, which was another outstanding advantage in addition to the

higher accuracy of the simulation results of the hybrid model.
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Fig. 10. Comparison of simulation performances between hybrid and 1D-CNN model with

different input strategies.

3.4 A rethink of relationships between simple RNN, WB-Model and GRU.

It is worth clarifying that simple RNN, WB-Model and GRU are based on a general concept
of RNN, which is a family of neural networks with recurrent cells. In general, simple RNN model
does not possesses the long-term memory ability because of the potential gradient vanishing and
explosion problem when updating the hidden states during the training process. The main
difference between simple RNNs and GRUs (or LSTMs) is the latter introduces a so-called gating
mechanism into the recurrent cell to control the information flow, to address the gradient vanishing
and explosion problem. Likewise, in our WB-Model, we also modified the recurrent cells of the
general RNN models, where the nodes were connected using physical equations rather than the

usual perceptions. More specifically, GRU introduces reset gate and update gate to determine
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whether the previous information involved in the cell states is added or discarded. In comparison,
in the WB-Model, the information flow is controlled using the thresholds as in hydrological
models. For example, if the temperature is larger than a threshold, the rainfall information will
become a part of the soil state; otherwise, it will be added to the snow state. Further, although the
specific values of these parameters are determined during the training process of DL model, the
essence of the WB-Model is a group of ODE equations (presented by TOMODEL, GSFLOW, and
other hydrological models) coded with the language used in neural networks, which makes the
WB-Model naturally have long-term memory in the form of hydrological states (e.g., snowpack
and preferential flow pack). In conclusion, the GRU and WB-Model model have taken distinct
ways to reform the recurrent cells of general RNN models, which could be considered as two
optimizing strategies of simple RNN model.
3.5 Limitations and potential improvements

Comparing with pure DL models, the proposed hybrid model for cross-region GWL
simulations at catchment scale is significantly improved in terms of the accuracy, generality,
robustness and physical meaning of models, but there are some obvious limitations and potential
improvements for the hybrid model.

The first limitation is that the process of adjusting self-designed parameters could be
cumbersome. As introduced in former subsections, there are 16 learnable parameters designed in
the WB-Model that control the hydrological behaviors. The ranges of these parameters need to be
adjusted manually until the hybrid model produces the most accurate results. For example, the
ranges of hydrometeorological parameters that introduced from former models (Jiang et al., 2020;
Patil and Stieglitz, 2014), such as Ty,in, Tmax f» €tc., were set for all catchments while other

parameters, especially the geological related and storage related parameters introduced in this
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study, such as Symax Q@pmax: Scmax: Smin, €1C., should be adjust for specific catchments to reach
to best simulation performance. Consequently, the parameters calibration process of hybrid model
for some catchments could cost lots of time to achieve the best simulation results.

The second limitation is that due to the lack of detailed geographic information, the lumped
GWL model cannot be applicable to all basins. Supporting by the universality of water balance
constrains and the powerful computing ability of DLA, our expectation of this hybrid model is that
the model can simulate GWL at any point in the basin accurately if the hydrometeorological data
is sufficient and the historical GWL observation is provided. This is because we believe the hybrid
model can perceive the geological information to give accurate GWL simulations by adjusting
learnable parameters set of WB-Model. However, in this study, the hybrid model failed to improve
the simulation performances for 20 out of 91 catchments. This is because the lack of detailed
geographic information makes some groundwater recharge and discharge processes, such as
groundwater recharge from surrounding confined aquifers, impossible to be reflected through
single water balance constrains. Therefore, the proposed hybrid model cannot be applied to the
simulation of GWL in all catchments, especially in those with complex groundwater recharge and
discharge process. This is also reflected in the simulation performance of WB-Model: although
WB-Model can simulate the fluctuation state of GWL, most of the simulation results are not
accurate, and accurate simulation results are obtained by embedding the preliminary result into
another DL structure.

The third limitation is the black box nature of proposed hybrid model remains unrevealed.
The main merit of adding water balance ODEs into the DL architecture lies in improving the
awareness of hydrological knowledge of hybrid model by guiding WB-Model to capture the

fluctuation patterns of GWL. However, adding physics is not enough to reduce the black box
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nature of DL model (Barredo Arrieta et al., 2020). Despite we have successfully combined DL
with physical constrains, making the hybrid model present extremely powerful forecasting ability,
we have not found further interpretable physical meaning from the proposed hybrid model.
Especially, for the two-layer 1D-CNN model in the hybrid model, which only provides the
outstand non-linear fitting ability, the fitting process remains uninterpreted from hydrological
perspective in this study.

The fourth limitation is that the two- or three-dimensional processes of groundwater flow are
not considered in this study. In general, the study of groundwater simulations is always related
with two or three-dimensional groundwater flow with specific boundary conditions and governing
equations. Moreover, detailed groundwater simulation is usually focusing on find numerical or
analytical solutions of two or three-dimensional PDEs related to groundwater by numerical method
or analytical method (Liang et al., 2018). The hybrid model we proposed is based on the
combination of DLA and vertical one-dimensional water balance equation in catchment scale.
Although it is a breakthrough to the traditional research methods, it cannot describe the two and
three-dimensional groundwater flow processes, which might make it not delicate or convincing
enough from the perspective of traditional groundwater flow simulation community. In other
words, we embedded physical constraints to improve the simulation performance of DL model,
but the physical constraints are not detailed enough compared with traditional methods. More
specifically, although water balance constraints with 16 self-learnable parameters are well
implanted into WB-model, this number is far less than prevalent DL model, such as 1D-CNN
model, which in our case, has 568 parameters in first 1D-CNN layer and 9 parameters in the second
1D-CNN layer. Parsimonious DL model does not ensure a learned model will capture all important

information in the data sensed about the external world (Ma et al., 2022). As a result, lacking
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complexity is a main reason why WB-Model cannot outperform the GRU model in terms of the
accuracy of GWL simulation.

Based on the limitations mentioned above, we believe that this study has potential for further
improvements. Firstly, more detailed groundwater-related processes, such as human activities,
could be implanted into WB-Model. The proposed hybrid model could be more flexible if multiple
potential processes were wrapped into WB-Model for options. In that case, the hybrid model would
decide which processes are suitable to be considered for specific catchments by adjusting the
parameters and super parameters of WB-Model. This would improve the adaptability of hybrid
model greatly if the groundwater-related processes could be considered comprehensively.
Secondly, cutting-edge DL interpretive methods, such as expected gradients (EG) (Erion et al.,
2021), could be applied to decipher the machine-captured patterns and inner workings of the hybrid
model. The main purpose of such study will be revealing the black-box process of the proposed
hybrid model, so that the hydrological cognition from the perspective of machine learning models
under physical constraints could be obtained to facilitate our improving our understanding for
specific hydrological processes. Thirdly, the threshold mechanism of hydrological models in our
WB-Model framework might be further improved by the idea of gating mechanism from GRU or
LSTM model. Lastly, to optimize the physical constrains from one-dimensional ODEs to higher
dimensional PDEs. The difficulty of groundwater simulation is much higher than that of surface
water simulation because of its complex two and three-dimensional flow characteristics (Wang et
al., 2021). Limited by the lack of geophysical data, the lumped hybrid model based on water
balance mechanism has not maximized the power of integrating DLAs and physical constrains.
Therefore, the combination of PDEs-governed distributed groundwater flow processes and DL

model will be an important research direction in the future. Regardless, the proposed hybrid model
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is already the most novel model in terms of predicting GWL with time series hydrometeorological
inputs.
4 Conclusions

In this study, a lumped hybrid groundwater model with water balance equations as physical
constraint and DL methods as core algorithm is proposed to simulate the fluctuation of GWL. In
the hybrid model, water balance guided OEDs were wrapped into a WB-Model by self-designing
the specific algorithms of RNN model. We tested the model with the CAMELS dataset from 91
catchments located in the middle eastern CONUS, and two pure DL models, 1D-CNN and GRU,
were established for comparison of simulation performance. The main findings of this study are
summarized as follows:

First, the hybrid model presented high accuracy of simulating the fluctuation of GWL without
using detailed hydrogeological information of the catchments. The preliminary GWL simulated
from the WB-Model enhances the learning ability of hybrid model. Consequently, the physics
constrained DL model outperformed the pure DL models significantly in 71 out of 91 catchments
in this study. Moreover, comparing with traditional distributed GWL simulation models, DLA
reduces the cost of data as well as the difficulty of model setup while still provides accurate
simulation results in perspective of traditional standards, which makes the hybrid model more
suitable for GWL predictions in less gauged or ungauged basins.

Second, the self-designed RNN model with water balance constraints proposed in this study
embeds the main groundwater-related water balance formulas, which are referred to the traditional
distributed hydrological models, into the recurrent neutral networks. The specific values of the
parameters in water balance related formula and water storages in designed reservoirs are

determined by the hybrid model through iterative algorithms, activation functions and loss
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functions of DLAs. Consequently, this equips our hybrid model with the ability to learn the
groundwater-related water allocation processes at the catchment scale. In conclusion, the physical
constrained hybrid model presents better adaptability and generalization ability comparing with
the pure DL models.

Last, compared with the pure DL model, the hybrid DL model proposed has better robustness.
This is reflected from the fact that the hybrid models outperformed pure DL model with different
strategies of input features. More specifically, the NSE values of simulations from hybrid model
have higher values and lower fluctuation range. The reason is that the preliminary simulation
results provided by the physically constrained WB-Model strengthen the learning ability of DLA
for groundwater fluctuation characteristics, so that the hybrid model can be affected by potential
noise data as little as possible.

This study shows the superiority and powerful simulation ability of DL model based on
physical constraints. We have abandoned the general idea of building traditional groundwater
models: solving two-dimensional or three-dimensional groundwater flow problems through the
iterative method of distributed models or finding analytical solutions. Instead, we embedded water
balance equations into DLA for regional GWL simulation. As a result, this hybrid model presented
great accuracy, adaptability, generalization ability, and robustness even without detailed
geological data of catchments, which demonstrated the possibility of application of proposed
model for GWL simulation in ungauged or lack of gauged catchments. Although there are many
limitations and potential improvements for the proposed model, we believe that the general
performance of the proposed model would increase trust in data-driven approaches on hydrological
modellings especially when physical constraints related to hydrological sciences are integrated

with DLAs.
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