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Abstract. Deep learning (DL) models always perform well
in hydrological simulation but lack physical-based princi-
ples. To address this gap, we integrate the relatively complex
runoff generation and flow routing principals of Xinanjiang
(XAJ) model into the architecture of recurrent neural net-
work (RNN) units and establish a physical-based XAJRNN
layer. Subsequently, this layer is fused with LSTM layers to
construct an explainable deep learning (EDL) model, which
underwent testing at the Lushui River and Qingjiang River
basins in China. Compared to benchmark models, the pro-
posed EDL model performs very well, the average Nash-
Sutcliffe efficiency (NSE) values for these two basins are
0.98 and 0.94, respectively. The flood peak relative errors
(PRE) and peak timing difference (AT) are close to zero,
which demonstrate that the EDL model can accurately simu-
late flood events. Notably, the EDL model incorporated phys-
ical principles not only can improve flow simulation accu-
racy, but also enhance interpretability, which offer fresh in-
sights for the fusion of DL and hydrological models for flood
simulation and forecasting.

1 Introduction

In the modern era, flood disasters present substantial threats
to both human societies and the natural environment (Guido
et al., 2023). With the intensification of global climate
change and rapid urbanization, the accuracy and timeliness
of flood forecasting have become increasingly important.
Flood forecasting typically relies on hydrological models
(Thaisiam et al., 2024). By analyzing the rainfall-runoff rela-
tionships from historical periods, hydrological models simu-

late hydrological processes within a basin. Combining these
with forecasted rainfall, such models can forecast flow dis-
charges, water levels, and probabilities of flood occurrence.
In recent years, advancements in computational power and
artificial intelligence (AI) technologies have significantly im-
proved the accuracy and real-time responsiveness of hydro-
logical models (Hirabayashi et al., 2013), offering more sci-
entific and efficient support for disaster prevention and miti-
gation efforts.

Traditional hydrological models rely on statistical meth-
ods and empirical formulas but struggle to accurately sim-
ulate complex nonlinear hydrological processes (Roy et al.,
2023). Their predefined equations are unable to adapt the cli-
mate and environmental changes such as land use and human
activities. Additionally, these models often simplify rainfall
spatiotemporal distribution and the land surface heterogene-
ity. In recent years, deep learning (DL) technologies have
made significant advancements in various fields, particularly
in time series prediction, where they display strong potential.
DL, a domain dedicated to uncovering patterns and extract-
ing knowledge from large datasets, enables computers to au-
tonomously learn algorithms, analyze extensive sample data,
and identify patterns, facilitating predictions on unfamiliar
data. This process closely aligns with hydrological model-
ing, which discerns patterns by analyzing historical hydrom-
eteorological data, generalizing, and simulating hydrological
processes. Consequently, DL has attracted widespread atten-
tion in hydrology (Nearing et al., 2021).

DL commonly refers to deep neural networks, a form of
representational learning technique that links simple nonlin-
ear computational units through multi-layer network archi-
tectures to understand intricate relationships. It falls within
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the realm of machine learning (ML) (Yann et al., 2015). The
term “deep” in DL signifies network structures with multi-
ple layers and neurons, although there is no precise defini-
tion of “deep”. Generally, it denotes models that necessitate
substantial data and encompass numerous layers and neu-
rons. These layers convert their inputs into higher-level fea-
tures, magnifying crucial factors for output variability while
reducing irrelevant variations. This facilitates automatic fea-
ture extraction, contrasting with “shallow” networks or con-
ventional ML algorithms that rely on expert knowledge and
engineering skills for designing feature extractors. This is a
key rationale behind the increasing application of DL models
over shallow networks in recent years (Frank et al., 2020).
Structurally, the standard recurrent neural network (RNN),
exemplified by long short-term memory (LSTM), remains
the foundational model architecture for DL-driven hydro-
logical forecasting. As a subset of RNN in DL, LSTM has
gained prominence for its efficacy in managing sequential
data and capturing long-term dependencies. LSTM tackles
the challenges of vanishing and exploding gradients in tra-
ditional RNNs when handling lengthy sequences through
gated mechanisms, resulting in superior performance in time-
dependent prediction tasks (Hochreiter and Schmidhuber,
1997).

DL has been extensively utilized in various fields. In hy-
drology, where processes are not yet fully understood, it ex-
hibits promise in identifying physical processes through a
data-mining lens. However, achieving accurate forecasting is
not the sole aim. Hydrologists are interested in whether mod-
els are in line with fundamental physical principles, are in-
terpretable, and contribute to scientific knowledge advance-
ment. Traditional physics-based hydrological models gener-
ally provide better interpretability and physical consistency,
relying less on data and complementing DL models. As a re-
sult, the fusion of physics-based mechanisms and data-driven
models has garnered significant attention in recent years,
showcasing potential in advancing scientific inquiry (Near-
ing et al., 2021; Shen, 2018). Currently, the coupling of DL
and physics-based models focuses on four main aspects.

1.1 Introducing physical mechanisms into DL models’
loss functions

Worland et al. (2019) developed a multi-output multi-
layer perceptron (MLP) model to forecast flow duration
curve (FDC) quantiles, incorporating FDC monotonicity
constraints into the loss function. This approach resulted in
forecasts that adhered to monotonicity and closely matched
the FDC derived from observations. Wang et al. (2020) not
only incorporated physical laws into the loss function but
also integrated expert knowledge in the form of inequali-
ties, constructing theory-guided neural networks (TGNN).
TGNN demonstrated superior predictive performance com-
pared to standard DL models. Xie et al. (2021) encoded three
physical conditions in rainfall-runoff forecasting into the loss
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function. Experiments across 531 Catchment Attributes and
Meteorology for Large-sample Studies (CAMELS) basins
showed improvements in the average Nash-Sutcliffe effi-
ciency (NSE) from 0.52 to 0.61, enhanced peak flow sim-
ulating, and reduced unreasonable negative values. Pokharel
et al. (2023) tested the effects of incorporating mass balance,
energy balance, and storage-discharge relationships into the
loss function of DL models across 34 basins, finding perfor-
mance improvements in some basins, particularly with mass
and energy balance constraints, which were effective in 38 %
and 32 % of basins, respectively. Frame et al. (2023) con-
cluded that strictly adhering to the principle of water balance
may reduce forecasting accuracy due to data errors. How-
ever, DL models do not require the enforcement of the water
balance principle and can adapt to data biases, and they per-
form better than the traditional hydrological models in flow
forecasting.

1.2 Using DL models as post-processors

Correcting errors in forecasting from physics-based models
can significantly improve forecasting accuracy. Cho and Kim
(2022) employed LSTM to learn correlations between me-
teorological data and WRF-Hydro forecast errors, applying
this approach to calibrate WRF-Hydro forecasting. Exper-
iments in South Korean basins showed NSE values reach-
ing 0.95, compared to 0.72 before calibration. Similarly, Han
and Morrison (2022) and Frame et al. (2021) applied LSTM
to post-process multi-period forecasting from the National
Water Model (NWM) in the United States. Boucher et al.
(2020) utilized the simulated runoff of the GR4J hydrologi-
cal model and observed water temperature as inputs to con-
struct an MLP model, demonstrating notable improvements
compared to models without assimilation. Cui et al. (2021)
proposed a novel hybrid model combining the Xinanjiang
(XAJ) hydrological model with LSTM for multi-step flood
forecasting. This model used XAJ outputs as inputs to the
LSTM, enhancing the physical mechanism of DL models.
Yang et al. (2020) proposed a hybrid modeling framework
that integrates a physically distributed hydrological model
(GBHM), artificial neural networks (ANN), a categorization
approach (CA), and computer vision (CV) to enhance hy-
drological simulations in data-scarce watersheds. They show
that these models can significantly improve the ability to cap-
ture spatial variability and simulate extreme flow events. Li
et al. (2014) proposed a black-box model which combines
the back-propagation neural network (BPNN) with the K-
nearest neighbor (KNN) algorithm, and developed two hy-
brid models (XBK and XSBK) by coupling the black-box
routing module with the runoff generation and separation
modules of the XAJ model. Applications in multiple water-
sheds demonstrate that these hybrid models outperform both
the traditional BPNN and the XAJ model.
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1.3 Using DL models to calibrate parameters in
traditional hydrological models

Tsai et al. (2021) proposed a parameter learning method to
calibrate HBV model parameters. The DL model generated
parameters instead of directly outputting runoff, which were
then combined with inputs to produce runoff through the
physical model. Applying this method across 1,802 basins
showed median Kling-Gupta Efficiency (KGE) values im-
proving from 0.48 to 0.59 compared to calibration via evo-
lutionary algorithms followed by parameter regionalization.
Similarly, Feng et al. (2023, 2022), Shen et al. (2023) and
Song et al. (2024) used DL models to calibrate HBV model
parameters based on meteorological data and basin attributes,
driving hydrological models to simulate runoff. In addition to
the above calibration of lumped model parameters, a similar
method is also used to calibrate the routing model parame-
ters. Zhong et al. (2024a, b) used DL model to calibrate pa-
rameters in the Muskingum-Cunge method and construct a
distributed physics-driven DL hydrological model. Bindas et
al. (2024) introduced a novel differentiable routing method
(6MC-JuniatahydroDL2) combining the Muskingum-Cunge
routing model with neural networks to infer Manning’s
roughness and channel geometry parameters. The method
provided more accurate long-term routing forecasts, espe-
cially in untrained sub-basins.

1.4 Designing DL models based on physical
mechanisms

Encoding rules directly into neural networks represents a di-
rect fusion of physics-based and data-driven models. Hoedt
et al. (2021) modified LSTM structures to enforce wa-
ter balance over specific periods. Experiments across 531
CAMELS basins showed improved peak flow performance
despite no overall improvement in NSE. Wang and Gupta
(2024) explored the use of mass-conserving perceptron
(MCP)-based directed graph architectures to develop mini-
mal and interpretable hydrological model structures within
a single catchment. They found that this framework sig-
nificantly enhances flow simulation performance, particu-
larly when augmented with input bypass and bi-directional
groundwater exchange mechanisms. Jiang et al. (2020) mod-
ified RNN structures to incorporate state variables (e.g., soil
moisture) from EXP-HYDRO model as recurrent unit states,
combining these with other neural network layers to con-
struct a physics-guided RNN. Experiments in 671 CAMELS
basins demonstrated median NSE improvements from 0.60
to 0.71, with reductions in peak flow bias and improved base-
flow simulations. De la Fuente et al. (2024) proposed Hy-
droL.STM, which models hydrological principles to enhance
interpretability, achieving comparable performance to LSTM
models while requiring fewer unit states. Similarly, Li et al.
(2024) embedded EXP-HYDRO processes into RNN units,
developing a process-driven DL model that enhanced pro-
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cess understanding of rainfall-runoff relationships. Experi-
ments across 531 CAMELS basins demonstrated improve-
ments over LSTM model. Similarly, He et al. (2024) pro-
posed a deep process learning (DPL) approach, which al-
lows neural networks to infer underlying process mecha-
nisms from observational data by embedding intuitive phys-
ical laws of geosystems directly into the DL architecture as
structural priors. Wang et al. (2024) introduced a novel dis-
tributed hydrological modeling framework combining Hy-
droPy model principles encoded into RNN units and DL
models to calibrate physical parameters, improving runoff
and water volume simulation performance

Currently, the current integration of DL models with
physical mechanisms mainly involves loosely coupled ap-
proaches, such as modifying loss functions or calibrating
parameters. Even the more advanced methods which em-
bed physical mechanisms directly into neural network lay-
ers, they are relied on relatively simple or empirical physical
models. To achieve real breakthroughs in hydrological fore-
casting, it is still necessary to systematically integrate more
complex hydrological physical processes into neural network
architectures, thereby ensuring both rigorous physical inter-
pretability and superior forecasting performance under future
scenarios.

The XAJ model proposed by Zhao (1992, 1993) has been
widely used for hydrological simulation and flood fore-
casting in China. The flow routing of the XAJ model in-
cludes hillslope routing and channel network routing (Yao
et al., 2009, 2014), which are represented by linear reser-
voirs and Nash unit hydrographs (Singh, 1977), respectively.
Compared with other lumped hydrological models, the XAJ
model performs very well in the humid and semi-humid
regions, which helps to better highlight the distinctive as-
pects of this study. The core innovation of this study is the
development of a novel XAJRNN layer that converts the
XAJ model’s sophisticated runoff generation and flow rout-
ing mechanisms into differential equation form and embeds
them within a conventional RNN unit framework by explic-
itly defining its state variables and fluxes. An explainable
deep learning (EDL) model combining the XAJRNN layer
and LSTM layer is constructed and tested in the Lushui River
and Qingjiang River basins to demonstrate the advantages of
the EDL model in flood simulation. The findings may offer
a promising new avenue for tightly integrating complex hy-
drological processes into DL models to improve flood fore-
casting accuracy.

The rest of this paper is organized as follows. The case
study and materials are introduced in Sect. 2. Section 3
presents the methodologies. Section 4 evaluates and analy-
ses the simulated results. Section 5 discusses the strengths as
well as the weaknesses of the proposed model. Conclusions
and outlook are given in Sect. 6.
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2 Study area and data
2.1 Study basin
2.1.1 Lushui River basin

The Lushui River is a primary tributary of the middle Yangtze
River, with a basin area of approximately 3950 km?. The
basin’s terrain slopes from high elevations in the southeast
to lower areas in the northwest. The basin is located in a
subtropical monsoon climate zone, characterized by warm
and humid conditions, with an average annual temperature
of approximately 15.5°C and an average annual rainfall of
1550 mm. The Lushui River’s annual runoff volume reaches
3.03 billion m?, with rainfall concentrated from May to
September, accounting for 70 % of the annual total. At the
river valley’s outlet, the Lushui Reservoir has a total stor-
age capacity of approximately 408 million m?, with only
163 million m>allocated for flood control. In early July 1995,
the reservoir experienced its largest flood event, with an in-
flow peak of 4500 m> s~! and a three-day runoff of 500 mil-
lion m3. In 2017, six flood events occurred, with peak in-
flows exceeding 1000 m3 s~!, reaching a maximum inflow
of 4400 m> s~! (Cui et al., 2021; Xiang et al., 2024). The ge-
ographical location of Lushui Reservoir is shown in Fig. 1.

2.1.2 Qingjiang River basin

The Qingjiang River, a primary tributary of the Yangtze River
in the middle reaches, has a basin area of approximately
17000 km?. The region receives an average annual rainfall
of 1460 mm, with the majority falling between April and
September, representing 75 %—78 % of the annual total. Sit-
uated in the heavy rainfall region of western Hubei Province,
the basin’s terrain facilitates the uplift of warm, moist air and
is frequently affected by southwest cyclones. With a natural
elevation drop of 1430 m, the area features steep terrain and
a high river gradient, leading to swift water flow convergence
and significant fluctuations in flood levels. Consequently,
the area is susceptible to severe rainfall and flood disasters.
Along the main stream of the Qingjiang River, three sizable
reservoirs exist, with the Shuibuya Reservoir serving as the
central hub for the basin’s cascade development, overseeing
an area of roughly 10860km?”. Located in Badong County,
Hubei Province, the Shuibuya Reservoir plays a crucial role
in the hydropower development of the Qingjiang River. The
Qingjiang River basin experienced major floods in 2016 and
2017, with peak inflow discharge of the Shuibuya Reser-
voir reached 13 100 and 6710 m? s~!, respectively. It greatly
forms an integral component of the flood control system in
the middle and lower reaches of the Yangtze River (Zhou et
al., 2014). This study specifically focuses on the basin con-
trolled by the Shuibuya Reservoir, as depicted in Fig. 1.
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2.2 Data

The study collected flood season data (Lushui River basin:
1 May to 31 October, 2012-2019; Qingjiang River basin: 1
April to 31 October, 2012-2020) that includes rainfall, pan
evaporation, and inflow datasets. It should be noted that the
time step of these data series is 3 h in the Lushui River basin,
whereas it is 6h in the Qingjiang River basin. For Lushui
River basin, 3 h rainfall data from 17 gauges, 3 h pan evapo-
ration, and 3 h inflow discharge was collected. The data from
2012 to 2016 were used for training, and the data from 2017
to 2019 for testing. For Qingjiang River basin, 6 h rainfall
from 28 gauges, 6 h pan evaporation, and 6 h inflow discharge
was gathered. The data from 2012 to 2016 were used for
training, and the data from 2017 to 2020 for testing. The
Thiessen polygon method was used to calculate the areal
mean rainfall and pan evaporation for both basins.

3 Methodologies
3.1 XAJRNN neural network layer
3.1.1 XAJ model overview

Zhao (1992, 1993) firstly proposed the XAJ model for
rainfall-runoff simulation and flood forecasting in the 1970s,
and it is a classic conceptual hydrological model and has
been widely used in China. The core concept of the XAJ
model is the runoff formation on repletion of storage: runoff
is not produced until the soil moisture content of the aeration
zone reaches the field capacity. Once this threshold is ex-
ceeded, all additional rainfall is converted directly into runoff
without further loss. Runoff production at a specific point oc-
curs only after the tension water storage at that point is fully
saturated. To represent the spatial heterogeneity of tension
water capacity within a basin, the model introduces a ten-
sion water capacity curve. In terms of runoff separation, the
model, based on empirical observations and theoretical stud-
ies, adds an additional component: interflow, on top of the
original division into surface runoff and groundwater runoff
(Yao et al., 2009, 2014). In this study, the evapotranspiration
of the XAJ model uses a three-layer soil moisture model.
The runoff generation uses a tension water capacity curve
(Zhao, 1992, 1993). In the runoff separation, the runoff is
divided into three types using the free water capacity curve:
surface runoff, interflow runoff, and groundwater runoff. The
flow routing includes both hillslope routing and channel net-
work routing submodules, which use linear reservoirs and
Nash unit hydrographs (Singh, 1977), respectively. The logi-
cal structure of the XAJ model is shown in Fig. 2.

The model consists of input variables, state variables,
fluxes, output variables, and parameters, along with their cor-
responding mathematical equations. Input variables include
areal mean rainfall and measured pan evaporation, while the
output variable is the simulated runoff. State variables rep-

https://doi.org/10.5194/hess-29-7217-2025



X. Xiang et al.: Explainable DL for flood simulation

70°E 80°E  90°E 100°E 110°E 120°E 130°E

7221

140° E

40° N-

30°N-

20°N

0 1,600 3,200 6,400
km

90°E 100° E 110°E

0510 2q<m

Elevation

- High : 2223

Low: 18

Legend

@  Rainfall gauges
B Dam

- Reservoir

River

Figure 1. Sketch map of river networks and rainfall gauges in the Lushui River and Qingjiang River basins.

resent physical quantities that characterize the basin’s state,
and their dimensions are independent of time (La Follette et
al., 2021). The state variables of the XAJ model are shown
in Table Al. Fluxes describe the exchange of water within
the basin or between the basin and external environments.
These can be expressed as functions of state variables or
other fluxes, and their dimensions are time-dependent (La
Follette et al., 2021). The fluxes of the XAJ model are shown
in Table A2. The mathematical equations can be divided into
state variable control equations and constitutive equations for
fluxes. The control equations describe how state variables
evolve over time, while the constitutive equations establish
the relationships between unknown fluxes and state variables
or known fluxes. Detailed information on the XAJ model is
provided in Sect. Al.
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3.1.2 Derivation of XAJRNN

Establishing the XAJ model in the watershed can be consid-
ered a complete system that represents changes in state vari-
ables within the watershed, such as the variation in the aver-
age tension water storage of the upper soil layer. At the same
time, the XAJ model also describes how the watershed sys-
tem responds to specific input conditions. These responses
can be expressed through a combination of ordinary differ-
ential equations (ODE) and output equations:
{ dih(0) = F(h(), x(1): ¢p) 0
y@) =G (@), x(1); g)

where: h(t) represents the state variables of the XAJ model
(as shown in Table 1). x(¢) represents the input variables
of the XAJ model (Pyps and Eqpg). y(f) represents the out-
put flow of the XAJ model. ¢r and ¢, are parameters in the
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Figure 2. Structure diagram of the XAJ model.

XAJ model (as shown in Table A3). F(-) and G(-) repre-
sent the mathematical equations and functions in the model.
The above equations form explicit continuous equations, but
in practice, implicit discrete equations are generally used to
obtain numerical solutions:

{ h(t) = f(h(t—1),x(t); ¢r)
() =gh@),x(@); ¢g)

Ordinary RNN is neural network structures specifically de-
signed for handling sequential data, as shown in Fig. 3a.
RNN utilizes time-dependent relationships in sequences by
storing previous state information to assist in current compu-
tations (Rumelhart et al., 1986). At rth time step, the calcu-
lation in an RNN unit can be divided into two steps: the first
step is updating the hidden state (%), and the second step is
calculating the output (y;). The calculation formulas are as
follows:

{ hy =06 (Wan - X+ Wi - byt + by)
Vi = O’(Why 'ht +by)

@

3

where, h¢, x; and y; are the state, input, and output at th time,
respectively. Wyp,, Wy, and Wy, are the weight parameters.
by and by are bias parameters. o is the nonlinear activation
function.

It can be observed that Eqgs. (2) and (3) have a similar
structure. Both equations consist of two parts: an ordinary
differential equation and an output equation, and they share
a highly similar structure. Specifically, in the ordinary differ-
ential equation part, both equations include the state variable
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from the previous time step (h(t — 1)), the state variable at
the current time step (4(¢)), the input (x), and the parameters
((¢, W, b)). In the output equation part, both equations rely
on the current state variable (h(¢)), the output (y), and the
same set of parameters ((¢, W, b)). Therefore, in this study,
we modify the ordinary RNN unit structure by replacing the
original equations and parameters with those derived from
the XAJ model, resulting in the XAJRNN. Similar to the or-
dinary RNN structure (Rumelhart et al., 1986), the backbone
of the XAJRNN layer consists of recurrent units that provide
memory of past sequences. In the XAJRNN layer structure,
the connections between the recurrent units are represented
by implicit discrete equations (Eq. 3), and the parameters
(i.e., weight parameters and bias parameters) in the ordinary
RNN unit are replaced by the physically meaningful param-
eters (as depict in Table A3) from the XAJ model. Niu et al.
(2019) demonstrated the connection between RNN network
architecture and numerical methods for ODE, theoretically
supporting the use of XAJRNN for solving the dynamics of
the XAJ model system. Algorithm A1l summarizes the pseu-
docode for implementing the XAJRNN unit.

The internal computation process of the XAJRNN unit is
explained below using pseudocode and equations provided in
the appendix. For each XAJRNN unit, it is first necessary to
initialize the watershed state, including the areal mean ten-
sion water storage of the upper (W,), lower (W;), and deep
(Wy) soil layers of the watershed, the areal mean free wa-
ter storage (Sp), the storage of the interflow linear reservoir
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(0y), the storage of the groundwater linear reservoir (Oy),
and the storage of the three reservoirs in the Nash unit hy-
drograph (F, F» and F3). Then, the hydrological response of
the XAJRNN unit at each time step is carried out through a
“step_function”, in which all computations are encapsulated.
The network calls the “step_function” in a sequential man-
ner. The function mainly includes the following four sub-
functions:

1. Based on the three-layer soil moisture model and the
tension water capacity curve, the runoff generation from
the permeable portion of the watershed is calculated.
The corresponding equations are (A1) to (A12), and the
main parameters involved include Aimp, K¢, ¢, b, Wym,
Wim, and Wqp,. Then, the areal mean tension water stor-
age of the upper (W), lower (W}), and deep (Wy) soil
layers of the watershed is updated, which will serve as
the initial values for the next period. This corresponds
to equations A13 to A20. The main outputs obtained in
this sub-function are the runoff (R), actual evapotran-
spiration (Ey), and net rainfall (7).

2. The runoff (R) is divided into different components
using the free water capacity curve. The correspond-
ing equations are (A21) to (A25), and the parameters
involved include Sy, ex, Kj, and K. Then, the areal
mean free water storage (Sp) is updated according to
Eq. (A26). The outputs obtained in this sub-function are
surface runoff (R;), interflow runoff (R;), and ground-
water runoff (Ry).

3. The interflow runoff (R;) and groundwater runoff (Ry)
obtained earlier are routed over the hillslope using the
linear reservoir method. The corresponding equations
are (A27) and (A28), with parameters ¢; and cg. Then,
combined with the surface runoff (R;), the total inflow
(Qy) into the channel network is calculated, correspond-
ing to Eq. (A29). The outputs obtained are the outflow
of the interflow linear reservoir (Q;), the outflow of the
groundwater linear reservoir (Qg), and total inflow (Q¢).

4. The Nash unit hydrograph method is used to perform
channel network routing, resulting in the final outflow
(Q). The corresponding equations are (A30) to (A33),
and the parameter involved is Kt. All of the above phys-
ical parameters are automatically adjusted during the
model training process through gradient descent and
backpropagation.

3.2 Model setup
3.2.1 EDL model

The proposed EDL model consists of the inputs, three neural
network layers, and the outputs. First, the XAJRNN layer,
as discussed in Sect. 3.1.2, processes the input data to gen-
erate outputs. This neural network layer follows the water
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balance principle and uses the physical sub-processes of the
XAJ model to describe the runoff generation and routing pro-
cess. The output variables, significantly influenced by the
runoff process, are then passed to the Normalization layer.
The purpose of this layer is to normalize the data, helping
the EDL model converge faster during training, increasing
training stability, and reducing the impact of differences be-
tween features. Specifically, the normalization layer adjusts
the data so that the mean is 0 and the standard deviation is
1. The normalized data is then passed into the LSTM neu-
ral network layer for training. The choice of LSTM layers
is based on two primary considerations: first, its memory
cells can retain hydrological information over extended pe-
riods, effectively capturing the temporal dependencies of the
rainfall-runoff process to enhance flood simulating accuracy;
and second, many studies have demonstrated that LSTM
consistently improves hydrological model simulation perfor-
mance. For example, Alizadeh et al. (2021) demonstrated
the SAINA-LSTM model outperforms the EnsPost and MS-
EnsPost in low, medium, and high flow ranges, as well as in
1 to 7d forecast horizons, and significantly reduces the root
mean square error of flow predictions. Additionally, Xu et
al. (2022) combined the particle swarm optimization (PSO)
algorithm with the LSTM model to obtain the PSO-LSTM
model. The research results show that the PSO-LSTM model
outperforms the Artificial Neural Network (ANN) and PSO-
ANN at all stations in the basin. Finally, the trained EDL
model outputs the simulated runoff.

For the EDL model, similar to the traditional XAJ model,
the XAJRNN layer takes areal mean rainfall (Pypg) and pan
evaporation (Eqpg) as input data, with a shape of [batch size,
sequence length, 2 (input feature dimensions)]. The output
physical quantities of interest are the actual evapotranspira-
tion (E}), the areal mean free water storage (Sp), the areal
mean tension water storage (W), and outflow discharge of the
basin (Q). The selection of these four variables as the output
of the XAJRNN layer is primarily based on their high hy-
drological relevance to flood forecasting. Actual evapotran-
spiration (E;) is a key component of the hydrological cycle,
directly affecting water availability and playing a crucial role
in runoff processes and flood simulation. Areal mean free
water storage (Sp) and tension water storage (W) represent
the states of free water and water under tension in the wa-
tershed, reflecting the basin storage capacity, which in turn
influences flood occurrence and intensity. Outflow discharge
(Q), as the direct output of the basin system, is a core indica-
tor for flood simulation. The selection of these variables fully
considers their physical significance and practical applica-
tion value in flood simulation. These four physical quantities,
along with the two input sequences, form a new sequence
that serves as input for subsequent layers. The shape of the
new input is [batch size, sequence length, 6 (new input fea-
ture dimensions)]. After passing through normalization lay-
ers and LSTM layers, the final simulated flow sequence is
obtained. Following the general optimization methods of DL
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Figure 3. The structures of ordinary RNN unit and proposed XAJRNN unit.
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Figure 4. The structure of the proposed EDL model. (a) The struc-
ture network schematic graph of the XAJRNN layer. /& represents
the state variables in the XAJRNN layer (as shown in Table Al).
prepresents the parameters in the XAJRNN layer (as shown in Ta-
ble A3). (b), (¢), and (d) represent the normalization layer, LSTM
layer, and output results, respectively.

models, the parameters of the XAJRANN and LSTM layer in
the EDL model are optimized using gradient descent, specifi-
cally with the Adam optimizer, to minimize the loss function.
In our study, a separate model was trained for each basin for
flood simulation and forecasting, whose parameters were di-
rectly updated using the standard end-to-end backpropaga-
tion approach. The model is trained with NSE as the loss
function and a learning rate of 0.001. The maximum number
of iterations is set to 200, and training samples are reused in
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each training cycle until convergence is achieved (i.e., the ab-
solute difference in NSE between consecutive cycles is less
than 0.001).

3.2.2 Benchmark model

To compare the performance of the EDL model, three bench-
mark models are established. The first benchmark model is
the ordinary XAJ model, which also takes areal mean rainfall
and evaporation as input to illustrate the role of the XAJRNN
layer in the EDL model. The input is the observed areal mean
rainfall (Pyps) and pan evaporation (Eps), the output is the
simulated flow discharge. Unlike the previous DL model, we
use the genetic algorithm (GA) to calibrate model param-
eters. The GA searches in a population of points, uses the
encoding of parameter sets, and uses probabilistic transition
rules. There are four GA hyperparameters: crossover proba-
bility parameter (p.), mutation probability parameter (pm),
population size parameter (psize) and the maximum num-
ber of generation (Ty,x). Referring to the research results of
Cheng et al. (2006), the above hyperparameters are set to,
Pe =0.8, pm = 0.1, psize = 150, and Typax = 1500. The sec-
ond benchmark model is LSTM model, which differs from
the EDL model only in the absence of the XAJRNN layer;
the rest of the architecture, including the normalization layer
and LSTM layer, remains the same. The purpose of LSTM
model is to compare the contribution of XAJRNN layer to
the simulation performance in the EDL model. In order to
reduce the impact of the training process on the model per-
formance, the training process and hyperparameters of the
LSTM model are the same as those of the EDL model.

The third benchmark model is the XAJ-LSTM hybrid
model, which utilizes the simulated discharge generated by
the ordinary XAJ model as its primary input, augmented by
observed areal mean rainfall and pan evaporation data. The
final output of XAJ-LSTM hybrid is the simulated flow dis-
charge. Similarly, the training process and hyperparameter
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Table 1. Optimal parameters of the ordinary XAJ model calibrated using the GA algorithm.

Parameter  Value range Lushui River basin  Qingjiang River basin
K. [0.6,1.5] 0.95 0.85
c [0.01,0.2] 0.18 0.19
Wum [5,30] 28.75 23.15
Wim [60,90] 84.36 64.47
Wam [15,60] 23.19 15.60
Aimp [0.01,0.2] 0.02 0.01
b [0.1,0.4] 0.40 0.35
Sm [10,50] 49.97 39.86
ex [1,1.5] 1.08 1.06
K; [0.1,0.55] 0.19 0.37
K¢ [0.7-K;{] 0.51 0.33
¢ [0.1,0.9] 0.87 0.89
Cg [0.9,0.988] 0.98 0.97
K¢ [0.1,10] 3.99 1.58

configurations for the XAJ-LSTM model are kept consistent
with those used in the two previous benchmark models. The
purpose of this benchmark model is to demonstrate the su-
perior performance of the proposed EDL model in compar-
ison to using the LSTM layers solely for hydrological post-
processing.

3.3 Evaluation metrics

The overall performance of the models is evaluated using
NSE (Nash and Sutcliffe, 1970), relative error (RE), and root
mean squared error (RMSE). The calculation formulas are as
follows:

SN (Qoii — Ori)?

NSE=1— Qi “
YN (Qoi— 00)?
S 06— Y Qi
RE = i=1 Zallv Q i=1%<0,1 % 100% (5)
i=1%o,i
N s — N2
RMSE = \/Zz:l(Q?\l] Qo.i) "

where N is the number of samples, Qo, Q, and Qf; repre-
sent the observed inflows, mean value, and simulated inflows,
respectively.

To further evaluate the performance of the four models for
flood event simulation, the flood peak relative error (PRE)
and the flood peak timing difference (AT) are calculated by
the following formulas:

Qf,peak - Qo,peak

PRE = x 100 % 7

o,peak
AT =T, - Tt (®)

where Qo peak and Of peak represent the observed and simu-
lated peak inflow discharge. T, and 7 are the observed and
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simulated times of peak discharges occurred. If AT is posi-
tive, the simulated peak discharge occurs early than the ob-
served peak discharge; and vice versa.

4 Results
4.1 Comparison of model performance

Table 2 presents the evaluation metrics for flood simu-
lation using four models (EDL, XAJ, LSTM, and XAlJ-
LSTM) in the Lushui River and Qingjiang River basins.
The evaluation metrics include NSE, RE, and RMSE val-
ues for both training and test phases. In the Lushui River
basin, the EDL model demonstrated outstanding perfor-
mance in both training and test periods. For the whole
flow data series, EDL achieved an NSE of 0.98 during
the test period, with the lowest RMSE (43.71m3s~!) and
a small relative error (RE = —2.69 %). These results out-
performed both XAJ (NSE = 0.90, RMSE = 89.60 m3 s_l),
LSTM (NSE=0.96, RMSE=5427m3s~!), and XAJ-
LSTM (NSE=0.92, RMSE=73.54m?>s~!). A similar
trend was observed in the Qingjiang River basin. the
EDL model achieved an NSE of 0.92 and RMSE of
167.94m> s~!, maintaining a lower error compared to XAJ
(RMSE=231.17m3s™!), LSTM (RMSE = 155.71 m?s~ 1),
and XAJ-LSTM (RMSE = 227.62 m> s !). These results in-
dicate that the EDL model generalizes well to different hy-
drological conditions.

Furthermore, as noted in Sect. 3.1.2, the XAJRNN layer
within the EDL model can directly output simulated outflow
(Q). To evaluate its performance, we extracted the runoff
from the XAJRNN layer and compared it against observed
streamflow in these two basins. The results are described
as follows: in the Lushui River basin, the training period
yielded NSE=0.92, RE=4.02%, RMSE =74.69m3s~!,
while the testing period yielded NSE = 0.90, RE = 10.87 %,
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RMSE =86.98m3s~!. In the Qingjiang River basin,
the training period achieved NSE=0.89, RE=23.84 %,
RMSE = 172.64m>s~!, and the testing period NSE = 0.86,
RE=—7.17 %, RMSE = 198.74m* s~!. Compared with the
XAJ model, the runoff simulated by the XAJRNN layer
shows overall improvement. However, its accuracy still falls
short of the full EDL model. These findings confirm that
while the XAJRNN layer has advantages over the standard
XAJ model, integrating it with the LSTM layer could im-
prove simulation accuracy.

It is important to note that the RMSE values of the two
basins in Table 2 differ significantly. Specifically, the RMSE
in the Lushui River basin is noticeably lower than that in the
Qingjiang River basin. A possible reason for this difference
is that, based on statistical calculations, the annual average
flow of the Qingjiang River basin is 290m>s~!, whereas
that of the Lushui River basin is only 96 m3 s~!. Addition-
ally, the overall simulation performance in the Lushui River
basin is better than in the Qingjiang River basin. During the
test phase, the LSTM model demonstrated better simulation
performance in the Qingjiang River basin, primarily due to
the close integration of our EDL model with the XAJ model.
Specifically, the XAJRNN layer in the EDL model adopts the
runoff generation and routing principles of the XAJ model,
and the model performance is closely related to the simula-
tion accuracy of the XAJ model. When the XAJ model per-
forms well, the EDL model also achieves better NSE, RE,
and RMSE for the Qingjiang River.

Figures 5 and 6 respectively present the scatter plots of
flood simulation results for the Lushui River and Qingjiang
River basins using the EDL model, the XAJ model, the
LSTM model, and XAJ-LSTM model. In Fig. 5a, during
the training period, the scatter points of the EDL model are
tightly clustered and evenly distributed around the 1 : 1 ideal
line. However, during the test period, in the range where ob-
served flow exceeds 3000 m> s~ !, most scatter points are lo-
cated below the 1 : 1 ideal line. As shown in Fig. 5b, the scat-
ter points of the XAJ model are generally more dispersed
compared to the EDL model, and fall noticeably below the
1:1 ideal line across both the training and test periods. In
Fig. 5c, the scatter points of the LSTM model during the
training period are evenly distributed around the 1: 1 ideal
line but are more dispersed than those of the EDL model. In
Fig. 5d, the scatter points of the XAJ-LSTM model exhibit
a distribution that lies between those of the XAJ and LSTM
models, with a higher degree of dispersion compared to the
tightly grouped points of the EDL model. During the test pe-
riod, the scatter points in the low to medium flow range are
evenly distributed around the 1 : 1 ideal line, similar to the
EDL model, but in the range where the observed flow ex-
ceeds 3000m3s~!, most scatter points are below the 1: 1
ideal line. The reason that the scatter points fall below the
1 : 1 ideal line in the range where the observed flow exceeds
3000m3 s~ may be due to the fact that during the training
period, there were few flow values exceeding 3000 m> s~!

s
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while in the test period, there were relatively more high flows
exceeding 3000 m3s~! In summary, it can be concluded that
the scatter plots of the EDL model are relatively better, while
the scatter plots of the XAJ and LSTM models are relatively
Wworse.

In Fig. 6a, the scatter points of the EDL model are very
compact and evenly distributed on both sides of the 1:1
ideal line during the training period. However, the scatter
points are more loosely distributed, and some scatter points
are obviously below the 1 : 1 ideal line during the test period.
As shown in Fig. 6b, the scatter points of the XAJ model
during the training period are more scattered than the EDL
model, and the scatter points are obviously deviated from
the 1 : 1 ideal line in the range where observed flow exceeds
4000 m? s~!. During the test period, the scatter point dis-
tribution of the XAJ model is looser, and the scatter points
are farther from the 1:1 ideal line in the range where the
observed flow exceeds 4000 m3s~!. As shown in Fig. 6c,
the scatter point distribution of the LSTM model during the
training period is similar to that of the EDL model. Dur-
ing the test period, it is also similar to the EDL model, but
the scatter points are obviously below the 1 : 1 ideal line in
the range where the observed flow exceeds 6000m>s~!. In
Fig. 6d, the scatter points of the XAJ-LSTM model are more
dispersed around the 1: 1 ideal line than those of the EDL
model. In summary, it can be concluded that the scatter plots
of the EDL model are relatively better than these of the XAJ
and LSTM models.

4.2 Comparison of the effectiveness of flood events
simulation

Four major flood processes during the test period were se-
lected in the Lushui River and Qingjiang River basins as case
study. The simulation evaluation metrics of the three mod-
els (EDL, XAJ, LSTM, and XAJ-LSTM) in these four flood
processes are shown in Tables 3 and 4, respectively. These
evaluation metrics include NSE, RE, RMSE, PRE, and AT.
It should be specifically noted that if AT is positive, the sim-
ulated peak discharge occurs earlier than the observed peak
discharge; and vice versa.

As shown in Table 3, the EDL model performed excep-
tionally well with high simulation accuracy, the NSE ranged
from 0.97 to 0.99, RE ranged from —7.54 % to —1.9 %,
and RMSE was as low as 71.66m>s~!. Additionally, the
EDL model’s PRE was consistently below —12 %, and AT
remained at O, highlighting its high reliability in simulat-
ing peak flow magnitude and timing. In contrast, the XAJ
model’s NSE ranged from 0.65 to 0.93, with significant RE
deviations and RMSE values much higher than those of the
EDL model, resulting in subpar overall performance. The
LSTM model’s NSE ranged from 0.91 to 0.97, close to that
of the EDL model, but its RE and RMSE were slightly less
favorable, resulting in marginally lower simulation accuracy.
The XAJ-LSTM model achieves a slightly lower NSE value
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Table 2. Comparative analysis of model simulation accuracy evaluation metrics.

Basin Model Training period ‘ Test period
NSE RE(%) RMSE(m’s™!) | NSE RE(%) RMSE(m3s™!)
Lushui River EDL 0.98 1.59 34.11 | 098  —2.69 43.71
XAJ 086 —26.07 93.83 | 0.90 —18.50 89.60
LSTM 097  —1.90 4487 | 096 —0.61 54.27
XAJ-LSTM  0.93 4.24 70.90 | 0.92 19.06 73.54
Qingjiang River EDL 0.95 1.10 104.09 | 092 —8.74 167.94
XAJ 0.85 591 182.05 | 0.85 —7.92 231.17
LSTM 090 —4.16 14789 | 093  —6.19 155.71
XAJ-LSTM  0.88 1.56 164.52 | 0.86 —11.80 227.62

compared to the EDL model, along with considerably higher
RE and RMSE, indicating an overall inferior predictive per-
formance.

As shown in Table 4, the EDL model continued to
demonstrate superior performance, with NSE exceeding 0.95
in all cases except for extreme events, RE ranging from
—4.7% to —0.17 % with minimal bias, and RMSE as low
as 266.62m>s~!. Although the EDL model’s performance
slightly declined during extreme events (e.g., 20200726), it
still outperformed other models overall. The XAJ model’s
performance in the Qingjiang River basin was significantly
inferior to the EDL model, with NSE varying widely, reach-
ing as low as 0.32, RE deviations as high as 26.42 %, and
RMSE peaking at 1277.61 m?s~!, indicating its poor adapt-
ability to complex events. The LSTM model’s NSE ranged
from 0.64 to 0.94, overall better than the XAJ model, but its
accuracy and timeliness in peak flow simulation were insuf-
ficient during extreme events. For the 20200628-flood event,
the performance of the XAJ-LSTM model was comparable
to that of the EDL model. While for the other three flood
events, the EDL-based approach performed much better than
the XAJ-LSTM model.

In summary, the EDL model exhibited the best overall
performance in flood simulations for both the Lushui and
Qingjiang River basins, with high accuracy, low bias, and
excellent stability, particularly in regular flood events. Al-
though the performance of LSTM and XAJ-LSTM models
were close to that of the EDL model overall, it was slightly
lacking in extreme events. In comparison, the XAJ model
lagged significantly in both accuracy and adaptability, mak-
ing it less suitable for precise flood simulation.

The outstanding performance of the EDL model highlights
its immense potential in flood simulation, especially in com-
plex basin conditions and extreme flood events. This fur-
ther proves the advancement and feasibility of the model ob-
tained by coupling DL technology with traditional hydrolog-
ical models in the field of hydrological simulation, and pro-
vides strong tool support for solving flood forecasting prob-
lems.
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To visually demonstrate the advantages of the EDL model,
Figs. 7 and 8 respectively present the hydrographs of four
flood events in the Lushui River and Qingjiang River basins,
comparing the simulation results of the EDL model, XAJ
model, LSTM model, and XAJ-LSTM model.

From Fig. 7, it can be observed that the 20170624-flood
event, all four models underestimated the peak flow dis-
charge to varying degrees, but the EDL model performed
relatively better and more accurately simulated the timing
of the peak flow. In the 20170702 and 20170813 compound
flood events, the EDL model’s simulated hydrograph during
the peak flow was closer to the observed hydrograph com-
pared to the three benchmark models. For 20190526-flood
event, both the EDL model and the LSTM model simulated
the peak flow discharge well. However, in the 20170702 and
20190526 flood events, all four models exhibited delays, as
evidenced by discrepancies in the rising speed during the
flood rising phase compared to the observations. This may be
due to the slow response of the model to rainfall. Overall, the
EDL model performed well in simulating the hydrographs of
the Lushui River basin, accurately capturing both the peak
flow discharge and the timing of the peak.

Compared to the Lushui River basin, the simulation re-
sults of the four models in the Qingjiang River basin showed
certain limitations, which were particularly evident in the
20200726-flood event as shown in Fig. 8d. The poor sim-
ulation performance may be attributed to two major influ-
encing factors. First, the location of the heavy rainfall center
has a significant impact on the simulation results. Since the
model input uses areal average rainfall, it fails to fully ac-
count for the spatial distribution characteristics of rainfall.
As shown in Fig. 8d, when the heavy rainfall center is close
to the Shuibuya Reservoir, the short flow routing time leads
to a significant decline in the model simulation performance.
Second, the impact of upstream reservoir regulation cannot
be ignored. During multiple flood events in the Qingjiang
River basin in 2020, the Shuibuya Reservoir increased out-
flow discharge to cope with severe flood control conditions.

All four models underestimated the peak flow discharge,
and the simulated peak flow time was significantly delayed
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Figure 5. Scatter plots of observed (Qo) and simulated (Qp) flow discharges by four models in the Lushui River basin. The color bar
represents the density of the scatter distribution. The denser the scatter distribution, the higher the corresponding density value in color.

Hydrol. Earth Syst. Sci., 29, 7217-7239, 2025 https://doi.org/10.5194/hess-29-7217-2025



X. Xiang et al.: Explainable DL for flood simulation

7229

Training period Test period
10000 10000
0.0012
8000
00010 3000 0.0006
_ 6000 0.0008 6000
z 2 0.0004
< 0.0006 £
I g
4000 4000
0.0004
0.0002
2000 0.0002 2000
0 0 =
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Q. (m¥/s) Qo (m/s)
(a) EDL model
10000 10000
0.0005
8000 8000
0.0006
0.0004
6000 6000
3 0.0004 % 0.0003
< 4
4000 4000 10.0002
0.0002
2000 2000 0.0001
0 0
0 2000 4000 6000 8000 10000 0 2000 4000 6000 00
Q, (m¥/s) Qo (m¥/s)
(b) XAJ model
10 000 10000
0.0008
8000 000125 gg09
0.00100 0.0006
6000 _ 6000
i 000075 %
] 5 L040004
4000 000050 4000
0.0002
2000 0.00025 900 l
00 2000 4000 6000 8000 10000 00 2600 4000 6000 10000
Qo (m¥/s) Qo (m¥/s)
(¢) LSTM model
10000 10000
0.0010
8000 8000 0.0006
0.0008
2 6000 0.0006 % 6000 0.0004
<7 | <2 i
4000 0.0004 4000
0.0002
2000 ' 00002 509
0 :
0 2000 4000 6000 8000 10000 00" 2000 4000 6000 8000 10000

Q. (m¥/s) Q. (ms)

(d) XAJ-LSTM model

Figure 6. Scatter plots of observed (Qo) and simulated (Qp) flow discharge by four models in the Qingjiang River basin. The color bar
represents the density of the scatter distribution. The denser the scatter distribution, the higher the corresponding density value in color.
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Table 3. Flood simulation evaluation metrics for different events in the Lushui River basin.

Flood event  Model NSE RE(%) RMSE(m3s™!') PRE(%) AT
20170624 EDL 0.98 —17.54 211.98 —11.99 0
XAJ 0.83 —19.31 561.31 —26.62 0
LSTM 091 —12.29 421.53 -217 -3
XAJ-LSTM 091 —6.79 417.77 —-20.84 -3
20170702 EDL 0.97 —3.53 138.01 —11.57 0
XAJ 0.65 —24.8 468.94 —37.34 30
LSTM 0.93 0.76 204.43 —12.59 27
XAJ-LSTM  0.83 —6.28 325.57 —18.16 30
20170813 EDL 0.99 -1.9 71.66 —-0.9 0
XAJ 0.85 —18.28 351.25 —26.61 3
LSTM 0.97 0.28 142.23 -7.31 0
XAJ-LSTM  0.92 2.67 255.68 —1.86 3
20190526 EDL 0.98 —3.85 85.92 —-0.78 0
XAJ 0.93 1.23 175.86 —10.15 0
LSTM 0.97 —4.49 109.74 0.45 0
XAJ-LSTM  0.97 —0.76 113.95 —5.66 0
Table 4. Flood simulation evaluation metrics for different events in the Qingjiang River basin.
Flood event  Model NSE RE (%) RMSE (m3 s*]) PRE (%) AT
20171003 EDL 0.95 —4.43 244.26 —7.64 0
XAJ 0.89 5.38 357.55 —8.59 0
LSTM 0.85 —15.82 417.92 —27.02 0
XAJ-LSTM  0.87 —9.36 382.81 —13.37 0
20200628 EDL 0.98 —-0.17 266.62 -22 0
XAJ 0.95 5.48 467.13 —7.34 0
LSTM 0.94 —3.58 506.72 —11.95 0
XAJ-LSTM  0.97 —-2.80 377.35 —8.29 0
20200717 EDL 0.95 —1.74 533.14 —4.48 6
XAJ 0.66 —23.15 1368.23 —28.61 0
LSTM 0.91 —5.43 696.92 —20.18 0
XAJ-LSTM  0.78 —19.29 1100.59 —24.34 0
20200726 EDL 0.61 —4.7 966.73 -945 -6
XAJ 0.32 26.42 1277.61 —1275 -6
LSTM 0.64 1.84 931.87 —1329 -6
XAJ-LSTM  0.51 8.13 1089.91 —1294 -6

compared to the observed flow peak time. Our study focused
on two basins: the Lushui and Qingjiang River basins. As il-
lustrated in Fig. 1, the Qingjiang River basin features a more
complex terrain and a more meandering river network com-
pared to the Lushui River basin. Based on the flow simulation
results shown in Figs. 7 and 8, the model performance in the
Lushui River basin is better than that in the Qingjiang River
basin. These findings suggest that the model simulation accu-
racy in simple terrain basin is higher than that in the complex
terrain conditions. For 20201003 and 20200717 flood events,
the EDL model’s simulated hydrograph was closer to the ob-
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served hydrograph compared to the benchmark models. For
20200628-flood event, the LSTM model performed better
during the recession phase but significantly underestimated
the peak flow discharge and failed to accurately simulate the
rising phase. In contrast, the EDL model performed better
during the rising and peak phases but exhibited delays dur-
ing the recession phase. Overall, although some deviations
in peak flow discharge and timing exist, the EDL model still
effectively captures the general flood trends in the Qingjiang
River basin.
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Figure 7. Comparison of observed and simulated flood hydrographs in the Lushui River basin.

5 Discussion

The XAJ model is a well-established hydrological model uti-
lized for generalizing hydrological processes in a basin, in-
cluding runoff generation and routing. However, when used
in isolation, the model may struggle to adequately capture
intricate nonlinear relationships, particularly evident in flood
peak simulating where it might not fully account for the
impacts of real-time meteorological changes. On the other
hand, DL models, especially time-series models like LSTM,
are adept at capturing complex nonlinear relationships within
time series data. Nevertheless, they may encounter delays in
accurately simulating flood peak timings (Chen et al., 2022;
Cui et al., 2021; Xiang et al., 2024). To address this limita-
tion, a fusion of the XAJ model and DL models can miti-
gate the weaknesses inherent in each approach. Specifically,
the conventional hydrological model offers a foundation for
physical processes that enhance the simulation of basin hy-
drological responses, while the DL model can refine the out-
put of the hydrological model, particularly in terms of tem-
poral accuracy and the comprehension of nonlinear relation-
ships. This hybrid approach allows the XAJ model to cap-
ture long-term dependencies in hydrological processes while
enabling the DL model to make more accurate simulations
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regarding flood peak timing, thus effectively minimizing de-
lays in flood peak time.

In traditional processes, DL models such as LSTM are
commonly employed as post-processors to correct the out-
puts of hydrological models (Cho and Kim, 2022; Cui et al.,
2021; Frame et al., 2021; Han and Morrison, 2022). Nev-
ertheless, a significant drawback of this methodology stems
from the inconsistent parameter optimization. Typically, the
parameters of the hydrological model are initially calibrated
to achieve the best simulation results, followed by the train-
ing of an LSTM model for refinement. Since the parame-
ter adjustments of the hydrological and DL models are con-
ducted independently, the resulting parameter combination is
often suboptimal, thereby constraining simulation accuracy.
A comparison between the EDL model and the XAJ-LSTM
model highlights this issue. The XAJ-LSTM model, which
uses the outputs of the traditional XAJ model as inputs and
is trained independently, shows some improvement over the
XAJ model but still underperforms compared with the EDL
model. By contrast, the proposed EDL model integrates hy-
drological and DL components within a unified framework,
enabling synchronized training and joint parameter optimiza-
tion. This online strategy not only eliminates the parameter
mismatch inherent in conventional post-processing methods

Hydrol. Earth Syst. Sci., 29, 7217-7239, 2025
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Figure 8. Comparison of observed and simulated flood hydrographs in the Qingjiang River basin.

but also ensures that both hydrological and DL parameters
are optimized simultaneously, leading to generate synergis-
tic benefits.

This study demonstrates that the proposed EDL model,
which tightly integrates physical mechanisms with DL, can
effectively improve the accuracy of flood simulation and
forecasting. A limitation of the present work is that the
model parameters were obtained separately for each basin.
Consequently, the current implementation represents a lo-
cally trained model that is functionally similar to tradi-
tional calibration. Future research should therefore pursue
two complementary directions to improve generality and
adaptability. One is to develop multi-basin (regional or
global) training strategies via differentiable parameter learn-
ing, transfer learning, or meta-learning, which can leverage
data from many basins to produce a single, generalizable
model. Another is to introduce mechanisms for dynamic,
input-dependent parameter adaptation so that model param-
eters can evolve with temporal changes in inputs. Additional
promising avenues include explicit uncertainty quantifica-
tion, tighter coupling between physics and data-driven com-
ponents, and online-updating for real-time forecasting. Pur-
suing these directions would increase the model applicability
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across diverse basins and enhance its potential for scientific
discovery.

6 Conclusions

The present study proposes a novel EDL model that com-
bines the physics-driven XAJRNN layer with the LSTM
layer, successfully achieving accurate simulation of flood
processes in the Lushui River basin and Qingjiang River
basin. This model leverages the relatively complex physical
mechanisms of the XAJ model and the nonlinear representa-
tion capabilities of DL, demonstrating strong simulation per-
formance. The key findings of this study are as summarized
as follows:

1. The EDL model demonstrates superior performance
in both simulation accuracy and error control. It
achieves an average NSE of 0.98 in the Lushui River
basin and 0.94 in the Qingjiang River basin, demon-
strating its outstanding fitting capability. Its average
RMSE is 38.91m?s~! in the Lushui River basin and
136.02m3s~! in the Qingjiang River basin, signifi-
cantly lower than that of benchmark models, highlight-
ing its superior simulation accuracy. Although the RE is
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slightly higher during the testing phase, the combined
analysis of the training phase RE shows that the EDL
model consistently outperforms its counterparts with
stable error control.

The EDL model demonstrates the highest stability in
most flood simulations. Compared to the benchmark
models, the EDL model achieves smaller PRE values,
indicating its superior accuracy in simulating flood peak
magnitudes. Moreover, except for a few rare cases, the
EDL model’s AT is nearly zero, showcasing its unpar-
alleled precision in simulating the timing of flood peaks.

Compared to traditional single models, the EDL model
not only significantly improves simulation accuracy but
also enhances interpretability by integrating physical
mechanisms. This innovative approach paves the way
for the seamless integration of DL with hydrological
physical mechanisms, advancing research in the field.

Appendix A: Supplementary tables and texts

Table A1 describes the state variables of the XAJ model.
Table A2 describes the flux of the XAJ model.

Table A3 describes parameters and their value ranges of
the XAJ model.

Algorithm Al describes the pseudocode of the XA-
JRNN layer.

Sect. Al describes the equations of the XAJ model.

Table A1l. State variables of the XAJ model.

7233

Module State variable ~Meaning Unit
Evapotranspiration = Wy Areal mean tension water storage of the upper soil layer mm
W Areal mean tension water storage of the lower soil layer
Wy Areal mean tension water storage of the deep soil layer
Runoff separation So Areal mean free water storage
Flow routing o] Water storage of the interflow linear reservoir
Og Water storage of the groundwater linear reservoir
F Water storage of the first reservoir in the Nash unit hydrograph
I3 Water storage of the second reservoir in the Nash unit hydrograph
F3 Water storage of the third reservoir in the Nash unit hydrograph

https://doi.org/10.5194/hess-29-7217-2025
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Table A2. Flux of the XAJ model.

Module Flux  Meaning Unit
Evapotranspiration  Pyps  Areal mean rainfall mm/At
Eons  Measured pan evaporation
P Areal mean rainfall of the impervious area
Rimp  Runoff directly from the impervious area
Py Areal mean net rainfall
Ep Potential evapotranspiration
Ey Actual evapotranspiration of the upper soil layer
E; Actual evapotranspiration of the lower soil layer
Eq Actual evapotranspiration of the deep soil layer
Et Actual evapotranspiration
Runoff generation R Runoff produced from the previous area mm/At
Runoff separation R Surface runoff mm/At
R; Interflow runoff
Rg Groundwater runoff
Flow routing 0Oi Outflow of the interflow linear reservoir mm/At
O¢ Outflow of the groundwater linear reservoir
O¢ Total inflow to channel network

01 Outflow of the first reservoir in the Nash unit hydrograph
02 Outflow of the second reservoir in the Nash unit hydrograph
03 Outflow of the third reservoir in the Nash unit hydrograph

0 Outflow discharge of the basin m
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Table A3. Parameters and their value ranges of the XAJ model.
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Module Parameter ~Meaning Value range ~ Unit
Evapotranspiration K, Ratio of potential evapotranspiration to pan evapotranspiration [0.6,1.5] -
c Coefficient of deep evapotranspiration [0.01,0.2] -
Wum Areal mean tension water capacity of the upper soil layer [5,30] mm
Wim Areal mean tension water capacity of the lower soil layer [60,90] mm
Wam Areal mean tension water capacity of the deep soil layer [15,60] mm
Ajmp Ratio of the impervious area [0.01,0.2] -
Runoff generation b Exponent of the tension water capacity curve [0.1,04] -
Runoff separation Sm Areal mean of the free water capacity of the surface soil layer [10,50] mm
ex Exponent of the free water capacity curve [1,1.5] -
K; Outflow coefficient of the free water storage to interflow [0.1,0.55] -
Kg Outflow coefficient of the free water storage to groundwater [0.7-K;] -
Flow routing ¢ Recession constant of interflow storage [0.1,09] -
cg Recession constant of groundwater storage [0.9,0.988] -
K¢ Storage-discharge coefficient of the linear reservoir in the Nash unit hydrograph [0.1,10] -

Algorithm Al Pseudocode of the XAJRNN unit.

https://doi.org/10.5194/hess-29-7217-2025

Algorithm: the XAJRNN unit

Input: Sequences of observed rainfall {P,;.} and observed evapotranspiration {E,;.}

State initialization: W, " = 0. W® =0, w” =0, s{” =0. 0/ =0. 0 =0. 0{” = 0.

E” =0 FE”=0and F” =0
Parameters: K. ¢. Wi Wi, Wop. Aip. b S ex. K K. ¢ ¢ Keo n

function step_function ([P®, E®], (WY, WI(FU. W;:Fl). Sé‘fl). Ofkl}. O;HU. o0l

FUD, EF9 | EYTYY, parameters):

caleulate RO, Y EP. PO w P W@, w® via Egs. (A1) - (A20)
Calculate R, R, R(”. ¢ via Egs. (A21) - (A26)
Calculate an. QE). Qt@. Oa.m. Og@ via Eqs. (A27) — (A29)
calculate Q. @, 0. E¥. EP. E® via Egs. (A30) — (A32)
return W7, W, w®. s 0P, 0¥, 0P EP. EY ana EY
do RNN (step fimetion. [{P}. {E}]. W, 7. W, . w®. si”. 0. of”. of”. F”. E.
to obtain sequences of {W, }. {W;}. {W,}. {Sp}. {0:}. {Og}. {0,}. {F,}. {F.}. {Fa}
Calculate sequence of {Q} via Eq. (A33)

Output: The sequence of runoff at the catchment outlet {(}

FEI:UJD

Hydrol. Earth Syst. Sci., 29, 7217-7239, 2025
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Al Equations of the XAJ Model

In the evapotranspiration, considering the uneven vertical
distribution of soil, the XAJ model divides the soil into three
layers and calculates the actual evapotranspiration using a
three-layer soil moisture model. The calculation principle is
as follows: The upper layer evaporates according to its evap-
otranspiration capacity. When the upper layer’s water content
is insufficient, the remaining evapotranspiration capacity is
supplied by evaporation from the lower layers. The evapora-
tion from the lower layers is proportional to the water storage
in those layers. The ratio of the evaporation from the lower
layer to the remaining evapotranspiration capacity must not
be less than the coefficient of deep evapotranspiration (c).
Otherwise, the lower layer water storage will supply the in-
sufficient portion. If the lower layer water storage is not suf-
ficient to compensate, the deep layer water storage will pro-
vide the remainder. The calculation formula is as follows:

P = Pobs(1 — Aimp)
Rimp = Pobs X Aimp
Ep = K¢ Eobs (AD)
1. When Wy + P > E),
Ev=Ep; E=0; Eq=0 (A2)
2. When Wy + P < Ep and W) > ¢ X Wi,
Ey=Wy+P; E1 =(Ep— Eu) X Wi/Wim; Eq =0 (A3)
3. When W+ P < Epand ¢ X (Ep— Ey) < Wp < ¢ X Wi,

E.=Wy+P;, E=cx(Ep—Ey); Eg=0 (A4)
4. When Wy + P < Ep and ¢ x (Ep — Ey) > W,

Ey=Wuy+ P, E1=W;; Eg=c x (Ep — Ey) — E)

(AS)

Ei=Ey+ E+ Eq (A6)
[ P—E.&P>E

P“_{O,&P<Et (A7)

The runoff generation calculation uses the tension water
capacity curve. First, it is necessary to calculate the areal
mean tension water storage (W) and the areal mean tension
water capacity (Wp,):

W =W,+ W+ Wy (A8)
Wi = Wum + Wim + Wam (A9)

The vertical coordinate value («) corresponding to the areal
mean tension water storage (W) on the tension water capacity
curve is calculated as:

1
W\ +b
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(A10)
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Calculate the runoff produced from the previous area:

Po+ W — Win + Win(1 — 28850,
Po+a<Wupxb+1)
Pyt W — Wi,
Pot+a>WyLx((b+1)

(Al1)

Finally, update the areal mean tension water storage of the
upper, lower, and deep soil layer of the watershed at the end
of the current period, which will serve as the initial values
for the next period:

Wo=Wy+P—E—R (A12)
W=W —-E (A13)
Wq = max(Wy — Eq4,0) (A14)
When W, > Wy,

Wl = Wl + Wu - Wum (AlS)
Wy = Wum (A16)
When Wj > Wi,

Wq= Wq+ W) — Wi (A17)
Wi = Win (A18)
Wa = min(Wy4, Wam) (A19)

The runoff separation uses the free water capacity curve. The
vertical coordinate value () corresponding to the areal mean
free water storage (Sp) is:

ﬂ:Smx(ex+1)x[l—(l—So/Sm)T;<] (A20)
Therefore, the surface runoff (Ry) is:
R+{So — Sm + Smll — g 21ty K|
Ry = Py+B<Smx(ex+1) (A21)
R+(So— Sm) 4, &P+ B > S x (ex+1)
Rs = Rs + Rimp (A22)
The interflow runoff (R;):
R
RiZKiXSOX - (A23)
Py
The groundwater runoff (Ry):
R
Ry = K x Sp x o (A24)

n

Calculate the areal mean free water storage (Sp) at the end
of the current period, which will serve as the initial value for
the next period, as:

P
S0=S0+(R—RS—R1—Rg)an (A25)

The flow routing module consists of two submodules: hill-
slope and channel network routing. The hillslope routing
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adopts a linear reservoir approach, while the channel network
routing uses the Nash unit hydrograph. The calculation for-
mula for the linear reservoir is as follows:

Qi =—-0; xIng
Qg =—0¢ X Incg

(A26)
(A27)

The total inflow to channel network is equal to the sum of the
surface runoff (Ry), the outflow of the interflow linear reser-
voir (Qj), and the outflow of the groundwater linear reservoir
(Qg). The calculation formula is as follows:
Or=Ri+0i+ 0 (A28)

The calculation formula for the Nash unit hydrograph reser-
voir is as follows:

01=F1/K¢ (A29)
0> =F /K¢ (A30)
03 = F3/Ky (A31)

The calculation formula for the outflow discharge of the
basin (Q) is as follows:
0 = 03 x 1000 x F/At (A32)

where F is the watershed area, km?2. At is the input time step,
s.
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