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A signal decomposition optimized SWAT+ coupling framework for simu-
lating groundwater response in the central plains agricultural core area:
Sensitivity and land use scenarios
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Abstract: Predicting groundwater depth is crucial for sustainable water management in agricultural regions
facing intensive irrigation and rapid urbanization. Traditional data-driven models lack physical inter-
pretability, while physical models like SWAT+ often struggle with non-stationary inputs, limiting their
accuracy. This study proposes a novel Physics-Dominated Signal Decomposition Optimization (PD-SDO)
framework that integrates SWAT+ with Extreme-point Symmetric Mode Decomposition (ESMD) to inte-
grate physical mechanisms with data optimization. The framework is specifically designed for intensively
managed mixed land-use regions, exemplified by the study area—a national strategic zone for agricultural
development. Key innovations include: 1) ESMD-optimized inputs that extract high-frequency components
(the first intrinsic mode function (Intrinsic Mode Function 1, IMF1), representing the highest-frequency
component of the decomposed precipitation series) from precipitation to capture extreme rainfall pulses
(>50 mmy/d), thereby enhancing SWAT+'s adaptability to non-stationary climatic forcings prevalent in
monsoon-influenced areas; 2) sensitivity-guided analysis identifying ALPHA BF as the dominant parame-
ter controlling groundwater recharge, which, combined with spatial heterogeneity analysis, reveals dual-
mode drainage dynamics in loess-dominated unsaturated zones; 3) A closed-loop optimization where resid-
ual analysis dynamically adjusts ESMD thresholds, enabling model self-optimization; 4) Quantified land-
use impacts showing contrasting hydrological effects under afforestation and urbanization scenarios,
providing direct insights for spatial planning. The framework significantly improves simulation accuracy
for groundwater depth, achieving a Nash-Sutcliffe Efficiency (NSE) of 0.94 and a Mean Absolute Error
(MAE) of 8.02 m, which represents a 23% gain over the standalone SWAT+. It also enhances computa-
tional efficiency by 40% with minimal accuracy loss and provides 2.3 greater physical interpretability than
pure black-box models. PD-SDO offers a replicable solution for high-fidelity groundwater modeling in
rapidly changing mixed land-use zones, effectively balancing mechanistic fidelity with predictive perfor-
mance. The framework and its findings provide a scientific basis for optimizing water allocation and land
use management within strategic agricultural regions.
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where intensive irrigation and rapid urbanization
exert immense pressure on already stressed
aquifers. However, achieving high-precision
groundwater depth predictions remains a
formidable challenge due to the inherent non-
stationarity, nonlinearity, and spatial heterogeneity
of groundwater level time series (Shishegar et al.,
2021; Yilmaz et al., 2018).

To address these challenges, data-driven models,
including Artificial Neural Networks (ANNSs),
Support Vector Machines (SVMs), and Long Short-
Term Memory networks (LSTMs), have seen
significant advancements (Yu et al., 2017). Hybrid
approaches that combine signal decomposition
techniques—such as Wavelet Transform (WT),
Variational Mode Decomposition (VMD), and
Complete Ensemble Empirical Mode Decomposi-
tion with Adaptive Noise (CEEMDAN)—with
machine learning models like SVM, LSTM, and
BiLSTM have shown promising potential in
handling non-stationary signals and improving
prediction accuracy (Sang and Li, 2024). For
example, models like ESMD-VMD-WSD-
BiLSTM attempt to leverage the advantages of
multiple decompositions methods for complex
signal analysis. While these data-centric methods
often achieve superior forecasting performance—
evidenced by Nash-Sutcliffe Efficiency (NSE)
values exceeding 0.8 in some cases (Wu et al.,
2024)—they frequently operate as "black boxes",
lacking a clear physical interpretation of the under-
lying hydrological processes that control ground-
water dynamics (Jeong et al., 2024; Rong et al.,
2024). This opacity limits their applicabilityin
formulating targeted management strategies and
understanding the causal mechanisms driving
groundwater level changes.

Meanwhile, physics-based distributed hydrolog-
ical models, such as the Soil and Water Assess-
ment Tool (SWAT) and its enhanced version
SWAT+, provide a mechanistic framework for
simulating integrated water cycles, including
surface runoff, soil moisture dynamics, and
groundwater recharge (Abbas et al., 2024; Chen et
al., 2023; Zhang et al., 2025). These models excel
in representing physical processes and assessing
the impacts of climate change and Land Use/Land
Cover (LULC) changes on water resources (Costa
et al., 2023; Mosbahi et al., 2023; Rivera-Fernan-
dez et al., 2025; Shukla et al., 2023; Valencia et al.,
2024). Recent advancements have focused on
refining SWAT+ by integrating remote sensing
data, such as dynamic Leaf Area Index (LAI) for
improved phenology (Chen et al., 2023; Valencia
et al., 2024; Zhang et al., 2025), enhancing ground-
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water modules like gwflow (Abbas et al., 2024;
Abbas et al., 2025), addressing specific challenges
such as karst hydrology (Dai et al., 2025), and
improving parameter calibration/uncertainty analy-
sis tools, such as R-SWAT, SWATdoctR, and
holistic sensitivity analysis (Nguyen et al., 2022).
Within the SWAT+ framework, Global Sensitivity
Analysis (GSA) is crucial for identifying domi-
nant parameters controlling specific outputs such
as groundwater recharge (baseflow recession coef-
ficient ALPHA BF, curve number CN2, ground-
water delay GW_DELAY), thereby simplifying the
model and focusing calibration efforts (Rong et al.,
2024; Talebizadeh et al., 2024). Moreover,
scenario analyses using SWAT+ have matured in
quantifying hydrological impacts of LULC
changes, such as urbanization leading to increased
runoff and reduced infiltration, contrasted with
afforestation enhancing soil moisture storage and
groundwater recharge (Shukla et al., 2023; Valen-
cia et al., 2024).

Despite these advantages, conventional SWAT+
applications have limitations in accurately simulat-
ing groundwater dynamics influenced by highly
non-stationary inputs like precipitation, especially
under strong, short-duration convective storms
characteristic of semi-humid monsoon climates in
regions like the Central Plains (Gu et al., 2024).
Directly inputting raw precipitation series into
SWAT+ can lead to significant prediction biases in
groundwater responses, as noise obscures critical
event characteristics, and the model misrepresents
rapid infiltration pulses triggered by extreme rain-
fall.

Thus, a critical research gap exists in combining
the interpretability and process representation
strengths of physics-based models like SWAT+
with the sophisticated non-stationary signal
processing capability of decomposition techniques,
particularly for high-fidelity simulation of ground-
water depth. Although hybrid ML-physical models
are emerging (Bawa et al., 2025; Jahanshahi et al.,
2025; Jeong et al., 2024; Wu et al., 2024), and
decomposition techniques are employed within
ML frameworks or occasionally for input prepro-
cessing of simple models, a tightly coupled
paradigm where decomposition explicitly opti-
mizes inputs to core physical models based on
parameter sensitivity insights and iteratively
refines them based on model residuals, remains
novel for groundwater depth modeling. This gap is
particularly pronounced in complex mixed land-
use transitional zones undergoing rapid LULC
changes.

To bridge the discrepancy between non-station-
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ary hydro-climatic inputs and physically based
hydrological models, we propose a Physics-Domi-
nated Signal Decomposition Optimization (PD-
SDO) framework that integrates the SWAT+
model with Extreme-point Symmetric Mode
Decomposition (ESMD) to synergize physical
mechanisms with data-driven signal refinement.
The novelty of this study lies in four aspects: (1)
ESMD-optimized precipitation inputs: Adaptive
decomposition of precipitation series extracts high-
frequency components (IMF1) representing
extreme rainfall pulses (>50 mm/d), thereby
enhancing SWAT+ responsiveness to non-
stationary forcings. (2) sensitivity-guided physical
parameterization: Global sensitivity —analysis
(Morris/LHS) identifies dominant parameters
(ALPHA BF, CN2, GW_DELAY) governing
groundwater recharge, directing calibration efforts
and revealing loess vadose-zone drainage dynam-
ics (Rong et al., 2024; Talebizadeh et al., 2024).
(3) closed-loop signal-model optimization: A bidi-
rectional feedback between SWAT+ and ESMD
dynamically adjusts decomposition thresholds
based on model residuals, enabling iterative self-
optimization of input signals (Shukla et al., 2023;
Valencia et al., 2024). (4) enhanced interpretabil-
ity and computational efficiency: PD-SDO
achieves superior predictive performance and
greater interpretability compared with raw SWAT+
and data-driven black-box models. This frame-
work provides a replicable pathway for physically
consistent and high-efficiency simulation of
groundwater dynamics in mixed land-use basins.
The Central Plains Agricultural Core Area, char-
acterized by complex hydrogeology, intensive agri-
cultural water use, rapid urbanization, and signifi-
cant seasonal precipitation variability, serves as an
ideal testbed for this framework (Re et al., 2020).

1 Study area and data processing

1.1 Study area

The study area, known as the "Zhongyuan Nonggu"
(Central Plains Agricultural Core Area) — a
national-level agricultural development strategy
zone, is located in the northern part of the Huang-
Huai-Hai Plain, with a geographical extent of
112°34'-114°49' E longitude and 34°18'-35°05’
N latitude. The landscape is dominated by an
alluvial plain, with an average elevation rang-
ing from 65 m to 82 m above sea level. The
terrain slopes gently from northwest to south-
east at a gradient of 0.1° to 2.5°, with scattered
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low hills distributed along its western periph-
ery. The region constitutes one of the major
grain-producing areas in China. The scope of the
study area is delineated based on the development
plan of the "Zhongyuan Nonggu". It is an adminis-
trative unit dominated by agricultural production
but undergoing rapid urbanization, rather than a
purely physical geographical basin. The study area
is located in the central part of the Yellow River
alluvial plain, where the strata are primarily
composed of Quaternary loose sediments with a
thickness reaching 150—-200 m. The aquifer system
can be divided into three layers: (1) the shallow
phreatic aquifer, which lies at a burial depth of
15-30 m, mainly composed of silt and fine sand
with a permeability coefficient of 1.2—-8.6 m/d. Its
water yield increases from north to south; (2) the
middle confined aquifer, which is buried at 50-80
m, predominantly composed of medium to coarse
sand interbedded with clay impermeable layers,
with permeability coefficients of 5-15 m/d and
high water yield (unit yield >20 m*h-m); (3) the
deep aquifer, buried at depths >100 m, consisting
of ancient river channel sand layers, currently
under limited exploitation.

Structural Characteristics of the Pore Zone: The
pore zone exhibits significant spatial heterogeneity.
The northwestern clay zone predominantly consists
of clay-silt interbeds (8—12 m thick), featuring high
field capacity (0,c=0.35-0.45) but poor permeabil-
ity (K,=0.5-1.2 cm/h). The southeastern sandy
loam zone is dominated by sandy loam (5-8 m
thick), exhibiting high permeability (K,,=3-8
cm/h) but low water-holding capacity (0,c=0.15—
0.25).

Although dedicated hydrogeological survey data
were unavailable for this study, multiple data
sources were integrated to characterize the hydro-
geological setting as comprehensively as possible.
The spatial extent of the study area and the divi-
sion of hydrogeological units are shown in Fig. 1.
The shaded blocks in the figure identify four types
of typical land use zones: (1) high-yield farmland
in the northeast (wheat-corn rotation), predomi-
nantly with fluvo-aquic soil and an organic matter
content of 1.8%—2.5%; (2) a central urban agglom-
eration area (Zhengzhou-Xinxiang metropolitan
area), with urbanization rates exceeding 70% and
impervious surface ratios reaching 45%; (3)
ecological forest land in the southwest, dominated
by a mixed forest of black locust and poplar with a
vegetation coverage of 0.85; (4) an irrigation canal
network area in the southeast, containing 13 main
channels and 256 mechanical well irrigation areas.

http://gwse.iheg.org.cn
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This diverse land use pattern profoundly impacts
groundwater dynamics by altering the runoff
generation and convergence characteristics of the
underlying surface. Meteorological observations
over the past decade indicate that the region has an
average annual precipitation of 589 mm (£112
mm), with 79% occurring from June to September.
The frequency of heavy rainfall events (>50 mm/d)
averages 4.3 times per year, and the strong season-
ality and concentration of precipitation result in a
pulse-like pattern of groundwater recharge.

The groundwater system in the study area faces
threefold  pressures:  Agricultural irrigation
consumes 68% of the total water usage (with an
average annual extraction of 2.7x10° m®), urban
expansion has increased the impervious surface
ratio by 23% over the past decade, and climate
variability has led to an interannual precipitation
variability coefficient of 0.31. These factors collec-
tively drive the groundwater table to decline at an
average rate of 0.35 m per year, with the funnel
center in the northeastern farmland area reaching a
depth of 31.7 m. The four monitoring wells
selected for this study (marked by red dots in Fig.
4) are located at Changyuan-17 (in the clay zone
agricultural belt), Huojia-16 (in the urban-farm-
land transition zone), Yuanyang-19 (in the sandy
irrigation area), and Fengqiu-5 (in the forest
ecological area). Their spatial distribution effec-
tively covers the gradient differences in hydrogeo-
logical units and human activities.

http://gwse.iheg.org.cn

1.2 Multisource datasets

This study integrates multi-source heterogeneous
datasets from the Central Plains Agricultural Core
Area covering the period from 2005 to 2021,
constructing a unified spatiotemporal framework
through standardized preprocessing as shown in
Table 1. The foundational geographical data are
derived from 30-meter resolution Landsat remote
sensing images provided by the USGS, and super-
vised classification combined with manual inter-
pretation is employed to generate five land cover
types: Agricultural land (AGRL), forest land
(FRST), grassland (PAST), water bodies (WATR),
and urban built-up land (URBN). The classifica-
tion accuracy is validated with a Kappa coefficient
of 0.89.

Meteorological data are obtained from the China
Meteorological Assimilation Driving Datasets for
the SWAT model (CMADS V2.0), which include
10 elements such as daily precipitation, tempera-
ture, and wind speed, and are interpolated to
Hydrological Response Units (HRU) using the
Thiessen polygon method. Soil property data is
sourced from the Harmonized World Soil Database
(HWSD), extracting parameters such as sand
content (37.2+8.7%), clay content (23.5+6.3%),
and organic matter content (1.8+0.4%) for the
calculation of saturated hydraulic conductivity in
the SWAT+ model.

Groundwater depth monitoring data are obtained
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Table 1 Multisource datasets with spatiotemporal coverage and acquisition for the Central Plains Agricultural

Time Range Source/Access

Primary Application

Core Area
Spatial/Temporal
Cat Dataset
ategory Latase Resolution
Remote  Landsat-derived  30-meter spatial resolu- 2005-2021 USGS Landsat
Sensing  Land Cover tion/periodic tempo-
Classification ral resolution

Meteorol- CMADS V2.0 Interpolation to HRU

ogy spatial/daily time
scales
Meteorol- Meteorological
ogy station precipita-  scale
tion data
Soil Harmonized World 1 km spatial resolution/ 2012
Soil Database static time scale

(HWSD)

Point space/daily time 2005-2021 Weather stations

Land use/cover mapping and
analysis of changes in HRU
divisions and transfer matri-

ces

2005-2021 China Meteorological =~ Weather Inputs to SWAT+
Assimilation Driving ~ Models to Enhance Model
Datasets (CMADS) Drivers

Precipitation sequence prepro-
cessing

FAO/ITIASA Soil physical properties
extracted using the
ROSETTA soil transfer

function

Hydrology Groundwater depth Point scale (4 monitor- 2005-2021 Field monitoring wells Model calibration, validation

monitoring ing wells)/monthly

time scale

Land Use Land use/cover
change data tion/periodic time

scale

30-meter spatial resolu- 2005-2021 Landsat classification

and residual analysis; quan-
tifying the response of land
use and climate change to
groundwater depth

Quantification of land-use
(Kappa coefticient change impacts and policy-
0.89) relevant simulations in
SWAT+

from four observation wells, with continuous
records over 204 months used to fill missing
values through triple interpolation (missing rate
<0.2%), resulting in a spatiotemporally aligned
comprehensive dataset.

The dynamic changes in land types are quantita-
tively analyzed using a transition matrix (Table 2).
This matrix is constructed based on land use data
from 2005 to 2021, with the rows representing the
initial land type and the columns representing the
final land type. The matrix calculation is conducted
using the area-weighted method for land cate-
gories.

The analysis reveals a significant unidirectional
conversion pattern between cultivated land and
construction land: 12.3% of the cultivated land in
the high-yield agricultural areas of the northeast
was converted to construction land, primarily
occurring during the expansion period of the

Zhengzhou metropolitan area from 2010 to 2015.
Meanwhile, the southwestern forest land saw an
8.7% increase in forest cover through the Grain for
Green Project. This conversion directly alters the
runoff generation characteristics of the underlying
surface. The expansion of construction land
increases the regional average runoff coefficient by
0.18, while forest land restoration enhances the
infiltration rate by 23%, as shown in the chord
diagram in Fig. 2.

The temporal consistency and spatial accuracy
of the dataset are ensured through a triple control
mechanism: Remote sensing images consistently
utilize cloud-free data from July to September to
eliminate the impact of phenological differences;
land classification undergoes a three-tier verifica-
tion process (spectral characteristics, texture analy-
sis, and field validation points); and hydrometeoro-
logical data are subjected to cross-validation

Table 2 Land use type transition matrix for the central plains agricultural core area (2005-2021, km?)

Beginning of the period/End of the period AGRL FRST PAST WATR URBN
AGRL 8214.5 1032.7 687.3 42.1 1586.2

FRST 3189 5617.3 423.6 9.7 187.4

PAST 594.2 873.5 4215.8 224 323.6

WATR 18.7 7.3 9.1 83.9 11.2

URBN 235 15.2 18.4 1.9 1305.6
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(CMADS vs. ground station observations), with an
average relative error of less than 8.3%. This multi-
source data fusion approach provides reliable input
for subsequent parameter sensitivity analysis and
scenario simulation, offering significant advan-
tages in quantifying the policy effects of urban
expansion and ecological protection.

1.3 Data preprocessing

This study employs a systematic data preprocess-
ing workflow to ensure the consistency of multi-
source datasets in both temporal and spatial dimen-
sions. For the precipitation series, the Kriging
interpolation method is first applied to fill in miss-
ing records from 12 meteorological stations (with a
missing rate of 0.17%). Subsequently, standardiza-
tion is performed to eliminate dimensional differ-
ences, with the transformation formula as follows:
X—pu
o

Xnm‘m = ( 1 )

Where: p represents the mean of the series and o is
the standard deviation. The preprocessing of
groundwater depth data utilizes a triple quality
control mechanism: For the 204-month observa-
tions from the Changyuan-17 well, outliers are
identified and removed through boxplot analysis
(defined as values exceeding 1.5 times the
interquartile range), resulting in the correction of 7
anomalous data points (accounting for 3.4% of the
total series). For missing values (<0.2%), the
AutoRegressive Integrated Moving Average
(ARIMA) model is used for imputation, with the
lag order determined by the AIC criterion as p=3,
g=1. Finally, a moving average filter (with a

http://gwse.iheg.org.cn

window width of 5 months) is applied to smooth
high-frequency fluctuations, retaining trend infor-
mation at the seasonal scale and above. This
processing significantly reduces random noise
interference in the original series, laying the
groundwork for modeling physical mechanisms.

The preprocessing of land use data focuses on
the traceability of type conversions. Based on land
classification results from four periods between
2005 and 2021, 256 fragmented patches (area <l
hectare) are corrected using spatial topology rules
to ensure the continuity of land class boundaries.
Additionally, classification accuracy is assessed
using a confusion matrix, achieving an overall
Kappa coefficient of 0.89 (92% producer accuracy
for cultivated land and 88% user accuracy for
construction land). Soil parameter processing
employs pedotransfer functions. The soil texture
percentages are converted to saturated hydraulic
conductivity (K,,) and field capacity (6;.),
employing the neural network algorithm of the
ROSETTA model. The ROSETTA model achieved
a cross-validation R* = 0.89 for saturated hydraulic
conductivity (K,,) and field capacity (6;.),
confirming the reliability of soil parameter conver-
sion. All preprocessed datasets are ultimately stan-
dardized to the WGS84 coordinate system, with
temporal alignment on a monthly scale and spatial
resolution matched to the SWAT+ model's Hydro-
logic Response Units (HRUs), which have an aver-
age area of 3.2 km’.

During the quality control phase, a three-tier
verification system is established: The first tier
identifies data outliers through statistical distribu-
tion testing (Kolmogorov-Smirnov test). The
second tier uses spatial consistency analysis to
compare abrupt parameter changes between adja-
cent HRUs. The third tier evaluates the reliability
of interpolation via cross-validation, showing a
precipitation data interpolation error of 6.7%
(RMSE), and achieving a coefficient of determina-
tion (R’=0.93) for the groundwater depth series
imputation results. The preprocessed datasets have
eliminated non-systematic errors from the original
series, with optimization effects reflected in three
aspects: A 24% reduction in the skewness of
extreme precipitation values, a decrease in the land
use type misclassification rate to 5.2%, and an
increase in the spatial autocorrelation of soil
parameters by 0.18 (Moran's 1 index). These
improvements directly enhance the SWAT+
model's ability to depict hydrological physical
processes, particularly reducing the error in simu-
lating the groundwater flow lag effect by 12.3%.
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2 Research methodology and theory

2.1 SWAT+ model
parameterization

construction and

This study employs the SWAT+ (Soil and Water
Assessment Tool Plus) as the core hydrological
model, which is based on the water balance princi-
ple of distributed Hydrologic Response Units
(HRUs). The model integrates soil type, land use,
and topographic data to divide the study area into
spatial units with homogeneous hydrological char-
acteristics. Each HRU independently calculates
vertical water movement processes. The core water
balance equation is expressed as:

AS =P—-ET - Qs — Q,, — Perc 2)

Where: AS represents the change in vadose zone
water storage (mm), and P is the precipitation
(mm). The original precipitation series is opti-
mized using the Extreme-point Symmetric Mode
Decomposition (ESMD) technique, extracting the
high-frequency component (IMF1) to enhance the
model's response capability to extreme rainfall
events. ET denotes the actual evapotranspiration
(mm), calculated using the Penman-Monteith equa-
tion. Q,,, is the surface runoff (mm), dynamically
adjusted by the SCS Curve Number (CN2). Q,,
represents the groundwater recharge (mm), jointly
regulated by the baseflow recession coefficient
(ALPHA BF) and the groundwater delay time
(GW_DELAY). Perc is the percolation between
soil layers (mm). During the parameterization pro-
cess, a global sensitivity analysis of the three key
parameters, CN2, ALPHA BF, and GW_DELAY,
is conducted, considering the loess parent material
characteristics and agricultural irrigation features
of the Central Plains Agricultural Core Area:

CN2 (Curve Number): Represents the runoff
generation capability of the underlying surface,
with a calibration range set at £0.2, reflecting the
impact of tillage practices on infiltration.
ALPHA BF (Baseflow Recession Coefficient):
Ranges from [0,1], determining the rate at which
water is released from the aquifer to the river chan-
nel and controlling the fluctuation amplitude of
groundwater table depth. GW_DELAY (Ground-
water Delay Time): Ranges from [0,500] days,
describing the lag effect of precipitation infiltra-
tion into the aquifer.

2.2 Signal decomposition optimization
technique

In this study, signal decomposition technology
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serves as a crucial data preprocessing method, opti-
mizing the frequency domain of precipitation
sequences through the Extreme-point Symmetric
Mode Decomposition (ESMD) approach (Wang
and Li, 2013). The core advantage of ESMD lies in
its adaptive ability to process non-stationary
sequences. This method decomposes the original
precipitation sequence into a finite number of
Intrinsic Mode Functions (IMFs) and a residual
term using symmetric interpolation at intrinsic
extremum points and a least squares optimization
algorithm (Huang et al., 1998). The specific
decomposition process, shown in Fig. 1, involves
three key stages: Iterative sifting, envelope fitting,
and mode separation, resulting in IMF compo-
nents arranged from high to low frequency and a
residual term (R) representing the long-term trend.
This process effectively removes noise interfer-
ence and separates trend components from the
precipitation sequence, providing high-quality
input data for subsequent hydrological modeling.
The detailed process is illustrated in Fig. 3.

At the application level, the high-frequency
component (IMF1) derived from ESMD decompo-
sition possesses significant physical meaning. As
shown in Fig. 6, the IMF1 component (frequency >
0.1 Hz) captures the abrupt features of short-term
heavy rainfall events, and its amplitude variations
correspond closely with the intense precipitation
processes recorded by meteorological radar. By
setting an amplitude threshold (JA| > 5 mm/h), we
extract pulse signals from IMF1 that exceed this
threshold, using them as markers of extreme rain-
fall inputs for the SWAT+ model. This approach
significantly enhances the model's responsiveness
to sudden intense precipitation, particularly in
regions dominated by convective rainfall in the
Central Plains Agricultural Core Area during the
summer. Meanwhile, the low-frequency compo-
nents (IMF2-IMF4) and the residual term (R)
retain the seasonal-scale rhythm of precipitation,
with the IMF4 component (period =~ 90 days)
aligning with the monsoon circulation transition
cycle, providing reliable seasonal trend constraints
for the model.

The reconstructed precipitation sequence
processed by ESMD retains the statistical charac-
teristics of the original data while highlighting key
hydrological event features. Compared to the origi-
nal precipitation input, the optimized sequence
reduces the runoff simulation error for storm
events during the calibration period of the SWAT+
model by 18.7%, validating the effectiveness of
this method in mitigating data non-stationarity.
Notably, the adaptability of ESMD eliminates the
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Fig. 3 ESMD operation principle flow chart

need for preset basis functions, avoiding the
subjectivity of basis function selection in wavelet
decomposition, a characteristic particularly impor-
tant for handling the complex and variable climate
patterns of the Central Plains Agricultural Core
Area.

The HRU division results for the study area, as
shown in Fig. 1, effectively capture the spatial
heterogeneity of farmland, forest, and construction
land. The precipitation sequence preprocessed by
ESMD significantly reduces the non-stationarity
interference of the original data, with its decompo-
sition modes illustrated in Fig. 3. The IMF1
component (frequency > 0.1 Hz) retains the abrupt
characteristics of storm events through threshold
filtering, while the low-frequency components
(IMF2-IMF4 and residual R) maintain the seasonal-
scale precipitation trends. Parameter sensitivity
ranking is achieved through the Morris screening
method, ultimately identifying ALPHA BF as the
dominant factor for groundwater response (weight
37%), providing a physical basis for subsequent
scenario simulations. Fig. 1c displays the HRU
division results for the Central Plains Agricultural
Core Area, with shaded blocks representing the
spatial distribution of hydrological response units
for different land use types. Fig. 4 shows the
results of the ESMD-decomposed precipitation
sequence, with the optimized high-frequency IMF1
component (red) input into the SWAT+ model.
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2.3 Coupled model framework

The SWAT+ and ESMD coupled model (SWAT-
ESMD model) established in this study forms a
computational framework with clear hydrological
process interpretability by systematically integrat-
ing physical mechanisms and data optimization
techniques. The core of this framework is the
establishment of a bidirectional feedback mecha-
nism of "signal decomposition-physical simula-
tion", as illustrated in Fig. 5.

Initially, the original precipitation sequence
undergoes ESMD decomposition to extract high-
frequency components (IMF1) that represent
extreme precipitation events, while retaining low-
frequency components (IMF2-IMF4) that reflect
seasonal precipitation trends. The processed
precipitation data are then input into the SWAT+
model, where spatial discretization of Hydrologi-
cal Response Units (HRUs) is performed. This is
combined with a set of dominant parameters
(ALPHA BF, CN2, GW_DELAY) determined
through parameter sensitivity analysis to simulate
the physical mechanisms of vadose zone moisture
transport and groundwater recharge processes.

The final predicted groundwater depth results
are used to perform residual analysis, providing
feedback to the ESMD module for dynamic opti-
mization of the decomposition parameter thresh-
olds for the next cycle. This closed-loop architec-
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Fig. 4 Decomposition of ESMD

ture retains the ability of the physical model to
depict hydrological process mechanisms while
effectively suppressing the uncertainty interfer-
ence in input data through signal decomposition
techniques. Particularly in summer (June-August)
when precipitation is concentrated and variable in
the Central Plains Agricultural Core Area, the
model's response accuracy to storm events is
improved by 22.3%.

In terms of specific implementation pathways,
the coupled framework comprises three key inter-
facing layers:

In the data interface layer, the precipitation
mode components (IMF1-IMF4) generated by the
Extreme-point Symmetric Mode Decomposition
(ESMD) are connected with the weather generator
module of SWAT+. Here, the high-frequency
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component (IMF1) directly drives short-duration
storm response calculations, while the low-
frequency components are involved in potential
evapotranspiration calibration.

In the parameter transmission layer, the domi-
nant parameters identified through the Morris
screening method (with ALPHA BF having a
sensitivity weight of 37%) guide the iterative path
of the groundwater flow sub-module.

In the feedback optimization layer, the residual
sequence between simulation results and observed
values (triggered when MAE > 10 mm) prompts an
adjustment in the threshold for secondary decom-
position by ESMD, forming a self-optimizing
dynamic closed loop. The MAE threshold of 10
mm was selected based on iterative calibration
trials, ensuring that residual feedback is activated
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only when model error exceeds the typical vari-
ability of groundwater depth measurements.

Compared with the original ESMD-VMD-WSD-
BiLSTM black-box model, this framework
increases the transparency of physical processes by
2.1 times, enhances computational efficiency by
40%, and significantly improves parameter inter-
pretability (for instance, the quantitative relation-
ship between the baseflow recession coefficient
ALPHA BF and fracture porosity can be traced
through the parameter transmission path shown in
Fig. 3).

3 Results

3.1 Parameter sensitivity analysis

This study employs a global sensitivity analysis
approach to quantify the influence of SWAT+
model parameters on the simulation of groundwa-
ter depth. A three-stage experimental framework is
designed based on the Morris screening method:
Initially, 16 hydrological parameters undergo pre-
screening to identify 8 candidate parameters,
including CN2 (curve number), ALPHA BF
(baseflow recession coefficient), and GW_DELAY
(groundwater delay time). Next, Latin Hypercube
Sampling (LHS) is used to generate 500 parameter
sets within the feasible domain. Finally, the
SWAT+ model executes distributed hydrological
simulations to compute the sensitivity index of
each parameter for groundwater depth variation.
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Sensitivity evaluation focuses on the Standardized
Regression Coefficient (SRC) as the core metric,
supplemented by Sobol's variance decomposition
method to verify the robustness of the results.

The spatial pattern of parameter sensitivity is
visualized through a radar chart (Fig. 6). Analysis
shows that ALPHA BF has a sensitivity index of
0.82 (+0.09), significantly higher than other
parameters, indicating that the baseflow recession
process plays a dominant role in controlling
groundwater dynamics. The dominance of
ALPHA BF can be attributed to the dual-mode
flow in the loess-dominated vadose zone, where
preferential flow through desiccation cracks and
matrix flow coexist (Luo et al., 2017; Ma et al.,
2020; Wang et al., 2024).

Changyuan-17
099

—-=s— ALPHA BF
—o— CN2
GW_DELAY
-v= GWQMN
. —* VGW_BETA

Fengqiu-5 - Huojia-16

Yuanyang-19

Fig. 6 Radar chart of parameter-sensitive spatial
patterns
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The higher sensitivity of ALPHA BF in the
northwestern clay area aligns with the expected
greater development crack networks in clay-rich
loess due to stronger wet-dry cycles, compared to
the southeastern sandy area. This is physically
manifested in the dual media of fractures and pores
within the loess unsaturated zone, where the lagged
drainage effect results in a strongly nonlinear
aquifer discharge rate. CN2 and GWQMN (thresh-
old depth of the shallow aquifer) rank second and
third, with indices of 0.67 (£0.11) and 0.59
(£0.13), respectively, reflecting the coupled impact
of surface runoff generation capacity and the
recharge window of the shallow groundwater.

Notably, there is significant spatial heterogene-
ity in parameter sensitivity: In the northeastern
clay farming area (Changyuan-17 well), CN2
reaches a peak sensitivity of 0.71, associated with
soil compaction due to intensive irrigation. In
contrast, in the southwestern forested area
(Fengqiu-5 well), VGW_BETA (vegetation tran-
spiration coefficient) sensitivity rises to 0.48,
revealing the regulatory role of canopy intercep-
tion in unsaturated zone moisture redistribution.

The interactive effects of parameters are
further analyzed wusing a three-dimensional
response surface. When ALPHA BF > 0.4 and
GW_DELAY < 120 days, the simulation error of
groundwater depth decreases sharply by 42%, indi-
cating that the combination of rapid baseflow
recession and moderate lag time can optimize
model performance. Conversely, the negative
interaction between CN2 and SOL _AWC (soil
available water capacity) (correlation coefficient =
0.53) reveals a negative feedback relationship
between soil compaction and reduced water hold-
ing capacity in farmland areas.

These findings provide a basis for model simpli-
fication: by retaining the four parameters ALPHA _
BF, CN2, GW_DELAY, and VGW_BETA with a
sensitivity coefficient (SRC) > 0.5, model accu-
racy is reduced by only 3.2%, while computation
time decreases by 57%.

3.2 Land use scenario simulation

Based on the conversion patterns revealed by the
land transfer matrix from 2005 to 2021 (Table 1),
this study designs two policy-oriented scenario
simulations: a natural restoration scenario (conver-
sion from cropland to forestland) and an urban
expansion scenario (conversion from green space
to construction land). The natural restoration
scenario involves the reforestation of cropland at
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an annual rate of 20%, focusing on ecologically
fragile areas in the southwest (areas with slopes
>5°), by increasing the area of mixed forests of
black locust and poplar to enhance vegetation
cover to 0.85. The urban expansion scenario
involves the conversion of green space on the
urban periphery to construction land at an annual
rate of 15%, simulating the spatial expansion trend
of the Zhengzhou-Xinxiang metropolitan area.
Both scenarios are implemented using the dynamic
land use module of the SWAT+ model, with
spatial allocation algorithms using the Least-Cost
Path model to ensure the spatial continuity and
feasibility of policy implementation in the conver-
sion areas.

The scenario simulation results reveal differenti-
ated hydrological response mechanisms. In the
natural restoration scenario, the forest cover rate
increases to 32.7% (an increase of 8.2% compared
to the baseline period), significantly enhancing the
water storage capacity of the unsaturated zone: The
effective water holding capacity (SOL_AWC) in
the northeastern clay area increases by 18.3%, and
soil infiltration rate increases by 22%. Monitoring
well data indicate that the annual groundwater
recharge increases by 1.7x10" m’ (an increase of
15.2%), with the Fengqiu-5 well area showing the
most significant response (groundwater depth
decreases by 1.2 m). This change is attributed to
the synergistic effect of canopy interception and
root water uptake—each 0.1 increase in forest
stand density reduces surface runoff by 13%, while
a root network 2-5 m deep facilitates the transfer of
water to deeper layers. In contrast, the urban
expansion scenario results in the proportion of
construction land increasing to 28.5% (an increase
of 6.3% compared to the baseline period), with the
expansion of impervious surfaces triggering a
chain reaction in hydrological processes: The
surface runoff coefficient increases from 0.38 to
0.56, and infiltration rate decreases by 31%, caus-
ing the groundwater depth in the Changyuan-17
well area to decrease at an annual rate of 0.48 m,
with the funnel center depth reaching 34.2 m. This
deteriorating trend continues by the end of the
2025 simulation period, with the groundwater
recharge deficit expanding to 3.1x10" m’.

The spatial heterogeneity of scenario effects is
visually presented through contour maps of
groundwater depth changes (Fig. 7).

The map was generated using the Kriging inter-
polation method, with color gradients ranging from
deep purple to light yellow representing a varia-
tion interval from —1.5 m to +1.5 m. This differ-
ence corroborates the antagonistic hydrological
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Fig. 7 Contour map of changes in groundwater depth

effects of vegetation restoration and urbanization;
when the increase in forest cover exceeds the
increase in construction land by 5%, a net surplus
in regional groundwater recharge can be achieved.

3.3 Model accuracy validation

This study evaluates the reliability of the SWAT+
and ESMD coupled model (SWAT-ESMD model)
for simulating groundwater depth using a multi-
dimensional validation framework. The training
dataset consists of independent observations from
2005 to 2014, while the validation dataset includes
independent observations from 2015 to 2021 (not
used in model calibration). The validation indica-
tors encompass three levels: System accuracy,
process concordance, and extreme event response
capability. At the system accuracy level, the
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Fig. 8 Comparison chart of model accuracy validation
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regional average Nash efficiency coefficient
reaches 0.91 (+0.03), with the Changyuan-17 well
showing a monthly-scale simulation R* of 0.93,
indicating excellent capability in capturing trend
changes. Process concordance analysis reveals that
the model successfully reproduces seasonal fluctu-
ation characteristics—during the rainy season
(June to September), the average decrease in
groundwater depth is 1.2 m, with a deviation from
observed values of less than 8%, and during the
dry season (March to May), the error in the slope
of the linear decline process is controlled within
5%. Notably, the model's response to the extreme
rainfall event in July 2021 (daily precipitation of
186 mm) is verified: The model accurately predicts
the pulse-like decrease in groundwater table depth
15 days after the event (an decrease of 2.4 m
compared to the observed 2.7 m), and the recovery
curve of water level aligns closely with the physi-
cal mechanism of moisture migration in the vadose
zone.

The model's performance in the spatial dimen-
sion is revealed through the residual distribution of
four monitoring wells (Table 3). Residual analysis
indicates that the systematic positive bias (+0.38
m) in the clay-rich area (Changyuan-17) primarily
arises from insufficient characterization of local
groundwater flow disturbances caused by irriga-
tion. In contrast, the negative bias (—0.24 m) in the
sandy area (Yuanyang-19) is related to the under-
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Table 3 Spatial distribution of model residuals during the validation period (2015-2021)

Monitori 11 A
om. oring we Lithology type v?rage Main sources of deviation Improvement measures
location residual (m)
Changyuan-17  Clay +0.38 Irrigation flow disturbance not quan- Embedded irrigation module parame-
tified ter optimization
Huojia-16 Powdery loam +0.12 Urban pipeline leakage not consid- ~ Sewer leakage coefficient added

ered

Yuanyang-19 Sandy loam  —0.24

mated

Fengqiu-5 Gravelly loam —0.07

ized

Vegetation transpiration underesti-

Dynamic Vegetation Module
Upgrade

Bedrock fissure flow not character- Addition of fissure flow sub-model

estimation of the vegetation transpiration coeffi-
cient (VGW_BETA). This spatial variation has a
clear physical explanation: When the soil satu-
rated hydraulic conductivity (K,) is less than 1.2
cm/h (as in the clay area), the model's sensitivity to
agricultural irrigation increases, necessitating
improvements through optimization of irrigation
module parameters. Conversely, when vegetation
coverage exceeds 0.8 (as in forested areas), it is
essential to enhance the accuracy of the root water
uptake process description. After introducing a
dynamic vegetation module, the residual in the
Yuanyang-19 well area was reduced to -0.08m,
validating the effectiveness of the physical mecha-
nism optimization.

Although the overall performance of the model
is satisfactory, attention is needed regarding its
time lag effect. During the prolonged drought
period in 2020 (45 consecutive days without
precipitation), the rate of increase in groundwater
depth predicted by the model lagged by 3—5 days
behind the observed values. This discrepancy is
associated with the mathematical simplification of
moisture lag transport in the vadose zone. Fourier
spectral analysis revealed approximately a 12%
phase deviation in the model's response to low-
frequency signals with periods greater than 90
days, which can be improved by enhancing the
parameterization of hydraulic connectivity between
soil layers. However, it is noteworthy that under
typical hydrological year conditions (precipitation
variability <15%), the model maintains a stable
Nash Sutcliffe efficiency greater than 0.85, demon-
strating its potential for operational applications.

The uncertainties in the model primarily arise
from three sources: (1) on the input data level,
interpolation errors in precipitation (RMSE=6.7%)
can cause depth prediction deviations up to 0.8 m
during heavy rainfall events; (2) on the parameter
level, fluctuations of £10% in ALPHA_BF result
in depth changes of +0.3 m; (3) on the structural
level, simplification of vadose zone stratification
leads to an underestimation of deep percolation
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processes by approximately 15%. These uncertain-
ties will be further mitigated in future studies
through multi-model integration and data assimila-
tion techniques. Nonetheless, the current frame-
work already meets the accuracy requirements for
regional water resource management. Its practical
application in optimizing irrigation scheduling has
resulted in a 19% reduction in water extraction,
validating the model's utility.

4 Discussion

4.1 Physical mechanisms and environ-
mental correlations of parameter sensi-
tivity

The baseflow recession coefficient (ALPHA BF),
with a weight of 37%, emerges as the dominant
parameter, with its core physical mechanism
rooted in the dual-mode drainage characteristics of
the loess vadose zone in the Central Plains Agri-
cultural Core Area. The vertical fracture network
formed in the loess layer during wet-dry cycles
(with a higher degree of development in the north-
western clay area than in the southeastern sandy
area) accelerates  precipitation  infiltration.
However, as depth increases, the water retention
effect of the porous medium leads to a non-linear
decline in baseflow recession. This geological
context makes ALPHA BF a critical regulator of
groundwater fluctuation amplitude—high-value
areas (>0.4) correspond to rapid drainage in shal-
low aquifers, exacerbating groundwater depth
increase during dry seasons, while low-value areas
prolong retention time and enhance recharge effi-
ciency during rainy seasons. The lag time in simu-
lating extreme rainfall events was found to be
shorter in sandy loam regions (southeastern area)
due to higher infiltration capacity, whereas clay-
rich areas (northwestern region) exhibited longer
lags due to lower hydraulic conductivity (Fig. 6).
The spatial variability of curve number (CN2)
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sensitivity (reaching 0.71 in the northeastern clay
area) is directly coupled with the intensity of agri-
cultural activities. High-intensity irrigation induces
soil compaction, disrupts the aggregate structure,
and reduces saturated hydraulic conductivity (Ksat
decreases by approximately 23%), leading to
increased CN2 sensitivity. This anthropogenic
disturbance amplifies the impact of natural geolog-
ical differences on runoff processes, confirming
that the interaction between human activities and
geological background is an intrinsic factor driv-
ing the pattern of parameter sensitivity.

4.2 Ecohydrological feedback mecha-
nisms of land use change

Scenario simulations reveal the contrasting hydro-
logical effects of forested areas and urbanization
(Fig. 7). Forest expansion improves groundwater
recharge through dual pathways: Canopy intercep-
tion reduces raindrop splash erosion, increasing
surface roughness by 40% and extending infiltra-
tion time; deep root systems (>2 m) create a bio-
pore network that enhances vadose zone hydraulic
connectivity, leading to an 18.3% increase in soil
available water content (SOL_AWC). In contrast,
urban expansion leads to impermeable surfaces
(proportion >45%) that trigger an "imbalance in
water partitioning": Surface runoff share increases
to 56%, weakening soil water recharge pathways,
while underground drainage networks accelerate
stormwater discharge, obstructing natural infiltra-
tion routes.

Notably, vegetation type regulates eco-hydro-
logical efficiency. The sensitivity of the transpira-
tion coefficient (VGW_BETA) of Robinia-Poplar
mixed forests is significantly higher (0.48) than
that of shallow-rooted grasslands, due to its deep
root system characteristics. This indicates that
single vegetation restoration strategies need to
align root system configurations with vadose zone
structures. The greater recharge increase in south-
western forested areas (15.2%) compared to the
northeastern clay region (9.7%) demonstrates that
sandy loam areas are more susceptible to vegeta-
tion improvement, providing guidance for the
siting of ecological restoration projects.

4.3 Advantages and limitations of the
model structure

The PD-SDO framework achieves precision break-
throughs through signal-physical dual-domain
optimization. The IMF1 component (>50 mm/d
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extreme events) extracted by ESMD decomposi-
tion effectively captures the "piston-like" infiltra-
tion characteristics of short-term heavy rainfall,
addressing the limitations of traditional SWAT+ in
simulating pulse recharge (reducing storm event
error by 18.7%). Meanwhile, model simplification
guided by parameter sensitivity (retaining four core
parameters, including ALPHA BF) reduces
computational time by 57% while maintaining
NSE > 0.91, demonstrating that physics-driven
parameter selection can balance accuracy and effi-
ciency. However, structural limitations are evident
in three aspects:

(1) Vadose zone stratification simplification.
The current model treats the 0—5 m vadose zone as
a homogeneous layer, ignoring the water-blocking
effects of clay-silt interlayers (in the northwest),
leading to a positive bias in the simulated dry
season depth at Changyuan-17 well by up to 0.38
m (Table 3);

(2) Insufficient quantification of human activi-
ties. Groundwater extraction for irrigation (annual
average of 2.7x10° m’) is represented only by
empirical coefficients, lacking coupling with
spatial heterogeneity of well distribution and
extraction intensity;

(3) Absence of fracture flow mechanism. The
preferential flow paths of bedrock fractures
(Fengqiu-5 well area) are not explicitly depicted,
resulting in a 3-5 day response delay during
prolonged drought periods.

4.4 Implications for water
management

resource

The PD-SDO framework and its findings provide
practical, science-based approaches to addressing
water resource challenges in national strategic agri-
cultural zones such as the study area. By linking
model outputs to the core issues identified in the
regional water resource assessment report of the
"Zhongyuan Nonggu" project, the following
management implications are derived:

(1) Implement targeted aquifer recharge.
Through combined analysis of ALPHA BF and
GW_DELAY, areas with groundwater lag times of
less than 120 days can be identified as optimal
zones for Managed Aquifer Recharge (MAR).
Implementing MAR strategies such as modified
irrigation return flows and dedicated infiltration
basins during the rainy season can improve
recharge efficiency by more than 30%. The project
report indicates that groundwater extraction in
regions such as Yanjin County currently exceeds
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the permitted quota, making this strategy critical
for reversing ongoing groundwater exploitation.
This framework provides a tool for spatially identi-
fying these high-potential recharge zones and
prioritizing their implementation.

(2) Adopt strategic land-use planning. Quantita-
tive scenario analysis shows that 10% urban
expansion reduces groundwater recharge by
18.7%, providing strong support for controlling
construction land conversion.  Conversely,
increased forest cover enhances vadose zone water
storage highlighting the co-benefits of ecological
conservation for water security. Therefore, main-
taining a net surplus of green infrastructure (wood-
land/grassland) relative to impervious surfaces is
both an ecological goal and a groundwater
resource management strategy. Spatial planning
must fully account for these divergent hydrologi-
cal impacts to prevent the loss of key recharge
areas due to urbanization.

(3) Promote precision agricultural management.
The model identifies CN2 as a highly sensitive
parameter in the northeastern clay areas, which can
be directly translated into management practices.
Following model recommendations, promoting
conservation tillage measures in these specific
areas can increase infiltration rates by approxi-
mately 22%. Such measures reduce surface runoff
and enhance precipitation infiltration, thereby
lowering irrigation water demand and easing pres-
sure on overexploited aquifers. This is a cost-effec-
tive, in-situ measure for improving water use effi-
ciency at the field scale, complementing large-
scale water resource allocation strategies.

(4) Reframe water security assessment under
climate variability. This framework has a stronger
ability to simulate pulse recharge generated by
extreme rainfall (>50 mm/d), which is essential for
assessing the reliability of water resource security.
The project report shows that the region relies
heavily on external water sources. Understanding
the potential recharge value of increasingly vari-
able and intense rainfall is critical for long-term
water security planning. This model provides
methodological support for evaluating the
resilience of groundwater resources under non-
stationary hydroclimatic conditions.

5 Conclusions

(1) The proposed Physics-Dominated Signal Dec-
omposition Optimization (PD-SDO) framework,
which integrates SWAT+ with ESMD, signifi-
cantly enhances the accuracy and computational
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efficiency of groundwater simulations in inten-
sively managed mixed land-use regions. By opti-
mizing precipitation inputs to better capture
extreme rainfall events, it achieves superior perfor-
mance (NSE = 0.94) and greater physical inter-
pretability compared to conventional models.

(2) Parameter sensitivity analysis identifies
ALPHA _ BF as the dominant parameter governing
recharge dynamics, revealing the key role of dual-
mode drainage in the loess vadose zone. A sensi-
tivity-guided reduction of calibration parameters
maintains high accuracy while markedly improv-
ing model efficiency.

(3) Land use scenario simulations quantify the
contrasting hydrological impacts of afforestation
(which enhances vadose zone storage) and urban
expansion (which reduces recharge). The effects
are spatially heterogeneous, underscoring the
importance of aligning vegetation types with
subsurface conditions for effective water resource
management.

(4) This study provides practical guidance for
managing groundwater in strategic agricultural
zones, including targeted aquifer recharge, forest
cover conservation, and the promotion of conser-
vation tillage. Future work will focus on incorpo-
rating more detailed representations of human
activities and subsurface heterogeneity to further
enhance the framework's physical fidelity and util-

ity.
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