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Abstract: The parameters of the GR4J-CemaNeige coupling model (GR4neige) are typically treated as
constants. However, the maximum capacity of the production store (parX1) exhibits time-varying
characteristics due to climate variability and vegetation coverage change. This study employed
differentiable parameter learning (dPL) to identify the time-varying parX1 in the GR4neige across
671 catchments within the United States. We built two types of dPL, including static and dynamic
parameter networks, to assess the advantages of the time-varying parameter. In the dynamic pa-
rameter network, we evaluated the impact of potential evapotranspiration (PET), precipitation (P),
temperature (T), soil moisture (SM), and normalized difference vegetation index (NDVI) datasets
on the performance of dPL. We then compared dPL with the empirical functional method (fm). The
results demonstrated that the dynamic parameter network outperformed the static parameter net-
work in streamflow estimation. There were differences in streamflow estimation among the dynamic
parameter network driven by various input features. In humid catchments, simultaneously incorpo-
rating all five factors, including PET, P, T, SM, and the NDVI, achieved optimal streamflow simulation
accuracy. In arid catchments, it was preferable to introduce PET, T, and the NDVI separately for im-
proved performance. dPL significantly outperformed the empirical fm in estimating streamflow and
uncalibrated intermediate variables, like evapotranspiration (ET). Both the derived parX1 from dPL
and the empirical fm exhibited significant spatiotemporal variation across 671 catchments. Notably,
compared to parX1 obtained through the empirical fm, parX1 derived from dPL exhibited a distinct
spatial clustering pattern. This study highlights the potential of dPL in enhancing model accuracy
and contributes to understanding the spatiotemporal variation characteristics of parX1 under the
influence of climate factors, soil conditions, and vegetation change.

Keywords: streamflow estimation; time-varying parameters; deep learning; differentiable parameter
learning

1. Introduction

Conceptual hydrological models, such as the HBV model [1,2], GR4J model [3], and
the Xinanjiang model [4], are employed for simulating and forecasting streamflow [5–7].
These models rely on parameters to formulate hypotheses regarding rainfall–runoff pro-
cesses within a catchment [8,9]. Parameters are the critical components in the conceptual
hydrological model and significantly influence model accuracy [10].

Traditionally, these parameters are treated as constants under the assumption of a
stable catchment environment. However, some time-invariant parameters are typically
unreliable due to climate variability and anthropogenic activities [11,12]. On the one hand,
climate variability impacts precipitation patterns, temperature variability, and extreme
events. For example, alterations in precipitation patterns, including the frequency, intensity,
and timing of rainfall events, can affect parameters in hydrological models, like runoff coef-
ficients and infiltration rates, as these often depend on local precipitation patterns [13,14].
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On the other hand, human behavior, like land use change, reafforestation, and dam con-
struction, can alter underlying surface conditions, leading to changes in model parameters,
particularly those associated with transient catchment characteristics [15–17]. Therefore,
exploring time-varying parameters in conceptual hydrological models is crucial.

Many studies have considered time-varying hydrological model parameters, typically
falling into three types: the split-sample method, data assimilation method, and empirical
functional method (fm). The split-sample method divides historical data into different
subsets and employs optimization algorithms to individually calibrate parameters for each
subset [18,19]. One limitation of this approach is its incapacity to produce continuous or
incremental variations, which are considered desirable for parameter estimation [20]. Both
the data assimilation method and the empirical fm overcome the issue of discontinuous
parameter estimation. The data assimilation method incorporates time-series observational
data into the model to obtain time-varying parameters [21,22]. However, it may cause
temporal lags between estimated and simulated values, especially for parameters with
periodic variations [23]. The empirical fm represents time-varying parameters as a function
of a set of time-varying covariates. The parameters are allowed to vary in time as a
combination of linear and sinusoidal functions [24]. Nevertheless, the empirical fm is
highly subjective, and it is difficult to express the relationship between time-varying
parameters and covariates precisely [25].

Recently, deep learning has shown great potential in modeling non-linear hydro-
logic systems [26–29]. It can accurately describe the complicated non-linear relationship
between input features and output variables [30]. Moreover, it is able to unveil hidden
patterns in data, providing a powerful tool for data mining and insights [31]. However,
deep learning lacks interpretability and does not possess the capability to infer untrained
physical states [32]. The differentiable parameter learning (dPL) framework, proposed
by Tsai et al. [33], serves as a neural network-based parameter module that maps input
features to physical model parameters and subsequently optimizes these parameters by
learning mapping functions within a differentiable physical model. Differentiable mod-
eling encompasses efficient gradient computation for model components or parameters,
enabling the exploration of complex, high-dimensional, non-linear relationships [34]. Com-
pared to the three mentioned methods dealing with time-varying parameters, dPL obtains
continuous time-varying parameters, has low computational costs, and better handles
high-dimensional non-linear relationships between parameters and variables. A significant
advantage of dPL is that it can integrate prior physical knowledge into neural networks
and leverage a larger amount of observed data to complement the utilization of existing
hydrological models.

The performance of dPL is significantly influenced by the choice of input features.
Recent studies on dPL have primarily focused on the influence of meteorological data on
dynamic parameters, such as precipitation (P), potential evapotranspiration (PET), and
temperature (T) [35,36]. However, alterations in the underlying surface can significantly
increase the variation of the hydrological model parameters [37]. For example, vegeta-
tion conditions significantly influence parameters associated with evaporation and crop
growth [38]. Additionally, antecedent soil moisture plays a crucial role in runoff generation
and thus highly impacts the dynamics of runoff generation parameters [39]. Therefore, it is
interesting to investigate how different input data may affect the dynamic parameter.

This study employed dPL to identify time-varying parameters in a conceptual hydro-
logical model and intended to enhance the precision of streamflow estimation. We adopted
the GR4neige model, which combines the classical GR4J model with the CemaNeige snow
module [40] as the backbone model. This model has a simple structure and parsimonious
parameterization. We established two parameter networks, including static and dynamic
parameter networks, for integration into the differentiable GR4neige model. The dynamic
parameter networks accounted for the influence of dynamic input features on model ac-
curacy. Furthermore, we compared dPL with the traditional empirical fm to analyze their
strengths and weaknesses. The objectives of this research are to (1) identify the time-varying
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parameter in the classical GR4neige model using the dPL method; (2) analyze the impact of
different features on the performance of dPL; and (3) evaluate the strengths and weaknesses
of dPL in comparison to the empirical fm.

2. Materials and Methods
2.1. Data

We utilized the Catchment Attributes and Meteorology for Large-Sample Studies
(CAMELS) dataset, covering 671 catchments in the United States [41,42]. These catchments
were selected because they possess extensive long-term station observation records and
freely available data resources. The watershed areas range from 4 to 25,000 km2. The
mean daily precipitation ranges from 0.7 to 9.4 mm day−1 and is higher in the eastern and
northwestern regions than the western regions (Figure S1b). The mean daily temperature
varies from 0 to 23 ◦C and is higher in the southern regions than the western regions
(Figure S1c). Catchments with a silt fraction exceeding 40% are mainly located in the central
and eastern regions (Figure S1f). Except for the Appalachian Mountains, the eastern regions
are much flatter than the western regions (Figure S1g). We employed the aridity index
(AI) to distinguish between arid and humid regions. Regions are classified as humid when
the AI exceeds 0.65 and as arid when the AI falls within the range of 0.05 to 0.65 [43]. The
dataset comprises 223 arid catchments and 448 humid catchments (Figure 1). The CAMELS
dataset includes daily meteorological forcing data, PET and observed streamflow data from
1 October 1980 to 31 December 2014, and some static catchment attributes data containing
soil, vegetation, geology, climate, and topography. The meteorological data comprises day
length, P, short-wave downward radiation, maximum temperature, minimum temperature,
snow–water equivalent, and relative humidity. These datasets are sourced from Daymet,
Maurer, and NLDAS featuring spatial resolutions of 1 km, 12 km, and 12 km, respectively.
Notably, the Daymet dataset was chosen because of its superior spatial resolution, which is
crucial for effectively capturing spatial heterogeneity within catchments characterized by
complex topography [44].
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Figure 1. The 671 catchments in CAMELS datasets.

Soil moisture (SM) data are derived from the ESA CCI soil moisture (ESA CCI SM) v5.3
product [45,46], spanning from 1980 to the present. The normalized difference vegetation
index (NDVI) was acquired from MODIS products MOD13Q1/MYD13Q1. These NDVI
products are composited at a 16-day interval with a spatial resolution of 250 m. The
MOD13Q1 data cover the period from 18 February 2000 to the present, and the MYD13Q1
data span from 4 July 2002 to the present. They underwent interpolation to a daily scale
and were resampled to a resolution of 1 km × 1 km, as detailed in Lian et al. [47]. Daily
actual evapotranspiration (ET) was used from the FLUXCOM dataset (CERES-GPCP) [48].
This dataset covers the period from 2001 to 2014.

2.2. Hydrological Model

The GR4neige model integrates the GR4J model, which stands for the Génie Rural
French model analyzing four parameters on a daily basis with the CemaNeige snow module.
The GR4neige model is a lumped conceptual rainfall–runoff hydrological model and has
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found widespread applicability [5,6,49]. The model contains a simple model structure and
merely six model parameters. The GR4neige model takes P, PET, and T as its primary input
variables and generates streamflow and ET as outputs. The model structure was described
as shown in Figure 2. The model parameters are shown in Table 1.
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Table 1. The notation, definition, and range of parameters in the GR4neige model.

Parameters Definition Range

parX1 The maximum capacity of the production store (mm) 100–1200
parX2 Groundwater exchange coefficient (mm) −5–3
parX3 One day ahead of the maximum capacity of the routing store (mm) 20–300
parX4 Time base of a unit hydrograph UH1 (days) 1.1–2.9

parCTG Snowpack cold content 0–1
parKf Degree-day factor (mm/day/◦C) 0–10

The GR4neige model relies on two stores and a hydrograph-based routing scheme
to emulate the rainfall–runoff processes [50]. The two stores consist of the production
store and the routing store. The production store incorporates a soil moisture accounting
component to determine effective rainfall [51]. The routing store simulates the water
exchange process, representing water losses to or acquisitions from deep aquifers [52]. The
two flow components are collectively partitioned: 90% of the runoff is directed through
a unit hydrograph followed by a non-linear routing reservoir, while the remaining 10%
follows a unit hydrograph for routing [3,53]. The maximum capacity of the production store
(parX1) has been confirmed as the most sensitive parameter and has the largest influence
on model prediction [54]. parX1 controlled the amount of moisture retained by the soil. The
process calculation associated with parX1 is as follows:

If Pn > 0, Ps =

parX1
(

1 −
(

S
parX1

)2
)

tanh
(

Pn
parX1

)
1 + S

parX1 tanh
(

Pn
parX1

) (1)
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If Pn < 0 and En > 0, Es =
S
(

2 − S
parX1

)
tanh

(
En

parX1

)
1 +

(
1 − S

parX1

)
tanh

(
En

parX1

) (2)

where Pn represents net rainfall (mm), En is net evapotranspiration capacity (mm), Ps refers
to the portion of rainfall that contributes to filling the production store (mm), Es represents
the actual evapotranspiration of the production store (mm), and S is the storage capacity of
the production store (mm).

parX1 represents the water storage capacity and is conventionally treated as a time-
invariant parameter. However, climate variability and vegetation coverage change may
influence the catchment properties and then alter the values of parX1 [24,55]. Other param-
eters, including groundwater exchange coefficient (parX2), one day ahead of the maximum
capacity of the routing store (parX3), time base of a unit hydrograph UH1 (parX4), snowpack
cold content (parCTG), and degree-day factor (parKf ), are insensitive to climate variability
or vegetation coverage [56]. Understanding the time-varying characteristics of parX1 within
the GR4neige model is crucial for accurately assessing how the model responds to the
changing environment.

2.3. The Long Short-Term Memory Network

The long short-term memory network (LSTM), as a special type of recurrent neu-
ral network (RNN), can effectively address the issue of vanishing gradients commonly
encountered in traditional RNNs [57]. The LSTM model incorporates three gates that
regulate the information flow within the LSTM cell [58]. The first gate, known as the forget
gate, regulates the selective retention or discarding of information from the cell [59]. The
second gate is the input gate that dictates the extent to which incoming data contributes to
updating the cell state at the present time step [60]. The third gate, referred to as the output
gate, exercises control over transferring cell state information to the new hidden state [61].
The LSTM model is calculated as follows:

Forget gate : ft = σ
(

W f xt + U f ht−1 + b f

)
(3)

Potential cell state :
∼
c = tanh(W∼

c
xt + U∼

c
ht−1 + b∼

c

)
(4)

Input gate : it = σ(Wixt + Uiht−1 + bi) (5)

Cell state : ct = ft ⊙ ct−1 + it ⊙
∼
c (6)

Output gate : ot = σ(Woxt + Uoht−1 + bo) (7)

Hidden state : ht = tanh(ct)⊙ ot (8)

where it, ft, and ot represent three gates, including the input, forget, and output gates,
respectively, σ(·) and tanh(·) are logistic sigmoid and hyperbolic tangent functions, re-
spectively, ⊙ signifies element-wise multiplication, W f , W∼

c
, Wi, Wo, U f , U∼

c
, Ui, and Uo

represent the gate-specific network weights, and b f , b∼
c
, bi, and bo are the gate-specific

network bias parameters
This comprehensive gating structure enables the LSTM model to preserve and ma-

nipulate information over extended sequences, making it particularly adept at capturing
intricate temporal dependencies. Consequently, this approach has achieved broad appli-
cability within the hydrology domain [62–66]. This study employed the LSTM model to
construct a parameter network mapping relationship between input data and parameters.

2.4. Differentiable Parameter Learning

We implemented the GR4neige model in PyTorch and integrated it with dPL as
a regionalized parameterization scheme. The dPL incorporates a global constraint by
defining the loss function over the entire training dataset for training such a map. We built
two distinct networks, including static and dynamic parameter networks (Figure 3). Firstly,
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we constructed a dynamic parameter network designed to capture the time-varying features
of parX1. Simultaneously, we built a static parameter network for a time-invariant parX1,
enabling a comparison with the dynamic parameter network and facilitating an assessment
of the advantages of the dynamic parameter network improvements.
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Black solid line arrows represent the forward propagation process of learning the mapping between
inputs and parameters, feeding it into the differentiable GR4neige model, and constraining the
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backpropagation process, originating from the loss function and traversing the equations of the
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We trained a static parameter network (gA) that mapped static attributes (A) (Table S1)
to physical model parameters (θ) using Equation (9). The network structure adopted a
multilayer perceptron network. In the static parameter network, the six parameters of the
GR4neige model were treated as constants. Additionally, we trained a dynamic parameter
network (gZ) to map static attributes (A) and dynamic features, including meteorological
elements, soil moisture, and vegetation growth (xt), to the physical model parameters (θt)
following the procedures defined in Equation (10). For the dynamic parameter network,
parX1 was treated as time-varying, while the other five parameters were assumed to be
constant over time. The LSTM model was used to build the dynamic parameter network
and can produce temporal sequences. The stationary parameters across different periods
do not entail circular logic or information leakage, as the differentiable physical model
ensures that only appropriate parameter values lead to a reasonable loss [33]. The time-
invariant parameters were exclusively extracted at the final time step, while the time-
varying parameter received new values daily.

θi = gA

(
Ai

)
(9)

θi
t = gZ

(
Ai, xi

t

)
(10)

Since parX1 is sensitive to meteorological and vegetation conditions, we selected sev-
eral relevant data types. PET, P, and T represent meteorological conditions [67]. The NDVI
serves as an indicator of vegetation growth status [68]. SM significantly influences the land
surface fluxes of the water and energy balances [69–71]. Therefore, the abovementioned five
input features were used to build parameter models. To evaluate the influence of different
input features on the performance of dPL, we first assessed the time-varying parameter
model using each of the five features, and then we tested the model using all five types of
data simultaneously. The tested cases are listed in Table 2.
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Table 2. The tested cases in this study.

Case Input Data

gA Static attributes
gZ,1 Static attributes + PET
gZ,2 Static attributes + P
gZ,3 Static attributes + T
gZ,4 Static attributes + SM
gZ,5 Static attributes + NDVI
gZ,6 Static attributes + PET + P + T + SM + NDVI

The training and evaluation periods spanned from 2003 to 2008 and 2009 to 2012,
respectively. We used 256 hidden sizes and a batch size comprising 200 instances. The
training instances had a length of 365 days. The loss function incorporated the Nash–
Sutcliffe efficiency (NSE), a widely adopted metric for assessing hydrological modeling
performance.

NSE = 1 − ∑n
i−1

(
Qobs − Qsim)

2

∑n
i−1

(
Qobs − Qobs)2

(11)

where Qobs signifies the observed values, Qsim represents simulated values, Qobs denotes
the mean observed value, and n represents the overall count of data values.

2.5. The Empirical Function Method

We adopted the function forms proposed by Pan et al. [72], which have shown good
performance in the central United States. The function forms considered the seasonal and
long-term variability. The seasonal variations in attributes of the catchment are accounted
for by adjusting parX1 based on a sine function with an annual cycle (365 days), character-
ized by its amplitude and phase [24]. Catchment response undergoes long-term changes
delineated by a linear trend in parX1. The time-varying function form for parX1 is given as

parX1 = α1 + a2t + a3sin
(

2π
a4 + t
365

)
(12)

where t represents the duration in days, α1 represents the constant, α2 signifies the linear
trend, α3 represents the amplitude, and α4 signifies the phase of the sine component.

2.6. The Evaluation Metrics

In this study, we considered two evaluation metrics to assess streamflow accuracy:
Pearson’s correlation (Corr) and NSE. Corr evaluates the linear correlation coefficient
between simulated and observed values [73]. NSE quantifies the degree of deviation
between the measured and simulated values, ranging from negative infinity to 1. The
equation for Corr is shown as follows:

Corr =
∑n

i−1
(
Qobs − Qobs

)(
Qsim − Qsim

)√
∑n

i−1
(
Qobs − Qobs

)2
√

∑n
i−1

(
Qsim − Qsim

)2
(13)

where Qsim represents the mean simulated value.

3. Results
3.1. The Accuracy of Streamflow Estimation

The six scenarios of the dynamic parameter network outperformed the static parameter
network, with the median Corr and NSE increasing by ranges of 0.008 to 0.022 and 0.033 to
0.057, respectively (Figure 4). Among the six scenarios of the dynamic parameter network,
gZ,6 exhibited the most significant advantage, with a median Corr of 0.854 and a median
NSE of 0.675, respectively. It indicated that employing time-varying parameters has the
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potential to enhance the model accuracy compared to using time-invariant parameters. The
dynamic components within hydrological models are often oversimplified owing to an in-
adequate understanding of their underlying hydrological processes [74–76]. Time-varying
parameters have the potential to rectify the structural deficiencies inherent in traditional
hydrological models of time-invariant parameters. Moreover, dPL had better performance
than the empirical fm, with an increase in Corr and NSE by 0.055 and 0.114, respectively, in
gZ,6. This suggests that dPL can extract more information from the relationships between
parameters and inputs than the empirical fm.

Water 2024, 16, x FOR PEER REVIEW  8  of  20 
 

 

2.6. The Evaluation Metrics 

In this study, we considered two evaluation metrics to assess streamflow accuracy: 

Pearson’s correlation (Corr) and NSE. Corr evaluates the linear correlation coefficient be-

tween  simulated and observed values  [73]. NSE quantifies  the degree of deviation be-

tween the measured and simulated values, ranging from negative infinity to 1. The equa-

tion for Corr is shown as follows: 

Corr
∑ sim simi-1

∑i-1 ∑ sim simi-1

    (13)

where 𝑄sim   represents the mean simulated value.   

3. Results 

3.1. The Accuracy of Streamflow Estimation 

The six scenarios of the dynamic parameter network outperformed the static param-

eter network, with the median Corr and NSE increasing by ranges of 0.008 to 0.022 and 

0.033 to 0.057, respectively (Figure 4). Among the six scenarios of the dynamic parameter 

network, gZ,6 exhibited the most significant advantage, with a median Corr of 0.854 and a 

median NSE of 0.675, respectively. It indicated that employing time-varying parameters 

has the potential to enhance the model accuracy compared to using time-invariant param-

eters. The dynamic components within hydrological models are often oversimplified ow-

ing to an inadequate understanding of their underlying hydrological processes [74–76]. 

Time-varying parameters have the potential to rectify the structural deficiencies inherent 

in traditional hydrological models of time-invariant parameters. Moreover, dPL had bet-

ter performance than the empirical fm, with an  increase  in Corr and NSE by 0.055 and 

0.114, respectively, in gZ,6. This suggests that dPL can extract more information from the 

relationships between parameters and inputs than the empirical fm.   

 

Figure 4. The accuracy of daily streamflow simulation from the empirical fm and dPL using Corr 

(a) and NSE (b). The Corr and NSE represent Pearson’s correlation and Nash–Sutcliffe efficiency, 

respectively. 

We conducted a comparative analysis of the streamflow accuracy of the empirical fm 

and dPL involving static and dynamic parameter networks across different climate zones 

(Figure 5). Notably, model accuracy was higher in humid catchments than in arid catch-

ments for both dPL and the empirical fm. The highly accurate streamflow estimation in 

arid catchments is challenging due to the impact of short-duration, high-intensity rainfall 

events that are not accounted for in daily precipitation records, leading to the omission of 

peak events [77–79]. In arid catchments, the empirical fm surpassed the static parameter 

network  but  still  lagged  behind  the  six  scenarios  of  the  dynamic  parameter  network 

Figure 4. The accuracy of daily streamflow simulation from the empirical fm and dPL using
Corr (a) and NSE (b). The Corr and NSE represent Pearson’s correlation and Nash–Sutcliffe
efficiency, respectively.

We conducted a comparative analysis of the streamflow accuracy of the empirical
fm and dPL involving static and dynamic parameter networks across different climate
zones (Figure 5). Notably, model accuracy was higher in humid catchments than in arid
catchments for both dPL and the empirical fm. The highly accurate streamflow estimation
in arid catchments is challenging due to the impact of short-duration, high-intensity rainfall
events that are not accounted for in daily precipitation records, leading to the omission of
peak events [77–79]. In arid catchments, the empirical fm surpassed the static parameter
network but still lagged behind the six scenarios of the dynamic parameter network
(Figure 5a). The accuracy of streamflow simulation in the six scenarios of the dynamic
parameter network improved when considering a single dynamic input feature compared
to incorporating five dynamic input features simultaneously. In the six scenarios of the
dynamic parameter network, gz,1, gz,3, and gz,5 outperformed gz,6. We selected some
arid catchments and observed an underestimation phenomenon for peak flow in gz,1,
gz,3, gz,5, and gz,6 (see the circled part in Figure S2). Compared with gz,6, the three dPL
models, including gz,1, gz,3, and gz,5, effectively alleviated the underestimation of peak
flow. In humid catchments, both the static and dynamic parameter networks demonstrated
superior performance compared to the empirical fm (Figure 5b). The six scenarios of the
dynamic parameter network all outperformed the static parameter network. gz,6 exhibited
significant performance superiority over other scenarios of the dynamic parameter network.
The accuracy of streamflow simulation was higher when simultaneously considering five
dynamic input features than a single dynamic input feature.
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3.2. The Spatiotemporal Variation Characteristics of parX1

We selected three catchments to analyze the spatiotemporal variation characteristics
of parX1 (Figure S3). Among these three catchments, one catchment has the USGS 02137727
station as the outlet and is located in the humid zone. The other two catchments, with
USGS 13337000 and USGS 13340000 stations as the outlets, are situated in the arid zone,
and these two arid catchments are adjacent. We analyzed time-varying parX1 within
different climate zones and adjacent catchments. parX1 obtained from the empirical fm and
six scenarios of the dynamic parameter network showed significant differences in temporal
variability. parX1 displayed a periodic change in the empirical fm and six scenarios of the
dynamic parameter network in three catchments, except for gz,2 in the three catchments
and gz,4 in the humid catchment (Figures 6a, 7a and 8a). parX1 obtained from gz,2 in three
catchments and gz,4 in the humid catchment showed little monthly variation. The periodic
change within the empirical fm and smoother curve were easily explained by its functional
form, which incorporates sinusoidal and linear components. However, dPL was not given
a specific functional form and captured a periodic pattern from the input and parameters.
PET, T, and the NDVI showed a periodic change and had a negative correlation with parX1.
The highest values of parX1 occurred in late winter or early spring, while the lowest values
were observed in the summer. Westra et al. [24] found that periodic variations in parX1
can improve model accuracy. Pan et al. [80] showed that the mean period of parX1 was
26.2–46.3. They suggested that the fluctuation in parX1 exhibited periodic variations,
potentially attributed to the seasonal growth and the wilting of vegetation. The two adjacent
arid catchments are predominantly characterized by evergreen needleleaf forests and have
relatively high elevations and steep slopes. The main reason for the decrease in parX1 was
the increased surface runoff in catchments with high altitudes and steep slopes, leading
to low soil water retention. This situation subjects vegetation to prolonged drought stress,
significantly impacting the survival and the growth of plants. Pan et al. [81] also found that
the decrease in parX1 was associated with high elevation and high vegetation coverage
during drought occurrences. The humid catchment is primarily covered by mixed forests
and has substantial snowfall during the winter. Higher values of parX1 were observed in
late winter/early spring. This could be because plants are in a dormant state during the
winter, resulting in relatively low water consumption, and the snowfall stored in the soil
increases parX1. In the summer, as plants grow, water consumption increases, leading to
a subsequent decrease in parX1. The two adjacent catchments with the USGS 13337000
and USGS 13340000 stations as the outlet have similar climate conditions and vegetation
types. Adjacent catchments share similar climatic and geological characteristics, resulting
in the similarity of parX1 [15]. parX1 from six scenarios of the dynamic parameter network
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showed similarities in both catchments, while those from the empirical fm exhibited
significant differences (Figures 7a and 8a). The parameter found by six scenarios of the
dynamic parameter network seems more coherent with spatial clusters than those from the
empirical fm.
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Figure 6. The time series of parX1 (a), streamflow (b), PET (c), P (d), T (e), SM (f), and NDVI (g) in the
catchment with the USGS 02137727 station as the outlet from 2009 to 2012. (a) parX1 was obtained
from the empirical fm and dPL of different scenarios. (b) The accuracy of streamflow estimation using
Corr and NSE from the empirical fm and dPL of different scenarios. The Corr and NSE represent
Pearson’s correlation and Nash–Sutcliffe efficiency, respectively.
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Figure 7. The time series of parX1 (a), streamflow (b), PET (c), P (d), T (e), SM (f), and NDVI (g) in the
catchment with the USGS 13337000 station as the outlet from 2009 to 2012. (a) parX1 was obtained
from the empirical fm and dPL of different scenarios. (b) The accuracy of streamflow estimation using
Corr and NSE from the empirical fm and dPL of different scenarios. The Corr and NSE represent
Pearson’s correlation and Nash–Sutcliffe efficiency, respectively.
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Figure 8. The time series of parX1 (a), streamflow (b), PET (c), P (d), T (e), SM (f), and NDVI (g) in the
catchment with the USGS 13340000 station as the outlet from 2009 to 2012. (a) parX1 was obtained
from the empirical fm and dPL of different scenarios. (b) The accuracy of streamflow estimation using
Corr and NSE from the empirical fm and dPL of different scenarios. The Corr and NSE represent
Pearson’s correlation and Nash–Sutcliffe efficiency, respectively.

We compared the spatiotemporal variation characteristics of parX1 derived from the
empirical fm and dPL. The estimated daily mean parX1 is shown in Figure 9. These
two methods exhibited differences in the magnitude and spatial distribution of the daily
mean parX1. It is seen that the daily mean parX1 calculated by the empirical fm was the
lowest, while that from gZ,6 was the highest. The daily mean parX1 from the empirical fm
mainly ranged from 100 to 300 mm/day, with higher parX1 in the southeast and northwest
regions (Figure 9a). The daily mean parX1 from gz,6 mainly ranged from 700 to 900 mm/day
(Figure 9h). It was higher in most of the southeast regions and sporadic southwest regions.
The daily mean parX1 obtained from dPL generally exhibited a similar spatial distribution,
except for the central and eastern regions. In these specific regions, the gA, gz,1, gz,3,
and gz,5 exhibited low parX1 (ranging from 100 to 300 mm/day), while gz,2, gz,4, and
gz,6 showed high parX1 (mainly ranging from 300 to 900 mm/day). The estimated daily
mean parX1 from dPL displayed a distinct geographical clustering pattern compared to
the empirical fm, especially in the southeast and northwest regions. The empirical fm is
calibrated for each catchment individually and thus cannot exploit the parameter spatial
cluster. In contrast, dPL uses the global constraint to learn the parameter spatial cluster.
Therefore, dPL provided a more comprehensive and effective approach for capturing
spatial patterns in parameter clusters (Figure 9b–h), allowing for a holistic understanding
of the interdependencies and variations in parX1 across different geographical regions.

3.3. Model Performance in ET Estimation

A well-calibrated hydrology model may exhibit a pseudo-accurate, equifinal model
that provides the right answers for the wrong reasons [82]. We validated the uncalibrated
ET variables to check whether the intermediate physical process can be learned. LSTM is a
black-box model and only predicts the object variable. dPL coupling the conceptual hydro-
logical model and data-driven model has a physical mechanism and better interpretability.
dPL obtains parameter estimation and simulates the hydrology process, including the
object variable and uncalibrated intermediate variable. We compared the ET accuracy
of the empirical fm and dPL of the static and dynamic parameter networks using Corr.
The results showed that dPL outperformed the empirical fm, as shown in Figure 10. gz,6
achieved the most significant improvement compared to the empirical fm, with a Corr
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increase of 0.053. The empirical fm underestimated ET values, and gz,6 improved this issue
(results not presented). The dynamic parameter network, including gz,2, gz,5, and gz,6,
surpassed the static parameter network with respect to ET estimation.
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4. Discussion
4.1. The Spatial Variability of parX1

parX1 obtained with dPL and the empirical fm exhibited significant spatial variation.
Moreover, parX1 estimated by dPL demonstrated apparent spatial clustering compared
to that estimated by the empirical fm. We applied Corr to analyze the correlation be-
tween the daily mean parX1 obtained with static and dynamic parameter networks and
covariates and further explored the reason for the spatial variation characteristics of parX1
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(Figure 11). Corr values of ≤0.39 indicate a weak correlation, 0.40–0.69 suggest a mod-
erate correlation, and 0.70–1.0 signify a strong correlation [83]. The daily mean parX1
obtained from static and dynamic parameter networks exhibited positive correlations with
low_prec_dur, aridity, low_prec_freq, geol_permeability, pet_mean, high_prec_freq, and
dom_land_cover. Weak positive correlations were observed between the daily mean parX1
and covariates, except in a few scenarios. In gA, the daily mean parX1 had a moderate posi-
tive correlation with low_prec_dur, high_prec_dur, aridity, and low_prec_freq (Figure 11a).
The daily mean parX1 obtained from gz,1 showed a moderate positive correlation with
aridity, high_prec_dur, and low_prec_dur (Figure 11b). The daily mean parX1 obtained
from static and dynamic parameter networks showed a negative correlation with silt_frac,
max_water_content, soil_depth_statsgo, dom_land_cover_frac, and p_seasonality. In most
cases, there were weak negative correlations between the daily mean parX1 and covariates.
The daily mean parX1 obtained from gA exhibited a moderate negative correlation with
silt_frac, gvf_diff, lai_diff, and gvf_max (Figure 11a). In gz,1, the daily mean parX1 had
a moderate negative correlation with gvf_max, lai_diff, silt_frac, lai_max, and gvf_diff
(Figure 11b). The daily mean parX1 obtained from gz,3 and gz,5 showed a moderate correla-
tion with silt_frac (Figure 11d,f).
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The daily mean parX1 obtained from static and dynamic parameter networks exhibited
similar spatial distributions, except in the central and eastern regions. The daily mean parX1
obtained from gA, gz,1, gz,3, and gz,5 ranged from 100 to 300 mm/day in the central and
eastern regions. In gA, gz,1, gz,3, and gz,5, the daily mean parX1 had a moderate negative
correlation with the silt fraction. In the central and eastern regions, the silt fraction exceeded
40% (Figure S1f). Since parX1 represents the water storage capacity, the catchment with
a higher silt fraction had low water retention and, consequently, led to lower parX1. In
contrast, gz,2, gz,4, and gz,6 had an obviously higher parX1 than gA, gz,1, gz,3, and gz,5. In
gz,2, gz,4, and gz,6, the daily mean parX1 had a weak correlation with each covariate. gz,2,
gz,4, and gz,6 considered the effect of SM or/and P on parX1. It is seen in Figure S1b,d that
the central and eastern regions have abundant rainfall and higher surface soil moisture.
Abundant rainfall and higher surface soil moisture, as well as smaller slopes, in the central
and eastern regions potentially lead to larger water storage capacity and larger parX1.
We further assessed the accuracy of streamflow simulations in 229 catchments where the
silt fraction exceeds 40%. Most of these catchments are located in the central and eastern
regions (Figure S1f). The highest proportional quantities of optimal streamflow simulation
precision were achieved by gz,6, followed by gz,2 and gz,4, and then gz,3, gz,1, gz,5, and gA
(Figure 12). It is also found that the silt fraction had a stronger negative correlation with
parX1 in gA, gz,1, gz,3, and gz,5, while such correlation did not exist in gz,2, gz,4, and gz,6. The
results indicated abundant rainfall and higher surface soil moisture had greater impacts on
parX1 than soil properties, such as the silt fraction, in the central and eastern regions.
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4.2. The Limitation of This Study

This study has several limitations. Firstly, dPL of static and dynamic parameter
networks had better performance than the empirical fm in streamflow and ET estimation.
Nonetheless, an overparameterization issue was evident within dPL. The six scenarios of
the dynamic parameter network outperformed the static parameter network in streamflow
estimation, while the dynamic parameter network in scenarios gz,1, gz,3, and gz,5 exhibited
lower accuracy in ET compared to the static parameter network. The overparameterization
issue has persistently existed during parameter calibration [84,85]. This study primarily
focused on the impact of time-varying parameters on streamflow accuracy and did not delve
into the underlying reasons for the overparameterization issue. Secondly, we observed
that in arid and humid catchments, the same type of input data (or their combination)
contributed differently to streamflow estimation in the framework of dPL. This study
provided limited insights into the inner mechanism of this phenomenon. Further studies
should explore the interpretability of the parameter network to analyze how the input
factors cause the spatiotemporal variability of parX1. Thirdly, we only considered the
influence of climate factors, soil conditions, and vegetation change on the time-varying
parameters. Human activities, such as dam construction and irrigation, may also yield
time-varying parameters [86]. More data and new methods are required to understand the
induced temporal variabilities of parameters.
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5. Conclusions

The parameters of the conceptual hydrological model exhibit time-varying features in a
changing environment. The GR4J-CemaNeige coupling model (GR4neige) was selected due
to its simple structure and merely six parameters. The maximum capacity of the production
store (parX1) is the most sensitive parameter in the GR4neige model and represents the
catchment water storage capacity. This study applied differentiable parameter learning
(dPL) to construct a neural network-based parameter module and identify the time-varying
parX1 in the GR4neige model. Two types of dPL were built, including static and dynamic
parameter networks, to assess the advantages of time-varying parameters. In dynamic
parameter networks, we considered the influence of climate factors, soil conditions, and
vegetation change on the performance of dPL. The dPL was compared with the empirical
functional method (fm) to analyze the strengths and limitations of dPL. Both dPL and the
empirical fm were applied to 671 catchments in the United States to test the model accuracy
and investigate the spatiotemporal variation characteristics of parX1. The main findings
are listed as follows:

(1) The dPL of static and dynamic parameter networks achieved good performance
for streamflow estimation. The six scenarios of the dynamic parameter network
significantly outperformed the static parameter network. It was demonstrated that
time-varying parameters can enhance the accuracy of streamflow estimation compared
to time-invariant parameters.

(2) There were differences in streamflow estimation among the dynamic parameter net-
work driven by distinct input features in humid and arid catchments. In humid
catchments, simultaneously incorporating all five factors, including PET, P, T, SM,
and the NDVI, achieved optimal streamflow simulation. In arid catchments, it was
preferable to introduce PET, T, and the NDVI separately for improved performance.

(3) The dPL outperformed the empirical fm in both streamflow and intermediate vari-
able (ET) estimation. parX1 generated by both the dynamic parameter network and
the empirical fm showed significant spatiotemporal variation. However, parX1 esti-
mated by the dynamic parameter networks showed obvious spatial clustering across
671 catchments within the United States compared to that estimated by the empirical
fm. The time-varying parX1 showed a periodic change and had a negative correlation
with PET, T, and the NDVI. The spatial variation of parX1 was more susceptible to P
and SM in the central and eastern catchments.

These findings offer valuable insights into the potential of dPL for enhancing stream-
flow estimation accuracy and understanding the spatiotemporal variations in the time-
varying parX1 within hydrological models.
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