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Abstract
Data assimilation refers to the optimal estimation of the state of a system using existing model simulation data
and is one of the commonly used methods to improve model accuracy. Machine learning has been proposed as a
method of data assimilation due to its ability to model nonlinear relationships and complex systems well. However,
the impact of data processing and model parameter selection in training machine learning models to learn the
relationship between model simulation values and model state variables is hardly mentioned in the few relevant
studies. Therefore, the performance of ConvLSTM in learning the relationship between simulated water flow and
state variables of the hydrological distributed model wflow_sbm is evaluated through experiments on the scaling of
target variables, tuning of hyperparameters, and sensitivity analysis of training set size and time window size. The
results show that the scaling of the target variables should depend on the nature of the variables themselves. The
optimal set of hyperparameters will enhance the model performance, but different target variables require different
sets of hyperparameters. ConvLSTM has some sensitivity to training set size and time window size, but further
sample size expansion is still needed to determine the sensitivity for time window size. It is recommended to further
study the impact of performance of machine learning model on the performance of hydrological model.
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1

Introduction

Due to climate change, floods and droughts are expected
to become more frequent and intensive. These extreme
events often cause substantial impacts to society, the
economy, and the ecosystem (He et al., 2020). A better understanding of flood and drought risks, reasonable
water management, and timely emergency management
decisions play an important role in mitigating damages
(Liu et al., 2012). Therefore, the accuracy of hydrological model simulation and prediction is one of the key
challenges (Kratzert, Klotz, Brenner, Schulz, & Herrnegger, 2018). Model uncertainty originates from several
sources, including errors in model structures and model
parameters, as well as model initial conditions and hydrometeorological forcing data (Liu et al., 2012). The
increase in randomness of hydrometeorological events
caused by climate change and relatively fewer data available for extreme events will lead to increased uncertainty
(Tsonis, 2004). Meanwhile, the development trend of
hydrological models and GIS and remote sensing technology have gradually expanded from lumped models
to distributed models Moradkhani2009. However, the
higher complexity of distributed models also means an
increase in uncertainty (Khaki et al., 2017). The combination of model calibration and data assimilation (DA) is
one of the commonly used strategies to deal with model
uncertainty, which has proven to be promising in improving prediction accuracy and quantifying uncertainty
(Griessinger, Seibert, Magnusson, & Jonas, 2016; Leach,
Kornelsen, & Coulibaly, 2018; Vrugt, Gupta, Nualláin,
& Bouten, 2006).
DA refers to the use of available measurements to
quantify the errors in a model and observations to update
the state of the model by optimally combining the simulations with observations (Asch et al., 2016). The most
commonly used DA methods in hydrology are Ensemble Kalman Filter (EnKF; Evensen, 1994) and Particle
Filter (PF; Doucet et al., 2000). The earliest application to hydrological models is the extended Kalman filter
(EKF); using the linear system state equation through
the input and output observation data, the system state
is optimally estimated (Kitanidis & Bras, 1980). However, EKF is unstable and computationally expensive under non-linear conditions (Evensen, 1992). The EnKF
is a more computationally efficient variant. However,
all the probability distributions involved are the assumption of Gaussian distribution, which is difficult to achieve
in hydrology (Clark et al., 2008). PF is a recursive
Bayesian filter based on Monte Carlo methods, which is
suitable for nonlinear, non-Gaussian state space models
(Moradkhani, Hsu, Gupta, & Sorooshian, 2005). PF updates particle weights instead of directly updating state

variables, which makes it an ideal choice for assimilating
data in spatial distribution models (Salamon & Feyen,
2009). A common problem in PF is weight degradation,
requiring more ensemble members to produce reliable
estimates of model errors (Doucet, de Freitas, & Gordon, 2001; Gordon, Salmond, & Smith, 1993; Weerts &
Serafy, 2006). As to which method is more suitable for
which hydrological characteristics, there is no consensus.
In addition to the above methods, Boucher et al.
(2020) proposed the use of machine learning (ML) methods for DA. The author used Extreme Learning Machine
and the Multilayer Perceptron as a DA method applied
to the lumped hydrological model GR4J. Experiments
were conducted on four different catchments, confirming that the neural networks can be successfully used for
DA, and the OpenLoop simulation (the input does not
depend on the output of simulation) of the four catchments has been significantly improved.
ML is now a rapidly evolving field which can simulate highly nonlinear relationships and complex systems
well. It uses an algorithm structure similar to the human nervous system to continuously learn representations from data (Chollet & Allaire, 2018). Recurrent
Neural Network (RNN) is a neural network architecture
specially designed for time series problems. It retains
relevant information about the input order, but there
are still problems with gradient disappearance and gradient explosion (S. Kim, Hong, Joh, & kwang Song,
2017). The Long Short-Term Memory Network (LSTM)
algorithm proposed by Hochreiter (1997) overcomes the
shortcomings of RNN by introducing the gate and is
proven to be superior to the latter and have been widely
used in the field of hydrology. Fan et al. (2020) reported
that using LSTM for runoff modeling performed better
than Soil & Water Assessment Tool, especially for areas
without detailed topographical data. Liang et al. (2018)
used LSTM to study the relationship between Dongting
Lake water level variation and the Three Gorges Dam,
which provided a reference for dam water regulation. To
deal with the spatial feature processing, Convolutional
neural network (CNN) was developed inspired by the
human visual nervous system. CNN can effectively reduce the size of large data into small data and retain
the image features (Albawi, Mohammed, & Al-Zawi,
2018). Kim (2020) used CNN to successfully predict
streamflows in ungauged watersheds based on remotely
sensed hydrological images. Wang (2020) constructed
two different CNN flood feature extraction frameworks
and experimentally demonstrated that the CNN-based
approach can generate reliable and practical flood sensitivity maps. Furthermore, for spatio-temporal modeling,
LSTM and CNN are integrated as ConvLSTM (Shi et
al., 2015). ConvLSTM has been applied to precipita-

tion nowcasting and flood forecasting, and has shown
excellent performance (Moishin, Deo, Prasad, Raj, &
Abdulla, 2021; Yasuno, Ishii, & Amakata, 2021).
Despite the wide range of ML application in hydrology, there are few studies on using ML for DA. Arcucci et al. (2021) integrated the DA and ML using the
results from DA as input features to learn a function,
which accumulates the process of the previous assimilation process for updating. Mao et al. (2019) developed
a CNN for data assimilation of subsurface velocity inversion. In a simple salt body model, the method was
proved to be successful. Based on the study of Boucher
et al. (2020), Keppler (2021) applied a more complex
ML algorithm, ConvLSTM, to a distributed hydrological
model wflow_sbm.
Among all mentioned DA studies with ML,
Boucher et al. (2020) focused on 1D data and Keppler
(2021) explored on 2D data. Although Arcucci et
al. (2021) tested 3D data on Lorenz system, which
gives chaotic solutions for certain parameter values
and initial conditions. There are three main sources
of uncertainty in data-driven modeling, data noise,
model mis-specification error, and networking weight
uncertainty (time window size, 2020). Boucher et al.
(2020) focused on the differences between the two
ML algorithms and the best model structure. Keppler
(2021) used two different model structures and set up
two synthetic experiments that introduced estimated
precipitation perturbation errors. The results of experiment showed that the ConvLSTM model was very
sensitive to data noise, and the model structure with a
larger function space (trainable ConvLSTM parameters)
performs better. However, in these studies, they barely
mention the impact of model parameter selection
when training ML models to learn the relationship
between simulated water flow and hydrological model
states. In-depth evaluation of model performance on
networking weights before applying the model to update
the state of the hydrological model is still needed.
This study used the wflow_sbm model, which provides
seamless distributed parameters to reduce intensive
calibration allowing individual investigation on DA
(Imhoff, van Verseveld, van Osnabrugge, & Weerts,
2020). ConvLSTM was selected as ML algorithm,
which is able to learn the correlation in the z-direction
of 3D data by it’s 3DConvLSTM form, in case for
possible extension to 3D data. As wflow_sbm has soil
moisture states at four different depth, which might be
incorporated. Therefore, the research objective is to
evaluate the ConvLSTM performance on learning the
relation between simulated streamflow and state variables from hydrological distributed model, wflow_sbm,
to provide insights for using ConvLSTM as a DA tech-

nique. Thus, several research questions were formulated:
• How does the scaling of target variable (simulated
discharge) affect the ConvLSTM model prediction?
• What are the optimal values of hyperparameters of
the ConvLSTM for the study area?
• What are the effects of different training periods
and time window sizes to the ConvLSTM model
prediction ?
• How does ConvLSTM perform on predicting different variables?

2

Methods

In this chapter, the study area, brief introduction and
settings of wflow_sbm and ConvLSTM, and the experiment set up are demonstrated.

2.1

Study area

kinematic wave approach. Through the analysis of the
total evaporation and rainfall of the saturated canopy under different storms, the average rainfall and evaporation
of the wet canopy are estimated. The remaining water
infiltrates into the soil and exchanges between the unsaturated zone and the saturated zone. The soil is modeled as a bucket with a certain depth and its saturated
hydraulic conductivity decays exponentially with depth.
Part of the soil water is carried away by evapotranspiration (Schellekens, 2021). Wflow_sbm has shown good
performance in previous studies (e.g, Gebremicael et al.,
2019; Wannasin et al., 2021).
2.2.2

Figure 1: Overview location of Vecht catchment (shown
in red color in the small picture) including the boundary;
as well as elevation of the study area within the catchment and river gauges.
The Vecht river basin locates in Germany and at
the border of Netherlands. Vecht river has a length of
167 km and a catchment area of 3780 km2. Figure 1
gives an overview of the location of the Vecht catchment. It can be considered as the upstream boundary
condition for hydrological and flood risk analysis in the
Netherlands. Considering the computational expense,
the sub area of the upstream region is chosen as the
study area. Pink dots indicate the gauges in the area.
The daily discharge measurements of Darfel, Bilk and
Temmingsmuhle are from ELWAS, and the discharge for
Ohne is from NLWKN.

2.2
2.2.1

Model introdcution
Wflow_sbm

Wflow_sbm is a distributed simple bucket model developed by Deltares. It assumes that channel and overland
flows are mainly controlled by topography, and kinematic
wave approach is used (Schellekens, 2021). Wflow_sbm
is mainly divided into three routines. The rainfall interception routine is based on the improved Rutter model or
Gash model (Gash, 1979; Rutter et al., 1971). The soil
water routine is based on Topog_sbm, which is designed
for fast runoff processes in small catchments (Vertessy &
Elsenbeer, 1999). The flow generation routine uses the

ConvLSTM

LSTM is a special kind of RNN. Compared with RNN, it
has one more cell state to store the long-term memory.
The introduction of gates to control the input and loss
of features allows it to perform better over long time
series. There are three gates in each cell, the input
gate, forget gate, and output gate, which are shown in
Figure 2. The forget gate determines which information
is to be discarded. The input gate is to filter the input
information used to update the cell, and the output gate
controls the information output to the next time step.

Figure 2: Inner structure of a ConvLSTM cell (Yuan
2018).
ConvLSTM is proposed by Shi et al. (2015) based
on fully connected LSTM (FC-LSTM) to better capture
spatio-temporal correlation. Since the input data of FCLSTM is one-dimensional, it is not applicable to spatial
sequence data. In contrast, the input data of ConvLSTM is designed to be three-dimensional. At the same
time, the matrix multiplication of each gate in the cell is
replaced by the convolution operation. The basic spatial
features are captured by performing convolution operations in multidimensional data. The formula of ConvLSTM is as follows:
it = σ(Wxi ∗ χt + Whi ∗ At−1 + Wci oCt−1 + bi ) (1)
ft = σ(Wxf ∗ χt + Whf ∗ Ht−1 + Wcf oCt−1 + bf ) (2)

Ct = ft oCt−1 +it o tanh(Wxc ∗χt +Whc ∗At−1 +bc ) (3)
ot = σ(Wxo ∗ χt + Who ∗ Ht−1 + Wco oCt + bo ) (4)
At = ot o tanh(Ct )

(5)

Where i, f, o are input, forget and output gate respectively, C and H are cells and hidden state, W represents
weight matrix, χt is the current input, σ is sigmoidal
function, b represents the parameter for bias, ∗ is the
convolution operator, o denotes the Hadamard product.

2.3
2.3.1

Model application
Wflow_sbm

The wflow_sbm was already calibrated by Daniel Eduardo (2021). It was presented at the resolution of 1km.
Potential evapotranspiration (PET), precipitation, and
temperature are used as forcing data for wflow_sbm.
Daily PET was derived by De Bruin et al. (2016) using
a thermodynamically based model from ERA5. Daily
temperature was downscaled from ERA5. Daily precipitation was obtained from DWD. All of them are available
from 1989 to 2019.
As shown in the Figure 3, the model was tuned
with Nash-Sutcliffe efficiency(NSE) of 0.651, and KlingGupta efficiency of 0.84. In Figure 4 the model performed well for high flow, and a little overestimated the
low flow.

Figure 4: Right: wflow_sbm simulated annual min and
max flow (m3 s−1 ); Left: wflow_sbm simulated vs observed annual max and min flow
not all state variables were modeled. For example, Snowrelated data may not have enough data for training. The
focus of this study is soil moisture related variable, since
rainfall-runoff processes are particularly sensitive to the
initial soil water content (reference). The unsaturated
soil layer storage is 3D data from the wflow_sbm. The
first layer (uts0, mm), which is 10cm below the surface, was the main state variable that was used in the
following model tuning and uncertainty analysis. The
other three layers of unsaturated soil layers (uts1, uts2,
uts3), saturated layers (sat, mm) and volumetric water
content (vwc,-) are selected for evaluating the model
performance on different variables.
2.3.2

ConvLSTM

2.3.2.1

Data Preprocess

Figure 3: KGE, NSE, logNSE of wflow_sbm for the
study area at station Ohne

Figure 5: Distribution of inputs after scaling

The model has 12 state variables that are related
to rainfall interception, soil water content and flow generation routines. Due to some limitations in this study,

Data preprocessing is an important step before
training any model. Since the units and magnitudes
of forcing data are different, normalization was per-

Table 1: ConvLSTM2D model structure

Layer (type)
conv_lst_m2d (ConvLSTM2D)
batch_normalization (BatchNo (None, 8, 46, 43, 32)
conv_lst_m2d_1 (ConvLSTM2D)
batch_normalization_1 (Batch (None, 46, 43, 64)
conv2d (Conv2D)
Total params: 264,001
Trainable params: 263,809
Non-trainable params: 192
formed to speed up the training and reduce the prediction bias. For precipitation, PET and discharge, the
presence of more extreme values and skewed distribution of precipitation leads to a decrease in the accuracy
of the model and difficulty in predicting the extreme values (Krawczyk, 2016). Considering the large number of
zeros exist in precipitation data, Yeo-Johnson transformation (Weisberg, 2001) was applied to reduce the heteroscedasticity and amplify the normality to bring the
probability density function closer to the normal distribution. Normalization was then conducted to force the
range between zero and one. The preproceessed distribution of inputs are shown as Figure 5.
On August 26, 2010, extreme storm occurred in the
study area, resulting in precipitation data with extreme
values much larger than the mean, affecting the data
scaling. Therefore, the precipitation at that time point
was assigned to 0 before scaling in order to reduce the
effect on data scaling. After being normalized, it was
then assigned a value of 1.
In wflow_sbm, when the unsaturated layer is full,
the value is set to 0. This might confuse the model by
sudden drop from high value to 0. Thus, when unsaturated layer is full, the 0 was assigned to max value of
that grid at the certain time calculated based on Eq.(6)
before fed into the model. After prediction on test period, these values were transformed back to 0.
U = (θs − θr ) ∗ zl

(6)

where U is the unsaturated store, zl is the depth of the
layer,θs and θr are the saturated and residual soil water
contents, respectively.
2.3.2.2 Model structure
As shown in Table 1, the model has five layers with a
stacked model structure (Kim et al., 2017). The first
and the second ConvLSTM layer have 32 and 64 filters
respectively, with kernel size of 3x3 to capture the spatial features. As the application of Relu in LSTM is
still controversial (K.Vijayaprabakaran, 2020), the tradi-

Output Shape
(None, 8, 46, 43, 32)
128
(None, 46, 43, 64)
256
(None, 46, 43, 1)

Param #
41600
221440
577

tional default sigmoid and tanh was used to activate gate
and state, respectively. Batch normalization is applied
between two layers to normalize the input of the layers
to accelerate and stabilize the learning process. The segmented linear function Relu was chosen to be applied in
the convolutional layer Conv2d, as its use in CNNs has
been widely proven to be the most effective (Jarrett,
2009). Furthermore, the Relu function directly outputs
if the input is positive, otherwise it outputs zero, in line
with the non-negative range of soil moisture. The filter
size of the Conv2d was set to 1x1, which contributed to
reduce dimension.Parameters are the weights and bias
learnt that make up the loss function.
2.3.2.3 Hyperparameters
Improperly adjusted model hyperparameters can affect
the accuracy of the model and lead to problems such as
increased computational effort. For example, the more
number of hidden layers can handle more complex problems, but at the same time, it can also lead to more
complex models resulting in overfitting. The learning
rate defines how fast the network updates its parameters, but if the learning rate is too high, it may lead to
difficulty in convergence. Conversely, a low learning rate
will slow down the learning speed and lead to smooth
convergence of the model. Similarly, using too small
batch size may make it difficult to converge the training
data, leading to underfitting, but if the batch size is too
large, the memory required increase significantly. Each
input layer in the model has a dropout that helps avoid
overfitting in training by bypassing randomly selected
neurons, thus reducing sensitivity to the specific weights
of individual neurons. However, a high dropout (usually smaller than 0.5) can lead to underfitting. Therefore, a suitable set of hyperparameters is important for
model optimization. Gridsearch (Buitinck et al., 2013)
was used as a hyperparameter optimization technique.
For each hyperparameter, a smaller finite set was chosen to explore, as shown in the Table2. Gridsearch iterates through each set of hyperparameter combinations

and picks the hyperparameter with the smallest error of
validation set as the best hyperparameter combination.
Table 2: The Gridsearch range of values of hyperparamters for ConvLSTM
Parameter
Range
Batch size
[1, 2, 4]
epochs
[10, 15, 20]
dropout
[0.1, 0.3, 0.5]
recurrent_dropout
[0.1, 0.3, 0.5]
Learning rate
[0.01, 0.001, 0.0001]
Minimized the mean square error (MSE) loss , commonly used in regression, was chosen as the loss function. Adaptive Moment (Adam) was selected as the
optimizer to optimize the model parameters (weights,
biases) to minimize the prediction error of the network.
Adam has the following advantages: 1) computationally
efficient and low memory requirements; 2) parameter
updates are not affected by the scaling transformation
of the gradient; 3) the update step size can be limited to
an approximate range (initial learning rate) and can automatically adjust the learning rate; 4) suitable for large
scale data and parameter scenarios. The hyperparameters of the Adam optimizer took the recommended default values: α = 0.001, β1 = 0.9, β2 = 0.999, andϵ =
10−8 .

2.4

Experiment setup

In this section, the experiments for the effect of normalization for target variable (uts0, storage of the first unsaturated layer) and sensitivity analysis of training data
time and time window sizes will be explained.
2.4.1

Normalization of target variable

The ConvLSTM was trained separately on the normalized and unnormalized target values, with same structure described in 3.2.2.2 and optimal hyperparameters
generated in 3.2.2.3. This experiment is set to test if
the normalization of target variable(here is the wanter
content of first layer of the unsaturated zone) is necessary in this case. Since the need for scaling the target
variable usually depends on different situations. Scaling
the target can speed up the convergence and reduce the
pressure on the computation. In turn, if the target variable has a large range of values, it may lead to large error
gradient values, resulting in huge changes in the weight
values and thus making the learning process unstable.
However, while scaling, the MSE is also automatically
scaled. As the loss function of ConvLSTM, the scaled
MSE might be too small resulting in low weights so that
the model will have difficulty learning from the error.

2.4.2

Training data time and time window size

The whole data set consisting of 30 years was split into
training, validation and test periods. Due to the missing
of 1997 data of precipitation, the whole year of 1997
data was cut off. For the simple sensitivity analysis, in
cases where the parameter distributions are not known,
uniform distributions are used to determine which parameters are employed for the experiment. The different
training data time sizes used and validation and test periods are shown on Table 3.
Table 3: The splits of data set for different training data
sizes
24y
2y
1y
21y
2y
1y
18y
2y
1y
15y
2y
1y
12y
2y
1y
9y 2y
1y
The ConvLSTM aims to capture the time dependence in time series data. That is, the value of time
step t+1 is the output based on the input data at time
step t. Considering the periodicity present in the data
and the fact that soil moisture is usually correlated with
the events of the previous time span. It is important to
determine the time window size. Therefore, considering the computational ability, 3,5,7,10,12,14,16,18,and
21 days of time window sizes were modeled respectively
to see the influence of the time window size based on
the best training data size generated in former step.
After all these tuning, the optimal parameter set
and time window size were also applied to train model
for different target variables based on optimal training
data size. To get some insights on tunninng by seeing
how these work on saturated layer storage, volumetric
water content and other unsaturated layers.

2.5

Assessment

The correlation of different hyperparameters and MSE of
the validation set is presented by Spearman rank, which
can be used for variables that are non-normal-distributed
and non-linear:
P
6 d2i
(7)
ρ=1−
n(n2 − 1)
where di = R(Xi ) − R(Yi ) is the difference between the
ranks of the pairs of variables Xi and Yi , n is the number
of samples. If neither of the two sets in which the two
variables take values has the same two elements, then ρ
between the two variables can reach +1 or -1 when one
of the variables can be expressed as a good monotonic

function of the other (i.e., the two variables have the
same tendency to change).
The performance of the model precition will be assessed by NSE (Nash & Sutcliffe, 1970), which is a commonly used metric in hydrological models:

st = Ksat

θ − θr
θs − θr

c

(8)

Pt=T
(Qsim,t − Qobs,t )2
N SE = 1 − Pi=1
t=T
2
t=1 (Qobs,t − Qobs )

(9)

where T is the total number of time steps, Qobs is the
observed discharge, and Qobs is the mean observed discharge, Qsim is the simulated discharge at time t. The
range of the NSE is from -to 1. NSE close to 1, indicating that the model is of good quality and has high
credibility; NSE close to 0, indicates that the simulation
result is close to the average level of the observed value,
that is, the overall result is credible, but the process simulation error is large ; NSE is far less than 0, indicates
the model is worse than average observations.
The commonly used scale-dependent measures
Root mean square error (RMSE) is also used to assess
the model performance as a function of training period
and time window size. RMSE is defined by:
s
RMSE =

Pt=T
t=1

2

(Qsim,t − Qobs,t )
T

(10)

3
3.1

Results
Normalization of target variable

Figure 6a shows the time series plots of the sum of the
ust0 along the transects at row 6,22, and 38, indicating
that the model can capture the time when peak occurred. However, the overall magnitude is much smaller

than the original data. It seems that the model tends
to predict the values around the mean even though it
captures the patterns. The NSE of the model is -0.027,
showing that the model’s prediction is worse than the
mean. As can be seen from Figure 6b), although the order of magnitude is still small, compared to the original
data, it is still an improvement compared to the results
after the normalization of target variable. The RMSE

Figure 6: Time series plots of summation of the uts0 along the transects at row 6,22,38. a) Normalized target
variable uts0 in model training ; b) Original target variable uts0 in model training

Figure 7: Original, predicted, and difference values of uts0 on 2019-01-27; top panels are results of unnormalized
target variable; the bottom panels are results of normalized target variable

decreases from 5.597 to 4.822, and the NSE improves
to 0.237, which is slightly better than the mean prediction.
In Figure 7, the map of one time point (2019-01-27)
shows results consistent with the temporal plots. The
normalized model predictions are overall much smaller
than the original values and the performance is worse
than the unnormalized one. Comparing original and prediction of both model seems to be able to capture the
pattern. However, the differences shown in delta subplot
indicate that the predicted value is much smaller than
the original value, and the underestimation of the peak
volume is even more obvious with normalization.

3.2

Hyperparameters tuning

Figure 8: Spearman’s rank order correlation
The Figure 8 shows the Spearman’s rank order
correlations of different hyperparameters mentioned in
Table 2. As shown in Figure 8, recurrent dropout
and epochs have less correlation with validation MSE
(val_mse). Batch size has a negative correlation with
val_mse, which means large batch size leads to smaller
MSE. Both learning rate and dropout show the notable
positive relation with val_mse. Too large dropout would
ignore too much features. According to the Gridsearch,
the best combination of the hyperparameters is batch
size equals to 4, both dropout and recurrent dropout
equal to 0.1, and learning rate equal to 0.001.

3.3

Sensitivity and uncertainty of training
data and time window size

The training set of 7 different sizes in Table 3 was first
used to train the model, and as can be seen from the Fig-

ure 9, the overall NSE tends to increase until 21 years.
And the NSE of 24 years, suddenly decreases. Therefore
the extra training set lengths of 19, 20, 22, and 23 years
were also used to train the model to clarify the sensitivity distribution of the training data time size. Overall
the training size shows a obvious sensitivity, with a peak
at 21 years. The uncertainty interval indicates that the
model performed well for summer, where simulated values are basically within the uncertainty range. However,
the prediction for winter is poor, although the model can
capture the fluctuation of the peak, the overall magnitude is lower than the simulated.
In Figure 10, the time window size shows a peak
at 16 days, showing some sensitivity. However, the
difference in NSE between several adjacent models is
only within 0.05. Due to the limitation of computational power, it is hard to determine whether it is the
point around the best value by the small sample size
and the inability to validate the model performance for
longer time window sizes. Since the model is unable
to predict data within the first period of time window
size, the uncertainty interval starts from the prediction
range 2018-6-22 for the longest 21-day time window size
model. Similarly, the uncertainty for time window size
also shows that the model has the better prediction for
summer and the worse performance on winter. However, comparing the performance of both Figure 9 and
Figure 10 in winter, the time window size one is significantly better. Also, comparing the dotty plots, the NSE
of the experiment of time window size which was based
on the current best training time size is generally better,
suggesting that the tuning of parameters plays a role.
Figure 11 shows the map of the best model obtained
in this study with a training set length of 21 years and
a lead time of 16 days, for the day in summer (2018-0808) and the day in winter (2019-01-27), respectively. In
winter, comparing the original and predicted values, the
model seems to be able to capture the pattern of the
distribution of wet areas. However, the difference between the two shown in the delta subplot indicates that
the difference is only small in the areas where wetness
is captured, the predictions at the edge of wet areas are
much smaller than the original values. In contrast, the
model captures almost no spatially features in summer,
although the time series plot (Figure 10) shows a better performance in summer. The map of the original
values shows that in general the downstream region is
wetter than the upstream region. Nevertheless, in the
map of predicted values, the soil moisture is almost uniform throughout the region. This is also consistent with
the fact that in the difference map instead shows some
spatial features.

Figure 9: Training data time size. Left: Dotty plots of NSE against different training data time size; Right:
Wflow_sbm simulated values(blue) and uncertainty interval(red) from model prediction

Figure 10: Time window size. Left: Dotty plots of NSE against different time window sizes; Right: Wflow_sbm simulated values(blue) and uncertainty interval(red) from model prediction; yellow dash lines indicate the date analyzed
in next figure, shadowed ares are time window of 16 days.

Figure 11: Original, predicted, and difference values of uts0 based on the model with 21 years training size and 16
days time window. Top panels are results of winter time 2019-01-21; the bottom panels are results of summer time
2018-08-08

3.4

Model performance

Table 4: Model performance on test data set.
(uts:unsaturated layer storage, 0-3:first layer to forth
layer; vwc:volumetric water content; sat: saturated water storage )
MSE
RMSE
NSE
uts0
13.95
3.735
0.544
uts1 207.62
14.41
0.298
uts2 1539.14 39.23 -0.061
uts3
80.24
8.958
0.247
vwc 114850 338.89 -3.126
sat
1901.1
43.60 -2.217
The performance of the model trained with the optimal
settings generated in previous section on different target
variables are shown on Table 4. None of the other four
shows a relatively good performance as the uts0. The
models of vwc and sat even are way worse than the mean.
The results demonstrate that different model settings are
required for different target variables even the targets are
somehow related.

4
4.1

Discussion
Data preprocess

As mentioned above, the predicted value for the normalization of the target variable is overall smaller than the
original values and tends to around the mean value. It
might be due to the fact that the loss function is MSE.
MSE is automatically normalized with the normalization
of target variable, which reduces the order of magnitude
of error to between 0 and 1 as well. It may cause the
model to become less sensitive to larger errors and unable to capture the difference between large and smaller
errors. Thus making the value stay around the average
value. It is necessary to check the mean absolute scale
error (MASE). If MASE > 1, the model is doing worse
than a constant (naive). Also normalization reduces the
gradient leading to low speed of convergence. Since the
epochs in the experiment are only 20, it is possible that
the model is far from converging, resulting in poor model
performance. However, when the range of target values
is large, e.g. (0, 1000), normalization is necessary. The
MSE will also be large, resulting in the large gradient and
leading to unstable model convergence and possibly even
a gradient explosion. As shown in Figure A1, the MSE
is above 100 for training set and for validation set it can
reach 500. In this case, the convergence is quite unstable, the minimum MSE was reached at forth epochs and
stopped early at 19 epochs, which gave a poor model.
Thus, whether normalize the target variable or not, it
depends on the data.
Also if look into the distribution of the target values, as in Figure A2, the target values have a long-tailed
distribution. There is a large number of samples at one
time and a smaller number at another time. Unbalanced
data may lead to the problem that the prediction results are highly towards the range where the samples are
heavily distributed. Existing solutions mainly consider
classification problems, and if the traditional methods
for classification problems (e.g. SMOTE) are used directly to deal with imbalanced data in regression problems, patterns and dependencies may be ignored due to
the change in data reference types. The main method
currently used to solve the imbalanced regression problem is SmoteR proposed by Torgo (2013), which adapts
the sampling method to the treatment of imbalanced
data for regression problems. and SMOTEGN proposed
by Branco (2017) et al. which combines random downsampling with SmoteR and the introduction of Gaussian function.Yang (2021) also proposed label distribution smoothing (LDS) and feature distribution smoothing (FDS) to deal with the deep imbalanced regression
problem. It will learn from data with imbalanced and

skewed distributions, handle potentially missing data in
some target regions, and generalize to the whole target
range. It may be useful for pre-processing imbalanced
data with missing data in some target regions. Based
on the above, it is necessary for further processing of
the target data.

4.2

Sensitivity and uncertainty

Due to the small number of samples, the results of 3.3
may lack paradigm fitness, but still can provide certain
distribution characteristics for further optimization of
parameter selection in that specific case, and obtaining a
more concentrated region of parameter values centered
on a smaller range of uncertainty. For the size of the
training set, traditional machine learning algorithms, the
performance first grows according to a power law as the
training set increases, and then tends to level off. Deep
learning, on the other hand, increases with the amount
of data according to a power law (Sun, 2017; Joulin,
2015). The dotty plot in Figure 9 shows that overall
there is still a tendency for the model to perform better as the training set increases. The plunge in training
time at 21 years and the plunge at 24 years may be due
to the random nature of deep learning, even if the parameters are the same each time, the model results are
different each time because of the randomness of the initial weights acquisition. Also the growth of time window
size makes the model perform better. After reaching 16,
the performance of the model may level off or may start
to decline slowly, as longer time window sizes were not
attempted due to the limitation of memory.
Existing big data processing systems can be divided
into two categories: batch big data systems and stream
processing big data systems. Because ConvLSTM is an
iterative learning algorithm using stochastic gradient descent, it can be trained by stream processing to load the
required data into the model step by step. Tensorflow
(Abadi et al., 2015) provides a unified format TFRecord
to store data and can be combined with tensorflow’s
pipeline function to make its data read operations more
convenient. Meanwhile, it also supports multi-process
operations such as allowing the CPU to read some preprocessing data, the GPU can then focus on the training
process (Mrinal, 2021).
There is no threshold for the NSE in the calculation of the uncertainty interval, i.e., some models with
small NSE are included in the calculation of the uncertainty interval. This may be one of the reasons why the
uncertainty interval differs from the simulated value of
wflow_sbm in some time periods.
From November onwards, the uts0 during winter
was overall underestimated as shown in Figure 10. This

may be due to the fact that winter is generally wet and
the target variable uts0 is the top layer, the top soil
moisture may be saturated during the wet season. And
the model cannot remember the long-term wet saturation events well due to the limitation of time window
size, which is mentioned before. Moreover, the spatial
underestimation of some areas also leads to the underestimation of the overall prediction, as the sum of soil
moisture in the whole region. In terms of spatial distribution, the areas where the model performs better in
winter are the central areas of wet areas. While the
edges are difficult to be identified by the model, resulting in an overall lower prediction values at the edge of
wet area. At the same time, the edges are not obvious in
summer due to the dry period, which makes it difficult
for the model to capture the features at the edges. The
reason may be due to the fact that the ConvLSTM in
this study used a kernel size of 3x3 and the depth of the
model was also insufficient (only two ConvLSTM layer),
which makes it difficult for the model to capture the
features of edges that span more pixels than kernel size.
Li et al. (2019) showed that in the lower layers (simpler model structure), the importance of large kernel size
grows as the scale of the target grows. While for higher
layer representations (more complex model), kernel size
is less important because the scale part is encoded into
the feature vector during multilayer convolution. Consequently, a simple structure DL model, like in this study,
needs to tune the kernel size. Li et al. (2019) also proposed a dynamic selection mechanism, SKnet, to make
neurons adaptively adjust their kernel size according to
the input. Han et al. (2017) also proposed novel CNN
algorithm for kernel size, which estimates the kernel size
for different image resolutions. The results showed that
the method outperformed the traditional conventional
method that uses exhaustive enumeration to obtain the
optimal kernel size.

4.3

Model improvement

As shown in 3.4, the model needs to be tuned for every
different target variables. In addition to manual tuning, there are about three methods for hyperparameter
tuning: Grid search, random search, and Bayesian Optimization. Gridsearch is essentially an exhaustive method
that iterates through all combinations in the range. For
neural network learning, it is very time consuming, which
is why only a small range of 2 is used for optimal parameter tuning. In particular, the Batch size, considering the
computational cost, the model in the study only used a
maximum Batch size equal to 4. However, in general,
the Batch size is chosen above and below 128, increasing upwards (L. Smith, 2018; N. Smith 2018). And in

this case, it is possible that the epoch values are also
too small (only 15 and 20), resulting in the model not
yet converging to the minimum point at smaller learning
rates, and possibly only reached locally minimum point.
As well as the problem of larger amplitude of the loss
function oscillation due to larger learning rate can not
be shown in the correlation diagram (Figure 8). Thus, it
leads to the result of the larger learning rate the smaller
val_mse.
Despite random search is more efficient compared
to Grid search (Bergstra, 2012), similarly, random search
is a prior-free search, where each step of the search
does not consider the situation of the explored points.
Bayesian optimization, on the other hand, is an a priori search that uses the performance of the previously
searched parameters to speculate on what would be a
better next step, thus reducing the search space and
greatly improving the search efficiency (Frazier, 2018).
Bergstra et al. (2011) introduced the use of Sequential model-based optimization (SMBO) to perform hyperparameter selection. The next hyperparameters are
selected by modeling the probability distribution over
the existing tuning history. Also in combination with
the streaming loading mentioned above, searches can
be performed for larger batch sizes.
As mentioned earlier, using MSE as a loss function, the model will focus on minimizing the mean error. However, due to the imbalance of the data, most
of the target values are concentrated around multiple
values, leading to inaccurate predictions for a few values.Riberiro and Moniz (2020) proposed the SERA function to evaluate the model extreme value capability. It
can be considered as a class of loss functions used in
the process of model selection and hyperparameter optimization. Steininger (2021) also proposed a weighting
scheme to determine relative rarity using density functions to enhance the weight of valid rare samples in the
target region.

5

Conclusion

In this study, the performance of using ConvLSTM to
learn the relationship between meteorological forcing
data, simulated discharge, and model state quantities
was evaluated. Several experiments on data preprocessing and model parameter tuning were conducted in this
study. The results of scaling for the target variables
show that data preprocessing of target variable depends
on the range of different target variable values and loss
functions used in the DL model. The ConvLSTM model
can reach a prediction NSE of 0.544 for the uts0 after
tuning the parameters, indicating that it can learn the
relationship between input and target well. This also
provides support for the subsequent application of the
ConvLSTM model to wflow_sbm state updates. Meanwhile, the experiments of sensitivity analysis show that
there are certain sensitivities for both training data set
size and time window size, which provide some reference
for the subsequent model tuning. However, the sensitivity analysis, especially for time window size, still needs
further analysis after expanding the sample size to longer
time window. The results of using the best model of uts0
to predict the other state variables of wflow_sbm show
that it should be noted when trying to update multiple states in wflow_sbm, ConvLSTM model needs to be
re-trained on different model settings based on different
tuning results.
The results of the sensitivity experiments demonstrate that the model has different performance on spatial and temporal predictions for winter and summer.
From the results, the model performs well in predicting
the temporal dynamics of the summer, but poor in capturing spatial pattern in summer. Winter is the opposite.
Future research can further explore the specific reasons
for this result and how to improve the model on dry and
wet conditions. More accurate tuning of parameters (advanced parameters searching technique), trying different
loss functions and using longer time windows to build up
the ability to learn over time, etc might be helpful. The
impact of different performance of ConvLSTM models
on the performance of wflow_sbm after DA can also be
a focus of future studies to provide a direction for the
tuning and training of DL models.
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Appendix A

Supplementary figures

Figure A1: Learning curve of the third unsaturated layer uts2 (MSE against epochs)

Figure A2: Distribution of target variable uts0

Appendix B

Notation table

Full name
DA
ML
DL
MSE
NSE
uts0
uts1
uts2
uts3
sat
vwc
val_mse

Table B1: Common abbreviations in the context.
Abbreviation
Data assimilation
Machine learning
Deep learning
Mean squred error
Nash-Sutcliffe efficiency
First layer storage of unsaturated zone from wflow_sbm (mm)
Second layer storage of unsaturated zone from wflow_sbm (mm)
Third layer storage of unsaturated zone from wflow_sbm (mm)
Forth layer storage of unsaturated zone from wflow_sbm (mm)
Saturated zone storage (mm)
Volumetric water content (-)
MSE of validation set

