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This is also the case for hydrometeorological forecasting, 
with DL methods performing as well or mostly better than 
process-based models at one step ahead predictions and 
short range forecasts up 10 days (Kratzert et al. 2018, 2019; 
Xie et al. 2021). The Temporal Fusion Transformer (TFT) 
is a novel DL model (Lim et al. 2021) that has been used 
for streamflow predictions (Rasiya Koya and Roy 2024) and 
sub-seasonal forecasts of water temperature (Padrón et al. 
2025). In both cases, the TFT demonstrated its potential to 
predict hydrological variables by performing at least as well 
as Long Short-Term Memory models (LSTM).

A factor that is rarely analyzed when using Machine 
Learning methods is that they are random in nature. One 
exception is the study of Altarabichi et al. (2024), who pro-
vide an overview of randomization techniques in DL and 
their effects. Randomness is highly important in Machine 
Learning methods for learning, optimization, generalization 

1  Introduction

In recent years, Machine Learning–and especially Deep 
Learning (DL)–methods have been commonly applied with 
great success in the geophysical domain (Yu and Ma 2021). 
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Abstract
Recent advances in Deep Learning have demonstrated significant potential for improving hydrological forecasts, yet the 
inherent stochasticity of these models–particularly the impact of random seeds–remains underexplored. Whereas reproduc-
ibility often dictates fixing random seeds, the resulting variability of multiple random seeds in model performance across 
stations and lead times presents an opportunity to enhance probabilistic forecasting through combination techniques. We 
use the Temporal Fusion Transformer (TFT) model to forecast water temperature and streamflow across 22 gauging sta-
tions in Switzerland. The TFT is trained globally, optimizing quantile losses for all stations and lead times jointly. A key 
aspect of our study is that here we use multiple random seeds when training the TFT model, resulting in an ensemble of 
seed-specific models to generate predictions. To optimally combine the forecasts of these different models we use two 
methods: Nonhomogeneous Gaussian Regression (NGR) and Beta-transformed Linear Pool (BLP). These combination 
methods improve the predictive skill compared to forecasts from the individual seed-specific models. The average Con-
tinuous Ranked Probability Score across stations and lead times for water temperature (streamflow) predictions improved 
from 0.85 °C (0.95 mm/d) for the average of the seed-specific models to 0.73 °C (0.81 mm/d) for the NGR and 0.73 °C 
(0.79 mm/d) for the BLP. Whereas both methods perform similarly well for predicting water temperature (near-Gaussian), 
the BLP performs better for streamflow as it is less dependent than the NGR on the underlying distribution of the data. 
Nevertheless, the skill of the NGR streamflow predictions can match those of the BLP by assuming a heavier-tailed dis-
tribution such as the lognormal. Overall, we demonstrate that Deep Learning model ensembles built from random seeds, 
coupled with principled combination methods, can improve forecast skill across hydrological variables.
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and the initialization of weights. The inherent unpredict-
ability in random weight initialization helps break symme-
tries within the network. This property is crucial because 
it allows the network to explore different feature represen-
tations of the data during training, making it less likely to 
converge to suboptimal solutions (Narkhede et al. 2022). To 
prevent overfitting in Deep Neural Networks, regularization 
techniques like dropout come into play. Dropout randomly 
deactivates a fraction of neurons during training, serving 
to diversify the network’s internal representations. This 
controlled randomness prevents overreliance on specific 
features, thereby enhancing model generalization (Sriv-
astava et  al. 2014). Determining optimal hyperparameters 
for Machine Learning models can be an arduous endeavor. 
Techniques such as randomized search and Bayesian optimi-
zation employ random numbers to sample hyperparameters 
from predefined distributions (Bergstra and Bengio 2012; 
Wu et al. 2019). This randomization efficiently explores the 
hyperparameter space, leading to improved model configu-
rations. Stochastic optimization techniques employ random 
numbers to introduce variability during the gradient descent 
process (Bottou 2012). Instead of a fixed step size for each 
update, methods like mini-batch gradient descent randomly 
sample subsets of the training data. This stochasticity helps 
escape local minima and can expedite convergence (Good-
fellow et al. 2016).

The main objective of this study is to analyze how the 
randomness of DL models influences forecast skill, and 
to assess the potential of different forecast combination 
methods to improve the predictive skill. To do so, we train 
a TFT model with n different random seeds, following the 
post-processing methods developed to calibrate hydrome-
teorological probabilistic forecasts (Li et  al. 2017) and to 
derive predictive uncertainties (Tyralis and Papacharalamp-
ous 2024). These n seed-specific models generate slightly 

different forecasts that can then be optimally combined by 
applying appropriate weights derived from a previous set 
of forecasts. Here we estimate these weights using a Non-
homogeneous Gaussian Regression (NGR, Gneiting et  al. 
2005) and a Beta-transformed Linear Pool (BLP, Ranjan and 
Gneiting 2010), as it was done by Bogner et al. (2017). We 
do not use ensemble learning methods based on Machine 
Learning (Mienye and Sun 2022) to determine the opti-
mal combination of the n seed-specific forecasts because 
this would not solve the problem of randomization, and we 
would end up running in circles.

2  Methods

2.1  Model setup

We train a TFT model with data from 22 gauging stations 
across Switzerland (Fig. 1) to predict either daily maximum 
water temperature or daily average streamflow for the next 
32 days. This is a global model that best fits the data from 
all stations and lead times. It is split into an encoder and 
a decoder. The encoder comprises past known information, 
including observations of the target variable to benefit from 
auto-regressive properties. On the other hand, the decoder 
comprises data known in the future, such as meteorologi-
cal forecasts. One of the main advantages of the TFT is the 
combination of LSTM models for temporal processing of 
past and future input with multi-head attention layers for 
capturing long-term temporal dependencies. For details 
about the TFT refer to Lim et al. (2021).

The input and output features of the TFT model are past 
continuous and categorical predictors until forecast ini-

tialization time t (x(p)
[:t] ), known future predictors until the 

Fig. 1  Locations of the Swiss 
gauging stations. The color of the 
circles of the 22 stations selected 
for this study indicate the loga-
rithm of the upstream area
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forecast horizon H (x(f)
[:t+H]), static input features x(s), and 

past observations of the target variable y[:t]. These features 
are put together to constitute a quantile regression model 
with the conditional probability:

P(y[t+1:t+H]|y[:t], x
(p)
[:t] , x

(f)
[:t+H], x(s))� (1)

The model parameters are estimated by minimizing the 
average quantile loss over 99 quantiles (0.01, 0.02, ...,0.99), 
all stations, and all lead times. This is equivalent to having 
the Continuous Ranked Probability Score (CRPS, Gneiting 
and Raftery (2007)) as the loss function, given that the over-
all average quantile loss corresponds to the CRPS divided 
by 2 (Bröcker 2012; van der Meer et al. 2024). The tuning 
of the TFT hyperparameters and the setup to train the model 
is done as described in Padrón et  al. (2025). We train the 
TFT models using daily data from 2012 to 2022, with the 
year 2022 used for validation during the training process. 
We test the predictive skill of the models in 2023 and 2024, 
and assess the potential of different forecast combination 
methods to improve it.

Table 1 shows the variables we use as features in the TFT 
models to predict daily maximum water temperature and 
daily average streamflow with a forecast horizon H of 32 
days. Here we define an encoder length of 64 days to incor-
porate information prior to the start of the forecast at time 
t. In addition, note that we also use wavelet-transformed 
air temperature data as an input feature. By doing this we 

incorporate valuable information about long-term averages 
and trends in air temperature. As in Bogner and Pappen-
berger (2011), we apply a non-decimated wavelet transform 
given by the Haar à trous algorithm (Dutilleux 1987) to 
decompose air temperature observations and forecasts. This 
wavelet transformation simply pairs up input values, stores 
the difference, and passes the sum recursively to provide the 
next scale (for a review see Stankovic and Falkowski 2003). 
The à trous wavelet transform is based on successive convo-
lutions with the discrete low-pass filter h(l) given by Eq. 2, 
where the finest scale is the original signal s0(t) = y(t) at 
time t.

si+1(t) =
∞∑

l=−∞

h(l)si(t + 2il)� (2)

From the sequence of smoothings of the signal, the dif-
ferences are used to calculate the wavelet coefficients 
di (Eq. 3), which capture the details of the signal.

di+1(t) = si(t) − si+1(t)� (3)

The Haar à trous wavelet transform is a simplified version, 
where the low-pass filter h is given by (1/2, 1/2) and Eq. 2 
reduces to

Input feature Data type/Unit Source
Known timeseries (past and future)

Air temperature (AirTemp) Extracted from gridded data [2 km]/°C MeteoSwiss
Precipitation Extracted from gridded data [2 km]/mm/d MeteoSwiss
Sunshine duration Extracted from gridded data [2 km]/% MeteoSwiss
AirTemp wavelet transformed details 
(Level 6)

°C calculated

AirTemp wavelet transformed smoothed 
(Level 6)

°C calculated

Day index Periodic function of the day of the year calculated
Week index Periodic function of the week of the year calculated

Static features
Station number Group ID FOEN1

Catchment area
km2 FOEN1

Mean catchment elevation m FOEN1

Glacierized area % FOEN1

Coord_X m FOEN1

Coord_Y m FOEN1

Station elevation m FOEN1

Target center Long-term average of the target variable 
°C, mm/d

calculated

Target scale Long-term standard deviation of the target 
variable °C, mm/d

calculated

Past observations (Target)
Water temperature / Streamflow Point measurements [°C, mm/d] FOEN1

Table 1  Input features used by 
the TFT models to predict water 
temperature and streamflow

1FOEN: Federal office for the 
environment (Switzerland)
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log-median and σ approximated from log-transformed data. 
Optimization is performed via L-BFGS-B (Zhu et al. 1997), 
with bounds ensuring positivity of scale parameters. Fig-
ure 2c illustrates that it is appropriate to fit a normal dis-
tribution to the quantile predictions of water temperature, 
whereas it is better to fit a lognormal distribution to the 
quantile predictions of streamflow as shown in Fig. 2d 

Second, we combine the resulting 51 probability distri-
butions (one for each ensemble member of the meteoro-
logical forecasts) into one overall distribution. For normal 
distributions with parameters (µi, σ2

i ), the parameters of the 
overall distribution are:

µtotal = 1
N

N∑
i=1

µi� (5)

σ2
total = 1

N

N∑
i=1

(
σ2

i + µ2
i

)
− µ2

total� (6)

To combine an ensemble of lognormal distributions, their 
underlying normal parameters µi and σ2

i  can be used, given 
that a lognormal distribution is defined as:

Xi ∼ LN (µi, σ2
i ) ⇐⇒ ln(Xi) ∼ N (µi, σ2

i )� (7)

Once the normal parameters of ln(Xi) for each of the 51 
distributions are estimated, they are then combined into a 
single overall distribution using Eqs. 5 and 6. The overall 
lognormal distribution is given then by:

Xtotal ∼ LN (µtotal, σ2
total)� (8)

The expected value and the variance of a lognormal distri-
bution are defined as:

E[Xi] = eµi+σ2
i /2� (9)

Var(Xi) =
(

eσ2
i − 1

)
e2µi+σ2

i � (10)

In Fig.  3 we show the probability density function of the 
single overall distribution derived from the 51 probability 
distributions for the example forecast of Fig. 2 at one station 
and one lead time. We use normal distributions for water 
temperature predictions and lognormal distributions for 
streamflow predictions. For comparison, we use the kernel 
density estimation (KDE, Silverman (1986)) method to draw 
51 × 500 samples from the estimated normal and lognormal 
distributions (one parameter set for each of the 51 ensemble 
members of the meteorological forecasts). Both options 
show similar results for water temperature. For streamflow, 

si+1(t) = 1
2

(si(t) + si(t − 2i)).� (4)

More details about the Haar à trous wavelet transform and 
its application for forecast purposes can be found in Bena-
ouda et al. (2006).

In correspondence with our encoder length of 26, we 
chose a decomposition level of 6. To avoid multicollinear-
ity problems only d6 and s6 are included as input features, 
which can be interpreted as the long-term average and the 
trend in the air temperature over the past 64 days. In Fig. 10 
an example of a wavelet decomposition is shown, with the 
d6 and s6 levels shown as triangles. Figure 11 shows how 
the CRPS improves when predicting water temperature with 
a model that includes wavelet-transformed air temperature 
data compared to a model without these input features.

2.2  Combination of ensemble forecasts

Operationally, there are 51 ensemble members available 
from sub-seasonal meteorological forecasts to use as input 
to our TFT models for predicting water temperature and 
streamflow. Therefore, each seed-specific TFT model can 
generate 51 different probabilistic forecasts. Here we first 
obtain a single probabilistic forecast for each TFT model 
by combining their 51 estimates, so we can then optimally 
combine the resulting individual forecasts of TFT models 
trained with different random seeds to improve the predic-
tive skill. The ensemble members of the meteorological 
forecasts have no physical correspondence from one fore-
cast to the next (Molteni et  al. 1996; Bröcker and Kantz 
2011), which is why the combination of their corresponding 
51 hydrological forecasts cannot be optimized. The ensem-
ble meteorological forecasts that we use are provided by 
the European Centre for Medium-Range Weather Forecasts 
(ECMWF) and pre-processed by the Swiss Federal Office 
for Meteorology and Climatology (Monhart et  al. 2018; 
Bogner et al. 2022; Chang et al. 2023). For each of the 51 
ensemble members the TFT model generates a probabilistic 
forecast described by estimates of 99 quantiles (Fig. 2).

First, we fit a normal distribution to each set of quan-
tile predictions by minimizing the sum of squared errors 
between the predicted quantile values and the theoretical 
quantiles of the distribution. For a given quantile level p 
(where p ∈ (0, 1)), the theoretical quantile of the normal 
distribution is given by the inverse cumulative distribution 
function (CDF) µ + σ · Φ−1(p). This optimization was ini-
tialized using the empirical mean and standard deviation of 
the quantile values. In addition, given that streamflow data 
are not typically normally distributed, we also fit a lognor-
mal distribution. In this case, the theoretical quantiles are 
given by exp(µ + σ · Φ−1(p)), with µ initialized to the 
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the purpose of our study, it is still advisable to also provide 
end-users with the predictions based on individual meteoro-
logical ensemble members.

Finally, we have one probabilistic forecast per seed-spe-
cific TFT model after combining the TFT forecasts gener-
ated when using each of the 51 ensemble members of the 
meteorological forecasts as input (Fig.  4). We can then 

the KDE estimate of the probability density function shows 
a sharper shape, which could cause difficulties in estimat-
ing probabilities for extreme events. It is important to note 
that merging the forecasts derived from the meteorological 
ensemble into a single unimodal normal or lognormal dis-
tribution could smooth out existing multi-modal or heavily 
skewed structures. While this merging step is necessary for 

Fig. 2  Example probabilistic forecasts of water temperature (a) and 
streamflow (b) at one station, and for one ensemble member. Grey 
lines indicate the predictions for quantiles 0.01, 0.02,…, 0.99, whereas 
the median (q50) is shown in black. The dashed vertical lines indicate 

the lead times at which Q-Q plots are drawn for water temperature (c) 
and streamflow (d). The Q-Q plots compare the predicted quantiles 
with the theoretical quantiles from a fitted normal and lognormal dis-
tribution. The diagonal 1:1 line is shown in black
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Fig. 4  Example probabilistic forecasts of water temperature (a) and 
streamflow (b) from 30 different seed-specific TFT models. These 
forecasts correspond to the one station and lead time shown in Figs. 2 

and 3. The blue line corresponds to the probability densities shown in 
Fig. 3 for one seed-specific TFT model after combining the probability 
densities of the 51 ensemble members of the meteorological forecasts

 

Fig. 3  Combination of probability densities from 51 ensemble mem-
bers to an average overall distribution at one station and one lead time 
corresponding to the example forecast of Fig. 2. Probability densities 
of water temperature predictions are shown in (a) and of streamflow 

predictions are shown in (b). For comparison, the result of the Kernel 
Density Estimation (KDE) from 51 × 500 samples drawn from the 
estimated normal and lognormal distributions are shown in green
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2.3.1  Nonhomogeneous Gaussian Regression (NGR)

The NGR method, also known as Ensemble Model Output 
Statistics (EMOS) is based on multiple linear regression for 
linear variables. Let y denote again the variable of interest 
(e.g. water temperature) and let k1, . . . , kM  be the corre-
sponding forecast of the M ensemble members or model 
seeds in our case. If N (µ, σ2) denotes a normal density with 
mean µ and variance σ2, the NGR predictive distribution is 
given by

y|k1, . . . , kM ∼ N (a0 + a1k1 + · · · + aM kM , b0 + b1s2),

where s2 = 1
M

M∑
m=1

(
km − 1

M

M∑
m=1

km

)2
� (13)

with regression coefficients a0, a1 + · · · + aM  for estimat-
ing the predictive mean µ and the nonnegative coefficients 
b0 and b1 for estimating the predictive variance σ2 by mini-
mizing CRPSnormal (Eq. 11). For a lognormal distribution, 
NGR optimizes the log-space mean (µ) and log-space stan-
dard deviation (σ) of the ensemble forecasts of the model 
seeds to minimize the CRPSLN  (Eq. 12).

The probability density function of the lognormal distri-
bution is given by:

LN (y | µ, σ) = 1
yσ

√
2π

exp
(

− (ln y − µ)2

2σ2

)

As with the case of normal distribution this model is param-
eterized such that the mean value of the lognormal distribu-
tion is a linear function:

µ = a0 + a1k1 + · · · + aM kM ,

and the bias-corrected log-variance is given by:

σ2 = b0 + b1 · Var(ln kens),

Var(ln kens) = 1
M

M∑
i=1

(ln ki − 1
M

M∑
i=1

(ln ki))2

2.3.2  Beta-transformed Linear Pool (BLP)

Ranjan and Gneiting (2010) state that any non-trivially 
weighted average of distinct probability forecasts will be 
uncalibrated and lack sharpness, even when the individual 
forecasts have been calibrated. Hence, they suggest a com-
posite of the traditional linear pool with a beta transform. 
The forecast combination method introduced by Ranjan and 
Gneiting (2010) and Gneiting and Ranjan (2013) considers 

determine how to combine these resulting forecasts to maxi-
mize the predictive skill.

2.3  Optimal combination of forecasts from seed-
specific models

Here we use Nonhomogeneous Gaussian Regression (NGR, 
Gneiting et  al. (2005)) and Beta-transformed Linear Pool 
(BLP, Ranjan and Gneiting (2010)) to optimally combine 
the forecasts from seed-specific TFT models. At each fore-
cast initialization date, we train the NGR and BLP by using 
the TFT predictions of the previous 35 forecast initializa-
tion dates for each station and lead time separately. These 
35 forecast dates span 122 days into the past, given that 
the meteorological forecasts are available twice per week. 
Typically, shorter training periods between 20 and 60 days 
are used for estimating the combination parameters when 
forecasts are initialized every day (e.g. Gneiting et  al. 
(2005); Baran and Lerch (2015)). A shorter training period 
could adapt better to seasonal and environmental changes, 
whereas longer periods with more forecast initialization 
dates help stabilize the variability of the parameters. With 
our choice of 35 forecast initialization dates (122 days) we 
aim to adapt to seasonal changes, while still counting with 
enough data for stable parameter estimates. In Fig. 12 we 
evaluate the sensitivity of our results to the chosen number 
of past forecast initialization dates used when training the 
combination methods.

The NGR and BLP are trained to minimize the CRPS. 
For a normal distribution (µ, σ2), as we use for predicting 
water temperature, the CRPS is given by:

CRPSnormal = σ




yobs − µ

σ

(
2Φ

(
yobs − µ

σ

)
− 1

)

+2ϕ

(
yobs − µ

σ

)
− 1√

π


� (11)

where ϕ is the probability density function of the standard 
normal distribution. On the other hand, for the lognormal 
streamflow predictions the CRPS is given by:

CRPSLN (F, yobs) =yobs

[
2Φ

(
ln yobs − µ

σ

)
− 1

]

− 2 exp
(

µ + σ2

2

)
Φ

(
ln yobs − µ

σ
− σ

)� (12)

where F  is the cumulative distribution function of the 
lognormal distribution with parameters µ (mean of log-
transformed variable) and σ (standard deviation of log-
transformed variable), yobs is the observed value, Φ is the 
cumulative distribution function of the standard normal 
distribution.
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and the weights ω1, . . ., ωM  are estimated by minimizing the 
CRPS (Eq. 11, 12). Berrisch and Ziel (2023, 2024) provide 
further details about the BLP forecast combination method.

3  Results

3.1  Optimal number of seed-specific models

We first assess how the average CRPS changes as we 
increase the number of TFT models with different random 
seeds whose predictions are optimally combined with the 
NGR and BLP methods (Fig.  5). Here we train models 
with 60 different random seeds, and generate predictions 
for approximately 200 forecast initialization dates over the 
testing period 2023–2024. The average CRPS across all 
stations, lead times and forecast initialization dates clearly 
improves as the water temperature predictions from more 
seed-specific models are combined. Note, however, that 
the additional CRPS reduction is small when combining 
more than 12 seed-specific models. Therefore, we use 12 
seed-specific models from here on to balance the gain in 
predictive skill with the computational resources needed 
to generate the optimally-combined forecasts. In addition, 
we test how the resulting average CRPS values depend on 
which 12 seed-specific models are chosen. To do this we 
take 30 random samples with replacement of subsets of 12 
seed-specific models out of 60 models available, and pro-
ceed to compute the average CRPS. The average coefficient 
of variation is less than 1% for both the NGR and BLP.

3.2  Improvement of predictive skill with forecast 
combinations

We find that combining forecasts from seed-specific TFT 
models with the NGR and BLP methods improves the pre-
dictive skill compared to the forecasts from individual TFT 
models (Fig. 6). This is the case across all lead times for 
predictions of both water temperature and streamflow. For 
water temperature, the overall average CRPS of 0.85 °C 
from 12 seed-specific TFT models is reduced to 0.73 °C 
after applying either the NGR or BLP optimal combination. 
Correspondingly, the overall average CRPS improves from 
0.95 mm/d to 0.79 mm/d for streamflow. Note that if we had 
assumed an underlying normal distribution for the stream-
flow probabilistic forecasts, as opposed to a lognormal dis-
tribution, the CRPS of the NGR would have been slightly 
worse (0.81 mm/d). Besides this higher sensitivity of the 
NGR to the underlying distribution of the probabilistic fore-
casts, the BLP and NGR methods lead to similar results.

In Fig.  7 we quantify how much the CRPS improves 
per lead time and per station when applying the BLP 

the Beta-transformed Linear Pool (BLP) for a set of predic-
tive cumulative density functions F1, . . ., FM  as

F (y) = Bα,β

(
M∑

m=1
ωmFm (y)

)
� (14)

for y∈R, where Bα,β  denotes the cumulative density func-
tion of the standard Beta distribution with parameters α > 0 
and β > 0 and ω1, . . ., ωM  being nonnegative weights that 
sum to 1. The BLP density forecast for the component den-
sities fi, . . . , fM  then is

f(y) =

(
M∑

m=1
ωmfm (y)

)
bα,β

(
M∑

m=1
ωmFm (y)

)
� (15)

with parameters α > 0 and β > 0 of the Beta density func-
tion bα,β . The advantage of the Beta distribution is its flexi-
bility. By adjusting α and β, the BLP can effectively stretch, 
compress, and shift the cumulative density function of the 
linear pool to correct for biases in its location, spread, and 
skew. For α = β = 1 the Beta distribution is uniform, so no 
calibration is applied and the BLP corresponds to the tradi-
tional linear opinion pool. For α < 1, β > 1 the transfor-
mation will stretch the lower tail and compress the upper 
tail of the linear pool, correcting for overconfidence in the 
lower quantiles. If α > 1, β < 1 the opposite effect hap-
pens, namely a correction for overconfidence in the upper 
quantiles. If α > 1, β > 1 the transformation compresses 
both tails, making the predictive distribution sharper to cor-
rect for underconfidence.

Thus Bα,β  can be interpreted as a parametric calibration 
function for combining F1, . . ., FM  with mixture weights 
ω∈∆M , which assign relative importance to the individual 
predictive distributions. The parameters α > 0 and β > 0 

Fig. 5  CRPS as a function of the number of seed-specific TFT models 
whose water temperature predictions are combined. Results are shown 
for the NGR and BLP forecast combination methods. The CRPS is 
averaged across all 22 stations, 32 lead times, and 169 forecasts avail-
able during the testing period 2023–2024
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Fig. 6  CRPS per lead time averaged over all 22 stations and 169 fore-
casts available during the testing period 2023–2024. CRPS results 
are shown for all 60 seed-specific TFT models, for the subset of 12 
seed-specific TFT models used to combine the forecasts, and for the 
NGR and BLP forecast combination methods with either a normal or 

lognormal assumed distribution for the probabilistic forecasts. Results 
for water temperature are shown in (a) and for streamflow in (b). The 
numbers in parentheses correspond to the overall average CRPS also 
across all lead times
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improves the average CRPS down to a value of 3.78 mm/d, 
which is even better than the CRPS of 4.32 mm/d from the 
best performing process-based hydrological model.

4  Discussion

The variability induced by random seeds results in TFT 
models having performance differences across lead times 
and stations. For lead times beyond 10 days that are increas-
ingly dominated by meteorological uncertainty, the diver-
sity among seeds provides an opportunity to improve 
probabilistic forecasts through combination methods (NGR 
and BLP). Notably, the gains in predictive skill plateaued 
after combining ∼ 12 seed-specific models (Fig. 5), indi-
cating diminishing returns with larger ensembles. This 
suggests that operational frameworks can achieve robust 
performance with a tractable number of model realizations, 
reducing computational overhead.

For water temperature, a variable with a near normal dis-
tribution, BLP and NGR performed similarly well, as both 
methods effectively calibrated the ensemble spread (Fig. 6). 
However, for runoff, which follows a heavier-tailed distri-
bution, BLP demonstrated superior robustness when assum-
ing an underlying normal distribution for the probabilistic 
forecasts of the seed-specific TFT models. While both BLP 
and NGR are parametric methods, NGR requires a strong 
assumption about the family of the predictive distribu-
tion (e.g., normal or lognormal). In contrast, BLP does not 
assume a specific distributional form for the combined fore-
cast. Instead, it uses the parameters of the Beta distribution 
as a flexible calibration function to correct the spread and 
skew of the linear pool of forecasts. This distribution-agnos-
tic nature makes BLP more robust for variables like runoff, 
where the true error distribution may not conform perfectly 
to standard parametric families. These findings echo earlier 
work advocating for BLP’s flexibility in combining non-
normal forecasts (Ranjan and Gneiting 2010; Gneiting and 
Ranjan 2013).

The success of the combination methods hinges on 
ensemble diversity as illustrated in Fig.  8. It is important 
to note that the degree of variability in the ensemble can 
change substantially between different forecast initializa-
tion dates, and that consequently this would influence the 
level of improvement provided by the combination meth-
ods. Note also that while the BLP improves the CRPS in our 
forecast example, substantial differences remain between 
observed and predicted values. Both rivers shown in this 
example, the Aare and the Rhein, are highly regulated and 
influenced by natural lakes and hydro power reservoirs. In 
addition, hydrological predictions depend strongly on the 
quality of the meteorological forecasts, which substantially 

combination method, as opposed to taking the average of 
the 12 seed-specific TFT models. As the CRPS increases 
with lead time due to the uncertainty of the meteorological 
forecasts, so does the improvement in predictive skill from 
using the BLP combination method. At the final lead time 
of 32 days, the BLP improves the CRPS by 0.18 °C and 0.2 
mm/d. We also note that the improvement in predictive skill 
varies across stations. For water temperature, station 2415 
has the lowest average CRPS reduction of 0.03 °C, whereas 
station 2084 has the highest average CRPS reduction of 
0.31 °C. For streamflow, the stations 2034, 2044, 2070, 
2106, 2415 show very little to no improvements, whereas 
the highest improvement of 0.77 mm/d occurs at station 
2019. In general, the CRPS improvement would tend to be 
higher at stations with higher observed day-to-day variabil-
ity in water temperature and streamflow.

3.3  Forecast examples

The forecast combination quality is mainly determined by 
the diversity between forecasts, given that there is close to 
no benefit in combining very similar forecasts (Berrisch and 
Ziel 2024). In Fig.  8, we show an example forecast with 
variability across the seed-specific TFT models for 2 sta-
tions: (i) station 2016 located at the Aare river in Brugg, 
with an upstream area of ∼11,680 km2, and (ii) station 
2091 located at the Rhine in Rheinfelden, with a catch-
ment area of ∼34,500 km2 (see Fig.  1). During the time 
of this forecast initialized on 27 July 2023 there was high 
water temperature and low streamflow. The BLP predic-
tions match the observations better over most lead times, 
and particularly in the second half of the forecast horizon. 
We additionally show the probability density forecasts of 
the seed-specific TFT models and of the BLP at the end of 
the forecast horizon (lead time of 32 days). In this case, the 
BLP clearly predicts water temperature better than the indi-
vidual TFT models, but it does not for streamflow. The BLP 
streamflow predictions remain relatively low for the second 
half of the forecast horizon, thus capturing the observed low 
flow conditions better, despite missing the observed peak in 
the final days.

Finally, we highlight the predictive skill of our BLP 
estimates by comparing it to streamflow predictions from 
a multi model ensemble of process-based hydrological 
models (Schirmer et  al. 2025). Figure  9 shows an exam-
ple forecast from 20 November 2023 with observed high 
streamflow conditions in the weeks that followed at station 
2070 (Emme-Emmenmatt). There are not many other sta-
tions with available predictions for comparison. We find that 
for this chosen forecast, the TFT and process-based hydro-
logical models have a similar average CRPS of 4.77 mm/d 
and 4.64 mm/d, respectively. Meanwhile, the BLP estimate 
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Fig. 7  CRPS differences between the BLP estimate and the average of 
the 12 seed-specific TFT models. The differences for each station and 
lead time are shown after averaging over all 169 forecasts available 

during the testing period 2023–2024. Results correspond to a water 
temperature predictions with an underlying normal distribution, and 
b streamflow predictions with an underlying lognormal distribution
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We achieve a good trade-off between seasonal adapt-
ability and parameter estimation robustness with our choice 
to use information from the previous 35 forecast initializa-
tion dates (122 days) for the forecast combination methods 
(Fig. B1). While shorter training periods (e.g., 20–60 days) 
are common (Gneiting et al. 2005; Baran and Lerch 2015), 
our extended window ensured sufficient data for reliable 
weight estimation without sacrificing responsiveness to 

decreases for lead times longer than 10 days. Therefore, it 
would be illusory to expect that the combination of seed-
specific TFT models could predict flood peaks one month 
ahead of time. However, for medium to low flow conditions, 
the forecast combination improves the predictive skill pro-
viding good estimates of the sub seasonal trend. This is an 
important contribution to be better prepared for the hazard 
of simultaneous hot and dry conditions in rivers.

Fig. 8  Example forecast from 27 July 2023 for water temperature (a, 
c) and streamflow (b, d). Predictions are shown for station 2016 (Aare-
Brugg) (a, b) and station 2091 (Rhein-Rheinfelden) (c, d). Observed 
values are shown in orange, BLP estimates in blue (with shading indi-

cating different probability densities), best estimates of the 12 seed-
specific TFT models in green, and probability densities of these TFT 
models in grey
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environmental changes. This is an important aspect in favor 
of the suitability of our forecast combination framework to 
be applied operationally.

This study highlights the dual role of randomness in 
DL-based hydrological forecasting: as a source of uncer-
tainty and as a resource for improving probabilistic predic-
tions. By leveraging the diversity induced by random seeds 
through principled combination methods, our framework 
moves beyond ad hoc model selection, offering a systematic 
approach to harness stochasticity. In addition, the integration 
of wavelet features demonstrates how domain-specific pre-
processing of the input data can enhance DL models, bridg-
ing gaps between data-driven and process-based insights.

In principle, the TFT model could also be set up for 
multivariate applications. For example, to forecast water 
temperature and streamflow simultaneously, as we plan to 
do next. However, the difference in running one model for 
water temperature and streamflow simultaneously or two 
separate models, one for each variable, does not lead to any 
changes in the methods presented here for forecast combi-
nation, which have to be applied variable by variable. Our 
results from this study form the basis to evaluate potential 
improvements when forecasting water temperature and 
streamflow together.

5  Conclusions

Deep Learning models depend on random number generators 
(seeds), which can cause substantial differences in sub-sea-
sonal operational forecasts. This is the case for the Temporal 
Fusion Transformer (TFT) model, which is a global model 
that performs parameter fitting at all stations and lead times 
simultaneously. To address this randomness, we run the TFT 
model trained with different random seeds, and combine the 
resulting forecasts optimally with two methods: the Non-
homogeneous Gaussian Regression (NGR) and the Beta-
transformed Linear Pool (BLP). We find that the combination 
methods improve the forecast quality across almost all 22 
stations and 32 days of lead time analyzed. This approach 
relieves the forecaster from choosing in advance the best per-
forming TFT model among many different realizations. For 
normally distributed variables, like water temperature, there 
is almost no difference in the performance between BLP and 
NGR. However, if the distribution of the variable is heavier 
tailed, like streamflow, NGR is only comparable with BLP 
after transferring and fitting the parameters in lognormal 
space. It is noteworthy that the level of improvement from 
the combination methods increases with forecast lead time. In 
summary, we improve hydrological predictions by optimally 
combining an ensemble of TFT models with different random 
seeds, based on their performance over the latest forecasts.

Fig. 9  Comparison of streamflow forecasts from (a) our BLP combina-
tion of seed-specific TFT models against (b) a multi model ensemble 
of process-based hydrological models (Schirmer et al. 2025). Shown is 
an example forecast from 20 November 2023 at station 2070 (Emme-
Emmenmatt) with a catchment area of ∼ 440km2. The numbers in 
parentheses correspond to the average CRPS across all lead times. In 
panel (b) the spread in the predictions arises from 11 different process-
based hydrological models times 51 ensemble members of the meteo-
rological forecasts used as input to the models
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with previous studies demonstrating the utility of wavelet 
transforms in hydrology for isolating multi-scale temporal 
patterns (Bogner and Pappenberger 2011). A wavelet decom-
position example is shown in Fig.  10. Including wavelet-
transformed air temperature data significantly improved the 
accuracy of water temperature forecasts, particularly for sta-
tions with large catchment areas (Fig. 11). It should be noted 

Appendix A Wavelet decomposition

We include wavelet-decomposed air temperature features 
(levels d6 and s6) as input to the TFT model. These fea-
tures capture long-term trends and averages, providing the 
model with additional contextual information that enhances 
its ability to predict hydrological variables. This aligns 

Fig. 10  Example of the wavelet decomposition of air temperature data 
into 6 levels of smoothing s (a) and detail coefficients d (b). In our case 
we use d6 and s6 as input features for the TFT model. In an operational 

setting, the measured air temperatures in the decoder are replaced with 
meteorological forecasts

 

Fig. 11  Comparison of the CRPS 
of the TFT models (average of 12 
seeds) including wavelet decompo-
sitions (WD) and without (noWD) 
wavelet decompositions of air tem-
perature data (d6 and s6). Results 
are shown separately for different 
categories of catchment area. The 
number of stations included in each 
category is reported at the top
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other third party material in this article are included in the article’s Cre-
ative Commons licence, unless indicated otherwise in a credit line to 
the material. If material is not included in the article’s Creative Com-
mons licence and your intended use is not permitted by statutory regu-
lation or exceeds the permitted use, you will need to obtain permission 
directly from the copyright holder. To view a copy of this licence, visit ​
h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​o​​n​s​.​​o​r​g​​/​l​i​​c​e​n​​s​e​s​/​​b​y​​-​n​c​-​n​d​/​4​.​0​/.
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