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Abstract Earth observations (EOs) are a valuable complement to in situ measurements in hydrology
because they provide information in locations where direct measurements are unavailable or prohibitively
expensive to make. Recent advances have enabled the assimilation of data sets of different physical variables
into hydrological models to better estimate states and fluxes. Along with the meteorological forcings, the
assimilated data exert controls on forecasts; it is therefore important to apportion the contributions from the
forcing and assimilated data. Quality assessment is sometimes conducted in the pseudo-reality, which neglects
observations and model limitations. Here we introduce a diagnostic framework that accounts for observations
to assess the sources of skill and infer the seasonal importance of assimilated and forcing data. We test the
framework with a forcing data set from a downscaled Global Circulation Model and assimilate four EO and two
in situ data sets to initialize the forecasts. We investigate the hydrological response and seasonal predictions
over a Swedish snowmelt-dominated catchment using the HYPE model over 2001-2015. The framework
allows assessing the improvement in seasonal skill due to the different assimilated data and meteorological
forcing. For the studied catchment, all EO and in situ data sets add information to the final forecast. The lead
times during which data assimilation influences forecast skill also differ between data sets and seasons for
example, assimilating snow water equivalent impacts the forecast for more than 20 weeks during winter. Lastly,
assimilated data sets are generally more important to streamflow forecasting skill than meteorological forcing in
the studied snow-dominated catchment.

1. Introduction

Hydrological forecasting is the science and practice of estimating and predicting the future state of a river system.
It is essential for water resources managers to plan for and mitigate natural disasters (i.e., droughts and floods)
and to develop strategies to adapt to variations in the climate. Forecasts are broadly classified according to their
future time horizons, that is, short- (up to 2 days), medium- (up to 15 days), extended- or sub-seasonal (2 weeks
to a month) or long-range (up to 1 year; also known as seasonal forecasts); and can be either a single value (deter-
ministic) or a range of possible values (probabilistic) (Roundy et al., 2019). Due to uncertainties from model
errors and physical meteorological processes which increase with lead time, hydrologic forecast performance
generally decreases with lead time. Long-range forecasts are inherently uncertain but nonetheless useful to deci-
sion makers in for example, planning long-term strategies for reservoir storage (Anghileri et al., 2016; Essenfelder
et al., 2020) and supporting adaptation to climate change (White et al., 2021; Winsemius et al., 2014).

Seasonal forecasting methods in hydrology can be broadly divided into: (a) statistical, which use stochastic
modeling techniques (Jenicek et al., 2016; Macian-Sorribes et al., 2020), and (b) dynamical, which use seasonal
meteorological forecasts from Global Circulation Models (GCMs) as input to a hydrological model (Tuteja
et al., 2011; X. Yuan et al., 2015). Hybrid methods also exist where the two methods are combined (Wang
et al., 2021). Ensemble forecasting (Buizza et al., 2019), where multiple realizations for a time and location are
generated to account for future uncertainties, is part of the state-of-the-art early warning services. Current ensem-
bles are commonly obtained by applying different perturbations to the control (unperturbed) forecast, and should
preferably be based on multiple models (Sahai et al., 2021). Ensemble forecasting is used to predict flooding
(Alfieri et al., 2014; Ramos et al., 2007), droughts (Colossi & Tucci, 2020); and in hydro-climate services, for
example, for water resources management applications (Macian-Sorribes et al., 2020; Pechlivanidis et al., 2020),
agriculture (Villani et al., 2021) and hydropower (Contreras et al., 2020).
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The predictability (source of skill) of hydrological variables lies in two main factors: (a) meteorological forcings
(MF), and (b) initial states (IHC) of the hydrological model (Arnal et al., 2017; Giuliani et al., 2020; Wood &
Lettenmaier, 2008; Wood et al., 2016; H. Yuan et al., 2019). Various techniques are used to improve forecasts:
data assimilation, multi-modeling, and pre- and post-processing, that is, bias-adjustment of meteorological and/
or hydrological forecasts (see e.g., Macian-Sorribes et al. (2020)). For streamflow forecasts, it is important to
understand the spatiotemporal patterns of predictability and the drivers behind them (Girons Lopez et al., 2021)
because the patterns can be mapped onto physical catchment characteristics. Initial conditions of soil moisture
and snow in spring have been identified as significant sources of skill over Europe (Wanders et al., 2019), whilst
Harrigan et al. (2018) concluded that the baseflow index is a hydrological signature strongly correlated with fore-
casting skill over the United Kingdom. In a pan-European investigation, Pechlivanidis et al. (2020) highlighted
that the hydrological forecast skill at early lead times depends on the hydrological regime of the river system
with flashy and long river memory catchments having limited and high forecast skill, respectively. de Lavenne
et al. (2022) additionally showed that long-term memory in France is driven by the presence of aquifers and is
particularly observed in catchments with a high aridity index.

A modeling framework producing reasonable forecasts of a single variable for example, streamflow can have
inconsistencies with respect to other variables for example, groundwater level. Vogel et al. (2021) forecast several
variables relevant to extreme events related to droughts and bush fires for lead times of up to 3 months. The
consideration of both soil moisture and actual evapotranspiration ensured the consistent partitioning of precipita-
tion into its main constituent fluxes. Such a verification of internal model fluxes is however not commonly done,
and can be informed by earth observations (EO) or in-situ data, and corrected through data assimilation (DA).

DA is a common post-processing methodology used to incorporate observations into a modeling framework while
accounting for different sources of uncertainty. This minimizes model errors (defined as the difference between
model estimates and observations) that arise from inadequate conceptualization (process representation), non
uniqueness of parameters and inaccurate initialization (Moradkhani et al., 2019). DA is one of the main methods
external to the hydrological model used to improve the model's initial states (DeChant & Moradkhani, 2015; Liu
& Gupta, 2007; Poletti et al., 2019; Wang et al., 2021; Yucel et al., 2015) thereby producing more reliable hydro-
logical forecasts than without DA implementation. DA reduces the uncertainty in initial forecast states by improv-
ing model parameters (Pathiraja et al., 2018) and structure (Abbaszadeh et al., 2018) although the parameter
improvement is not common in operational hydrology forecasting (Moradkhani et al., 2019). Reduction of model
uncertainty through DA has been investigated in Abbaszadeh et al. (2019); DeChant and Moradkhani (2014),
among others.

DA is becoming a well-established hydrological modeling practice especially in prediction services where
correcting initial model states has been shown to improve the forecasts at medium-range time scales (DeChant &
Moradkhani, 2011; X. Yuan et al., 2016). The process requires high-quality observations which can be a limiting
factor in remote and sparsely monitored areas or for entities that are expensive or difficult to measure. EO fill
this gap by offering consistent observations over wide spatial extents and at reasonable spatiotemporal resolution.
Assimilation of in situ observations, for example, streamflow, is a common practice with justified added value
but the impact of assimilating earth observations is still under scientific exploration (T. L. Du et al., 2022; Nijzink
et al., 2018). The time lag between acquisition and retrieval of many EO data sets limits their use to historical
studies. Nevertheless, Musuuza et al. (2020) recently explored the impact of EO data assimilation in a moun-
tainous river system and highlighted the corresponding improvements in the modeled streamflow and reservoir
inflow. Assimilation of EO into models has also been done in for example, Dechant and Moradkhani (2011),
Leisenring and Moradkhani (2011), and Magnusson et al. (2014).

In addition to providing spatially continuous fields, EO offer a large variety of hydrologically useful variables,
for example, soil moisture, snow cover, water temperature, etc. EO data sets can assist in assessing the perfor-
mance of hydrological models, which would help to: (a) understand how and against which observations model
estimates can be most appropriately compared, (b) point toward model structural inconsistencies (systematic
differences, which can subsequently lead to improvements in model structure and/or parametrization), (c) add
value to the development of data assimilation techniques, and (d) achieve a “right for the right reasons” model.

Forecast performance is known to decrease with lead time and yet, to the best of our knowledge, no study has
explicitly quantified the lead times over which improved initial states acquired from DA impact the forecasts
and their performance. The objective of this study is therefore to introduce and apply a framework to quantify
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such critical lead times and determine the relative importance of GCM meteorological forcings and assimilation
of different data sets in a seasonal forecasting system. The framework allows answering the following scientific
questions:

1. How does the assimilation of different data sets impact seasonal forecasts and how long do the impacts last
for in different seasons?

2. What is the relative importance of meteorological forcings and assimilated data in a seasonal forecasting
system?

The framework is illustrated here on a Swedish catchment, for which the scientific questions are answered. We
next present the study area and data in Section 3. Section 4 provides a description of the experimental setup
including the hydrological model, the ensemble Kalman filter and the methodology used to evaluate the perfor-
mance of the seasonal forecast systems. We present and interpret the results in Section 5, followed by a discussion
in Section 6. Finally, Section 7 states the conclusions.

2. A Diagnostic Framework to Detect Sources of Forecast Skill

The added performance (skill) of a “new” forecast system is commonly assessed against a benchmark system
using statistical metrics that characterize the forecast performance with regard to the overall forecast distribution,
extremes, temporal variability, reliability, accuracy or sharpness (Anctil & Ramos, 2019). However, the bench-
mark selection can also help isolate and attribute the forecast skill to MF and/or IHC (Crochemore et al., 2020).
The performance of both the “new” forecast and benchmark systems is assessed using a reference data set that is
selected to represent “reality”” (Pappenberger et al., 2015). While forecasts are sometimes evaluated with respect
to their performance against the historical model “reference” simulation (also known as “pseudo-observations” or
“perfect forecast’), model limitations (i.e., structural and parametric) that lead to simulation errors are neglected
(Girons Lopez et al., 2021). Alternatively forecasts can be evaluated against the historical “real” observations, in
which case the forecast performance is subject to model limitations. This latter case is particularly relevant when
assessing the performance of data assimilation techniques whose aim is to approach “real” observations, rather
than model-based “pseudo-observations.”

Sensitivity analysis methods can quantify the increase in streamflow predictability as a result of decreasing the
uncertainty in one of the dominant sources (Arnal et al., 2017; Wood et al., 2016). However, these theoretical
methods are not tailored for quantifying the importance of a unique (or combined) forcing or assimilated data
set(s), which is needed when making data set choices to improve (operational) forecasting services. Here, we
overcome this challenge by taking advantage of various forecast systems that are commonly applied in (oper-
ational) seasonal streamflow forecasting. Understanding each system (hypothesis and limitations) and further
inter-comparing them, allows setting up a framework that diagnoses the added performance of the different
sources of skill (Figure 1). We note that the framework is not restrictive to a certain type of catchment conditions
and/or model setup, and hence can be applied to any catchment, hydrological model, data set used for model
initialization or assimilation method. The following systems are available where "streamflow climatology" means
the climatology of historical streamflow (Crochemore et al., 2017):

e Observed streamflow climatology: s a simplified system that only requires historical streamflow observa-
tions. The method does not depend on either MF or quantification of the IHC. An ensemble of streamflow
observations is generated by resampling past scenarios from the observed climatology based on their start
date. The uncertainty represented in both IHC and MF is that of the natural hydrologic system.

o Simulated streamflow climatology: Is similar to the one above, yet the system is subject to historical MF driv-
ing a hydrological model to generate historical streamflow simulations (“reference” simulation). The quality
of the MF and the hydrological model error influence the quality of the streamflow climatology (Harrigan
et al., 2018). The uncertainty in MF thus represented is that of historical MF climatology, and the uncertainty
in IHC is that of the hydrological model climatology in IHC.

e Ensemble Streamflow Prediction (ESP): Assumes that the resampled ensemble of historical meteorologi-
cal data contains adequate information to predict the future, which can also lead to forecast overconfidence
since this reliance on historical data limits its ability to capture responses to unprecedented events (Buizza
etal., 2019; Day, 1985). In comparison to the system above, ESP requires model initialization (generated from
historical MF) which is a source of skill, and hence the updated catchment conditions in the initialization
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makes the ESP framework advantageous over the two methods above (Wood & Lettenmaier, 2006). The ESP
approach has been shown to provide accurate forecasts with an added value to decision making (Girons Lopez
et al., 2021).

e GCM-based streamflow forecasts: Require dynamic meteorological forcing from a Global Circulation Model
(GCM). Such meteorological forecasts are subject to regional biases indicating the need for bias-adjustment
to reduce their propagation into the hydrological predictions (Crochemore et al., 2016). Particularly for hydro-
logical modeling, initialization is required, and hence the difference in skill between the GCM-based predic-
tions and ESP is attributed to the improved (or not) dynamic MF.

Moreover, some of the seasonal streamflow forecast systems can be further enhanced through EO and in situ
data assimilation that improves the initial hydrological conditions. Among the four systems introduced earlier,
only the ESP and GCM-based streamflow forecast systems can take advantage of the improved IHC through DA;
named in Figure 1 as ESP with data assimilation and GCM-based streamflow forecasts with data assimilation
respectively.

Applying a system inter comparison, one can diagnostically quantify the importance of the different sources of
skill. However, attention is needed on the benchmark since the calculated skill in some system inter comparisons
could be driven by both MF and IHC (e.g., comparing ESP or GCM-based streamflow forecasts against observed
streamflow climatology). In practice, the skill of any of the four systems that do not consider data assimilation
can be benchmarked against one of the remaining three systems, consequently pointing toward the sources of skill
(the system characteristics that differ between the two systems). A comparison of the two systems that consider
data assimilation against their counterparts without data assimilation allows quantifying the added value from
improved model initialization due to DA against a model initialization driven by climatology-based forcing.

3. Study Area and Data
3.1. Study Area

The Umeiilven catchment is located in northern Sweden with an area of 26,000 km? and a mean elevation of
510 m above mean sea level. The regime is dominated by snowmelt in spring and summer (Figure 2).

Annual precipitation ranges from 542 to 8§74 mm with a mean of 691 mm during the period 2001-2015. For
the same period, daily mean temperature oscillated between —12° and 20°C with a mean value close to 0°C.
The dominant land uses are coniferous forest and open land with vegetation, covering 38% and 32% of the area,
respectively. Moraine, the dominant soil, makes up almost 60% of the area. The catchment is extensively used for
hydropower production with 19 installed hydropower plants. The temporal power production needs are almost
the reverse of the flow regime. Consequently, the water storage from the snowmelt season to the next winter in
large headwater reservoirs is the most important reservoir management objective. The hydropower sector would
greatly benefit from high-quality forecasts, which are particularly crucial during extreme years (Crochemore
etal., 2021).

3.2. Earth Observations and In Situ Data

Four EO data sets (Table 1) of fractional snow cover (FSC), snow water equivalent (SWE) and the actual and
potential evapotranspiration (AET and PET) and the two in situ data sets highlighted in the table were available
from different providers and spatiotemporal resolutions.

FSC is obtained from a daily pan-European product by the CRYOLAND initiative (Malnes et al., 2015) of the
Finnish Meteorological Institute at a 500 m grid from 2000 to near real time. It is retrieved from the optical
sensors on the NASA TERRA Y AQUA satellite. The data represents the area fraction from 0% to 100% of either
the forested canopy or the ground covered with snow. Optical sensors are affected by clouds but not high latitudes.

SWE is obtained from a global (Northern Hemisphere) daily product provided by the European Space Agency
Climate Change Initiative (ESA-CCI) (Kouki et al., 2021), at a 12.5 km grid. The product is retrieved from
passive microwave sensors and based on Scanning Multichannel Microwave Radiometer (SMMR) and
Special Sensor Microwave/Imager (SSM/I) data from a number of Defense Meteorological Satellite Program
(DMSP) F-series satellites over the period 1978-2019. Such passive microwave-based products are uncertain
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Table 1
The EO and In Situ (Highlighted) Data Sets Used in This Study With Their Sources, Time Coverages and Spatiotemporal Resolutions
Spatial
Availability  resolution Temporal

Hydrologic variable (abbreviation; unit) Provider window [m] resolution
Fractional snow cover (FSC; -) Finnish Meteorological Institute (FMI) 2000-2021 500 Daily
Snow water equivalent (SWE; mm) European Space Agency—Climate Change Initiative (ESA CCI) 1979-2019 12500 Daily
Actual evapotranspiration (AET; mm) National Aeronautics and Space Administration (NASA) 2001-2021 500 8-day

aggregate
Potential evapotranspiration (PET; mm) National Aeronautics and Space Administration (NASA) 2001-2021 500 8-day

aggregate
Streamflow at sub catchment outlet (QOB; m? - s~')  Swedish Meteorological and Hydrological Institute (SMHI) 19002020 - Daily
Reservoir inflow (INFLOW; m? - s~1) Vattenregleringsforetaget (VRF) 1961-2019 - Daily

and erroneous in complex terrains (highlands), deep snow conditions, during snowmelt and along the coast
(Magnusson et al., 2014). However, the data still provides useful information in areas with moderate terrain and
cold/dry climate.

The evapotranspiration products are global, 8-day aggregations at a 500 m resolution from NASA (Muetal.,2011).
The data is retrieved from the Moderate Resolution Imaging Spectroradiometer (MODIS) on the Terra and Aqua
satellites in 36 spectral bands. The data covers the period from 2001 to near real time.

The streamflow data at the sub catchment outlet stations are collected by SMHI from different Swedish insti-
tutions for example, water councils, municipalities, water authorities and hydropower companies and is highly
quality-checked. It is measured directly or inferred from fitting river stage observations to rating curves. The data
set covers 1900 to near real time and is published on the Vattenwebb portal https://vattenwebb.smhi.se/station/#/
(SMHI, 2022).

The local reservoir inflow is a daily product from the Swedish water regulation authority (VRF) covering the
period 1961-2020. It is the sum of snowmelt and runoff from the area between the outlet of an upstream reservoir
(if existing) and the outlet of the most downstream reservoir in the forecast area and the net precipitation on the
reservoirs within the catchment. This local reservoir inflow is computed as the residual between the reservoir

outflow and inflow, and the change in reservoir storage volume. The links to all data sets are presented in Appen-
dix C2.

GCM-based seasonal
meteorological forecasts

Historical meteorological
observations/reanalysis

Historical Streamflow
observations

Hydrological model
! }

Hydrological model

Observed streamflow Simulated streamflow Ensemble Streamflow GCM-based
climatology climatology Predictions (ESP) streamflow forecasts
X Climatology-based Climatology-based g
No forcings N ; GCM-based forcings
forcings forcings Earth observations
No initial conditions No initial conditions Initialized with P/T and in situ data Initialized with P/T

climatology climatology

Ensemble Streamflow GCM-based

The systems are colored accordingly for assessing:

(i) GCM-based streamflow forecast
performance (benchmarking)

(iii) Relative influence of data assimilation and
GCM-based forcings.

Predictions (ESP)
with data assimilation

streamflow forecasts
with data assimilation

Climatology-based
forcings

Initialized through
data assimilation

GCM-based
forcings

Initialized through
data assimilation

Figure 1. The diagnostic framework guiding toward decomposition of the sources of skill in seasonal streamflow forecasting. The gray boxes describe the
characteristics of each forecast system. Some forecast systems are colored accordingly depending on their prerequisite to address the paper's tasks (i)—(iii) presented in

Section 4.4.
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outflow stations and the black triangles the reservoir outflow stations. The monitoring point IDs are listed in red and black, respectively. (b) The monthly snow
water equivalent (light blue), normalized streamflow at the outlet (blue), the basin's mean actual evapotranspiration (maroon) and the precipitation (histogram), all in

mm - day~!.

3.3. Meteorological Historical Forcing and Seasonal Forecasts

Here, we make use of the Hydrological Global Forcing Data version 2.0 (HydroGFD v2.0) product, an
observation-corrected reanalysis data set providing historical meteorological information of precipitation and
mean temperature for 1971-2018 at a 0.5° resolution (Berg et al., 2018). HydroGFD is used to drive the simulated
streamflow climatology and ESP (with and without data assimilation) forecast systems in Figure 1.

Seasonal predictions of daily mean precipitation and temperature taken from the ECMWEF SEASS system
(Johnson et al., 2019) constitute the GCM-based forcing data set introduced in Section 2. The SEASS system is
an example of data obtained after assimilating current weather observations into a GCM framework to forecast
future weather. The system generates operationally an ensemble of 51 members initialized every month with a
seven month lead time (Johnson et al., 2019). The SEASS re-forecasts (hindcasts) used here consist of 25 ensem-
ble members available at a resolution of approximately 36 km.

GCM outputs are subject to regional biases which are further propagated into the hydrological predictions
(Crochemore et al., 2016). We therefore bias-adjusted the data using a modified version of the Distribution Based
Scaling (DBS) method (Yang et al., 2010) that accounts for drifting. Using the data for the whole analysis period,
the bias-adjustment parameters are conditioned on the lead month and the forecast issue date. DBS was originally
developed to adjust biases in climate projections and is a quantile mapping method adapted here, for seasonal
forecasting. Bias adjustment was conducted on all monthly initialized forecasts using the HydroGFD v2.0 (Berg
et al., 2018) as reference data set. After bias adjustment, the cumulative distribution of daily meteorological fore-
casts follows closely the one of HydroGFD. See the results of bias-adjusting SEASS5 toward HydroGFD v2.0 in
Pechlivanidis et al. (2020).

4. Experimental Setup
4.1. Hydrological Model Description

The Hydrological Predictions for the Environment (HYPE) model is a semi-distributed process-based model
capable of simulating the hydrological processes from a single basin to global scale (Lindstrém et al., 2010). The
parameters in the model are defined for the entire domain or dependent on land use or soil classes. The model
has conceptual routines for most of the major land surface and subsurface processes. The snow accumulation and
melt processes are modeled using the degree-day method with land use dependent parameters. HYPE simulates
the water flow paths in soil, which is divided into three layers with a fluctuating groundwater table. A fraction of
rainfall or snowmelt infiltrates into the top soil, which is limited by a soil-type dependent maximum infiltration
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rate. If the soil moisture in the upper soil layer exceeds a threshold for macropore flow, part of the remaining
water forms macropore flow. Potential evapotranspiration (PET) is estimated using several possible models, for
example, the modified Jensen-Haise (Oudin et al., 2005) among others. PET is achieved only if either the actual
soil moisture exceeds a large portion of the soil field capacity or the sub catchment is defined as a water body.
For soil moisture below this limit in non-water-body areas, the actual evapotranspiration, computed following the
crop coefficient method in Allen et al. (1998), decreases linearly to zero at the wilting point. Runoff from the soil
zone is computed when the soil moisture exceeds field capacity and it percolates to lower soil layers when the
soil moisture in the upper layers exceeds field capacity. The ground water level is estimated based on the level in
the soil zone where the pore space is filled.

The hydrological model for the Umeélven study area (see Figure 2) is a subset of the pan-European E-HYPE
model (Hundecha et al., 2016) ran at a daily time step. It consists of 157 sub catchments with nine reservoir
inflow regions and seven gauging stations considered free from anthropogenic influences. The calibration of the
hydrological model was done with streamflow as the main objective, which resulted in a high performance with
respect to streamflow and reservoir inflow. The Kling and Gupta Efficiency metric (KGE; (Gupta et al., 2009)),
whose optimum value is 1 was close to 0.8 for all variables, except for SWE and PET at the mountainous and
coastal areas (see details in Musuuza et al. (2020)). The poor performance in the SWE in those regions is due to
the failure of the passive microwave sensors stated in Section 3.2.

4.2. Data Assimilation With the Ensemble Kalman Filter

The Ensemble Kalman Filter (Evensen, 2003) is a sequential algorithm that uses a finite number of ensemble
members to represent the error statistics. The error covariance matrices are computed from an ensemble and
propagated forward by the dynamic model. This setup requires: (a) an infinite number of members in the ensem-
ble, (b) a linear dynamic model, and (c) Gaussian errors. However, these requirements are never satisfied, since
large ensembles quickly become computational bottlenecks in large domains or with long simulation runs. The
normally-distributed error assumption is also invalid for physically bounded variables such as FSC (Mishra &
Coulibaly, 2009; Pathiraja et al., 2018). Here, we used the logit-normal error transformation for bounded varia-
bles, for example, FSC, and the lognormal transformation for semi-bounded variables, for example, SWE. See
Bertino et al. (2003) for details.

At each time step in the assimilation, we introduced an ensemble of finite, random perturbations in the forcing
and other observation data that resulted in randomly generated model trajectories. The perturbations in forcing
are spatially correlated fields that help propagate information to locations where it may be missing (Reichle &
Koster, 2003). The spatial correlation is controlled by the localization, which suppresses superfluous covariances
that can arise in mountainous regions (Magnusson et al., 2014).

The ensemble of model states and fluxes was then propagated through the dynamic model and transformed to the
observation space, where the predicted observation and observation error terms were obtained. The localization
can be included by modifying the error covariance matrix terms present in the Kalman gain matrix. These are
multiplied by two scalar matrices that restrict the influence of observations on updated variables using element-
wise products. One ensures that the distance-dependent functions used to define the scalar matrices diminish
to zero at appropriate separation lengths. See Evensen (2003) for a detailed treatment of the Ensemble Kalman
Filter.

4.3. Seasonal Hydrological Forecasting

To generate initial hydrologic states, the model was initially forced with the HydroGFD v2.0 meteorological data,
whilst in the case of data assimilation the model states were generated with the four EO datasets (FSC, SWE,
AET, PET) and the two in situ data sets of streamflow (QOB) and reservoir inflow (INFLOW), as well as the
combination (COMBI) of FSC, QOB and INFLOW (i.e., a total of eight possible initializations, seven exploiting
DA). In Musuuza et al. (2020), a total of 62 possible combinations of the six data sets in Table 1 were generated
and the constituent data sets assimilated individually or simultaneously (called combinations) using the Ensemble
Kalman filter technique over the period 2001-2015. COMBI was among the several combinations that improved
the model performance in streamflow and reservoir inflows. The modeled streamflow and reservoir inflow were
used as target variables during the previous assimilation experiment due to their importance to the hydropower
sector in the area.
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The hydrological model thus initialized was forced with the bias-adjusted SEASS (hereafter named GCM-MF)
and HydroGFD-based climatological forcing datasets to generate seasonal hydrological forecasts initialized with
and without DA at the start of each month with a 7-month lead time.

We extracted modeled streamflow and reservoir inflow in all gauged sub catchments of the region to assess the
model's predictive accuracy at seasonal time scales. Seasonal re-forecasts are evaluated with respect to their
forecast performance against the historical observations per initialization month and lead time. Even if the
hydrological model is run at a daily time scale, the generated forecasts are aggregated to weekly means for
the 2001-2015 period, during which both re-forecasts and earth observations are available. It is important to
note that the verification of modeled re-forecasts against real observations allows the estimation of the actual
forecast accuracy, which depends not only on model initialization and meteorological forcings, but also on the
model's structural and parametric inadequacies to represent reality (numerically described by the historical
model performance).

4.4. The Forecast System Inter Comparison
In this paper, the forecast systems are inter-compared in order to assess:

1. The quality of GCM-MF seasonal hydrological forecasts for each initialization month and lead time;

2. The gain in performance from data assimilation based on the change in skill when different in situ and EO
data sets are assimilated during different seasons; and the persistence of data assimilation impacts that is, the
number of lead weeks over which DA influences the skill;

3. The relative importance of DA and GCM-based forcing on hydrological forecasting skill during different
seasons.

Following the framework in Section 2, task (i) is addressed by assessing the GCM-MF forecasts initialized
without DA against the observed climatology (note that these systems are presented in light blue boxes in
Figure 1). Task (ii), the impact of data assimilation on forecast skill is addressed by assessing the GCM-MF
forecasts initialized with DA against its counterpart system without DA (see yellow boxes in Figure 1). Finally,
task (iii) is addressed in two steps: first by using the skill calculated in task (ii) and then assessing the skill of
GCM-MF forecasts benchmarked against ESP forecasts, both initialized without DA (see dark blue boxes in
Figure 1). The difference in the two skills would indicate the relative importance of the two sources of skill
(MF and DA).

4.5. Forecast Evaluation

We first assess the quality of the forecasts in terms of their accuracy, that is the performance of the tempo-
rally aggregated streamflow and reservoir inflow forecasts in comparison to observations, which is expressed in
m? - s~1, For this purpose, the daily model outputs were aggregated to weekly mean values and the Continuous
Ranked Probability Score (CRPS; (Hersbach, 2000)) was calculated for each sub catchment, initialization month
and lead week. Given that SEASS provides forecasts for 7 months ahead, the evaluations here are conducted for
lead weeks 0-27. CRPS is a common measure of overall ensemble forecast performance and is equivalent to
the mean absolute error when applied to deterministic forecasts (Buizza et al., 2019; Hersbach, 2000). The time
averaged CRPS (Schepen et al., 2019) is formulated as:

N o
1 0r 112
CRPS = — ; [w [F/(x) = F ()] dx, 1

where F,/ (x) is the cumulative distribution of the forecast at time step £, F(x) is the step function corresponding
to the observation at time step ¢ (0 if x is smaller than the observation value at time step ¢ and 1 otherwise), and N
is the total number of time steps in the temporal period. For each initialization month, there is the temporal period
(e.g., week, month, etc.) where the mean forecast value is calculated and the lead time.

We next assess the Continuous Ranked Probability Skill Score (CRPSS), as a measure of forecasting skill,
by comparing the CRPS value of the forecast system to that of the selected benchmark. The skill metric is
non-dimensional and takes values on [—oo, 1], with 1 the perfect forecast skill. Positive (negative) skill scores
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Figure 3. The median weekly CRPSS of the GCM-MF system initialized without data assimilation and benchmarked against
real observation climatology. The forecasts were issued at the beginning of every month with a 7-month lead time and
aggregated to the median for all stations. Black dashed lines demarcate the “good,” “very good” and “excellent” skill levels.

indicate that the forecast system performs better (worse) than the benchmark in terms of CRPS. Values close to 0
indicate that the forecast system has comparable performance to the benchmark. CRPSS is defined as:

CRPSs

CRPSS =1— ———,
CRPS3

2

where CRPSg and CRPS,; are the respective CRPS of the forecasting and benchmark systems. Finally for
better communication of the results, we classified the skill into “good” (0.4 < CRPSS < 0.6), “very good”
(0.6 < CRPSS < 0.8), and “excellent” (CRPSS > 0.8) ranges.

5. Results
5.1. Benchmarking Seasonal Streamflow Forecast Quality

Here we assess the skill of the GCM-MF streamflow forecasts initialized without DA using real observations as
reference and the observed streamflow climatology as benchmark. The forecasts at each gauge in the study area were
issued at the start of each month and the daily values are aggregated to weekly for the 7 months ahead, while the skill
was computed for each station. However for better visualization, the median skill from all stations was used for each
initialization month and lead week. Figure 3 shows the median CRPSS from all gauges for all lead weeks and initiali-
zation months. The skill is positive for all initialization months and lead weeks but as expected drops with increasing
lead time, with the exception of forecasts targeting January and February whose quality is excellent regardless of the
lead time. Both hydrological and meteorological initializations play a significant role since the skill at lead week 0
is always excellent with CRPSS greater than 0.8 (except for the July initialization). Depending on the initialization
month, the skill can decrease significantly with values reaching very good ranges (CRPSS between 0.6 and 0.8) or
even good ranges (CRPSS between 0.4 and 0.6), especially when targeting the months of July, August and Novem-
ber. Forecast skill is comparatively lower during the spring flood period (May—August) than in other months. Most
of the streamflow volume is generated during May—August (see Figure 2) and hence, volumetric errors in stream-
flow measurements and inaccuracies in determining the start of snowmelt could be affecting the CRPSS values.

To better estimate the onset of snowmelt and improve the streamflow generation processes, it might be necessary
to introduce snow (FSC, SWE) and temperature-related information (PET, AET) during the months preceding
the spring flood, as well as streamflow information (QOBS, INFLOWS) directly. Additionally, seasonal stream-
flow peaks in the summer months with the hydrological response being a combination of snowmelt and rainfall
(Figure 2). Consequently, the forecast skill depends on both the quantification of snowpack and predicted rainfall.
It is also interesting to note that the decreasing trend of skill during the summer is sharper than for the other
months, which is further proof of the low predictability during this season.

MUSUUZA ET AL.

9 of 27

[uMoq ‘y “€70T ‘CLOLYY6T

:sdpy wouy pap

QSUAIIT suowwo)) danear) sjqesrjdde oyy Aq paUIdAOS d1e SO[ONIE () fasn JO sa[nI 10§ AIRIqIT dul[uQ K9[IAN UO (SUONIPUOI-PUB-SULIA}/ WO’ K[ AIeIqI[aur[uo,//:sdiy) suonpuo)) pue suo [, gy 998 *[£70¢/S0/€] uo Kreiqi auruQ Lofipy ‘Sutupatog suaels £q $SOCEOUMIT0T/620 10 1/10p/wod Kajim’Kreiqrjour



~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Water Resources Research 10.1029/2022WR033655

WINTER SPRING

0.75
0.50

0.25 — . - _.. l..

0.00 —

SUMMER

CRPSS

AUTUMN

0.75

- . .

-
w
o

CRPSS
|

B

AET
PET
FsC

SWE |
QoB
INFLOW ||

%

FsC
SWE
QoB
INFLOW
comBl || .
I
|
MMIIIMMM
m
comBl
AET

Figure 4. The gain in CRPSS for lead week 0 due to assimilation of different data sets. The red line corresponds to the skill
when the “new” forecast (GCM-MF streamflow forecasts with DA) and benchmark (GCM-MF streamflow forecasts without
DA) systems have identical long-term performances.

5.2. Impact of Data Assimilation on Hydrological Forecasting

In this section we assess the impact of assimilating different data sets in different seasons using the GCM-MF
streamflow forecasts initialized with DA as the “new” forecasting systems and their counterpart system without
DA as common benchmark. The CRPSS values for lead week 0 were computed after assimilating different data
sets during model initialization and extracted separately for each station during the 3 months of the season (i.e.,
December—February for winter; March—May for spring, etc.). The forecasting skill was computed for each station
and season as the 3-month median. Figure 4 shows the CRPSS for lead week O from all stations and during the
four seasons.

The high skills during winter and spring highlight the importance of some initial hydrological conditions during
these seasons. In autumn, the performance across all data sets is similar to that in winter yet comparatively low,
probably due to the transient states of the snowpack and soil moisture storage from near total depletion during
the summer to full capacity during the winter. The onset of polar nights also means that the summer control of
evaporation gets gradually reduced until it becomes irrelevant in winter.

The skill variation between the different assimilation experiments and seasons can be attributed to the seasonal varia-
bility of both the accuracy of individual data sets used in the assimilation and the control of each variable on the hydro-
logical response (Parajka & Bloschl, 2008). Most assimilated data sets attain their highest median skill during spring
and lowest during summer/autumn. The QOB, COMBI, SWE and AET data sets have the top three median skills
during the high flood months (spring and, to some extent, summer). There is relatively higher gain in the summer than
in the autumn possibly due to the easy-to-beat low performance of the benchmark system in the summer.

The impact of assimilating in situ (streamflow and reservoir inflow) data on the median skill shows a limited seasonal
pattern with the highest gain during spring and the lowest during summer. The skill from assimilating streamflow
information is always high, because streamflow gauges aggregate the catchment's natural response from the entire
upstream area and the E-HYPE model was originally calibrated using streamflow data. In addition, the skill from
assimilating streamflow information is higher than that from reservoir inflow. Although we are currently not assess-
ing the information content in the different types of observations and how this is extracted through DA, we note
that reservoir inflow is a post-processed product that is derived by the hydropower companies after water balance
assessments in the reservoirs. Consequently, reservoir inflow data could be subject to higher uncertainty and bias
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than streamflow measurements, which can affect the forecast skill after assimilation. The artificial manipulation of
inflows, which is sometimes abrupt, can lead to loss of information over time that is however preserved in streamflow.

The EO snow products (FSC and SWE) have the highest median skills in the spring and the lowest in the autumn;
and SWE is more skillful than FSC, especially in spring and summer. In fact, SWE always outperforms reservoir
inflow except in the autumn. The SWE, along with AET, has the highest skill after QOB and COMBI in spring,
which further emphasizes the importance of snow information in estimating the spring flood. The high SWE
skill in spring is consistent with previous findings in Greuell et al. (2019), Shukla et al. (2013), and Wanders
et al. (2019), where the spring snow was one of the identified drivers of skill in snow-dominated European river
systems. The low skills of snow data during the autumn might be due to the nearly depleted snowpack.

The EO evapotranspiration products (AET and PET) have the highest median skills during spring followed by
summer and the lowest in winter and autumn for AET and PET, respectively. AET is clearly more skillful than
PET in the spring and summer. Evapotranspiration affects the runoff generation in spring and summer through its
control on snowmelt and soil moisture storage, which are particularly relevant for the high flood events. The low
skills in autumn and winter are due to the low solar angles at the high latitude of the study area.

Moreover, the assimilation of the combination data set (COMBI) shows high potential, since the median improve-
ments are always higher than the constituent data sets in the combination (except during spring when the QOB
median gain is slightly higher), while the improvement is relatively more consistent (less variability in skill
between stations and seasons) than for the other datasets. This first highlights the complementary roles the differ-
ent data sets have. In addition, it underpins the value of assimilating combined datasets, which is receiving
increased attention from the scientific community (see e.g., Gao et al. (2011)), although challenges still remain
(MacBean et al., 2016).

Finally, we note that the spread in the CRPSS values is generally highest in spring and summer than in the
other two seasons. This is possibly due to first the river's hydrological seasonal variability characterized by high
streamflow during these seasons and second the quality of the EO and in situ data that might vary seasonally;
although the latter is not investigated here. As mentioned in Section 5.1, the likely volumetric errors during the
high-flow months and the fact that we merge results from different gauges, which are subject to different data
quality, can affect the forecasts resulting into such spreads in the CRPSS values.

5.3. The Persistence of Data Assimilation at Seasonal Time Scales

Here we assess the “persistence” of assimilating different data sets in streamflow forecasting. We define this
persistence as the number of lead weeks over which the performance of GCM-MF streamflow forecasts initial-
ized with DA remains higher than that of its counterpart without DA (benchmark). It is thus the time taken for
the IHC improvements to dissipate from the system. Figure 5 presents the persistence for different assimilated
data sets across seasons. The persistence differs between the assimilated products and seasons, with the shortest
persistences generally observed in summer.

The persistence of assimilating snow products (FSC and SWE) during winter and, in most locations, in spring
persists for over 3 months. The snow products also show a relatively long persistence at some stations in the
highlands during autumn due to the snowpack that starts to form. This highlights the dominant role of snow
processes in controlling the seasonal hydrological regime in snow-dominated catchments, such as Umeilven, and
also the potential gain from accurately estimating and integrating snow information in the hydrological model
during these seasons.

The assimilation of in situ data sets shows its longest persistence in winter, and its shortest in summer and spring.
The short summer persistence might be caused by the volumetric errors in the streamflow that affect the forecast
skill. Persistence is often longer at the sub catchment streamflow outlets than at the reservoir inflow stations
except in the summer and, at a few stations, autumn and winter. This could be due to the fact that the reservoir
inflow data are subject to model structural errors.

Assimilating evapotranspiration (AET and PET) has long persistence particularly during winter, spring and
autumn. The evapotranspiration data sets are based on temperature which can exert control on the timing of snow
accumulation and snowmelt, and hence on the runoff volume from winter to spring. The study area experiences
its highest rainfall volumes in the summer months, making precipitation exert more control on the soil stor-
age dynamics than evapotranspiration. When the rain ceases at the beginning of autumn, the control on soil
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Figure 5. The persistence of DA (in weeks) in the streamflow forecast skill at sub catchment outflow (circles) and reservoir inflow (triangles) stations resulting
from assimilating data sets during different seasons of the year. The forecast and benchmark systems are the GCM-MF streamflow forecasts with and without DA,

respectively.

water storage and runoff generation reverts back to temperature. The description of physical process interactions
presented here is supported by the numerical modeling exercise.

The persistence from assimilating COMBI is longer in the cold (autumn and winter) seasons than spring and
summer due to the presence of the two in situ products that showed a similar behavior. Apart from FSC in spring
and winter, assimilation of COMBI always persisted for longer than the individual constituent data sets, which
again highlights the value of assimilating multiple data sets simultaneously. We also note that the combination
returned the longest overall persistence during the autumn, which might be due to different data sets comple-
menting one another. The persistence of different assimilations for all seasons at individual observation points is
presented in Appendix Al.

5.4. Relative Importance of Data Assimilation and GCM-Based Meteorological Forcing on Hydrological
Forecasting Performance

Here we recognize that the hydrological forecasting skill is controlled by both the initial hydrological conditions
(whose improvement is achieved through DA) and meteorological forcing (whose improvement is achieved through
the dynamic GCM-based data set). In particular, we aim at providing diagnostics and guidance on which and when
the investigated products should be assimilated in order to improve the initial hydrological conditions, or when the
focus should be on improving GCM-based meteorological data sets. We first compute the skill of the GCM-MF
streamflow forecasts initialized with DA benchmarked against their counterpart without DA. This skill is solely
due to the improvement of initial hydrological conditions through DA. Next we compute the skill of the GCM-MF
streamflow forecast system benchmarked against the ESP system, in both cases considering no DA. The latter
comparison quantifies the gain from the GCM-based MF. We infer the relative importance of DA and MF from the
difference between these two intercomparisons: DA is more important if the difference is positive and vice versa.

Figure 6 shows the apportionment of the control on forecasting skill improvements from assimilating different
data sets and from forcing the model with GCM-based MF across seasons and for lead week 0. In winter, DA is
more important in most of the highland outflow stations (circles) and for most assimilated data sets except FSC,
AET and PET. The marginal role of evapotranspiration might be due to the nearly non existent evaporative fluxes
at high latitudes, while the marginal role of the fractional snow cover might be explained by a maximum snow
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Figure 6. The relative importance of data assimilation and GCM-based meteorological forcing for different assimilations and seasons for lead week 0. The
triangles and circles are the reservoir inflow and sub catchment outflow stations, respectively. Red and blue colors indicate importance of data assimilation and the
meteorological forcing, respectively. The last column “GCM-MF versus ESP” shows the skill of GCM-based streamflow forecasts benchmarked against ESP-based
streamflow forecasts, both without data assimilation. Red (green) is when the GCM-based (ESP) streamflow forecasts are more skillful.

cover in winter, leading to little information content coming from the FSC data set. However, DA has very low
importance for reservoir inflows (triangles) everywhere with all datasets. This might be due to water being held
in the snowpack during winter with very little melting to generate local runoff into reservoirs. Therefore, the
reservoir inflow cannot be improved by assimilating any data set.

During spring, DA is again more important in the highlands for all assimilated data sets including FSC, and to a
limited extent, AET and PET. This might be explained by the contribution of the data sets to the snowmelt and
runoff processes. The GCM-MF shows high importance at some headwater stations for ET products possibly
due to the dependence of ET on temperature, hence its role in snowmelt. The QOB, SWE and COMBI data sets
returned the top three gains in skill in Figure 4, which is consistent with the current results.

Precipitation and temperature are the main constituents of forcing datasets. The annual rainfall peaks during
May-August (see Figure 2), and accordingly, the gain from GCM-MF on seasonal streamflow forecasting exceeds
that from data assimilation during these months. Nevertheless, the influence of data assimilation prevails in
highland sub catchments for QOB, INFLOW and COMBI. This might be due to the relevance of the assimilated
datasets' information content to the aggregated response of the system. For the catchment under investigation,
this emphasizes the importance of initial hydrological conditions and potentially the bigger role of snowmelt
compared to rainfall in streamflow forecasting.

For streamflow forecasting in autumn, DA is more important than meteorological forcing in sub catchments
when the in situ and combination of data sets are assimilated. The low importance of assimilating snow products
might be due to the nearly depleted snowpack, although the importance is slightly higher in the highlands where
the snowpack is either starting to form or did not completely melt during the summer. The moderate importance
of assimilating ET in the highlands might be attributed to the end of the rainy season and subsequent resump-
tion of the evaporation process control on soil storage and runoff generation. Meteorological forcing is more
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important for streamflow forecasts (reservoir inflow stations) during the autumn, which can be attributed to
the local temperature and precipitation conditions driving the reservoir inflow flux generation processes. Thus,
forecasts of sub catchment outflow and reservoir inflows are more sensitive to DA and GCM-based forcings,
respectively. This is in spite of the widely held belief in the community that at short lead times, meteorological
forcing is always less important to seasonal streamflow forecasts than initial conditions.

The skill of the GCM-based streamflow forecasts benchmarked against the ESP-based forecasts, both initialized
without data assimilation was used in the apportionment of the relative importance of DA and meteorological
forcing presented in the preceding paragraphs. The column “GCM-MF versus ESP” in Figure 6 shows the skill
between the two forcing data sets during different seasons. For the high-latitude, snow-dominated catchment
under consideration, the streamflow forecasts based on the dynamic GCM-based meteorological forcing is always
superior to ESP, which is derived from historical data, except during the spring in the highlands (both streamflow
and reservoir inflow) and in the autumn at the highland streamflow gauges.

The evolution of the importance with lead time for all seasons and assimilations is presented in Appendix B1. For
streamflow in winter and spring, DA is more important than the meteorological forcing (MF) for most assimila-
tions at early lead times. Even where MF is more important, the importance reduces with time. SWE shows an
abrupt change in importance from DA to MF between lead weeks 0 and 4. At lead week 0 in the summer, DA is
slightly more important at most sub catchment outlets for all assimilations except SWE and PET but MF domi-
nates from lead week 4 for all assimilations. In the autumn, the importance gradually changes from DA at early
times to MF at some outlets and vice versa for others.

For reservoir inflow, MF is generally more important than DA during all seasons and most assimilations. During
winter and spring, DA is more important at longer lead times while MF is always more important at all lead weeks
during the summer. At early lead weeks in the autumn, MF has a very high importance everywhere for all assim-
ilations but the importance reduces gradually and eventually changes to DA at lead week 20. The importance of
MF for reservoir inflow might be due to the role of temperature and precipitation to the local runoff generation
processes. Importance results at longer lead weeks 4, 8, 12, 16 and 20 are presented in Appendices B2-B6.

We investigated the relative importance of DA and meteorological forcing on the forecast quality further by
comparing the forecast hydrographs of the 25 ensemble members to the observations at stream gauge 8313863
(see location in Figure 2). Figure 6 showed DA to be more important for both FSC and SWE assimilations during
winter and spring, with SWE having a higher importance. From the same figure, both the GCM and ESP-based
streamflow forecast systems performed equally well at the station during both seasons.

Moving to the local single station investigation, we present in Figure 7 the ESP and GCM-based (using the
SEAS5 MF) streamflow forecasts without DA. Since both sets of forecasts are initialized without data assimi-
lation, we are essentially comparing the impact of meteorological forcing. In winter, ESP forecasts outperform
GCM-based streamflow forecasts in the first lead month, as its ensemble is more accurate (closer to observa-
tions), while in spring the GCM-based forecasts better anticipate the slow rising limb in April. The GCM-based
forecasts estimate the peak discharge slightly better and produce a better ensemble spread around observations.
In spring, the peaks are improved further when SWE data are assimilated, while in winter little difference can be
observed from assimilating FSC (third column). The higher importance of DA in SWE assimilation (second row,
third column) is evident from the very accurate prediction of the observed peak at lead week 12. This is consistent
with the box plots in Figure 4. The error between the initializations and observations shown by the space between
the solid black line and the maroon markers in the lower panel reduces from the two first sub figures to the last.
This supports the conclusion that assimilating SWE information further improved initial states.

6. Discussion
6.1. Applicability of Insights in Other Domains

The diagnostic framework presented here allows detecting the sources of skill in operational seasonal stream-
flow forecasts. It was tested on a snow-dominated catchment using GCM-based forcing data sets and a single
algorithm (i.e., Ensemble Kalman Filter) to assimilate a set of observations. Here we built upon the modeling
work of Musuuza et al. (2020), who achieved a high performance during model identification over the region
indicating the acceptability of the model setup (structure and parameterization). Although one can argue that the
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Figure 7. The forecast streamflow for winter (top row, issued at the start of February) and spring (bottom row, issued at the
start of March). The first two columns show the forecasts using the ESP and GCM-based meteorological forcing without data
assimilation, respectively. The third column is the GCM-based MF with assimilation of FSC (top) and SWE (bottom).

results presented here are valid for this specific experimental setup (i.e., catchment, hydrological model, forecast
systems etc.), we highlight that our diagnostic framework can be extended to other impact models, river systems
(controlled by different physical processes), assimilation methods and forcing datasets. The deployment of this
framework in other hydro-climatic domains will broaden the knowledge of forecast skill attribution. Furthermore,
to inform operational systems improvement, it should be deployed at geographical and temporal scales relevant
to the system operations.

In a European investigation, Pechlivanidis et al. (2020) concluded that the seasonal hydrological predictability
at lead months from O to 2 is strongly linked to the hydrological regime of the underlying domain. For instance,
hydrological forecasts in flashy catchments (e.g., due to urbanization, impervious soil etc.) are characterized
by low skill, while forecasts in catchments with long river memory (e.g., due to baseflow domination, snow
contribution, dampening from lakes and wetlands) can achieve high skill. The latter statement was supported by
the results here. Our findings are also consistent with previous studies relating to key drivers of seasonal hydro-
logical forecasting skill (Crochemore et al., 2020; Girons Lopez et al., 2021; Harrigan et al., 2018). Therefore,
our conclusions may be regionalized to other snow-dominated domains with comparable EO data quality. For
applications at other snow-dominated catchments, deviations from the current results might arise, yet their exact
magnitude is difficult to quantify. However, we do not expect our insights to change significantly due to the strong
domination of seasonal snow melting/accumulation and temperature changes.

Finally, we note that even if the Swedish catchment's intra-annual response does not fully represent the snow
accumulation/melting regimes over the globe, our diagnostic framework is still useful with the current insights
potentially transferable to other similar river systems. In particular, systems with similar climatological and
hydrological conditions over the globe can be of high relevance to the energy sector. Hence the results presented
here can guide decision making in hydropower management and risk reduction (Contreras et al., 2020; Worman
et al., 2020) by pointing out the seasons and lead times for which implementing ESP and/or GCM-MF hydrolog-
ical forecasts with and without data assimilation can be strategic.

6.2. Recommendations for Moving Forward

‘We have extensively highlighted that the assimilation of different EO products increases the skill of hydrological
forecasts. Although data assimilation primarily improves the initial state of the hydrological forecasting system,
we note that the success of assimilation depends on the quality of the assimilated data as well. Therefore, we
recommend efforts to further improve the quality of EO, for instance, through improvements in the spatiotempo-
ral resolution of the products and/or the acquisition of in situ measurements of snow (transects) and evapotran-
spiration (eddy flux towers) to constrain and validate the respective EO products and to refine the post-processing
algorithms. Future research should investigate the assimilation of the same variable from different providers, for
example, evapotranspiration from GLEAM (available online: https://www.gleam.eu) and LSA-SAF (available
online: https://landsaf.ipma.pt/en) (both accessed on 17.05.2022) to ascertain if the poor/good performances in
the assimilation are related to the specific NASA MODIS products used here.
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Here, we assimilated snow, evapotranspiration, streamflow and reservoir inflow data into the model, although
hydrological forecasts in many river systems are known to be driven by antecedent soil storage conditions (J. Du
et al., 2019). Soil moisture information was not considered in this investigation due to the strong control exerted
by snow accumulation and melting on the seasonal hydrological signal in the catchment. Still, data on soil mois-
ture and total water storage anomalies are available from different EO providers (e.g., ESA-CCI, NASA, etc.) at
acceptable spatiotemporal resolutions. Soil moisture was reported as a key control variable on the hydrological
predictions especially in high-latitude domains (Wanders et al., 2019). We therefore recommend investigating the
impact of soil moisture on hydrological forecasting skill in snow-dominated catchments as well.

Uncertainty quantification is still missing in the EO products, although it could be used in the data assimilation;
for instance, in the computation of the error covariance matrices to improve model performance in domains
where EO data are uncertain (e.g., high-latitude autumn/winter evapotranspiration, complex terrain snow water
equivalent, etc). Moreover most of the EO data sets are not available in (near) real time. This consequently limits
their use to historical investigations and validation of hindcasts. In order to use the data in real time forecasting
services, we recommend the development of platforms such as the CRYOLAND project (http://www.cryoland.
eu/) that have short acquisition/retrieval/processing times to facilitate assimilation of the EO data in operational
forecasting services.

Finally, we note that the E-HYPE model was originally calibrated against streamflow, and we showed here that
its assimilation had the highest impact on forecast skill. However, the observed streamflow at the outlet of a large
snow-dominated catchment represents past headwater snowmelt events. This is due to the delay between the
temperature conditions triggering the melting and the propagation of the hydrological response through the river
system. Such “memory” effects should be integrated into streamflow observations (e.g., as metadata) in regions
with long concentration times, while the data assimilation algorithms should be modified accordingly to take this
information into consideration, in order to further improve the hydrological predictions.

7. Conclusions

A scientific experiment was conducted that allowed, for the first time to our knowledge, the quantification of the
gain in skill of seasonal streamflow forecasts from assimilation of both individual and combined EO and in situ
data. A methodological framework was proposed to diagnose the relative importance of meteorological forcing
and data assimilation of different hydrological variables, that is, four EO (fractional snow cover, snow water
equivalent, actual and potential evapotranspiration); two in situ (streamflow and reservoir inflow) and the combi-
nation of data sets COMBI. We investigated the seasonal hydrological predictions in the snowmelt-driven Umeil-
ven catchment in northern Sweden, which is heavily regulated for hydropower production, and hence seasonal
prediction of streamflow and reservoir inflow is of high economic benefit. The results from this investigation are
very promising for enhancing hydro-climate services for snow-dominated river systems.

Assimilating different in situ and EO data sets improves the forecast skill, but the improvement varies depend-
ing on the season, lead time and assimilated data. The persistence, that is the lead weeks during which data
assimilation influences the forecast skill (here quantified as the number of successive weeks when the skill from
the system initialized with DA remains above that of the counterpart system without DA), is also different for
different data sets and seasons. Overall the assimilated data sets exert more control on the forecast quality than
the meteorological forcing data, highlighting the importance of accurately quantifying the initial hydrological
conditions for this snow-dominated river system.

In particular, the results show a generally high skill at short lead times for the forecasting system initialized with-
out DA, although it is comparatively lower in the summer months. The skill was further improved by assimilating
different in situ and EO products during all seasons of the year. After data assimilation, the skill was highest in
winter and spring, while for most of the assimilation experiments, it showed a large spatial variability in spring
and summer. We attribute this large spread to the errors related to estimating the spring and summer floods and
mixing performances from several observation points.

The results show a high median skill improvement with the assimilation of snow and evapotranspiration during
spring at the onset of the spring flood, which is of high interest to hydropower reservoir operators. Seasonal fore-
casts can hence be used in the regulation of the reservoirs resulting, for instance, in storing the water or using it
for power generation even when energy demand/prices might not be optimal. Otherwise if the reservoirs fill up
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before the end of the spring flood, water would need to be spilled which is of no economic value. Improvements

in the forecast skill through DA can consequently result in improved and highly certain decisions. Nevertheless,

this further highlights the potential for in situ snow and evapotranspiration measurements, which can be used for

validating and adjusting the EO datasets.

The improvements from DA persisted in the forecasting system for long periods with the persistence depending

on the assimilated data and season. In particular, the impact of assimilating SWE during winter persisted for

more than 3 months, which again underpins the value of accurate snow information in space and time. Moreover,

at short lead weeks, data assimilation is relatively more important than meteorological forcing to improve the

hydrological forecast skill during all seasons except autumn. This not only emphasizes the benefit of improved

data sets for assimilation, but also the benefit of improved and efficient assimilation algorithms.

Appendix A: Seasonal Persistences

The persistence at each observation point for different seasons and assimilations.

Table A1

The Persistence in Weeks at the Stream Gauges and Reservoir Outlets (See Figure 2 for the Location IDs) for Different

Assimilations and Seasons

Location FSC SWE QOB INFLOW COMBI AET PET
Winter Stream gauges 8300034 18 26 0 10 12 9 9
8301225 22 22 5 14 5 14 28
8313863 22 14 13 6 5 5 0
8313880 6 6 13 11 4 12
8301032 21 20 0 7 11 25
8000742 15 15 10 8 4 19 16
8307177 19 7 11 11 4 3 4
Reservoir outlets 4000001 21 2 0 9 2 13 2
4000002 15 12 10 8 3 18 7
4000003 17 17 0 10 3 0 10
4000004 26 26 12 2 4 28 28
4000005 23 5 10 2 4 28 28
4000006 13 13 0 0 14 14 5
4000007 8 10 10 7 6 19 7
4000008 10 8 0 5 0 0 10
4000009 16 15 2 28 2 2 4
Spring Stream gauges 8300034 0 18 10 11 12 27 23
8301225 17 22 11 10 5 16 15
8313863 22 22 10 6 5 0 5
8313880 5 5 3 13 5 12 7
8301032 17 21 9 10 4 25 8
8000742 15 13 7 10 4 21 10
8307177 14 22 8 13 6 0 7
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Table A1
Continued
Location FSC SWE QOB INFLOW COMBI AET  PET
Reservoir outlets 4000001 21 21 2 10 5 8 2
4000002 11 11 3 8 2 23 7
4000003 15 21 11 10 4 17 14
4000004 20 21 22 2 28 26
4000005 13 25 10 2 4 27
4000006 6 13 5 7 28 14 5
4000007 18 5 16 10 3 4 7
4000008 9 12 6 5 18 14 14
4000009 14 16 28 28 2 26 8
Summer Stream gauges 8300034 18 18 11 8 12 27 7
8301225 24 22 18 5 5 27 15
8313863 19 22 14 5 5 0 0
8313880 7 6 14 5 5 9 8
8301032 19 21 10 4 5 27 25
8000742 14 17 2 4 5 21 8
8307177 7 5 2 6 6 0 0
Reservoir outlets 4000001 4 21 2 21 2 8 5
4000002 11 15 3 12 3 22 7
4000003 15 17 14 0 4 17 8
4000004 21 16 2 4 5 9 0
4000005 13 25 2 25 4 26 0
4000006 8 8 6 16 17 24 7
4000007 9 26 11 3 3 4 0
4000008 12 12 6 0 18 15 15
4000009 16 16 28 2 20 8
Autumn Stream gauges 8300034 24 10 10 8 10 7 16
8301225 26 13 11 14 4 8 11
8313863 3 13 14 5 5 28 0
8313880 6 13 3 13 4 3 14
8301032 21 10 9 0 5 6 12
8000742 14 10 8 24 3 8 15
8307177 6 11 2 6 3 6 0
Reservoir outlets 4000001 2 2 2 22 20 14 10
4000002 10 10 11 10 3 7 14
4000003 17 13 14 0 2 3 17
4000004 28 22 2 28 0 9 28
4000005 4 2 2 28 25 26 28
4000006 13 10 3 14 12 3 7
4000007 10 10 16 19 2 2 0
4000008 8 6 6 0 18 16 15
4000009 15 22 28 2 2 27 14
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Appendix B: Supplementary Figures

The figure shows the relative importance between DA and meteorologocal forcing at individual observation

points for the different assimilations and seasons.

The relative importance between data assimilation and meteorological forcing at longer lead weeks.
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Figure B1. The variation of the importance between DA and meteorological forcing with lead time. Lead weeks (LW) 0, 4, 8, 12, 16, and 20 are shown for each
assimilated data set and season. The streamflow, QOB is plotted on top the reservoir inflow, INFLOW for each season.
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Figure B2. The relative importance of DA and GCM-based MF for different assimilations and seasons for lead week 4. The triangles and circles are the reservoir
inflow and sub catchment outflow stations, respectively. Red and blue colors indicate importance of data assimilation and the meteorological forcing, respectively.
The last column “GCM-MF versus ESP” shows the skill of GCM-based streamflow forecasts benchmarked against ESP-based streamflow forecasts, both without data
assimilation. Red (green) is when the GCM-based (ESP) streamflow forecasts are more skillful.

See Figure B3
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Figure B3. The relative importance of DA and GCM-based MF for different assimilations and seasons for lead week 8. The triangles and circles are the reservoir
inflow and sub catchment outflow stations, respectively. Red and blue colors indicate importance of data assimilation and the meteorological forcing, respectively.
The last column “GCM-MF versus ESP” shows the skill of GCM-based streamflow forecasts benchmarked against ESP-based streamflow forecasts, both without data
assimilation. Red (green) is when the GCM-based (ESP) streamflow forecasts are more skillful.

See Figure B4
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Figure B4. The relative importance of DA and GCM-based MF for different assimilations and seasons for lead week 12. The triangles and circles are the reservoir
inflow and sub catchment outflow stations, respectively. Red and blue colors indicate importance of data assimilation and the meteorological forcing, respectively.
The last column “GCM-MF versus ESP” shows the skill of GCM-based streamflow forecasts benchmarked against ESP-based streamflow forecasts, both without data
assimilation. Red (green) is when the GCM-based (ESP) streamflow forecasts are more skillful.

See Figure BS
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Figure BS. The relative importance of DA and GCM-based MF for different assimilations and seasons for lead week 16. The triangles and circles are the reservoir
inflow and sub catchment outflow stations, respectively. Red and blue colors indicate importance of data assimilation and the meteorological forcing, respectively.
The last column “GCM-MF versus ESP” shows the skill of GCM-based streamflow forecasts benchmarked against ESP-based streamflow forecasts, both without data
assimilation. Red (green) is when the GCM-based (ESP) streamflow forecasts are more skillful.

See Figure B6
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Figure B6. The relative importance of DA and GCM-based MF for different assimilations and seasons for lead week 20. The triangles and circles are the reservoir
inflow and sub catchment outflow stations, respectively. Red and blue colors indicate importance of data assimilation and the meteorological forcing, respectively.
The last column “GCM-MF versus ESP” shows the skill of GCM-based streamflow forecasts benchmarked against ESP-based streamflow forecasts, both without data
assimilation. Red (green) is when the GCM-based (ESP) streamflow forecasts are more skillful.

Appendix C: General Information

C1. Acronyms

Acronyms

SMHI
HydroGFD
ESP
ECMWF

Swedish Meteorological and Hydrological Institute
Hydrological Global Forcing Dataset

Ensemble Streamflow Prediction

European Centre for Medium-range Weather Forecasts
Data assimilation

Earth Observations

Meteorological Forcing

Seasonal Forecast(ing)

Snow Water Equivalent

Fractional Snow Cover

Actual Evapotranspiration

Potential Evapotranspiration

Streamflow Observation(s)

Continuous Ranked Probability Score

Continuous Ranked Probability Skill Score

Global Circulation Model
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