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A B S T R A C T

We present an operational system for multi-sensor data fusion implemented at the Finnish Environment
Institute. The system uses Ensemble Kalman filter and smoother algorithms, which are often used for
probabilistic analysis of multi-sensor data. Uncertainty and spatial and temporal correlations present in the
available observation data are accounted for to obtain accurate and realistic results. To test the data fusion
system, daily chlorophyll-a concentration has been modelled across northern shoreline of Gulf of Finland over
the period of August 1st – October 31st 2011. Chlorophyll-a data from routine monitoring stations, ferrybox
measurements, and data derived from Medium Resolution Imaging Spectrometer (MERIS) instrument on board
the ENVISAT satellite has been used as input. The data fusion system demonstrates the use of existing and well-
known Ensemble Kalman filtering and smoothing methods for improving water quality monitoring programs
and for ensuring compliance with ecological standards.
1. Introduction

We describe a data fusion system (DFS) for water quality monitoring
implemented at the Finnish Environment Institute SYKE. The goal of
the system is to harmonize information from various data sources
and to provide an estimate of water quality without data gaps, i.e.
also at locations and times where observations are not available. To
obtain accurate and realistic results, it is necessary to account for
uncertainty in the observational data and exploit spatial and temporal
correlations known to be present in the system. The uncertainty of the
final estimates is quantified to better understand the limitations of the
data fusion products and to help in designing better data collection
strategies in the future. The data fusion products are available in the
form of raster maps that can be directly visualized and published.
Corresponding numerical data can also be queried interactively and
exported from the system for further processing. The presented data
fusion system uses Kalman filter and smoother algorithms, which are
often used to analyse spatio-temporal variation of multi-sensor data.
DFS is implemented as a general-purpose data fusion platform and
is not limited to particular physical quantities. For the development
and testing, chlorophyll-a (Chl-a) concentration and turbidity were
used as the two primary water quality indicators to focus on. The

∗ Corresponding author.
E-mail address: martin.gunia@student.lut.fi (M. Gunia).

main objective of the case study was to provide daily spatial Chl-a
estimations that are useful in the ecological classification according to
EU Water Framework directive.

Water quality observations from Finnish coastal waters have been
collected regularly since the 1960s. Monitoring is typically based on
laboratory analysis of water samples, automatic sampling from com-
mercial ships, automatic fluorometric measurements from commercial
ships and buoys, and satellite image processing. This gives us an
increasing amount of heterogeneous environmental data with varying
accuracy, precision, temporal frequency and regional coverage. Water
analysis in laboratory is usually very accurate, but represents limited
spatial and temporal domain. Observations derived from satellite data,
on the other hand, are less accurate but cover much larger area and
can be collected continuously with observations available daily or
every few days. Data captured by satellites however often suffers from
significant gaps due to the presence of clouds. Fluorometric measure-
ments are obtained with the frequency of seconds or minutes and may
cover a whole ship route or a single buoy location. To complicate
matters further, the physical phenomenon of interest is often observed
indirectly through proxies and indicators that are easier or more cost
effective to obtain, compared to direct measurements.
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Water quality of the Baltic Sea and Finnish coastal areas is continu-
ously monitored for ecological classification and management accord-
ing to the European Water Framework Directive (WFD, EU (2000)),
EU Marine Strategy Framework (MSFD, EU (2008)) and the HELCOM
Baltic Sea Action Plan (HELCOM, 2007). Granting of environmental
permits for industrial and municipal waste water treatment plants, or
any other loading operations, are based on ecological classification and
therefore require rigorous monitoring and assessment of environmental
status and impacts. Due to the precautionary principle of EU environ-
mental law (Kriebel et al., 2001), an operation will not be permitted
if there exists a risk of ecological deterioration of the receiving water
body. As a result, monitoring needs to be precise and extensive to allow
effective classification and permitting.

Combining environmental data from different sources and assimilat-
ing them to models of various complexity has been the subject of many
methodological and application papers. We mention some of them here.
Crow (2003) introduced data assimilation system of surface L-band
brightness temperature (TB) observations via the ensemble Kalman fil-
ter (EnKF), to correct for the impact of poorly sampled rainfall on land
surface model predictions of root-zone soil moisture and surface energy
fluxes within the U.S. Southern Great Plains. Pulliainen et al. (2004)
applied assimilation methods to combine ship-borne and satellite data
of Chl-a in the Baltic Sea and to assess the spatial characteristics of
water quality in the Baltic Sea, northern Europe. The technique is based
on Bayes’ theorem and considers spatial accuracy characteristics of
both the transect and satellite data. Pan et al. (2008) implemented an
integrated data assimilation system over the Red-Arkansas river basin
to estimate regional scale terrestrial water cycle driven by multiple
satellite remote sensing data. Mo et al. (2008) designed sequential data
assimilation with an ensemble Kalman filter to optimize key parameters
of the Boreal Ecosystem Productivity Simulator (BEPS) model, taking
into account errors in the input, parameters and observation. A number
of parameters were adjusted through data assimilation with a time
step of one day. Chang and Latif (2010) modelled the behaviour of
contaminants in a subsurface flow using two-dimensional transport
model with advection and dispersion as the deterministic model. Stroud
et al. (2010) studied space–time development of suspended sediment
fields in lake Michigan using satellite data and ensemble Kalman meth-
ods. Melet et al. (2012) explored the potential use of glider data
assimilation to control some properties of the ocean state estimation,
such as thermohaline water circulation misfits in the Solomon Sea
due to an erroneous tidal-mixing parametrization. The glider data
was used to correct the model through a data assimilation scheme.
Mourre and Chiggiato (2014) compared the ability of post-processing
3-D super-ensemble (3DSE) and conventional Ensemble Kalman filter
(EnKF) approach integrating models and data to forecast the Ligurian
Sea regional oceanographic conditions in the short-term range (0–72 h)
when constrained by a common observation data set. Revilla-Romero
et al. (2016) employed data assimilation techniques in hydrological
forecasting to improve estimates of initial conditions and to update
incorrect model states with observational data. Wang et al. (2019)
presented a operational system for catchment-scale water quality man-
agement and monitoring and demonstrated its use in two test locations
including Singapore’s coastal waters and freshwater bodies. The system
integrates input data from real-time sensors, measurements and models,
a dynamic model of the catchment hydrology and data assimilation
scheme to correct the model outputs with available observations. Fang
et al. (2019) used space–time Kriging approach to estimate the dynam-
ics of harmful algal blooms using Chl-a concentration measurements in
Western Lake Eerie. The Kriging approach has been complemented with
Bayesian information criterion for selection of explanatory variables
to avoid model over-fitting and conditional simulation has been used
to obtain probabilistic estimates. Qian et al. (2021) studied Chl-a and
other indicators in Western Lake Eerie for modelling dynamics of
cyanobacterial toxin concentrations. The authors developed hierarchi-
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cal Bayesian framework for forecasting the toxin concentrations over
time and demonstrated its applicability for short-term risk assessments.
Chen et al. (2019) used data assimilation and the Ensemble Kalman fil-
ter to correct model forecasts of cyanobacterial biomass in Lake Taihu,
China, using in-situ measurements and observations derived from re-
mote sensing data. Recently, Chen et al. (2021) proposed data fusion
method based on Bayesian inference principles similar to the ones used
in this work and demonstrated its applicability to the estimation of
Chl-a concentration in Lake Taihu using the in-situ and remote sensing
observations. Other statistical and artificial intelligence methods have
been used by Fasbender et al. (2008), Doña et al. (2015), Mouazen et al.
(2014), and Chang et al. (2014). For a general reference to statistical
methods on spatio-temporal data, we refer to Cressie and Wikle (2011),
a general reference to ensemble Kalman filter methods in data assim-
ilation is Evensen (2009). For an application of ensemble methods to
high-dimensional models, similar to those used here, see Katzfuss et al.
(2020). Alternatives to ensemble methods are different reduced rank
methods such as those used by Zammit-Mangion et al. (2018) and Ma
and Kang (2020).

1.1. System design

The data fusion system has been designed to streamline the entire
modelling process, starting from downloading of the observation data
and their harmonization, followed by the data fusion computation and
subsequent storage and visualization of the final data sets. Its interface
is aimed at expert users, who can conveniently carry out data fusion,
validation and calibration, estimate the status of water bodies, design
operational services and optimize the use of measurement resources.
The overall design of DFS is shown in Fig. 1. Observation data is read
into the system from spatial databases and open data services for in-
situ and remote sensing data, operated by SYKE. An important aspect
of the design is to allow automation of various workflows such as near
real-time fusion of new observations as they become available. For
this reason, the process has been separated into distinct steps that are
implemented as stand-alone subroutines or commands. The processing
steps include (1) model variable definition, (2) definition of model
domain and computational grid, (3) data download and harmoniza-
tion, (4) data fusion calculation and (5) data export and visualization.
These ‘‘building blocks’’ can be executed manually, scheduled to run
periodically, or scripted to implement more complex workflows. The
data fusion inputs and results are stored in central database from where
they can be queried in external GIS applications or published via a web
portal.

Majority of the system’s functionality is implemented in Python
language and is designed to be easily extensible. Where available, open
source software components have been used. The computational core
is implemented as a general-purpose library called EnDAS (Ensemble
Data Assimilation System) and its source code is available under an
open source license as well (Gunia, 2018). For implementation details
see Section 2, Auxiliary material can be found in Appendix A. Below,
we define the components of the system design.

Model variable
Model variable is the quantity of interest for which data fusion is

carried out, such as the Chl-a concentration or turbidity. Each model
variable has a declared unit of measure and interpretation (in case of
Chl-a, for example, the variable is assumed to correspond to the average
Chl-a concentration in the top 5 metres of the water column). Model
variables supported by the system are currently predefined and cannot
be dynamically added by users. New variables can however be declared
in the database by the system’s administrator. Necessary transforma-
tions of the incoming observations are carried out automatically during

the data download and harmonization step.
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Fig. 1. Main components and information flow in the data fusion system as implemented at the Finnish Environment Institute SYKE.
Fig. 2. Sparse model grid defined by three-dimensional array with two spatial and one
temporal dimension. A hypothetical polygonal area defining the geographic extent of
the model domain is indicated by diagonal hatching and only grid cells shown with
grey background are included in the final array.

Model domain
Model domain defines the geographic extent of the model and is

given as polygonal geometry by the user. The domain is spatially
discretized using regular grid with two spatial and one temporal di-
mension. While the resolution of the spatial dimensions (cell size) can
be given by the user, the temporal resolution and thus the frequency
at which observations are fused is fixed to one day. The grid may be
sparse and only grid cells which overlap with the domain geometry are
actually stored in memory and included in computations, as shown in
Fig. 2. Each stored cell then represents the value of a model variable, or
multiple model variables for multivariate analysis, spatially integrated
over the area of the cell.

While the underlying phenomena (such as water circulation and
algae dynamics) are fundamentally three-dimensional, water quality
indicators are typically concerned with the top of the water column.
Consequently, observations are mainly available for the water surface
or a shallow section of the water column. The two-dimensional depth-
integrated approach is therefore sufficient for current DFS applica-
tions and requires significantly less storage capacity and computational
power, compared to a fully three-dimensional model.

Data download and harmonization
Data download and harmonization refers to the download of obser-

vation data from configured data sources and subsequent
3

pre-processing of the data to be suitable for data fusion. The down-
loaded data includes the actual measured values and metadata such as
the acquisition date and time, uncertainty, unit of measure, measure-
ment coordinate and station code. The data harmonization step consists
of coordinate system transformation, spatial and temporal interpolation
of the measured values and uncertainty to the model grid and unit
conversion from the unit declared by the data source to the unit
used by DFS. Additional transformations and corrections can also be
applied, based on the observation type. These include correction to a
common time-of-day (i.e. if observations are taken at different time
than expected by DFS), depth correction or simple normalization. The
system currently implements Open Data Protocol (OData) for discrete
point measurement data, Web Coverage Service (WCS) for raster data
sets, and Comma-Separated-Values (CSV) for offline point data. As
a result of the data download and harmonization step, all available
observations and their uncertainties are stored in the database and can
be used directly by the data fusion process without the need for further
pre-processing.

Data fusion
Data fusion is the process of combining information from observa-

tions to provide complete estimate of the model variables at all grid
cells. The data fusion products include point estimates of the model
variables and their uncertainty. Additional information such as the
observation data sets used for the fusion, time and date of the modelling
and data fusion settings used is also stored for later retrieval. The data
fusion method is described in more detail in Section 2.

Data export and visualization
Data visualization capabilities are provided as a plug-in for the QGIS

open-source geographic information system (QGIS Development Team,
2021). The plug-in is easy to install and can be used for browsing and
querying of data stored in the DFS database. Additionally, data fusion
products can be exported in GeoTiff raster format to enable further use
and post-processing in external software.

1.2. Data fusion as a state estimation problem

The goal of data fusion is to integrate observations from multiple
sources to produce more complete and accurate estimate than provided
by each of the data sources alone. In a geophysical context, data is
typically obtained from a scattered network of measurement devices
and with varying sampling frequency. We therefore wish to perform
statistically consistent interpolation of the data both in time and space,
so that both the measurement uncertainty and spatial and temporal

correlations in the data are accounted for. If the behaviour of the
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observed physical system can be described by means a mathematical
model, this additional information can be utilized, and we commonly
refer to the resulting estimation procedure as data assimilation. Data
ssimilation has been initially developed for numerical weather predic-
ion but has found its way into many other scientific and engineering
isciplines such as GPS navigation, medical imaging or optimal control.
n the context of the data fusion system, the terms ‘‘data fusion’’ and
‘data assimilation’’ overlap considerably and are many times used
nterchangeably. It should also be noted that although the currently
mplemented model (see Section 2.2) has no prediction power, DFS can
e extended with more sophisticated dynamical models in the future;
ossible candidates are discussed in Section 4. The rest of this section
rovides brief summary of data assimilation theory that is relevant to
he implemented system. It is not intended to be exhaustive and we
efer the reader to Asch et al. (2016) or Evensen (2009) for more com-
rehensive introduction. Details of the implementation are provided in
ection 2. In statistical terminology, the data fusion process can be seen
s dynamical spatio-temporal data analysis, where an important aspect
s the modelling of spatio-temporal correlations of the system processes,
hich are the key for realistic uncertainty quantification of the data

usion products. See Cressie and Wikle (2011) for a general reference
o the statistical analyses.

The mathematical process model and the observations are two
ain components of any data assimilation system. The process model
escribes our understanding of the system’s dynamics and its governing
rinciples. Given an initial state of the system, the model can also be
sed to reason about which future states are more likely than others
nd to rule out states that are in contradiction with the underlying
hysical laws. Observations, on the other hand, are available at various
imes throughout the assimilation time frame and provide evidence of
he real dynamics. We generally assume that observations are noisy,
carce and that the process of interest is often not observed directly.
ven satellite remote sensing observations do not provide full coverage
f the processes under study. Physical models can be used to constrain
he solution of data assimilation analysis. The statistical approach
ssumes certain spatial and temporal correlations between the states.
bservations, or the modelled states, that are close to each other in

pace and time are assumed, on average, to resemble each other more
hat observations that are further away. Because the initial state of
he system is rarely well known and the mathematical model is an
ncomplete description of reality, model predictions will eventually
eviate from the true state. Data assimilation aims at estimating the
odel state by correcting the state estimate proportionally to how
uch we trust the model and the observational evidence.

The main computational challenge in implementing efficient data
usion algorithms comes from the size of the modelled problem and
onsequently the amount of computer memory that is needed to store
he system state (model variables for all grid cells) and to represent
nd manipulate the model error. To address this, DFS implements two
idely used classes of algorithms. An exact Kalman Smoother (Kalman,
960) algorithm can be used for model states of up to 10,000 elements
nd is suitable for example for small to medium-size lakes.

For large model grids, DFS implements ensemble-based Kalman
moother (Evensen, 2009) where the system state and error is rep-
esented by a collection (ensemble) of possible realizations of the
ynamical system. The number of realizations is typically chosen to
e rather small while still being able to represent the majority of the
odel error. Furthermore, the ensemble algorithm is localized so that

omputations are only performed on a subset of the data at a time.
his is motivated by the fact that the correlation between variables

n any two grid cells decreases with distance and observations that
re too far away are therefore assumed not to be of influence. This
educes sampling errors inherent to all ensemble-based approaches and
llows much larger model grids to be processed. The size of the local
indow can be adjusted to balance the result quality and processing

peed. Theoretical details of the implemented computational methods
4

re explained in Appendix A. d
2. Implementation overview

2.1. State space representation

The system design is based on the concept of a state space model,
which can be written as two equations:

𝐱𝑘 = 𝑘(𝐱𝑘−1,𝜽) + 𝜼𝑘

𝑘 = 𝑘(𝐱𝑘,𝜽) + 𝝐𝑘.
(1)

t describes the evolution of the multi dimensional process state 𝐱𝑘 in
ime, with time index 𝑘. Observation vector 𝐲𝑘 contains all available
bservations at time 𝑘 and depends only on the current state. Both the
volution of the state and the observations contain uncertainties which
re modelled by stochastic components 𝜼 and 𝝐. The other elements
f the equation are explained below and we refer to Appendix A.1 for
ore technical details.

.2. Evolution model

The role of the evolution model  in Eq. (1) is to propagate state
f the system forward in time. DFS currently implements a random
alk model with a drift, i.e. a simple linear model that converges to
n a-priori ‘‘background’’ state over time. The model is given by

𝑘(𝐱|𝝁𝐛, 𝛼) = 𝛼
(

𝐱 − 𝝁𝐛
)

+ 𝝁𝐛, (2)

here 𝝁𝐛 is the background state vector and 0 < 𝛼 ≤ 1 is a dimension-
ess scalar factor controlling the rate of convergence. The background
tate is assumed to be constant for all grid cells and only the back-
round mean value therefore needs to be chosen by the user. Different
odel variables can have different mean values. The use of the drift

owards a mean state is motivated by the fact that events characterized
y Chl-a peaks are often transient in nature and their typical time span
s known from previous monitoring efforts. Thus, the data fusion system
s instructed to return to the average state should no observations be
vailable for a longer time period. The drift can be disabled by setting
= 1, the model is then reduced to 𝑘(𝐱|𝝁𝐛, 𝛼) = 𝐱. In spite of the

pparent simplicity, this model formulation can be used in a wide range
f situations, where the dynamics of the processes cannot be directly
odelled and the target is to augment the missing data spatially and

emporally with realistic uncertainties. Here the actual modelling of
he systems spatial correlations is based on the definition of the model
rror term 𝜼𝑘 in the state-space Eq. (1) and, in the Kalman filtering
ontext, the covariance matrix 𝐐 (see Section 2.4 for information on
ts construction). As such, the forecasting power of the current model
s limited. However, the same formulation can be readily extend to
ore physics based models, for example in the form of a discretized

dvection–diffusion model (see, e.g. Stroud et al., 2010).

.3. Observation model

The role of the observation model  is to describe the relationship
etween measurements in the observation vector 𝐲𝑘 and the state
ector 𝐱𝑘. DFS currently assumes that data in the input data sources
orrespond directly to the modelled variables or, if not, any necessary
ransformations have already been performed as part of the data har-
onization step (see Section 1.1). This leaves the observation model

mplementation rather trivial and the only required functionality is the
patial interpolation of measured values to the model grid for point
bservations (such as the monitoring station observations). Because
ridded observations are already interpolated to the model grid during

ata harmonization, no additional interpolation is necessary.
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Fig. 3. UML class diagram of the main DFS extension points. Brief explanation of the interfaces is given in the main text and in Appendix.
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.4. Representation of uncertainty

In the state space framework, uncertainty is expressed by means of
odel and observation error terms 𝜼𝑘 and 𝝐𝑘. The model error accounts

for the inability of the model to fully describe the real physical system,
due to the lack of knowledge of the underlying governing principles,
mathematical simplifications or errors introduced by numerical rep-
resentation. Because the currently implemented evolution model has
very limited forecasting power, the model error must account for all
spatial and non-spatial uncertainty of the estimate. The Kalman filter
and smoother assumes that errors are Gaussian and error terms 𝜼𝑘 and
𝝐𝑘 are therefore expressed by means of model and observation error
covariance matrices 𝐐𝑘 and 𝐑𝑘, respectively. In the full-rank Kalman
smoother, the covariance matrices are full-rank and are included in
the forecast and analysis step equations directly. In the ensemble
filtering and smoothing context, on the other hand, manipulation of
explicit covariance matrices is avoided and the effect of model error
is implemented by perturbing the ensemble with random realizations
drawn from  (𝟎,𝐐𝑘). In both cases, the covariance matrix 𝐐𝑘 must be
efined, either explicitly or implicitly.

In DFS, the model error covariance is assumed to be isotropic and
an therefore be described as a function of distance 𝐶(ℎ) ∶ R → R
uch that 𝐐𝑖,𝑗 = 𝐶(|𝑖 − 𝑗|). Here the time step index 𝑘 has been
mitted for clarity, although both 𝐐 and 𝐑 can vary in time. Spatial
ariability of a random field is more commonly expressed in terms
f a variogram 2𝛾(ℎ) = Var[𝑋(𝑖) − 𝑋(𝑖 + ℎ)] rather than a covariance
unction; the variogram is related to the covariance function via the
elationship 2𝛾(ℎ) = 𝐶(0) − 𝐶(ℎ). DFS implements several popular
ariogram models including the exponential, Gaussian and spherical
odels (see, e.g. Chiles and Delfiner, 2012; Schabenberger and Gotway,
005, for the equations). A common assumption for sparsely scattered
ata is to assume observation errors to be independent between indi-
idual measurements and this assumption is also used by DFS. This
implifies the analysis scheme significantly because 𝐑 is a diagonal
atrix given by 𝐑 = 𝐈𝝈2T

R . The diagonal elements 𝝈2
R are the observation

ariances, summarized in Section 3.2. It should be noted that the
ssumption of independence can be expected to hold sufficiently well
or data that was collected by different instruments, such as the in-
itu station measurement data, or data from different field campaigns.
he assumption may be problematic for the satellite based data, as it

s likely that errors in the neighbouring cell estimates derived from a
ingle satellite scene are correlated. Correlated observation errors are
iscussed further in Section 4.

.5. Software implementation

The DFS commands have been designed to be easy to modify an
xtend via well-defined software interfaces and protocols, which are
5

resented in Fig. 3. Support for new observation data sources can be
dded by implementing the ‘‘observation source’’ interface. The inter-
ace is responsible both for the download of data and its harmonization
ecause the harmonization procedure is specific to the data source. DFS
mplements interface to the open data service VESLA, which is part
f the Environmental Information System of the Finnish Environment
dministration. The data service contains results of physio-chemical
easurements carried out by regional environment centres as well

s private companies and water protection associations. The data is
ccessed through the Open Data Protocol. Additionally, gridded obser-
ations can be downloaded through the WCS (Web Coverage Service)
nterface and off-line point observation data can be read from CSV files.
ultiple aspects of the data fusion algorithm can be customized as well.
he software library EnDAS offers unified sequential smoothing API
nd several algorithms are implemented by the library. The API is non-
ntrusive (for ensemble methods) and does not require any interaction
ith the dynamic model. Therefore, the evolution model is considered a

‘black box’’ by the data assimilation scheme. DFS provides an interface
or the evolution model to allow customization without the need to
ake changes in the assimilation algorithms. The observation model,
hich defines the relationship between observed values and modelled

ields, can also be replaced by providing new implementation. Lastly,
he model and observation errors are implemented via ‘‘covariance
perator’’ interfaces provided by EnDAS. Covariance operators are
bstract representations of covariance matrices that are typically de-
ined implicitly in a lower-dimensional subspace. This way the usually
rohibitive storage requirements of full-rank matrices are avoided and
nly the effects of the implicit matrices on data are computed.

The data fusion system is implemented in Python and runs on
he Intel Distribution for Python (Intel Corporation, 2021). The Intel
ython Distribution is a high-performance alternative to the reference
ython implementation for computationally-intensive tasks. In addi-
ion, performance-critical parts of DFS for which the overhead of pure
ython would be unacceptable are written using Numba (Lam et al.,
015). Numba is a just-in-time compiler for Python that transparently
enerates C code from the Python source, which is then compiled to ma-
hine code before it is executed. Unlike static compilers such as Cython,
umba does not rely on custom extensions to the Python language
nd infers efficient C code through introspection at runtime. Numer-
cal arrays and linear algebra routines are provided by the NumPy
nd SciPy Python packages, respectively. Both packages are internally
ritten in C and C++ and provide convenient Python interface. The

ntel Distribution for Python comes with optimized NumPy, SciPy and
umba packages. NumPy and SciPy code is linked with the Intel Math
ernel Library (MKL), highly-optimized and scalable implementation of
LAS (Basic Linear Algebra Subprograms) and LAPACK (Linear Algebra
ACkage) routines for multi-core CPUs. The DFS server runs Windows
erver 2016 Standard operating system, although the implementation
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Fig. 4. Typical work-flow in the DFS system.
Fig. 5. DFS data visualization in QGIS 3 allows observations, fusion estimates and their uncertainties to be displayed on the map canvas and on an interactive time-series chart
and to be exported in CSV format.
is portable and can be deployed, with minor modifications, on Unix-like
platforms as well. For the database server, PostgreSQL version 9.5.13 is
used, with the PostGIS spatial extension for handling vector and raster
(gridded) data.

2.6. Processing tools and data visualization

The data fusion tools module consists of a set of stand-alone Python
scripts to execute the full data fusion workflow, consisting of model
domain creation, data import, data fusion calculation as well as result
raster export in specified points of time or as time series in specified
spatial points. Fig. 4 illustrates the usual DFS user workflow. In the
beginning, user defines the model domain as the spatial area (polygon)
for the analysis. User can use a model domain which already exists in
the system or can add a new one to the database. When the model
domain is available in the database, the next step is to run data
harmonization. In data harmonization, the measurement data is read
for the model domain and harmonized, i.e. converted to the internal
coordinate system of the database, adjusted for time and depth, etc.,
and then saved to the database.

After the model domain and the observation data are processed and
saved to the database, the data fusion can be run. When the data fusion
is ready, the results are saved to the database. The data fusion results,
as well as source data, can be viewed in QGIS. The DFS browser plugin
for QGIS provides an easy to use user interface for the selection of the
data from the data base. Also, point wise time series and individual
6

raster maps can be exported with DFS Browser. The access to the
observations, fusion estimates and their uncertainties through the DFS
plug-in in QGIS 3 is handy to the end users. Any of them can be plotted
on map canvas and on an interactive time-series chart for any location
by clicking on the map. In addition, they can be exported in CSV format
for further analysis. The data DFS visualization plug-in for QGIS is
shown in Fig. 5.

3. Case study: Chl-a concentration in the Baltic coastal area

To demonstrate the use of the system, Chl-a concentration in the
Baltic coastal area has been studied over one summer from April 1st till
October 31st, 2011. In-situ observations from observing stations and
measurement systems installed on board commercial ships (ferrybox)
as well as observations derived from satellite-based remote sensing
material were used. Within the modelled period there were 289 daily
observations available from the monitoring stations, 3602 observations
from the ferrybox instruments and 26 satellite images including mil-
lions of observation records. Due to the masking of clouds, the spatial
coverage of the satellite data varied between 10 and 100 %.

3.1. Study area

Approximately 100 km long and 20 km wide stretch of the north-
ern coastline of Gulf of Finland was selected for testing of the data
fusion system. The area spans between the Porkkala peninsula and the
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Fig. 6. Porkkala-Porvoo test area in southern Finland, shown in green. Background
map from the National land survey of Finland.

archipelago of Porvoo, Finland, and includes the Helsinki metropolitan
area. This area is divided into several water bodies for monitoring
and management according to the Water Framework Directive. The
outer water bodies define the border of the data fusion area towards
the central Gulf of Finland. The area is relatively shallow and has
low salinity between 0.2 and 5.8 h at the surface and 0.3–8.5 h
near the bottom. The average water temperature is close to 0 ◦C in
winter. In summer, it is 15–17 ◦C at the surface and 2–3 ◦C at the
bottom. The area can freeze from late November to late April. The
coast is abundant in small bays and skerries, but includes only a few
large bays and peninsulas (such as the Porkkala peninsula). The main
nutrient loading sources are municipalities and agriculture, resulting
in eutrophication and occasional cyanobacteria blooms in July–August.
Water quality in the area is regularly monitored by various methods
and water management and pollution control measures are under way.
The overview of the area is presented in Fig. 6.

3.2. Available data

All available in situ observations of Chl-a were collected from
the study area. These include manual water samples taken at routine
monitoring stations and ferrybox measurements collected under the
Alg@line project (Seppälä et al., 2007). The station sample data is
available via the VESLA data service and accessed by DFS over the
Open Data Protocol. VESLA is a part of the Environmental Information
System of the Finnish Environment Administration (SYKE, 2020) and
includes physio-chemical measurement results of national and regional
monitoring, carried out by regional environment centres, as well as
local statutory monitoring results conducted by private companies and
water protection associations. The Alg@line data, collected on board
the m/s Finnmaid Ro-Ro/passenger ship, includes sensor measurements
of Chl-a fluorescence. These were converted to Chl-a concentration
using water samples taken during the cruise that were analysed in
laboratory. The Alg@line water sampling measurements of Chl-a were
also input to the DFS. Typically, 24 samples are taken on the return
trip from Germany to Helsinki. The in-situ sampling data of the routine
monitoring stations were obtained from the VESLA OData service.

Satellite data with continuous spatial coverage were also avail-
able. We used the data from Medium Resolution Imaging Spectrometer
(MERIS) instrument, that was onboard the ENVISAT satellite and oper-
ational between 2002–2012. Version of the L1B satellite data was 3rd
data reprocessing with MERIS Ground Segment (MEGS) Processor Ver-
sion 8.0. Dataset geolocation was further refined with the AMORGOS
(Accurate MERIS Ortho-Rectified Geo-location Operational Software)
tool, version 3.0. The biophysical parameters, such as Chl-a, were
derived from the L1B dataset using a neural network-based processor
FUB/WeW WATER (Schroeder et al., 2007b,a), available in the SNAP
software.

The individual data sources represent different sections of the water
column. Water samples for Chl-a at the routine monitoring stations
7

were taken as a composite sample from 0m down to two times the
Secchi depth transparency. Secchi depth in the study area usually
varies between 1 and 5m, mainly depending on the distance to land
and river mouths, and on the time of the year. The depth that the
satellite observations represent depends on the concentrations of the
colour-producing substances (typically total suspended matter, Chl-a
and humic substances), and is commonly estimated by the attenuation
depth. About 90% of the back-scattered light from a water column to
the atmosphere comes from the surface layer down to the attenuation
depth. In the southern coast of Finland, attenuation depth is about
50% of the Secchi depth, estimated by the method described in Kallio
et al. (2015). The nominal sampling depth of the Alg@line data is the
depth of the water intake (5m). However, the ship hull mixes the water
before the sample is taken and the Alg@line measurements are thus
considered to represent the layer of 0–5m. We assume in the data fusion
that the water column is fully mixed from surface down to the deepest
depth of the mentioned measurement depths. The observation data is
summarized in Table 1.

In addition to the measured values, DFS also requires information
about uncertainty of the input data to produce correct results. Measure-
ment uncertainty of manual water samples taken at routine monitoring
stations is laboratory-specific and in most cases an estimate is available.
The uncertainty reported by laboratories operating in Finland usually
takes into account both the random and systematic error factor and
is given as a standard deviation or its multiple. In the case of Chl-
a concentration, uncertainty is given as relative standard deviation
and normal distribution is assumed for the measurement error. The
reported uncertainty is stored as metadata in the VESLA database and
can therefore be directly retrieved by DFS. Where not available, the
average uncertainty of water samples collected along the southern
Finnish coast has been used as a default value. Uncertainty of data
derived from satellite images was quantified in an earlier validation
studies conducted in the Finnish coastal waters (Attila et al., 2018)
and is likewise assumed to be Gaussian. Uncertainty of the Alg@line
water samples was obtained from the Marine laboratory of the Finnish
Environment Institute. For the flow-through sensor measurements, the
average uncertainty of continuous buoy measurements conducted in the
years 2013–2014 (Kallio et al., 2015) was used. Measurement errors
used in this work are summarized in Table 2.

In order for the Chl-a concentration to remain positive and to
account for the error heterogeneity (error being proportional to the esti-
mated concentration), data fusion has been carried out using logarithms
of the values and using relative standard deviations as uncertainties.
More details on performing data fusion in logarithmic scale are given
in Appendix A.4.

3.3. Spatial auto-correlation

Statistical variogram analysis was performed on the available MERIS
data for Chl-a. Exponential, Gaussian, Matérn and spherical variogram
models (see, e.g. Chiles and Delfiner, 2012; Schabenberger and Gotway,
2005) were fitted for all days for which data was available between
June and August 2011. The spherical variogram model resulted in
the lowest average fitting error and has been selected to represent
the spatial dependency of Chl-a variance. Typical correlation length
in June and August was approximately 12 km. In July, the correlation
length varied more than in June and August and ranged between 8 and
15 km. July is often characterized by patchy cyanobacterial blooms
and the lower end of the fitted range, i.e. 8 km, was selected to be a
suitable representative value based on expert judgement. Parameters of
the fitted variogram model are summarized in Table 3.
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Table 1
Summary of data used in the data fusion of Porkkala-Porvoo coastal area.

Data type Source Spatial resolution Temporal resolution Depth

Satellite sensor MERIS on board ENVISAT 300 × 300 m Approximately 2 days, only
cloud-free data can be utilized

Depends on water quality, see
text

Ferrybox, sensor
measurement

Alg@line (m/s Finnmaid) Approximately 200 m
(20 s interval)

Measured with three day interval 5 m (nominal), see text

Ferrybox, water
sampling

Alg@line (m/s Finnmaid) Three sampling locations
in the study area

Samples were taken 2–4 times
per month

5 m (nominal), see text

Manual water sampling
at monitoring stations

Statutory monitoring, monitoring by
environmental authorities and cities

Discrete point 1–12 samples between April and
October, depending on station

Composite sample from 0 m down
to two times the Secchi depth
Table 2
Chl-a measurement error of data sources listed in Table 1. The uncertainty is given as
relative standard deviation (RSD) and normal distribution is assumed.

Data source RSD

Satellite sensor 38%
Ferrybox, sensor measurement 20%
Ferrybox, water sampling 15%
Monitoring stations, manual sampling Varying, default 8%

Table 3
Fitted variogram parameters for Chl-a in the Porkkala-Porvoo area during June, July
and August 2011. Spherical variogram model is assumed and the fitting was performed
on logarithmic scale. The number of days for which variograms were fitted is indicated
by 𝑛.

Month Nugget Sill Range 𝑛 Fitting error
(log μg∕l) (log μg∕l) (km) (log μg∕l)

June 5.7 × 10−3 4.3 × 10−2 12.8 4 2.6 × 10−6

July 4.2 × 10−3 2.7 × 10−2 8.0 8 1.2 × 10−6

August 6.2 × 10−3 3.8 × 10−2 12.6 4 7.3 × 10−7

3.4. Other parameters

The cell size of the model grid cell has been set to 100 × 100 metres,
esulting in state space containing approximately 130,000 elements.
he ensemble size has been set to 200 members to represent the
ncertainty in the system and to provide good trade-off between the
uality of the result and execution time. The model error is described
y a spherical variogram function with the non-spatial variance term
et to 0.2 (applied on logarithmic scale) and the correlation length set
o 8 km in July and 12.7 km otherwise. The data assimilation time
indow (i.e. the smoother lag) has been set to 10 days based on expert

udgement. The smoother lag is used by ensemble filters and smoothers
o limit the influence of observations that are too far away in time
rom the analysis. The value of 10 days has been judged large enough
ecause peaks in Chl-a concentrations are typically much shorter. The
nitial state of the system, i.e. its mean and error covariance has been
alculated automatically by the data fusion system. The initial mean is
alculated as the mean over all observations over an interval of 3 days
entred at the starting day of the data fusion run. The initial error is
alculated by taking the 95-percentile of the relative observation error
n each day within the same interval and taking their average. The
arameters used in the data fusion run are summarized in Table 4.

.5. Case study results

Reconstructed Chl-a concentration and its error estimate for a se-
ected day (July 7th, 2011) is shown in Fig. 7. Because of the 10-day
emporal window used, the Chl-a concentration for that day was esti-
ated from MERIS instrument data, the Alg@line ferry data and data

rom measurements stations available between June 28th and July 17th
i.e. within 10 days from July 7th). The Chla-observations derived
rom the MERIS instrument for July 7th, the Alg@line ferry route and
ocations of stations from which data was available within the 10-
ay window are shown in the top section of Fig. 7. The estimated
8

Chl-a concentration is presented in the middle section and the 95%
confidence interval of the estimate is shown in the bottom section of
Fig. 7.

Fig. 7 demonstrates the ability of the system to reconstruct the
Chl-a concentration over the entire model domain in the presence
of relatively large data gaps. The spatial variability and small-scale
variation of the estimated field is well captured, mostly due to the
high-resolution observations from the MERIS instrument. The estimated
confidence interval reflects both the data sparsity and the fact that
errors are assumed to be proportional to the estimated value. Therefore,
the error is largest in areas for which observations are not available for
a prolonged period, but which have high estimated Chl-a concentration.
The high Chl-a concentration may be either an estimate obtained earlier
or an effect of the influence of more distant observations. In the current
simulations, the most severe data gaps are found in the areas near the
shoreline, where no MERIS data coverage was present. These areas are
however very significant from the water quality management perspec-
tive. The confidence interval output can be conveniently presented in
the form of spatial maps which can be used in making decisions on
further data acquisition work.

The estimated daily Chl-a concentrations are also shown in Fig. 8 for
four selected locations and utilizing all observation data (left column)
and a subset only containing the satellite (EO) observations. The four
selected locations are shown in Fig. 7, top. Point 1 is located in the
centre of the archipelago area, point 2 in the open sea area and
points 3 and 4 in the inner archipelago area. Chl-a concentration was
monitored frequently at points 1 and 2 and infrequently at point 3.
Satellite observations were also less frequent in the location of point
3 and were missing at point 4 altogether. Satellite observations were
however available few hundred metres away from point 4. In general,
the confidence interval of the interpolated concentrations was larger
with EO-data only, compared to confidence interval with all data. This
was also the case in the inner archipelago area at points 3 and 4
with infrequent or fully missing satellite observations. We see that the
interpolated concentrations are close to in-situ observations when only
satellite data are available nearby. Further outside of the satellite data
coverage, the estimated concentrations are inaccurate. In 2011, Chl-a
followed seasonal pattern typical in the Gulf of Finland: spring peak
occurring in late April or early May and late summer peaks occurring
in July and August. In spring, phytoplankton is typically dominated
by Dinoflagellates and Diatoms, in late summer by Cyanobacteria.
Timing and intensity of late summer peaks depend on the weather
conditions (low wind speed and high temperature favour Cyanobacteria
accumulations). During the declining phase of Chl-a peak in the begin-
ning of July 2011, there was a period for which satellite observations
were not available, making the estimation of the duration of the peak
somewhat uncertain. Manual samples were available in points 1 and
4 during that time, which assisted the detection of the decline near
the measurement locations. On wider scale, however, manual samples
did not make a significant difference. After July, notable Chl-a peaks
were not observed. Based on the novel multi-source observations at the
northern coast of the Gulf of Finland, spatial and temporal distribution
of Chl-a appeared rather transient and multifaceted. The simulated

system is therefore highly dynamic and is characterized by short and
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Table 4
Data fusion model run parameters.

Parameter Value Description

Grid size 100 m Cell-size for data harmonization and data fusion.
Ensemble size 200 Size of ensemble in EnKS.
Model error (log scale) 0.2 Additive model error term applied to the ensemble at each time step. This corresponds to

the sigma- term of the covariance function.

Correlation length 8 km in July, 12.7 km otherwise See Section 3.3
Smoother lag 10 To limit the influence of future observations over time (value in time steps)
Smoother forgetting factor 0.7 The forgetting factor is used in conjunction with the lag to reduce the influence of future

observations during the smoothing stage.

Covariance inflation 1.02 Slight inflation to compensate for ensemble sampling errors.
Initialization Automatic The initial mean and error covariance is estimated by the data fusion system from

observation data.
often spatially-localized peaks in Chl-a concentrations. The availability
of frequent observations with sufficient spatial coverage is crucial for
properly capturing these events. Calm and warm weather, which is
favourable for phytoplankton growth, is likely to coincide with cloud-
less sky. This allows satellite observations to be obtained and thus aims
estimation of the Chl-a peaks.

The DFS system makes it easy to experiment with various options
for the model setup and to study available observation sources and
the information content they provide for global analysis on the whole
study area. The possibility to fill the gaps in the observations, both
temporal and spatial, makes it easy to produce aggregated water quality
assessments which include estimate of the uncertainty coming from
the interpolation process. Estimation of Chl-a during periods with no
observations could be improved by adding a hydrodynamic ecosystem
model to the DFS.

To assess the sensitivity of the DFS results to observation errors, we
adjusted the observation errors artificially and made simulations with
18% and 58% errors (addition to the default 38%) for EO data, and
with 10% and 30% errors (in addition to the original 20%) for Alg@line
sensor data. The estimates varied by a rather narrow margin and the
sensitivity to observation errors was minor. As an example, the mean
relative Chl-a errors over the period 1–31 July 2011 at point 2 were
25.2%, 28.4% and 30.2% for EO observation errors 18%, 38% and 58%
(the corresponding estimated mean Chl-a concentrations were 4.55
μg/l, 4.87 μg/l and 4.54 μg/l, respectively). For the varying Alg@line
observation errors 10%, 20% and 30%, the mean relative errors for
the same time period and location were 27.9%, 28.4% and 29.1% (the
corresponding mean Chl-a concentrations were 4.76 μg/l, 4.87 μg/l and
4.60 μg/l). It should however be noted that the effect of observation
error in both satellite and Alg@line sensor data is likely underestimated
due to the fact that in both data sets the observations and their
errors are likely correlated (due to their close spatial proximity). These
correlations are currently not handled by the system and may lead to
underestimation of the error as discussed in Section 4. The results of
the sensitivity runs are presented more in detail in Appendix C in the
Auxiliary material.

4. Discussion and conclusion

We have presented an operational system for multi-sensor data
fusion implemented at the Finnish Environment Institute. To test and
evaluate the data fusion capabilities, daily Chl-a concentration has
been modelled for a part of northern shoreline of the Gulf of Finland,
including the Helsinki metropolitan area. The modelling has been
performed for the period between April 1st and October 31st 2011,
utilizing data collected from manual sampling stations, automatic flow-
through measurements collected on-board commercial cruise vessels
and data derived from satellite imagery. The application of the data
fusion system to the monitoring of coastal area in the Gulf of Finland
has shown feasibility and potential of the system for improving water
9

quality monitoring and management.
The implemented data fusion methods allow processing of relatively
large model domains using high-resolution satellite observations. The
use of the exact, full-rank algorithm is limited to approximately 10,000
state variables due to the need to manipulate covariance matrices
explicitly. This is sufficient for many lakes and does not require tuning
of auxiliary parameters of the model. The ensemble-based algorithm,
on the other hand, operates on a reduced-rank representation of the
error covariance and thus requires significantly less computer memory.
In addition, the algorithm is localized and the size of model grid is
therefore only limited by the amount memory needed to store the grid
cells, rather than a covariance matrix. This limit is however seldom met
in practice and for practical applications the limit on the model grid
is given by the time available to run the data fusion. The execution
time of the results presented in Section 3 has been approximately 2 h
using local window size of 3 × 3 cells. Increasing the local window to
5 × 5 cells lowers the execution time to approximately 1 h without
noticeable loss of quality. The data fusion system runs on a dedicated
server machine with Xeon E5-2667 processor (16 physical cores at
3.2 GHz) and 64 GB of RAM.

It is a general challenge in data fusion to obtain model parameters
that give logical and realistic results. This is even more so with the
ensemble-based algorithms that rely on tuning parameters to work
well. The development of DFS has been motivated by the need for
an operational system that streamlines processing of observations and
their spatio-temporal interpolation and that allows for testing and
experimentation with the available data sets. Thus, we have focused
primarily on the implementation of the data fusion framework and
tentative parametrization of the system has been attempted. Rigorous
derivation of the needed parameters has been left out for future work.

The MERIS satellite data used in this work contains significant
gaps and does not cover small bays. Therefore, the data fusion system
cannot currently produce realistic Chl-a estimates in these areas. This
can be improved in the future by using data from the Sentinel-2
Copernicus mission which has much improved spatial coverage. Also,
the spatial resolution of the Sentinel-2 data is 10–20 m, compared to
300 m resolution of the MERIS data. The dynamic model currently
implemented in DFS has no prediction power. The system can however
be easily extended in the future with more sophisticated dynamical
models. An example would be a model that takes known seasonal trends
into account or an advection–diffusion model similar to the one used
in Stroud et al. (2010). Known limitation of the current implementation
is that observation errors are assumed to be independent and are thus
conceptually represented by a diagonal covariance matrix. While this
holds sufficiently well for observations from measurement stations and
buoys, which are farther apart, the assumption may be problematic
for observations derived from satellite data or fluorometer samples. In
both cases, individual observations are close to each other and their
observation errors are likely to be correlated. Treating such observa-
tions as independent leads to underestimation of uncertainty of the
data fusion result due to observation errors partially cancelling each
other out (this can be seen in Fig. 7). It should be noted that the data

fusion algorithm can naturally handle correlated observation errors by
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Fig. 7. Reconstructed Chl-a concentration on July 7th, 2011. The top figure shows the observed Chl-a concentration available from the MERIS data, the Alg@line ferry route and
locations of measurement stations for which data was available between June 28th and July 17th (i.e. within 10 days from July 7th). The reconstructed Chl-a field is shown in
the centre and its uncertainty in the bottom figure as the width of the 95% confidence interval. Time-series from four monitoring points 1–4 are plotted in (Fig. 8). Background
map from the National Land Survey of Finland.
choosing an appropriate observation error covariance. Because of the
high dimension of the state space, the error covariance must however
be expressed as a low-rank approximation of the real covariance and
this has deliberately been left out for future work. Additionally, corre-
lations between multiple sensors can be handled in the same way as
correlations within the same sensor. Because data from one satellite
sensor only has been used in this work, these correlations were also
10
left out for further study. Additional future developments of the system
include the use of co-variate information, such as water temperature, to
improve the accuracy of the results and automatic estimation of model
parameters from available data by the system.

If there is a risk for deterioration of ecological status of coastal
area, precision of the data fusion results is focal for the monitoring
and management of water quality in accordance with the EU Water
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Fig. 8. Reconstructed Chl-a concentration for points 1–4 (see Fig. 7 for locations of the points). (Left) Estimates generated using all available observation data, (right) estimates
using satellite observations only. The best Chl-a concentration estimate (μg/l) is shown with black line, uncertainty is shown in grey as the width of the 66% confidence interval.
Observed values are shown with varying symbols (see the legend) and error bars correspond to one standard deviation.
Framework Directive (EU, 2000). Moreover, environmental permit of
a polluter may be rejected based on the precautionary principle of EU
environmental law (Kriebel et al., 2001). On this account, monitoring
programs need to be optimized, improved and extended to reduce
error variances, confidence limits and the risk of non-compliance with
ecological standards. The data fusion system makes it possible to take
the full advantage of the available data sources to get more complete
estimate of the water quality and ecological status. One possible appli-
cation is ecological classification and management of coastal and inland
waters according to the WFD. It can also be used for environmental
monitoring and permitting of fish farms or any other polluter and to as-
sess the impacts of these activities more precisely than by conventional
methods.

Software availability

Software name: EnDAS
Year of first release: 2019
Operating systems: Windows, Linux, Mac
Programming languages: Python
Availability: https://github.com/martingu11/endas
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License: MIT
Documentation: https://endas.readthedocs.io/en/latest
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Appendix A. Data fusion algorithms

A.1. State space representation

Here we formally define the data assimilation system. Let {𝑋𝑘} be
stochastic process over a set of time steps 𝑘, 0 ≤ 𝑘 ≤ 𝐾 which

represents the dynamical system of interest and the state at time step 𝑘
s denoted as 𝑋𝑘. The process is assumed to have the Markov property,
o that future system states only depend on the history thru the current
tate, i.e. the future is independent of the past given the present. We
urther assume that {𝑋𝑘} is unobservable (i.e. its state is ‘‘hidden’’) but
nother process {𝑌𝑘} exists that is observed and is dependent on {𝑋𝑘}
n some known way. In other words, {𝑋𝑘} is a hidden Markov chain.
he time step 𝑘 = 0 corresponds to the initial system state and we
ill further assume that observations are available at one or more time

teps 𝑘, 1 ≤ 𝑘 ≤ 𝐾. The states of {𝑋𝑘} are numerically represented by a
equence of 𝑛-dimensional vectors of real numbers 𝐱𝑘 ∈ R𝑛. Similarly,
bservations are represented by 𝑟𝑘-dimensional vectors 𝐲𝑘 ∈ R𝑟𝑘 where
𝑘 is the number of observations at time step 𝑘.

Given a mathematical model of the process  ∶ R𝑛 → R𝑛, the
evolution of the system can be described by state space equations

𝐱𝑘 = 𝑘(𝐱𝑘−1,𝜽) + 𝜼𝑘
𝐲𝑘 = 𝑘(𝐱𝑘,𝜽) + 𝝐𝑘.

(3)

The model 𝑘 is often called the evolution or dynamic model and
expresses the relationship between consecutive system states by means
of a model prediction. 𝑘 is called the observation model or observation
operator and is a function 𝑘 ∶ R𝑛 → R𝑟𝑘 that maps the state {𝑋𝑘} to
bservations {𝑌𝑘}. Vector 𝜽 contains auxiliary model parameters, which
ypically do not depend on the time 𝑘. Finally, 𝜼𝑘 and 𝝐𝑘 are additive

terms that account for the model and observation errors, respectively.
Both are assumed to be random, independent from each other and inde-
pendent in time. It should however be noted that although universally
accepted, the assumption of independence is rarely fully true in reality.
Data collected by the same instrument over a period time, for example,
may have correlated errors on subsequent measurements.

The final step in completing the data assimilation scheme is to
combine the evolution model with observations. In a probabilistic
formulation, we aim to estimate the posterior distribution of the state
space conditioned on collected observations: 𝑝(𝐱0∶𝑘|𝐲1∶𝑞), where 𝑘 ≤ 𝑞 ≤
𝐾. Here we use the notation 𝐱𝑎∶𝑏 to denote the sequence of state vectors
𝐱𝑎∶𝑏 = {𝐱𝑎, 𝐱𝑎+1,… , 𝐱𝑏} and 𝐲𝑎∶𝑏 to denote the sequence of observation
vectors defined in an identical fashion. Depending on the choice of 𝑞,
the following data assimilation schemes can be distinguished:

• 𝑝(𝐱0∶𝑘|𝐲1∶𝑘) – We wish to estimate system states up to and includ-
ing the current step 𝑘, using all observations collected so far. This
is an instance of so-called Bayesian filtering

• 𝑝(𝐱0∶𝑘|𝐲1∶𝑘+𝑙) for 𝑙 > 0 – We wish to estimate system states up
to and including the current step 𝑘, using observations up to and
including a future time step 𝑘 + 𝑙. The parameter 𝑙 is called the
lag and the scheme is referred to as fixed-lag Bayesian smoothing

• 𝑝(𝐱0∶𝐾 |𝐲1∶𝐾 ) – We wish to estimate system states over the entire
data assimilation window, using all available observations. This
is called fixed-interval Bayesian smoothing.

For the data fusion applications and dynamical spatio-temporal data
analysis, the main tool is the smoother as it allows to combine all avail-
able information both in time and space. The joint probability densities
mentioned above are usually not practical and the computationally
simpler marginal distributions 𝑝(𝐱𝑘|𝐲1∶𝑞) are used instead. The filtering
posterior distribution 𝑝(𝐱𝑘|𝐲1∶𝑘) can be obtained by applying Bayes’ rule
as
12

𝑝(𝐱𝑘|𝐲1∶𝑘) ∝ 𝑝(𝐲1∶𝑘|𝐱𝑘)𝑝(𝐱𝑘|𝐲1∶𝑘−1), (4) i
where 𝑝(𝐱𝑘|𝐲1∶𝑘−1) is the prior distribution and describes the probabil-
ity of 𝐱𝑘 before the evidence in 𝐲𝑘 is considered. 𝑝(𝐲1∶𝑘|𝐱𝑘) is the
bservation likelihood conditioned on 𝐱𝑘 and therefore contains new
nformation present in observations when contrasted with the current
tate estimate. This is also sometimes called the innovation. From Eq. (4)
e can see that the filtering solution can be obtained as soon as
n observation becomes available, allowing on-line data assimilation.
he assumption of uncorrelated errors and the Markovian property of
𝑋𝑘} allows the posterior smoothing distribution to be calculated as a
roduct

(𝐱0∶𝐾 |𝐲1∶𝐾 ) ∝ 𝑝(𝐱0)
𝐾
∏

𝑘=1
𝑝(𝐲𝑘|𝐱𝑘)𝑝(𝐱𝑘|𝐱𝑘−1), (5)

here 𝑝(𝐱0) is the distribution assigned to the initial state. As with
he filtering solution, the smoothing solution for a given time step 𝑘,
(𝐱𝑘|𝐲1∶𝐾 ), can be obtained by marginalization of (5). This is often
esired because it avoids re-computation of the entire joint posterior
istribution of 𝐱0∶𝐾 every time new observations are obtained. Fur-
hermore, the fixed-lag scheme relies on the marginalized solutions to
pdate state estimates for the last 𝑙 steps so that the resulting data
ssimilation can still be considered on-line but with a fixed delay.

.2. Kalman filter and smoother

The large dimension of state spaces encountered in geosciences
sually prevents direct manipulation of the probability density func-
ions in Eqs. (4) and (5) and we resort to approximations. The Kalman
ilter (KF, Kalman (1960)) is a popular and often used approach that
fficiently solves the filtering and smoothing problems for linear dy-
amical systems. The prior and posterior distributions are approximated
y Gaussians, which can be fully described by the first two statistical
oments—the mean and covariance. The model and observation errors

n Eq. (3) are thus assumed to be normally distributed:

𝑘 ∼  (𝟎,𝐐𝑘) and 𝝐𝑘 ∼  (𝟎,𝐑𝑘), (6)

here 𝐐𝑘 and 𝐑𝑘 are the model and observation error covariance
atrices, respectively. The posterior density given by Eq. (5) then

ecomes a product of Gaussians and is therefore also Gaussian. The
arginal filtering and smoothing posterior distributions at a time step

, 𝑝(𝐱𝑘|𝐲1∶𝑘) and 𝑝(𝐱𝑘|𝐲1∶𝐾 ), are then characterized by covariance ma-
rices 𝐏𝑘|1∶𝑘 and 𝐏𝑘|1∶𝐾 , respectively. The subscript notation 𝑘|1∶𝑞 is
nalogous to the notation used in Eqs. (4) and (5) and denotes the error
ovariance at time 𝑘 so that information from observations up to and
ncluding the time step 𝑞 has been incorporated.

Kalman filter is a sequential filtering algorithm for state estimation
hat consists of two alternating steps. First, the state vector 𝐱𝑘−1 and the
orresponding error covariance matrix 𝐏𝑘−1|1∶𝑘−1 is propagated from
ime step 𝑘 − 1 to 𝑘 by application of the dynamic model. This is
alled the forecast step. The forecast step is followed by assimilation of
bservations called the update or analysis step. When observations are
ntroduced, the state estimate is corrected and the posterior covariance
s reduced. For actual Kalman filter equations, we refer the reader
o existing literature such as Evensen (2009) or Asch et al. (2016).
alman smoother is a direct extension of the Kalman filter and several

ormulations exist. The most direct approach is to ‘‘augment’’ the
tate vector of the filter at any given time step with state variables
rom previous time steps, effectively implementing a fixed-lag Kalman
moother. Alternatively, fixed lag Kalman smoother can be formulated
ithout the need to increase the size of the state vectors through

etrospective updates (Cohn et al., 1995). In this approach, the state
ectors 𝐱𝑗 at 𝑘 − 𝑙 ≤ 𝑗 < 𝑘 are updated after the assimilation of
bservations into 𝐱𝑘 at time 𝑡𝑘. Another well known approach is to
irst compute the Kalman filter solutions for all 𝑘 = {1,… , 𝐾} and then
roceed with a backward updating pass for 𝑘 = {𝐾 − 1,… , 0} in which

nformation from observations used to correct state estimates at earlier
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time steps. The forward–backward technique is known as the Rauch–
Tung–Striebel smoother (Rauch et al., 1965). Its advantage is that each
state vector is only updated twice and a fixed-interval solution over the
entire window 𝑘 = 0…𝐾 is obtained. However, the potentially very
arge covariance matrices 𝐏𝑘−1|1∶𝑘−1 must be stored for all time steps

during the filtering pass. This may be prohibitively expensive in terms
of storage, even if the matrices are written to disk storage until they
are needed again.

Kalman filter and smoother can be shown to be an optimal unbiased
estimator of the posterior distributions if the system is linear and errors
are Gaussian. Real processes are however seldom linear and non-linear
generalizations, such as the extended Kalman filter (EKF) and Un-
scented Kalman filter (UKF, Julier et al. (1995)), have been developed.
EKF relies on linearization of the dynamic and observation models
𝑘(𝑥) and 𝑘(𝑥) through first-order Taylor series expansion around
𝑥. UKF, on the other hand, aims to directly approximate the posterior
distribution rather than approximating the process and observation
models. The approximation is computed purely through evaluations of
𝑘(𝑥) and 𝑘(𝑥), model linearizations are therefore not necessary.

Creation of the linearized models, and their adjoints, required by
EKF is a formidable task for complex models even with the help
of automatic code differentiation tools. Another, more fundamental
drawback is the need to manipulate full-rank covariance matrices (or
sigma vectors in UKF) during the forecast and update steps. This makes
Kalman filters, including EKF and UKF, unpractical for larger spatial
domains such as those often encountered in geosciences where the size
of the state vector may be 𝑛 ≫ 105. This has lead to the development
f reduced methods for data assimilation.

.3. Ensemble formulation

To overcome the large computational requirements of Kalman fil-
ers, an alternative Monte Carlo approach called ensemble Kalman
ilter (EnKF) has been proposed by Evensen (1994). Instead of a single
equence system states 𝐱𝑘 and covariances 𝐏 for 𝑘 = 0, 1,… , 𝐾, EnKF
ses a collection or ensemble of states to approximate the prior and
osterior distributions. The size of the ensemble is typically much
maller than the size of the state space, allowing ensemble Kalman
ilters to be used on very large systems.

Let the ensemble be defined by an 𝑛 ×𝑁 matrix

𝑘 =
[

𝐱(1)𝑘 , 𝐱(2)𝑘 ,… , 𝐱(𝑁)
𝑘

]

, (7)

here 𝑁 is the size of the ensemble and 𝐱(1) … 𝐱(𝑁) are the individual
state vectors. We can then define a matrix of ensemble perturbations

𝐄′
𝑘 = 1

√

𝑁 − 1

(

𝐄𝑘 − 𝐄𝑘

)

, (8)

here 𝐄𝑘 = 𝐄𝑘𝟏𝑁 is a matrix holding the ensemble mean in each
olumn and 𝟏𝑁 is 𝑁 × 𝑁 matrix with each coefficient equal to 1∕𝑁 .
he normalization factor 1∕

√

(𝑁−1) is chosen so that the full-rank error
covariance 𝐏𝑘 is replaced by sample covariance �̂�𝑘 = 𝐄′

𝑘𝐄
′T
𝑘 . It should

be noted that just like 𝐏𝑘, �̂�𝑘 is a 𝑛× 𝑛 matrix and can therefore not be
ncluded in the filtering and smoothing equations explicitly. Instead,
he product 𝐄𝑘𝐄′T

𝑘 is used directly and equations are rearranged so that
he full matrix does not need to be computed.

The use of a finite and usually small (𝑚 ≪ 𝑛) ensemble to represent
the covariance matrix 𝐏 comes with some drawbacks. The small sample
size introduces errors into the estimated covariance, leading to non-
zero correlations between state variables that in reality are physically
unrelated. Because of these additional, spurious correlations, state vari-
ables that would normally be unaffected are corrected during the
update step and their uncertainty therefore decreases. As a result, the
state error covariance may become strongly underestimated over time,
causing the filter to become overconfident about the model predictions.
13

Observations become irrelevant and the filter generally diverges from e
the real system state. Filter divergence due to the underestimation of
error covariance is a problem common to all ensemble Kalman filters
and approaches such as covariance inflation and localization, have been
developed to circumvent these issues. It is thanks to these practical
‘‘fixes’’ that ensemble Kalman filters have become very popular and suc-
cessful tools for data assimilation. Covariance inflation and localization
techniques implemented in DFS are described further in Appendix B.3.

A.4. Logarithmic scale

In the state space model presented in Section 1.2 the terms 𝜼𝑘 and
𝝐𝑘 represent absolute model and observation errors. In many situations,
however, it is desirable to model the errors as relative and hence
proportional to the measured or estimated value. A convenient way to
achieve this is to perform data fusion in a transformed space

𝑍𝑘 = log
(

𝑋𝑘
)

(9)

and assimilate observations of log
(

𝑌𝑘
)

instead. Consequently, 𝑍 is
normally distributed as 𝑍 ∼ 

(

𝜇𝑍 , 𝜎2𝑍
)

and 𝑋 becomes log-normally
distributed according to 𝑋 ∼ log

(

𝜇𝑋 , 𝜎2𝑋
)

with the transformed
mean and variance given by

𝜇𝑍 = log

⎛

⎜

⎜

⎜

⎝

𝜇2
𝑋

√

𝜇2
𝑋 + 𝜎2𝑋

⎞

⎟

⎟

⎟

⎠

𝜎2𝑍 = log

(

1 +
𝜎2𝑋
𝜇2
𝑋

)

.

(10)

n the equations above, the time indices 𝑘 have been dropped to
implify the notation. Given the transformation above, the final point
stimate 𝐱𝑘 can be obtained as

𝑘 = 𝜇𝑋 = exp

(

𝜇𝑍 +
𝜎2𝑍
2

)

. (11)

ppendix B. Implementation

.1. Implemented Kalman smoothers

Because not all model grids need to be very large, DFS imple-
ents both the exact, full-rank Kalman smoother and an ensemble

ased Kalman smoother. The full-rank Kalman smoother is presented
n Appendix A.2 and will not be described further. The ensemble
alman smoother variant implemented in DFS is the Error Subspace
ransform Kalman Filter (ESTKF) proposed in Nerger et al. (2012) and

ts smoother extension, (ESTKS, Nerger et al. (2014)). ESTKF belongs to
he square root family of Kalman Filters that does not rely on random
erturbations in the analysis step. Unlike traditional EnKF, ensemble-
ransform Kalman filters perform all algebra in a smaller space of the
erturbations spanned by th ensemble members. The update scheme
f ESTKF is very similar to that of the popular Ensemble Transform
alman Filter (Bishop et al., 2001) but at a slightly lower computational
ost.

.2. Sampling strategy for EnKS

The Monte-Carlo approach of EnKS relies on random perturbations
′ ∈ R𝑛×𝑁 drawn from  (𝟎,𝐐𝑘) to implement the error term 𝜼𝑘.
ne approach to generate the perturbations is to compute the square

oot of 𝐐𝑘, via Cholesky decomposition, and multiply it by a vector
f independent random samples drawn from  (𝟎, 𝐈). This method is
xact but computationally infeasible for large model grids due to the
igh computational cost of the Cholesky factorization. More efficient
pproach is to perform the sampling in Fourier space using the circulant

mbedding method (Wood and Chan, 1994), which is implemented in
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b

DFS. It should be noted that the circulant embedding method requires
the sampled grid to be regular (and dense), samples are therefore
generated also for cells that are outside of the model boundary and
not included in the model grid. These samples are currently discarded,
which is inefficient if the model grid is very sparse. To remedy this, the
block variant of the circulant embedding method (Park and Tretyakov,
2015) could be used to minimize the amount of discarded samples.

Because the size of the ensemble is typically much smaller than the
size of the state space, effort has to be made to avoid unnecessary noise
in the ensemble which can lead to unwanted correlations between state
variables. The common technique for reducing the ensemble sampling
noise is covariance localization, described in Appendix A.3. In DFS,
however, the model error perturbations can also be a major source of
noise because they are likely to dominate the system evolution, given
the simplistic evolution model. The easiest way to improve the quality
of the ensemble is to increase the its size. However, doing so leads to
increased storage and computational cost of the data fusion algorithm,
making large ensembles unpractical. Better approach is to keep the
size of the ensemble fixed and aim to maximize its rank instead. One
simple approach, based on the idea introduced in Pham (2001), can
be implemented as follows: We first generate a larger, ‘‘augmented’’
ensemble of perturbations �̂�′ ∈ R𝑛×𝜔𝑁 sampled from  (𝟎,𝐐𝑘) using
the circulant embedding method. The size of the ensemble is 𝜔𝑁 , with
𝜔 > 1 being the ‘‘oversampling ratio’’. We compute the singular value
decomposition

�̂�′ = 𝐔𝚺𝐕T

and obtain the final ensemble 𝐀′ by sampling along the 𝑁 largest
eigenvalues

𝐀′ = 𝐔𝚺1∶𝑁𝚯T.

Here 𝚺1∶𝑁 contains the first 𝑁 eigenvalues of 𝚺, multiplied by
√

𝑁∕(𝜔𝑁), and 𝚯 ∈ R𝑁×𝑁 is a random orthogonal matrix. It should
e noted that the augmented ensemble �̂�′ and the singular value

decomposition only need to be computed once. After that, only the
random matrix 𝚯 needs to be computed to obtain the new sample
𝐀′. The effect of the improved sampling scheme can be evaluated by
looking at the singular values of the generated samples, as compared
to those of the original sample. Fig. 9 demonstrates the improvement
in the conditioning of the ensemble (by means of the ratio between the
largest and smallest singular value) for a hypothetical model grid of
size 300 × 300 cells and the spherical covariance function with a range
of 30 cells. In this example, the oversampling ratio 𝜔 = 4 provides a
good compromise between improvement in quality and computational
cost. Beyond 𝜔 = 6, the improvement is minimal.

B.3. Covariance inflation and localization

Covariance inflation and localization are two techniques that are
often used to stabilize ensemble Kalman filters, i.e. to avoid filter diver-
gence due to overconfidence in the filter’s performance. The purpose of
covariance inflation is to account for underestimation of the true error
covariance 𝐏 by �̂� due to the limited size of the ensemble. While the
forced inflation of the covariance does not have strong foundation in
theory, it is nevertheless practical and easy to implement. To inflate
the covariance �̂�, matrix of ensemble anomalies 𝐄′ from Eq. (8) is
multiplied by a factor slightly larger than one. The factor may be a
constant scalar value or may vary in time and space. Because of the
ad-hoc nature of covariance inflation, the inflation is typically tuned
for specific data assimilation problems by means of trial and error.
However, methods that aim to estimate optimal inflation factors have
also been proposed in Raanes et al. (2019), Miyoshi (2011) and Evensen
(2009), to name a few. The approach suggested by Evensen (Section
15.3 2009) applies EnKF update equations directly to an auxiliary
state to estimate the inflation factor. It has been tested with DFS but
14

has not yielded consistent improvements and DFS therefore uses a
Fig. 9. Singular values of ensemble perturbations generated using the maximum-rank
scheme. The singular value of the original ensemble are shown by think black line,
dashed lines show singular values for 𝜔 ∈ {2, 3, 4, 8 and 10}. The singular values are
normalized to the largest singular value.

Fig. 10. Domain-localized update on a two-dimensional grid. One local analysis
domain, 3 × 3 cells in size, is outlined in black and the locations of nearby observations
are shown by green circles. Four observations are within the distance limit ℎ𝑚𝑎𝑥 and will
be used for correcting the local state estimate. Cells whose state variables participate in
the update are shown with dark shading. This also includes a one-cell padding around
the local domain.

constant inflation factor with a default value 1.02. Moreover, the use
of covariance localization typically reduces the need for inflation and
its extensive tuning.

Covariance localization aims to improve the estimated covariance �̂�
by suppressing unwanted correlations, i.e. those that are assumed to be
the product of the sampling error. In EnKS variants that operate in the
state space, the localization effect can be achieved by regularizing the
(implicit) covariance matrix �̂� through manipulation of the ensemble
anomalies. However, ESTKS operates in the ensemble subspace and the
direct regularization approach is not feasible. Instead, localized analysis
is achieved by dividing the state vector into subsets called local analysis
domains. Assimilation of observations is then carried for each local
analysis domain separately, utilizing only observations within certain
distance ℎ𝑚𝑎𝑥 from the domain. The distance of an observation from the
local domain can also be used to reduce its influence so that far away
observations contribute less to the local analysis solution. To do that,
the observation uncertainty 𝝈2

R from Section 2.4 is additionally tapered
by the covariance function 𝐶(ℎ) and becomes

𝜎2 = 𝜎2
[

𝐶(ℎ𝑖)
]−1

(12)
R,𝑖 R,𝑖 𝐶(0)



Environmental Modelling and Software 155 (2022) 105465M. Gunia et al.
Fig. 11. Estimated Chl-a concentration in July for Point 2 with Alg@line observation error 10% (left), 20% (middle) and 30% (right). See Fig. 7 for location of the point.
Fig. 12. Estimated Chl-a concentration in July for points 1–4 with satellite (EO) observation error 18% (left column), 38% (middle column) and 58% (right column). See Fig. 7
for locations of the points.
where ℎ𝑖 is the distance of the 𝑖th observation from the local domain
and 𝑖 runs over all observations in the local domain. The cutting
distance ℎ is chosen so that 𝐶(ℎ )∕𝐶(0) is sufficiently small.
15

𝑚𝑎𝑥 𝑚𝑎𝑥
At minimum, each local domain may comprise of a single grid cell.
The domains may however be larger for performance reasons and DFS
uses square blocks of 𝑟 × 𝑟 grid cells for the local analysis, where
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Table 5
Mean Chl-a concentration (μg/l) and the corresponding mean error (μg/l) in July for
elected observation errors. See Fig. 7 for locations of the four points.
Location Observation

error
Mean Chl-a
(μg/l)

Mean error
(μg/l)

Mean of daily
relative errors
(%) (computed
from daily
estimates)

EO 18% 5.48 1.62 33.4

Point 1 EO 38% 5.69 1.96 39.0
EO 58% 5.50 2.12 41.7

EO 18% 4.53 1.05 25.2

Point 2 EO 38% 4.87 1.32 28.4
EO 58% 4.54 1.30 30.2

EO 18% 12.8 8.23 58.1

Point 3 EO 38% 11.8 7.79 64.7
EO 58% 11.5 7.51 66.0

EO 18% 12.18 4.56 40.0

Point 4 EO 38% 10.98 4.38 45.4
EO 58% 10.76 4.68 47.9

Alg@line 10% 4.76 1.24 27.9

Point 2 Alg@line 20% 4.87 1.32 28.4
Alg@line 30% 4.60 1.25 29.1

𝑟 is a tuning parameter that balances execution speed and quality.
The default block size is 𝑟 = 3 and local domains are also enlarged
(padded) so that adjacent domains partly overlap. The overlap is used
to smoothly blend ensembles from local domains back into the global
ensemble to eliminate visible boundaries. The principle of local analysis
in DFS is shown in Fig. 10.

B.4. Generation of initial ensemble

The data fusion system can estimate the initial state (the state
vector mean and the covariance matrix) from available observations.
A commonly approach used in data assimilation is to sample the initial
ensemble from a long model run while maximizing the rank of the en-
semble (Pham, 2001). This approach is however not currently feasible
in DFS due to the trivial nature of the evolution model. Therefore,
DFS attempts to estimate the initial state mean and variance from
available observations by collecting available observations over a short
interval 𝑇 = [𝑡−𝑁 , 𝑡𝑁 ], where 𝑁 = min(𝑙∕3, 3) and 𝑙 is the smoother lag
r temporal auto-correlation length. This choice is made so that only
bservations that are believed to be reasonably close to the initial state,
ut at minimum ±3 days are used. The initial state vector is then set
o the arithmetic mean of the collected observation values, per model
ariable. Because the observational data is likely to be distributed
nevenly in space, the background error is first calculated as the 95%-
ercentile of relative observation standard deviation of data points for
ach day in 𝑇 . The daily errors are then averaged to yield the final
nitial state error standard deviation 𝝈𝑥0 . Finally, the covariance matrix
0 needed for EKF is constructed analogously to the construction of the
odel error covariance matrix 𝐐 described in Section 2.4.

ppendix C. Observation error sensitivity

To assess the sensitivity of the data fusion estimates to the uncer-
ainty in the observed data, the observation error has been artificially
djusted and additional data fusion simulations were run over the
eriod of 1–31 July, 2011. The mean Chl-a concentration and the
orresponding error of the data fusion runs has been recorded. The
ensitivity runs were made with 18% and 58% relative error for the
atellite (EO) data, and 10% and 30% relative error for the Alg@line
ata, in addition to the default observation errors used (38% for EO
16

nd 20% for Alg@line data). The mean Chl-a concentration and the
orresponding mean errors for points 1–4 (see Fig. 7 for locations of
he points) are shown in Table 5. The estimated Chl-a time series are
lso shown in Fig. 11 for the varying EO observation error and Fig. 12
or the varying Alg@line error.

The effect of varying observation errors on data fusion uncertainty
s rather minor for both the satellite and Alg@line observations. The
eason for this is the high number of observations available in both data
ets that are in the vicinity of analysed points. Due to the assumption
f error independence, the observation errors cancel each other out,
eading to a seemingly precise estimate. The errors between Chl-a
erived from individual satellite pixels and obtained from subsequent
luorometer samples are however likely to be correlated.
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