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Abstract. The Parallel Data Assimilation Framework (PDAF) is a widely used open-source software for data assimilation
(DA) with complex, high-dimensional Earth system models and other applications for research and operational use. PDAF is
structured to provide a framework for ensemble integrations and to assimilate observations. For the DA, it provides ensem-
ble Kalman filters and smoothers, nonlinear ensemble DA methods, and 3D variational methods. PDAF’s observation module
interface (PDAF-OMI) further provides a system for structured observation handling, enabling the management of large num-
bers of different observation types. With the recent upgrade to version 3, PDAF underwent significant code modernization and
functionality enhancements to unify more than 20 years of developments since its first release. This study provides a com-
prehensive overview of PDAF’s functionality and concepts, including the new features introduced with the major revision.
These are, in particular, a new universal interface that allows for the application of any ensemble filter and smoother method,
or any 3D variational method, without changes to the source code. Further, a class of ensemble Kalman filters that processes
observations serially, new diagnostics for the ensemble and observations, model-independent support for incremental analysis
updating (IAU), and an explicit mode for file-based offline coupling between the model and the DA were added in the major
revision. PDAF can apply the same DA methods to idealized toy models as well as realistic high-dimensional models without
recoding. This speeds up the development and testing of new DA methods. The implementation of a DA system with PDAF is
performed utilizing a set of template files. These allow for the implementation in a very limited time, supported by extensive
documentation, as is demonstrated by an example implementation with a toy model. For high-dimensional applications, PDAF
allows developers to start the implementation of a new DA system with low complexity and to extend its functionality stepwise,
enabling an easy start with DA. Couplings to more than 30 models have been implemented by the PDAF developers and the
user community and many of them are publicly available. Further, PDAF’s internal interface to DA methods provides a clear
approach to add new algorithms that can leverage PDAF’s framework functionality for observations, localization, and state

vector handling. This allows developers of DA methods to make their methods available to the PDAF community.
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1 Introduction

Data assimilation (DA) is applied to combine observations with numerical models. This combination is computed taking
the errors, as well as error correlations of both the observations and model into account. DA is commonly used to estimate
model fields for initializing a model forecast, e.g., for forecasting the atmosphere or ocean (see, e.g., Valmassoi et al., 2023;
Drevillon et al., 2025). Another common application is the estimation of the model state over longer periods, which yields so-
called reanalysis (e.g., Hersbach et al., 2020; Baatz et al., 2021; Storto et al., 2019). Reanalyses products are usually provided
operationally (for the ocean, see e.g., Cirano et al., 2025). Further applications are the estimation of model process parameters,
e.g., for ocean-biogeochemical or hydrological modeling (e.g., Mamnun et al., 2025; Zhao et al., 2025), assessing model errors
(Zupanski and Zupanski, 2006), and identifying observations which are relevant in improving a model state, which can help
to design observation campaigns (e.g., Bishop et al., 2001). While DA is often applied in environmental sciences, it is also
applied in engineering (e.g., Ben Ali et al., 2022; Hong et al., 2025; Bakhshaei et al., 2025). In general, DA can be applied in
all cases where observations over time and a corresponding numerical model are available. Here, the observations do not need
to be model variables as long as one can define a function, i.e., the observation operator, that computes a model equivalent to
the observations from the model variables. These features of DA offer a wide range of applications.

The DA research community has introduced numerous DA methods over the past three decades. These methods rely gen-
erally on either statistical estimation, i.e., estimating the probability distribution of the model fields or parameters, or on
optimization methods, which minimize the misfit between observations and model, utilizing the uncertainties of both to weight
their influence. Commonly used estimation methods are ensemble-based Kalman filters (EnKFs), of which many different vari-
ants exist (see, e.g., Vetra-Carvalho et al., 2018), and sometimes related smoothers. For optimization methods, 3-dimensional
variational (3D-Var, optimizing sequentially in time) and 4-dimensional variational (4D-Var, optimizing over a time window)
optimization are commonly used (see, e.g., Bannister, 2017). To advance variational methods, hybrid approaches combining
them with ensembles have also been developed. Nonlinear ensemble DA methods are expected to improve the DA prediction
skill, compared to methods assuming Gaussian error distributions like EnKFs. The nonlinear methods are typically particle
filters utilizing resampling or explicit transformations of ensemble states (see, e.g., van Leeuwen et al., 2019). More recent
developments in nonlinear DA methods are based on iterative flows or transports (e.g., Pulido and van Leeuwen, 2019; Hu and
van Leeuwen, 2021). Overall, there is a large number of algorithms from which one can choose to apply data assimilation, and
there is, so far, no consensus in the research community on whether optimization-based or statistical DA is preferable. EnKFs
appear to be particularly easy to use because the covariance matrix representing the uncertainties is generated by the ensemble,
so no additional empirical operators are required. However, these methods require large compute resources due to the need to
integrate an ensemble of typically between 20 and 250 model states. Furthermore, these methods require tuning DA parameters
for optimal performance. For variational DA methods without ensembles, complex covariance operators have to be developed
that represent uncertainties and the cross-covariance between different model variables (e.g., Weaver et al., 2016; Mirouze
et al., 2016), and much of the development work is focused on this aspect. When using ensembles in variational DA, aspects

of ensemble integration, localization, and tuning appear as for EnKFs, with the additional aspect of possible preconditioning
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to ensure a good convergence rate of the solver algorithm computing the optimization. Due to such difficulties across different
classes of DA methods, most users focus on a single class, and, in general, there is little transition between the two algorithmic
classes.

The implementation of a pure DA algorithm like the original Ensemble Kalman filter (Evensen, 1994; Burgers et al., 1998)
can usually be accomplished with a few lines of code (e.g., 12 lines in Algorithm 4 in the Appendix of Vetra-Carvalho et al.,
2018). However, implementing DA with realistic models comes with a certain complexity: one needs to combine the different
(typically spatially resolved) model fields that should be included in the DA process into a single one-dimensional state vector.
One also needs to process the different types of observations that one intends to assimilate. Thus, one needs to read observation
information, store their values, coordinates, and uncertainties, and implement the observation operator that computes the model
equivalent to an observation. Since many of the DA methods utilize so-called ‘localization’, a distance-based tapering of
covariances or weighting of observations, one also needs to implement the computation of distances between locations on the
model grid and locations of observations. The state vector (or an ensemble of state vectors) and the observations, their respective
coordinates, and observation operators are then used in the actual DA algorithm. For variational DA without ensembles, the
covariance operators must also be developed and implemented. Apart from these operations, the actual DA algorithm has to
be implemented. For high-dimensional cases, one needs to implement the DA method and the operations on the state vector
and observations with parallelization, as otherwise the computations will be too slow or the computer’s memory might be
insufficient. Given that for complex models. e.g. simulating the ocean or atmosphere, the number of model grid points can be
of O(10°) and orders of magnitude larger, and the number of assimilated observation can also be of O(10°) and beyond, an
efficient workflow has to be developed for all the operations mentioned before.

To couple the DA code with the model, the general possibilities are 1) to keep the DA and model programs separate and
to utilize restart files of the model to exchange information between both programs or 2) to integrate the DA code with the
model so that data between the model and DA code are exchanged in memory (for example by using pointers to model field
arrays, copying between model fields and DA state vectors, or using parallel communication). We refer to the use of separate
programs as ‘offline coupling’, while the integration of DA code with the model is referred to as ‘online coupling’. Offline
coupling appears to be easier to implement than online coupling because one does not need to modify the model’s source code.
However, offline coupling still requires model-specific functionality in the DA code to read model restart files and subsequently
handle model field data for use in the data assimilation algorithm. Online coupling avoids the need to write and read restart
files and model restarts at the frequency of the observation intervals and is hence computationally more efficient. However, one
needs to modify the model source code, but, with a good strategy, these changes can be very limited, as discussed in Nerger
et al. (2005a).

The operations described before have often been implemented specifically for the selected model (e.g., Zhang et al., 2006;
Moore et al., 2011; Barker et al., 2012; Eicker et al., 2014) or a specific selection of models (e.g., Buehner et al., 2025).
While this allows developers to account for model specifics, they need to develop their own data-handling workflows and
implement their own functionality, including parallelization. Also, such code cannot easily take up new developments from the

DA community, because they need to be (re)coded in the particular system. To circumvent the requirement of implementing the
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DA as part of a specific model, different model-agnostic open-source frameworks for DA have been developed. Widely used
open-source frameworks are the DA Research Testbed (DART Anderson et al., 2009) and the Parallel DA Framework (PDAF,
Nerger et al., 2005b; Nerger and Hiller, 2013). Another open-source software with a longer development history is EnKF-c
(Sakov, 2014), while the Joint Effort for DA Integration (JEDI, e.g., Liu et al., 2022) is a newer development. Instead of an
independent DA software, Sun et al. (2021) integrated data assimilation functionality into a model coupling software, while
Friedemann and Raffin (2022) combined PDAF with a separate ensemble framework with the aim of improving the parallel
performance of the ensemble integration. These systems are all implemented using a compiled programming language (Fortran,
C, or C++) to obtain optimal compute performance. More recently, Python was used to implement the framework NEDAS
(NERSC ensemble data assimilation system, Ying, 2025). While all these systems aim to perform data assimilation across
different models and applications, they differ in their software design, targeted application types and sizes, and functionality.
Nonetheless, the design of the systems is based on the experience of the DA researchers developing them.

Here, we provide an overview of PDAF with a focus on the features of the revision 3.1 (Nerger, 2025). PDAF revision 3.0
introduced a new universal interface and additional DA methods and functionality, while revision 3.1 refined some interface
functions and added functionality. We will in short write PDAF3 to refer to the new features of these revisions. While aspects
of PDAF have been discussed in some earlier publications, e.g. Nerger et al. (2020) discussing the use of PDAF for coupled
DA, or Chen et al. (2025) in the context of the pyPDAF software that allows the use of PDAF by implementing all case-
specific code in Python, the changes introduced with PDAF3 have not yet been published. Thus, this work is intended to
provide a comprehensive overview of the structure and features of PDAF to be useful for researchers who might consider
using PDAF for their application, or DA software developers to obtain an overview of how PDAF, as a generic framework
for high-dimensional DA applications, is structured. The paper is organized as follows. Section 2 provides a general overview
of the PDAF history, use, and structure of PDAF. The components of PDAF are described in Sec. 3. Section 4 discusses an
application example demonstrating a code structure that follows the implementation of PDAF with complex model, while Sec.

5 concludes the study.

2 General concept and structure of PDAF

PDAF was originally developed to compare different DA methods, in particular ensemble-based Kalman filters (Nerger et al.,
2005a). Such a comparison remains relevant today when developing new DA methods, as it requires applying these methods
under identical conditions. PDAF was initially used in the context of oceanography, with initial applications to a finite element
ocean model with unstructured grids (Nerger et al., 2006, 2007). These applications motivated PDAF to flexibly accommodate
arbitrary model grids. PDAF was open-source since its initial code release v1.0 in 2004, and its concepts were described
in Nerger et al. (2005b). To obtain an optimal compute performance a direct coupling between the models and the PDAF
code was used, where the complexity of ocean models motivated a coupling strategy that avoids major changes in the model
code (Nerger et al., 2005b). These original design concepts are still followed in PDAF3. Significant enhancements over time

were the addition of further advanced ensemble-based Kalman filters, ensemble smoother, nonlinear particle filters, and hybrid
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nonlinear-Kalman filters. Further, support for the file-based offline-coupling of model and PDAF, and structured observation
handling (the PDAF Observation Module Interface, OMI) were introduced. With PDAF v2.0, 3-dimensional variational and
ensemble-variational DA methods were added. While these enhancements have been used in many studies, most have not been
explicitly published. PDAF3, discussed here, is a major upgrade in which the complete code base of PDAF was modernized
and reconciled to better combine the components that were added since the initial release.

PDAF has been applied in a wide range of application areas including the ocean physics (e.g. Losa et al., 2014; Androsov
et al., 2019), marine biogeochemistry (e.g. Nerger and Gregg, 2007; Pradhan et al., 2020), sea ice (e.g. Yang et al., 2015),
atmosphere (e.g. Pardini et al., 2020; Corbin and Kusche, 2022; Shao and Nerger, 2024), air quality (Li et al., 2024), hydrology
(e.g. Gerdener et al., 2023; Tang et al., 2024), glaciology (e.g. Cook et al., 2023; Gillet-Chaulet, 2020), solid Earth (e.g.
Fournier et al., 2013; Sanchez et al., 2020; Schachtschneider et al., 2022), climate prediction (e.g. Brune et al., 2015; Polkova
et al., 2019; Diisterhus and Brune, 2024), paleo climate (e.g. Masoum et al., 2024), and the exploration of coupled DA (e.g.
Goodliff et al., 2019; Tang et al., 2020). Next to research applications, PDAF is used operationally for ocean, climate, and
sea ice forecasting (Tuomi et al., 2018; Bruening et al., 2021; Liang et al., 2020). PDAF was also used as a tool to assist in
the development of new DA methodologies and algorithms, e.g., the error subspace transform Kalman filter (ESTKF, Nerger
et al., 2012b), ensemble smoothers (Nerger et al., 2014; Kirchgessner et al., 2017), regulated and adaptive localization (Nerger
et al., 2012a; Kirchgessner et al., 2014), the nonlinear ensemble transform filter (NETF, Todter, 2015), and the local hybrid
Kalman-nonlinear ensemble transform filter (LKNETF Nerger, 2022). In addition to applications of PDAF and methodological
research, the coupling of PDAF to different models was published, e.g., for weather research and forecast model (WRF, Shao
and Nerger, 2024), the Earth System Modeling Framework with application to SCHISM (Yu et al., 2025), the terrestrial systems
modeling platform, TSMP (Kurtz et al., 2016), the Community Land Model version 5.0 (Strebel et al., 2022), the ensemble and
assimilation tool, EAT (Bruggeman et al., 2024), and the AWI climate model (AWI-CM-PDAF, Nerger et al., 2020). Further
applications and methodological developments can be found in a full list of the more than 150 publications and 17 PhD theses,
provided on the PDAF website (PDAF, 2026).

PDAF is designed as a software library. Thus, its functionality is accessed via calls to procedures (subroutines in Fortran
or functions when using PDAF with languages like C or Python; below, we use the general term ‘function’ to refer to proce-
dures, even though the Fortran code of PDAF mainly uses subroutines). PDAF provides a well-defined interface for calling
its functions. Further, there is an interface for user-supplied functions, which are called by PDAF to perform operations that
are specific to a model or the observations (denoted ‘callback function’ or ‘callback’ in short). An internal interface to the DA
methods enables a unified structure, simplifying the addition of DA methods utilizing the PDAF functionality to handle state
vectors and observations.

As a library, PDAF does not provide features for reading or writing files. Also, the configuration of PDAF is performed via
function calls. Reading files containing model field information, configurations, or observations have to be implemented by the
end user using the templates provided with PDAF.

The PDAF releases provide the PDAF library with different components:

— an interface for offline and online DA coupling
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— an ensemble integration framework

— acollection of DA methods, callable through universal interfaces

— a structured functionality for observation handling (PDAF-OMI)

— interfaces to functions for covariance matrix handling in variational DA methods

— a collection of functions for ensemble and observation diagnostics, and for ensemble generation

a functionality to generate synthetic observations for twin experiments

The structure of PDAF is modular to ensure separation of concerns, allowing different components of the DA system to evolve
independently. In particular, this concerns the development of DA methods and diagnostics, the implementation of support
for additional observation types and additional observation operators, and the implementation of covariance operators for
variational DA methods. Also, the development of models is independent of that of the PDAF components. The separation of
concerns leverages the defined interfaces of PDAF, allowing the addition of new functionality without other code changes.

Next to the PDAF library, the releases provide source codes to utilize the PDAF library:

a strategy to handle complex state vectors containing model fields of different sizes

— template and tutorial codes, which form the basis for model-specific implementations

command-line parsing to read configuration parameters at run-time

full implementations of PDAF with chaotic test models.

Related to the template and tutorial codes, the PDAF website (PDAF, 2026) provides tutorials on using and implementing
DA with PDAF. The PDAF core developers focus on the core functionality of the PDAF libraray and provide the templates
and examples. By now, more than 30 models have been coupled with PDAF (a list is provided on the PDAF website), partly
by the PDAF core developers or its user community. These model couplings are managed in separate code repositories, and it

is voluntary for PDAF users whether they make their coupling code public.

3 PDAF components for DA

In this section, we describe the different components of PDAF. For brevity, we omit an introduction to DA algorithms and
the required operations. For an overview of ensemble-based filter and smoother methods, including localization and inflation

methods, we refer to Vetra-Carvalho et al. (2018); for variational DA methods, to Bannister (2017).
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a) Offline coupling b) Online coupling
Start
l Initialize parallelization
Init_parallel_PDAF Init_parallel_PDAF
| PDAF3_init_parallel | | PDAF3_init_parallel |
Initialize grid Initialize Model
v
Init_PDAF Init_PDAF
\ PDAF3_init \ PDAF3_init
PDAF3_init_forecast
Do nsteps
Time stepper
Assimilate_PDAF Assimilate_PDAF
PDAF3_assim_offline | PDAF3_assimilate
|
Post-processing
Finalize_ PDAF Finalize_PDAF
PDAF_print_info PDAF_print_info
PDAF_finalize PDAF_finalize

v

Model-specific code Model code
Interface functions for Called PDAF
data assimilation library functions

Figure 1. Left: Structure of the data assimilation program for offline-coupled DA computing a single analysis step; right: Structure of the

model program with additions for cycled online-coupled DA. The interface functions for PDAF are marked light grey, while dark grey shows
the PDAF library functions. For offline coupling, model-specific grid information are initialized (light blue), while for online coupling, dark

blue boxes mark the blocks of model functionality. For offline coupling the parallelization is initialized in PDAF3_init_parallel

3.1 Interface for offline and online DA coupling

The coupling of PDAF with a model can be performed as ‘online coupling’ by directly inserting interface functions for PDAF
into the model code, or as ‘offline coupling’ by using an assimilation program that is executed separately from the model and
exchanges data with it via the model restart files. Figure 1 shows the code structure with PDAF for both cases. To enable an
easy transition between offline and online coupling, the overall structure is the same for both approaches. Four functions (light
grey boxes in Fig. 1) are used to perform the interfacing between the model and PDAF, i.e., they are called by the model code
for online coupling or the main program in case of offline coupling and contain the actual calls to PDAF library functions (dark

grey boxes), and the related declarations. First, the function Init_parallel_PDAF calls the PDAF function PDAF3_init_parallel
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to initialize the parallelization for the DA (see Sec. 3.2). Subsequently, /nit_PDAF initializes the structure of the state vector
(see Sec. 3.9.1) and calls the PDAF initialization function PDAF3_init, which also initializes the ensemble by executing a
callback function. For online coupling, the forecasting is initialized by calling PDAF3_init_forecast. Assimilate_PDAF calls
an assimilate-function of PDAF to perform the assimilation using the chosen DA method (see Sec. 3.4). In case of online
coupling, it is placed inside the model’s time stepping loop and the called function PDAF3_assimilate also manages the
ensemble forecasting (see Sec. 3.3). For offline coupling, the function PDAF3_assim_offline omits the ensemble forecast
management. Finally, the function Finalize_ PDAF calls PDAF functions to display information on the required memory and
run time, and for deallocating PDAF’s internal data structures. The PDAF library functions prefixed with PDAF3_ build the
modernized interface that was introduced with PDAF3.

While the overall code structure is designed so that the codes that need to be implemented for offline and online coupling
modes are mostly identical, there are some differences. For the offline coupling, the DA program is separate from the model
program. In this case, the model grid information must be read from a model-specific file (blue box Initialize_grid). The
parallelization can be either set up to follow a domain-decomposition of the model, or to simply split each field in the state
vector into parts of approximately equal size. For offline coupling, PDAF3 introduced a new function, PDAF3_assim_offline,
that directly performs the analysis step, whereas in previous versions of PDAF, the functionality for ensemble integrations had
to be explicitly switched off for the offline mode.

The online coupling of PDAF was already introduced in Nerger et al. (2005b). However, it used a more complex structure
than that shown in Fig. 1 with an additional loop around the model time stepping loop (‘flexible parallel’ setup, see also Nerger
and Hiller (2013)). This approach was motivated by the much smaller computers of that time, which typically did not allow
for integrating all ensemble members at once in parallel. The right side of Fig. 1 shows the structure of the model with PDAF
online coupling for the case that the parallelization is configured so that all ensemble states can be integrated at once (‘fully
parallel’ setup). The interface functions for PDAF are inserted into the model code at well-defined places, e.g., directly after the
model parallelization, directly after the model initialization, or at the very end of the time stepping loop. The fully parallel setup
only needs minimal changes to the model code because the time stepping loop is not modified apart from inserting a single
function call to Assimilate_PDAF. This function will be invoked at each time step during the model integration. This allows
PDAF to also perform operations during the forecast phase, e.g., to apply incremental analysis updating (IAU). The ‘flexible
parallel’ setup is still supported by PDAF, and used, e.g., in the implementation with the Earth system modeling framework (Yu
et al., 2025). It was revised in PDAF3 to also support, e.g., IAU, and is explained in the Appendix.

An important aspect of PDAF’s online coupling is that the model time stepping code does not need to be implemented as
a separate, callable function. This is because PDAF never invokes the model, but the model calls PDAF functions. Further,
with PDAF one can execute the model in the same way as without DA, but with additional options that control the DA. These
features support a fast coupling between a model and PDAF, and an easy use of the online-coupled DA program. The four
added function calls enable the parallel ensemble integration framework of PDAF, which allows the assimilative model to

perform an ensemble integration and to apply the DA at specified intervals.
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3.2 Parallelization

The parallelization approach of PDAF has been discussed in Nerger et al. (2005b, 2020); Yu et al. (2025). Here, we only de-
scribe the main aspects. PDAF is parallelized utilizing the Message Passing Interface standard (MPI, Message Passing Interface
Forum, 2025). The DA methods in PDAF are parallelized to operate on distributed state vectors usually following a domain
decomposition as typically used in complex models. The domain-localized ensemble DA methods are further parallelized using
the shared-memory parallelization standard OpenMP (OpenMP Architecture Review Board, 2024). Since OpenMP does not
require explicitly distributed arrays, the implementation can be easier than using MPI for parallelization. Thus, OpenMP can
be particularly attractive for offline-coupled DA if the problem size allows computing the DA on a single node of a computer.
In addition to the DA methods, PDAF supports parallelization of ensemble forecasting in the online-coupled mode.

As mentioned before, the function Init_parallel_PDAF invokes PDAF3_init_parallel to initialize the MPI parallelization for
offline coupling, or to modify the parallelization of the model for online coupling. For offline coupling, the parallelization is
used to decompose the state vector. For online coupling, a two-level parallelization is used. First, each model instance, denoted
as ‘model task’, can be parallelized. Second, the ensemble parallelization allows for computing multiple parallelized model
tasks in parallel. MPI uses the concept of ‘communicators’ to group processes that can exchange data, i.e. communicate, with
each other. The standard configuration of the communicators for online coupling is sketched in Fig. 2 for n model tasks using
a decomposition over m processes each. All processes performing model integrations (communicator ‘ENSEMBLE’) are re-
configured. The processes for each model task form a ‘MODEL’ communicator allowing communication within each model
task (columns in Fig. 2). An assimilation communicator (‘ASSIM’; leftmost column) allows the processes that compute the
DA analysis step to communicate with each other. Finally, a set of coupling communicators (‘COUPLE’; rows in Fig. 2) allows
PDAF to collect the distributed ensemble states on the ‘ASSIM’-processes. Thus, for computing the analysis step, each of the
processes in the leftmost column obtains a complete ensemble on a sub-domain of the model grid, which is required by most
DA methods. After computing the analysis step, PDAF distributes the ensemble states again over all model tasks. Note that this
standard configuration of computing the DA analysis only by the processes that compute the first model task can be changed
by adapting the communicator or by replacing the functions performing the ensemble collection and distribution. For offline
coupling only the first column of the parallelization (‘ASSIM’) exists.

PDAF also supports to perform the parallel ensemble integration with a fraction of total processes, e.g., if a so-called
input/output server (io-server) is used. In this case, some processes are reserved for the the io-server (‘OTHER’ in Fig. 2.
Only the processes computing the model integrations (‘ENSEMBLE’) are then provided to PDAF to be reconfigured for the
ensemble integration. The provided template function Init_parallel_PDAF is generic, and one can use it without modifications

when implementing PDAF with various models.
3.3 Ensemble integration framework

When not using a DA algorithm, the PDAF online coupling (right side of Fig. 1) reduces to an ensemble integration frame-

work, facilitated by the inserted functions. In particular, the modified parallelization permits to compute n parallel model
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Figure 2. Standard MPI layout of the online-coupled PDAF implementation with n model tasks each distributed over m physical processor
cores. The box ‘ENSEMBLE’ marks the communicator of all processes performing the model integrations, while ‘OTHER’ is an optional
group of k processes that might perform, e.g. file operations. Each small box represents an MPI process (rank). For model processes this
corresponds to a subdomain. In the box ‘ENSEMBLE’, each column corresponds to a model task integrating one or multiple ensemble
states. Each row corresponds to a subdomain of the model. Each row and column has its own MPI communicator, ‘COUPLE’ or ‘MODEL’.
In addition, the processes in the first column, i.e. first model task, are grouped in the assimilation communicator (‘ASSIM’) that computes

the analysis step.

tasks. Each model task is executed independently, and Init PDAF will also be executed with ensemble parallelization. This
changed parallelization does not need further modifications to the model!. Unlike the model, PDAF is aware of ensemble par-
allelization and can perform parallel communication across different model tasks. This allows the functions PDAF3_init and
PDAF3_init_forecast to initialize ensemble handling. Then, the model integration loop is computed in the ensemble-parallel
form, and PDAF3_assimilate completes the counting of time steps and ensemble states and to apply DA at the specified time
step. For ensemble integration without DA, PDAF provides a function PDAF3_prepost that provides the forecast ensemble
to a callback function, without requiring any functions for the analysis step, such as observation initialization. This callback
function gives users the option to manipulate or save the ensemble states at prescribed intervals. The ensemble management is

hidden inside the executed PDAF library functions.
3.4 DA methods

PDAF provides a wide range of DA methods, including EnKFs, nonlinear and hybrid ensemble filters, and 3D-Var schemes,
see Table 1. All DA methods are parallelized. For EnKFs, there are variants which process observations at once or, added
with PDAF3, serially. Localization is available for all ensemble methods except the particle filter and parameterized 3D-Var.
The localization approaches vary between methods that apply localization to the state covariance matrix (‘covariance local-
ization’) and those that perform analyses on local domains, combined with a distance-dependent weighting of observations
(‘observation localization’ see, e.g., Janji¢ et al., 2011). For the latter variants, separate global and localized variants are im-
plemented because localization causes overhead from generating local state vectors and computing separate updates for each

local domain, even when these variants become equivalent to the global filters when all observations are assimilated for each

Tf the model is implemented to use the predefined MPI communicator ‘MPI_COMM_WORLD?’, it needs to be replaced with a communicator variable to

allow splitting into model tasks

10
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Table 1. Overview of DA methods provided in PDAF v3.1. An ’x’ in the column ’global’ indicates whether an explicit formulation without
localization is provided, the column ’local’ indicates whether localization is provided, with ¢’ denoting covariance localization, and do’

denoting domain localization, including observation localization. An X’ in the column ’smoother’ indicates that a smoother is also included

with the DA method.
DA method global local smoother
EnKF X ¢ X Ensemble KF, Evensen (1994)
ETKF X do X Ensemble transform KF, Bishop et al. (2001); Hunt et al. (2007)
ESTKF X do X Error subspace transform KF, Nerger et al. (2012b)
SEIK X do X Singular evolutive interpolated KF, Pham (2001)
EnSRF X c Ensemble square-root filter with serial obs. processing, Whitaker and Hamill (2002)
EAKF X c Ensemble adjustment KF with serial local least-squares update, Anderson (2003)
NETF X do X Nonlinear ensemble transform filter, Todter and Ahrens (2015); Todter et al. (2016)
PF X Particle filter, see van Leeuwen et al. (2019)
KNETF do Hybrid Kalman-nonlinear transform filter, Nerger (2022)
3D-Var X 3D-Var with parameterized covariances, see Bannister (2017)
ensemble 3D-Var X do Ensemble 3D-Var , see Bannister (2017)
hybrid 3D-Var X do Hybrid 3D-Var, see Bannister (2017)

local domain. For most of the ensemble filters, a smoother functionality is also implemented, which allows for updating past
estimates from future observations. In addition, for 3D-Var methods, PDAF provides a variant that uses covariance operators
representing parameterized covariances, but also schemes using an ensemble or a hybrid combination of ensemble and param-
280 eterized covariance operators. These implementations follow Bannister (2017). To the authors’ knowledge, PDAF is currently
the only DA framework that provides the full range of DA methods, including ensemble Kalman methods with one-step and

serial processing of observations, nonlinear ensemble filters and smoothers, and 3D-Var methods.
3.5 Operations in the assimilation step

The implementation of DA methods in PDAF follows a uniform scheme. This leads to a universal interface in which all

285 ensemble-based filters and smoothers can be used from a single function call (PDAF3_assimilate for online or PDAF3_assim_offline
for offline coupling, see Figure 1). Likewise, all 3D-Var methods can be used from a single function call (PDAF3_assimilate_3dvar_all
for online or PDAF3_assim_offline_3dvar_all for offline coupling). The calls for 3D-Vars are different from those for ensemble-
based methods because 3D-Var requires additional callback functions. The universal assimilation functions provide flexibility
in testing different DA methods without recoding.

290 The general flow of operations inside the universal functions used for all DA methods is shown in Figure 3. Here, the

grey fields mark functions provided by PDAF, while the colored fields in the left column are callback functions that perform
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Calls inside PDAF Observation Modules PDAF

NIl Sl Write forecast to state vectors

framework collect_state_pdaf
Ir)lFlaIl;e observatlon's Obs. modules PDAFomi
init_dim_obs_pdafomi

generic

o?eraﬁlor?s Apply observation operator Obs. modules PDAFomi
a °,”° ysis obs_op_pdafomi
time
Process forecast ensemble PDAFdia
prepoststep_pdaf 8

v

specific for
DA method | “Specific PDAF DA method“

generic Apply observation operator Obs. modules PDAFomi
operations obs_op_pdafomi (optional)

at analysis
time Process analysis ensemble PDAFdiag
prepoststep_pdaf

Get steps until next analysis
ensemble next_observation_pdaf

framework

Write analysis to model fields
distribute_state_pdaf

Call-back for PDAF-OMI
. ) " PDAF-OMI other ;
interfacing with observation PDAF core
N callback callback
model fields modules

Figure 3. Processing steps applied in the assimilation functions of PDAF for all DA methods. The left column contains functions inside

PDAF; the center column contains observation modules with observation-specific operations; the right column shows calls to PDAF func-
tions. There are generic steps to prepare observations and process the ensemble before and after the specific DA method, which computes the
update to the ensemble or the single-state estimate in the case of 3D-Var. Names in italics denote the default names of the callback functions.

The observation operator is applied to all ensemble states, indicated by a stack of boxes.

operations specific to the model or observations. On the level of the ensemble framework, thus only with online coupling,
the forecast fields are written into the ensemble of state vectors before the analysis step, and afterwards the state vectors are
written back into the model fields. Further, the number of time steps for the following ensemble forecast is determined. Before
and after the function computing the specific DA analysis update, operations are performed independent of the specific DA
method. Before the analysis update, the observation information is initialized and the observation operator is applied to all
ensemble state vectors. This functionality uses PDAF-OMI as indicated by the calls to the observation modules (purple fields
in Figure 3), see Sec. 3.7 for details. Further, the callback function prepoststep_pdaf is called to provide the user code access
to the forecast ensemble. This function is used, e.g., to compute diagnostics on the forecast or analysis ensemble, or to write
the ensemble or its mean state to files. After computing the analysis update, the observation operator can optionally be applied
again before prepoststep_pdaf is called for the analysis ensemble. The order of these operations is similar to that described in
Chen et al. (2025), but in PDAF3, the observation initialization was moved out of the specific DA analysis step. This simplified
the PDAF-internal code, and also allowed the introduction of PDAF-OMI diagnostics on the observed ensemble (see Sec. 3.7)

before and after computing the analysis update.
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a) Domain-local ensemble filter / smoother b) 3D variational method
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control-vector transform
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PDAF-OMI PDAF-OMI
Calls inside PDAF observation modules PDAF Calls inside PDAF observation modules PDAF

PDAF-OMI call-back Sl ?DAF-OMI Localization call-back (ot e - PDAF core
observation modules back

I Blue frame: Specific code for domain-localized filters. Without localization there is only a call to the DA analysis. I

Figure 4. Specific processing steps for the actual DA analysis. The left shows the steps for ensemble methods, also indicating the additional
operations for domain localization. The right shows the steps for the 3D-Var update, which adds the control-vector transform operations in

which, e.g., the covariance operators are applied to convert from the state vector to the control vector.

The specific DA method usually executes additional callback functions, as is exemplified in Figure 4 for a domain-localized
filter and smoother and for 3D-Var. For domain-localized filters and smoothers (Figure 4a), a sequence of operations have to
be performed: 1) the number of local analysis domains has to be determined; 2) in a loop over these local analysis domains, the
local domain information has to be initialized, which are the coordinates of the local domain, the size of the local state vector,
and an index vector that maps the full state vector to the local state vector; 3) the observations to be assimilated in a local
analysis domain have to be determined, which is done by PDAF-OMI through the observation modules (see Sec. 3.7); 4) the
actual local analysis update for the filter and smoother are then computed by the PDAF core DA algorithm. For global filters,
only the function for the DA analysis is called, as there is no local analysis loop and no additional calls to callback functions.
This also holds for the filters with covariance localization (EnKF, EnSRF, EAKF).

For 3D-Var (Figure 4b), there is a sequence of operations within each optimization iteration. The application of a linearized
and an adjoint observation operator required by 3D-Var are handled via the observation modules for PDAF-OMI. In addition,
there are callback functions which transform between the state vector and the control vector computed in each iteration. The
control vector is the vector for which the actual optimization is computed (see Bannister, 2017). In these functions, covariance
operators (see Sec. 3.8) are applied. They are called during the iterations when computing the cost function of 3D-Var, and once
afterwards to compute the final optimized state vector. For ensemble and hybrid 3D-Var, the call structure is analogous, but there

are additional functions to compute the control vector transformation associated with the ensemble-represented covariance
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matrix. In addition, the optimization step for the ensemble and hybrid 3D-Var will be followed by an EnKF step that updates

the ensemble spread.
3.6 Callback functions

For operations specific to the model or to observations, PDAF uses callback functions. They are provided to PDAF with the
user code. PDAF generally follows the approach of pulling information from model- or observation-specific operations. Thus,
when calling PDAF assimilation functions, PDAF executes a callback function at the time when some information is needed
that is specific to the model or the observations. This approach provides a clear code structure with callback functions that
focus on a certain operation, e.g., writing model fields into a state vector or applying an observation operator to a state vector.
Further, it keeps the PDAF core code agnostic of the particular model and observations. The approach also ensures that the
required memory can be kept low, as e.g. information on local analysis domains are only stored for one domain at a time instead
of all local domains at once. In the case of online coupling, the implementation is done within the context of the model, such
that, e.g., shared variables of the model can be utilized, and the code structure of the model can be followed. An overview of
the callback functions relating to the model is provided in Table 2.

With the callback functions, PDAF also follows the strategy to implement operations directly, rather than providing generic
code for which a user would need to provide a description of data to use this code. An example is the function to write model
forecast fields into a state vector (collect_state_pdaf in Fig. 3). Models use vastly different data structures to store a model
field. For example, different ocean models store fields as one-, two-, three-, or even four-dimensional arrays, and one array
index could describe a horizontal or vertical direction, a general grid-point counter, or the variable index. Writing a field from
such arrays into the state vector is usually just a nested loop. DA software could provide a generic function for this operation
for the user to specify the underlying data structure, but internally it would need to handle many different cases. This approach
would certainly introduce overhead. A design decision for PDAF was to let the user implement the nested loop according to the
model’s data structure, rather than providing a generic function for such an elementary operation. An exception to this design
is the observation handling by PDAF-OML.

3.7 Observation handling with PDAF-OMI

The DA algorithms require different information about the observations. Next to the vector of observation values, y, specifica-
tions of observation errors are required. Here, usually some operation involving the observation error covariance matrix R, is
computed. To apply localization, the coordinates of each observation are required, such that distances can be computed. Finally,
the observation operator H needs to be defined. The observation operators are applied analogously for all DA methods, but the
operations involving the matrix R are distinct for different DA methods. For example, the ETKF and ESTKEF, but also particle
filters, need to multiply some matrix by the inverse of R. In contrast, the original EnKF (Evensen, 1994) adds R to some
matrix. Distinctively, the methods with serial observation processing (EnSRF, EAKF) need to assess every single element of y,
H(x), and the corresponding entry from the diagonal of R, which is always assumed to be diagonal for these filters. The ob-

servational information must be managed across multiple observation types (e.g., measurements of different physical variables
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Table 2. Overview of callback functions relating to the model fields and model grid. The callback functions relating to observations are

described in Sec. 3.7, while callback functions used specifically for 3D-Var methods are described in Sec. 3.8

Function Description of functionality

collect_state_pdaf Fill a state vector array provided by PDAF with information from model fields
distribute_state_pdaf Write values from a state vector array provided by PDAF into model field arrays
init_ens_pdaf Fill the ensemble array provided by PDAF with the initial ensemble states
next_observation_pdaf  Provide PDAF with the number of time steps of the following forecast phase

prepoststep_pdaf Perform operations on the ensemble array provided by PDAF

init_n_domains_pdaf For domain-localized DA methods: Provide PDAF with the number of local analysis domains
init_dim_Il_pdaf For domain-localized DA methods: Provide PDAF with size of the local state vector and an array of the
indices of elements of the local state vector in the global state vector; further initialize the coordinates

of the local analysis domain.

from satellites or other instruments), each with different characteristics. For example, remote-sensing satellite observations of
processing level 3 or 4 are usually available on some regular grid, while in situ measurements are often irregularly distributed.
In addition, the management of observational information must be aware of the parallelization. For example, the observation
operator is applied as H(x) to some model state x, which can be distributed in memory due to a domain decomposition of the
model. When a DA algorithm then computes the innovation vector y — #(x), one has to ensure that both vectors are sorted
identically.

To provide a structured way to implement the observation-related operations described above, the PDAF observation module
infrastructure (PDAF-OMI) was developed. The use of PDAF-OMI is optional but strongly recommended, as it simplifies the
implementation. With PDAF-OMI, each observation type is implemented independently, and PDAF-OMI assembles actual
multivariate observation vectors, ensuring a consistent parallelization.

The design of PDAF-OMI is motivated by object-oriented programming (OOP), but for the sake of simplicity, it avoids ab-
stractions and inheritance features of OOP and relies on encapsulation in Fortran modules and data types. For each observation
type, one implements an observation module that provides the actual operations. For ensemble DA methods, there are three
functions; for 3D-Var, one needs five functions, as shown in Figs. 3 and 4 and listed in Table 3. Each observation module thus
encapsulates one observation type, ensuring that each observation module can be developed independently. In each observation
module, the data for the specific observation is stored in a Fortran derived data type, denoted thisobs. This allows PDAF-OMI
to access this data via pointers. Apart from one exception, all functions in the observation modules are very short and only call
a function of PDAF-OMI, providing it with the variable thisobs. Only the function for the general initialization of the obser-
vation information (init_dim_obs_TYPE) is longer because it reads the observation data from a file, performs checks for valid

observations, and initializes arrays holding the observation values, coordinates, and errors. These arrays are then provided to
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PDAF-OMI in a function call. In addition, an index array is initialized to describe the elements of the state vector required for
the observation operator. If an observation operator with interpolation is used, also an array holding interpolation coefficients
can be initialized. For the DA methods using covariance localization, a PDAF library function is called to provide PDAF-OMI
with the coordinates for the state vector elements.

The index array initialized in init_dim_obs_TYPE allows for an implementation of the observation operators that is indepen-
dent of the particular model. PDAF currently provides observation operators for interpolation in regular and unstructured grids,
for observations that are model state values at grid points, and for observations for which the observation operator is applied
outside of the PDAF functions, e.g., during the model integration. In addition, a particular observation operator is provided
for strongly-coupled DA in which the different model components are executed on separate processes (see Tang et al., 2021;
Nerger et al., 2020). Further observation operators can be implemented by users based on a template (see, e.g., the observation
operators for Global Navigation Satellite System (GNSS) observations in Shao and Nerger, 2024).

The universal assimilation functions introduced with PDAF3 (see Sec. 3.5) make essential use of PDAF-OMI because it
internally provides the functionality for many observation-related operations that are specific to a DA method. This also reduces
the number of required functions that need to be implemented for observation handling to just two for ensemble-based filters
with global analysis or covariance localization, three for domain-localized filters, and five functions for 3D-Var as described
in Table 3. With PDAF-OMI, the callback functions called by PDAF are generic functions that call the observation-specific
functions in the observation modules (middle column in Figs. 3 and 4).

Each function in the observation modules calls one or several functions of PDAF-OMI. These allow PDAF-OMI to also
provide advanced functionality like the exclusion of observations that are potential outliers if the difference of their value from
the ensemble mean exceeds a specified factor of the observation error variance. PDAF-OMI also handles localization with
an option for isotropic or non-isotropic localization, as well as spatially varying localization distances. The standard mode of
PDAF-OMI considers uncorrelated observation errors (a diagonal matrix R), but functions to handle correlated observation
errors are also provided. In addition, one can enable a debug mode to print values from the different arrays handled by PDAF-
OMLI, e.g., for a single local analysis domain. While PDAF-OMI uses derived-type variables of Fortran, it can also be used
with other programming languages like C or Python as described by Chen et al. (2025).

PDAF-OMI stores the observational information internally. To access these, e.g., in the callback function prepoststep_pdaf,

PDAF provides functions to retrieve the

vector of observations and array of related coordinates (PDAFomi_diag_get_obs)

observed ensemble mean vector (PDAFomi_diag_get_HXmean)

the observed ensemble (PDAFomi_diag_get HX)

the inverse observation error variances. (PDAFomi_diag_get_ivar)

These functions provide the information separately for each observation type. In addition, PDAF-OMI provides observation-

related diagnostics, see Sec. 3.9.3.
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Table 3. Overview of functions for PDAF-OMI, which are implemented for each observation type. They are called by the generic callback
routines of PDAF-OMI. Here TYPE is a placeholder for the observation type.

Function Description

init_dim_obs_TYPE Overall initialization function. It reads the data for one observation type from a file, applies quality
checks, and initializes the observation values, errors, coordinates, and an index array that serves as
input to the observation operator. Then, it returns the number of observations directly to PDAF. (all DA
methods)

obs_op_TYPE Function for observation operator; it receives a state vector from PDAF and returns the observed state
vector. Short code mainly calling the selected observation operator function. (all DA methods)

init_dim_obs_l_TYPE  Function to initialize a local observation vector for domain-localized DA methods. Short code calling
PDAF-OMI function searching observations within some distance. It returns the number of local obser-
vations directly to PDAF. (domain-localization only)

obs_op_lin_TYPE Function for linearized observation operator. It receives a state increment vector from PDAF and returns
the observed state vector. Short code mainly calling the selected linear observation operator function.
(3D-Var only)

obs_op_lin_TYPE Function for adjoint observation operator. It receives an observed state vector from PDAF and returns
the state vector. Short code mainly calling the selected adjoint observation operator function. (3D-Var

only)

3.8 Covariance operations in variational DA

3D-var methods use a so-called control-vector transformation to map the state vector x to the control vector c. Typically,
this transformation involves a square root of the state error covariance matrix in a factorized form represented by covariance
410 operators. Such operators describe variances and covariances between different locations and also balance different model fields
for multivariate DA updates. The transformation can also involve variable transformations separating unbalanced variables (e.g.
Weaver et al., 2005). PDAF implements the control vector transformations in the form of two callback functions (see Figure 4),
each providing the transformation in one of the directions. The functions provide maximum freedom in implementing the

operations, including the option to use external libraries.
415 3.9 Further functionality for DA systems
3.9.1 Handling of multivariate state vectors

The PDAF library functions treat state vectors as an abstract vector without knowing what variables are stored in it, because
this allows the DA methods to be implemented in a generic form. In contrast, the case-specific user code needs to construct the

state vector, filling it with the data from different model fields. An efficient approach for this is provided by the template codes
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in the PDAF release and in the example code used in Sec. 4. The approach uses a derived type variable id in which the indices
of each field in the state vector are stored. This variable is adapted by the user to include the fields of a specific model. Using
id, one can access a field in the state vector by this name (e.g., writing id%temp in Fortran code to access the temperature field)
while one can also implement a loop over all fields as numbered indices. In addition, another derived type variable sfields stores
the dimension of a field in the state vector, its offset from the beginning of the vector, and optionally further information like
the field’s name. This variable is allocated as a vector with the length given by the number of fields, so that the information for
each field can be stored. One can use this variable to, for example, access the offset of the temperature field in the state vector
with sfields(id%temp)%off, or one can implement a loop over all variables in the state vector, e.g., for file output. Note that
these variables are only used in the user code and do not require any additional functions to access their information, as they

are directly accessible.
3.9.2 Ensemble generation

All ensemble DA methods require an initial ensemble of /N model state realizations, which represents the initial state estimate
and its uncertainty. There are different ways to generate the initial ensemble. A very simple method is to use model states,
which are selected randomly at different points in time from a previous model simulation. As the mean of these states is
unlikely to represent the best initial estimate, one can replace the ensemble mean state with a chosen estimate. The random
selection can be easily implemented, but it usually leads to a slow convergence proportional to 1/+/N to the actual covariance
matrix. Thus, a rather large ensemble might be necessary.

A more sophisticated ensemble initialization method is to use empirical orthogonal functions (EOFs) computed from a
previous model run and then apply second-order exact sampling (Pham, 2001), below denoted as O(2)-sampling, which creates
a random ensemble that exactly samples the covariance matrix represented by the EOFs. This approach leads to a faster
convergence of the covariance matrix according to the spectrum of singular values of the EOFs and allows applications to run
with rather small ensembles between 20 and 50 states, as demonstrated by various applications (e.g. Goodliff et al., 2019; Tang
et al., 2021; Yu et al., 2025). In practice, the sampling method proceeds in two steps. In the step, fields are read from a model
trajectory and computes a singular values decomposition to generate the EOFs and related weights (the singular values). In the
second step, the EOFs and weights are provided to the O(2)-sampling method. For ensemble size N, the O(2)-sampling uses
the leading N — 1 EOFs. It multiplies these by the square root of their weight and then computes the ensemble perturbations
by multiplying the EOFs with an orthogonal random matrix that is constructed to preserve the mean and covariances (see, e,g.,
the appendix of Nerger et al., 2012b). PDAF provides functions and example codes for both the computation of EOFs and the
O(2)-sampling.

Another possibility is to generate ensemble spread by perturbing process parameters or external forcing. This approach is
often employed for convergent systems in which perturbed initial states progressively approach the same state in the absence
of perturbations. Examples are the Earth’s upper atmosphere (e.g., Lee et al., 2012; Corbin and Kusche, 2022) or ocean cir-
culation (e.g., Storto and Andriopoulos, 2021), where a single atmospheric forcing would lead to convergent dynamics. Using

perturbations to generate representative initial spread starting from a single unperturbed model state may require integrating the
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model for a long period. As such, this method is primarily used to maintain the ensemble spread after an ensemble is initialized
using the methods described above. Perturbing process parameters is also common in DA for ocean-biogeochemical models,
which involve many parameters that control different modeled processes (e.g., Pradhan et al., 2019; Mamnun et al., 2025).
Here, the biogeochemical processes respond rapidly to perturbations, e.g., the onset of a phytoplankton bloom, so that the
perturbation can result in sufficient spread. Further, hydrological DA applications use perturbed parameter fields because the
DA is commonly used to estimate parameters describing subsurface features such as hydraulic conductivity and soil porosity
(e.g., Li et al., 2025). For parameter perturbations, PDAF provides the function PDAF_generate_rndvec to generate random

vectors according to a specified distribution like normal, log-normal, or uniform.
3.9.3 Ensemble and observation diagnostics

Different diagnostics are used in DA. These either refer to the model state and ensemble or to the assimilated observations. For
example, one can quantify the quality of the ensemble, such as its skill in estimating uncertainty and its representativeness with
respect to observations. Table 4 provides an overview of the available diagnostic functions in PDAF. Most of the functions can
be generally used with PDAF, while three diagnostic functions are specific to PDAF-OMI. These functions provide statistics
separately for each assimilated observation type. For example, the computed correlation, centered root mean square difference

(RMSD), and standard deviation are quantities that can be displayed in a Taylor diagram (Taylor, 2004).
3.9.4 Generating synthetic observations

Synthetic observations are used for twin experiments or observation system simulation experiments (OSSEs, e.g. Prive et al.,
2023). PDAF provides functionality for generating synthetic observations using PDAF-OMI. The functionality is provided
as an alternative to PDAF’s assimilate-functions following the same code structure. PDAF-OMI is used to first initialize the
observation information from the real observations. This information is then used by PDAF to apply the observation operator to
a model state, followed by the addition of random observation errors of the specified variance. This synthetic observation vector
is then provided to a callback function, where it can be written into a file. In an OSSE, the observations from this file can be
read in the observation module for the actual DA. The template code of PDAF provides writing and reading routines utilizing
the binary netCDF file format. The synthetic observations can be generated by executing PDAF’s online-coupled mode with
ensemble size one. In offline mode, one can generate observations by reading model fields from the outputs of a prior model
run. Overall, the observation generation uses the same code structure as the actual DA and can hence be implemented with

minimal coding effort.
3.9.5 Incremental Analysis Updates

Incremental analysis updates (IAU, Bloom et al., 1996) distribute the increment computed by the DA method over a number
of time steps during the model integration. IAU can reduce initialization shocks, e.g., resulting from imbalances in the analysis

states, if the increment is added instantaneously. PDAF3 provides a model-agnostic functionality to apply IAU in which the
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Table 4. Overview of diagnostic functionality of PDAF. Functions prefixed with PDAF_diag are generally usable, while those starting with
PDAFomi_diag are part of PDAF-OMI and operate on the observations.

Function

Computed quantity

PDAF _diag_ensmean
PDAF _diag_variance
PDAF _diag_stddev
PDAF_diag_rmsd
PDAF _diag_diffstats

PDAF _diag_effsample
PDAF_diag_compute_moments
PDAF_diag_CRPS

PDAF_diag_histogram
PDAF _diag_reliability_bidget

Ensemble mean state vector

Ensemble variance vector (e.g. for plotting like the state vector)

Mean ensemble standard deviation (separately for each model field in state vector)

Root mean square difference (RMSD) of two vectors

Statistics on the difference between two vectors, e.g. observation and model state: Correlation,
centered RMSD, mean bias, mean absolute difference, variance of observations and of observed
ensemble mean

Effective sample size (often used for nonlinear DA)

Statistical moments of the ensemble (mean, variance, skewness, and excess kurtosis)
Continuous ranked probability score with decomposition in reliability and resolution (CRPS,
Hersbach, 2000)

Rank histograms (see, e.g. Hamill et al., 2001)

Reliability budget (Rodwell et al., 2016).

PDAFomi_diag_rmsd
PDAFomi_diag_CRPS

PDAFomi_diag_diffstats

RMSD between observation and model state separately for each observation type
CRPS analogous to PDAF_diag_CRPS but specific for observations and separately for each
observation type

Statistics analogous to PDAF_diag_diffstats but specific for observations and separately for

each observation type

actual functionality to add the increment over time is included in the assimilate-functions of PDAF which are called at each
time step. The IAU is activated by a function call (PDAF_iau_init) that sets the number of time steps over which IAU should
act and the IAU weight function. Available weight functions are a uniform weight and the triangular shape with maximum
weight in the middle of the IAU period, as described by (Bloom et al., 1996), but the user can also provide a vector describing

another function.
3.10 Model coupling codes and documentations
3.10.1 Template and tutorial codes

The implementation of a DA system with PDAF consists of the user-provided source code for the coupling to the model,
either online or offline. This code calls the PDAF library functions. In addition, there are callback functions and PDAF-

OMI observation modules. The coupling code only needs to be implemented once, while later code changes mainly involve
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implementing the assimilation of additional observation types or adding further diagnostic calculations. Existing public codes
for different models (see the PDAF website, PDAF, 2026)) can be used as the basis for one’s own implementation. For models
that have not yet been coupled to PDAF, the PDAF releases provide an implementation tutorial and templates to help with
the implementation. The template codes are instrumented to guide through the implementation by extensive documentation
inside the source code, and by screen outputs that notify about functionality that still needs to be completed. The tutorial codes
are accompanied by slide sets, available from the website, that explain the code structure and implementation steps. Section 4

discusses a tutorial code for online and offline coupled DA and shows some properties of ensemble DA.
3.10.2 Full implementations with test models

PDAF was used in several studies that developed new DA methods or assessed properties of existing DA methods (e.g., Nerger
et al., 2012a, b, 2014; Kirchgessner et al., 2014, 2017; Nerger, 2022). These studies typically used low-dimensional chaotic
models to characterize the methods’ behavior. The PDAF releases provide full implementations of the three-variable model
by Lorenz (1963), the Lorenz-96 model (Lorenz, 1996), and two variants of the more advanced models by Lorenz (2005). The
properties of established DA methods using these have been described in many publications, which can serve as references for
one’s own studies. For studies that used PDAF, one can also reproduce the published results using the options documented on
the PDAF website (PDAF, 2026).

4 Application and code example

Different applications of PDAF have already been discussed in the literature. Recent open-source examples are Chen et al.
(2025) using the Modular Arbitrary-Order Ocean-Atmosphere Model (MAOOAM) with both Fortran and Python, Nerger
et al. (2020) for using the Alfred-Wegener-Institute Climate Model (AWI-CM), and Yu et al. (2025) using the Earth System
Modeling Framework (ESMF) and the ocean model SCHISM (Semi-implicit Cross-scale Hydroscience Integrated System
Model). In addition, the parallel performance of DA applications with PDAF have been assessed in different studies (e.g.,
Nerger and Hiller, 2013; Nerger et al., 2020; Kurtz et al., 2016; Yu et al., 2025). Although these studies did not use PDAF3,
the codes are still usable and a similar parallel performance is expected with PDAF3.

Instead of the more complex models used in these application examples, we discuss here a particularly simple but illustrative
application example. The model domain is rectangular with directions x and y. The model represents two fields, denoted as
‘field A’ and ‘field B’. The model dynamics simply shift the model field by one grid point upward in the y-direction. The
coordinates are given by the grid point indices in both directions. The size of the model grid can be freely chosen, a larger grid
with, e.g., size 512 x 2048 can be useful to assess run times of DA methods, while smaller grid, e.g. 18 x 36 grid points used
here, allows one to quickly perform many experiments with varying DA parameter values to assess the behavior of DA methods.
Analogous to many models in Earth sciences, the model is coded in Fortran and uses a typical structure of initialization, time
stepping, and post-processing. The model fields are declared in a Fortran module, and the model uses the widely used binary

file format NetCDF. The model is parallelized using MPI with a domain decomposition along the x-direction. Note, that the
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Figure 5. Model and observations at time step 2. Shown are the a) field A, b) field B, c¢) observations of field A, d) observations of field B.

model is not intended to represent particular physics, but is chosen to illustrate the effects of DA with different DA methods
and of PDAF functionalities, e.g., localization or inflation. Even more than showing these effects, the example source code
demonstrates a realistic implementation of a PDAF-based DA system. The implementation for a real 2-dimensional numerical
530 model with a rectangular regular grid would be analogous. The provided code includes a detailed documentation for compiling
and running experiments in the form of a README file. Furthermore, the code includes extensive inline documentation
explaining the functionality of each file and function.
For DA, the example includes implementations of online and offline coupled ensemble filter methods, supporting all ensemble-
based filters listed in Table 1. The ensemble can be initialized by reading model fields or by O(2)-sampling as described in
535 Sec. 3.9.2. When reading model fields, one has the option to replace the mean of these fields with the mean from the precom-
puted covariance matrix file. This ensures the use of the same ensemble mean state as for O(2)-sampling. In real applications,
one might use the best available state estimate as the initial ensemble mean state. To assess the DA process, the function
prepoststep_pdaf (see Fig. 3) computes the ensemble standard deviation and diagnostics for the difference between observed
ensemble mean and observations. For completeness, the code also includes the options to use IAU and PDAF’s functionality to
540 generate synthetic observations. For using this functionality, refer to the README file and the PDAF online documentation.
For generating input files for the truth, which the DA is intended to estimate, the initial ensemble states and the observations,
the example includes a Python script in which both the grid size and the density and error level of the observations can be

configured.
4.1 Model and DA setup

545 The grid size is set to 36 points in the x-direction and 18 points in the y-direction. The two fields are initialized with a sine
wave of different orientation and wavelength. The fields serving as ‘truth’ at time step 2 are shown in the upper row of Fig. 5.
Observations are generated from the truth fields by selecting the model values on a regular coarse grid and perturbing them with
uncorrelated Gaussian noise with standard deviation of 0.5 for field A and 0.25 for field B. The observation grid is kept fixed

over time. The lower row of Figure 5 shows an example of observations at model time step 2. Assimilation experiments are
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performed with the global and localized variants of the ESTKF for ensemble sizes between 3 and 20. The experiments run over
20 time steps with assimilation at every second step. A multiplicative inflation is varied in terms of the forgetting factor (see,
e.g., Nerger et al., 2012b) in the range between 0.4 and 1.0 in steps of 0.1 to find an optimal inflation. The localization is applied
using the finite Sth-order polynomial from Gaspari and Cohn (1999). The localization radius refers to the support radius of the
function and is varied here between 5 and 90 grid point units.

Only observations of field A are assimilated and a discussion of the multivariate effect is omitted. This is because the two
model fields are not dynamically linked due to the simplified dynamics. The assimilation performance will be assessed by
computing the root-mean square error (RMSE) of the state estimate compared to the true model state at time step 20. The
experiments focus on the influence of localization and on the effect of different ensemble initializations. In particular, the
experiments compare the initialization by reading prepared ensemble files and directly using their mean state as initial state
estimate (initialization type ENS1); the initialization by reading ensemble files and replacing their mean by the mean state of
20 ensemble states (ENS2), and the initialization by O(2)-sampling using the mean state of all 20 ensemble states as central
state of the ensemble (ENS3). The ensembles are chosen such that for ensemble size 20, all three initializations produce the
same result. With this, the experiments will assess the effect of the ensemble initializations when using smaller ensembles, i.e.,
N < 20. In addition, the experiments allow us to study the influence of localization in comparison to a global filter for different
ensemble sizes.

For ENS1 and ENS2, a set of 20 ensemble states of field A was generated by rotating the sine wave of field A and varying its
wavelength. Thus, it is assumed that the orientation and wavelength of the wave might be unknown. An example of 6 ensemble
states for ENS1 is shown in Figure 6a-f. The rotation is chosen so that the first 11 out of the 20 ensemble states do not match
the orientation of the true state. Only for larger ensembles, an approximately correct orientation is included. Note, that the
ensemble is chosen systematically in ENS1 and ENS2 to demonstrate effects of the ensemble states, while in real cases one
would rather use random choices.

For the O(2)-sampling in ENS3, a covariance matrix has been generated from the 20 ensemble states used in ENS1 and
ENS2, which is used to sample the chosen number of ensemble states as described in Sec. 3.9.2. The ensemble states of type
ENS3 for ensemble size 6 are shown in Figure 6g-1. Here, each ensemble member includes the information of the leading 5
EOFs and the shapes of the ensemble states of type ENS3 look very different from those of type ENS1. The O(2)-sampling
compresses the ensemble information according to the EOF weights. The accumulated sum of the leading 9 weights is about
96% of the total sum. Thus, DA with an ensemble of size N = 10 of ENS3 is expected to yield a result similar to using ENS1
or ENS2 with IV = 20. Note, that the big difference in the shapes of the ensemble states from ENS1 and ENS3 is also due to
the fact that the initial mean state is very close to zero, so that the shape of each ensemble state is dominated by the computed
perturbation.

The experiments are performed here with very small ensembles. This is possible because the model setup has a low di-
mension (the sine wave is essentially one-dimensional) and the ensemble is chosen in a way that the approximately correct
orientation of the one-dimensional wave is included if the ensemble is large enough. High-dimensional geophysical models in

general require larger ensemble sizes and localization. However, by using the ensemble type ENS3, successful DA has been
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Figure 6. Example of ensemble states of field A. Left (a-f): for ensemble initialization type ENS1; right (g-1): for type ENS3 based on
O(2)-sampling for ensemble size N = 6.

performed in different ocean DA applications with ensemble sizes between 20 and 46 (e.g. Goodliff et al., 2019; Tang et al.,
2021). In a lock-exchange example, which is geometrically still simple but more realistic than the example here, Yu et al.

(2025) have shown successful DA with ensemble size 8.
4.2 Assimilation results

Figure 7 shows the RMSE for the different experiments relative to the RMSE of the free-running ensembles (rRMSE). The
experiments use the ESTKF and the LESTKF with all three ensemble initializations. Shown is the minimum error over all
cases varying the forgetting factor and, for LESTKE, the localization radius.

The DA experiments for the cases ENS1 and ENS2 behave analogously, with ENS2 showing a more systematic decrease of
the rRMSE for NV < 12. In the following we focus on comparing ENS2 with ENS3. The effect of localization is particularly
visible. As expected from the previous discussion on the chosen ensemble, the global ESTKF needs a relatively large ensemble
to obtain a stronger reduction of the RMSE. Up to N =11 the rRMSE is only reduced to about 90%. When the ensemble
size is further increased, the RSME is strongly reduced. At N = 15, the relative error is reduced to 20%, and it is minimal
at N = 19 with about 9%. With localization, the error is strongly reduced for smaller ensembles: Even for /N = 3 the error is
reduced to about 50%. For N = 6 the relative error is 37% for the LESTKEF, while for the ESTKF it is 97%. The estimated
state for the ESTKF and LESTKF for N = 6 is shown in Fig. 8a,b. While the ESTKF is not able to generate an estimate with
a realistic pattern, the localization allows the LESTKF to obtain an estimate close to the correct pattern of the true state (see
Fig. 5), but with a too high amplitude in comparison to the best estimate shown in Fig. 8d. For N = 14, the ESTKF shows a
comparable error of 37% and the state in Fig. 8c indicates the correct pattern, but not the correct amplitude. The ESTKF and

LESTKEF obtain the minimum RMSE for ENS2 for the same ensemble size N = 19, which is due to the particular choice of
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ensemble states. However, for small ensembles, the LESTKF computes local DA increments, e.g., using a localization radius
of 10 grid points for N = 6, and the local ensemble is more representative than the global ensemble states. This enables the
DA process to obtain estimates with the correct orientation even with ensemble states that do not include this orientation. This
aspect of localization is consistent with the discussions in Kirchgessner et al. (2014) and Perianez et al. (2014). However, it is
different from the more common discussion of using the localization to reduce spurious correlations due to sampling errors.
Nonetheless, one can also consider correlations resulting from the incorrect orientation of the ensemble states as spurious
correlations.

Comparing the previous cases with the experiments using ENS3 shown in Fig. 7c demonstrates the advantage of using the
O(2)-sampling. The errors decrease faster as the ensemble size increases. The ESTKF with N = 6 shows already partly the
correct pattern (see Fig. 8e), in particular in the left half of the domain. The relative error is lower with 70% compared to 97%
for ENS2. The LESTKF with N = 6 and ENS3 (Fig. 8f) shows generally the correct pattern and a smoother field with smaller
RMSE compared to using ENS2 in (Fig. 8b). The smoother field is obtained because a larger localization radius of 25 grid
points yields the minimum RMSE in ENS3, compared to 10 grid points with ENS2. With ENS3, the minimum error is already
obtained for /N = 10 for the ESTKF, which is consistent with the expectation discussed in the previous section. The LESTKF
shows again lower errors than the ESTKF for the same ensemble size for N <9 and reaches the minimum error for N > 8.
Figure 8h shows the optimal state estimate for the LESTKF with ENS3 for N = 8. The estimate for the ESTKF with N =8
in Fig. 8g is almost identical, but has a slightly larger error. Overall, the experiments demonstrate that using O(2)-sampling
allows for applying the DA with smaller ensembles than using model states as ensemble input.

For all ensemble initialization types, the minimum RMSE is obtained for ensembles of less than 20 states. This effect can be
due to the fact that the number of observations is low, so that sampling errors, e.g., due to the random perturbations applied for
generating the observations, are not negligible. More extensive studies would use repeated experiments with varying random

numbers to obtain the mean effect. We omit such experiments here due to the illustrative aim of the experiments.
4.3 Code features and recommendations

While we omit a discussion of the actual source code, we point to specific aspects of the application example and include some
recommendations for using such code with real models.

The example code illustrates the handling of multivariate state vectors as described in Sec. 3.9.1. The code uses a separate
module (statevector_pdaf_mod) to initialize the arrays id and sfields. id holds the indices of both model fields in the state
vector. sfields stores the dimension of each field, the number of dimensions, the field’s name used in the program, and its name
as used in file output. This information is used, e.g., to produce a list that provides an overview of each field in the state vector.
It is also used in the file reading and writing functions, as it allows a generic code that loops over all fields. For clarity, the
initialization of id and sfields is separated into two functions, which are adapted to include the fields of the specific model.
Both functions are called by the general function for initializing the state vector.

Analogous to a real model, the example model uses a Fortran module (model_mod) to store variables like the model fields,

grid dimensions, or coordinates. To make these variables accessible to the DA functions by the Fortran use-include approach,
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Figure 7. RMS errors for the ESTKF and LESTKF relative to the RMSE of the free running ensemble in dependence on ensemble size.
Shown are the case of ensemble initialization using type ENS1: reading ensemble files, ENS2: reading ensemble files and replacing the mean

state of the ensemble, and ENS3: using second-order exact sampling and the same mean state as ENS2.
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Figure 8. Examples of the state estimates at time step 20 for using the ensemble initialization type ENS2 (left) and ENS3 (right). The related
RMS errors are displayed in Figure 7.
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the example code uses a single interfacing module (model_pdaf _mod). Thus, only this single module includes information di-
rectly from the model, while all other case-specific functions access the information by including this module. These functions
use the variables independently of where they have been declared or initialized. This allows to use most of the functions for
both online and offline coupled DA without changes. In the case of online coupling, model_pdaf mod includes the variables
directly from model_mod. The model source code, and hence model_mod, are not present in the case of offline coupling. In this
case, one directly declares the variables in model_pdaf _mod and initializes them in the function initialize_grid (see Fig. 1a).
The example code for the offline-coupled DA, uses 20 source code files, of which 12 files are identical to the files of the online
coupled case. This approach allows for an easy transition between the offline and online coupled cases. Note, that the example
code uses the model-specific variable names, e.g., nx for the number of grid points in x-direction. However, one could use
model_pdaf_mod to rename the model variables into generic names, e.g., using nx always for the number of grid points in X,
or longitudinal, direction. In this way, the functions using these variables could be applied also for other models independently
of the specific name conventions of the model.

An important consideration for implementing the data assimilation for a particular model is the required effort. The example
code is organized in 22 files for online coupling, excluding the model files, and 21 files for offline coupling. As described
in Sec. 3.10.1, one can base a PDAF implementation on template code files. Ten of the template files are generic and can
be used without changes, but need to be compiled with the other user code files. This is because they include the module
assimilation_pdaf_mod, which declares configuration options and might be amended with case-specific variables, or because
they perform file operations. For offline coupling, the main program file is generic, whereas for online coupling, the main file
is the model’s main program file. Some of the files provide optional features. For example, we included the functionality to
generate files containing synthetic observations from a model run and to later use these. Also, using the command line parser
in init_pdaf_parse is optional. Most source code files are short with less than 50 lines of code and most coding effort is in the
observation modules. A more detailed description of the length of code in the example files is provided in Appendix B.

For complex models, a good computational performance can be obtained when computing the online-coupled ensemble
DA using a separate directory for each model task (see discussion in Nerger et al., 2020). This approach allows the model
tasks to write files into separate directories and hence to avoid possible conflicts in file writing. One can also directly use the
model’s restart files for ensemble restarting, since each model writes its restart files in a separate directory and reads them at
restart time. To illustrate this approach, the example code contains a shell script for performing such a distributed DA run. The
script generates the different ensemble directories, copies the online-coupled model into the directories, generates a suitable

multi-program execution line, and then starts the parallel DA run.

5 Conclusions

This study describes the Parallel Data Assimilation Framework, PDAF, as of its recent revision 3.1, which includes the major
advancements and code modernizations that were introduced when upgrading PDAF from the previous PDAF revision 2.3.1.

Starting with the general concept, structure, and some historical context of PDAF’s development, its components are described.
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PDAF provides an online-coupled mode with a framework for ensemble integrations and data assimilation (DA), enabling DA
without avoidable overhead from model restarts. This approach can be implemented with minimal changes to a model code
(usually by adding four function calls to interface functions) and enables the creation of an assimilative model with high
computational performance. In contrast, PDAF’s offline-coupled mode allows computing the DA in a separate program, even
for models for which the source code is not available. These features enable the rapid development of a working DA program
or assimilative model, allowing researchers to focus on applying DA. PDAF was also already coupled by the user community
to a large range of models, and one can utilize existing couplings for DA applications.

PDAF provides a wide range of DA methods, including ensemble-based Kalman filters (EnKFs), nonlinear particle filters,
and 3-dimensional variational (3D-Var) DA methods. The EnKFs include global and localized filters. For EnKFs, the differ-
ent variants assimilate observations either serially (e.g., the EAKF method) or all at once (like the widely used LETKF and
LESTKF methods and the original perturbed-observations ensemble Kalman filter). For 3D-Var methods, variants using pa-
rameterized covariance operators or ensembles are included. The wide range of DA methods makes PDAF usable to many
applications. Because PDAF is not explicitly designed for Earth sciences, it can be used for data assimilation in any application
where a dynamical model and observations over time are available.

With an internal interface to DA methods, PDAF also provides an environment for developing and implementing DA meth-
ods. These can leverage PDAF’s framework functionality for observation handling, localization, and treatment of state vectors.
A DA method implemented in PDAF can readily be applied to both toy models and real high-dimensional model setups with-
out the need for recoding. This enables a quick transition from method development to real applications. Implementing a
DA method in PDAF further allows developers of DA methods to make their developments readily available to a large user
community through a PDAF release.

There are already many applications of PDAF in different models of Earth system components, as well as applications of
coupled DA. This large user base also ensures an extensively tested code base in which many combinations of DA methods
and hyper-parameters were applied.

While PDAF is a well-established framework with a long history, the framework is still under active ongoing development
with about two code releases per year. A particular aspect is the addition of recent nonlinear DA methods using iterative flows or
transport. Given recent developments in computer technology, support for graphics processing units (GPUs) will also become
relevant. Another development will be the combination with machine-learning (ML) DA methods. Here, the linkage between
the Fortran-coded PDAF library and ML codes in Python will become relevant, and pyPDAF can provide a basis for this. Using
PDAF with ML-based models is straightforward with pyPDAF. As an open-source community framework, further community
contributions, e.g., new DA methods, additional observation operators, covariance operators, and couplings to other models,
are welcome contributions that both support the individual developers by reaching a large user community and the community

by having access to state-of-the-art developments. As such PDAF is a tool to enable better and easier DA.
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Code availability. The PDAF releases are available from the repository at https://github.com/PDAF/PDAF and also archived at Zenodo
(https://doi.org/10.5281/zenodo.17016069, Nerger, 2025). The example code for Sec. 4 is available at https://github.com/PDAF/2dmodel_pdaf
and also archived at Zenodo (https://doi.org/10.5281/zenodo.19709940, Nerger, 2026a). The Python scripts for generating Figures 5 to 8 are
archived at Zenodo (https://doi.org/10.5281/zenodo.19809457, Nerger, 2026b).

Data availability. No data sets were used in this article.

Appendix A: Flexible-parallel mode

Section 3.1 discussed the fully-parallel implementation mode of PDAF. Here we explain the flexible-parallel mode. The
flexible-parallel mode was the original parallelization variant of PDAF (Nerger et al., 2005b; Nerger and Hiller, 2013), but
was revised for PDAF3. The flexible-parallel mode allows users to compute the ensemble forecast using fewer model tasks
than ensemble states. It even allows users to use a single model task, i.e. the same number of processes as for a single model,
to compute the full ensemble forecast. This implies that less processes are required than for the fully-parallel mode so that the
online coupled DA can be computed on a smaller computer compared to the fully parallel mode. However, it will require more
time to perform the computations. The flexible-parallel mode has been implemented, e.g., in Earth system modeling framework
(Yu et al., 2025) and the PDAF release includes a template code demonstrating the implementation.

Figure A1 shows the program structure for the flexible-parallel mode. Compared to the fully parallel mode in Fig. 1, the
flexible-parallel mode requires an additional control structure (purple in Fig. A1). An unconstrained loop is added that encloses
the time stepping loop of the model. Inside this loop, the PDAF function PDAF3_get_fcst_info is called to retrieve the infor-
mation on the number of time steps that have to be computed in the forecast phase (isteps), an integer flag indicating whether
to exit the outer loop, and a time value indicating at which model time the forecast has to start. Note that in the flexible-parallel
mode, the number of time steps in the model loop is the number of time steps in the forecast phase (isteps), while in the fully-
parallel mode the overall number of time steps in the DA experiment (nsteps) is used. Apart from this number of time steps,
both parallelization modes become equivalent if the flexible-parallel mode is executed with as many model tasks as there are
ensemble states. In both parallelization modes, the function PDAF3_assimilate is called at each model time step so that it can,
e.g., apply IAU.

Important for the flexible-parallel mode is that a model task has to step back in time when forecasting more than one
ensemble state. For a model this is a nonphysical situation, because in reality time does not step back. Thus, one has to check
a model code, whether such stepping back in time can be done consistently, and one might need to adapt the model code if this

is not the case. For example, for ocean models the atmospheric forcing has to be handled consistently.
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Initialize parallelization

Init_parallel_PDAF
| PDAF3_init_parallel |

Initialize Model

Init_PDAF

PDAF3_init
PDAF3_init_forecast

PDAF3_get_fcst_info

i ?
Ves Exit loops:

Do isteps

Time stepper

Assimilate_PDAF

| PDAF3_assimilate |

Finalize_PDAF

PDAF_print_info
PDAF_finalize

Addition for flexible mode Model code

Interface functions for Called PDAF
data assimilation library functions

Figure Al. Structure of the online-coupled data assimilation program with PDAF’s flexible-parallel mode. Compared to the fully-parallel
mode (see Figure 1), there is an additional loop and control structure (purple). This allows each model task to compute multiple ensemble

integrations.

Appendix B: Length of example codes

Here, we quantify the effort of implementing the DA in terms of the number of source code lines. Table B1 shows the count of
functional code lines, i.e., source code without blank lines or comments, in the files of the online and online coupled example
DA codes. The files holding the model source code are omitted. For the online coupling, we inserted 14 code lines into the
model files (including preprocessor directives that allow us to compile the model without the coupling to PDAF; the actual

calls to interface functions for PDAF are four lines).
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Table B1. Number of functional code lines in the files of the example codes for the online and offline coupled DA. The file names omit the
suffix . F90’. There are two columns for each coupling mode: The first shows the total number of lines, the second the count of lines specific

to the example. The difference arises from the generic code in the templates. Italic font marks files in which the code is fully generic.

File *.F90 online offline

total  specific | total specific

Model interface functions and module

init_parallel_pdaf 27 0 18 0
init_pdaf 88 22 81 22
assimilate_pdaf 36 0 33 0
finalize_pdaf 10 0 | identical to online
model_pdaf_mod 8 4 11 8
initialize_grid_mod - - 42 31

Call-back functions

callback_obs_pdafomi 41 18 | identical to online
collect_state_pdaf 24 16 - -
distribute_state_pdaf 24 16 - -
get_obs_pdaf 9 0 | identical to online
init_dim_l_pdaf 26 10 | identical to online
init_ens_pdaf 64 0 | identical to online
init_n_domains_pdaf 8 3 | identical to online
next_observation_pdaf 24 9 - -
prepoststep_pdaf 64 0 | identical to online

PDAF-OMI observation modules
obs_A_pdafomi 140 59 | identical to online
obs_B_pdafomi 140 59 | identical to online

Other functions and modules

main model-provided 26 0
assim_pdaf_mod 51 0 | identical to online
init_pdaf_parse 108 16 | identical to online
io_pdaf_mod 234 170 | identical to online
parallel_pdaf _mod 16 0 | identical to online
statevector_pdaf_mod 77 13 | identical to online
synobs_pdaf_mod 121 0 | identical to online
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Most of the code is provided by the templates into which specific code for a particular model or observations is added.
Ten of the provided files are generic and do not need changes when implementing the code for a particular model. Only the
remaining 13 files for online coupling or 11 files for offline coupling need to be edited. The total number of specific code
lines is 409 for offline and 415 for online-coupled DA, respectively. However, eight of the non-generic files with a total of
348 specific code lines are identical for both coupling cases. Only 61 lines of code had to be implemented specifically for
the offline case, and 67 lines for the online case. Thus, when one has implemented one of the coupling cases, the transition
to the other coupling approach can be performed with very little coding effort. The difference is mainly that the offline case
requires initialize_grid_mod to initialize the model grid information, whereas the online case requires transferring between
model fields and the state vector (collect_state_pdaf and distribute_state_pdaf) and specifying the number of time steps in the
forecast phase (next_observation_pdaf). While the templates for init_PDAF are different for the online and offline coupling,
the added specific code lines are identical.

The code in the different files is usually short: Only 5 of the files have more than 100 total lines of code, and only one
file has more than 100 lines of specific code. Two files have 59 lines of specific code while all other files have specific code
of 22 or less lines. The callback functions have at most 64 code lines with at most 18 lines of specific code. The longest
file (io_pdaf mod.F90, 234 lines) holds the functions to perform the file reading and writing including reading from the
covariance matrix file. While this code was newly implemented for the example, it can now also serve as a template and is
generally usable for any rectangular 2-dimensional model domain with the domain decomposition used in the example. The
specific code in (io_pdaf_mod.F90 are 170 lines, which is nearly half of the overall specific code in the example. Also, the two
observation modules are longer files, each with 56 lines of specific code. The 22 lines of specific code in init_pdaf.F90 and
init_pdaf_offline. F90 are the specification of default values for some of the observation-related variables and the initialization
of coordinate vectors for using localization in the serial-observation processing filters. The file init_pdaf parse.F90, with 16
specific code lines, contains command-line parsing functionality, e.g. to choose at run-time which observations are assimilated.
With a more realistic model, one might want to replace the command-line reading with configuration functionality compatible

with the model, e.g., Fortran namelists, which are often used by models of Earth system components.

Author contributions. LN coded PDAF and the example model. YC, AC, and JK contributed functionality and bug fixes to PDAF, as well
as additions to its documentation. YC and AC also provided inputs to the example model. LN wrote the initial version the paper; all authors
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