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Chapter 8

Ideal Workflow for Data
Assimilation

8.1 Introduction

In this chapter a theoretical study is presented of what would constitute an
ideal workflow for setting up a data assimilation system. This will be done
along four main themes, first of all workflow representation: what needs to
be expressed in the workflow and which basic building blocks are needed to
achieve this. The second issue is the basic ingredients for workflow compo-
sition, the workflow constructs and definitions that are needed for building
and composing a workflow. The third issue is the methodology for build-
ing a workflow. Within the framework of this third issue, data assimilation
as a shared software resource will be explained. In particular what role is
played by all the basic workflow constructs and how this achieves the goal of
letting a non-expert end-user scientist construct a valid workflow for a tech-
nique outside his area of expertise. The construction of experiments within
an e-science domain has already been addressed in the chapter “Analysis
of Requirements for Virtual Laboratories” from the thesis of Ersin Cem
Keletas[82]. It explains the specific tasks of the various players (scientist,
domain expert, tool developer and administrator) have in constructing a
domain specific experiment. The aim of the ideal workflow for data assimi-
lation is to expand on this work to allow scientists from multiple domains to
share their tools through methodologies made explicit by the domain expert.
The emphasis in this chapter will therefore be on the scientist and domain
expert since it is their role which is expanded.

8.2 Workflow representation

To properly express a workflow we need to look at what is needed for a
workflow. First of all you need people to create the workflow and perform
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106 CHAPTER 8. IDEAL WORKFLOW FOR DATA ASSIMILATION

experiments. Next, a goal or research question is needed for the experiments
that will be performed. Then there is the data that you need in experiments,
as well as a means to analyze and manipulate this data. A task that can be
performed by man or machine. Finally computational resources are needed,
on which to perform experiments described in the workflow.

• Users
As was mentioned in chapter 2 several types of user exist: domain
experts, end-user scientist, tool developers and administrators. In the
representation it should therefore be clear what type of user is sup-
posed to perform which parts of the workflow.

• Goal
The goal of the workflow has to be clearly expressed, in the case of
data assimilation it should be made clear what measure is to be pre-
dicted and how far ahead should the prediction be. Furthermore the
granularity and accuracy of all the parameters should be clear, for in-
stance how big is each time step and what is the maximum allowable
prediction error.

• Data
Data used in the workflow has to be able to come from any source
which can keep up with the demands a workflow places on it, whether
this is a relational database, a comma separated file or a human typing
in numbers by hand. The location and nature of the data source has
to be expressed in the workflow in order for the end user scientist to
know what data he is using.

• Data analysis & manipulation
Steps within the workflow which manipulate or analyze data should be
clearly recognizable. furthermore it should be clear from the workflow
representation whether such a step is performed entirely by software
or requires some form of human interaction.

• Resources
The exact location of the computational resources and the storage
resources used in the execution of the workflow do not need to be ex-
plicitly defined. The workflow management system should be able to
take care of reserving and scheduling appropriate resources for execu-
tion. However if debugging has to be performed one should be able to
find the specifics of actual execution.

The most intuitive way to present and compose a workflow for data assimila-
tion uses a temporal view. This means that steps in the workflow are ordered
chronologically and that a connection between two steps implies that one
is performed after the other. As data assimilation is an iterative process
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which contains feedback loops, the occurrence of loops should be allowed
in the workflow representation. To maintain a good overview a hierarchical
representation of a workflow should be possible. At the highest level a work-
flow consists of just a few main steps which hide underlying subworkflows.
When a data assimilation experiment has many steps in data preparation
a good overview can be maintained when this stage of the workflow can be
collapsed into one composite step in the workflow representation.

8.3 Workflow composition

The composition of a workflow can be a complicated process, especially
for an end user scientist who composes a workflow that employs resources
outside of his area of expertise. Within e-Science it is an important goal
to enable an end user scientist to do just that. In this section we will
explore how composition would ideally happen with data assimilation as
the technique that has to be implemented by a non domain expert. First all
the prerequisites before the actual composition starts will be investigated,
followed by the composition itself.

8.3.1 Defining data

For data to be useful in e-science it needs to be properly defined. This is
a task that has to be performed by whomever introduces data into the e-
Science environment: most likely an end user scientist who wants to perform
an experiment. Most important is the definition that will directly affect the
functionality of a workflow. This functional definition consists of:

• data type(int, float, string)

• data form(file, stream, database)

• data location (url, database query)

The type and form definition will allow the SWMS to determine whether
data is compatible with resources in the workflow. While data location is
essential not just for execution but also for reusability and reproducibility.
Apart from the need to define this basic information, potential semantic
user assistance at the composition stage can only be exploited if semantics
for the data are defined. Another benefit of adding semantics is to make
workflows more meaningful in a collaborative environment where more than
one end user scientist is working with a workflow. Important meta data to
be added for data assimilation is the following:

• Data origin: Data assimilation deals with making predictions in time
and or space, therefore it is important to define when and where data
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was gathered. Apart from knowing where and when data was gath-
ered it is also important to know how this was done. For instance
what type of instrument or sensor was used, and what was the setup.
When setting up a data assimilation experiment for real time use, it
is important to know if there is a delay involved in the data collection
method. Other end user scientists should be able to easily determine
the nature of the data when working in collaborative environments or
when offering a workflow for reuse.

• Data classification: Classifying data according to domain terminol-
ogy is information that can be used later on to provide user assistance.
Within data assimilation “time series data” and “GIS data” are broad
terms that can be helpful. But more application specific terms such
as “floating car data” should also be defined here.

• Data uncertainty: If anything is known beforehand about the qual-
ity and especially the uncertainty of data, for instance the error dis-
tribution produced by a sensor is often known, it should be stored in
meta data. In data Assimilation the minimization of uncertainty is
the main goal, therefore knowing the uncertainty in the input data is
a very important consideration when composing a workflow. Formal-
izing this knowledge in meta data could help the SWMS provide user
assistance in this area.

8.3.2 Defining resources

Similar to data, workflow resources also need to be defined. In this case it
is the person who has created the resource, most likely the domain expert,
who has to perform the definition. The functional definition in this case
consists of the following:

• resource location (url)

• for each input:

– expected data type

– expected data form

• for each output:

– produced data type

– produced data form

For providing better user assistance and facilitating collaboration the fol-
lowing meta data can improve resource definitions:
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• Runtime behavior: Whether the resource is fully automated or it
requires some form of human interaction during execution. How much
time execution is estimated to take.

• input/output characteristics: What class of data the resource ex-
pects as input and produces as output, for instance: “time series data”.
What minimum quantity of data is needed for a meaningful result.
What degree of uncertainty this resource can deal with. What the
relation is between input and output data, in terms of quantity and
uncertainty.

• Context: Which other resources are usually combined with this re-
source. Which other (partial) workflows employ this resource.

• Documentation: Links to textual documentation of the resource
itself and links to background information on the techniques used in
this resource e.g. scientific papers.

• Access: Who is allowed to use this resource? Users belonging to a
project, all people belonging to one organization or even people outside
of the organization for which the resource was developed.

• Cost: What is the price attached to using this resource for different
users, e.g. it is free to users from the within a project while outside
users might be charged a fee.

8.3.3 Defining goals

When constructing a workflow, a clear goal for that workflow is needed. The
research question for an experiment needs to be clearly formulated at the
beginning of an experiment. This task falls clearly under the responsibility
of the end user scientist who is constructing a workflow. In the case of Data
Assimilation the required goal is always a prediction of some sort. At the
start of workflow construction the required prediction should be specified
at the very least at the functional level. Type and form of required output
data should be specified as well as where the output should be directed:
a database, a visualization on screen etc. In addition higher level char-
acteristics as described in the data (8.3.1) and resource definition (8.3.2)
subsections can be added. For instance the maximum allowable uncertainty
can be pre-defined or restrictions on computation time can be imposed for
real time systems.

8.3.4 Provenance

Until now this section has made clear what meta data can and should be
defined and by which type of user. But not all meta data has to be added
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by a user, some of it can be added automatically. Provenance data based
on the context in which a resource was previously used is well suited for au-
tomatic addition. Also information on average execution time of a resource
can be gathered automatically. The Provenance modules within a SWMS
continually gather important statistics, currently mostly about data, but
the module could also automatically derive many more useful meta data of
the types just mentioned.

8.3.5 Partial workflows

Certain parts of a new workflow, will have much in common with previous
workflows. The combinations of resources can often be the same for many
experiments. Therefore it is useful to have support for partial abstract
workflows. Partial because they do not cover a whole experiment but just
a commonly reoccurring topology of resources. Abstract because they have
to be independent of the specific details of the experiments being performed
in the workflow thereby making them suitable for reuse. They need to have
the same definition as a resource would have to allow proper user assistance
for employing them. The creation of these partial workflows can happen in
several ways, first and most importantly the domain expert should define
the most common partial workflows for his domain when he wants to make
a set of his tools available as a generic software component. In case of non-
trivial patterns he can use a formal approach using one of the formalisms
described in chapter 4. Based on this formal analysis the domain scientist
could implement these patterns in a suitable SWMS. Secondly an end user
scientist can construct an abstract workflow from a concrete workflow when
there is a need for sharing it. Finally many workflow patterns are not domain
specific but do occur frequently. For instance running an ensemble estimator
within a data assimilation experiment constitutes a pattern that is in essence
a parameter sweep: a very common e-Science pattern. An expert in formal
analysis of workflows can therefore provide standard patterns for workflow
formalisms that are formally checked. As second step scripted versions of
these patterns can be made. These can generate patterns for arbitrary
numbers of inputs and/or outputs where applicable. An ensemble estimator
is in essence the same pattern wether it involves 10 or 30 ensembles.

8.3.6 Dissemination

Workflows and software resources need to be published somewhere in order
to be disseminated. A software resource can exist as a set of web or grid-
services, but potential users need to be made aware they exist. Currently
this is done by writing scientific publications about them, publishing them
on dedicated webpages, or including them in the list of standard services in
a SWMS. The meta data associated with these services aids their discovery
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Data Flow
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Figure 8.1: Legend for workflows

by other users.

8.3.7 Meta workflows

The goal of the workflow design methodology for data assimilation is to allow
an end user scientist to properly build a workflow for using this technique
even if it is outside the area of his expertise. In order to do this he not only
needs help in connecting individual resources, also a specific methodology
for the shared software resource is needed. For this a high level workflow,
or meta workflow can be employed. In figure 8.2 the meta workflow for
data assimilation is presented. It shows the main high-level steps for a
data assimilation system as well as the data flow between these steps and
the iterative activity order. For each of the steps involved in this workflow
another more detailed meta workflow exists (figures 8.5, 8.6, 8.7). These
meta workflows should be created by the domain expert who knows the
methodology involved. As a visualization method for these meta workflows
a common modeling standard such as UML could be used. This though is
not common practice within actual SWMS implementations. The method
chosen for visualizing these workflows is one similar to the methods employed
in many SWMS’s. As shown in figure 8.1 data is represented by rounded
rectangles, activities are represented by normal rectangles while data flow
is represented by dashed arrows and the execution order of activities is
represented by solid arrows. In the next section a description is given on
how meta workflows and all the other workflow ingredients mentioned in
this section come together in a workflow design methodology.

8.4 Workflow Design methodology for Data As-

similation

Now that all the prerequisites for building the workflow have been listed,
a methodology is needed to put it all together. First we will explain how
we view a shared software resource, then we will show the meta workflows
expressing the workflow design methodology for data assimilation.
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8.4.1 Shared software resource

The essence of turning a software resource into a shared one from the per-
spective of the domain experts entails making their software generic, en-
abling end user scientists to make use of their expert knowledge without
them being present. In the previous section it was mentioned what a do-
main expert should do to make his knowledge explicit and accessible to end
user scientists constructing a workflow. The collection of meta workflows,
partial workflows and resource definitions each with their own meta data
and documentation together with the resources themselves is what consti-
tutes a shared resource. In this chapter we look at what the workflow design
methodology is for a workflow using data assimilation as the shared software
resource.

8.4.2 Methodology

We will now look at the shared software resource from the perspective of the
end user scientist. In particular we will detail the methodology he has to
follow to use this shared resource to create a concrete executable workflow.
As a first step he needs to define the data he wants to use and the goal
he wants to achieve, as detailed in 8.3.1 and 8.3.3. The method followed
can be schematically expressed as represented in figure 8.4. First the meta
workflow comes into play: each highlevel step in the meta workflow needs
to have details added to make it more concrete. For the Data assimilation
workflow in figure 8.2 this means filling in the data preparation, estimator
and model steps.

• 1.1 The Data preparation step which will be detailed in section 8.4.3
requires data (1.1a) and a data preparation goal (1.1b) as input. This
data preparation goal can be the same as the overall goal, but when
the development of the concrete workflow is done in several iterations
the estimator workflow can put additional constraints on the data
preparation goal. The end result is an executable workflow for data
preparation.

• 1.2 The Estimator step which will be detailed in section 8.4.4 requires
prepared data (1.2a), a model (1.2b) and a goal (1.3a). The prepared
data is the output produced by the executable data preparation work-
flow (1.1c) and therefore also equivalent to the prepared data (2.1c) in
figure 8.3. The end result is an executable estimator workflow(1.2c).

• 1.3 The model step which will be detailed in section 8.4.5 requires the
goal (1.3a) and a current state estimate (1.3b). This current state es-
timate is the result of the executable estimator workflow and therefore
also equivalent to the current state estimate (2.2a) in figure 8.3. The
end result is an executable model workflow.
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Figure 8.4: Generic Software Component Workflow design method

The executable workflow presented in figure 8.3 shows how the three
workflows for the main data assimilation steps interact. The main steps
(2.1,2.2,2.3) will be described in detail later on. The important thing to
note about the interaction is that all state estimates and predictions are
stored (2.2b). This is done because the estimator needs to know the values
of previous predictions for the process of error minimization.

The process of making high level workflow steps concrete is an itera-
tive one where work has to be performed on all steps in parallel. At each
level of the composition process the end user scientist can be assisted by
a semantic search engine, which uses the constraints imposed by the (sub)
goals together with a statistical analysis of previous workflows to suggest
concrete resources or even partial workflows. Furthermore the meta work-
flow, partial abstract workflows and concrete resources all come with their
own documentation which can be used as an extra source of information. In
the following subsections we will elaborate on this methodology by detailing
the meta workflows for each of the main data assimilation steps. The steps
within these meta workflows are in most cases not simple computational
steps, but rather human activities supported by computational tools. The
result of this meta workflow though should be a workflow that is almost
completely computational.

8.4.3 Data preparation

The first step in the meta workflow for data assimilation is data preparation.
The methodology for data preparation is not unique to data assimilation.
It is a process that needs to be performed in many e-science applications.
Different fields of research are moving towards on-line data processing, pro-
cessing complex data structures and combining data from heterogeneous
sources. This is for instance identified in [25] for the field of data min-
ing. Existing methodologies for data preparation in data mining should to a
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large extend also be applicable to data assimilation. Thus instead of develop-
ing a methodology from scratch the CRISP-DM (CRoss Industry Standard
Process for Data Mining)[49] methodology which extensively covers data
preparation is used as a basis. It is assumed that the end user scientist
who composes a workflow already knows the important properties of his
data and also the goals he wants to achieve with the execution of the work-
flow. The business understanding and data understanding which precede
data preparation in the CRISP-DM methodology are therefore assumed to
be completed. In figure 8.5 the workflow for data preparation is presented,
Data (3.1a), Goal (3.1b) and Concrete Data Preparation Workflow corre-
spond with their namesakes in figure 8.2 (1.1a, 1.1b and 1.1c respectively).
What follows is a step by step explanation.

• 3.1 The first task that has to be addressed is data selection. Based on
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the data preparation goals (3.1b) a selection of the data(3.1a) can be
made. For instance the scientist might only be interested in predicting
events in a certain area or time period, and can therefore exclude
a lot of data which he deems irrelevant. Data can also be selected
on the basis of quality, or quantity when there is more data than
the subsequent data assimilation system will be able to handle. The
reasoning for this selection is expressed in a selection report(3.1c). The
other output of this step is the selected data(3.1d) itself.

• 3.2 From the Selection report relevant meta data can be abstracted
and added to the selected data.

• 3.3 In the data cleaning step, the quality of the data is improved
to meet the requirements set by the (sub)goal. For instance gaps in
the data may need to be filled, either by sensible default values or
by filling in the gaps using modeling techniques. In fact the model
that will be used for data assimilation may very well be suitable for
filling in gaps as well. The result of the data cleaning process is a set
of cleaned data(3.3b) and a report(3.3a) explaining how and why the
data was cleaned and what impact this may have on later stages of
the experiment.

• 3.4 From this report important meta data can be extracted for in-
stance marking which data was filled in and which data was unaffected
by the cleaning process.

• 3.5 Within data construction existing data is used to generate or de-
rive new data. The goals may demand that data which is implicit
in the dataset be made explicit when generating new data. It is also
possible that the modeling technique that will be employed demands
that new data attributes are derived from existing ones, for instance
transforming speed measurements from m/s to km/h. Associated meta
data will also have to be generated/transformed for the resulting set
of constructed data(3.5a).

• 3.6 Data integration takes care of both merging data and data ag-
gregation. Merging data from different sources is employed when the
data preparation goals require one data source while the required in-
formation in reality comes from multiple data sources. For instance
combining bird observations for a certain location with the wind-data
for that same location. Data aggregation is a very important process
within data assimilation. Usually the observations are not of the same
granularity as the model expects. Choosing the way in which data is
aggregated to suite the needs of the employed model is of great influ-
ence on the eventual accuracy of the system. Apart from merging and
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aggregating the data itself the associated meta data also needs to be
transformed. The result is an integrated data set (3.6a).

• 3.7 The final step in data preparation is data formatting. This is a
syntactical operation in which all the data is set in the order expected
by the data preparation goals resulting in a formatted data set(3.7a).

The result of this meta workflow should be a concrete workflow that prepares
the data for use by the estimator. For most data assimilation cases this will
be a purely computational workflow selecting cleaning and transforming
data within real time constraints.

8.4.4 State Estimation

Within data assimilation the choice for a particular type of estimator is an
important one. The task of the estimator is threefold:

• Filtering, minimizing the error of the current state

• Prediction, forecasting into the future

• Smoothing, backcasting using the observations available up to the
present

The emphasis in this thesis is on prediction. The other two goals however can
play a part in improving the accuracy of prediction as well. The estimator
tries to achieve its goals by minimizing the model error and the observational
error. The former is done by adjusting parameters within the model or
parameter estimation, the latter is done by estimating the current state on
the basis of previous observations known as state estimation. To determine
which estimator is appropriate the properties of the data, model and data
assimilation goal have to be well known. The workflow presented in figure
8.6 therefore mainly concerns itself with this. It is possible that all the
information needed is already available in the meta-data, however in practice
some things will need to be checked. The prepared data (4.1a), model (4.2a),
goal (4.4a) and integrated estimator workflow (4.7a) match their namesakes
from figure 8.2 (1.2a, 1.2b, 1.3a and 1.2c respectively). What follows is a
step by step description of the estimator meta workflow.

• 4.1 The nature of the noise in data is important since many estimators
assume this noise to be Gaussian and some estimators are able to deal
with non Gaussian noise better than others.

• 4.2 In principle estimators are not suited to non-linear problems. How-
ever there are estimators which are able to deal with some forms of
non-linearity. It is therefore important to know if a problem is non-
linear and if so in what way.
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• 4.3 When using parameter estimation a number of model parameters
can be adjusted by the estimator. A decision has to be made on
which parameters should be adjusted: all of them or just a subset.
Furthermore there is a need to determine how these parameters can
be modified by the estimator.

• 4.4 In many cases data assimilation is used for real-time predictions.
This places limits on the computing time available. Some estimators,
for instance ensemble Kalman filters, require the model to be run many
times. The models computational requirements can severely limit how
many times the model can be run for each prediction.

• 4.5 Constraints on which estimators are suitable can follow from the
nature of the desired predictions and/or model: are they continuous
or discrete.

• 4.6 After having determined the constraints placed on estimator choice
by data (4.1b) and model (4.2b), an actual choice has to be made.
Through the use of these constraints the search-space can be limited
allowing a semantic search engine to suggest suitable candidates to the
end user scientist composing the workflow.

• 4.7 The suitable estimator has to be integrated with the model. If
they are a perfect match this should be plug and play, but in practice
it may require alterations to either the model or the prepared data.

Once integration is complete a concrete workflow for a state estimator exists.
It needs no user interaction to run, only prepared data and feedback received
from the part of the estimator that executes after the model has made its
predictions.

8.4.5 Model

Within the meta workflow for data assimilation the model is an optional
precondition. In case a model is not available there is support for building
a model. In this workflow design methodology there is support for every
modeling technique that is not constrained by the basic demands of data as-
similation: the ability to make predictions and having adjustable parameters
with known functionality. As the number of modeling techniques involved is
huge, the workflow for modeling is limited to a general methodology based
on the modeling part of CRISP-DM. The Current State Estimate (5.1a),
Goal (5.1b) and Integrated Model Workflow (5.6c) match their namesakes
in figure 8.2 (1.3b, 1.3a and 1.3c respectively). What follows is a step by
step explanation of this methodology which is shown in figure 8.7.

• 5.1 As a first step a modeling technique has to be selected. This choice
is already somewhat limited by the Data Assimilation criteria listed
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above, however it can be limited further by looking at the specific
goals for the experiment that is being constructed and the available
data. The result is a modeling technique and a report listing the
modeling assumptions. This report can be used to find and correct any
mismatches with the prepared data later on in the model integration
step.

• 5.2 The next step is generating a test design, the purpose of this is to
determine how a model should be tested. What is the quality measure,
how large should a training set be etcetera. The resulting test design
is a plan for training testing and evaluation.

• 5.3 With this in place a model can be build. It needs to be tested
according to the test design by determining a good set of initial pa-
rameters. The model should be described in all its important aspects
such as expected accuracy, robustness and computational complexity.

• 5.4 The model should be assessed to ensure that it meets all of the
demands that will be placed on it. This can be done by further testing,
checking by a domain expert, checking the plausibility and reliability
of the model results. This step can also lead to further insight into the
effect of parameter settings, leading to revised initial parameters.

• 5.5 The model description and parameter settings can be used to
generate meta data for use in the rest of the workflow.

• 5.6 In the model integration step the model needs to be matched to
the prepared data and parameter estimation, especially in the case
where a model was developed outside of the meta workflow.

This results in a concrete workflow for a model that can be adjusted and
produce predictions without the need for human interaction.

8.4.6 Workflow Patterns

The combination of data preparation, estimator and model should lead to a
concrete workflow. In the beginning of this section the simplest form of an
executable workflow for data assimilation was shown in figure 8.3. Different
more complicated patterns are also possible. Sometimes the choices in sub
workflows that create the steps in the executable workflow can influence
another. The most notable example in data assimilation is the interaction
between model and estimator. This interaction comes from two sides. First,
within the model the need can arise to do parallel computation: that is
divide the data that is used as input and run many parallel instances of
the model each with different data sets. Second, the estimator chosen can
be of the ensemble type requiring many instances of the model to be run
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each with slightly different initial conditions. In the most extreme case
both can occur in the same workflow. In Figure 8.8 such a workflow with
multiple model instances is illustrated. As can be seen from this figure, the
execution diverges into three separate threads and converges again. Before
the estimator can run again all model computations need to be finished as
the global state estimate has to be determined before another iteration of
the loop can occur. The data set and initial conditions for the next model
iteration have to be determined which puts an extra burden either upon
the estimator in case of ensembles or on data preparation in case of parallel
computation in the model.

8.5 Optimization

A completed concrete computational workflow is by no means the end of the
design process. The performance of the workflow needs to be evaluated so
that adjustments to the workflow design can be made. This evaluation will
focus on the following points:

• The data has to be clean enough and contain enough useful information
for the model to work.

• The model has to be validated against the data to gauge its accuracy.

• The error minimization has to perform well enough to improve the
models predictions.

• The speed at which the estimator converges. In other words: how
fast the size of the adjustments the estimator has to make at each
time step reduces. This convergence continuous until a (near) optimal
error minimization is reached.

• The results of the workflow need to meet realtime constraints.

The remedy to these problems can be found in each of the three basic steps:
model, estimator and data preparation. In order to explore alternatives in
either three steps, parameter sweeps on the entire workflow can be performed
by running many different instances of the computational workflow each with
different parameter settings.

8.6 Requirements for Scientific WorkflowManage-
ment Systems

After showing what an ideal workflow for data assimilation looks like, we will
conclude this chapter by analyzing what requirements this workflow places
on real SWMS if it were to be implemented. These requirements have been
divided into meta-data, expressivity composition and grid requirements.
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8.6.1 Meta-data

Maintaining meta-data during the execution of a workflow has two goals:
reproducibility of the whole workflow and creating a history of experiments
which can be used as a blueprint to assist in the composition and the execu-
tion of future workflows. Reproducibility of a particular run of a workflow
is important within an e-science context as scientific experiments need to be
reproducible. Furthermore properly maintained provenance data can help
other scientist to reproduce a particular workflow using their own resources
which is an important capability for the peer review of workflows. The other
use of provenance data is to help in the composition of a new workflow. For
instance: a scientist implementing a new data assimilation workflow using
an ensemble Kalman filter can learn how it was implemented in the past by
using the provenance data associated with an ensemble Kalman filter. Three
forms of meta data are required: first provenance of data, what particular
data set was used at what time. Secondly, provenance of topology, meaning
a workflow component was connected to other components at a certain time
and which of these connections were active. Finally meta data descriptions
of the interfaces of components are desirable: e.g. an input port takes in-
tegers which describe temperature in degrees Celsius with the capability of
processing a certain number of these inputs per second.

8.6.2 Expressivity

The expressivity of a SWMS and more specifically the workflow language
it employs determine what workflows can be created. For data assimilation
the obvious construct that is needed is a loop because the model and the es-
timator are iterated many times during a typical data assimilation workflow.
Less obvious but still needed is support for parallel execution, in terms of the
workflow patterns[24] mentioned in chapter 3. Both the ”AND split”, ”OR
split” and some form of synchronization are needed. The ”AND split” is
needed for distributing the same data to different instances of the model, for
instance when transporting observational data to different model instances
in a workflow utilizing an ensemble Kalman filter. The ”XOR split” is
needed when transporting different data to each instance, for instance when
using a parallelized model where each instance needs a different part of the
observation data. After all model instances have finished, synchronization
of execution is needed. In order to determine the global current state es-
timate, the estimator needs input from all models. If data communication
is not explicitly modeled and a globally accessible data store is used just
”AND split” and synchronization suffice. This is however an undesirable
situation as data assimilation is driven by streaming data, thus not showing
the main driving force explicitly obscures the way the workflow operates to
the user.
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8.6.3 Composition

The composition of workflows involves more than connectivity and synchro-
nization as described above. The data assimilation workflow as presented
in this chapter involves hierarchy, abstract workflows, abstract to concrete
composition, dynamic workflow generation and human in the loop comput-
ing. Hierarchy is needed to implement the part of the ideal workflow where
one workflow component can represent an entire subworkflow, for instance
the data preparation step in figures 8.3 and 8.8 represents the subworkflow
depicted in figure8.5. Furthermore many workflow steps in the ideal work-
flow do not at first represent a real executable workflow step but rather
an abstract representation that has to be instantiated to a concrete one at
some point during the composition process. So apart from hierarchy ab-
stract workflow components and abstract to concrete composition should be
supported. The optimal number of parallel model instances used in a work-
flow utilizing ensembles or a parallelized model can differ depending on the
input data used. Dynamic workflows can be desirable if this optimum can be
computed in a dynamic workflow where the user does not have to specify or
compose by hand all the parallel instances needed. During the execution of
a workflow an end user scientist will often want to analyze intermediate re-
sults in data preparation and adjust workflow component parameters based
on his expert opinion. The SWMS can support this through computational
steering; parameter adjustments at runtime as well as the user pausing and
restarting the workflow to analyze results, or even steps in the workflow
which are human activities.

8.6.4 Grid support

Data assimilation often has to deal with massive data and associated mas-
sive computation, especially if more compute intensive estimators such as
the ensemble Kalman filter are employed. Thus when executing such a data
assimilation workflow, grid support is desirable. Each workflow component
can be deployed to a different grid node according to its computational
needs. The data in data assimilation should be routed directly from compo-
nent to component and not via a central engine. The scheduler associated
with the SWMS should be able to deal with dynamic workflows as described
above. Finally it is desirable that when a model instance is run multiple
times it can maintain its state on the node on which it is running while
communication only consists of the changes in its state instead of sending
all data for each iteration.
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8.7 Overview of features in existing SWMS

Presented in table 8.1 is an overview of the extent to which current SWMS’s
support the features required for the ideal data assimilation workflow. The
table is explained along the three main requirements of provenance, expres-
siveness, computation and grid support.

Meta-Data

As can be seen in Figure 8.1 currently only two SWMS more or less support
all provenance requirements. These two systems, Pegasus and Taverna,
also happen to be the most constraint in expressiveness. Their workflow
topologies are based upon directed a-cyclical graphs (DAG). This makes
collecting provenance data on topology relatively easy. One could argue that
if the data and component provenance is rich enough, topology provenance
could be derived, certainly in combination with the workflow description
itself. This has not yet been done however and for more expressive control-
flow oriented systems or for a system such as Kepler which has multiple
execution models this is a far from trivial task.

Expressiveness

The ”AND split” is supported by all systems however XOR and Synchro-
nization, two other important patterns for data assimilation, are supported
only implicitly by some systems. In these data-flow oriented systems one
can express these patterns by embedding functionality inside workflow com-
ponents. The systems are thus able to perform these patterns but have
no explicit representation for them. Creating the patterns in this way also
limits the potential for reuse of these workflow components because they
implicitly embed this functionality. Kepler supports multiple models of ex-
ecution which are called directors. It supports synchronization implicitly in
its SDF (Synchronous Data Flow) director, explicitly in the DE (Discrete
Event) director but not in the PN(process network) director. XOR split is
supported explicitly in DE, however this is not a director generally used for
workflows. Kepler supports directors which are not suitable for workflow
because it is build on top of Ptolemy II, a hardware simulator.

The case of loops is far more clear cut. In cases where they are not
supported it will be difficult to create a data assimilation workflow as a loop
is inherent within data assimilation. Something which is clearly illustrated
by the two case studies presented in chapter 7 as well as most other data
assimilation scenarios.
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GVLAM Kepler Taverna Triana Pegasus ICENI

Meta-Data
data provenance no yes yes no yes no
topology prove-
nance

no no yes no yes no

component
meta-data

no yes yes yes yes yes

Expressiveness
loops no yes no yes no yes
XOR split implicit depends on di-

rector
implicit implicit yes yes

AND split yes yes yes yes yes yes
synchronization implicit depends on di-

rector
yes implicit yes yes

Composition
hierarchy yes yes yes yes yes yes
abstract work-
flows

no no no no yes yes

refinement no no limited no yes yes

Execution
dynamic work-
flows

no no no no limited limited

grid support yes yes no yes yes yes
grid scheduler yes no no yes yes yes

Table 8.1: Scientific Workflow Management Systems compared
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Composition

Hierarchy is supported by all the systems in this comparison, however other
features for composition receive less support. Abstract workflows are only
supported in DAG based workflow systems. GVLAM does support the con-
cept of ”study” which can be viewed as a form of abstract workflow. In a
”study” all steps performed by the scientist are made explicit while actual
computational steps are handled in a separate workflow representation. The
study itself is not refined into an executable workflow: rather one step of a
study can represent an entire computational workflow. Both Iceni and Pega-
sus offer the ability to dynamically change the number of parallel instances
of a workflow component. Computational steering, altering of aspects of the
workflow at runtime, is not directly supported in any of the systems. Some
workarounds are possible by implementing workflow components which offer
an interface that is independent of the SWMS to offer steering of parameters
associated with that component.

Execution

The massive computing power needed by data assimilation workflows deal-
ing with large amounts of data and complex models, can be accessed through
the grid. All systems except Taverna offer some form of grid support. Kepler
currently has the possibility of grid actors which can run on the grid, it does
not offer its own scheduler to optimize the running of an entire workflow
of grid actors on the grid. Dynamic workflows where the topology of the
workflow can change during execution are to some extent possible in ICENI
and Pegasus. In these systems the topology could potentially change based
on input data to create more parallel jobs when required. Dynamic work-
flows which allow for computational steering are not currently supported.
For computational steering a user should be able to stop certain workflow
components while the workflow is running and possibly exchange them for
others.

8.8 Discussion & conclusion

The methodology for sharing resources as presented in this chapter puts a
large burden on the domain expert who has to make his resources available.
What would be the motivation for him to do this? There is only a small
direct benefit to his own research having a larger group of users. Benefits
include raising the profile of his research and receiving feedback from the
user community. This alone probably does not warrant the effort.

There are examples of how, through a change in the way science is
funded, the needed incentives can be offered. The National Centre for Text
mining[34] in the United Kingdom is a good example of this. This Na-
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tionally funded center offers support for textmining tools to scientists in the
whole of the country. Among other things its developers provide support for
interoperability and sharing of these tools. By directly funding the support
for shared tools instead of only individual research the conditions have been
created to make text mining a viable shared software resource. A similar
setup could be used for data assimilation.

While in earlier chapters the focus was on formal methods to aid workflow
design, in this chapter we can see that the largest amount of work in shar-
ing software resources actually goes into making domain knowledge explicit
and accessible to the end user scientists. Data assimilation workflow design
can benefit from formal methods in validating the design patterns needed
for ensemble estimators and for job farming of entire workflows. Currently
there is no single SWMS that can support all the features that are needed
to implement the ideal workflow presented in this chapter. There is a clear
dichotomy between systems offering all the meta data support needed, such
as Taverna and Pegasus, and those offering the expressivity that is needed
such as Kepler and Triana. Taking into account grid support and composi-
tion removes Taverna form consideration. The fact that a data assimilation
workflow does not execute without a loop leaves Triana and kepler as the
most likely systems to use at this moment. In the near future one can ex-
pect development of additional features in all of the systems. Especially
provenance is a very active research area. Even with more features it is un-
likely that there will be one system that supports all the features needed for
data assimilation. Conventional wisdom might lead to the development of
a specific workflow system for data assimilation. A better approach would
be to exploit and encourage interoperability between systems. One answer
to greater interoperability can be found in the development of the workflow
bus[135] which can connect different SWMS together. This allows a scientist
to exploit the features of multiple SWMS in one experiment. Another way
to achieve greater interoperability is to take a more modular approach in the
development of SWMS, for instance the searching in provenance data could
be made workflow system agnostic. A possibility explored in the Second
Provenance Challenge[99].




