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Abstract—Earth observation (EQ) scientists use sophisticated
algorithms, large datasets, and high-performance data analytics
(HPDA) clusters to develop and execute complex EO workflows.
To improve portability and reusability within the domain, the
Open Geospatial Consortium (OGC) published a set of best
practices for developing EO workflows. Even though EO data
products are often shared openly, representative EO workflow
implementations are hardly available.

In this paper, we contribute a case study on implementing
and scaling a complex EO workflow, adhering to the OGC best
practices and demonstrating its portability by deploying it both
locally and on the HPDA platform “terrabyte” at the Leibniz
Supercomputing Centre. Contentwise, the contributed workflow
analyzes settlement patterns by first delineating coherent set-
tlements derived from leveraged satellite data that maps built-
up areas and subsequently calculating centrality measures to
characterize the spatial arrangement and hierarchy of settlements
in a given region.

We demonstrate the workflow’s scalability and variance in
resource demands by analyzing its time-to-result, total CPU time,
and resource efficiency under different inputs and configurations.
Interestingly, implicit parameters hidden in the input data
semantics, like the number and area of settlements in the region
of interest, significantly impact the time required to complete
the processing. Concurrent processing is restricted to connected
components of the settlement graph in the analysis stage, leading
to an unbalanced workload distribution when analyzing large
urban areas, showcasing the scalability challenges EO scientists
face.

Index Terms—Scientific Workflows, Earth Observation, Work-
flow Engineering, Performance Measurements

I. INTRODUCTION
A. Context

Earth Observation (EO) scientists face numerous challenges
when developing and instantiating a workflow. In addition to
domain-specific hurdles, researchers must also deal with com-
plex computer-science-related problems to efficiently process
the enormous data volumes (up to petabytes) omnipresent in
remote sensing applications [1]. Consequently, EO scientists
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without professional IT skills often resort to tedious manual
or semi-automated approaches to realize their workflows [2].
Moreover, EO processing pipelines are usually developed
from scratch according to the domain-specific requirements
and not considered or formalized as workflows, resulting in
limited reusability and reproducibility due to the lack of
common abstractions. Even though EO data products are often
shared openly, representative EO workflow implementations
are hardly shared in a findable way. One of the biggest cross-
domain workflow registries, the WorkflowHub [3], with almost
800 shared workflows, only features two EO-related workflows
up to now. To combat this issue, the Open Geospatial Con-
sortium (OGC) introduced best practices for the development
and packaging of EO workflows [4], building on the Common
Workflow Language (CWL) [5] to abstract individual process-
ing steps and ensure the portability, isolation, and reproducibil-
ity of workflow executions. However, the adoption of CWL
within the EO domain is still limited, with EO exploitation
platforms providing no native support for executing CWL
workflows. An example of an EO exploitation platform we
use in this paper is terrabyte [6]—a high-performance data
analytics (HPDA) platform developed as part of a long-term
collaboration between the Leibniz Supercomputing Centre and
the German Aerospace Center. It comprises a powerful com-
pute infrastructure with 1.3 petaFLOPS, 60 GPU accelerators,
InfiniBand networking at 320 Gb/s, 50 petabytes of storage,
and provides on-demand remote development services and
rapid data access through an STAC [7] catalog.

B. Motivation

To investigate the challenges in modeling an EO workflow
with CWL and executing it on an HPDA! platform, we
developed a complex EO workflow featuring multiple stages,
explained in detail in Section IIl. The workflow aims to

! Definition of HPDA https://www.weka.io/learn/glossary/ai-ml/hpda/
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contribute to state-of-the-art research within the settlement
pattern analysis domain, studying a realistic application sce-
nario. In the research field of settlement pattern analysis,
geoscientists are interested in the extent and distribution
of settlements as well as the spatial relationships between
them [8]. Current research often depends on remote sens-
ing data acquired by satellites and leveraged through image
processing techniques [9]. Due to the improved resolution
of satellite images, a single large urban area is mapped to
multiple disjoint settlement patches separated by roads or nat-
ural obstacles like rivers, ultimately distorting the analysis of
settlement patterns. Consequently, individual settlements must
be aggregated into urban areas before conducting the analysis.
We propose a graph-based delineation of settlements, joining
neighboring settlements with the edge contraction procedure.
The subsequent analysis computes selected centrality measures
upon the contracted settlement graph, allowing domain experts
to identify important settlements within an area.

C. Contribution

We provide a case study on a realistic multi-stage scientific
EO workflow with varying parallelism, modeled according
to state-of-the-art best practices. The workflow implements a
novel graph-based approach to delineate urban areas, lever-
aging the graph data structure to compute domain-specific
centrality measures. The parallel execution of independent
CWL jobs enables the procedure to process the most complex
urban areas while yielding reproducible results. However, we
also identify challenges to model arbitrary job dependencies
in CWL, requiring a proprietary scheduler to orchestrate the
workflow. In addition to the workflow’s deployability on an
HPDA system, we investigate the performance characteristics
of the proposed multi-stage workflow to gain insights into the
resource demands of different stages and the impact of the
chosen input region and applied configuration on the time
to result (TTR). Moreover, we analyze the contribution of
each workflow stage to the total processing time. These mea-
surements provide valuable insights into the performance and
resource demand profile of a typical EO workflow, supporting
further endeavors towards dynamic resource allocation in the
context of scientific workflows.

II. BACKGROUND AND RELATED WORK

This section introduces best practices for constructing a
workflow within the EO domain before reviewing related
research in benchmarking scientific workflows. After that, we
highlight the workflow’s input dataset and related approaches
to delineate urban areas and analyze settlement centrality.

A. OGC Best Practices and CWL

The Open Geospatial Consortium released best practices for
modeling and packaging workflows to foster their reusability.
It requires EO workflows to be executable as a non-interactive
command line tool and be delivered in a container image with
all necessary software, libraries, and configuration files [4].
Furthermore, the input and output of the application have to be
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formally defined, for example, using STAC (SpatioTemporal
Asset Catalog [7]). The OGC best practices for packaging an
EO application require a valid CWL document formalizing
a workflow’s interface and processing steps. In addition to
the input and output schema of the wrapped command line
executable, the .cwl file may define a container image as an
execution environment and capture log files [5]. A CWL-
compliant runner then binds values to the input variables,
defined in the .cwl file, and executes the workflow in the
specified environment. The binding of input parameters can
be accomplished directly through command line options of
the runner or by supplying an additional JSON-based job
file initializing the input variables. The reference CWL-runner
cwltool [10] is maintained by the community and suited
for the local execution of CWL jobs. However, more special-
ized CWL-compliant runners exist that are better suited for
their respective target platforms. The Toil CWL-runner, for
example, simplifies the deployment of CWL tasks on HPC
systems [11] while Calrissian [12] enables the execution
of CWL workflows in a Kubernetes cluster.

B. Benchmarking Scientific Workflows

Measuring the resource demand and time-to-result of sci-
entific workflows on HPDA systems provides essential in-
sights for the platform operators. The framework WfCommons
provides tools for tracing or simulating workflow execution,
and it additionally enables the generation and benchmarking
of synthetic scientific workloads within the WfBench com-
ponent [13], [14]. Additionally, the Workflow Trace Archive
allows users to upload traces of real-world workflow runs,
providing a detailed analysis of the resource demand profile
and workflow progression [15]. Although featuring almost 100
entries, no EO workflow trace is available. By observing the
resource demands on the execution platform, Rohwer et al.
identified phases of a real-world EO workflow, gaining insights
into the resource demand profile [16]. The previously men-
tioned WorkflowHub [3] features a large archive of workflows
from various domains; however, it currently only contains two
EO workflows [17], [18]. Lehmann et al. measured the effi-
ciency and execution time of a production EO workflow ported
to the scientific workflow system Nextflow [19]. Tian et al.
orchestrated a deep learning EO workflow on an HPC platform
with Apache Airflow, showcasing the linear scalability of the
approach in the training time per epoch and the number of
available nodes.

However, only a few detailed performance evaluation stud-
ies of real-world EO workflows have been published. In this
paper, we provide in-depth performance measurements across
multiple, heterogeneous workflow stages in Section IV.

C. WSF 2019 Dataset

The binary build-up layer of the World Settlement Foot-
print (WSF) 2019 [20] provides the initial spatial information
about settlements that the workflow requires. The dataset is
arranged as a grid of files, each covering roughly a surface
area on Earth of two degrees longitude by two degrees latitude.
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The settlement coverage data is stored in a GeoTIFF file, each
pixel representing ten by ten meters on the Earth’s surface.

D. Settlement Pattern Analysis and Urban Area Delineation

Related research in the geographic domain of the proposed
workflow includes settlement pattern analysis and the delin-
eation of settlement boundaries.

Common procedures in settlement pattern analysis include
statistical [21] or manual [2] methods to classify settlement
types and centrality analysis to identify important agglomera-
tions in a region. The latter is usually based on centrality mea-
sures, requiring the construction of a settlement graph. Esch
et al. introduced several domain-specific centrality measures
that also take spatial relationships into account [22]. However,
the selected graph construction procedure faced scalability
challenges due to the quadratic asymptotic complexity in the
number of settlements.

Administrative city borders, for example, available in Ur-
banAudit 2021 for Europe [23], define the official extent of
a settlement. However, as exemplified by Taubenbock et al.,
these administrative delineations of a city rarely match its
actual extent [24]. The authors propose a geometric approach
based on circle sectors to approximate the dimensions of
an urban area. More modern approaches resort to statistical,
machine-learning methods to delineate settlements [25], [26].
As a novelty within the domain, we introduce a graph-based
method to delineate the extent of urban areas. This approach is
more flexible than established methods, since the criteria for
determining neighboring settlements can easily be swapped,
while centrality measures can be computed directly on the
settlement graph.

III. SETTLEMENT DELINEATION AND ANALYSIS
WORKFLOW

In this section, we illustrate the modeling, workload par-
allelization, and orchestration as well as the deployment of
the Settlement Delineation and Analysis (SDA) workflow. The
source code is available in the Fishnet repository [27].
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Fig. 1. Processing steps of the SDA workflow.
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A. Modeling of Workflow Stages

The workflow comprises four main stages, each imple-
mented as a standalone executable, with the interface wrapped
in a CWL definition file. Figure 1 illustrates these steps for a
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single input along with the artifacts produced by each stage. At
first, the raster input is polygonized with the library GDAL [28],
and settlements not fulfilling the Filter Predicate are dropped.
In the subsequent stage, the adjacencies of the settlements are
computed according to a user-configurable criterion. It uses an
adapted plane sweep [29] to avoid unnecessary comparisons
between far-apart settlements. The settlement graph is then
contracted with edges fulfilling the Contraction BiPredicate
being removed from the graph and the incident vertices
merged. The connectivity to former neighbors of aggregated
vertices is restored afterwards.
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Fig. 2. [Illustration of the edge contraction procedure, optimized through
aggregating connected components in the contractable graph first and then
reducing the vertices of a component to a single vertex.

Figure 2 illustrates this procedure with the contraction
criterion dependent on the distance between vertices and the
reduce function combining the vertices. The behavior of these
functions can be swapped easily in the implementation. To
improve the performance of this stage, the Producer-Consumer
pattern [30] is applied with an adapted breadth-first search
[31], uncovering components in the contractable subgraph
while consumers concurrently reduce these clusters to a single
vertex. In the provided visualizations, the reduction function
aggregates the settlements of a cluster into a single multi-
polygon. The final analysis stage computes selected centrality
measures on the contracted graph and stores the centrality
values for each polygon in the output shapefile. Optionally,
this stage can visualize the graph’s edges in a separate output
file. It utilizes a thread pool for code-level parallelization to
compute centrality measures and visualize the settlements and
edges concurrently.

Across the stages, the SDA workflow produces intermediate
results, which can be leveraged after a failure to restart the
computation at that stage. Figure 3 exemplifies the progress of
the workflow for the city of Nuremberg. After the filtering step,
the raster input from WSF 2019 is polygonized with a unique
identifier assigned to each polygon, visualized in different
colors in the image. Additionally, insignificant settlements are
dropped at this stage. After the contraction stage, the disjoint
settlement patches are aggregated into a single multi-polygon.
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Fig. 3. The city of Nuremberg after different workflow stages. In B) and C),
the polygons are colored according to their identifier; D) features a gradual
coloring dependent on centrality.

The final result in Figure 3.D) contains the visualized edges
and aggregated settlements, which are gradually colored from
blue to red according to their degree centrality value.

B. Workflow Orchestration

To ensure the scalability of the workflow, the procedure
requires workload distribution to enable parallel processing. A
workload is abstracted as a CWL job, processing a partition of
a stage’s workload. Since the WSF dataset comes as a grid of
files, workload splitting on the level of input files is natural.
As illustrated in Figure 4, the first two stages benefit from
this approach. While the polygonization and filtering can be
processed independently for each input file, the subsequent
neighbors stage depends on the filtered Shapefiles of bor-
dering input regions since settlement adjacencies might cross
file boundaries.
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Fig. 4. Workload distribution of the Filter and Neighbors stage through
file-level parallelization.
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Depending on the user-defined contraction criterion, a con-
nected component of the settlement graph might be reduced to
a single vertex. However, since a connected component of the
settlement graph can span multiple input files, parallelization
on the level of input files is no longer applicable. Therefore,
the workload of the Contraction and Analysis stages is
distributed concerning connected components instead, ensur-
ing a correct result despite concurrent execution. The workflow
features a synchronization point after the neighbors stage
completes, and the administrative component s stage reveals
the connected components of the settlement graph and gener-
ates the jobs for subsequent stages, as illustrated in Figure 5.
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Fig. 5. Workload distribution of the Contraction and Analysis stage
on the level of the settlement graph’s connected components. Each workload
contains only the settlement polygons part of the connected component(s).

Additional orchestrational tasks include the split and
merge stages, initially further splitting the input and ulti-
mately merging the analysis output, respectively. Domain-
specific parameters and administrative settings are supplied
to each stage through a configuration file in JSON format. A
single management task orchestrates the workflow, generating
the CWL jobs and modeling their interdependencies in a di-
rected acyclic graph (DAG). Since the scatter feature of CWL
is insufficient to model the complex job relationships, the
workflow comes with a proprietary scheduler, leveraging the
DAG to identify concurrently runnable workloads. It submits
the jobs to the configured executor, which executes the CWL
job with its respective runner in a separate child process. The
SDA workflow stores its DAG and the evolving settlement
graph in a central graph database (Memgraph [32]), which
synchronizes the updates of concurrently running jobs. Race
conditions are avoided through workload dependencies in the
DAG and synchronized updates to the data structure itself.

During the workflow execution, the time-to-result of each
job is logged, as well as additional settlement graph prop-
erties. The performance analysis in Section IV leverages
these log files. Figure 6 provides an example of the Job
DAG, highlighting the stage interdependencies and the change
in parallelization level. In the example, the four split files
are all neighboring each other; therefore, the neighbors
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Fig. 6. Exemplary Job DAG of the SDA workflow with intermediate results.

jobs have to wait for the filter stage to complete. After
partitioning according to connectivity, the contraction and
analysis stages of every connected component are executed
independently. While the workflow can be scaled using a finer-
grained image splitting for the first two stages, its scalability
is ultimately limited by the number of connected components,
determined by the structure of the settlement graph at runtime.

C. Deployment and Configuration

Coherent with OGC best practices, the workflow comes
packaged in a container with the necessary dependencies
installed. The graph database Memgraph [32] is deployed in
another container to separate concerns. A docker-compose file
wires both instances into a single application. The workflow’s
executables can also be installed natively using the tool
CMake, requiring a running instance of Memgraph to execute
a workflow run. The third deployment option uses user-
level Charliecloud containers, required for a containerized
deployment on the HPDA platform terrabyte.

The user can adapt the workflow processing to the region
of interest through multiple configuration options. These are
provided to the SDA workflow in a json configuration file.
In addition to operational settings, the user can configure the
domain-related properties shown in Table 1. The upcoming
performance measurements vary the input region and the
configuration parameters below.

TABLE 1
DOMAIN-RELATED CONFIGURATION OPTIONS OF THE SDA WORKFLOW.
[ Parameter [ Unit | Description |
. Minimum area for settlement
Required Area m? X
to be considered
. Maximum number of neighbors
Max Neighbors - £
per settlement
. Maximum distance for settlements
Edge Distance m .
to be adjacent
. . Maximum distance for settlements
Contraction Distance m
to be merged

IV. WORKFLOW PERFORMANCE MEASUREMENTS

To satisty the resource requirements of the SDA workflow
for large-scale analysis, the procedure was deployed on the
terrabyte HPDA system. The platform restricts user privileges
on the system, prohibiting Docker containers from executing
since these inherently require superuser rights. Therefore,
Charliecloud is chosen as a non-privileged alternative [33],
packaging the workflow executables and executing the work-
flow in a containerized environment. Both the database and
the SDA workflow come packaged in a separate Charliecloud
container. A single Slurm [34] script starts the database and
executes the workflow according to the supplied input and con-
figuration. Additionally, computing resources, like the number
of CPU cores or the amount of memory, must be statically
allocated beforehand. The input files were split into 36 to 64
tiles, and the number of reserved CPU cores matches this value
for maximum parallelization during the first workflow stages.
By default, 100 GB of main memory was reserved for a run,
increased to 1 TB for densely-populated regions. Joint with
log files of each workflow job, the final Slurm report yields
the performance characteristics of a workflow run. Additional
measurements regarding I/O usage and the utilization profile
of processing and memory resources were not feasible on the
chosen HPDA platform.

A. Test Setup

Each experiment is conducted with a single WSF file as
input. The following enumeration lists the experimental setups
and their constant configurations, which are not altered during
the measurements. We chose the domain-specific distances ac-
cording to related research in settlement pattern analysis [22].

1) Varyinglnput: This test setup changes the WSF input
file while keeping the configuration constant across the dif-
ferent runs. Only orchestration-related parameters are adapted
according to the complexity of the input file. The input file
is split into 36 partitions, with the most complex region
Shanghai being split into 64 tiles. The hardware concurrency
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is set at 64 across all experiments. All settlements with an
area less than 5,000m? are removed. Settlements less than
3,000m apart are considered adjacent, with 500 m being
the maximum contraction distance. Except for the densely
populated Shanghai with 3; each settlement connects to at
most 5 neighbors. Table II lists the chosen input regions,
differing immensely in settlement complexity and distribution.
The WSEF tiles are available online on the EOC website 2.

TABLE I
SELECTED INPUT REGIONS WITH VARYING COMPLEXITY

[ Name | WSF Tile | Description |
Sparse settlements, clustered
Alps 10_46 in the valleys of the Alps
Bavaria 1048 Dense network of smal'li.:r
settlements, few large cities
Greenland —46_60 Isolated, few small villages,
mostly empty
Ruhr Area 650 Dense network of medium
to large settlements
. Enormous urban area,
Shanghai 120_30 covering the whole tile

2) VaryingConfig: This experimental setup investigates the
impact of the provided configuration options. The experiments
analyze the workflow’s runtime and properties of the settle-
ment graph. All workflow runs receive the Bavaria WSF tile
as input. Orchestration-related parameters are constant with
the hardware concurrency set to 40, and the input is split into
a grid of 36 files. For each run, the workflow runs from the
initial splitting to the final merge stage, with edges visualized
in a separate file and all 3 three available centrality measures
computed. The baseline run discards settlements with an area
below 5,000m? and allows at most 5 neighbors per vertex.
Settlements are considered adjacent if their spatial separation
is below 3,000, and an edge in the settlement graph is
contracted if the distance between the incident settlement poly-
gons is less than 500 m. The experiments vary the following
configuration options, with the baseline value underlined.

« Required Area: 5,000 m?; 10,000 m?2; 25,000 m?
« Max Neighbors: 1, 3, 5, 10
« Edge Distance: 1,000 m; 3,000 m; 5,000 m

¢ Contraction Distance: 200 m; 500 m; 1,000 m

B. Determinism and Runtime Variance

To rule out inconsistencies in the orchestration and prove
the deterministic behavior of the workflow, three independent
runs were executed with input and configuration matching the
baseline run of the VaryingConfig setup. The resulting
output files of the three runs are completely identical, matching
in file sizes, geometries, and settlement graph characteristics.
The three runs have an almost identical time to result, varying
only by seconds, which yields a deviation from the average
completion time of less than 1% for every run.

2WSF 2019 Dataset https:/download.geoservice.dlr.de/WSF2019/
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C. Execution Time of Workflow Stages

This experiment analyzes the minimum, average, and max-
imum execution time of every workflow stage. Both ex-
perimental setups are tested, providing a good variation in
the settlement distribution and workflow configurations. The
results are visualized in Figure 7, showing the computation
time distribution of each workflow step. The initial split and
final merge workflow tasks have a high average computation
time in minutes, up to over half an hour, since they do not
benefit from workload distribution, featuring only code-level
parallelization. The components task processes the whole
settlement graph sequentially without requiring any settlement
outlines, relying solely on the indices stored in the database.
Consequently, it features a lower average computation time
than the stages above, although it operates on the whole
dataset. All other workflow stages usually operate on a fraction
of the input size. The neighbors task takes the longest on
average, while the filter task is the fastest. The worst-
case runtime of the contraction stage and especially the
analysis step exceeds the maximum execution time of
the neighbors task by up to an order of magnitude. This
occurs when large urban areas, such as Shanghai, are analyzed.
Due to the high connectivity of the settlement graph, these
jobs process a single large component. The possibly heavily
unbalanced data distribution after the switch in parallelization
level to connected components results in single jobs restraining
the progress of the whole workflow. This effect also has a
massive impact on the resource utilization of the workflow,
discussed in Subsection I'V-F.

10 Min
Mean

10 Median

Computation time log(s)

Job Type (#Samples)

Fig. 7. Execution time distribution of each workflow stage plotted on a
logarithmic time scale.

D. Impact of Input Region

To investigate the impact on resource demand of the work-
flow’s input region, the VaryingInput setup, introduced in
Section IV-A, features five different regions varying signifi-
cantly in settlement patterns. It includes regions featuring an
even distribution of settlements, like Bavaria, and unbalanced
areas like the Alps, concentrating human build-up in the
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valleys. The Ruhr Area is more densely populated with larger
urban areas, while the enormous settlement area of Shanghai
represents the most extreme case. The orthogonal scenario
to the immense urban area of Shanghai is the remote island
Greenland, featuring only small and isolated settlements.

TABLE III
SETTLEMENT GRAPH CHARACTERISTICS OF WORKFLOW RUNS ON
DIFFERENT INPUT REGIONS, SORTED BY TTR.

[ Region \ TTR [ Nodes | Edges [ Cluster [ Nodes |
Greenland 0:01:41 371 2,562 27 47
Alps 0:16:08 9,528 62,355 148 2,198
Bavaria 3:11:02 | 25,876 171,488 8 6,095
Ruhr Area 12:31:34 | 34,750 | 279,869 8 4,668
Shanghai 2-17:56:59 | 98,895 | 667,353 11 1,378

As expected, the densely populated metropolitan area of
Shanghai, spanning over an entire WSF tile, is the most
demanding in computation time, taking about two days and
18 hours to complete. Also, the Ruhr Area workflow run is
exceptionally demanding, with a time to result of twelve and
a half hours. With decreasing settlement density, the time to
complete the SDA workflow drops, requiring only 15 minutes
when analyzing the alpine region around the city of Innsbruck.

Apart from the time to result, the settlement patterns in
the input region also significantly impact the properties of the
computed graph, which is outlined in Table III. The remote
region in Greenland and the metropolitan area of Shanghai
differ enormously in graph complexity due to the contrasting
settlement landscape. With the population concentrated in
disconnected valleys, the number of clusters, i.e., connected
components of the settlement graph, in the Alps region is
significantly higher compared to the neighboring Bavaria.
Greenland, on the other hand, highlights the impact of the
settlement density on the number of clusters in the graph,
with a disproportionately high amount of isolated components
compared to more densely populated areas, featuring fewer
graph components. The impact of the contraction stage is
showcased when comparing the evenly populated Bavaria with
the more urbanized Ruhr Area region. Although the Ruhr
Area region had almost 9,000m more initial vertices than
Bavaria, its contracted graph features fewer settlement vertices
than the settlement graph computed in the Bavaria region.
In summary, the settlement count, density, and distribution
significantly impact the characteristics of the settlement graph
and, therefore, the TTR of the workflow.

E. Impact of Workflow Configuration

To measure the impact of selected configuration options on
the workflow’s completion time, the VaryingConfig test
setup is utilized. In addition to the baseline, a comprehensive
run is executed for each varying setting, changing only one
configuration option at a time. Figure 8 shows each workflow
instance’s CPU time, highlighting the CPU time share for each
workflow stage. In addition to the previously outlined work-
flow stages, the orchestration stage aggregates the remaining

165

CPU time used by the database, as well as the management
and scheduling of the SDA workflow.

The most impactful configuration option is the Edge Dis-
tance, due to an increased sweep line buffer in the CPU-
intensive neighbors stage. Also, changing the Required
Area for the filter stage significantly influences the
TTR, as this setting restricts the workload processed by
all subsequent workflow stages. The Contraction Distance
configuration affects the complexity of the settlement poly-
gons, analyzed in the final analysis stage, while the Max
Neighbors setting has only a minor impact on time to result,
mainly increasing the vertex count, and therefore workload,
for the contraction stage.

_ Edge Distance 5km (1 day, 2:05:13)_ -

_ - Contraction Distance 1000m (13:41:11)

_ - Max Neighbors 10 (11:50:13)

_ - Baseline (11:32:36)

- Max Neighbors 3 (11:00:57)
_. -Contraction Distance 200m (10:34:39)

I _ . Max Neighbors 1 (9:41:18)
_ - Required Area 10.000 m? (8:43:44)
_ - Edge Distance 1km (8:30:53)

I _ . Required Area 25.000 m? (6:53:07)

h 1h 2n 3h an Sh eh 7h 8h oh 10n 11n 120 13n 1an 15h loh 17h 18h 19h 200 21h 22h 23h 24h 25h 26h 27h
Accumulated CPU Time

Workflow Runs
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Fig. 8. CPU time per workflow stage of differently-configured workflow runs
in Bavaria.

In summary, the configuration options of the workflow
notably impact the CPU demand of a run. However, the input
region characterized by its total area, settlement distribution,
and density has a much more significant impact on the TTR.

F. Resource Utilization

The Slurm report, received after workflow completion,
provides resource utilization characteristics of a workflow run.
In addition to the TTR and CPU time, the main memory usage
and the CPU and memory efficiency are evaluated. Table IV
presents the minimum, maximum, and median demand on the
aforementioned resources across all workflow runs of both
test setups. The median is a more meaningful measure for
the computation times since it disregards the large outliers,
like, for example, the Shanghai run. The median TTR is about
three hours, taking eleven hours of processing time. The CPU
utilization is fairly poor, with a median value of 9%. On the
one hand, the number of CPU cores is reserved according to
maximum expected concurrency, that is, during the filtering
and the neighbors stage. On the other hand, long-running
analysis jobs prolong the execution time of the workflow
while not fully utilizing the allocated computing resources.
The memory efficiency is about 20% on average, which is also
far from optimal. However, exceeding the allocated memory
limit immediately terminates the Slurm job. Therefore, the
required memory was intentionally overestimated to prevent
this scenario. The median workflow run required only about 16
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GB of main memory, while the settlement graph of Shanghai
almost exceeds the memory limit of 1,000 GB that a single
node can provide.

TABLE IV
MINIMUM, MAXIMUM, AND MEDIAN VALUE OF SELECTED COMPUTING
RESOURCES ACROSS ALL 15 WORKFLOW RUNS WITH VARYING INPUTS
AND CONFIGURATIONS.

[ Resource \ Min | Max [ Median |
Time to Result 0:01:41 2-17:56:59 2:58:50
CPU Time 0:06:43 | 6-12:48:48 11:00:57
CPU Util. % 3.40% 15.78% 9.06%
Memory 299 GB | 94791 GB | 16.44 GB
Memory Util. % 1.00% 94.79% 16.44%

In conclusion, the measurements show a significant variance
in the time to result, influenced by the input region and the
applied configuration. The varying parallelization level results
in poor resource utilization due to the required static resource
allocation on the HPDA platform.

V. DISCUSSION

Ultimately, the SDA workflow represents a complex
EO workflow with varying parallelization, which comes
packaged as an easy-to-deploy docker compose application.
According to best practices within the domain, each workflow
stage is modeled as a CWL task. Breaking with the
best practices, the workflow orchestration itself could not
be abstracted in CWL, as further discussed in Subsection V-A.

The workflow can process even the most densely populated
regions on Earth through workload distribution and parallel
computation. Throughout the workflow run, the degree
of parallelization varies significantly. The first two stages
process input files concurrently. Thereafter, the workflow
synchronizes to compute the connected components of the
settlement graph, representing the unit of parallelization for
the subsequent stages.

Together with the parametric dependencies discussed in
Subsection V-B, the workflow is a challenging workload for
execution in a serverless environment, requiring the dynamic
allocation of computing resources according to the current
demand. Future endeavors, outlined in Subsection V-C, focus
on serverless EO workflow orchestration, which then can be
evaluated with the SDA workflow.

A. Shortcomings of CWL

CWL currently cannot express the inter-stage dependencies
of the workflow. For example, each neighbors job must
wait for the filter stage of its input and all surrounding
files in the grid to complete. However, not all jobs of the
filter stage have to be finished beforehand, as visualized
in Figure 4. CWL does not offer this flexibility and is restricted
to a strict processing order, stage by stage.

With the insights into DAG modeling, we aim to adapt and
improve the CWL standard for geographic workflows. The
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user should be able to model data dependencies flexibly and
specify concurrently executed tasks with a dynamic degree of
parallelism.

B. Parametric Dependencies

Implicit parametric dependencies, such as the settlement
distribution in the region of interest, have the greatest impact
on the resource demand profile of the workflow. Since the
WSF dataset comes as a grid of compressed raster images
(.tiff), each covering about the same area in angular units,
neither the user nor the platform operator can estimate the
resource demand of the workflow solely based on the input’s
metadata. Moreover, the applied configuration also signifi-
cantly impacts the procedure’s resource demand. Therefore,
the SDA workflow is challenging for workflow platforms since
the degree of parallelism and the total resource demand cannot
be estimated beforehand. More insights about the workload are
necessary for transitioning to serverless workflow exploitation
systems, which require the dynamic allocation of computing
resources. Understanding parametric dependencies is a major
challenge in loosening the black box view on a workload,
which is apparent in classic resource managers like Slurm.
With the measurements in Section IV, we gained valuable
insights into the parametric dependencies of a complex EO
workflow.

C. Future Work

Improving the flexibility of CWL and providing workload
annotations regarding its parametric dependencies and
parallelism are the next steps toward a serverless execution
of EO workflows. Further, we want to abstract typical EO
workflow steps to generalize the measured performance
insights and enable the component-based composition of
new workflows. This allows geoscientists to develop new
workflows by composing self-contained EO components,
while the parametric annotations could enable a smart
serverless workflow deployment. Through the inherent
dynamic resource allocation, we expect improved resource
utilization on next-generation serverless EO exploitation
platforms.

Ultimately, the SDA workflow is an easy-to-deploy EO
workflow implementation suitable for evaluating serverless
workflow systems in the EO domain, featuring challenging
(implicit) parametric dependencies and varying degrees of
parallelism. Our case study revealed limitations in CWL in
modeling arbitrary dependency graphs, and we measured
the significant impact of parametric dependencies on the
time to result. Additionally, the optimized settlement graph
generation and component-wise clustering can also be applied
to other workflows working on spatial settlement networks,
like “Dimensioning Urbanization” [22] or the OECD
Afriapolis Project [35]. Coherent with the FAIR principles
for computational workflows [36], we published the SDA
workflow on WorkflowHub [37], providing a reproducible,
complex EO workflow to the workflows community.
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