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Abstract

Modern self-calibration pipelines can produce high-quality
radio interferometric imaging results at the cost of signif-
icant computational effort. The computational cost is ex-
pected to increase even further with the data volumes pro-
duced by the Square Kilometre Array (SKA). We are de-
veloping, improving and maintaining a code base for self-
calibration and imaging. To identify performance improve-
ments, we perform benchmarking on a quarterly cadence,
In this contribution, we present the becnhmarking results
from February 2024 and February 2025 and discuss the im-
provements made to achieve that progress as well as our
plans for the near future.

1 Introduction

Self-calibration and imaging codes have matured to a level
that enables high-quality imaging results but need signifi-
cant computing resources. A prime example of this is the
full field-of-view image reconstructed from an observation
with the international Low Frequency Array (LOFAR, [1])
telescope at the cost of 250,000 core hours [2]. As data vol-
umes will only increase in the future with the construction
of the Square Kilometre Array (SKA) Low [3] and Mid [4]
telescopes, scalability and computational efficiency need to
improve significantly to reduce time to science and make
future radio observations financially and environmentally
sustainable.

With our team, we are developing, improving and main-
taining a code base for self-calibration and imaging with
LOFAR and SKA. We benchmark our self-calibration
pipeline on a quarterly cadence to monitor our progress
in terms of computational efficiency and scalability and to
identify bottlenecks and further improvements. In this pa-
per, we present benchmarking results from February 2024,
discuss what we learned from them and which improve-
ments we have made. The effect of these improvements is
demonstrated by showing our latest benchmarking results
(February 2025). We conclude by sketching our next steps.

Figure 1. Overview of components in our software stack
with their dependencies. The boxes on the top of each com-
ponent indicate the available interfaces: command-line in-
terface (CLI), C++ or Python [5].

2 Code base

An overview of our current software stack is shown in Fig. 1
[5]. The main components are the Default Pre-Processing
Pipeline (DP3) and WSClean that use four other compo-
nents, which can also be used independently. DP3 [6] can
perform various operations, such as flagging (a.o. using the
AOFlagger [7]) and direction-(in)dependent calibration, on
the data in a pipelined way, so that the data are read and
written only once. These operations are implemented as
modules referred to as DPSteps, which can be chained to
form a data processing pipeline. DP3 is written in C++ as a
stand-alone program with a command-line interface (CLI).
Python bindings have been added to allow integration of
DPSteps in Python-based workflows.

WSClean [8, 9] is a generic wide-field imager for radio
astronomy which supports multi-scale wideband deconvo-
lution. It supports W-Stacking as well as Image Domain
Gridding (IDG) [10] for imaging. The resulting dirty im-
ages can be deconvolved using various deconvolution meth-
ods available in the Radio Astronomical Deconvolution Li-
brary (Radler), including (wideband multi-scale) CLEAN
[11, 12]. WSClean uses Radler’s C++ interface by link-
ing to Radler as shared library. The deconvolution meth-
ods in Radler are accessible in Python-based workflows via
Python bindings.



Table 1. Pipeline performance on a single DAS-6 node.

cycle calibrate predict image
1 00:21:13 00:04:26 05:06:30
2 01:05:36 04:56:28
3 03:35:50 00:03:59 04:36:13

Both DP3 and WSClean need a model of the direction-
dependent instrument response in some of their processing
stages. This is provided by EveryBeam, which can calcu-
late the instrument response over the field-of-view for both
interferometer arrays of dishes and phased array telescopes.
DP3 and WSClean link to EveryBeam as a shared library,
but other users can also call its functionality from Python.

3 February 2024 benchmarking results

For benchmarking, we used data from a LOFAR HBA ob-
servation covering 137.8 – 149.5 MHz on a field flanking
the North Celestial Pole. The data was reduced on the DAS-
6 research cluster, initially on a single node with two Intel
Xeon E5-2660 CPUs with 40 cores running at 2.60 GHz
and 256 GB RAM. To demonstrate scaling, later bench-
marks were run on three such DAS-6 nodes.

Table 1 shows the wall clock time to run three full major
cycles on 20% of the data on a single DAS-6 node as mea-
sured in February 2024. Each self-calibration cycle (except
the second) consists of three stages: direction-dependent
calibration, prediction and subtraction of bright sources
outside the field-of-view and imaging (including deconvo-
lution). Despite the fact that only three self-calibration cy-
cles were run on just 20% of the data, the pipeline already
requires about 20 hours to complete. Experience showed
that adding a few additional major cycles including a final
cycle using 100% of the data would take a factor 3.7 more
time. Our goal for the year was thus to make scalability
and computational efficiency improvements, so that a full
pipeline would complete in a reasonable amount of time.

One should note that the time to make an image is quite
consistent across the self-calibration cycles while the time
taken by calibration is increasing from one cycle to the next
due to the increasing calibration model complexity. This re-
sults in more source components to predict model visibili-
ties for and more directions to solve for direction-dependent
gain solutions. Performance improvements in calibration
were therefore important despite these results suggesting
otherwise.

4 Pipeline improvements

4.1 Parallelisation

During calibration of low-frequency observations, it is ben-
eficial to use large solution intervals in frequency to con-
strain the solutions using clock and Total Electron Content

(TEC) fitting. Temporally, there is no a priori relationship
between gain solutions that are several hours apart. There-
fore, parallelism in calibration can be achieved by chunking
the observation in time, having different calibration pro-
cesses work on different time chunks. We realised this by
defining a set of DP3 processes, each performing calibra-
tion on a different time chunk of data, and having that work
distributed by Dask.

For imaging, it natural to split the data into frequency
chunks linked to coarse frequency channels. Even in con-
tinuum imaging, coarse frequency channels are used to cap-
ture the smooth spectral variations of the continuum sources
and derive their spectral indices. In this case, we decided
to orchestrate parallelisation across multiple nodes by WS-
Clean itself using the Message Passing Interface (MPI) for
communication between nodes. This enables us to incorpo-
rate domain-specific knowledge into the orchestration. For
example, the complete imaging problem involves a gridding
task per facet (patch of the image) and per frequency chunk.
The simplest way to orchestrate these gridding tasks is to
define a list of them and have the available compute nodes
work through them in a round robin fashion. This will result
in a situation in which data for the same frequency chunk
is read multiple times for multiple facets, which may cause
an I/O bottleneck. In our scheduler, we tried to avoid such
situation by mapping tasks related to the same frequency
chunk to the same node. This allowed us to work with local
data locks instead of central data locks. It also paves the
way to store the data for a specific frequency chunk on a
specific node potentially reducing I/O between central stor-
age and compute nodes significantly. This approach also
allows further optimisations, such as reading data once for
multiple facets.

4.2 Performance improvements

Reuse of model visibilities
In some cycles, phase and amplitude calibration are done
in two separate stages to enable the use of different solu-
tion intervals. Each calibration stage triggered prediction
of model visibilities. However, if the model is not updated
between the two stages, exactly the same complex values
are calculated twice. To avoid such unnecessary calcula-
tions, we added the option to buffer the model visibilities
when they can be reused in the next calibration stage.

Image-based predict
One of the primary cost drivers in the later self-calibration
cycles is visibility prediction for calibration. Our pipeline
currently uses direct predict, predicting visibilities for each
individual source component. This is expensive when the
number of source components becomes very large. We
therefore experimented with image-based predict using the
w-gridder. Due to the overhead of doing a large fast Fourier
transform (FFT), this turned out to be beneficial only when
predicting visibilities for a large time interval at once. For
our scenario (Dutch LOFAR array, up to about 50 cali-



Table 2. Pipeline performance on three DAS-6 nodes.

cycle calibrate predict image
1 00:11:40 00:02:40 04:35:29
2 00:17:56 04:50:00
3 01:42:26 00:06:29 04:49:58
4 00:23:45 00:03:18 04:45:01
5 00:58:41 00:05:45 04:56:23
6 00:13:24 00:01:15 05:31:50
7 02:45:58 00:53:43 06:30:59

bration directions), image-based gridding turned out to be
beneficial only when the source model had over 40,000
source components, which may only happen in the final
self-calibration cycles. We therefore made image-based
predict optional for each individual self-calibration cycle.
The larger number of stations in SKA-LOW may shift the
balance. Finally, efforts are underway to implement w-
towers [13] in WSClean, which may also shift the balance.

Reducing number of beam evaluations
In principle, the station beam of a phased array station
changes continuously while tracking the targeted field. In
practice, this variation is sufficiently slow to assume a con-
stant model over a reasonably short period of time, e.g., 2
minutes. This can be exploited to reduce the number of
beam evaluations by not evaluating the beam for every time
instance but only after a chosen interval has passed. By
buffering these beam predictions, the number of computa-
tions needed for visibility model prediction can be reduced.

5 February 2025 benchmarking results

In February 2025, we benchmarked our pipeline again us-
ing the same data set as in February 2024, but now us-
ing three nodes. In the meantime, we had also extended
the pipeline to perform 7 self-calibration cycles in total,
including a final cycle using 100% of the data. Table 2
summarises the performance results obtained. Comparing
with the results obtained in February 2024 shown in Table 1
clearly shows the good scaling of the calibration stages to
three nodes. The time taken by calibration varies between
cycles due to the varying number of directions configured
in direction-dependent calibration and due to the amount of
data to calibrate (20% of the full observations for cycles 1
through 6, 100% for the last cycle).

Unfortunately, this is less apparent for imaging. To un-
derstand this, one has to realise that the imaging stages
consist of four different activities: inversion (gridding and
FFT to make a dirty image), prediction (FFT of the clean
image and degridding to predict visibilities to close the
major deconvolution cycle), deconvolution and filtering of
the sky model. Our efforts focused on distribution of the
(de)gridding work, but we did not touch deconvolution and
filtering of the sky model. The latter two are still a single-
node effort.

This is nicely illustrated by the CPU usage during the last
two self-calibration cycles on the main node and the two
worker nodes shown in Fig. 2 captured during a similar
pipeline run. During calibration stages, all three nodes
show over 70% usage of total CPU capacity. In the imaging
stage, two distinct phases are visible. In the first phase, sev-
eral major deconvolution cycles are executed. This phase is
characterized by a spiky CPU usage pattern as the worker
nodes are idle during image based deconvolution in each
major deconvolution cycle. In the second phase, the sky
model is filtered to reduce its complexity (measured as the
total number of source components). This is done by merg-
ing source components if possible and discarding source
components that are likely deconvolution artefacts. The aim
is to save time in the next self-calibration cycle by reduc-
ing the number of source components in the model, but it is
currently a single-node process that does not even fully ex-
ploit the available CPU capacity of the main node as visible
in the top panel of Fig. 2.

6 Future work

Based on the results presented above, it is clear that reduc-
tion of the time spent on tasks running on a single node
should be reduced significantly to enable scalability to more
nodes. The following steps are currently being taken to
achieve this:

• Enabling image-based predict by introducing w-
towers [13] for visibility prediction and subpixel ren-
dering of source components.

• Making sky model filtering optional: if sky model fil-
tering takes more time than it saves, we may want to
experiment with turning it off.

• Improving the performance of the sky model filtering
function by using the available cores (even on a single
node) more efficiently.

• Performing the corner turn between calibration (par-
allelised using time chunks) and imaging (parallelised
using frequency chunks) on the fly exploiting the fre-
quency chunk to node map introduced in WSClean.

Parallel to this, efforts to improve computational perfor-
mance continue:

• Enabling Baseline-Dependent Averaging (BDA, [14,
15]), which reduces the visibility data volume and thus
the number of visibilities to store and process.

• Overlapping I/O and processing during facet-based
imaging.

• Introduction of GPU accelerated versions of compute-
intensive functions.
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Figure 2. CPU uses of the main node (top row) and 2 worker nodes (bottom rows) during the last two self-calibration cycles.
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