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Abstract Deconvolution is used to eliminate imperfections in the point spread function, such as sidelobes
caused by incomplete sampling of radio telescopes, and is a key technology for radio synthesis imaging.
Modern telescopes have such high sensitivities that the observed celestial images may contain both compact
and diffuse emission. This essentially requires deconvolution technology to have the ability to model
both. In this paper, a deconvolution algorithm based on hybrid parameterization is proposed for the rapid
reconstruction of complex celestial structures. In this algorithm, scale-free parameterization is utilized
to reconstruct compact emission, while multi-scale parameterization is employed to reconstruct diffuse
emission. Simulated data representing Square Kilometre Array (SKA) observations with realistic celestial
brightness distributions are applied to test the performance of the algorithm. Our experiments show that,
compared with other state-of-the-art deconvolution algorithms, the algorithm proposed in this paper can
reconstruct complex celestial structures well and provide competitive reconstruction results while greatly
improving the reconstruction speed.
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1 INTRODUCTION

Radio interferometry utilizes antennas at different lo-
cations to form baselines to sample different spatial
frequencies of the sky brightness. The synthesized image
can provide detailed information on celestial bodies
and useful measurements for space exploration (Ryle &
Vonberg 1948; Ryle & Hewish 1960; Thompson et al.
2017). Modern telescopes such as the LOw Frequency
ARray (LOFAR) (van Haarlem et al. 2013), the Australian
Square Kilometre Array Pathfinder (ASKAP, Australia)
(Deboer et al. 2009) and the Karoo Array Telescope
(MeerKAT, South Africa) (Jonas 2009) already have
strong detection capabilities with their high sensitivity,
dynamic range and angular resolution. In particular, the
Square Kilometre Array (SKA) (Dewdney et al. 2009)

under construction will be the largest telescope in the
world, with higher sensitivity, dynamic range and angular
resolution. These powerful modern telescopes can reveal
more complex celestial structures.

Limited by factors such as the number and distribution
of antennas, the sampling of the spatial frequency of
the sky brightness distribution is usually incomplete
(Thompson et al. 2017). An incomplete uv sampling
introduces a point spread function (PSF) with sidelobes,
causing some structural information to be smeared. To
address this, deconvolution techniques aim to eliminate the
effects of the undersampled PSF and recover these lost
details (Bhatnagar & Cornwell 2004; Offringa & Smirnov
2017).

In recent years, deconvolution algorithms based on
compressive sensing have been greatly developed and
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applied to the reconstruction of radio astronomical images,
providing new solutions for radio synthesis imaging,
such as PURIFY (Carrillo, McEwen & Wiaux 2014),
MORESANE (Dabbech et al. 2015) and SASIR (Girard
et al. 2015).

In addition to compressive sensing algorithms based
on sparse assumptions, some Bayesian deconvolution
methods have also been developed in specific areas
such as black hole imaging (Akiyama et al. 2017a,b;
EHT Collaboration et al. 2019; Kuramochi et al. 2018).
However, these methods are used less frequently in radio
astronomy, where instead the most commonly employed
deconvolution method is CLEAN-based parameterized
deconvolution (Offringa & Smirnov 2017; Dabbech et al.
2015). The basic idea of these CLEAN-based algorithms
is derived from the Högbom algorithm (Högbom 1974). A
large number of variants of the Högbom algorithm have
been proposed based on different application purposes.
Considering the morphology of the processed astronomical
source(s), they are mainly divided into two classes:
scale-free algorithms for reconstructing compact emission,
and multi-scale and adaptive-scale algorithms for recon-
structing diffuse emission (Zhang et al. 2020). Compact
emission is mainly represented by a set of delta functions,
and diffuse emission is mainly represented by a scale-
sensitive model. The reconstruction of diffuse complex
sources is challenging and often requires more complex
algorithms (Cornwell 2008; Bhatnagar & Cornwell 2004;
Zhang et al. 2016; Zhang 2018), which in turn have longer
runtimes.

Modern low-frequency telescope arrays, such as the
SKA and LOFAR, have high sensitivity and large fields
of view. These observed images have become larger and
may contain complex structures, which place new demands
on image modeling and runtimes. To address this demand,
in this paper, we propose a deconvolution algorithm based
on hybrid parameterizations for the rapid reconstruction of
complex sources.

To understand the aforementioned problems better,
radio synthesis imaging and deconvolution problems
are introduced in Section 2. Motivation for hybrid
parameterizations is described in Section 3. The details
of the proposed algorithm are described in Section 4,
including how we parameterize compact and diffuse
emission. Verification experiments and a discussion are
provided in Section 5, and a concluding summary is
presented in Section 6.

2 DECONVOLUTION PROBLEMS IN RADIO
SYNTHESIS IMAGING

2.1 Radio Synthesis Imaging

In radio interferometry, the measurement equation can be
written as follows,

V obs = [SF ]Isky +N, (1)

where V obs is the calibrated measurement data, i.e.
visibilities, [S] is the sampling matrix (Rau 2010), [F ] is
the Fourier transform matrix, Isky is the sky brightness
distribution, and N is the noise in the spatial frequency
domain, e.g., the sky background, receiving system and
ground (Thompson et al. 2017). The sampling matrix,
[S], is determined by the number of antennas, array
configuration and observation time. The original sampling
function is often not on grid points and thus cannot be
described by a matrix (Rau 2010). The data need to be
gridded to get the sampling matrix [S]. The noise N

is also sampled by [S] in the spatial frequency domain.
At the same time, there are often wide-band and wide-
field effects in low-frequency observations obtained with
modern telescopes like the SKA. Wide-field, wide-band
and gridding effects are beyond the purpose of this paper,
so they will not be described in detail here. By default,
these problems have been solved.

The measured data, V obs, contain the effects of the
Fourier transform, [F ], sampling matrix, [S], and noise,N .
The problem now is to find the sky brightness distribution,
Isky, from the measured data, V obs. The effects of the
Fourier transform, [F ], can be easily solved with an inverse
Fourier transform. In addition to dealing with noise, the
core task is how to eliminate the effects of the sampling
matrix, [S]. Since the sampling matrix, [S], consists of 1

for sampling points and 0 for unsampled points, this core
task becomes how to accurately estimate these unsampled
points.

2.2 Deconvolution Problems

To estimate the sky brightness function, Isky , we first solve
the effects of the Fourier transform with an inverse Fourier
transform, which is equivalently converted to the image
domain (Bhatnagar & Cornwell 2004) as,

Idirty = [F †]V obs = [A]Isky + [A]Inos, (2)

where Idirty is the dirty image obtained by directly
transforming the calibrated and gridded measurement data
V obs, [F †] is the inverse Fourier transform, [A] = [F †SF ]

is a convolution operator, each row of which is composed
of a shifted PSF, and Inos = [F †]N is the image-domain
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noise. Equation (2) can be equivalently written by an
explicit convolution operation,

Idirty = Ipsf ∗ Isky + Ipsf ∗ Inos, (3)

where ∗ is the convolution operator and Ipsf is the PSF. It
can be seen that the dirty image contains the effects of the
PSF and noise, and the noise is also affected by the PSF.
The problem now becomes how to solve for Isky from the
dirty image with known PSF.

Due to incomplete sampling, the PSF has different
levels of sidelobes. Diffuse and bright sources often pro-
duce significant sidelobes, so that faint structures/sources
are overwhelmed. At the same time, faint sources are
also disturbed by noise. The recovery of sky brightness
distribution from these disturbances requires the use of
deconvolution techniques.

3 MOTIVATION FOR HYBRID
PARAMETERIZATIONS

Observations with modern high-sensitivity telescopes,
especially at low frequencies, have high-resolution and
may contain celestial bodies with complex structures
at different scales, i.e., compact and diffuse sources,
as well as bright and faint sources (Rau 2010). Thus,
deconvolution algorithms are required to quickly and
accurately model these complex images, which can be very
difficult to process (Bhatnagar & Cornwell 2004).

For the reconstruction of compact sources, scale-
free CLEAN algorithms (Zhang et al. 2020) are often
utilized. These algorithms rely on the idea of point-source
decomposition to represent compact emission as a set
of points. They work effectively for point sources that
are well separated. However, the reconstruction of diffuse
sources with scale-free CLEAN algorithms is not ideal,
which may often lead to stripes (Cornwell 1983; Steer
et al. 1984). This is because a scale-free model cannot
accurately represent diffuse sources (Rau 2010; Rau &
Cornwell 2011).

The pixels in a diffuse structure are correlated,
so the idea of decomposition based on point sources
is no longer suitable (Bhatnagar & Cornwell 2004).
Multi-scale CLEAN algorithms (Cornwell 2008; Rau
2010) implement a linear combination of scale basis
functions to represent the correlation between the pixels
of diffuse structures. In existing multi-scale algorithms
(e.g., Cornwell (2008); Rau & Cornwell (2011)), users
need to specify several scales in advance, and any complex
structures in the images are represented by these pre-
specified scales. However, if the scale of a structure is
different from the pre-specified scale, the closest scale will
be used. This will leave many smaller-scale structures.

When most of the sky emission is reconstructed, many
faint compact structures are left in the residuals. This thus
requires a large number of model components to represent
all structures in the image, which is also a time-consuming
process for multi-scale algorithms.

Therefore, when reconstructing celestial images con-
taining complex objects, compact emission may come
from both real compact sources and the compact structures
generated in error during the reconstruction process of
diffuse sources. When a single type of source exists, the
reconstruction is relatively simple; however, if several of
the above sources are simultaneously present, the difficulty
in reconstruction is greatly increased. How to quickly
reconstruct complex celestial sources is the problem to be
solved in this paper.

4 DECONVOLUTION WITH HYBRID
PARAMETERIZATIONS

Due to incomplete sampling and noise, solving the
measurement equation (Eq. (1)) is an ill-posed problem.
Indeed, there may be a large number of solutions that fit the
sampled data points well. Thus, we need to find a model,
Imodel, that is very close to the potential true brightness
distribution,

Isky = Imodel + ε, (4)

where ε is the difference between the reconstructed
model image and the potential true brightness distribution.
When the model is close to the potential true brightness
distribution, ε is an infinitesimal quantity. In parametric
deconvolution, the sky brightness distribution is expressed
as a set of model components,

Imodel =

n−1∑
i=0

Icomp
i , (5)

where
∑

is the summation operator, Icomp
i is the ith model

component and n is the number of components that make
up the model. This model close to the true brightness
distribution is predicted to be a good estimate of the
unmeasured spatial frequencies in the visibility domain.

4.1 Parameterization of the Diffuse Emission Model

Diffuse structures often dominate the total flux arising
from complex structures, which need to be represented
by scale basis functions to construct an accurate model.
The correlation between pixels within a specific scale
is represented by a scale basis function controlled by
different parameters. In a multi-scale model, the model
image, Imodel

ms , is composed as follows,

Imodel
ms =

nms−1∑
i=0

Icomp
i (a, l, s) , (6)
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where nms is the total number of model components
and Icomp

i (a, l, s) is the ith component with amplitude a,
center position l and scale s.

The Multi-Scale CLEAN (MsClean) algorithm
(Cornwell 2008) has implemented such a model estimator.
First, tapered truncated parabolas are constructed as the
scale base function Iscales through several pre-specified
scales, s, as,

Iscales (r) = Φ(r)(1 − (r/s)2), (7)

where Φ(r) is a prolate spheroidal wave function
(Schwab 1978, 1980). As mentioned previously, scale
basis functions are applied to construct model components
of different scales. To find the best scales, these scale basis
functions are utilized to calculate the multi-scale residual
images before the minor cycle (Cornwell 2008) as,

Iress = Ires ∗ Iscales , (8)

where Iress is a smoothed residual image corresponding to
the scale, s, and Ires is the residual image updated from the
major cycle (it is the dirty image for the first iteration). To
improve the calculation efficiency, fast Fourier transform
(FFT)-based convolution is adopted,

Iress = [F+TsF ]Ires, (9)

where Ts = [F ]Iscales . The scale basis function here is
similar to the tapered function used in the spatial frequency
domain. This will relatively suppress the high-frequency
part of the image, which is helpful for identifying the
corresponding scale features in the residual image.

To find the best model, all multi-scale smoothed
residual images need to be updated during the deconvolu-
tion process. This requires interactive calculations of the
convolutions for all the scale basis functions (Cornwell
2008),

Ipsfs,q = Iscales ∗ Iscaleq ∗ Ipsf , (10)

where Ipsfs,q is the PSF convolved by the scale basis
functions Iscales and Iscaleq . In the specific implementation,
FFT-based convolution is still implemented to speed up the
calculations,

Ipsfs,q = [F+TsTqF ]Ipsf , (11)

where Ipsfs,q will be employed to remove the PSF
contribution of the scale basis function, Iscales , from the
multi-scale residual images smoothed by each scale, q.
At the same time, the reciprocal of the peak value of
these Ipsfs,q will be used as a multiplicative factor to correct
the amplitude to obtain a more accurate amplitude value
(the so-called approximated principal solution) (Rau &
Cornwell 2011). Since the basis function of each scale

is normalized, these corrected magnitudes represent the
total flux of the scale, s. In this way, based on the rule
of the global maximum, the scale with the largest total
flux will also be reconstructed preferentially. Due to the
properties of the scale basis functions, some faint large-
scale structures can also be effectively reconstructed. Note
that this was not possible in the early parameterized
deconvolution techniques.

As mentioned earlier, the scale sizes are a few pre-
specified cases in the existing multi-scale parameterization
mechanisms. A sky brightness distribution must be
decomposed into a linear combination of pre-specified
scales (Rau 2010). The closest pre-specified scale will be
applied to represent any scale that is different from all
of the pre-specified scales, leaving many small scale or
compact structures in the residuals. During the extraction
of scaled signals, a large number of compact structures
will remain in the residuals that are then represented by
zero-scale components. Therefore, most flux is recovered
in early iterations, while a small amount of flux requires
a large number of iterations to be extracted. In the multi-
scale method, users are required to specify the zero
scale to reconstruct compact structures (Cornwell 2008).
However, the multi-scale parameterization process is
computationally complex and time-consuming; so, relying
on multi-scale parameterization to construct compact
components is inefficient (see the next section). Overall,
multi-scale parameterization (Cornwell 2008) has become
the most commonly utilized algorithm for diffuse emission
reconstruction. It is very effective in reconstructing diffuse
structures, but requires more computational complexity for
the reconstruction of a point (i.e., a delta scale). Therefore,
the multi-scale parameterization technique in the proposed
algorithm is no longer used to construct compact structures
and is only applied to diffuse structures.

4.2 Parameterization of the Compact Emission Model

Multi-scale parameterization relies on a scale basis
function to effectively express the correlation between
pixels within each scale. This effectively constrains the
sampled and unsampled points of spatial frequencies (Rau
2010), thus sparsely representing complex structures for
effective reconstruction. However, several pre-specified
scales used to represent complex emission will leave a lot
of compact structures (Bhatnagar & Cornwell 2004). A
large number of components are needed to represent them.
For representation of the compact structures or sources,
the δ function is undoubtedly valid (Högbom 1974; Zhang
et al. 2020). Based on this idea, compact emission can be
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expressed as,

Imodel
δ =

nδ−1∑
i=0

Icomp
i (a, l) =

nδ−1∑
i=0

Iδi (a, l) , (12)

where Imodel
δ is a model composed of compact emission,

nδ is the number of compact components and Iδi (a, l)

indicates the δ function with magnitude a located at l.
Based on such representation, the usual approach is to
find the peak value (that is, the most reliable flux) in
the current residual to achieve accurate estimations of
the amplitude and position. Then, the PSF scaled by the
amplitude a and loop gain g is subtracted from the peak
position of the residual image to eliminate the effects
of the PSF contained in the compact component. If the
δ function at l and amplitude a is convolved with a
function, the result is that the center of the function
moves to position l and is multiplied by amplitude a.
In this way, a simple shift-multiplication can be used to
implement the convolution. Overall, fast updates to the
gradient direction can be obtained by finding the peak
value, and the fast residual update is achieved by shift-
multiplication-subtraction. Compared with the multi-scale
parameterization method, this parameterization process
can quickly construct a compact-emission model.

4.3 The New Algorithm

Based on the above ideas, the proposed algorithm – decon-
volution with hybrid parameterizations – is implemented
in a general imaging framework (Rau 2010; Zhang et al.
2020). In this framework, model estimation is performed
in the image domain and comparisons of the visibilities
predicted from the model and the measured data are
conducted in the spatial frequency domain. The proposed
algorithm is implemented through the following process.

1. Calculate the Hessian matrix, Ipsfs,q ,
2. Calculate the multi-scale residual images, Iress ,
3. Choose a suitable parameterization process to

estimate the model component, Icomp
i ,

4. Update the model, Imodel
i = Imodel

i−1 + gIcomp
i

with the loop gain, g,
5. Update the residual image(s), Ires,
6. Predict the model visibilities, V model =

[A]Imodel, when the residual peak value reaches the
flux limit,

7. Update the residual image from the visibility
residual image, Ires = [A†](V obs − V model), where
[A†] is the inverse of [A].

Steps (1)–(5) are called the minor cycle in the image
domain, while steps (1)–(7) are called the major cycle and

steps (6)–(7) occur in the spatial frequency domain. In the
proposed algorithm, the model image Imodel is obtained
through hybrid parameterizations. Afterwards, the model
image Imodel is composed of a multi-scale submodel
Imodel
ms and a compact submodel Imodel

δ ,

Imodel = Imodel
ms + Imodel

δ . (13)

The multi-scale parameterization process of each minor
cycle is executed first. In this parameterization process,
the global peak of these multi-scale residual images needs
to be identified and its approximate principal solution
is calculated. To apply shift-multiplication-subtraction
to quickly update the residual images, a scale model
component is used, which is expressed as,

Icomp
ms = Iscales ∗ Iδs . (14)

When the scale, s, is found, a Hessian matrix is utilized
to eliminate the PSF contribution of the scale component,
Icomp
ms , from each multi-scale residual image, Iresq ,

Iresq = Iresq − g(Ipsfs,q ∗ Iδs ) . (15)

When the flux of the latest several model components
is less than a proportion of the total flux of the current
model (e.g., the average flux of the most recent 100
components is less than one ten-thousandth of the total
flux of the current model), or a negative component is
detected, the compact emission parameterization process
will be executed. In this approach, the complex process of
multi-scale parameterization is no longer performed, and
only the peak search method and simple operations are
needed,

Ires0 = Ires0 − Ipsf ∗ Iδi , (16)

where Ires0 is a zero-scale residual image, which means that
only the unsmoothed residual image is updated during the
parameterization process for compact emission. However,
the multi-scale residual images need to be updated at the
end of the compact emission parameterization step (i.e.,
before the next round of multi-scale parameterization) as,

Iresq = Iresq − g(Ipsfs,q ∗
∑
i

Iδi ) , (17)

where
∑
i I
δ
i is the sum of all model components of this

compact-emission parameterization. After a large number
of experiments, we found that it is a good practice to
perform several thousand iterations of compact emission
parameterization each time.

The method proposed in this paper relies on a multi-
scale method for diffuse emission estimation and a delta-
function parameterization method for compact emission.
In the hybrid parameterized model, most flux arising from
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complex sources is represented as a multi-scale model,
while a small amount of flux is represented by a large
number of δ functions. Compared to the state-of-the-
art multi-scale imager-WSCLEAN method (Offringa &
Smirnov 2017), this proposed method is a hybrid approach,
which uses the scale-free method to quickly and accurately
reconstruct compact emission.

In our experiments (Sect. 5), we found that two
parameterized mechanisms could help a single parame-
terized mechanism jump out of a local optimal solution.
Compared with the multi-scale algorithm (Cornwell 2008),
the method of this paper is faster while maintaining quality
of the reconstruction of compact emission. Compared with
the scale-free algorithms, it is more effective for diffuse
emission. The method in this paper effectively avoids
inefficiency of the multi-scale algorithm for compact
emission reconstruction and the inaccuracy of the scale-
free algorithms for diffuse emission reconstruction; at
the same time it combines efficient performance and
accurate representation of a multi-scale algorithm for
diffuse emission reconstruction and a scale-free algorithm
for compact emission reconstruction. The performance
tests are described in the next section.

5 RESULTS AND DISCUSSION

In this section, the results of several experiments1 are
considered to demonstrate the motivation and performance
of our algorithm.

SKA simulations of low-frequency observations
were conducted using the realistic source distribution
“CrabNeb” (Hester 2008) (Fig. 1, left). This source
distribution was simulated with the Radio Astronomy
Simulation, Calibration and Imaging Library (RASCIL)2

and observed in the SKA low-frequency core configuration
“LOWBD2-CORE”, which has a reference frequency of
100 MHz and a 1-MHz bandwidth. Snapshot mode was
utilized for the simulated observations with a field-of-view
of 14.7 deg3, a primary beam size of 4.91 deg and a
PSF size of 0.149 deg. The input image size of the sky
model was 256 × 256 pixel, and the dirty image had a
size of 512 × 512 pixel with a cell size of 0.0374 deg.
The PSF with a large number of sidelobes formed by this
simulated observation is shown in Figure 1, middle and the
corresponding dirty image is featured in Figure 1, right.
The structure of the source in the dirty image is clearly

1 Bright sources were removed in our tests, and the proposed method
was applied to relatively dark sources.

2 RASCIL is being developed by the SKA organization for ra-
dio synthesis imaging, https://gitlab.com/ska-telescope/
rascil.

3 The wide-field problems like w-term were corrected by calling the
function advice wide field in RASCIL

Table 1 Runtime Comparison of the Different
Parameterizations with Different Numbers of Iterations

Iterations (103) 1 5 10 20 50

Multi-scale (s) 32.5 151.3 300.9 638.4 1567.4
Scale-free (s) 4.0 19.0 40.4 76.6 192.7

Here, “Multi-scale” refers to the multi-scale parameterization and
“Scale-free” refers to the scale-free parameterization. In addition, s
stands for seconds.

Table 2 Runtime Comparison of Different
Parameterizations for Different Image Sizes

Image sizes 5122 10242 20482 40962

Multi-scale (103 s) 0.30 1.22 5.82 25.00
Scale-free (103 s) 0.04 0.27 1.42 6.34

In this experiment, the number of iterations is fixed at 10 000.

blurred and accompanied by significant sidelobes. The task
now is to reconstruct the sky brightness distribution, i.e.,
the reference image, from the dirty image.

The results obtained by the proposed algorithm are
displayed in Figure 2. From the reconstructed model
image (Fig. 2, left), it can be ascertained that the effects
of the PSF have been fundamentally eliminated and the
detailed structure of the source has been recovered in the
reconstructed model image. This can also be confirmed
by the residual image (Fig. 2, middle). Such noise-like
residuals indicate that the signal has been sufficiently
extracted. At the same time, the non-source area of the
restored image (Fig. 2, right) no longer contains noticeable
structures, which achieves the purpose of deconvolution.

To further verify the performance of the proposed
algorithm, results obtained with other state-of-the-art
algorithms4 were compared with those obtained with
our proposed algorithm. Similar observation simulations
were conducted using “M31” as the source object. The
experimental results are shown in Table 1, which tabulate
the runtimes of the different parameterized mechanisms
used to reconstruct a single component. It can be seen that
the compact-emission parameterization required much less
runtime than the multi-scale parameterization to recon-
struct a single component. In this experiment, the former
requires less than one-eighth the runtime at the same
image size. As the image size increased, the difference
in runtimes between the two algorithms becomes greater
(see Table 2). Obviously, when the compact emission was
reconstructed, the compact-emission parameterization is
advantageous.

The reconstructed results are depicted in Figures 3
and 4. From the model images it can be seen that it
was difficult for the Högbom algorithm to accurately

4 Here the Högbom and MsClean algorithms were applied for
performance comparison, which were also implemented in RASCIL.

https://gitlab.com/ska-telescope/rascil
https://gitlab.com/ska-telescope/rascil
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Fig. 1 SKA simulation of low-frequency core configuration with the source “CrabNeb”. Left: the reference image
“CrabNeb”, middle: the PSF is featured with logarithmic scaling for clearer details (the parameter “scaling power cycles”
is −1.2 in CASA) and right: the dirty image corrupted by the PSF.

Fig. 2 Reconstructed results from our algorithm. Left: the reconstructed model image, middle: the residual image and
right: the restored image.

Table 3 Numerical Comparison of Different Deconvolution Algorithms for the “M31” Simulations

Runtime Points Scales Off-source RMS Full RMS Dynamic Range
(s) (10−4) (10−4) (103)

Högbom 671.342 140960 0 9.598 9.460 1.763
MsClean 203.255 - 7816 4.540 5.671 4.012

Our 117.781 4800 3317 3.513 3.758 5.177

1) In fact, zero-scale is included in the MsClean algorithm, but they cannot be counted (“-” indicates such
a situation). RMS is the root mean square of the residual image. The dynamic range is the ratio of the
maximum value of the restored image to the off-source RMS (Li et al. 2011). 2) Off-source RMS is a
little bigger than full RMS for the Högbom algorithm, which means that the Högbom algorithm has more
structure outside the mask. This is caused by the limited robustness of the algorithm.

represent diffuse emission; thus, extended features can be
identified in the residual image, but high-quality models
could not be obtained to reconstruct complex structures in
the image. When reconstructing the diffuse structures, the
multi-scale parameterization yielded a better performance.
The proposed algorithm can recover smaller and fainter
structures in the residual image (Fig. 3, bottom right).
The results affirm that the effects of the PSF in our
restored images were effectively eliminated (Fig. 4, right).
A more comprehensive comparison of the reconstruction
of the different deconvolution algorithms is provided in

Table 3. To reconstruct this source “M31”, the Högbom
model required 140 960 compact components and the
multi-scale model required 7 816 multi-scale components
but the model of the algorithm proposed in this paper
required only 4800 compact components and 3317 multi-
scale components. Hybrid parameterization allowed the
proposed algorithm to use the least amount of runtime to
reconstruct the result with the smallest residual root mean
square (RMS) and the highest dynamic range.

Another experiment was done with the supernova
remnant “G55.7+3.4” (Bhatnagar et al. 2011) to further
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Fig. 3 Reconstructed results from the different algorithms from the “M31” simulations. The first and second lines are
the model and residual images, respectively. Columns 1–3 are from the Högbom, multi-scale and proposed algorithms,
respectively. Specifically, top left: the model image from the Högbom algorithm, top middle: the model image from
the multi-scale algorithm and top right: the model image from the proposed algorithm. Bottom left: the residual image
from the Högbom algorithm, bottom middle: the residual image from the multi-scale algorithm and bottom right: the
residual image from the proposed algorithm. The specified scale lists are [0, 3, 10, 20, 40] for the multi-scale and proposed
algorithms. In this experiment, a mask was utilized in the deconvolution process, whose size is the same as the size shown
in the figure.

Fig. 4 Restored images from different algorithms for the “M31” simulations. Left: the restored image from the Högbom
algorithm, middle: the restored image from the multi-scale algorithm and right: the restored image from the proposed
algorithm.

Table 4 Numerical Comparison of Different Scale Lists for the “G55.7+3.4” Simulations

Scale Lists Algorithms Runtime Off-source RMS Full RMS Dynamic Range
(s) (10−4) (10−4) (103)

[0, 3, 6, 12, 24] MsClean 88.659 8.075 9.967 2.675
Our 79.346 3.256 3.243 6.635

[0, 3, 10, 20, 40] MsClean 312.679 3.544 3.527 6.093
Our 104.610 3.284 3.231 6.575

[0, 6, 12, 18, 32] MsClean 216.191 4.199 4.561 5.145
Our 76.164 3.240 3.336 6.668
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Fig. 5 Reconstructed results from different algorithms for the “G55.7+3.4” simulations. The first and second lines are the
model and residual images, respectively. Columns 1–2 are from the multi-scale and proposed algorithms, respectively.
Specifically, top left: the model image from the multi-scale algorithm, top right: the model image from the proposed
algorithm; bottom left: the residual image from the multi-scale algorithm and bottom right: the residual image from the
proposed algorithm. The specified scale lists are [0, 6, 12, 18, 32] for the two algorithms.

confirm the improved performance of the proposed algo-
rithm relative to the MsClean algorithm. Four evaluation
indicators were studied under different scale lists (see
Table 4). As found when reconstructing “M31” in the
previous experiment, the proposed algorithm obtained
better reconstruction performance for “G55.7+3.4” in this
experiment (see Fig. 5), which can be partially verified
by weaker residuals. In terms of the residual RMSs
and the dynamic ranges of the restored images, it can
be seen from Table 4 that the proposed algorithm was
able to quickly obtain better results from the different
specified scale lists, which can be partially verified by less
runtime, off-source RMS, full RMS and higher dynamic
range. At the same time, our algorithm exhibited more
stable performance in terms of these evaluation indicators,
when these indicators of the comparison algorithm showed
significant fluctuation.

In the multi-scale parameterization mechanism, as the
scale specified by the user changes, the reconstructed result
will change accordingly. Mathematically, these differences
stem from different local optimal results. In essence,
a single mechanism is more likely to fall into a local
optimum. For example, in multi-scale reconstruction, it is

easy to obtain a residual similar to that in Fig. 3, bottom
middle and Figure 5, bottom left. When a component
with a very small amplitude and a large scale is detected,
it may easily fall into a local optimum. However, the
proposed algorithm based on hybrid parameterizations can
effectively jump out of such local minima and thus obtain
better reconstruction results.

6 SUMMARY

Deconvolution is a key technique in radio synthesis imag-
ing. In particular, CLEAN-based deconvolution has greatly
promoted the development of radio astronomy (Cornwell
2009). Radio sources can be morphologically classified
into two categories: compact and diffuse. Different
types of sources often require different deconvolution
algorithms. For the reconstruction of compact sources,
scale-free algorithms based on compact/delta-function
parameterization are usually used. These scale-free algo-
rithms represent compact sources as delta functions. The
peak-search method is applied to quickly calculate the
model components and the shift-multiplication-subtraction
operation is utilized to quickly update the residuals.
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However, delta-function decomposition cannot repre-
sent the correlations between pixels in diffuse emission.
It is difficult for these algorithms to reconstruct a model
consistent with the potential sky brightness distribution
when reconstructing a diffuse source, so that a large-
scale structure is left in the residuals. For reconstructing
diffuse sources, the most commonly used method is a
multi-scale algorithm (Cornwell 2008), which introduces
the scale basis functions to represent the correlations
between the pixels in a scale feature, and thus has a better
representation for diffuse emission. However, a multi-scale
algorithm relies on user-specified scales to represent the
model. Scales that are inconsistent with the pre-specified
scales will be decomposed, so that a large number of
compact structures will appear later in the reconstruction,
which require many iterations and a long time to recover.

The images of celestial bodies observed by modern
high-sensitivity telescopes are becoming more and more
complex. To reconstruct these complex sources quickly
and accurately, a deconvolution algorithm based on hybrid
parameterizations was proposed in this paper. In the hybrid
parameterization algorithm, the scale-free parameteriza-
tion was implemented for the rapid reconstruction of
compact emission, and multi-scale parameterization was
used for sparse representation and rapid reconstruction
of diffuse emission. This effectively avoided inaccurate
representation of the scale-free algorithm for diffuse
emission and reduced the computational complexity of the
multi-scale algorithm for the reconstruction of compact
emission. This allowed the proposed algorithm to quickly
reconstruct high-quality complex celestial structures.
The reconstruction of simulated SKA observations with
realistic sky brightness distributions also supported this
conclusion.
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