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Abstract – The ever-increasing data volume that
radio interferometers need to process requires compu-
tationally efficient calibration algorithms. StEFCal is
a well-known calibration algorithm in the industry.
Hyperparameter optimization is a promising approach
for enhancing the performance of algorithms in gen-
eral. In this paper, particle swarm optimization is used
to identify better hyperparameters for StEFCal. The
hyperparameters mentioned enabled StEFCal to con-
verge in fewer iterations. In addition, the hyperpara-
meter search space is visualized.

1. Introduction

A radio interferometer is an array of antennae that
work together as a single instrument. In radio astronomy,
an interferometer is used to observe and characterize
celestial objects visible in the radio spectrum. Various
environmental and instrumental factors introduce errors in
the signal measured by a radio interferometer. Calibration
is the overarching term that is used to describe the process
that is followed to try and eliminate errors that are intro-
duced into interferometric observations [1]. Calibration
is a highly active research field, and the following papers
are particularly noteworthy. Traditionally, calibration is
cast into a real optimization problem [2]. However, Smir-
nov and Tasse [3] reformulated calibration as a complex
optimization problem by using Wirtinger derivatives and,
in doing so, created a simplistic mathematical frame-
work with which calibration can be achieved. As radio
antennas become more advanced, larger amounts of
data are being captured. Calibration pipelines contain
hyperparameters, and it is becoming more prudent to
optimize these hyperparameters for optimal system
performance and throughput due to the large data vol-
umes [4]. Yatawatta and Avruch [5] used reinforce-
ment learning to optimize the hyperparameters of a
calibration pipeline. Salvini et al. [6] developed the
calibration algorithm StEFCal, a well-adopted calibra-
tion algorithm that scales quadratically with the num-
ber of antennas in the array.

StEFCal has one hyperparameter, the so-called
damping factor �, which is set to 0 during odd iterations

and to 1 in even iterations; consequently, averaging is
performed in even iterations. This setup is not guaranteed
to be optimal, but it is well-known to produce stable, fast,
and accurate results [7]. This paper investigates whether
the default hyperparameters commonly used in the litera-
ture for the StEFCal algorithm are, in fact, optimal. The
paper first describes calibration. Then, it presents the
StEFCal algorithm and its hyperparameters. It then dis-
cusses various hyperparameter optimization approaches
and the simulator used to obtain the main results presented
in the paper. The paper concludes with a detailed discus-
sion of the methodology used, the results obtained, and
the key findings of this paper.

2. Calibration

Each pair of antennas pq in an array forms a
baseline. Therefore, an interferometer with N antennas
has B¼NðN � 1Þ=2 baselines. Each baseline records
the (observed) visibility dpq [8], i.e.,

dpq ¼ gpmpq�gq þ npq (1)

where mpq represents the model visibilities, gp and gq
are the complex antenna gain parameters associated
with antenna p and q, respectively, and npq is the ther-
mal noise component, which, in this paper, is assumed
to be normally distributed. The bar overhead notation
denotes conjugation. Least-squares minimization is a
technique often used to solve an overdetermined sys-
tem of equations, requiring the minimization of the
sum of the squared residuals. This is a standard
approach in regression analysis. In radio interferome-
try, least-squares minimization is used to estimate the
complex gain vector g¼ ½g1; g2; :::; gN �T to correct the
observed visibilities (i.e., for calibration). In practice,
an augmented parameter vector ğ¼ ½gT ; �gT �T is used,
as the problem domain is complex valued [3]. The
complex least-squares problem associated with inter-
ferometric calibration takes the following form:

min
ğ

KðğÞ¼ min
ğ

kr̆k2F ¼ min
ğ

kd̆ � v̆ðğÞk2F : (2)

where K is the objective function, k � kF is the
Frobenius norm, r̆ (i.e., d̆ � v̆) is the complex residual
vector, d̆ is the complex observed visibilities vector, v̆
is the complex predicted visibilities vector, and ğ has
already been defined. Here, d̆ is obtained by chaining
all dpq (and their conjugates) together into a vector. The
vector v̆ is formed similarly using gpmpq�gq instead.
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Only the scalar calibration use case is considered in this
paper.

3. Levenberg-Marquardt

Gradient descent (GD) is a method that only uses
gradients to solve least-squares problems (among other
problems). Gauss-Newton (GN) is a more complex
approach that uses both gradients and curvature to solve
least-squares problems. Levenberg-Marquardt (LM) is a
method that combines GN and GD by using a damping
factor �. LM converges faster than GN and does not
tend to overshoot or converge prematurely. This is
achieved by adjusting the damping factor � after each
iteration. At steeper slopes, � is altered to be smaller to
make the update equation more like GN. When the
slope is not as steep, � is altered to be a bigger value to
make the update equation more like GD. The LM
update associated with (2) is defined as [3]:

Dğ¼ðJHJþ �UÞ�1JH r̆; (3)

where U¼ I⊙ðJHJÞ, ⊙ denotes elementwise multiplica-
tion, and Dğ is the parameter update. Furthermore, the
Jacobian is defined as [3]:

J¼ A B
�B �A

� �
; (4)

with A¼ ]v
]g

and B¼ ]v
]�g

. Furthermore, H¼ JHJ (for

simplicity, we will refer to H as the Hessian matrix),
where the H superscript denotes the Hermitian trans-
pose of a matrix. Using (3), the augmented antenna gain
vector can be updated as follows:

ğkþ1 ¼ ğk þ Dğk : (5)

4. StEFCal

Let G¼ diagðgÞ, ½M�pq ¼mpq and ½D�pq ¼ dpq.
For the sake of simplicity, it is assumed that the diago-
nal entries of M and D are zero. StEFCal is an algo-
rithm that iteratively alternates between fixing and
solving for GH and G, respectively. The StEFCal update
equation is equal to [6]:

gkþ1
i ¼ DH

:;i � Zk
:;i

ðZk
:;iÞH � Zk

:;i

¼
P

j6¼i g
k
j �mijdijP

j6¼i j gkj j 2 jmij j 2
: (6)

where Zk ¼GkM. Here, j � j denotes absolute value.
However, poor convergence was observed by [6] in cer-
tain scenarios, and an empirical investigation revealed
that averaging every second iteration improved conver-
gence; however, this behavior was not further analyzed
or explained by the authors. This alteration dramatically
improves the convergence properties and the speed of
the algorithm.

5. Relating StEFCal and LM

In this section, we prove that the StEFCal algo-
rithm is essentially LM with a diagonal Hessian approx-
imation. This result was first proved in [3]. Recall that
the update equation of LM is equal to:

Dğ¼ðJHJþ �UÞ�1JH r̆: (7)

Now consider the diagonal equivalent of H, i.e.:

eH � I⊙H; (8)

If we substitute (8) into (7), we obtain:

Dğ � ð1þ �Þ�1 eH�1
JHðd̆ � v̆Þ; (9)

where r̆¼ d̆ � v̆. (9) can be rewritten as:

Dğ � 1

1þ �
eH�1

JH d̆ � 1

1þ �
eH�1

JHv̆: (10)

It is well known that [3]:

JHv̆¼ eHğ: (11)

Substituting (11) into (10) results in:

Dğ � 1

1þ �
eH�1

JH d̆ � 1

1þ �
ğ; (12)

which becomes

ğkþ1 � 1

1þ �
eH�1

JH d̆ þ �

1þ �
ğk; (13)

where 1� 1

1 þ �
¼ �

1 þ �
. If �¼ 0, we obtain:

g½kþ1�
i ¼

P
j6¼i g

k
j �mijdijP

j6¼i j gkj j 2 jmij j 2
; (14)

as required. To obtain the even update equation of
StEFCal, we simply need to set �¼ 1.

6. Hyperparameter Optimization

Section 5 implies that StEFCal is nothing more
than the use of LM with a diagonal approximation for
the Hessian. As such, StEFCal essentially has two
hyperparameters �even and �odd. It is common practice
within the literature to set �even ¼ 1 (equivalent to aver-
aging the current and previous gain estimate together)
and �odd ¼ 0 (equivalent to using (13) as is). This begs
the question: Are these hyperparameter choices opti-
mal? Do these choices result in the fewest number of
iterations needed for the algorithm to converge while
successfully minimizing K? To try and answer this
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question, two empirical hyperparameter optimization
approaches were employed, namely grid search (see
(13) and particle swarm optimization [PSO]; see sub-
section 6.2). In this paper we allowed � , 0.

6.1 Grid Search

During a grid search, different combinations of
parameters defined over a given range are considered to
try and find the optimal hyperparameter combination.
Considering the two-dimensional case, a minimum and
maximum bound for each axis is chosen first. Next, an
equally spaced grid of parameters is created, which
includes the grid boundaries. Each parameter combina-
tion from this grid is then tried, and the performance
characteristics of the algorithm are recorded in a grid-
like data structure. This data structure can be visualized
as a heatmap and can be used to estimate the best hyper-
parameter combination.

6.2 Particle Swarm Optimization

PSO is a population-based stochastic algorithm,
which consists of particles moving around a search
space in search of the optimal point. The best global
topology is used to compute and update the velocities
of the aforementioned particles, which determine the
direction and step size of the particle’s next movement.
The velocities of particles are updated during each itera-
tion of the algorithm and are calculated using the best
global and personal positions of the particles. Using the
inertia weight model [9], the velocity of each particle i
is updated as follows:

vijðt þ 1Þ¼wvijðtÞ þ c1r1ijðtÞðyijðtÞ � xijðtÞÞ
þc2r2ijðŷjðtÞ � xijðtÞÞ: (15)

Here, the velocity and position in dimension j at
time t of particle i are denoted by vijðtÞ and xijðtÞ. The
hyperparameters c1 and c2 are the cognitive and social
positive acceleration coefficients, and w is the inertia
weight. The cognitive component contributes to parti-
cles exploiting promising areas in the search space,
while the social component contributes to particles
exploring fewer familiar parts of the search space. The
stochastic components, r1ijðtÞ and r2ijðtÞ, are random
scalars sampled independently from a uniform distribu-
tion Uð0; 1Þ. The best global and personal positions are
denoted with ŷjðtÞ and yijðtÞ, respectively. The follow-
ing equation then updates the position of a particle:

xijðt þ 1Þ¼ xijðtÞ þ vijðt þ 1Þ: (16)

This algorithm converges when the hyperpara-
meters adhere to the following criterion [9]:

c1 þ c2 ,
24ð1� w2Þ
7� 5w

(17)

This implies that PSOs require hyperparameter tun-
ing, which makes it challenging to apply this algorithm to
the tuning of the hyperparameters of other algorithms.
This problem is addressed in the following section.

6.3 Adaptive Particle Swarm Optimization

Hyperparameter choices for PSOs are problem
dependent. Good results can be obtained if the PSO
hyperparameters adhere to the following inequality [9]:

22� 30w2

7� 5w
, c1 þ c2 ,

24� 24w2

7� 5w
: (18)

Generally, three configurations can be used,
namely, ‘equal’ where c1 ¼ c2, ‘cognitive’ where
c1 ¼ 3c2, and ‘social’ where 3c1 ¼ c2. Self-tuning PSOs
emerged next, whose hyperparameters are tuned during
training. One such algorithm is the PSO with improved
random constants (PSO-iRC). This PSO is used in this
paper to search through the StEFCal hyperparameter
search space. In the case of this algorithm, every parti-
cle is initialized with a unique set of hyperparameters
that adhere to (18), while the configuration for c1 and c2
is chosen at random. A particle receives a new set of
hyperparameters when its personal best position has not
improved for k consecutive iterations, making the PSO
self-tuning. It is worth noting that PSO-iRC is among
the top-performing PSOs if it is compared with other
PSO variants [9]. PSOs have been shown to be effective
for hyperparameter tuning, [10] and PSO-iRC is used in
this study. PSO-iRC is very effective when applied to
static, single-stage optimization problems (and as such,
it is highly relevant if StEFCal is to be optimized) and
does not require gradients. Moreover, the PSO-iRC is
easy to implement and self-tuning.

7. Simulator and Methodology

An existing simulator capable of generating cor-
rupted visibilities was used in this paper [3]. The simula-
tor works as follows. The source code is available online
at: github.com/Trienko/redundant_calibration. A square
antenna layout is generated. The number of antennas in
the layout can vary. The simulator first calculates the uv-
tracks of the array layout. The default observational
parameter of the simulator was utilized - (monochro-
matic observation, decl. = �74°39037.48100, lat. = �30°
43017.3400, freq. = 150 MHz, time-steps = 600, hour
angle range = [�1h, 1h], min. baseline length = 50 m,
layout = square). A random sky model adhering to a
power-law distribution is now generated (the default set
of parameters for the simulator was used to generate the
sky model). Antenna gains are then sampled from a uni-
form distribution Uð1; umaxÞ with umax 2 R. The simulator
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then generates model and corrupted visibilities. The simula-
tor can generate visibilities with varying signal-to-noise
ratios (SNRs). Here, SNR is defined as:

SNR ¼ 10log
,v⊙�v.v;t;pq

,n⊙�n.v;t;pq

� �
(19)

where , �.v;t;pq denotes averaging over frequency,
time, and baseline, and n is obtained by chaining
together all npq into a vector. Various visibility datasets
were then created or simulated using different hyperpara-
meter combinations. The following simulator hyperpara-
meters were used: signal-to-noise ratio (SNR) values of
�1, 0, 10, and 1000 dB; umax values of 2, 3, 4, and 10;
and random seeds 12345678, 23476934, 98976433, and
49052764. The number of iterations it took for StEFCal
and its optimized variant (optimized using a PSO) to con-
verge (for each time-step) if applied to the aforementioned
datasets was recorded (the gain vector found was also
stored). The following seed values for the PSO were used:
49052764, 12039846, 32609861 and 18796345; value of
k = 9. A maximum of 10,000 iterations was allowed, and
the convergence error tolerance was set to � ¼ 13 10�5.
The following stopping criterion was used:

� . kgk � gk�1k2F=kgk�1k2F : (20)

8. Results

Figure 1 depicts the log of the average number of
iterations StEFCal requires to converge as a function of
its hyperparameters (for four antennas and a randomly
chosen visibility dataset described in section 7). The cur-
rently used StEFCal hyperparameters are depicted with

yellow crosses. The best hyperparameter pair (in terms
of the least number of iterations), found via grid search
and a PSO, is depicted in black and pink (which differs
from the defaults). It appears as if the pink cross does not
fall on a minimum; this is merely an artifact of the grid
resolution. Figure 2 depicts the mean (represented by
crosses) and the 95% confidence ellipse of the optimal
StEFCal hyperparameter values that the PSO found, in
general, averaged over all SNR and maximum amplitude
combinations for different antenna sizes. StEFCal con-
verged faster using these hyperparameters than it did
with the default values. The mean values appear to move
in the direction of ð0; 1Þ as the number of antennas
increase, which corresponds to the original StEFCal. The
symmetry in the solution space was exploited to create
this graph. All values in Table 1 are computed across all
SNR and maximum amplitude combinations. Table 1
reports the mean and standard deviation of the number
of iterations required for convergence, as well as the
mean residual norm at convergence for optimal and
original StEFCal. The differences between optimal
and original StEFCal are also reported for each
antenna size, given the aforementioned performance
criteria. The results demonstrate that StEFCal with
optimal hyperparameters consistently outperforms
original StEFCal for all antenna sizes (except when
comparing the mean residual norm in the four-antenna
case; the residual difference in that case is negligible).
The mean value of the hyperparameters � (even/odd),
which achieved optimal results for each antenna size, is
provided for the reader’s convenience. The convergence
time was tracked, and the mean time was calculated for
both optimal and original StEFCal. The row titled
“Dt ð2 hours3 1 channelÞ [s]” reports the mean time
difference for calibration, in seconds, between optimal

Figure 2. StEFCal optimal � (even/odd): means (3) and 95% confi-
dence ellipses over antenna sizes.

Figure 1. StEFCal average iterations to converge (log-scale) for
even/odd �, 4 antennas.
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and original StEFCal for a 2-hour observational period
for a single channel. An Acer Predator PT314-51s was
utilized for the experiments. Important specs are: CPU =
11th Gen Intel® CoreTM i7-11370H; RAM = 24 GiB.
A scaled scenario is depicted in the row titled
“Dt ð10000 hours3 1000 channelsÞ,” representing the
calibration time difference in hours, more than 10,000
observational hours for 1000 channels.

9. Conclusion

Figure 2 and Table 1 suggest that optimal StEFCal
tends to the original StEFCal (both in terms of performance
and optimal � values) as the number of antennas increases.
Table 1 highlights the fact that if a PSO is used to find opti-
mal hyperparameters for StEFCal, then StEFCal can con-
verge faster than conventional StEFCal does. The row
“Dt ð2 hours3 1 channelÞ [s]” in Table 1 suggests a
small improvement in general and may seem insignificant
at first glance. In a real-world scenario, more observational
hours and channels are used, Therefore, the time difference
when calibrating 10,000 observational hours for 1000 chan-
nels becomes significant. Leaving StEFCal unoptimized,
the compounded time wasted over many observational
hours results in a considerable amount of wasted
computing.
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Table 1. Performance metrics for optimal and original StEFCal.

Number of Antennas 4 9 16 25 36 49 64 81 100

Mean iterations orig StEFCal 430.74 27.91 20.44 17.17 15.43 14.34 13.55 13 12.56
Mean iterations opt StEFCal 399.96 23.72 17.44 15.04 13.77 12.95 12.28 11.8 11.42
Mean iterations difference þ30.79 þ4.2 þ3.0 þ2.14 þ1.66 þ1.4 þ1.27 þ1.2 þ1.14
Improved mean iterations, % 7.15 15.04 14.70 12.45 10.76 9.7 9.38 9.22 9.11
Standard deviation iterations orig StEFCal 1782.79 13.2 5 2.88 2.24 1.97 1.72 1.56 1.43
Standard deviation iterations opt StEFCal 1733.97 11.21 3.97 2.2 1.72 1.58 1.42 1.36 1.29
Standard deviation iterations Difference þ48.81 þ1.98 þ1.01 þ0.68 þ0.52 þ0.4 þ0.3 þ0.2 þ0.13
Mean residual norms orig StEFCal 319.86 1059.07 2009.05 3253.66 4806.32 6592.74 8661.17 11022.58 13633.96
Mean residual norms opt StEFCal 320.63 1059.07 2009.04 3253.65 4806.3 6592.72 8661.14 11022.56 13633.94
Mean residual norms difference �0.77 0 0 þ0.01 þ0.02 þ0.02 þ0.02 þ0.02 þ0.02
� even mean �0.2095 �0.2231 �0.1902 �0.1483 �0.1150 �0.0937 �0.0788 �0.0685 �0.0599
� odd mean 0.8423 0.9282 0.9281 0.9301 0.9317 0.9344 0.9442 0.9619 0.9819
Dt ð2 hours3 1 channelÞ [s] 0.0402 0.0175 0.0247 0.0309 0.0364 0.0440 0.0553 0.0780 0.0818
Dt ð10000 hours3 1000 channelsÞ [h] 55.77 24.26 34.33 42.85 50.61 61.11 76.81 108.31 113.62

For StEFCal optimal: green ¼ better, yellow ¼ no difference, red ¼ worse.
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