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Abstract—Phased array radar systems require precise calibra-
tion to ensure accurate beam steering and signal processing.
Variations in antenna elements can significantly affect system
performance, and traditional calibration methods, which rely on
known geometries and specialized equipment, often struggle in
real-world settings where data may be incomplete due to factors
like amplifier saturation and diverse element configurations.
To overcome these limitations, we propose a geometry-agnostic
calibration approach that uses mutual coupling measurements
for robust calibration, independent of specific antenna config-
urations. By employing various computational techniques, our
method supports both in situ and initial calibration scenarios,
offering flexibility for diverse radar systems, including those with
nonplanar or independently deployed antennas. The proposed
methodology not only generalizes prior calibration techniques
but also demonstrates significant improvements in calibration
accuracy and operational flexibility, making it a promising solu-
tion for applications where traditional methods are impractical.

Index Terms—Calibration, mutual coupling, partitioning,
phase alignment, phased array radar.

I. INTRODUCTION

PHASED array radar systems require precise calibration
to ensure accurate beam steering and subsequent down-

stream signal processing. These radars rely on controlling the
phase and amplitude of signals transmitted or received by
an array of antennas. Calibration is essential for correcting
variations in individual antenna elements and their associated
electronics, which can lead to errors in the radar beam’s
direction and shape. Without proper calibration, radar per-
formance in detecting, tracking, and imaging targets would
be compromised. A common calibration approach for sta-
tionary systems is park and probe, which involves using an
external probe antenna with known characteristics to align
each element [1], [2], [3], [4]. This typically requires a near-
field scanner large enough to accommodate the radar array.
However, recent advancements in calibration algorithms allow
for calibration through mutual couplings [3], [5], [6], [7],
[8], [9], [10], [11], [12], [13], [14], [15]. In these methods,
data collection involves transmitting from one element and
measuring the signal received by each other element. The
resulting signal is analyzed by comparing the peak of the
matched filter response from the transmitted signal to the
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peak of the matched filter from the received signal, yielding a
complex coupling coefficient. These coefficients are compiled
into a coupling matrix, which is then used, along with other
reference information, to compute alignment weights for each
element.

Phased array calibration algorithms can be categorized
based on several factors. One key distinction is whether the
algorithm is intended for use in a laboratory or factory setting,
where operators typically have access to specialized equipment
such as near-field or far-field scanners, or a reference antenna
with a known complex gain. These are referred to as “initial
calibration” algorithms, which tend to be more precise but
are often impractical for certain radar systems and cannot
be applied after the radar is deployed. In contrast, “in-situ”
calibration algorithms are designed for use with operational
radar systems in the field. Another distinction is whether the
algorithm depends on external equipment, such as a calibration
antenna or coupled lines at each element, or whether it
operates solely on the radar’s internal measurements. Recent
developments have focused on algorithms that do not require
additional hardware, relying instead on mutual coupling mea-
surements [3], [5], [6], [7], [8], [9], [10], [11], [13], [14].

To provide the proper framework for this article’s techni-
cal contributions, let us first briefly survey existing mutual
coupling calibration methods and discuss their limitations.
A common issue with these algorithms is their reliance on
known geometry, which often requires hard-coded logic for
effective implementation [8], [10], [13], [16]. This can be
problematic when applying the algorithms to real-world sys-
tems, as mutual coupling datasets are often incomplete due
to engineering constraints in the RF front-end design. For
example, closely spaced elements can lead to amplifier satura-
tion, causing nonlinear behavior in the system [8], [16], [17],
[18], [19]. Although one might consider reducing transmit
(Tx) power to avoid saturation, this compromises the radar’s
range, lowering the received signal power at more distant
elements and limiting meaningful measurements. The ideal
calibration algorithm should be flexible enough to account
for missing data, whether due to faulty channels, missing
elements, or amplifier saturation. Algorithms that depend on
precise geometric knowledge often require complex logic to
address such gaps.

This article proposes a geometry-agnostic calibration
methodology. The approach involves three stages: partitioning,
phase alignment, and a main alignment stage. Before the
main calibration can be applied, a phase alignment must be
performed on the data to avoid phase wrapping conditions.
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Fig. 1. Some phase alignment routines are more efficient or easier to implement when applied to a bulk dataset shown on the left. If the process can be
parallelized without significant loss in quality, it is better to apply phase alignment to each subdivision after partitioning shown on the right.

Partitioning is the process of subdividing the datasets into
subarrays in order to parallelize the computation. Partitioning
can be applied before or after phase alignment, depending
on the nature of the phase alignment process being applied.
Some phase alignment routines are more efficient or easier
to implement when applied to a bulk dataset, such as the
subtractive alignment method discussed later. If the process
can be parallelized without significant loss in quality, such as
in the guided phase alignment method, it is better to apply
phase alignment to each subdivision after partitioning. This
order of operations is depicted in Fig. 1.

The existing methods of mutual coupling calibration use
the same order of operations used for the processes proposed
here. However, each stage is performed differently. First, phase
alignment is usually applied through reliance on some form of
geometric pattern, often a lattice structure, where couplings of
comparable geometry are used to phase align starting from a
root element. This results in a rigid structure such that if any
pairings are missing in the dependency structure, the system
will become unsolvable. A more in-depth analysis of this struc-
ture and its points of failure is discussed in [16]. In Section III
we will propose two alternatives that are less sensitive to
missing data by avoiding building rigid dependency on specific
connections. Second, the main calibration stage in existing
literature is performed by applying a coupling set model that
will be discussed in Section II-C. This model is more flexible
than the lattice structure used for phase alignment, but still
relies on consistency in geometric patterns across the array.
The limitations of the coupling set model will be identified in
Section II and a new method of constructing a valid system of
equations will be presented in Section V. Finally, the existing
partitioning strategy is to create subarrays and solve the array
in reduced partitions that are later pieced together to form a
larger set of alignment weights. In the case of the partitioning
method, the traditional approach is quite straightforward and

reliable. However, we will propose a novel geometry-agnostic
partitioning method to broaden the range of tools available and
allow the full process to be completed without dependence on
known geometry.

In this article, we will outline novel geometry-agnostic
techniques to achieve each stage. The proposed method is
capable of calibrating antennas in arbitrary configurations, and
it can also complement and extend previous mutual coupling
calibration approaches. Modern tools, such as the method of
moments [17], [19] and Ansys Electronics Desktop (HFSS)
[20], enable the simulation of passive couplings. Instead of
relying on geometric assumptions about element couplings, we
propose directly evaluating the couplings based on estimates.
In the case of in situ calibration, the passive couplings are
obtained through mutual coupling measurements taken after an
initial calibration procedure. Importantly, when using guided
approaches, the passive coupling estimates do not need to be
numerically precise. These estimates only need to indicate
which coupling pairs are likely to be similar. If two couplings
are close after calibration, their passive estimates should be
similarly close. This methodology’s flexibility allows existing
calibration methods to be incorporated into a unified compu-
tational framework.

The calibration weights derived from our geometry-agnostic
method are validated against reference measurements taken
using our near-field setup shown in Fig. 2. In this configura-
tion, a near-field scanner systematically measures the complex
coupling between each array element and a reference probe
at fixed spacing. By comparing element responses relative
to a central reference element, we obtain the precise gain
and phase relationships used to verify our mutual coupling
calibration results. The park-and-probe derived weights serve
as the accuracy benchmark for the data shown throughout this
document. In a practical scenario, the starting gains would not
be known until the algorithm derives alignment weights. The
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Fig. 2. Configuration for park and probe measurements in our laboratory.

data shown throughout this document applies the alignment
weights obtained to the gains obtained through park and
probe measurements, as the method is well known to produce
accurate gain estimations [1], [2], [3], [4]. Before we can
discuss the details of the methodology, there are practical
considerations that must be discussed.

II. OVERVIEW OF CALIBRATION METHODOLOGY
AND PRACTICAL CONSTRAINTS

Mutual coupling-based calibration offers a compelling alter-
native to traditional phased array radar calibration techniques
by eliminating the need for external reference equipment.
These methods estimate alignment weights based solely on
interelement coupling measurements. However, when applied
to real-world systems, several practical constraints must be
addressed to ensure accurate and robust calibration. This
section outlines the major limitations observed in experimental
datasets and provides insight into their impact on calibration
algorithm performance. Which constraints apply depends on
the capabilities of the system in question.

Closely spaced radiators exhibit stronger mutual coupling,
which can lead to saturation of the receiver’s low noise
amplifier (LNA) [21]. To mitigate this, measurements that
exceed the LNA’s linear operating range are clipped during
acquisition, resulting in missing or unusable data entries.
While adjusting the gain of the Tx and receive (Rx) paths
can sometimes maintain linearity, this approach is limited by
the tradeoffs introduced by other constraints in the system.

At the opposite end of the coupling spectrum, radiators
that are farther apart may not couple strongly enough for
the signal to be detected reliably. These weak measurements
often fall below the matched filter’s detection threshold and
are recorded as missing information, particularly when gain
settings are tuned to avoid adjacent element saturation. As seen
in Fig. 3, this leads to a sparsely populated coupling matrix,
which can hinder the construction of a fully constrained system
of calibration equations.

In modular systems such as the Horus polarimetric phased
array radar [5], [22], [23], the front-end architecture is com-
posed of Octoblades, each containing 16 ports across eight

dual-polarization channels. For instance, the left side of Fig. 2
depicts one 8 element × 8 element panel of Horus’ mul-
tipanel array. While convenient for scalability, these panels
suffer from limited internal channel isolation. Consequently,
mutual coupling measurements between elements on the same
Octoblade are censored in software to avoid contamination
by crosstalk. Although hardware improvements could address
this limitation, current algorithms must accommodate the
resulting data gaps. In this article, we assume the standard
λ/2 element spacing; moreover, this is how Fig. 2 was
designed by teammates in our laboratory.

Phased array systems are susceptible to faults such as dead
or missing elements and uninstalled subpanels. These issues
can significantly distort the mutual coupling matrix if not
properly accounted for. While faults can be detected using
statistical thresholds derived from nominal system behavior
[14], [24], this method becomes ineffective when the number
of faulty elements is high, leading to an under-determined
system with corrupted rows and columns. In addition, there
are many situations where it may be necessary to ignore
certain elements and/or directions (for example, when using
a “thinned array” for receivers) [25]. To address these con-
cerns, masking mechanisms are implemented in the calibration
pipeline to exclude affected elements from the computation.
Masking can be applied at the radiator-direction or radiator-
pair level. For example, if a particular radiator is known to
work well in Tx but not in Rx, the column corresponding
to that element can be censored so that only Tx pairings
are considered for that radiator. This masking can even be
applied to a specific interaction. For example, if it is known
that transmitting from radiator X and receiving on radiator Y
creates problematic results, that particular entry can be masked
without masking the reverse interaction from radiator Y to
radiator X.

A. Active and Passive Couplings

There are two types of coupling matrices for mutual cou-
pling calibration. First, there is the passive coupling matrix as
shown in Fig. 4. In prior literature, this was simply referred
to as the S -parameters ([8] being a notable exception); this
terminology would not be accurate in all cases. This more
specific terminology allows us to avoid potential situations
where S -parameters do not align with the following descrip-
tion. The passive coupling is a complex number that represents
how the signal is changed from transmission to reception
when the gains from both of the frontends are normalized
to unity gain. It is assumed that only one transmitter is
active at a time when the data is collected. Generally, this
is intended to characterize the effects of electromagnetic
transmission between the two radiators imposed on the signal
as the multiplication of a complex number. It is important
to note that passive coupling is a function of both frequency
and environment. Here, “environment” refers to the physical
space where the data were collected, such as a multipath-free
anechoic chamber.

Active couplings are a function of the passive couplings
and are a characterization of the total change to the signal,
as depicted in Fig. 5. To begin with, the left side of Fig. 5
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Fig. 3. Visual representation of coupling magnitudes in a 40 × 40 dual-polarized radar array. The data corresponds to all coupling measurements involving
the central transmitter (denoted by a red x). Effects of long-range coupling limitations and subarray censoring are visible. Black lines demarcate the modular
8×8 subpanels composing the full antenna array. The gray subpanels indicate panels that were not installed for these measurements (subarray censoring). The
white space at the end of the circle represents data that is missing due to range limitations. The white column in the center is are element that is controlled by
the same Octoblade as the transmitting element. The adjacent element effects are not significant enough to warrant censoring in this case, but they do result
in less stable couplings near the transmitting element.

Fig. 4. Illustration to convey the dependence of passive couplings on
frequency and environment.

Fig. 5. Signal path block diagram illustrating that active couplings are directly
related to the passive couplings but include the effects introduced by the front-
end, representing the overall effect with a complex value known as a gain for
Tx and Rx.

refers to the Tx portion, while the right side of the figure
refers to the Rx portion. To bridge both sides, we introduce
the notation S ji that represents electromagnetic coupling for
transmitting element i and receiving element j. The variable
Di j contains the actual complex coupling measurement. Next,

for an array, Fig. 6 shows an example arrangement of a
coupling matrix structure that works well for us. The complex
gains characterize the amplifiers and any other effects imposed
on the signal by the front-end [3], [14]. A mutual coupling
measurement should be at the same frequency and in a
comparable environment to that which was used for the passive
coupling.

It is important to distinguish between gain factors and align-
ment weights. The complex gain factors Ti and R j represent
the actual, uncalibrated amplitude and phase response of the
Tx and Rx front-end chains, respectively. These gains encom-
pass all linear effects imposed on the signal by amplifiers,
phase shifters, and other components in the signal path. The
alignment weights are the computed correction factors applied
to compensate for these gain variations. Specifically, if Ti

represents the complex gain of transmitter i, then the corre-
sponding alignment weight wTi is chosen such that wTi ·Ti = 1
(or a common complex constant across all elements). Thus, the
alignment weights are essentially the multiplicative inverses of
the gain factors.

The ultimate goal of calibration is to compute these gain
factors so alignment weights can be applied to the amplifiers,
aligning each radiator in magnitude and phase. In the best-
case scenario, the calibrated gains would be unity; however,
in many cases, it is acceptable as long as all the gains are
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Fig. 6. Visual depiction of the coupling matrix structure used. The model
shown is a hypothetical four-element (eight radiators, 16 gains) dual-pol
antenna configuration. For example, row 4 column 2 of the matrix represents
transmitting from the vertical radiator of element 0 to the horizontal radiator
of element 2.

equal. If the system is linearized, the alignment weights should
map the passive coupling matrix to the active coupling matrix.
Section II-B builds on this theme to construct a set of linear
equations that are solvable for the calibration solution.

B. Coupling Model

The calibration process begins with an uncalibrated cou-
pling matrix D ∈ CN×N , where N represents the total
number of radiators (including both polarizations for dual-
pol systems). Each entry Di j contains the complex coupling
measurement between transmitter i and receiver j, formed
as the product Di j = TiS jiR j, where Ti and R j are the
unknown complex gains of the Tx and Rx chains, respectively,
and S ji represents the passive coupling between radiators.
For an N-element system, D exhibits block structure when
accounting for polarization diversity, as illustrated in Fig. 6.
The calibration problem reduces to estimating Ti and R j given
D and an estimate of the passive couplings S. From D, we
compute ratios Ka,b

c,d = Da,b/Dc,d as shown in the following
equation as:

Ka,b
c,d =

Da,b

Dc,d
=

TaSb,aRb

TcSd,cRd
. (1)

However, due to the large number of unknowns in this
expression, solving a complete system based solely on this
formulation is not feasible. To reduce the problem to a
tractable form, we impose a constraint on the system by
only considering cases where the passive coupling terms are
approximately equal: Sb,a ≈ Sd,c. This assumption reduces the
system to a lower dimensional vector space, making it possible

Fig. 7. Visual depiction of how terms in (3b) map to (6).

to determine the solution. The simplified expression is shown
in the following equation [5], [10] and expressed as:

Sb,a ≈ Sd,c =⇒ Ka,b
c,d =

Da,b

Dc,d
=

TaRb

TcRd
. (2)

This product-based relationship is not compatible with lin-
ear algebraic methods. To apply matrix-based techniques, we
take the logarithm of both sides, converting the multiplicative
relationship into an additive one, as shown in (3a) and (3b).
The base of the logarithm is flexible, and base 2 is commonly
used due to its favorable dynamic range and compression
properties [13]

log
�

Da,b

Dc,d

�
= log

�
TaRb

TcRd

�
(3a)

=⇒ log
�
Da,b

�
− log

�
Dc,d

�
= log (Ta) + log (Rb) − log (Tc) − log (Rd) . (3b)

We now define a vector ~E, which contains the logarithmic
values of all unknown gains—both Tx and Rx. Each equation
in the system can be represented by a row in a matrix Ā, with
entries existing in the set {−1, 0, 1} indicating the role of each
gain in that equation. The resulting system is expressed as

~K = Ā · ~E ⇐⇒ ~E = Ā+~K (4)

where Ā+ denotes the Moore–Penrose pseudo-inverse [26],
[27]. The Moore–Penrose pseudo-inverse provides a least-
squares solution that exists for any matrix Ā, regardless of
dimension or rank. However, for the solution to be physically
meaningful and well-constrained, the system must form a
connected graph where each radiator relates to at least one
other radiator through valid coupling measurements. In prac-
tice, this requires that the measurement set provide sufficient
independent equations to resolve all unknown gains relative to
the reference elements. Since mutual coupling measurements
alone are typically insufficient to fully constrain the system,
it is necessary to incorporate a priori knowledge of at least
one Tx and one Rx gain. To integrate these known values, we
partition the gain vector and matrix into known and unknown
components. The known gain values form a vector ~E2 and
their associated matrix columns form B̄. The unknowns form
~E1 and Ḡ, respectively. The resulting system is

~K = Ḡ · ~E1 + B̄ · ~E2 ⇐⇒ ~E1 = Ḡ+ ·

�
~K − B̄ · ~E2

�
. (5)

A representative example of this system is shown in the
following equation and Fig. 7, illustrating how specific gain



252 IEEE TRANSACTIONS ON RADAR SYSTEMS, VOL. 4, 2026

terms map into the matrix representation:

�
1 − 1 0 0 0 − 1

�
26666664

log (Ta)
log (Tc)
log (Td)
log (Ra)
log (Rc)
log (Rd)

37777775+
�
0 1

� �log (Tb)
log (Rb)

�

=
�
log

�
Da,b

�
− log

�
Dc,d

��
. (6)

C. Coupling Sets

Coupling sets provide a systematic framework for grouping
antenna pairings that are presumed to have equal passive
couplings based on geometric similarity and polarization char-
acteristics [8], [13], [14]. This methodology capitalizes on
the electromagnetic principle that identical relative positioning
and polarization states should theoretically yield equivalent
coupling behavior. The approach proves particularly effective
for uniformly spaced planar arrays where geometric patterns
can be systematically enumerated and where boundary effects
are minimized in central array regions. The implementation
of coupling sets offers several computational advantages. By
establishing predefined grouping rules, the calibration process
can be automated through straightforward indexing operations,
significantly reducing the manual effort required for equation
formulation. However, this convenience comes with several
substantive limitations that impact calibration accuracy:

First, the fundamental assumption of geometric equivalence
often fails to capture the complete set of pairings with truly
identical couplings. The method inherently misses potential
correlations between pairings that may exist across differ-
ent geometric groups due to higher-order electromagnetic
interactions or structural symmetries not captured by simple
geometric rules. This interconnectivity between nominally dis-
tinct coupling sets represents valuable calibration information
that is systematically excluded by the coupling set approach.

Second, practical array imperfections frequently violate the
coupling equality assumption within sets. Boundary effects at
array edges, manufacturing tolerances, and subtle variations in
element performance introduce significant coupling variations
within nominally identical geometric groups [8], [13], [14],
[16], [24].

Third, the indexing logic becomes increasingly complex
when dealing with real-world arrays containing failed elements
or nonstandard configurations. The algorithm must incorporate
extensive exception handling to address missing data cases,
and this complexity grows combinatorially with array size and
the number of allowed geometric transformations.

To mitigate these limitations, one can implement statistical
filtering of coupling sets [8]. Each candidate set is evaluated
using multiple metrics: standard deviation, maximum coupling
magnitude, and minimum coupling magnitude. Thresholds are
generally adequate. Sets failing these criteria are excluded
from the calibration process. The exact thresholds are highly
dependent on the system in question. While this filtering
improves result quality, it necessarily reduces the number of
usable equations, potentially leading to underdetermined sys-
tems if applied too aggressively. The effectiveness of coupling

sets depends critically on the array’s regularity. For nonpla-
nar arrays or systems with irregular spacing, the geometric
grouping rules become either prohibitively complex or funda-
mentally inadequate. Next, for the remainder of this article,
we will address these limitations and propose algorithms that
mitigate these problems through a more dynamic approach.
However, before we can apply any calibration technique, a
prephasing stage must be performed [8], [13], [16] as will be
described in Section III.

III. PREALIGNMENT CONSIDERATIONS

This section discusses two prealignment techniques, which
establish a critical foundation for subsequent calibration proce-
dures. However, they represent only the first stage in achieving
full system alignment. The remainder of this article will build
upon this foundation to develop comprehensive calibration
solutions that address both magnitude and phase alignment
while accommodating real-world measurement constraints.

Before applying calibration algorithms, it is essential to
address phase wrapping in the measurement data. As discussed
in [8], [13] and [16], the logarithmic transformation used in the
calibration framework requires that phase variations of Tx and
Rx gains remain within ±90◦ to avoid ambiguity. To satisfy
this constraint, we implement a preliminary phase alignment
procedure that corrects for phase wrapping effects. The final
calibration weights will be the product of these prealignment
weights and those determined by the subsequent calibration
process. While this prephasing step can sometimes achieve
complete phase alignment, its primary purpose is to establish
a suitable initial state for the main calibration algorithm. The
process is particularly crucial for systems with significant
initial phase variations, though perfect alignment is not strictly
required for successful calibration.

With the above concepts in mind, a logical first attempt at a
geometry-independent method uses only an estimated passive
coupling matrix to determine alignment weights. The process
shown in Fig. 8 involves as following.

1) Converting active and passive coupling matrices to phase
representations.

2) Subtracting passive coupling phases from measured
phases.

3) Referencing all phases to a chosen element.
4) Applying modulo 360◦ to eliminate wrapping artifacts.
5) Computing mean phase offsets for each element.
This method effectively aligns phases while avoiding geo-

metric assumptions. However, its accuracy depends heavily on
the quality of the passive coupling estimates. Any deviation
from what the coupling data would be if the system were
calibrated will contribute directly to errors in the results. Fig. 9
demonstrates the resulting gain phases after the subtractive
method is applied. In this case, the passive couplings used
were highly accurate. To further improve accuracy and robust-
ness, it is necessary to isolate the estimated dataset from the
computation itself. This will reduce the sensitivity to errors
in the estimated dataset. In the following guided alignment
discussion, we will describe such an algorithm.

Guided Alignment:To balance accuracy and flexibility, a
guided approach (Fig. 10) is proposed that uses passive
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Fig. 8. Block diagram depicting steps involved in geometry-agnostic phase
alignment.

Fig. 9. Result of subtractive phase alignment applied to a dataset gathered
on a dual-pol 8 × 8 system. The element marked in orange is the reference
element. Phases are depicted relative to the reference element.

coupling estimates to identify suitable element pairings with-
out direct geometric assumptions. In this method, initial
References, TA and RA, are chosen before execution. The
system then loops through every combination of a common
receiver (Rcom) and transmitter (TB) and decides if SA,com is
close enough to SB,com to apply as follows:

Scom,A ≈ Scom,B

=⇒ ∠Kcom,B
com,A = ∠

TBScom, BRcom

TAScom, ARcom
= ∠

TB

TA

= ∠TB − ∠TA. (7)

After element TB is aligned to element TA, it is added to
a list of solved elements. When all possible combinations for
element TA have been enumerated, it is added to a list of used
references to avoid reusing it in future loops. Then, a new TA

is chosen from the list of solved elements for the next loop.
The list is sorted so that the next chosen element will be the
least recently solved element in order to minimize the degrees

Fig. 10. Flowchart depicting the stages of the passive coupling guided
approach to phase alignment.

Fig. 11. Result of guided phase alignment applied to a dataset gathered on a
dual-pol 8 × 8 phased array system. The element used as the first reference
is marked in orange. Phases are depicted relative to the reference element.

of connection to the original reference. This process is then
repeated for Rx. This full cycle is looped until there are no
more elements to solve.

Fig. 11 demonstrates the results of the guided phase
alignment method. The algorithm’s effectiveness stems from
leveraging electromagnetic relationships encoded in the pas-
sive coupling matrix rather than explicit geometric rules.
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Fig. 12. Comparison of coupling data measured across various ranges of Tx power levels.

Instead of directly involving the passive couplings in the cal-
culation, the coupling estimations are used as a guide to decide
which pairings to apply together. In this case, the passive
coupling estimate does not need to be a numerically accurate
prediction of couplings taken in a calibrated state. Instead,
couplings that are considered to be approximately equal in the
passive coupling matrix should also be approximately equal
in the calibrated measurement. While not ideal for accuracy,
the algorithm would allow for assigning pairings into groups,
and the passive coupling matrix would simply be composed
of integers representing the group assignments. This would
effectively be the same as creating coupling sets. Next, we
explore the coupling linearization constraint.

IV. COUPLING LINEARIZATION

The calibration methodologies presented in this work rely
fundamentally on the assumption that the radar system oper-
ates in a linear regime. This linearity ensures that changes
in Tx power produce proportional changes in received cou-
pling measurements. In practical systems, however, nonlinear
effects from amplifier saturation and noise can violate this
assumption, necessitating careful system linearization before
calibration [16].

For the calibration framework to be valid, the system must
satisfy two key conditions as follows.

1) Magnitude Linearity: A ∆ dB change in Tx power
should produce a ∆ dB change in all coupling
measurements.

2) Phase Stability: Changes in Tx power should not intro-
duce phase variations in coupling measurements.

For instance, Fig. 12 demonstrates typical nonlinear effects
observed in experimental systems. At low power levels, signal-
to-noise ratio (SNR) degradation causes random magnitude
variations, while high power levels drive amplifiers into satu-
ration. Both effects violate the linearity assumptions required
for calibration. To solve this problem, we have developed a
gain sweep method as follows.

1) Measure coupling matrices across a range of Tx power
levels.

2) Identify the linear region where magnitude changes are
proportional.

3) Verify phase stability.
4) Select operating points maintaining adequate SNR while

avoiding saturation.

The effectiveness of the proposed calibration framework
is inherently dependent on maintaining adequate SNR in
the mutual coupling measurements. As SNR decreases, both
magnitude linearity and phase stability degrade, introducing
random variations that violate the fundamental assumptions of
the calibration model. While the gain sweep method identifies
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Fig. 13. Difference in phase between coupling data taken when the radar was
set to a Tx power level of −40 compared to −50 dB.

optimal operating points that balance SNR requirements with
linearity constraints, practical systems must maintain sufficient
SNR to ensure reliable calibration performance. In scenarios
where no linear operating region exists due to pervasive
low SNR conditions, alternative calibration approaches, or
hardware modifications may be necessary, as the multiplicative
complex gain model becomes invalid when measurement noise
dominates the signal characteristics.

This empirical approach provides a reliable linearization for
many practical systems. The method is particularly effective
when Rx gains are digitally controlled, simplifying the opti-
mization to a single dimension. For example, with respect to
Step (2) of the method, in our case, the optimal power setting
was found to be around −40 to −50 dB as can be seen in
Fig. 12. Following Step (3), Fig. 13 depicts the difference
in phase between coupling data at Tx power levels between
−40 and −50 dB. As observed, the change in gain magnitude
had minimal effect on the phase of the couplings as long as
the SNR of the measurement was high. In summary, proper
linearization ensures the validity of the subsequent calibration
steps while maximizing the system’s dynamic range. Section
V discusses the main step of the calibration process.

V. MAIN ALIGNMENT STAGE

The proposed calibration framework employs an object-
oriented approach to manage the system of equations required
for calibration. Key system attributes, including the number

of elements and the coefficient matrix Ā, are encapsulated
within a computational class structure. This design maintains
metadata about equation pairings to facilitate efficient updates
to the measurement vector ~K without matrix reconstruction.
Notably, the implementation does not distinguish by element
but instead by radiator. For human accessibility, the vertical
polarization is placed directly after the horizontal for indexing
purposes. However, the algorithm itself treats every radiator
index as an arbitrary independent antenna. The framework
implements a filter at the point of insertion into the system
of equations. Whenever a pairing is requested to be added to
the system, the function checks for various conditions, such as
whether the pairings involved exist in the dataset, if the passive
coupling values are close enough for inclusion, if the SNR
is high enough to be considered valid, and any other checks
the system requires to determine the validity of an equation.
If the pairing requested passes the filter checks, the system
adds the entry to the system of equations; otherwise, the
function simply returns 0, effectively rejecting the pairing [16].

It is important to clarify that the rejection operates at the
equation level rather than at the level of individual pairings.
Each equation consists of two pairings, one contributing +1
matrix entries and one contributing −1 entries, such that a
rejected equation may still be represented elsewhere in the
system through an alternative valid combination. As such,
there is no fixed rejection percentage beyond which the
calibration becomes unsolvable; solvability depends not on
the raw number of accepted equations, but on whether the
remaining equations form a sufficiently connected graph across
all radiators. In practice, as long as each radiator maintains
multiple independent valid connections to the network, the
least-squares system remains well-posed. However, if filtering
becomes so aggressive that large subsets of radiators are never
related through any admissible equation, the solution will
naturally become underdetermined.

This architecture provides two key advantages as follows.
1) Decoupled Estimation: Passive coupling estimates guide

equation formation without directly entering computa-
tions, reducing sensitivity to estimation errors.

2) Modular Filtering: Validation criteria are applied at the
point of measurement insertion, simplifying higher-level
algorithm implementation.

The most exhaustive approach evaluates all possible radiator
combinations (O(N4) complexity), offering complete system
characterization. While this may not be the most computa-
tionally efficient algorithm, it does tend to produce solutions
in a reasonable amount of time, so long as the array it is being
applied to is of reasonable size. This approach is advantageous
over previous coupling set-based methods for two reasons.
First, forming couplings into groups introduces the possibility
for couplings that may have made valid pairings to be excluded
simply because they were placed in different groups. A subset
of group A might pair with a subset of group B, but because
these groupings were used, certain interconnections would
not be considered. Second, often when couplings are lumped
into groups (for example, based on relative geometry), it is
assumed that all of the couplings within that group are close
enough to be paired. However, this condition is often violated,



256 IEEE TRANSACTIONS ON RADAR SYSTEMS, VOL. 4, 2026

Fig. 14. Result of guided phase alignment applied to a dataset gathered
on a dual-pol 8× 8 phased array system (64 elements, 128 radiators, and
256 gains). Blue: The ground truth gains obtained by inverting the alignment
weights obtained through park and probe. Orange: After guided phase
alignment correction is applied. Red: After phase correction and alignment,
weights have been applied. There are 128 data points of each color in both
plots, and many data points overlap.

especially as the group sizes become larger. For example, if
using relative geometry, element pairings that are closer to the
edge will experience edge effects and may not be comparable
to a coupling of similar spacing in the center of the array
[8], [13], [14], [16], [24], [28]. In practice, the way this error
is mitigated is by statistical rejection of sets (for example,
standard deviation). With the introduction of this method,
all possible valid equations are included while systematically
avoiding equations that violate the desired metrics.

Fig. 14 demonstrates the results of the brute-force alignment
process. The gains of the radiators begin in random starting
states indicated in blue. The guided prealignment process is
then applied, resulting in the phase-aligned gains shown in
orange. Finally, the main brute-force alignment process is
applied, which aligns all 128 radiators to unity gain.

If the reference gain information is not provided, the system
of equations will always be circularly defined. It is possible
to obtain relative gains without a reference, which can be
useful depending on how alignment weights are applied in the
frontend systems. In the cases where a reference gain cannot
be provided, every radiator can be aligned to a reference
radiator by setting the gain of the reference to one in the
computation. For many applications, this relative alignment
may be adequate. Effectively, this defines unity gain to be in
reference to the state of that particular radiator. The error will
manifest as a signal delay, but one that is constant across all
elements since they are aligned with each other. An example
of this alignment applied to a phased array system is shown
in Fig. 15.

VI. PARTITIONING STRATEGIES FOR LARGE ARRAYS

For large arrays, it is often impractical to perform the
calibration computations in a reasonable amount of time,
given approximately N4 number of operations for N elements.
Without partitioning, it quickly becomes unfeasible to calibrate
larger arrays. A demonstration of computation time without
partitioning is shown in Fig. 16. For this reason, it is necessary
to subdivide the array into partitions that can be solved inde-
pendently. The next two subsections describe our approaches
to solving this problem.

Fig. 15. Result of calibration performed on data from a dual-pol 8×8 system
if the reference gains are assumed to be unity. All elements are aligned to the
complex gain of the reference element.

Fig. 16. Plot showing the execution time required to compute the calibration
weights, including the brute-force construction of the system of equations
and the computation of the Moore–Penrose inverse for various numbers of
radiators. The experiment used randomly generated weights and a reasonably
populated passive coupling matrix to create the active coupling matrix. This
was performed on a Dell Precision T1700 with an Intel i7-4790 4 GHz CPU
and 16 GB of DDR3 RAM.

A. Panel Subdivision Method

For large regular arrays, the panel subdivision approach
divides the system into modular panels, as depicted in Fig. 17
[16]. Here, each individual element is shown as a small
colored box. Elements that are solved or provided a priori
are shown in blue. Elements that are solved in that step are
shown in green. Red indicates elements that are unsolved. The
left half of Fig. 17 shows the first stage, where the starting
reference is used to align a center element in each of the
subdivisions. This effectively creates a reference element that
can be used for each subdivision. The right half of Fig. 17
shows one subdivision being solved utilizing one of the refer-
ences computed in the previous step. Many radar systems use
independent modular panels and/or subarray processing, with
each subarray having a prescribed set of elements; therefore,
a panel subdivision approach is a natural outcome of modern
phased array data processing techniques [4], [5], [15], [22],
[25], [28], [29], [30], [31], [32], [33], [34]. In summary, the
method proceeds as follows.

1) Reference Selection: Designate reference elements at
consistent locations within each panel.
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Fig. 17. Depiction of panel subdivision. Blue represents reference elements
with known gain, green indicates elements being solved in the current
iteration, and red shows elements yet to be processed.

2) Reference Alignment: Calibrate the reference elements
as a reduced array.

3) Panel Processing: Solve each panel independently using
its reference element.

A critical advantage of this method is the ability to paral-
lelize the computation. After the reference alignment step, all
subarrays can be solved in parallel. However, subarray subdivi-
sion methods face two fundamental limitations when applied
to modern phased arrays. Reference elements in the initial
step may exceed practical coupling measurement distances.
In addition, elements that are close together may have satu-
rated couplings. For the subarray solving step, this may result
in too much data sparsity for acceptable results.

These constraints motivate the development of more
flexible partitioning approaches that can accommodate incom-
plete measurement sets and nonuniform array configurations.
In many cases, this method is still the most practical way to
efficiently calibrate large arrays, as the constraints mentioned
can be mitigated in a variety of ways. For example, it may
be possible to merge different datasets or use different power
levels for each stage as long as the amplification changes
between them are accounted for. In the case that these mitiga-
tion strategies are infeasible and to demonstrate that the entire
calibration process can be completed in a geometry-agnostic
framework, another partitioning algorithm is proposed.

B. Coupling Magnitude Partitioning

For most coupling datasets, elements that are close together
tend to have a higher SNR and are more likely to have similar
connections between them. By organizing partitions according
to coupling magnitude, solvable collections of elements can
be identified more efficiently than by randomly selecting
elements, and with higher accuracy than by selecting elements
based solely on the number of connections. The steps to
forming partitions with this method are as follows. First,
the mean of the magnitude of the coupling values between
solved elements and unsolved elements is taken. In the first
loop, the “solved elements” will only be elements provided as
references. The solved elements that have the highest mean
magnitudes are chosen to act as references. The number of
references used is set by a parameter in the function call.
This operation effectively finds which solved elements are

Fig. 18. Flowchart depicting the partitioning process used for the coupling
magnitude method. A feedback loop is utilized around this structure to
determine the appropriate input parameters to this mechanism.

closest to the most unsolved elements. Next, a similar process
is repeated where the mean is taken of couplings involved
with the unsolved elements and the chosen reference elements.
The unsolved elements are chosen in order of highest mean
coupling magnitude. The number of unsolved elements that
will be included in each pass is also set by a parameter in the
function call. The elements are then formed into a partition,
and the system is solved to find the weights associated with the
unsolved elements. The rank of the resulting matrix is passed
to the function caller along with the determined weights and
their respective indices.

If the resulting system of equations is under-ranked,
detected to have a diverging inverse, or meets any other failure
conditions set by the operator, the outer scope will avoid
merging the results with its larger dataset and retry the function
with new parameters. There are a number of parameters that
can be adjusted to improve the resultant rank. For example,
magnitude and angle tolerances can be increased, enabling
more equations to be included in the system at the cost of
precision. In practice, it is usually better to first trade execution
time to improve the rank rather than sacrificing precision. By
increasing the number of elements included in the subdivision,
the number of connections is increased. This increases the
probability of producing a fully ranked system of equations.
Larger subdivisions result in much longer computation times
(O(N4) complexity), but produce higher quality results and are
less likely to be under-ranked.

Increasing the subdivision size by increasing the number
of reference elements produces higher quality results than
increasing the number of unsolved elements. This is because
including a larger number of reference elements reduces the
influence of individual errors, as their effects are distributed
across a broader set of equations. In addition, including more
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Fig. 19. Flowchart depicting the feedback loop that manages the overall system while subdividing the array using magnitude partitioning.

references will often result in using references that have fewer
degrees of separation from the starting reference (or ideally,
that include the starting reference). Conversely, increasing
the number of unsolved elements per pass reduces the total
number of iterations and shortens computation time. However,
this approach can degrade the result quality, as each solution
depends more heavily on a smaller set of references. This
tradeoff creates an optimization problem in which the operator
must balance execution time against the accuracy requirements
of the application. A diagram depicting the partitioning process
is depicted in Fig. 18.

A practical and effective implementation explored in this
work involves the use of a feedback loop to dynamically adjust
the subdivision size. In this approach, the total number of
elements in each partition, denoted N, is modulated based
on timing constraints. If a partitioning iteration exceeds a
predefined execution time threshold, N is decreased for the
subsequent pass. Conversely, if the iteration completes faster
than a lower threshold, N is increased. Longer time thresholds
typically result in improved calibration accuracy at the expense
of execution speed. To prevent excessive reductions, a lower
bound is imposed on N.

At the start of each loop iteration, the number of reference
elements, m, is initialized to one, and the number of unsolved
elements is calculated as n = N − m. If the resulting system is
under-ranked, m is incremented to increase the proportion of
references, and n is updated accordingly. Assuming the exe-
cution time has stabilized within the target range, this process
increases the reference density until n reaches a minimum

threshold, which prevents the algorithm from attempting to
solve an empty or trivial system. If a satisfactory matrix rank
is still not achieved when n hits its lower limit, m continues to
increase, and N is temporarily ignored. Should m exceed the
total number of previously solved elements, the algorithm then
increases n until a full-rank system is obtained. This feedback
loop is depicted in Fig. 19.

Although this condition was never encountered during test-
ing, it is theoretically possible for the algorithm to attempt to
include all elements in a single partition, effectively bypassing
the partitioning process altogether. Prior to reaching this point,
however, the computational cost would become prohibitively
large. To ensure robustness, it may be advisable to implement
a timeout mechanism that halts further expansion when a
predefined time limit is exceeded. Upon triggering the timeout,
the algorithm can either terminate gracefully or adapt by
modifying other parameters. For instance, the tolerances for
magnitude and phase could be incrementally relaxed until a
fully ranked system is achieved. After that partition is solved,
the tolerances would be reset to their start values for the
next partition formation. In practice, this safeguard was not
required, as none of the evaluated cases reached a state in
which all previously solved elements were exhausted. The
results of the coupling magnitude partitioning method applied
to the Horus radar system ([5], [22]) configured with 800
elements are shown in Fig. 20. Initially, the gains of the
radiators are randomly distributed about the unit circle with
uniformly distributed magnitude and phase. After phase align-
ment is applied, every gain is phase-aligned to the reference.
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Fig. 20. Results of magnitude partitioning applied to a dual-pol 800-element array (1600 radiators and 3200 gains). Blue: The ground truth gains before
calibration. Orange: After phase alignment correction is applied. Red: After phase alignment and partitioned alignment is applied. There are 1600 data points
of each color in both plots; many data points overlap.

After magnitude partitioning and solving with the brute force
method, the gain of each element is roughly unity. There
is, however, a small variation in the result, which is due to
the large number of elements compared to the subdivision
size. The partition size used for these results was based on
reasonable time constraints for the hardware available. The
total time required to calibrate the full array was approximately
22 min. If the application has more relaxed timing constraints,
increasing execution time by adjusting the timing thresholds
will generally reduce this variation if higher accuracy is
required. With these results, the array is now fully calibrated
and ready for field use.

VII. CONCLUSION

This article has presented a comprehensive geometry-
agnostic framework for mutual coupling calibration in phased
array radar systems. The proposed methodology addresses
the critical limitations of traditional calibration approaches
by eliminating dependence on specific array geometries while
maintaining calibration accuracy. Key contributions of this
work include as following.

1) Development of a generalized calibration model that
accommodates both planar and nonplanar array configu-
rations through passive coupling estimation techniques.

2) Introduction of novel phase alignment methods that
outperform conventional hard-coded approaches, par-
ticularly for arrays with irregular element spacing or
missing coupling data.

3) Demonstration of an effective linearization strategy to
minimize amplifier nonlinearity without additional hard-
ware.

4) Implementation of flexible partitioning algorithms that
enable calibration of large-scale arrays.

Experimental results demonstrate that the geometry-
agnostic framework achieves comparable or superior calibra-
tion accuracy to traditional methods while offering significant
advantages in operational flexibility. Many, if not most, of
the existing mutual coupling methodologies described in the

current literature can be applied using this unified computa-
tional framework. The practical implications of this research
are substantial for both existing and future phased array
systems. By removing geometric constraints, the new method
enables calibration of conformal arrays and irregular antenna
configurations, robust operation in field conditions with partial
or degraded measurement data, and simplified maintenance
and recalibration procedures for deployed systems.
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