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Abstract. Efficient VNA calibration is crucial for accurate functional and EMC characterization
of automotive radar antennas operating in the 76-77 GHz band. This paper presents a computa-
tionally efficient method for optimizing sliding match offset values during broadband calibration.
Simulations and measurements validate the proposed approach, demonstrating improved accuracy
and reduced calibration time for multi-channel MIMO radar applications.

1 Introduction
Ensuring electromagnetic compatibility (EMC) is paramount in today’s increasingly complex electro-
magnetic environment, particularly with the proliferation of high-frequency devices. The automotive
industry’s rapid development depends on utilizing such components. [1]. For vehicular safety and
autonomous driving, having automotive radars installed is considered a standard. These implement
functions like automatic emergency braking or blind spot monitoring for safety, automatic cruise
control, or other assets for driver’s comfort [2].

Automotive radars operate in the 76-77 GHz frequency range. To achieve the required gain and
antenna performance for these frequencies, manufacturers use MIMO (Multiple Input – Multiple
Output) topologies [3][4][5]. The overall characteristics can be derived from the individual channel
performance.

Generally, efforts are being made to reduce the length of connection and insertion losses. Also,
the distance between radiating elements is comparable to the wavelength for antenna arrays [5]. This
means these structures and their feed points are only a few millimeters apart. Based on this fact,
performing measurements at this frequency is quite challenging.

Standard measurement methods include gain and pattern evaluation and input reflection measure-
ment for such antennas. The latter is carried out via VNA (Vector Network Analyzer). For the former
case, scalar measurements are possible using a spectrum analyzer and an RF (Radio Frequency)
generator—generally, VNAs in two-port mode are ideal for these kinds of measurements.

Calibration is a crucial part of VNA measurements. Therefore, a calibration plane has to be de-
fined by executing a calibration procedure. The resulting scattering (S) parameters are referenced to
this plane. For frequencies in the 70 GHz range, waveguides are usually used due to their low inser-
tion loss—moreover, the space requirement is not significant. The WR-12 type is used for automotive
radar applications with an operational frequency range of 60–90 GHz. In this regime, achieving a suf-
ficiently ideal match standard emulating an infinitely long waveguide is not feasible. To be able to do
a proper calibration, a so-called sliding match is used, the reflection coefficient of which magnitude is
considered constant, and its phase angle can be varied by adjusting the physical distance of the inter-
nal absorber. The different reflection coefficient points are measured by recording multiple physical
sliding match offsets, which lie on a circle in the complex impedance diagram. Performing these cal-
ibrations at a high level of precision, especially for MIMO measurements, can be time-consuming,
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and these calibrations must be carried out frequently to ensure that the system meets its specifica-
tions. A typical calibration consists of three measurements, which are carried out using short, offset
short and match standards. The sliding match adds a minimum of three but typically 4 to 8 extra
measurement points, resulting in 7 to 11 measurements.

I. Kasa has proposed an efficient circle fitting method [6], which can be used for VNA sliding
match calibration. I. Kasa performed a first-order random error analysis, and these error terms were
evaluated for uniformly spaced data points and some nonuniform patterns. In case the circle-fitting
is used for VNA sliding match calibration—the R&S manual states that this algorithm is employed
during the calibration procedure [7]—it was also shown that the latter distributions could result in
better broadband performance. At the same time, an analytical evaluation for such an optimal series
”seems to be very difficult.”

2 Methodology
For a fixed frequency, a sequence of sliding match positions can be defined such that they are uni-
formly distributed on the complex impedance circle. Changing the frequency alters the phase shift
introduced by the transmission line, causing these positions to shift according to the relationship
between physical and electrical length. The phase shift of an ideal transmission line is:

Φ = 2βD, where β =
2π

λg
(1)

and the wavelengths of TEM [10] and TE10 modes [11] are:

λg, TEM =
c

f
√
εe

and λg, TE10 =
λfs√

1−
(
λfs
2a

)2 , (2)

where λfs is the free space wavelength, a is the width of the rectangular waveguide, εe is the
effective dielectric constant.

Based on the frequency span, it could happen that a given physical distance distribution results
in clumped or overlapping points, which, in addition to the measurement noise, results in ambigu-
ously fitted circles. Celestino et al. [8] have already described these cases and provided an analytical
analysis for rejecting data points that could result in inaccurate fitting. However, no investigation
was carried out for optimally spaced uniform and nonuniform series for a given frequency span for
different types of transmission lines.

Also, Celestino’s rejection algorithm tends to keep uniform point distributions along the circle,
while theoretically, three well-chosen points could result in a good circle fit. Given the complexity of
the nonuniform case, a straightforward approach would be to perform numerical simulations.

2.1 Direct Numerical Model
A sliding match distance distribution is given in the following way:

d = {di | di ≥ 0, i ∈ {1, 2, . . . , N}, N ≥ 3} . (3)

We divide a frequency span defined by fstart and fend to M points:

fj = fstart + (j − 1)∆f , 1 ≤ j ≤M , (4)

where
∆f =

fend − fstart

M − 1
. (5)
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We can define the following matrix:

Φ = (Φij)N×M , where Φij = P(di, fj) and P ∈ {PTEM | PTE10} , (6)

and the P operator returns the corresponding phase shift for a given physical distance while the
subscript indicates the transmission line type.

Figure 1: For a given fj , the Φ′i points on the circle are illustrated for the Phase difference evenness
metric’s penalty function. The center coordinates are (x, y), and the radius is r. The Φ′center is derived
from the δk-s.

We define K as Kasa’s circle fitting operator, which returns the center coordinates xj and yj and
the radius rj of the fitted circle for each fj frequency:

(xj, yj, rj) = K(Φ1j,Φ2j . . . ,ΦNj) , (7)

(x,y, r) = K(Φ) . (8)

Where x,y, r are M long vectors. The measurement produces an estimator denoted as Φ̂:

Φ̂ = arg
(
ejΦ + W

)
, where W = (Wij)N×M , Wij ∈ C . (9)

W is a complex noise matrix. We will assume W is Gaussian and the following is true:

E(Wij) = 0 and Var(<(Wij)) = Var(=(Wij)) = σ2 , ∀i, j . (10)

The goal can be defined in the following way:

min
d
Q{
[
K
(
arg
(
ejP(d,f) + W

))]
p
} , p ∈ (1, 2, 3) , (11)

where Q is a cumulative statistical operator, which could represent the expected value or standard
deviation of the cumulated vector. The p subscript represents one of the resulting circle parameters.

The numerical realization of Q means that the minimization argument in Eq. (11) has to be
evaluated for many W realizations (Monte-Carlo simulation [9]). It is already a demanding task for
a given d; hence, the minimization process becomes computationally inefficient.
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2.2 Indirect Models
Instead of numerically evaluating a stochastic process, it would be more efficient to qualify a given
d sequence based on the Φ itself, which can be expressed the following way:

ζ =M(Φ) . (12)

The circle fitting usually becomes problematic whenever the data points are clumped together in one
or two clumps.M is a metric function, which considers these behaviors; the resulting ζ quality value
can be used to evaluate different d sequences.

Many possible realizations exist for theM metric operator. For these evaluations we create Φ′

by wrapping and ordering the phases in Φ:

Φ′ij = Φij mod 2π , (13)

Φ′i,j ≤ Φ′i+1,j , ∀i, j . (14)

Then we can define the phase difference matrix δ:

δkj = Φ′k+1,j − Φ′k,j , 1 ≤ k ≤ N − 1 , (15)

δNj = Φ′1,j + 2π − Φ′N,j . (16)

•Cumulative phases — Based on [8], one possible metric is to detect whether the points form a
single clump:

ζ1(fj) = 2π −max
k
δkj . (17)

ζ1(fj) is the largest phase difference between the wrapped data points. While this metric is small
when the points are clumped, the behavior is linear-fashioned, so it cannot provide enough penalty
for optimization purposes. Also, it does not punish when the dataset is focused on two points.

•Phase difference evenness — The following metric calculates the squared error of δ compared to
the evenly distributed case:

ζ2, A(fj) =

√√√√ 1

N − 1

N−1∑
k=1

(
1− δkj

2π/N

)2

. (18)

Favoring evenly distributed point sets means that point distributions with a smaller order than N
will be penalized, while having at least three clusters could result in a good circle fit. This metric
does not severely penalize focusing on two points.

Applying a proper penalty function could resolve the latter issue. Let us consider the following:

k̂j : max
k
δkj , (19)

Φ′center =


Φ′
k̂j+1,j

+ Φ′
k̂j ,j

2
, if 1 ≤ k̂j ≤ N − 1

Φ′1,j + Φ′N,j + 2π

2
mod 2π , elsewhere .

(20)

Φ′center is the absolute middle phase point of the biggest wrapped phase difference. This way, we
can define a penalty function (Eq. (21), (22)), which approaches infinity when the points are
concentrated around Φ′

k̂j
and Φ′

k̂j+1
. By definition, this is only possible, if δk̂j ≥ π/2:
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ζ2, P(fj) =
1√∑

a

(
Φ′
k̂j ,j
− Φ′a,j

)2
+
∑

b

(
Φ′
k̂j+1,j

− Φ′b,j

)2 , (21)

∀a : Φ′a,j ≥ Φ′center + π and ∀b : Φ′b,j < Φ′center + π , a, b ∈ (1, . . . , N) . (22)

Using the penalty function, the resulting metric would be:

ζ2 = ζ2,Aζ2,P . (23)

•Polygonal area — Another approach could consider the area of the inscribed polygon defined by
the data points. The area approaches zero in the following cases: 1) Data points are concentrated
around a single point; 2) data points are concentrated around two points. Similarly to the previous
case, the area is smaller when clustering happens to the (N−1)th degree. A unique normalization
must be carried out if we want to compare results between different N values. The area is defined
as a function of the phases:

ζ3(fj) = A
(
Φ′1,j,Φ

′
2,j, . . . ,Φ

′
N,j

)
. (24)

•Triangular area — Since for circle fitting we require three properly spaced points, it is logical to
consider all of the possible combinations and find the maximum area of the triangle:

ζ4(fj) = max
p,q,r
A
(
Φ′p,j,Φ

′
q,j,Φ

′
r,j

)
, p, q, r ∈ (1, . . . , N) , ∀p, q, r : p 6= q 6= r 6= p . (25)

The benefit is that if three properly placed points are available during optimization for broad
frequency ranges, the d can be considered reasonable. Moreover, this metric is invariant of N , so
we can compare results from different N ’s.

3 Simulation
The direct numerical model and the metrics for the indirect models have been implemented using
MATLAB. The triangular area metric was modified according to Eq. (26), so it penalizes bad se-
quences:

ζ ′4(fj) =
10

ζ4(fj) + 10−6
− 4 · 10

3
√

3
. (26)

The behavior of the metrics is shown in Fig. 2; they were evaluated for a given uniform sequence
and normalized. The peak is due to clustering around two points. Comparing them to the direct
simulation, ζ2 and ζ ′4 has a good rejection for this clustering. ζ2 penalizes three-point clustering,
not as much as two, but from the direct simulation result, we can conclude that only rejection for
two-point clustering is important. Hence ζ ′4 was used for further evaluation.

3.1 Uniform distributions
First, uniform distributions were analyzed. For the TE10 waveguide case, Eq. (27) was considered
due to the typical operation region – cutoff frequency relations for standardized waveguides. On the
left side of Fig. 3, we can see that increasing the number of points lowers the metric and broadens the
suitable sliding match spacing. To obtain these results, ζ ′4 was aggregated by taking its mean and/or
deviation.

fend

fstart
= 1.5 , fstart = 1.25 · fcutoff . (27)

The limitations in Eq. (27) do not apply to TEM. Hence, the same problem is optimized for different
frequency spans. The required element spacing (almost) decreases monotonically while the corre-
sponding errors grow. Using more points is especially beneficial at broad frequency ranges, while
few points could give satisfactory results for small spans.



Figure 2: Left: normalized metrics of the indirect simulation; Right: direct numerical simulation, no.
Monte-Carlo samples: 3000, σ = 0.3.

Figure 3: Left: optimal regions for uniform data distribution spacing for TE10 mode. The error is the
product of the mean and deviation of the ζ ′4; Right: optimal spacing values (solid, left axis) for TEM
mode transmission lines vs. the frequency span, and their corresponding errors (dashed, right axis).
Mean of ζ ′4 was used for the optimization.

3.2 Nonuniform distributions
The numerical search for optimal nonuniform distributions was carried out with MATLAB’s fmincon
function, using the interior-point algorithm. The objective function was the mean of ζ ′4 for the given
frequency span. Using relative rather than absolute position values for the sliding match points, the
required constraint equations were reduced. Thus we have got (N−1) variables bounded 0 ≤ d ≤ Ub,
where we set Ub = 2 · λstart, because a few further spaced points might help with the performance.

The results of the numerical optimization procedure can greatly rely on the initial values depend-
ing on the objective function. For this case, the optimization was performed with multiple uniformly
initialized vectors. The results were summarized in Tbl. (1). For a fixed number of points, it is clear
from the results that increasing the frequency span increases the error metric. In other words, increas-
ing the number of points for a given frequency span will result in a better circle fitting.

The optimization yielded uniform distribution for theN = 3 case, and the values were by Fig. (3).

4 Validation
Several measurements were carried out with a waveguide to validate the effectiveness of the chosen
metric. The VNA was calibrated using a sliding match standard with an optimal N = 9 uniform
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Waveguide TEM fend/fstart = 1.5
Metric 2 3 4 5 6 Metric 2 3 4 5 6
0.375 0.123 0.216 0.296 0.202 0.041 0.157 0.288
0.375 0.080 0.173 0.296 0.202 0.116 0.247 0.404
0.742 0.094 0.210 0.412 0.472 0.131 0.196 0.261
0.191 0.085 0.167 0.195 0.313 0.079 0.165 0.316 0.447 0.567
0.224 0.084 0.174 0.292 0.407 0.184 0.504 0.642 0.781 1.242
0.230 0.121 0.210 0.244 0.294 0.276 0.313 0.579 0.829 1.129
0.162 0.136 0.220 0.247 0.305 0.347 0.062 0.137 0.285 0.323 0.448 0.569
0.206 0.339 0.445 0.551 0.635 0.678 0.065 0.232 0.392 0.546 0.676 0.798
0.211 0.180 0.226 0.308 0.433 0.633 0.110 0.641 0.793 0.921 1.042 1.578

TEM fend/fstart = 3 TEM fend/fstart = 5
Metric 2 3 4 5 6 Metric 2 3 4 5 6
0.629 0.062 0.131 0.241 1.228 0.041 0.095 0.184
0.629 0.110 0.179 0.241 1.228 0.089 0.142 0.184
0.690 0.141 0.226 0.292 1.284 0.104 0.183 0.248
0.309 0.079 0.147 0.196 0.311 0.385 0.123 0.195 0.239 0.275
0.310 0.060 0.123 0.203 0.293 0.385 0.040 0.089 0.179 0.313
0.368 0.110 0.182 0.247 0.399 0.514 0.067 0.143 0.240 0.347
0.161 0.154 0.217 0.281 0.307 0.397 0.214 0.108 0.153 0.197 0.222 0.293
0.207 0.115 0.230 0.292 0.364 0.452 0.221 0.074 0.100 0.146 0.195 0.310
0.220 0.173 0.338 0.394 0.489 0.623 0.301 0.093 0.171 0.239 0.361 0.482

Table 1: Simulation results for nonuniform distributions for TE10 and TEM mode transmission lines.
The elements are expressed in λstart, starting from the 2nd up to 6 elements. The first element is
always 0; hence not shown. The mean of ζ ′4 was used for the optimization.

series. (d = 0.04 · λstart , mean{ζ ′4} = 0.24). Then, a separate fixed match standard, which was not
involved in the calibration, was measured. The calibration was repeated but with different sliding
match spacing series and N values. These results were compared by generating the difference to the
reference complex S11 :

Sdifference = 10 · log10(|S11,ref − S11,x|) . (28)

A moving average filter with a length of 50 points was applied, and the results are shown on the
left side of Fig. (3). Due to the significant magnitude difference in the metrics, their logarithm was
plotted on the right side. The measurements prove that ζ ′4 correlates with error-prone points for the
circle fitting—which is done by the integrated calibration algorithm of the VNA.

Figure 4: Measured differences due to errors from different calibration sequences and their evaluated
metric’s logarithm.

5 Conclusion
This paper presented a computationally efficient method for optimizing sliding match offset values
in broadband VNA calibration, targeting automotive radar applications (70 GHz range). The devel-
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oped metrics effectively predict calibration accuracy by analyzing the distribution of the phase shifts
of the reflection coefficients; based on these, optimal offsets were numerically derived. Simulations
and measurements validated the approach, demonstrating improved performance compared to uni-
form offsets by mitigating phase shift clustering and enhancing circle fitting accuracy. The results
can reduce calibration times and improve EMC and antenna measurement workflows. Future work
could include analytical investigations of nonuniform phase distributions for potential closed-form
solutions.
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