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Permeability Macromodels for Magnetic Powder
Materials under DC Bias

Arne Schröder, Member, IEEE, Tommaso Bradde, Member, IEEE, Dierk Bormann, Alexandru Savca, and Stefano
Grivet-Talocia, Fellow, IEEE

Abstract—Magnetic powder materials are often considered for
inductors used in high-current applications due to their high
saturation flux densities and good high-frequency performance.
For the design and optimization of powder-based high-frequency
inductors, it is important to consider permeability spectra with
superimposed DC bias. To include those properties in system-
level circuit simulations, compact macromodels are required.
Therefore, this work proposes a black-box model and a phe-
nomenological model, providing equivalent circuits for the per-
meability of magnetic material under DC bias. The accuracy of
both models is investigated using measured permeability spectra
of commercial powder core materials. Application examples are
outlined to illustrate the benefits of those macromodels. It is
demonstrated that the black-box model provides very accurate
results over the entire range of parameters for all materials, while
the phenomenological model in its present, simple form and gives
satisfactory results only for selected magnetic materials, in the
frequency range of interest.

I. INTRODUCTION

OPTIMIZING magnetic components is crucial for obtain-
ing maximum efficiency and minimum volume and cost

of power electronic converters and systems. Depending on
the magnetic component and its application, various types
of magnetic materials, such as ferrites, powder cores, or
nanocrystalline alloys, are used [1]. In the field of electroma-
gentic compatibility (EMC), common mode chokes carrying
relatively low net currents often consist of low-loss ferrites
or nanocrystalline cores [2]. When applied for high current
application, air gaps need to be introduced for those materials.
Introducing air gaps comes with a number of disadvantages,
such as stray fields and resulting air gap losses [3]. Therefore,
magnetic powder cores are often considered [1], [4], [5]. Pow-
der cores exhibit very good saturation properties, low losses,
and low hysteresis [6]. For electromagnetic noise reduction,
powder cores are applied in differential mode (DM) filters,
see for instance [7], [8].

EMC system-level analyses and design of power converters
are often carried out in time domain using circuit simu-
lations. For this, equivalent circuits representing the high-
frequency properties of the main converter components, in-
cluding the magnetics, are required. Cauer-type models in
conjunction with hysteresis and saturation models for ferrites
and nanocrystalline materials have been proposed in [9]. This
model was later extended to capture dimensional resonance
effects [10]. Higher-order Debye models with several discrete
relaxation times were used in [11], and a general Debye
relaxation process was applied by [12] to describe the complex
permeability of magnetic powder cores.

In many applications, magnetic cores used in EMC filters
experience a certain low-frequency (50 Hz or 60 Hz) or DC net
current, which partially saturates the magnetic material and al-
ters its high-frequency (HF) permeability spectrum. This is es-
pecially true for DM filters or single turn bus-bar dampers [13].
EMC filters and associated HF inductors are often designed
using simulation-based multi-objective optimization [8], [14].
In this context, the HF performance is one main optimization
criteria besides loss, volume, cost, etc. The HF performance
of inductors is determined by various effects, such as stray
capacitances to ground, turn-to-turn capacitances of coils, the
magnetic material used and its permeability spectrum under
DC bias. Compact models covering all those mechanisms are
required for optimal design of EMC filters. Accordingly, an
adequate description for the HF permeability as a function
of the biasing current represents a relevant asset to guide
the design and the analysis of magnetic components. The HF
properties of magnetic materials are typically characterized by
measuring their permeability spectra under different DC bias
conditions, e.g., following the workflow outlined in [15]. In or-
der to exploit the information provided by these measurements
in system-level circuit simulations, bias-dependent equivalent
circuits matching the measured responses are necessary. Mod-
eling losses of magnetic materials under DC bias has been
adressed by [16], [17] and recently, many works adressed data-
driven magnetic material modeling and design using machine
learning and artificial inteligence [18], [19] with focus on
B-H loop and loss calculations. However, only few works
target the macromodeling of magnetic permeability spectra
under DC bias. In [20], Foster-type networks derived from
measurements have been employed to describe the complex
impedance of DC-biased nanocrystalline cores. To identify the
network elements, the authors of [21] used a machine learning
approach. A phenomenological model was proposed in [15],
capturing permeability spectra over a wide range of frequen-
cies and bias currents with only three fitting parameters. This
model results in Foster-like networks with bias dependent
elements. The main disadvantage of these approaches is that
they are restricted to permeability spectra which exhibit a
(higher order) relaxational Debye behavior. This is often not
sufficient for describing permeability spectra, for example if
the measured cores exhibit dimensional resonances [22].

To overcome the shortcomings affecting the above state-
of-the-art methods, we propose the application of behavioral
parameterized macromodeling algorithms in this work. Such
approaches are black-box, meaning that they do not introduce
physical assumptions to guide the modeling procedure. In
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this setting, the only objective is to provide the user with a
compact model (macromodel) that reproduces the response of
the underlying component in a system-level simulation [23],
performed either in time or frequency domain. Starting from a
set of measurements characterizing the behavior of interest, the
ultimate goal of these techniques is to generate an equivalent
circuit that, for all admissible bias conditions

1) reproduces the behavior of the core/coil over a prescribed
bandwidth,

2) is of manageable complexity, and
3) preserves the passivity of the underlying component.
All the above requirements are equally important. A model

not fulfilling 1 or 2 would imply misleading or inefficient
simulations, respectively. A model lacking passivity may be
the root cause of spurious numerical instabilities when used
in a system level simulation [24]. In the last decades, a
large number of publications have addressed this subject, see
e.g. [25]–[28].

The remainder of this paper is organized as follows. Sec-
tion II introduces the magnetic powder materials under consid-
eration and briefly describes their experimental characteriza-
tion. Section III outlines two different types of macromodels
for modeling permeability spectra. Sec. IV benchmarks the
macromodels, using permeability spectra of example materials,
and Sec. V illustrates the application of the macromodels in
converter-level analysis and design. Finally, conclusions are
drawn in Sec. VI.

In this article, vectors are denoted with bold lowercase
letters (e.g. x), matrices with uppercase bold letters (e.g.
X). The symbol j =

√
−1 is the imaginary unit, while

s = α+ jω is the Laplace variable. With Sn, we denote the
set of symmetric matrices of size n. The expression A ≻ B
means that the matrix A − B is positive definite. Similarly,
A ⪰ B means that the matrix A−B is positive semidefinite.

II. EXPERIMENTAL CHARACTERIZATION

This section introduces the magnetic powder materials con-
sidered and their experimental permeability characterization.
The complex permeability under DC bias can be expressed as

µr(jω, IDC) = µ′
r(jω, IDC)− jµ′′

r (jω, IDC) . (1)

Here, IDC denotes the superimposed bias current and ω denotes
the angular frequency. In this work, four different powder
materials are investigated. Figure 1 illustrates the magnetic
cores used in experiments and Tab. I summarizes their main
properties. These materials were chosen for their different
characteristics in terms of cost, bias properties, losses, and
frequency properties, and also because they are frequently used
in industrial converters.

The complex permeability spectra were determined by
impedance measurements of magnetic cores using the setup
proposed in [15]. This setup is based on shorted coaxial
cavities which contain the magnetic cores under investigation.
In contrast to other commonly used setups which involve
multiple turns around cores, the considered setup can be used
up to several hundreds of MHz, as it does not suffer from
coil self-resonances. Permeability spectra were determined

(a)

(c) (d)

(b)

Fig. 1. Cores under consideration: (a) Mix -26, (b) Mega Flux, (c) Kool
Mµ MAX, (d) MPP.

TABLE I
MAIN PROPERTIES OF CONSIDERED MAGNETIC POWDER CORES

INVESTIGATED IN THIS WORK. lE DENOTES THE MAGNETIC PATH LENGTH,
AE IS THE EFFECTIVE CROSS SECTION, AL DENOTES THE (UNBIASED)

INDUCTANCE, AND BSAT IS THE SATURATION FLUX DENSITY.

Material Mix 26 Mega Flux Kool Mµ MPP
MAX

Alloy Fe Fe-Si Fe-Si-Al Fe-Ni-Mo
Core ID T300-26 CK77860 0079907A7 55907A2
Manufact. Micrometals CSC Magnetics Magnetics
Initial µr 75 60 60 60
le 198 mm 200 mm 196 mm 196 mm
Ae 338 mm2 277 mm2 221 mm2 221 mm2

AL 160 nH 85 nH 85 nH 85 nH
Bsat 1.38 T 1.6 T 1.0 T 0.8 T

between 10 kHz and 110 MHz, for bias currents between 0 kA
and 2.5 kA, which corresponds to bias H fields between 0 Oe
and 160 Oe for the considered core geometries. For more
details, we refer the reader to [15].

For each of the considered cores, the experiments return a
set of measurements of the permeability spectra (1), sampled at
discrete frequency-bias configurations. Introducing two indices
k = 1, . . . ,K and m = 1, . . . ,M , these measurements are
denoted as

µk,m
r = µr(jω

k, ImDC ) ∈ C, (2)

with ωk ∈ 2π[0.01, 110]MHz, ImDC ∈ [0, 2.5] kA ≡ I.
Using (2), the impedance of an inductor consisting of P
stacked cores and N turns can be expressed as

Zk,m = Z(jωk, ImDC ) = jωkµk,m
r µ0β ∈ C , (3)

where

β = PN2Ae

le
(4)

denotes the geometry factor in which Ae is the effective
cross section of a magnetic core and le denotes its magnetic
path length. Please note that (3) does not account for stray
inductances nor stray turn-to-turn capacitances of windings.
These effects need to be considered separately.



3

III. MACROMODELING

Equivalent circuits for powder cores are required when per-
forming EMC analysis and design based on circuit simulations.
This section describes two different approaches for equivalent
circuit synthesis.

A. Black-Box Macromodeling Approach

The black-box modeling approach applied in this work is
adapted from [29], where a general algorithm is described
for generating guaranteed passive parameterized macromodels,
starting from the set of measurements (3). The main idea of
the method is to represent the macromodel in terms of its
parameterized small-signal impedance Ẑ(s, IDC) ∈ C, and to
require it to match the coil impedance Z(s, IDC), whenever
IDC ∈ I. This is done exploiting the available measurements
to enforce the approximation condition

Ẑ(jωk, ImDC ) ≈ Zk,m, k = 1, . . . ,K m = 1, . . . ,M, (5)

with high accuracy. Concurrently, the method guarantees that
the two following important features are retained ∀IDC ∈ I:

1) Ẑ(s, IDC) is a reduced-order rational function of the
variable s, and

2) Ẑ(s, IDC) represents the impedance function of a passive
network, meaning that it is a Positive Real (PR) function,
fulfilling the following requirements [30]

Ẑ(s, IDC) is regular for Re(s) ≥ 0 ∀IDC ∈ I, (6)

Ẑ∗(s, IDC) = Ẑ(s∗, IDC) ∀s ∈ C, ∀IDC ∈ I, (7)

Ẑ(jω, IDC) + Ẑ∗(jω, IDC) ≥ 0 ∀ω ∈ R, ∀IDC ∈ I. (8)

The above features allow to easily cast the macromodel in
the form of a linear passive equivalent circuit, (e.g., following
the procedure introduced in [31]), that can be seamlessly used
to represent the coil behavior in any system-level-simulation.
The modeling workflow is briefly recalled in the following.

1) Model Structure: The employed approach is enabled by
the definition of the following barycentric form

Ẑ(s, IDC) =
N(s, IDC)

D(s, IDC)
=

∑n
i=0 ri(IDC)φi(s)∑n
i=0 pi(IDC)φi(s)

, (9)

where φ0(s) = 1 and φi(s) = (s − qi)
−1 for i = 1, . . . , n

are partial fractions with Re(qi) < 0. This set of “basis
functions” induce a rational dependence on s of Ẑ(s, IDC). The
dependence on IDC is induced by the parameterized numerator
and denominator coefficients

ri(IDC) =

ℓ̄∑
ℓ=0

ri,ℓ ξℓ(IDC), pi(IDC) =

ℓ̄∑
ℓ=0

pi,ℓ ξℓ(IDC), (10)

where ξℓ(IDC) define a set of parameter-dependent basis func-
tions of cardinality ℓ̄ while ri,ℓ, pi,ℓ ∈ C are unknown con-
stants that need to be determined through a fitting procedure.
Both qi and the associated ri,ℓ, pi,ℓ are either real or appear in
complex conjugate pairs to guarantee the physical realizability
of the model (9). Noticing that both N(s, IDC), D(s, IDC) ∈ C
are rational functions sharing the same set of poles {qi}, one

can easily check that these poles cancel out in (9). As a
consequence, the numerator and denominator of Ẑ(s, IDC) are
the numerator polynomials of N(s, IDC) and D(s, IDC).

Straightforward computations show that the coefficients
of such polynomials are linear combinations of ri(IDC) and
pi(IDC) respectively. Hence, both the zeros and the poles of
Ẑ(s, IDC) are parameterized by IDC. The latter coincide with
the zeros of D(s, IDC). This fact is illustrated by the following
simple example.

Example III.1. Let n = 2. The model structure (9) reads:

Ẑ(s, IDC) =
r0(IDC) +

r1(IDC)
s−q1

+ r2(IDC)
s−q2

p0(IDC) +
p1(IDC)
s−q1

+ p2(IDC)
s−q2

(11)

=
a2(IDC)s

2 + a1(IDC)s+ a0(IDC)

b2(IDC)s2 + b1(IDC)s+ b0(IDC)
(12)

with

a2(IDC) = r0(IDC), b2(IDC) = p0(IDC),

a1(IDC) = −r0(IDC)(q1 + q2) + r1(IDC) + r2(IDC),

b1(IDC) = −p0(IDC)(q1 + q2) + p1(IDC) + p2(IDC),

a0(IDC) = r0(IDC)q1q2 − r2(IDC)q1 − r1(IDC)q2,

b0(IDC) = p0(IDC)q1q2 − p2(IDC)q1 − p1(IDC)q2.

State-of-the-art approaches based on the model structure (9)
build parameterized behavioral models based on different
choices of the basis functions ξℓ(IDC), ranging from rational
functions [32] to radial basis functions [28] and orthogonal
polynomials [31]. The choice of the polynomial basis is proven
to be flexible and effective in many applications including
those regarding the parameterization of small-signal transfer
functions with respect to a set of biasing DC quantities, see
e.g. [26], [33], [34]. In this work we set

ξℓ(IDC) = bℓℓ(IDC) (13)

where bℓℓ(IDC) is the ℓ-th Bernstein polynomial of degree ℓ̄.
As shown in [29], this choice enables the formulation of a
deterministic black-box modeling workflow that guarantees the
stability and the passivity of the resulting equivalent circuit
throughout the space of admissible bias conditions I, as
outlined in the following sections.

2) Fitting strategy: Based on model structure (9), the fitting
condition (5) is enforced in least-squares sense, applying
the so-called Parameterized Sanathanan-Koerner (PSK) itera-
tion [32], [35]. Since a direct enforcement of (5) would require
solving a nonlinear least-squares problem in the variables
pi,ℓ, the employed method iteratively solves a sequence of
linearized and re-weighted linear least-squares problems. At
iteration µ, the algorithm enforces the approximation condition

Nν(jωk, ImDC )− Dν(jωk, ImDC )Z
k,m

Dν−1(jωk, ImDC )
≈ 0, ∀k, ∀m (14)

where superscript ν denotes the model evaluated using the
estimates of the coefficients available at iteration ν. Assuming
the initialization D0(jω, IDC) = 1, the condition (14) that is
solved at iteration ν is linear in the unknowns rνi,ℓ, p

ν
i,ℓ, since
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the quantity Dν−1 is known as a result of the previous iteration.
The iteration stops when

Dν(jω, IDC) ≃ Dν−1(jω, IDC), (15)

that is, when the denominator estimate reaches a fixed
point. When this condition is met (14) becomes equiv-
alent to (5). Stacking the variables pνi,ℓ in the vector
pν = (pν0,0, p

ν
0,1, . . . , p

ν
n,ℓ̄

)T , a possible numerical check for
convergence is

Cν =

∥∥pν − pν−1
∥∥
2

∥pν−1∥2
≤ ϵ, (16)

where ϵ is a positive user defined tolerance. Alternatively, the
algorithm can be stopped when stagnation of model against
data error is observed, or when a maximum number of
iterations is reached. We remark that the PSK algorithm can
be interpreted as a generalization of the well-known Vector
Fitting (VF) iteration [36] for performing rational fitting of
multivariate functions.

In order to enforce (14), one needs only the availability
of the denominator variables pν computed at the previous
iteration. Building on this fact, the method introduced in [37]
shows how to perform the PSK iteration by eliminating the
numerator coefficients rνi,ℓ. It can be easily shown (see [37])
that (14) reduces to the following algebraic minimum-norm
condition

min
pν

∥Γνpν∥2 , (17)

where Γν is a known regression matrix. The trivial all-zero
solution is ruled out using the standard approach introduce
in [38]. Assuming that the convergence condition (16) is
met at iteration ν̄, the model generation is completed by
estimating the remaining numerator variables ri,ℓ. Collecting
such variables in the vector r = (r0,0, r0,1, . . . , rn,ℓ̄)

T , model
completion is performed by solving the problem

min
r

∥∥Φr+ Γν̄pν̄
∥∥
2

(18)

where Φ is again a known data matrix.
3) Passivity constraints: The fitting strategy recalled in

the previous section is aimed at enforcing the accuracy re-
quirement (5). However, in its plain formulation, it does
not guarantee that the resulting model impedance Ẑ(s, IDC)
fulfils all of the required passivity conditions (6), (7), (8). In
particular, while (7) is inherently guaranteed upon including
complex conjugate pole/residue pairs in the model structure (9)
(a standard practice in rational approximation and VF algo-
rithms), suitable numerical constraints must be enforced when
solving problems (17) and (18) in order to guarantee that (6)
and (8) hold.

In particular, condition (6) requires that for each admissible
configuration of the bias current, Ẑ(s, IDC) has only poles
with strictly negative real part, so that the corresponding
equivalent circuit is asymptotically stable. As observed in [31],
a sufficient condition entailing the stability of model (9) at
each PSK iteration is the following parameterized frequency-
domain inequality (see [29, Sec. IV] for further details)

Dν(jω, IDC) + Dν∗(jω, IDC) > 0 ∀ω ∈ R, ∀IDC ∈ I. (19)

Incorporating constraint (19) into the optimization prob-
lem (17) would guarantee that the resulting denominator
estimate generates a stable model. Condition (19) represents a
convex yet infinite dimensional constraint on the optimization
variables pν and is thus numerically intractable. It is shown
in [29] that under model structure (9) defined upon the
choice (13), the constraint (19) admits a relaxed representation
in terms of a set of linear matrix inequalities of the form

Lc(p
ν ,Pc) ≻ 0, c = 1, . . . , ℓ̄, (20)

where Pc ∈ Sn are additional instrumental unknowns and the
matrix functions Lc(p

ν ,Pc) : (R(n+1)(ℓ̄+1)×Sn) → Sn+1 are
affine in pν ,Pc. This last fact makes (20) convex [39], and
efficiently tractable via off-the-shelf solvers that can handle
semi-definite programming. We refer the reader to [29] for
proofs and derivations; here we highlight that enforcing (20)
while solving (17) guarantees the fulfilment of (19), hence
model stability as a byproduct.

The macromodel passivity enforcement strategy is com-
pleted by guaranteeing the last missing property (8). This
is done by constraining the optimization problem (18), af-
ter the convergence of the PSK iteration is attained. With
Dν̄(s, IDC) fixed and known, (8) represents again a convex
infinite dimensional constraint on the optimization variables
r of (18). Also in this case, it can be proved that under the
working assumptions (8) is implied by a set of Linear Matrix
Inequalities (LMIs) of the form

Sj(r,Vj) ⪰ 0, j = 1, . . . , 2ℓ̄, (21)

with Vj ∈ Sn are additional instrumental unknowns and
Sj(r,Vj) : (R(n+1)(ℓ̄+1) × Sn) → Sn+1 are again affine in
r,Vj . See [29, Sec. V] and [40, Sec 4.4]. Once problem (18)
is solved under constraints (21), the model is completed and
Ẑ(s, IDC) fulfills properties (6), (7), (8), so that passivity is
guaranteed by construction.

4) Equivalent Circuit Synthesis: Applying the procedure
outlined in the previous sections returns a macromodel
Ẑ(s, IDC) under the barycentric transfer function represen-
tation (9). For the sake of system level simulation, this
macromodel can be cast into a SPICE compatible, fully be-
havioral, equivalent circuit, as outlined in [31]. The proposed
synthesis approach maintains the smooth parameterization of
the equivalent circuit coefficients with the aim of avoiding
numerical issues in SPICE transient simulations. We report
here the synthesis approach for macromodels in admittance
representation, from which the impedance case can be inferred
by duality.

Let Y (s) = N(s, IDC)D(s, IDC)
−1 with N(s, IDC) and

D(s, IDC) structured as in (9). The synthesis is based on
interconnecting individual equivalent circuits for the involved
instrumental quantities, as follows. The functions D(s, IDC),
N(s, IDC) are synthesized as one-port admittances YD(s, IDC)
and YN (s, IDC) respectively. Defining with VD(s), ID(s) the
electrical variables related to YD(s, IDC) and with VN (s),
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IN (s) those related to YN (s, IDC), we have the relations

ID(s) = YD(s, IDC)VD(s), VD(s) = Y −1
D (s, IDC)ID(s)

IN (s) = YN (s, IDC)VN (s), VN (s) = Y −1
N (s, IDC)IN (s).

(22)

These two networks are depicted in the top and middle
schematics of Fig. 2. The model in admittance representation
Y (s, IDC) relates the input voltage V (s) to the output current
I(s) as

I(s) = Y (s, IDC) = N(s, IDC) · D−1(s, IDC)V (s). (23)

This relation is recovered by enforcing

I(s) = IN (s), ID(s) = V (s), VN (s) = VD(s), (24)

via the controlled sources of Fig. 2. Exploiting (24) and (22)
allows to write
I(s) = YN (s, IDC)VD(s) = YN (s, IDC) · Y −1

D (s, IDC)ID(s) =

= YN (s, IDC) · Y −1
D (s, IDC)V (s) = N(s, IDC) · D−1(s, IDC)V (s),

(25)
which shows that Y (s, IDC) is the admittance seen looking into
the terminals of the interface circuit depicted at the bottom of
Fig. 2. Thus, the problem of the equivalent circuit synthesis
is reduced to that of synthesizing the admittances YN (s, IDC)
and YD(s, IDC).

An equivalent circuit for YD(s, IDC) is obtained by decom-
posing the current ID(s) as

ID(s) = D(s, IDC)VD(s) =

n∑
i=0

ID,i(s) (26)

where ID,0(s) = p0(IDC)VD(s), and

ID,i(s) = pi(IDC)VC,i(s), with VC,i(s) =
VD(s)

(s− qi)
, (27)

for i = 1, . . . , n. With real stable basis poles qi < 0, the
instrumental voltage VC,i(s) is synthesized through a standard
RC cell, see Fig. 3 (top). Two coupled RC cells are used
realize a pair of complex conjugate basis poles qi+1 = q∗i ,
see [23]. The instrumental currents ID,i(s) are synthesized as
voltage-controlled current sources with parameterized trans-
conductance pi(IDC). Equation (26) is then realized as in Fig. 3
(bottom). The synthesis of YN (s, IDC) follows the same lines.

For further illustration of the approach, the interested reader
can find one equivalent circuit netlist as a free access item in
the additional material to this article.

B. Phenomenological Model

Next, a previously published phenomenological model is
summarized. For details, we refer the reader to [15]. A simple,
phenomenological description of the frequency- and bias-
dependent permeability is a Debye-type relaxational model,
based on the idea that the response of each magnetic grain is
characterized by a single relaxation rate ω0, expected to be
roughly equal to the frequency at which the magnetic skin
depth in the grain material is of the order of the grain size. A
closer analysis leads to the approximate relation

ω0 ≈ 4π2

µriµ0σia20
, (28)

YD(s, IDC)

ID(s)

+

−

VD(s)V (s)

YN (s, IDC)

IN (s)

+

−

VN (s)−
+

VD(s)

I(s)

IN (s)

+

−

V (s)

Fig. 2. Behavioral SPICE netlist synthesis for black box macromodels in
admittance representation. Top: denominator sub-block. Middle: numerator
sub-block. Bottom: external interface of the behavioral model.

1F

−

+

VC,i(s)
−1
qi

VD(s)

p0(IDC)VD(s)

ID(s)

· · · pn(IDC)VC,n(s)

−

+

VD(s)

Fig. 3. Synthesis D(s, IDC) in admittance representation. Top: elementary RC
cell synthesizing the basis pole qi. Bottom: external circuit interface.

where µri and σi denote the intrinsic relative permeability and
electrical conductivity, respectively, of the grain material, and
a0 is some typical grain diameter. At frequencies ω < ω0,
the magnetic response is essentially static, while at ω > ω0,
it is suppressed by the skin effect, and at ω = ω0 it has a
dissipation maximum.

The normalized response of an individual grain can then be
expressed by a Debye susceptibility of the form

χ(ω) =
1

1 + jω/ω0
. (29)

At the ω = ω0, −Im(χ) has its maximum, while Re(χ)
crosses over from 1 to 0 as ω increases. To generalize this
simple model to a medium composed of many grains of
different sizes, subject to some nonzero DC bias, we proceed
as follows. For a given grain with diameter a0, we replace
ω0 in (29) by a bias dependent frequency ωcro(IDC), defined
as in (28) but with bias dependent incremental permeability
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µri(IDC). ωcro(IDC) increases with increasing IDC since µri(IDC)
decreases. Moreover, the effective zero-frequency permeability
µr(0, IDC) must be monotonic as a function of µri(IDC) and
thus also decrease. We may therefore posit an (approximate)
relation of the form

ωcro(IDC) ≈ ω0

[
µr(0, IDC)

µr(0, 0)

]−β

, (30)

with some exponent β > 0 to be determined from measure-
ments. Furthermore, we assume that the volume fraction of
different grain sizes in the powder material is described by
a log-normal distribution with its maximum at a0; in other
words, the diameters of individual grains are of the form
eta0, where t is normal-distributed with mean 0 and some
variance λ > 0. This assumption is in reasonable agreement
with observations [41]. Since ωcro is proportional to a−2

0 , we
can then express the frequency- and bias-dependent relative
permeability µr(jω, IDC) in the following form:

µr(jω, IDC) ≈ µr(0, IDC)Fλ

(
jω

ωcro(IDC)

)
, (31)

were Fλ is a dimensionless scaling function defined as

Fλ(x) =
1√
2πλ

∫ ∞

−∞

e−t2/2λ

1 + e2tx
dt , (32)

In our fitting procedure for the phenomenological model, we
have extracted values of the static bias-dependent permeability
µr(0, IDC) directly from the low-frequency behavior of our
measurement data, so they are considered as experimental
input. Consequently, there are only three remaining model
parameters for fitting the model to the frequency dependent
measurement result, namely, the zero-bias crossover frequency
ω0 = 2πf0, the variance λ of the log-normal grain size
distribution, and the bias scaling exponent β. In practice,
the integral that defines the scaling function Fλ in (32) is
replaced by a sum over a finite number N of discrete values
of t, symmetrically placed around zero and with appropriate
gaussian weights. This leads to a representation of µr(jω, IDC)
with N poles (all located on the negative real axis in the
complex jω plane), which also determines the model order of
an equivalent circuit representation. A number N = 9 of poles
turned out to be sufficient for the present purposes, larger N
did not improve the accuracy of the fits. Note, however, that
we do not use the positions and residues of these poles as
independent fitting parameters; instead, they are determined
by the chosen value of λ and do not increase the number of
independent model parameters.

IV. MODELING RESULTS

This section presents the results obtained by using the mea-
sured data permeability spectra as input to the macromodeling
approaches outlined in the previous sections.

A. Fitting of Permeability Spectra

The permeability spectra determined by measurements were
used to derive macromodels for the considered magnetic
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Fig. 4. Measured and fitted complex permeability spectra of material Mix
-26. The curves correspond to DC bias H-fields HDC = n× (15.7Oe) with
n = 0, 1, ..., 10, where the uppermost curve in the low frequency range refers
to 0 Oe and the lowermost curve refers to 157 Oe.

materials. Table II summarizes the settings used for the black-
box modeling and the phenomenological modeling, respec-
tively. The computational effort for generating the black-box
macromodels is rather low: for the various materials listed in
Table I, the computations took only 16 s, 11 s, 12 s and 15 s,
respectively, on an ordinary consumer laptop.

TABLE II

Black-Box Model Phenomenological Model
Fitting Parameter n ℓ̄ f0 (MHz) λ β

Mix -26 9 4 2.3 0.34 1.2
Mega Flux 5 3 26 0.50 1.5
Kool Mµ MAX 8 4 10 0.80 1.0
MPP 8 4 14.1 0.90 0.5

Figure 4 shows the permeability spectrum of the Mix -26
material, both as obtained by measurements and as modeled
by the outlined approaches. The measured permeability spectra
show a typical relaxation behavior with a real part that is
decreasing over frequency and a corresponding local maxi-
mum of the imaginary part. Furthermore, as the superimposed
bias H-field increases, the real permeability decreases and
the dissipation peak get shifted to higher frequencies. The
black-box model captures those features and exhibits a very
good agreement for the entire range of frequencies and bias
fields. The phenomenological model also shows a very good
agreement with measurements. However, small deviations are
noticeable, related to the low number of adjustable parameters
of this model (see Sec. III).

The next material investigated is Mega Flux. Figure 5
shows its permeability spectrum, again as obtained by mea-
surements and as modeled by the outlined approaches. Again,
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Fig. 5. Measured and fitted complex permeability spectra of material Mega
Flux. The curves correspond to DC bias H-fields HDC = n× (15.7Oe) with
n = 0, 1, ..., 10, where the uppermost curve in the low frequency range refers
to 0 Oe and the lowermost curve refers to 157 Oe.

the black-box model agrees very well with the measurements,
whereas the phenomenological model now exhibits significant
deviations in the high frequency range, since it is designed
to describe only the intrinsic effective permeability of the
material. The HF characteristics of Mega Flux are governed
by two physical effects: 1) a relaxation behavior, due to eddy
currents in the individual grains of the powder material (the
intrinsic material property), and 2) dimensional resonances
depending on the individual size and geometry of the measured
core, which were not visible in Mix -26 (Figure 4) but become
relevant in Mega Flux due to its higher relative permittivity
[22]. As the phenomenological model is tailored to capture the
first effect only, deviations occur for this material. It is possible
to extend the model to include dimensional resonance effects,
albeit at the expense of increased complexity and adding
two more fitting parameters. The extended phenomenological
model does, however, not attain the level of accuracy of the
black-box model, and so we will not discuss it in further detail
here.

Figures 6 and 7 show the complex permeability spectra
of Kool Mµ MAX and MPP, respectively. These cores ex-
hibit strong dimensional resonances, in particular their real
part turns negative at some tens of MHz. The dimensional
resonances are more pronounced than for Mega Flux, as the
permeability starts to decrease only at higher frequencies.
Accordingly, resonances can form at lower frequencies. For
these two test cases, the accuracy of the black-box model is in
full agreement with that of the previous two examples. Again,
a very good agreement up to 10 MHz is observed, whereas the
dimensional resonance above is, by construction of the model,
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Fig. 6. Measured and fitted complex permeability spectra of material Kool
Mµ MAX. The curves correspond to DC bias H-fields HDC = n× (15.7Oe)
with n = 0, 1, ..., 10, where the uppermost curve in the low frequency range
refers to 0 Oe and the lowermost curve refers to 157 Oe.

not captured.
Please note that the described permeability spectra refer to

effective permeabilities associated with certain core dimen-
sions. At high frequencies, those spectra differ from the bulk
material permeabilities, as dimensional resonances appear,
which we believe are the main cause for the deviation of
the simple phenomenological model from the measurements
at frequencies above 10 MHz, seen in figures 5, 6, and 7.
To minimize deterioration by dimensional resonances, smaller
cores can be used for testing [22]. However, the available test
setup [15] was designed for rather large cores to handle high
bias currents and small cores cannot be tested.

B. Remarks on the application of the black-box approach

When applying the PSK algorithm outlined in Sec. III, the
hyper-parameters n and ℓ̄ must be set by the user. For the
application of interest, a simple brute force approach that
performs a grid search over an admissible range of hyper-
parameters is a viable approach, as the computational effort
required to generate a single model is small. This was the
strategy applied in this work to determine the most suitable
model orders for each test case. In practical scenarios, the
maximum allowed value for ℓ̄ is limited by the number M of
available frequency responses, so that in general the relation
2(ℓ̄+ 1) < M should hold to avoid overfitting.

Clearly, the availability of a large number of measurements
is beneficial for the application of the black box macromodel-
ing algorithm, and how to properly select the sampling points
to maximize accuracy is still an open problem (see e.g. [42]).
When the macromodel depends only on one free parameter,
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Fig. 7. Measured and fitted complex permeability spectra of material MPP.
The curves correspond to DC bias H-fields HDC = n × (15.7Oe) with
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sampling such parameter via uniform gridding is in general an
effective choice. Additionally, we point out that, similarly to
any black-box, data-driven modeling algorithm, the approach
presented here is intended to generate models that are reliable
only within the bandwidth where measurements are available.
Hence, the modeling bandwidth should be carefully chosen in
advance to meet the specifications of the final model operating
conditions.

A final remark on convergence is in order. Since the
employed PSK algorithm can be interpreted as a parameterized
version of the VF scheme, convergence cannot be guaranteed
in case the data are affected by noise (see [43]). However, the
lack of a theoretical convergence proof does not compromise
the effectiveness of the approach — the VF iteration cannot
be proved to converge in general either, although VF is the de
facto standard approach for rational approximation.

C. Time-Domain Validation

To validate the correct SPICE implementation of the macro-
models, we have conducted time-domain anlyses of a simple
LC resonant circuit, shown in Fig. 8. A single-turn inductor
made of one Mix -26 toroidal core (dimensions see Tab. I.)
and an ideal capacitor with 1µF are connected in series. The
circuit is excited by a 1 V pulse with 50 ns rise time. The
inductor is biased by a DC current IBias (= IDC).

Figure 9 shows the response current to the rising edge of
the voltage pulse for four different values of IBias. Results
have been obtained using the black-box model and the phe-
nomenological model, respectively. In general a very good
agreement between the two models is observed, validating

Inductor 

(Mix -26)

Fig. 8. Resonant circuit with a single core Mix -26 inductor (properties are
listed in I) for time-domain comparison of black-box model and phenomeno-
logical model. The resonant circuit is excited by a voltage pulse.
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Fig. 9. Response current to raising edge of a voltage pulse exciting the
resonant circuit depicted in Fig. 8.

the correct SPICE implementation of both. A slightly higher
resonance frequency and higher damping is observed for the
phenomenological model, as the real part of the permeability
is slightly lower and the imaginary part is slightly higher than
in the black-box model. It is worth noting that the frequency
content of each of the signals shown in Fig. 8 is confined to
some band around the individual resonance frequency, which
in turn lies in the range of about 0.2–0.4 MHz, so this step
response behavior is not expected to be sensitive to details of
the spectrum shown in Figure 4 at higher frequencies (say,
above about 1 MHz).

D. Accuracy Analysis

To quantify the accuracy of both modeling approaches,
we have evaluated the root mean square (RMS) value of
the relative difference between measured data ameas

n and amod
n

for all N data points (all frequencies and all bias currents)
according to:

ϵRMS =

√√√√ 1

N

N∑
n=1

∣∣∣∣ameas
n − amod

n

ameas
n

∣∣∣∣2 . (33)
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Table III summarizes the RMS errors for both macromodels
and all four considered materials. Furthermore, the table lists
the number of circuit elements required by each approach.

The phenomenological model exhibits an error of less than
5 % for the Mix -26 material, while the error is larger than
10 % for Mega Flux and Kool MµMAX, reflecting the inability
of the phenomenological model to represent the dimensional
resonances occuring between 70 MHz and 100 MHz. In the
phenomenological model, the number of circuit elements is
the same for all materials, determined by the chosen number
of terms in the sum approximating the integral in (32). In
contrast, the number of circuit elements of each black-box
equivalent circuit depends on the employed model order n.
For the considered test cases, the number of circuit elements
ranges from 45 to 77. These larger equivalent circuits allow for
a substantially higher accuracy than the simple phenomenolog-
ical approach: for all of the considered materials, the black-box
approach commits a relative RMS error below 1.5% against
the reference data.

E. Discussion on available alternative methods

Other modeling approaches for high-frequency magnetic
properties under DC bias are based on Foster-type lumped
circuits with LR elements [20]. Circuit element values are
fitted to measurements using a nonlinear least-squares method
[44] and machine learning [21], respectively. Although good
results have been demonstrated for certain materials, the appli-
cability of those models is limited, as a fixed circuit topology
is assumed (i.e., a LR Foster circuit with predefined number
of elements). Effects such as dimensional resonances cannot
be modeled and accordingly the technique is not appropriate
for ferrites nor powder core materials that are the main focus
of this paper.

Regarding fully black-box machine learning techniques,
Neural Networks (NN) have been extensively applied for the
approximation of parameterized frequency responses in the last
decade . When dealing with passive components, approaches
are available (e.g., [45]) to guarantee that the predicted fre-
quency responses fulfill the required passivity requirements,
while they give up on preserving the rational representation
of the reduced order model. Therefore, this kind of methods
do not allow for a straight conversion of the model into an
equivalent circuit format. Following a different philosophy,
the so called Neuro-transfer function approaches [46] build
surrogates in the form of rational functions with parameterized
coefficients, hence exploiting a model structure which is
analogue to (9). Although in principle this kind of models
admit a lumped equivalent circuit representation and proved
to be effective when dealing with a large number of design
parameters, they are mostly used to perform frequency domain
analyses, as the corresponding equivalent circuit can not be
guaranteed passive over the desired parameter space, but
only locally [47]. See also the discussion in [46, Sec.V] and
references therein about this topic.

In summary, to the best of the authors knowledge, the
proposed black-box modeling approach is the only viable
strategy to build accurate parameterized passive equivalent

circuits with the aim of performing transient system-level
simulations.

TABLE III

Black-Box Model Phenomenological Model
RMS Error # Circuit RMS Error # Circuit

Elements Elements

Mix -26 1.38 % 77 4.90 % 10
Mega Flux 1.05 % 45 10.50 % 10
Kool MµMAX 1.29 % 69 12.33 % 10
MPP 1.08 % 69 20.5 % 10

V. APPLICATION EXAMPLES

Examples for the application of the described macromodels
are outlined in the following. We have considered the generic
converter setup illustrated in Fig. 10. The high frequency
behavior of the converter is described by a multi-port RLGC
network which is excited by a noise voltage Vsw. The high
frequency current path extends via high-frequency impedances
ZHF between each end of the converter and ground. A low-
frequency current ILF is assumed to flow through the converter.
Two EMI filters can be placed in the (both high- and low-
frequency) current path, as illustrated. Accordingly, the EMI
filter is exposed to the (high) LF current.

Converter 

Parasitics

Fig. 10. Equivalent circuit of generic converter setup including parasitic
elements of the converter, two EMI filters, high frequency terminations at
each end, and a excitation voltage source.

A. System Response Analysis

The first example is to study the high-frequency response
IHF of the converter when excited by a broadband voltage
of 1 V. For this study, the converter was terminated with a
series RC circuit (50Ω and 10 nF) at each end. Furthermore,
we have considered an exemplary EMI filter consisting of a
single-turn inductor including Kool MµMAX cores. Figure 11
shows the computed system response of the converter up
to 10 MHz with and without EMI filters. If no filters are
used, pronounced resonances above 4 MHz occur, where the
highest amplitude appears around 6 MHz. By introducing EMI
filters, those resonances are attenuated. Considering the 6 MHz
resonance, the attenuation for this example is around 20 dB
in case of 0 Oe bias, whereas it is around 10 dB in case of
150 Oe bias. As the superimposed bias current on the EMI
filter significantly influences the electromagnetic noise, it is
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important to have macromodels for the permeability spectra
under DC bias.
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Fig. 11. High frequency current IHF of the converter as response to a 1 V
broadband excitation. Black line: Without EMI filter, colored lines: with EMI
filter and superimposed DC current. Bias currents are indicated by the line
color, where blue corresponds to 0 Oe and red to 150 Oe.

B. Switching Analysis
The next section illustrates the time-domain current re-

sponse of the converter described above. Now, the converter
is excited by a pulse train with 5 KHz switching frequency,
50 % duty cycle, a pulse amplitude of 1 kV and 4 kV/µs
turn-on and turn-off slopes. The current response is shown
in Fig. 12: the current is capacitive and the current impulses
result mainly from the charging of the stray capacitance at
the converter terminals. A significant ringing appears when
no EMI filter is considered. Using an EMI filter reduces this
ringing effectively. However, a bias current on the EMI filter
reduces the ringing attenuation. This effect is well visible
in the frequency spectrum of the noise current, where the
attenuation is highest for unbiased EMI filters.

C. High-Frequency Inductor Design
Designing high-frequency inductors, e. g., for EMI filters,

is typically a multi-objective optimization. For instance, a
certain inductance at a certain frequency shall be achieved,
while minimizing the losses, the volume, and the cost of the
inductor. Finding the best trade-off between the conflicting
objectives (inductance, losses, volume, ...) depends on the
particular application for which an optimization is carried out.
Consider a toroidal magnetic core with fixed inner and outer
diameter. The frequency- and bias-dependent inductance of the
core is proportional to both its permeability and its volume V ,
i. e., L ∝ µr(IDC, ω)V .

To estimate the permeability of different materials under DC
bias when optimizing an inductor, one can use the permeability
spectrum for zero bias multiplied by the saturation behavior
under DC-bias α:

µr(jω, IDC) ≈ µr(jω, 0) · α(IDC) (34)

Both functions can typically be found in data sheets. However,
(34) is not always a good approximation of the HF permeabil-
ity under DC-bias, which motivated the work described in this
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Fig. 12. Illustration of noise current in time-domain (top) and frequency
domain (bottom) for the generic converter shown in Fig. 10 when excited by
a 5 kHz pulse train. Three different configurations are considered: without EMI
filter, with un-biased EMI filter (0 Oe) and with biased EMI filter (150 Oe).

paper. To improve on the simple approximation (34), one can
use the more accurate models described in this work.

We have considered the following optimization example:
an inductor shall be designed for target inductance at 5 MHz
based on toroidal cores having fixed inner and outer diameters.
The free parameters for this design are the height of the core
as well as the magnetic material of the core. Here, we have
considered the materials Mega Flux, Kool Mu, and MPP with
nominal permeability µr = 60 and the high frequency spectra
shown in section IV-A. An individual calculation of the core
height has been conducted for each material. Figure 13 shows
the volume of inductors for different materials as a function of
bias H-fields. Results have been obtained by the HF models
(black-box models) developed in this work and the simple,
data sheet models (34). The results demonstrate the following:
at low bias currents, the Mega Flux inductor has a higher
volume due to a lower permeability at 5 MHz than the other
two materials. With increasing bias field, the permeability
of the other materials declines faster and hence the volume
increases faster than for Mega Flux. At the maximum bias
field of 150 Oe, the volumes obtained by the simple model
and the HF model differ by less than 3 % for MPP and more
than 12 % for Mega Flux. Those differences are due to the fact
that MPP has a rather flat frequency behavior around 5 MHz
(see Fig. 7), while Mega Flux exhibits a significant decline
(see Fig. 5). Consequently, HF models are required especially
for materials which exhibit a significant permeability variation
in the frequency range of interest.
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Fig. 13. Volume of inductor at 5 MHz depending on bias H-field for three
different materials. Calculations are based on proposed HF models derived
from measurements and simple models derived from data sheets, respectively.

VI. CONCLUSIONS

This work describes the application of two different pa-
rameterized macromodeling approaches, a black-box model
and a phenomenological model, for modeling the permeability
spectra of magnetic powder materials under DC bias. It is
demonstrated that the black-box approach is capable to provide
very accurate models for the entire range of frequencies be-
tween 10 kHz and 100 MHz. The phenomenological approach
in its present, simple form leads to inaccuracies between
10 MHz and 100 MHz when applied to cores that exhibit a
dimensional resonance in this range. The resulting SPICE
circuits of both approaches have been tested and validated
in time and frequency domain circuit simulations. Application
examples illustrate the importance of accurate macromodels
including the DC bias effect of magnetic materials.

In future work, the phenomenological model should be ex-
tended to include dimensional resonance effects. Furthermore,
other relevant magnetic materials, such as nanocrystalline
materials, should be modeled with the described black-box
approach. Here, the temperature dependence of the material
could be incorporated as additional parameter of the black-
box model.
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