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Abstract

In response to the challenges of high-order models, low accuracy, and difficulty in accurately analyzing the dynamic behavior faced by wireless power
transfer (WPT) systems with complex topologies, this paper proposes a high-precision, low-order model for WPT systems with multiple receivers, and an
accurate method for identifying their chaotic critical parameters. First, by introducing fractional-order differential operators and applying modeling theory
of interconnected systems, a fractional-order, low-order state-space model for multi-receiver WPT systems is constructed. Then, considering the nonlinearity
of system parameters, the corresponding nonlinear model is established. On this basis, a chaotic critical parameter identification method based on deep
learning with weighted chaotic state estimation is proposed. The proposed method can adaptively identify critical parameters that affect the chaotic
dynamics of the system, such as the fractional order, mutual inductance, and load. Finally, the chaotic dynamics of a single-transmitter, multi-receiver WPT
system are analyzed as an example. The results demonstrate that the constructed fractional-order model is more accurate in describing the chaotic

dynamics of the WPT system, and the effectiveness of the proposed identification method is also verified.
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Introduction

Wireless Power Transfer (WPT) technology offers greater safety
and flexibility compared to traditional contact-based power
supplies, leading to its extensive application in areas such as house-
hold appliances!'], medical implants(?, industrial robots!3, and new
energy vehiclest¥. However, with the increasing complexity of appli-
cation scenarios, complex topologies like WPT systems with multi-
ple transmitters or receivers are becoming increasingly common®!,
Coupled with inherent system nonlinearities, this trend leads to a
significant increase in the order of constructed system models,
greater modeling difficulty, and increasingly complex dynamic
behaviors of the system. In this context, constructing more accurate
low-order models has become a crucial prerequisite for studying the
dynamic behaviors of complex WPT systems!©l.

Traditional modeling methods of the WPT system, such as the
generalized state-space averaging method!”), the state-space
method®), and the coupled-mode theory™! all face the challenges of
high model order. This results in computationally intensive and inef-
ficient model solving, hindering the analysis of system dynamics.
Furthermore, the accuracy of models for WPT systems is directly
influenced by the characteristics of core components like capacitors
and inductors. The traditional modeling methods typically equate
these components to integer-order linear elements. In reality, induc-
tors and capacitors, as energy storage elements with memory prop-
erties, exhibit significant nonlinearity during actual operation'0l,
Additionally, resistors also display nonlinear variations due to
changes in operating temperature. However, these nonlinear char-
acteristics of components are often neglected in traditional WPT
system modeling, leading to a significant discrepancy between
theoretical models and actual systems, and consequently failing to
accurately reflect the real physical behavior of the system. Mean-
while, fractional-order calculus theory can precisely describe the
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memory characteristics of components like capacitors and induc-
tors, providing a new perspective for constructing a high-precision
model of the system. The fractional-order characteristics of capaci-
tors and inductors in an LAC* parallel resonant circuit were investi-
gated!'", Fractional-order capacitors and inductors were introduced
into the modeling of the WPT systems, elucidating the underlying
mechanismsl'2, The impact of fractional order on transmission effi-
ciency and power of the system was further analyzed, providing
preliminary evidence for the potential of fractional-order models in
improving modeling accuracy!’3. However, the fractional-order
modeling in the aforementioned studies!'?131 focuses only on simple
WPT systems, while research on the modeling of complex WPT
systems remains relatively scarce.

Furthermore, as topologies of WPT systems become increasingly
complex, nonlinearities lead to more intricate dynamic behaviors
(such as period-doubling bifurcation, quasi-periodic oscillation, and
chaos). These complex dynamic behaviors directly affect transmis-
sion efficiency and operational stability of the system. To date,
research on the chaotic dynamic behaviors of complex WPT systems
(such as WPT systems with multiple receivers) remains relatively
limited. In particular, effective methods for identifying the critical
parameter values that trigger transition of the system from a stable
state to a chaotic state are lacking. Past research methods primarily
relied on the maximum Lyapunov exponent!’, correlation
dimensionl'?], and spectral entropy!'¢l. These methods exhibit signif-
icant limitations when analyzing complex WPT systems. For
instance, while the maximum Lyapunov exponent can determine
the presence of chaos, it is insensitive to minute changes, and its
calculation is susceptible to data length and noise. Correlation
dimension can characterize the geometric complexity of attractors,
but results may be uncertain during system transition states. Spec-
tral entropy is sensitive to signal non-stationarity but, when used
alone, struggles to reliably distinguish deterministic chaos from
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random processes with broad spectra. Moreover, these chaos esti-
mation methods are often affected by factors such as noise interfer-
ence and parameter sensitivity, making it difficult to accurately char-
acterize complex intrinsic relationships within nonlinear systems,
and lacking adaptive capabilities. Therefore, further research on
chaotic dynamic behaviors of complex WPT systems is warranted.

In summary, this paper focuses on multi-receiver WPT systems. To
address the problems of high-order complexity hindering analysis
and low model accuracy, fractional-order calculus theory and
modeling theory of interconnected systems are employed to
construct a fractional-order, low-order, nonlinear model for multi-
receiver WPT systems. Simultaneously, a chaos critical parameter
identification method based on a deep learning-weighted chaos
state estimation model is proposed. This method enables high-
precision identification of the chaos critical values for multiple key
parameters, such as the fractional order, mutual inductance, and
load. This provides a new approach for multi-parameter collabora-
tive identification and dynamic behavior analysis in multi-receiver
WPT systems.

Fractional-order modeling of wireless
power transfer systems with multiple
receivers

The structure of multi-receiver WPT system is shown in Fig. 1.
This system consists of one transmitter and n receivers, and analyz-
ing its dynamic behavior requires describing it using high-order
differential equations. Therefore, based on circuit theory and frac-
tional-order calculus theory, while considering the fractional-order
characteristics of capacitors and inductors, as well as the nonlineari-

ties of capacitance, inductance, and resistance, the system model is
constructed as shown in Eq. (1).

n
s(Epe = up(0) +io(OR, + LoD io(0)+ 3 MosD"i(0)

0 = L Di\ (1) + Moy Dio(£) + iy (R} + R, ) + 1y + Z'J;Q M, ;D%i(1)

n—1
0= LD i, (1) + Mo, D%ig(t) + iy (R, + R},,) + ty + Z/_:I MDYii0) (1)
CE)D(YM()([) =1y
C'ID"ul =i

C, D%y (1) = iy
where L = Li(1 +k1,-ii2) denotes the nonlinear inductance; C; = C;(1+
kz,-uiz) denotes the nonlinear capacitance; R! = R;(1 +k3[i,2) denotes
the nonlinear resistance; Epc denotes the power supply voltage of
the transmitter; M; denotes the mutual inductance between sub-
system i and subsystem j; s(t) = sign(sin[2xft]) denotes the input control
signal; Ry~R, denotes the internal resistances of each subsystem;
R.o~R., denotes the load of each subsystem; iy~i, denotes the current
of each subsystem; uy~u, denotes the resonant capacitor voltage of
each subsystem; and D?(x) denotes the fractional-order differential
operator.

From Eqg. (1), the model is of a high order, specifically, 2(n + 1)-
order, making direct analysis rather difficult. Based on this, the
model needs to be improved.

For the ijth subsystem, its

mutual inductance term is

n
Z M;;D%ij(1). Since uy () = L'Di; (1), it can be obtained that:
j=Lj#i
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n . n M[j .
Do MDD =3 un0i=0.1.2 ()

=L L
Furthermore, since WPT systems typically operate in the resonant
state, according to circuit theory, it can be inferred that:
up (1) = —u;(t) )
Additionally, according to the reciprocity theorem, it follows that:
Mij=M;; Q)
Finally, by combining the above system of Eqs (1)—(4), and apply-

ing the concept of decomposition, the original high-order model
(Eq. [1]) is transformed into an (n + 1) low-order model as follows:

1 1 Ry S My,
D%y(H) = —s()Epc — —uop() — —2ig(H) + > ——u(t
io(t) I s(t)Epc L{)MO() L;)IO() /_Z;L(’)L;u"()

1.
D uo(t) = - io(0)
0
R +R 1 My
L Lli1——M1+ Z L'_Ilj'uj(t)

D% (1) = - i7 7
1 1 j=0,j£1 17

I,
D) = =i (1)
1

, R+R, 1 "M,
D{Yln(t) = _nTLnln - Eun + Z L,Zj/ Mj(t)
n i—0 nj

n

] )
D un(t) = = in(®)

Let x; = (u;,i;)", the state-space model of the ith subsystem can be
expressed as follows:

D"x; = Aix;+ Biv + f; ©6)
where,
0 ! o
— C/_ . _ . ) ~ 0 . _
Ai= L _M i By= LL, ; Bz(z¢0)—[ 0 ], v(®)
L L 0 0
s(Epc denotes the input control; f£=| < My |, i=0,1,
Z rr’ /
2,4 ,m. A T

The modeling method proposed above decomposes a system of
order 2(n + 1) into (n + 1) second-order subsystems, significantly
reducing the system order and achieving the decoupling of a high-
order coupled system into low-order subsystems. Meanwhile, by
considering the nonlinearities of capacitance, inductance, and load
resistance, as well as the fractional-order characteristics of capaci-
tance and inductance, the accuracy of the system modeling is
further enhanced. This provides an easily analyzable, low-order,
high-precision model for studying the chaotic dynamic behaviors of
multi-receiver WPT systems.

Construction of a weighted chaos state
estimation model

Analyzing the dynamic behavior of WPT systems is a complex
process, as traditional chaos indicators often struggle to accurately
characterize the chaotic state of the system. To enable precise inves-
tigation of the chaotic dynamic behavior of the system, this paper
proposes a weighted fusion of three chaos evaluation methods—
the maximum Lyapunov exponent, correlation dimension, and spec-
tral entropy—into a weighted chaos state estimation model.
Furthermore, to enhance identification accuracy and robustness, a
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Fig. 1 WPT system with multiple receivers.

deep learning algorithm is introduced to construct a deep chaos
feature learning network, enabling high-precision and adaptive
parameter identification for the system. The constructed weighted
chaos state estimation model is detailed as follows:

Maximum Lyapunov exponent

The maximum Lyapunov exponent (MLE) is one of the core
concepts for describing the dynamic characteristics of nonlinear
systems, used to identify chaotic motion in nonlinear systems.
Commonly employed algorithms for calculating the MLE include the
Wolf method, the small data set method, the two-point direct esti-
mation method, the Rosenstein algorithm, and the Benettin-Bram-
billa-Ardito algorithm. Among these, the Wolf algorithm computes
the MLE based on the exponential divergence rate of adjacent
trajectories, and it is widely adopted due to its theoretical rigor,
computational efficiency, and strong applicability in engineering.
Therefore, this paper designs an improved Wolf algorithm
with adaptive parameter selection, which effectively enhances
computational efficiency and enables more accurate calculations for
noise-contaminated data. The specific design is as follows:

First, a weighted Euclidean distance is employed to reduce sensi-
tivity to noise:
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where d(X; X) denotes the weighted Euclidean distance between the
i™ and jth state vectors; m denotes the dimension of the phase space;
X« denotes the k™ dimensional component of the " state vector;
Sy=0%/or, and S;=07 jo%, denote the ratios of information
power to noise power for the k™ and M dimensional components,
respectively, where o-ik and O-ﬁ,k denote the signal variance and noise
variance, respectively.

Next, let the reference trajectory point be X; and the candidate
neighboring point be X;. The directional evolution angle between
them must satisfy:

0= arccos( J < Brnax ®)

V,"Vj
Ivill [ [v]
where v; = X, — X;,v; = Xj41 — X, © denotes the directional evolu-
tion angle.

Next, during the process of trajectory evolution tracking (the path
of the system state in phase space over time), when the current
inter-trajectory distance exceeds the applied re-normalization
threshold, the local exponent is recorded, and a new neighboring
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point is reselected. The threshold is adaptively adjusted according
to the following formula:
In(dy/dy-1)

E1 =& [1 +’y(%ﬂgl — 1)
where &, denotes the re-normalization threshold before updating,
& denotes the re-normalization threshold after updating, 7, denotes
the global Lyapunov exponent, d,, denotes the trajectory distance at
time t,,, and y denotes the adjustment coefficient.

According to Eqgs (7)-(9), the improved maximum Lyapunov expo-
nent Ay, g is given by:

®

P ZN:1 (d'*”) 10

MLE = 1o 24 n don (10)
where Ay denotes the improved maximum Lyapunov exponent;
t, and t; denote the initial and final times, respectively; N denotes
the number of segments; d,, and d;, denote the initial and final
trajectory distances of the n segment, respectively.

The improved Wolf algorithm offers significant advantages over
the conventional Wolf algorithm. First, by introducing weighted
Euclidean distance, different weights are assigned based on the
power ratio of information to noise in each dimension, enhancing
the accuracy of distance measurement. Second, neighboring trajec-
tory points are filtered using a directional evolution angle threshold,
excluding invalid points caused by noise or deviations from the
attractor, thereby ensuring consistency in tracking direction. Third,
the re-normalization threshold is dynamically adjusted to adapt to
scale variations during system evolution, avoiding error accumula-
tion due to a fixed threshold. Finally, the separation rate is
computed segmentally and globally averaged in logarithmic form,
effectively suppressing random fluctuations from single calcula-
tions. Through these improvements, the robustness, adaptability,
and accuracy of the maximum Lyapunov exponent calculation are
significantly enhanced.

Correlation Dimension estimation

The Correlation Dimension is a metric used to describe the
dynamic complexity of a system, particularly in nonlinear dynamics
and chaos theory. Here, the Correlation Dimension is introduced to
analyze chaotic phenomena in the system, as detailed below:

1 N N
C(r)—m;jzlz’j;ﬁi@("—nﬁ—ﬁn) 1n

where C(r) denotes the correlation integral; r denotes the distance
scale; N is the total number of reconstructed state points; and y;and y;
denote distinct state points after phase space reconstruction.

The formula for calculating the correlation dimension is given by:

. InC(r)
D, =1 12
2 rlj)% Inr ( )

Spectral entropy calculation

Spectral entropy is used to measure the complexity and random-
ness of a signal in the frequency domain. It can be applied to detect
the complexity and randomness of system signals, thereby assisting
in determining whether the system is in a chaotic state when
combined with other criteria:

P(f) = IF (u; (0) (13)
where F(*) denotes the Fourier transform operator; and P(f) denotes
the power spectral density.
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where p(f) denotes the normalized power spectrum.
The formula for calculating spectral entropy is given by:

Sp==]. p(Hinp(Hds (1)

Since employing the aforementioned single model to estimate
the chaotic state of a system exhibits significant limitations—only
reflecting a specific aspect of the chaotic characteristics of the
system and demonstrating weak anti-interference capability—the
estimation error tends to be large. For instance, a system may
exhibit a positive maximum Lyapunov exponent while having a rela-
tively low correlation dimension. To overcome these shortcomings
and achieve an accurate assessment of the chaotic state of the
system, this paper integrates the three chaos estimation models
mentioned above—namely, the maximum Lyapunov exponent,
correlation dimension, and spectral entropy—to propose a
weighted chaos state estimation model. By performing a weighted
fusion of these three estimation models, this approach mitigates the
limitations inherent in any single model, and enhances the accuracy
of chaotic state estimation. The design of the weighted chaos state
estimation model is as follows:

(14

D2 - Dmin

X =wi tanh(10|/1|)+w2D +w3S ¢ (16)

max _Dmin
where w;, w,, and w5 denote weighting coefficients, satisfying w; +
wy+w3=1.

The above weighted chaos state estimation model performs
compression and saturation processing on the maximum Lyapunov
exponent using the tanh function, linearly normalizes the correla-
tion dimension to adjust its scale, and directly utilizes the spectral
entropy within a reasonable range. This enables the fusion of multi-
feature information and overcomes the limitations of relying on a
single indicator.

Design of a deep learning algorithm

While the weighted chaos state estimation model has somewhat
mitigated the limitations of single indicators and improved anti-
interference capability, it remains essentially a linear weighting
method. This makes it difficult to characterize the nonlinear relation-
ships inherent in WPT systems, and limitations persist in the study of
system dynamic behavior. Moreover, its weighting coefficients rely
on empirical determination, leading to insufficient accuracy and a
lack of adaptive capability. To address these issues, a deep learning
algorithm is introduced to construct a deep chaos feature learning
network, enabling intelligent detection of chaotic critical states. The
specific steps are as follows:

First, construct the network input feature vector:

T=[1D.5,.0| er a7
where T denotes the input feature vector, d denotes the total
dimension of the feature vector, and ©Q denotes the supplementary
statistical feature vector.

Next, the network adopts a dual-branch parallel structure, extract-
ing spatial features and temporal features from the input data
through a convolutional neural network, and a recurrent neural
network, respectively. Adaptive fusion is achieved via an attention
mechanism. Considering that the input consists of multi-feature
vectors, an improved multilayer perceptron architecture is
employed, which includes a feature interaction layer, and a deep
nonlinear transformation layer.

Yu et al. Wireless Power Transfer 2026, 13: €025
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Subsequently, the constructed multilayer perceptron features are
fused and multi-task learning is implemented:

Hy = ¢(Wy [He: Hy; Hy) +by) (18)

where H; denotes the fused feature; W, denotes the weight matrix of
the fusion feature layer; H, denotes the convolutional feature; H,
denotes the temporal feature; H, denotes the attention feature; and by
denotes the bias vector of the fusion feature layer.

Finally, while constructing the above fused features, the deep
chaos feature learning network performs both chaos state classifica-
tion and critical point regression.

For chaos state classification, the binary cross-entropy loss is used:

]
re==+ Z; Dnlog(Xe,)+ (1 =y log(1 - X,.,)] (19)

where I, denotes the binary cross-entropy loss; N, denotes the total
number of samples; and X, denotes the chaotic state probability
predicted by the deep learning network for the nt sample.

For critical parameter regression, the mean squared error loss
is used:

Wi 2

Z (Xx,n - )A(x,n) (20)
n=1

where I denotes the mean squared error loss for critical parameter
regression; and X; , denotes the predicted result of the critical value for
the target parameter, which could be the fractional order, mutual
inductance coefficient, load parameter, etc.

Critical regression loss:

1 <5 (|0Xen

= N ; H oa,

where I denotes the critical regression loss; a, denotes the currently

scanned system parameter; and N denotes the total number of
samples.

After completing chaos state classification and critical point
regression, a multi-objective joint optimization framework is
constructed, incorporating an uncertainty term to achieve multi-
objective optimization and uncertainty estimation. During the joint
training of classification and regression tasks, due to the large
number of model parameters and the limited trajectory data of
nonlinear systems available for training, there is a risk of overfitting.
To constrain model complexity, enhance generalization capability,
and obtain smoother, more reliable solutions, this paper introduces
a Structural Risk Minimization (SRM) strategy based on weight
decay. Specifically, a norm penalty term on the model parameters ©
is added to the loss function, which together with the original multi-

task loss, constitutes the objective function I” to be optimized. The
constructed multi-objective loss function is as follows:

Ny

21)

I'=w e+l s+ +7013 (22)
where ©,, ®,, and w3 denote task weighting coefficients; 7 denotes the
regularization coefficient; and ® denotes the model parameters.

Subsequently, based on Eqgs (17)—(22), a comprehensive evalua-
tion function for the system's chaotic critical point is constructed as
Eq. (23). This function is used to determine whether a reliable criti-
cal point can be identified:

Y=0Xc=Xu) oUy—U)-o(VXc| - A) (23)
where ¢ denotes a smooth step function; |VX.| = |dX./dx| denotes
the gradient of the chaos probability with respect to the parameter,
used to evaluate boundary sharpness; and Xy, Uy, and Ay, denote the
respective thresholds.

Finally, the critical point confirmation constraint is given by:

Yu et al. Wireless Power Transfer 2026, 13: e025
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X ={x]Y >0.5A|x,— %] < &} 24)
where x; denotes the set of confirmed critical points; x; denotes the
candidate parameter values; £c denotes the predicted critical values;
and ¢ denotes the error tolerance.

The aforementioned system identification process is illustrated in
the following Fig. 2:

Case study analysis

To verify the superiority of the constructed fractional-order multi-
receiver WPT system model and analyze its chaotic dynamic behav-
ior, a single-transmitter triple-receiver WPT system is considered as
an example. The relevant parameters of the system are configured
as follows:

Epc =100V, f=85kHz, Ly,=1,100 uH, Co = 10 nF, R, = 0.8 Q, L, =
1,200 pH, C; =12 nF, R;; = R, = Ri3 = 10 ©, L, = 900 pH, C, = 10 nF,
R,=0.8 Q, L3 =1,100 uH, C; = 18 nF, Ry = 0.8 Q, Mg, = Mo, = M3 =
150 pH.

Furthermore, to determine the nonlinear coefficients, the param-
eters of the components during normal operation are first
measured. Then, using the quadratic nonlinear model established
above as a framework, a least squares fitting algorithm is applied to
search for data that optimally approximates the measured
parameters with the model curve.

Finally, based on the degree of match between the above nonlin-
ear model and the actual operational data, the nonlinear coeffi-
cients are obtained as ky; = ky, = k13 = 0.2, ky; = ky; = ky3 = 0.06,
k3, = ksy =ks3=0.3.

Fractional-Order WPT

System Modeling
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Fig. 2 Flowchart of system chaotic critical parameter identification.
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Based on the previously constructed chaos critical parameter
identification method using the deep learning-weighted chaos state
estimation model, the critical order identification is first performed
for the triple-receiver fractional-order WPT system. The identifica-
tion reveals that the critical fractional-order value is o = 0.791. The
state trajectories and phase trajectories of each subsystem within
the system are shown in Figs 3—10, respectively.

From Figs 3—10, it can be observed that when the fractional order
a = 0.791, the system enters a chaotic state. The phase trajectory
diagrams exhibit complex, non-periodic oscillatory behavior in volt-
age and current states, reflecting the strong interaction between
magnetic field coupling and nonlinear parameters. In contrast, the
integer-order model fails to capture this chaotic phenomenon in
advance, as similar behavior only emerges when the order is 1. This
highlights the superiority of the fractional-order model in describ-
ing system dynamics, as it identifies the chaotic critical point at a
lower order, thereby enhancing the accuracy of the system model.
Thus, the proposed deep learning-based weighted chaos state esti-
mation model for chaotic critical parameter identification can

80 FT T T T T T T T
60 E
a0t
20+

= 0F
20 F

40 F

-60 -

0.6 0.8 1 1.2 1.4 1.6 1.8 2
t/s x 10"

Fig. 3 Voltage state response of the transmitter.

80 T T T T T T
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20
|
= 0 |
-20 I
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0.8 1 1.2 1.4 1.6 1.8
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Fig. 4 Voltage state response of receiver 1.
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20 b

:SN 0OF 4
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0.6 0.8 1 1.2 1.4 1.6 1.8 2
ils %107

Fig. 5 Voltage state response of receiver 2.
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precisely determine the critical fractional order at which the WPT
system enters a chaotic state. This method effectively addresses the
challenge of accurately determining the chaotic order in fractional-
order system dynamic behavior analysis, providing a reliable theo-
retical tool for studying chaotic dynamics in complex WPT systems.
To thoroughly validate the effectiveness of the proposed identifica-
tion algorithm, further exploration of other key factors inducing

40 F 4
. . . . . . . .
0.6 0.8 1 1.2 1.4 1.6 1.8 2
t/s «107

Fig. 6 Voltage state response of receiver 3.

Fig. 7 Phase trajectory of the transmitter.

Fig. 8 Phase trajectory of receiver 1.
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chaos in the system is conducted. Here, mutual inductance coeffi-
cients and load are selected as the parameters for identification.

First, setting a = 0.75, the phase diagrams of the triple-receiver
fractional-order WPT systems are obtained through simulation, as
shown in Figs 11-14. These figures reveal that each subsystem
exhibits quasi-periodic oscillations under the initial conditions.

Next, using the proposed chaos critical parameter identification
algorithm, the self-coupling mutual inductance coefficients My,
M., and My; are identified while keeping the aforementioned frac-
tional order fixed. The identification results indicate that the system
enters a chaotic state when the mutual inductance coefficients are
My, = My, = Moz = 251 pH. The corresponding phase trajectories of
each subsystem are shown in Figs 15—18, respectively.

From Figs 15—18, it can be observed that as the mutual induc-
tance increases, the dynamic behavior of the system changes. The
phase trajectories of each subsystem transition from the original
quasi-periodic  oscillation state into a chaotic state. This
phenomenon indicates that the mutual inductance coefficient, as a
key parameter reflecting the energy coupling strength between
coils enhances magnetic field coupling when its value increases.
This intensifies the nonlinearity of the system, thereby triggering

Fig.9 Phase trajectory of receiver 2.

Fig. 10 Phase trajectory of receiver 3.

Yu et al. Wireless Power Transfer 2026, 13: €025
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chaotic behavior. This result confirms the critical role of the mutual
inductance coefficient in regulating the dynamic characteristics of

-80 -60 -40 -20 0 20 40 60

Fig. 11 Phase trajectory of the transmitter.

Fig. 12 Phase trajectory of subsystem 1.

Fig. 13 Phase trajectory of subsystem 2.
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Fig. 14 Phase trajectory of subsystem 3.

Fig. 15 Phase trajectory of the transmitter with mutual inductance
variation.

Fig. 16 Phase trajectory of receiver 1 with mutual inductance variation.
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Fig.

Fig. 18 Phase trajectory of receiver 3 with mutual inductance variation.

WPT systems, providing important insights for system stability anal-
ysis and parameter optimization.

Finally, under the conditions of fixed fractional order and mutual
inductance coefficients, the same parameter identification method
is applied to identify the critical point of the load resistance. When
the load resistance reaches R = 45 Q, the system enters a chaotic
state. The corresponding phase trajectories of each subsystem are
shown in Figs 19-22, respectively.

From Figs 19-22, it can be seen that when the load parameter
reaches the identified critical value, the phase trajectories of each
subsystem change, and the system enters a chaotic state. This indi-
cates that altering the load parameter can also induce chaotic
phenomena in the system. In summary, changes in system order,
mutual inductance, and load can all lead to chaotic behavior in the
system. Moreover, these results fully demonstrate the effectiveness
of the proposed chaotic critical parameter identification algorithm.

Conclusions

This paper addressed the challenges of low modeling accuracy,
high model order, and difficulty in precisely identifying chaotic

Yu et al. Wireless Power Transfer 2026, 13: €025
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Fig. 21 Phase trajectory of receiver 2 with load variation.
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W 77—

Fig. 22 Phase trajectory of receiver 3 with load variation.

critical parameters in multi-receiver wireless power transfer systems.
A fractional-order nonlinear model for multi-receiver WPT systems
was constructed, and a chaotic critical parameter identification
method based on a deep learning-weighted chaos state estimation
model was proposed. The chaotic dynamic behavior of the system
was also analyzed. Simulation results not only confirm the rational-
ity of the proposed model in terms of order reduction and improved
system accuracy, but also validate the effectiveness of the proposed
chaotic critical parameter identification algorithm. Additionally, the
key parameters influencing the emergence of chaotic phenomena
in the system are identified. This provides an important reference for
further research into other dynamic behaviors of the system.

Author contributions

The authors confirm contribution to the paper as follows: study
conception and design: Yu Z, Lei Y; data collection: Yu Z, Liu Z, Dai X;
software validation: Yu Z, Lei Y; analysis and interpretation of results:
Yu Z, Lei Y, Sun Y, Dai X; draft manuscript preparation: Yu Z, Lei Y;
supervision: Sun Y, Liu Z, Dai X. All authors reviewed the results and
approved the final version of the manuscript.

Data availability

The datasets generated during and/or analyzed during the
current study are available from the corresponding author on
reasonable request.

Acknowledgments

This paper was supported by the National Natural Science Foun-
dation of China (Grant Nos 52307204, 52277003), and the Yunnan
Fundamental Research Projects (Grant No. 202301AT070204).
Conflict of interest

The authors declare that they have no conflict of interest.

Dates

Received 19 January 2026; Revised 9 March 2026; Accepted 20
March 2026; Published online 4 September 2026

Page 90f 10


https://doi.org/10.48130/wpt-0026-0016
https://doi.org/10.48130/wpt-0026-0016
https://doi.org/10.48130/wpt-0026-0016
https://doi.org/10.48130/wpt-0026-0016
https://doi.org/10.48130/wpt-0026-0016

Wireless Power
Transfer

References

1l

[2]

[3]

[4]

[5]

[6]

[7]

[8]

Zhou X, Song C, Song H, Gao D, Zhao H, et al. 2025. Study on leakage
magnetic field shielding method for electric vehicle high-power wire-
less charging system under transverse offset working condition. /EEE
Transactions on Power Electronics 40(9):14050—14060

Zhang Q, Fan L, Ren F, Yue Z, Zhao D, et al. 2024. An unenclosed quasi-
static cavity resonator-based ubiquitous 3-D wireless power transfer
system supporting simultaneous through-wall wireless communica-
tions. Micromachines 16(1):13

Cheah WC, Watson SA, Lennox B. 2019. Limitations of wireless power
transfer technologies for mobile robots. Wireless Power Transfer
6(2):175-189

Thiagarajan K, Deepa T, Kolhe M. 2024. Optimized coil design and
advanced neural network control for enhanced wireless power trans-
fer in electric vehicles using Taylor-based Firefly and Dove Swarm
Optimization. Wireless Power Transfer 11:2012

Yu Z, Sun Y, Dai X. 2021. Estimation of domain of attraction for the
fractional-order WPT system. Nonlinear Analysis: Hybrid Systems
42:101082

Yu Z, Lei Y, Sun Y, Dai X. 2026. Stability analysis of fractional-order
wireless power transfer system with multiple transmitters considering
memory characteristics. Journal of the Franklin Institute 363(6):1-23
Zhao S, Tang C, Fei Y, Deng P. 2022. Research on order reduction and
control of double-sided LCC wireless power transfer system based on
GSSA model. Proc. 2022 IEEE 9th International Conference on Power Elec-
tronics Systems and Applications (PESA). Hong Kong, China: IEEE. pp. 1-6
doi: 10.1109/PESA55501.2022.10038416

Hu X, Wang Y, Lyu S, Zhao D, Ma T, et al. 2022. & F il IR A2 (B A TE
2B RE AR 0 R G IR S E 143 BT [Modeling and stability analysis of
wireless power transfer system based on harmonic state space]. /£ //
Z 45 H 5114t [Automation of Electric Power Systems] 46(11):121-130 (in
Chinese)

Page 100f 10

[l

[10]

(111

2]

[13]

[14]

[15]

[16]

https://doi.org/10.48130/wpt-0026-0016

Wang J, Leach M, Lim EG, Wang Z, Huang Y. 2019. Investigation of
magnetic resonance coupling circuit topologies for wireless power
transmission. Microwave and Optical Technology Letters 61(7):1755—
1763

Hou X, Yang M, Shi Y, Yu Z, Zhao Z. 2025. Efficiency enhancement of
multi-relay wireless power transfer system using switched compensa-
tion capacitors. Wireless Power Transfer 12:€024

Chen P, He S. 2013. Analysis of the fractional-order parallel tank circuit.
Journal of Circuits, Systems and Computers 22(6):1350047

Rong C, Zhang B, Jiang Y. 2020. Analysis of a fractional-order wireless
power transfer system. IEEE Transactions on Circuits and Systems II:
Express Briefs 67(10):1755—1759

Shu X, Zhang B. 2018. The effect of fractional orders on the transmis-
sion power and efficiency of fractional-order wireless power transmis-
sion system. Energies 11(7):1774

Pechuk VD, Krasnopolskaya TS, Pechuk ED. 2021. Maximum Lyapunov
exponent calculation. Proc. 14th Chaotic Modeling and Simulation Inter-
national Conference, Athens, Greece, 2021. Cham: Springer Interna-
tional Publishing. pp. 327-335 doi: 10.1007/978-3-030-96964-6_22
Weng T, Wu M, Feng X, Chen X, Ren Z, et al. 2025. A generalized high-
order correlation dimension for strange attractors. Chaos, Solitons &
Fractals 194:116190

Yang JX, Zhou JT, Han FQ. 2011. Study on state recognition of ASCE
benchmark FEM based on Lyapunov exponent spectrum entropy.
Applied Mechanics and Materials 117-119:1526—-1530

Copyright: © 2026 by the author(s). Published by
BY Maximum Academic Press, Fayetteville, GA. This article
is an open access article distributed under Creative Commons

Attribution License (CC BY 4.0), visit https://creativecommons.org/
licenses/by/4.0/.

Yu et al. Wireless Power Transfer 2026, 13: €025


https://doi.org/10.1109/TPEL.2025.3566422
https://doi.org/10.1109/TPEL.2025.3566422
https://doi.org/10.3390/mi16010013
https://doi.org/10.1017/wpt.2019.8
https://doi.org/10.48130/wpt-0024-0012
https://doi.org/10.1016/j.nahs.2021.101062
https://doi.org/10.1016/j.jfranklin.2026.108555
https://doi.org/10.1109/PESA55501.2022.10038416
https://doi.org/10.7500/AEPS20210724005
https://doi.org/10.7500/AEPS20210724005
https://doi.org/10.7500/AEPS20210724005
https://doi.org/10.7500/AEPS20210724005
https://doi.org/10.1002/mop.31803
https://doi.org/10.48130/wpt-0025-0018
https://doi.org/10.1142/S0218126613500473
https://doi.org/10.1109/TCSII.2019.2949371
https://doi.org/10.1109/TCSII.2019.2949371
https://doi.org/10.3390/en11071774
https://doi.org/10.1007/978-3-030-96964-6_22
https://doi.org/10.1007/978-3-030-96964-6_22
https://doi.org/10.1007/978-3-030-96964-6_22
https://doi.org/10.1007/978-3-030-96964-6_22
https://doi.org/10.1007/978-3-030-96964-6_22
https://doi.org/10.1007/978-3-030-96964-6_22
https://doi.org/10.1007/978-3-030-96964-6_22
https://doi.org/10.1007/978-3-030-96964-6_22
https://doi.org/10.1007/978-3-030-96964-6_22
https://doi.org/10.1016/j.chaos.2025.116190
https://doi.org/10.1016/j.chaos.2025.116190
https://doi.org/10.4028/www.scientific.net/amm.117-119.1526
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.48130/wpt-0026-0016
https://doi.org/10.48130/wpt-0026-0016
https://doi.org/10.48130/wpt-0026-0016
https://doi.org/10.48130/wpt-0026-0016
https://doi.org/10.48130/wpt-0026-0016

	Introduction
	Fractional-order modeling of wireless power transfer systems with multiple receivers
	Construction of a weighted chaos state estimation model
	Maximum Lyapunov exponent
	Correlation Dimension estimation
	Spectral entropy calculation
	Design of a deep learning algorithm

	Case study analysis
	Conclusions
	Author contributions
	Data availability
	Acknowledgments
	Conflict of interest
	References

