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Abstract—The power conversion system based on the modular
connection has widespread applications in various power electronic
systems. To accurately estimate the state of health without recogniz-
ing the systematic mathematical model and to extend the lifetime,
this article proposes a lifetime extension approach based on the
Levenberg—Marquardt back propagation neural network (LM-
BPNN) and power routing of interleaved dc—dc boost conversion
systems. The LM-BPNN model is constructed based on the voltage,
current, and temperature data generated by the system. On the
basis of the trained LM-BPNN, the real-time cumulated damage
estimation of each power cell in the conversion system can be
accomplished. Applying the power routing concept, the dc—dc boost
conversion system allocates different power to the cells according to
the cumulated damage of each cell, thereby delaying the failure of
cells with higher cumulated damage. Numerical simulation results
show that the proposed lifetime extension approach can extend
the overall system lifetime. Furthermore, an experimental setup
of the interleaved dc—dc boost conversion is constructed to verify
the proposed approach, which is of great significance for predictive
maintenance in the industrial system.
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I. INTRODUCTION

HE modern power systems have become more complex
T with large-scale structures, so the intelligent grids have
gained more and more attention [1], [2], [3], [4], [5]. In the
intelligent grid technology, new power converter topologies, ad-
vanced power device technologies, and control and modulation
methods have become current research hotspots [6], [7], [8]. Due
to these advances, the power converters can meet the demand
for electric energy, which ensures the normal operation of the
power grid [9], [10], [11], [12].

To face these requirements, using modular converters is an
attractive solution. The power conversion system based on mod-
ular connection refers to connecting several power converters in
series or parallel. The nominal power is usually equally shared
among the different power cells [13], [ 14]. The power conversion
systems based on the modular connection are widely used in
various power electronic equipment ranging from low power to
high power [15], [16]. As a typical power conversion system
based on modular connection, the parallel dc—dc conversion
system keeps the losses below acceptable levels by sharing
the current among the power cells during the operation. As an
example of parallel-connected dc—dc converters, Fig. 1 repre-
sents the electrical schematic of the Vensys 60/1200 commercial
wind power generation system [17]. Each stage of the system
adopts a parallel modular connection mode. The dc rectified
voltage is generated according to the diode rectifier bridge, and
is boosted by an interleaved boost dc—dc conversion system.
Finally, the voltage is connected to the main grid through two
parallel-connected two-level voltage source inverters.

During the operation of a power electronic system, power
devices are influenced by the factors such as high thermal stress,
power loss, and ambient temperature. Therefore, an accurate
estimation of the state of health (SOH) of the power electronic
systems in real time is required. This SOH estimation will help
the system manufacturer improve the reliability and the fault-
tolerant capability [18], [19], [20]. In [21], it is verified that
the failure of power devices is mainly related to thermal stress
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Fig. 1. Electrical schematic of the Vensys 60/1200 commercial wind power
generation system.
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Fig. 2. Degrading evolution in a modular DC-DC conversion system consid-

ering replacements and failures.

caused by solder joint fatigue. Furthermore, repeated thermal
cycles will cause irregular expansion and contraction of power
device materials, thereby causing failure. The authors in [22]
proposed adaptive joint extended Kalman filter and adaptive dual
Kalman filter approaches to predict the remaining useful lifetime
of the interleaved dc—dc boost conversion system used in electric
vehicles.

In recent years, the application of artificial intelligence to
reliability analysis of power electronics has attracted more and
more attention. Zhao et al. [23] processed an in-depth overview
of the design, control, and maintenance of power electronics
with the aid of artificial intelligence approaches. Considering the
nonlinear electronics thermal characteristics of power devices,
Chiozzi et al. [24] proposed a neural network (NN)-based mod-
eling approach for power devices, which is helpful to reproduce
circuit conditions. Facing the uncertainty of life estimation,
Eleffendi et al. [25] proposed an online approach based on
the Kalman filter and recursive least squares to monitor key
semiconductor parameters, to achieve predictive maintenance.

In the conventional interleaved boost dc—dc conversion sys-
tem, each converter cell manages the same power by applying an
equalized current sharing control strategy. In this way, assuming
ideal conditions, the power loss, thermomechanical fatigue, and
cumulative aging of each power cell are the same. However, in
practical operation, the relevant parameters of different devices,
such as ON-resistance, state voltage drop, and the thermal ex-
pansion coefficients of the material are diverse. Furthermore,
replacing damaged modular units after failure also inevitably
leads to aging mismatches among the power modules, which can
be shown in Fig. 2. Therefore, designing an effective strategy
to alleviate the aging mismatch problem in a modular system
has become a significant research problem in the field of power
electronics technology [17]. In [17], the aging process of the
interleaved boost dc—dc conversion system is studied, and a
method that can easily manage the power distribution of system
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cells is proposed. On the other hand, considering the failure
mechanism of sensitive cells in the system, in [26], an approach
is proposed to delay the occurrence of system failure, thereby
increasing the system lifetime.

In any case, the topic of the lifetime extension for the power
electronic systems needs further research based on the following.

1) Application of data-based approaches for the problem of
alleviating aging degree mismatch in the modular power
conversion system.

2) Limitation of the conventional model-based approaches to
estimate the SOH of the system without recognizing the
accurate mathematical model.

To face these difficulties, this article proposes a novel life-
time extension approach for interleaved dc—dc boost conversion
systems based on the Levenberg—Marquardt back propagation
neural network (LM-BPNN) and power routing strategy. The
main contributions of this article can be summarized as follows.

1) Without prior knowledge and a mathematical model, a
data-based health state estimation approach is proposed to
overcome the shortcomings of model-based approaches,
which can effectively estimate the SOH in real time.

2) Considering the proposed SOH estimation, a power rout-
ing strategy is applied to allocate different power to each
power cell in the system with the aid of the data-based
cumulated damage estimation approach. In this sense, the
power distribution can be optimized, and the problem of
aging mismatch is alleviated.

3) Numerical simulation results show that the proposed life-
time extension approach can extend the overall system
lifetime. Furthermore, an experimental setup of the inter-
leaved dc—dc boost conversion is constructed to verify the
proposed approach.

The rest of this article is organized as follows. Section II
states the research problem. Section III illustrates the lifetime
extension approach based on the LM-BPNN and power routing
strategy. Section IV uses a numerical simulation to verify the
proposed approach. Section V constructs an experimental setup
of the interleaved dc—dc boost conversion to verify the proposed
lifetime extension approach. Finally, Section VI concludes this
article.

II. PROBLEM STATEMENT

This article aims to estimate the SOH of an interleaved dc—dc
boost conversion system with the aid of a data-based approach.
Furthermore, the problem of mismatched aging in the system
is alleviated, and the overall system lifetime can be extended.
To facilitate discussion, the complete Vensys 60/1200 system
shown in Fig. 1 can be simplified into the form of an interleaved
dc—dc boost conversion system, as shown in Fig. 3. The diode
rectifier bridge and the active front end are assumed to be
equivalent to the voltage sources V;; and V,,, respectively.

The SOH estimation approach proposed in this article is
based on the historical data generated by the system during the
operational process. It is supposed that the data in the ¢th work-
ing cycle can be expressed as x(i) = [T(; 1), T(:,2)s - - - T(i,p))»
where p is the number of sensors. Correspondingly, the true
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Fig. 3. Simplified structure of the Vensys 60/1200 system.

value of the systematic SOH under the current cycle is y(). The
original dataset can be reconstructed by combining x(i) and
y(i), which is expressed as D = {(x(2),y(i))]i = 1,2,...,m},
where m is the total number of samples. On this basis, the SOH
estimation approach proposed in this article takes the historical
data (training data) as the input of the data-based learning
algorithm model. The best mapping function @ : (i) — y(4) is
learned by training the model. Furthermore, based on the trained
algorithm model and online working data, the real-time SOH
estimation can be achieved.

Correspondingly, root mean square error (RMSE) and mean
absolute error (MAE) are considered as indicators to evaluate the
SOH estimation performance [27], [28]. The RMSE is defined
as

n

% > (SOH,; — SOHy;)? (1

i=1

RMSE =

where n is the number of samples in the testing sets, 7 is the index
of the samples, SOH,.; and SOH;; are SOH estimated value
and SOH ground truth of the ith testing sample, respectively.
Furthermore, MAE is shown as follows:
1 n
MAE = — ; |SOH,; — SOH;|. )
Equations (1) and (2) measure the difference between the SOH
ground truth and the estimated value. The smaller the value, the
better the SOH estimation performance of the algorithm model.
It should be noted that this article implements the health
management of the power cells according to the SOH of each
power cell in the dc—dc boost conversion system. Specifically, in
order to evaluate the health status of the system, the cumulated
damage of each cell is calculated as the SOH by the rainflow
counting method according to the amplitude temperature AT’
and the average thermal cycle temperature 75 ,,, which is widely
adopted in power conversion systems [26]. The principle of
the rainflow counting method is shown in Fig. 4, which can
isolate the task profile of the temperature derivative change. The
temperature transition from hot to cold is reflected. In addition,
the temperature difference between the two operational points is
calculated. On this basis, the number of thermal cycles to failure
Ny can be acquired by the rainflow counting algorithm [26], as
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Fig. 4. Example of the rainflow algorithm.

follows:
Ea
Ny = a(AT) P ¢Fa(Tm+2770) 3)

where o and 3 are device dependent parameters, respectively.
FE, is the excitation energy of the device material, and kp is
Boltzmann constant. On this basis, the cuamulated damage D can
be defined according to the Miner fatigue cumulative principle
as follows:

Ni

b= Z Ny, @
7

where [V; is the number of thermal cycles, and Ny, is the max-
imum number of thermal cycles that the device can withstand.
Through (3) and (4), the cumulated damage D is dependent on
a history of the information, the junction temperature, and tem-
perature changes, from the initial working point. Although the
rainflow counting method can consider historical information,
as shown in (3) and (4), it should be noted that only temperature
information is considered. On the other hand, when using the
machine learning algorithm, the mapping relationship between
current, voltage, temperature, and cumulated damage at the
current moment is constructed. Due to the more comprehensive
feature information, the mapping relationship between input and
cumulated damage can be constructed even without historical
temperature information. In this sense, we attempt to adopt a
neural network-based approach to construct the mapping rela-
tionship between current, voltage, temperature, and cumulated
damage at the current moment in this article.

From a theoretical point of view, when the cumulated damage
D becomes 1, it means that, on average, the power device will
fail. But D represents a cumulated probabilistic measure of the
failure. Depending on the application and how critical it is,
the acceptable cumulated damage is different. For instance, in
regular applications, the maximum value in the failure proba-
bility is 20%. As for aeronautical applications, this threshold is
set from 0.1% to 1%. This article sets the maximum value of
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Fig. 5. Research flow.

the cumulated damage to 20%. When the cumulative damage
reaches 20%, the power cell should be replaced.

III. LIFETIME EXTENSION APPROACH

The lifetime extension approach for interleaved dc—dc con-
version systems proposed in this article is mainly composed
of an LM-BPNN algorithm and a power routing strategy. The
research flow of the approach is shown in Fig. 5. The LM-
BPNN algorithm includes two parts: offline training and online
estimation. For the offline training part, the feature variables,
such as current, voltage, and temperature data generated by
the dc—dc conversion system during the operation are extracted
as the input of the LM-BPNN, and the cumulated damage at
the corresponding time is the label. Afterward, the LM-BPNN
is used to establish the mapping relationship between feature
variables and cumulated damage. Regarding the power routing
strategy, this part consists of a power routing control loop and
a power module control loop. The power routing control loop
takes the cumulated damage from the LM-BPNN as the input,
and outputs the power sharing factor of each power cell in the
dc—dc conversion system. The power module control loop is
essentially an internal closed-loop control to track the desired
per-cell power. According to the power sharing factor, the duty
cycle of each dc—dc power cell is changed to fulfill the required
power distribution, leading to achieving an equalization of the
cumulated damage of all the power cells.

A. Levenberg—Marquardt Back Propagation Neural Network
(LM-BPNN)

The BPNN has a strong self-adaptive learning ability, which
completes the mapping from input to output by automatically
learning the implicit relationship in the data [29], [30]. The
gradient descent algorithm is generally used to update the weight
parameters in the conventional BPNN [31]. The mean square
error is used as the loss function to train the BPNN

I & 2
F@=%é;hm%w) 5)
where m is the number of samples in the training set, z; and y;
are the input vector and the label of the :th sample, respectively.

fo(x;) is the estimated value of the network in the ith sample,
and 0 is the composition of the weight and the bias vector

w11 w12 Wiy, by
W1 Wz Wap by

0= ) . ) ) (6)
Wnp1 Wn2 Wnn bn

where n is the dimension. However, the traditional gradient
descent algorithm has disadvantages, such as low training ef-
ficiency and worse convergence. For this reason, this article
introduces the LM algorithm to optimize the BPNN. The LM
algorithm combines the advantages of the gradient descent and
the Gauss—Newton algorithm. In detail, the LM algorithm can
maintain the rapid convergence of the gradient descent algo-
rithm, while having the optimal characteristics of the Gauss—
Newton algorithm [32]. The training process of the BPNN can
essentially be regarded as the solution to the minimum value of
F(0) for the nonlinear least-squares problem, as follows:

min F (0) =

Join [r: (0)]° (m > n) (7)

1

(r (@) r(0)=

m

DO |
N |

3

where (6) is residual function of 6, which can be specifically
shown as

r(0) =[ri(6),r2(8), ... (O] ®

It is assumed that .J,, (6) is the Jacobian matrix of (), shown
as follows:

Jo(0) = [Vr1(0),Vra (0) ..., Vi (0)]"
o om . 9n
96, 90, 90,
= o ©)
Orm O Or
06, 09, 90,
The gradient g(6) of F'(f) can be expressed as
g(0)=> ri(O)Vri(0) = (J. ()" r (). 10

i=1
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It should be noted that the LM algorithm is improved on the basis
of the Gauss—Newton method, which changes the step size in the
iteration. For the kth iteration, the gradient can be described by

~1
A== |(Ja 06 Ja (0k) +urI | (Ja (6x))" 7 (6r)

(1)
where wuy is the penalty factor, and I is the unit matrix. When
the value of wuy, is large, the LM algorithm is equivalent to the
gradient descent algorithm, because the elements on the main
diagonal occupy a dominant position. On the other hand, when
the value of uy, is small, the LM algorithm is equivalent to the
Gauss—Newton method. The details about LM-BPNN can be
referred to [32].

In general, larger uy, is used in the initial stage of the training
process to accelerate the convergence of the network. In the
later stage of the training process, smaller wuj is used to avoid
the oscillations generated by the gradient descent algorithm so
that the network can be converted to the global optimal solution
as much as possible. In this sense, the cumulated damage can be
accurately estimated.

B. Power Routing Strategy

The power routing strategy structure of the interleaved dc—dc
boost conversion system is shown in Fig. 6 [17]. The essence
of the power routing strategy is to allocate different power to
corresponding power cells by adjusting the transient current
through the inductor according to the actual situation of the
cumulated damage.

The power routing strategy of the interleaved dc—dc power
system consists of a power routing control loop and an internal
power module control loop.

1) Power Routing Control Loop: The cumulated damage
obtained in the LM-BPNN is taken as the input in the power
routing control loop. The output is the power sharing factor of
each cell in the dc—dc conversion through specific distribution
rules that will be introduced later. In this article, the cumulated
damage of each power cell is used as the SOH to measure its
health status. The damage of the power device is closely related
to its temperature and the suffered cycles thermal amplitudes.
In this sense, the greater power managed by a power cell will
increase its temperature, leading to accelerating the aging of the
corresponding power devices. Therefore, to balance the aging
of all power devices as much as possible, the purpose of the
power routing control loop is to allocate lower power to cells
with higher cumulated damage and allocate higher power to
cells with lower cumulated damage.

The parameter k; in Fig. 6 is the power sharing factor of the
1th power cell, which determines the actual power to be managed
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by each cell. To ensure the normal operation of the system, it
is worth noting that whatever the power distribution inside the
system is, the sum of the power sharing factors of all cells should
be equal to 1, which can be expressed as

> ki=1

1

q
12)
i=
where ¢ is the number of cells in the system. Considering a
conventional operation of an interleaved dc—dc boost system,
the power sharing factors of all the power cells are equal

1
— k==
g

by =ky=-=k;=-- (13)
To allocate different power to each cell, it is assumed that the
cumulated damage of the ith cell is D;. The value of the ith cell
power sharing factor k; can be expressed as
©, Dy - D]

S TR S o
where v is an exponential term, which aims to increase the
difference between the cumulated damage of different cells to
speed up the power equalization by making the power routing
method more robust. In particular, when the damage of all cells
is the same, (14) achieves the equalized operation described in
(13), leading to the conventional interleaved operation of the
power system.

2) Internal Power Module Control Loop: The power module
control loop is essentially a closed-loop control with a power
tracking objective, as shown in Fig. 6. According to the power
sharing factors calculated by the power routing control method,
the duty cycle of each cell is determined to complete the objec-
tive of power distribution. The control scheme presented in [17]
is widely used in the interleaved parallel power modules. For
the ¢th power cell, the closed-loop control determines the power
P} to be managed by the ith power cell by using the power
sharing factor, and divides it by the input voltage V; to obtain
the reference current I that has to flow through the inductor.
Afterward, the reference inductor voltage v; can be determined
through an internal control loop implemented with another PI
controller. Finally, by means of normalization, the duty cycle d;
to generate the gate driving pulse (.5;) of each module is obtained
by applying a simple pulsewidth modulation method.

IV. NUMERICAL SIMULATION ANALYSIS
A. Systematic Introduction

To test the proposed lifetime extension approach, this article
uses a two-cell interleaved dc—dc boost conversion system for
numerical simulation analysis. The structure diagram of the
system is shown in Fig. 3. The power device used in the con-
version system is the IRFP4227 MOSFET. Moreover, the relevant
parameters of the system are summarized in Table I. Both dc—dc
power cells are connected to an input power source and an output
capacitor. All the experiments are performed at an ambient
temperature equal to 40 °C.

Based on the parameter configuration listed in Table I, the
power curve of the dc—dc boost conversion system ranges from
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TABLE I
PARAMETERS IN THE DC-DC BOOST CONVERTER SYSTEM

Parameter Value
Number of cells 2
Input voltage (V) 50
Output voltage (V) 140
Switching frequency (kHz) 5
Boost inductance (mH) 3
Ambient temperature (°C) 40
3500
3000+ iy 0 o fi ey R iy
2500 T F r { i

Bl il

= UL UG QUG (Ut
0 A | WWW ! ) Mw o wb\mJ ! " "
0 200 400 600 800 1000 1200
Time (s)
Fig. 7. Power profile applied to the complete DC-DC power system.

0 to 3 kW, whose value is accompanied by a certain random
disturbance. The specific 20-min power profile is shown in
Fig. 7. It should be noted that the power profile represented
in Fig. 7 is repeated to form complete days. On the basis of the
parameter configuration and operating power described previ-
ously, the cumulated damage of each power cell in the de—dc
boost conversion system is obtained by the rainflow counting
method [33].

B. Cumulated Damage Estimation Based on the LM-BPNN

In the interleaved dc—dc boost conversion system, the whole
simulation time of an operational process is set to one year. For
each simulation cycle, namely, each day, feature variables, such
as the current, voltage, and temperature of the power device are
extracted as the input of the LM-BPNN model. Correspondingly,
the output of the LM-BPNN is the cumulated damage at the end
of the day. It should be noted that the cumulated damage is
calculated according to the rainflow counting method in (3) and
(4) for each day, which is used as the label of the training data.

To simulate various unbalanced initial aging scenarios, the
initial damages are randomly assigned to the two cells in the
dc—dc boost conversion system. The data from multiple opera-
tional conditions can be obtained to verify the effectiveness of
the LM-BPNN estimation algorithm proposed in this article.
The ratio of training data to test data is set to 5:1 in this
article. In detail, the data of 30 operational processes are used
as training data, and the data of six operational processes are
used as testing data to verify the estimation performance. To
prevent overfitting in the training process, this article adopts the
tenfold cross-validation method to adjust parameters, such as
the network learning rate and the number of network neurons,
to acquire a great cumulative damage estimation performance.
The details of the tenfold cross validation are shown in Fig. 8.
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Fig. 8. Tenfold cross validation.
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TABLE II
ESTIMATION RESULTS OF THE TWO POWER CELLS USING TENFOLD CROSS
VALIDATION

Cell; Celly
RMSE MAE RMSE MAE

9.203 x 10~ 0 | 8.856 x 10 2 | 1.789 x 10+ | 1.334 x 10~ %
2.782 X 1075 2.220 x 1075%(4.006 x 1075 |2.138 x 10~5
1.258 x 10~ 4 | 9.372 x 1075 | 1.386 x 1074 | 8.562 x 10~2
4.983 x 1075 | 4.596 x 1072 | 8.359 x 1075 | 6.968 x 10~°
1.454 x 10~% | 1,128 x 1074 | 2.364 x 10~% | 1.512 x 10~%
3.589 x 1073 | 3.141 x 10~%4 | 6.798 x 1073 | 4.485 x 104
7.025 x 1074 | 6.858 x 1074 | 1.783 x 1073 | 1.052 x 1073
1.751 x 1073 | 8.992 x 1074 | 1.963 x 1073 | 1.616 x 10~3
6.896 x 1073 | 6.334 x 10~% | 5.038 x 1073 | 3.856 x 103

C ion | Parameter

(16,16)
(16,32)
(16,64)
(32,16)
(32,32)
(32,64)
(64,16)
(64,32)
(64,64)

o Y I SR R SR

In detail, the training dataset is divided into ten parts, each part
of which is used as test data for verification in turn, and nine of
them are used as training data for model training. The average
of the ten experiments measures the final indicator.

To better demonstrate the influence of features on the cumu-
lated damage, this work uses four features, namely, the current
and temperature of two cells of the interleaved dc—dc boost
conversion system in an operational process [see an example to
visualize the features in Fig. 9(a)]. Furthermore, the correspond-
ing cumulated damage is shown in Fig. 9(b). It can be seen from
Fig. 9 that there is a correlation between the current, temperature
features of the two cells, and the cumulated damage, which also
provides the feasibility of constructing the mapping relationship
between the characteristics and the cumulated damage in this
work.

Considering that the amount of data collected in the parallel
dc—dc boost conversion system is small, the number of layers
of the network is set to two. On this basis, a grid search is
performed in a two-layer network to determine the number
of neurons in each layer so that a better cumulated damage
estimation performance can be obtained. In detail, the possible
values of the number of neurons in the two-layer network are
set to 16, 32, and 64. Table II lists the results of the RMSE
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TABLE III
HYPERPARAMETER CONFIGURATION
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TABLE IV
ESTIMATION RESULTS OF CUMULATED DAMAGE

Hyperparameter Value
Number of layers 2
Number of neurons (16,32)
Learning rate 0.001
Epoch 1000
Activation function tanh
1000
1500
800
2z 600 £1000
=3 =3
=] i=}
O 400 ©
500
200 ‘
0 rr'\’\'“ q’v"v‘ = T 0 e 7| y
S50 5 10 15 20 -4 2 0 2
Error of Celll %107 Error of Ce]l2 x10™
Fig. 10.  Error distribution of the two power cells.

and MAE of the two power cells of the dc—dc boost conversion
system under multiple network configurations using tenfold
cross validation. When the number of neurons in the two-layer
network is 16 and 32, respectively, the LM-BPNN has a better
estimation performance. The hyperparameter configuration of
the LM-BPNN is summarized in Table III.

To better demonstrate the estimation performance of the pro-
posed approach on the testing dataset, the error distribution of
the two power cells of the dc—dc boost conversion system in
the testing data under multiple network configurations is repre-
sented, which is shown in Fig. 10. It can be seen from Fig. 10
that the error of the two power cells is mainly distributed on both
sides of zero, which is concentrated in the order of magnitude of
1075, It can also confirm that the proposed approach has a great
cumulative damage estimation performance.

To demonstrate the cumulated damage estimation perfor-
mance of the proposed LM-BPNN, this article represents the
cumulated damage estimation results of the LM-BPNN in the
six operational processes of the testing data, shown in Fig. 11.
It should be noted that the training data and testing data in the
article are performed under the power routing strategy, and the
power profile applied to the system is consistent with Fig. 6.
It can be seen that the estimated cumulated damage curve
coincides nicely with the actual cumulative damage curve, which
represents that the estimation performance of the LM-BPNN is
excellent. Table IV lists the results of the RMSE and MAE of
the testing data in the cumulated damage estimation of these six
operational processes.

To demonstrate the superiority of the approach proposed in
this article, the Cells of the first operational process, whose initial
damage is 0.052, is used as an example to compare the estimation
performance of the LM-BPNN and other data-based estimation
approaches, such as ridge regression (Ridge), support vector
regression (SVR), ElasticNet regression (ElasticNet), Lasso re-
gression (Lasso), AdaBoost regression (AdaBoost), k-Nearest

Operational Cell Initial RMSE MAE
number Damage
] Celly 0.105 3.348 x 10°% 2386 x 10~ ©
Celly 0.052 1.835 x 1075 4.301 x 106
) Celly 0.124 8.350 x 10~6  6.081 x 106
Celly 0.032 2.908 x 107>  1.162 x 105
3 Celly 0.153 1.239 x 10~%  1.004 x 10~*
Celly 0.063 1.205 x 104 8.024 x 105
4 Celly 0.083 8.920 x 1076 8.335 x 106
Cell, 0.032 1.237 x 1075 8.924 x 106
5 Celly 0.073 5.011 x 1076 3.929 x 106
Celly 0.022 9.320 x 10=6  5.025 x 106
6 Celly 0.108 1.744 x 105 1.200 x 10—°
Celly 0.010 5.075 x 107 1.819 x 10—°

Neighbor (KNN), partial least squares regression (PLS), and
long-short term memory network (LSTM). Fig. 12 represents the
estimation results of various methods on the testing data. From
Fig. 12, it can be seen that the estimated cumulated damage
of the proposed LM-BPNN is the closest to the ground truth.
Correspondingly, the evaluation indicators are shown in Table
V. It can be seen from Fig. 12 and Table V that the LM-BPNN
proposed in this article has the best estimated performance on
cumulated damage compared with other data-based estimation
approaches. Although the uncertainty for unit heterogeneity
may cause slight errors between the estimated damage and the
ground truth, it is acceptable from the results. The reason is
that the SOH can be reflected through the feature variables of
each power cell. Therefore, the machine learning algorithm is
considered to construct a mapping relationship between current,
voltage, temperature, and cuamulated damage, which can acquire
excellent estimation performance.

C. Simulation Results of the Power Routing Strategy

To represent the lifetime extension performance of the power
routing strategy on the interleaved dc—dc boost conversion sys-
tem, this article shows the cumulated damage before and after the
introduction of the power routing strategy. Specifically, for the
first operation in the testing data, the initial damages of the two
power cells in the system are set to 0.105 and 0.052, respectively.
It should be noted that the maximum power sharing factor is set
to 0.8 so that an excessive power mismatch among the cells
is avoided. The cumulated damage value, cumulated damage
difference, and power sharing factor of the two cells are plotted
in Fig. 13.

According to the power routing strategy, since the initial dam-
ages of the two cells in the interleaved dc—dc boost conversion
system are different, the two cells will have different power
sharing factors to manage different power in each cell. It can
be seen from Fig. 13 that the cumulated damage difference
between the two cells in the system is continuously reduced by
applying the power routing strategy. The damage growth of cells
with higher cumulated damage will be significantly slower than
the cells with lower cumulated damage to delay the failure of
cells with a higher cumulated damage and to extend the overall
system lifetime. The numerical simulation result represents that
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Fig. 11.  Estimation results of the LM-BPNN in the six operational processes of the testing data.
TABLE V
COMPARISON OF THE CUMULATED DAMAGE ESTIMATION RESULTS USING DIFFERENT APPROACHES
Approach Ridge SVR ElasticNet Lasso AdaBoost KNN PLS LSTM LM-BPNN

RMSE  4.433 x 1073 2.373 x 10~2 2.186 x 10~2 1.793 x 10~2 7.448 x 10~3 5.606 x 10~3 3.527 x 103 3.222 x 103 1.835 x 10— °

3.824 x 1073 2.192 x 1072 1.985 x 1072 1.641 x 1072 6.646 x 10™3 4.552 x 1073 2.793 x 10~ 2.580 x 103 4.301 x 10— ¢

MAE
TABLE VI
0.1k PARAMETERS IN THE DC-DC BOOST CONVERTER SYSTEM
- R e——
g -l Parameter Value
80.08 0.1065 Number of cells 2
B Input voltage (V) 50
=007 0106 KNN _Ou‘tput voltage (V) 140
E 0 06' 0.1055 ~LST™ Sw1tch1ng frequency (kHz) 4
Sha +PLS Boost inductance (mH) 3
-#- AdaBoost .
0.05 [ . 0.105 - LM-BPNN Output capacitor (mF) 5.6
s | ! 319 70 | 330 ‘340 = Ground Truth Load resistor (£2) 44
0 50 100 150 200 250 300 350 Ambient temperature (°C) 25
Time (days)
Fig.12.  Estimation results of the cumulated damage using different data-based

approaches.

the lifetime of the system without the power routing strategy and
under the power routing strategy is 2771 days and 3005 days, re-
spectively, from which the effectiveness of the proposed lifetime
extension approach can be verified. It is worth mentioning that
the principle of neural network training is consistent when faced
with a dc—dc conversion system that contains more cells. The
feature variables, such as the current, voltage, and temperature
of each cell are extracted as the input of the LM-BPNN model so
that the cumulated damage estimation can be achieved. In this
sense, the life extension approach proposed in this article has
great scalability. The reason is that the principle is consistent.

V. EXPERIMENTAL SETUP

To verify the lifetime extension approach, an experimental
setup of the interleaved dc—dc boost conversion is constructed,
shown in Fig. 14. For each boost module, the power device
is a 200-V MOSFET IRFP4227PbF from Infineon Technologies.
Furthermore, these two dc—dc converters are connected to input
power. The outputis a parallel circuit of aresistor and a capacitor.
The interleaved dc—dc boost conversion system is controlled by
DS1004 from the DSpace solution. The interleaved modulation,
data acquisition, and control scheme are implemented in the
DSpace platform. In detail, the parameters in the dc—dc boost
conversion system are summarized in Table VI. In addition, the
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strategy.

Fig. 14.
form.

Experimental setup. (a) Circuit configuration. (b) Experimental plat-

temperature of the power module is measured by a data logging
interface of the thermocouple, shown in Fig. 15.

In the offline training preparation stage of the experiment,
the two converter cells just shipped in the dc—dc boost con-
verter system are arranged in a symmetrical manner. Under this
condition, the initial cumulated damage of both converter cells
is zero. In order to simulate the aging mismatch between the

40

36

32

28

Temperature (°C)

24

20

40

36

32

28

Temperature (°C)

24

20

Fig. 15. Temperature measurement module of experimental setup. (a) Tem-
perature without applying the power routing method. (b) Temperature applying
the power routing method.

power modules, different power factor weights, as described
in (14), are set by the DSpace controller, thereby distributing
different powers to the two converter cells. It is worth mentioning
that no power routing strategy is used in the aforementioned
process, thus different cumulated damages are obtained. In this
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Fig. 16. Inductor currents of the two modules. The power routing method is

enabled at ¢t = 0.

sense, the power control strategy is changed after the system
works for a period of time. In other words, when the power
routing strategy is adopted, the two converter cells have different
initial cumulated damages. In this process, according to the
temperature measurement module of the experimental setup
in Fig. 15, the temperature of the two converter units can be
measured in real time. In this sense, the cumulated damage
of the two converter cells can be calculated in real time by
the rainflow counting method described by (3) and (4). On the
other hand, the corresponding voltage, current, and tempera-
ture data can be saved as offline training data. By repeating
the aforementioned process, the current, voltage, and temper-
ature data required for offline training of the neural network,
and the cumulated damage labels at the corresponding time
can be obtained, thereby completing the training of the neural
network. In the aforementioned process, it is not necessary
to use the initial cumulated damage for the training of the
neural network. The reason is that the corresponding cumulated
damage is calculated on a freshly shipped converter unit. Initial
damage does not have to be considered during the training
process.

It is supposed that dc—dc Celly has higher cumulated damage
than de—dc Cell;. On this basis, the proposed lifetime extension
approach is applied to alleviate the aging mismatch problem
in the modular system of the experimental setup. Based on the
trained offline LM-BPNN in (5)—(11), the real-time cumulated
damage estimation is accomplished through the current, voltage,
and temperature data collected online. Furthermore, the power
routing control loop takes the estimated cumulated damage
determining the power sharing factor of each power cell in
the dc—dc conversion system by applying (12)—(14). In this
way, the duty cycle of each dc—dc power cell is changed to
complete the power distribution with the aid of the control loop.
To demonstrate the control performance of the power routing
strategy, Fig. 16 represents the current of both power modules.
Whereas the different cumulated damage, under the premise that
the total power remains unchanged, the two modules are given
different average inductor currents, 6.9 A (dc—dc Cell;) and
2.7 A (dc—dc Celly), respectively. In this sense, the cumulated
damage difference between the two modules is reduced, to
alleviate the aging mismatch problem.
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VI. CONCLUSION

A lifetime extension approach for the interleaved dc—dc boost
conversion system based on the LM-BPNN and power routing
strategy is proposed in this article. According to the actual
situation of the cumulated damage, the interleaved dc—dc boost
conversion system allocates different power to the cells under the
power routing strategy, thereby effectively extending the overall
system lifetime. The main contributions of this article can be
summarized in the following aspects.

1) Power routing strategy is applied to allocate different
power to the power cells according to cumulated damage
with the aid of the data-based cumulated damage estima-
tion approach, to delay the arrival of the system failure.

2) A data-based health state estimation approach is pro-
posed to overcome the shortcomings of model-based ap-
proaches.

3) A numerical simulation and an experimental validation
of the interleaved dc—dc boost conversion are shown to
verify the proposed approach, which alleviates the aging
mismatch problem. To better apply the approach to the
practical industrial process, a DSP platform is considered
for the application of the proposed lifetime extension
approach in future research.
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