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Abstract—With the aim of reducing the reactive power for the
dual-active-bridge (DAB) converter, this letter proposes an ar-
tificial intelligence (AI) aided minimum reactive power control
scheme based on the harmonic analysis method. Specifically, as an
advanced algorithm of the deep reinforcement learning (DRL), the
deep deterministic policy gradient (DDPG) is used to train an agent
off-line. During the training of DDPG algorithm, the three-phase-
shift (TPS) modulation is adopted and the zero-voltage-switching
(ZVS) constraints are considered. Thus, the trained agent of the
DDPG which likes an implicit function, can provide optimal control
strategies for the DAB converter in real-time with the minimum
reactive power and soft switching performance in the continuous
operation range. Finally, experimental results validate the feasibil-
ity and correctness of the proposed Al based optimized method.

Index Terms—Artificial intelligence (AI), DAB converter, deep
deterministic policy gradient (DDPG), harmonic analysis, reactive
power.

I. INTRODUCTION

UE to the benefit of a simple circuit structure, high power
D efficiency, and high power density, the dual-active-bridge
(DAB) converter has become one of the popular topologies of the
isolated bidirectional converter family [1]. As a typical modula-
tion strategy, the single-phase-shift (SPS) is widely employed in
the DAB converter for its simple realization, while this simple
method suffers from high reactive power and a narrow zero-
voltage-switching (ZVS) range [2]. Aiming to address these
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issues, the triple-phase-shift (TPS) modulation is widely adopted
to promote the control flexibility and the operation efficiency [3].

In general, a linear piecewise time-domain (LPTD) model
is usually adopted to make the theoretical analysis with the
TPS modulation. However, the piecewise expressions are re-
quired for different time intervals and operation modes, which
is complicated and inconvenient for solving optimal control
variables [4]. Aiming to overcome the disadvantages of the
LPTD expression, the harmonic analysis method can be used
to simplify the waveform expressions of the TPS modulation as
the harmonic series forms in the frequency domain [5], [6].

Furthermore, many advanced schemes have been proposed to
solve the optimized phase shift angles for the TPS modulation,
such as the constrained numerical optimization method [7], iter-
ative methodology [8], and heuristic algorithm [5]. More specif-
ically, a genetic-algorithm (GA) [9], an ant-colony-optimization
(ACO) [10], and a particle-swarm-optimization (PSO) [5] as fa-
miliar heuristic algorithms have been widely employed to solve
the optimization control problems. However, these solutions
suffer from obvious limitations such as time consuming, and
poor accuracy.

Today, the artificial intelligence (AI) technique plays a large
role in solving the optimization control problems [11]. In our
previous work [12], an efficiency optimization scheme for the
DAB converter is proposed by using the reinforcement learning
(RL). However, this RL. method may not be applicable if the
training range is widened, due to the states and actions need
to be discretized, which will make the volume of the generated
lookup table very huge.

In order to overcome the weaknesses of the discretized RL
proposed in [12] and the LPTD expression, this letter proposes
a deep reinforcement learning (DRL) based reactive power
optimization scheme in continuous domain. The novel aspects
are summarized as follows: 1) as an advanced algorithm of the
DRL, the deep-deterministic-policy-gradient (DDPG) is utilized
to train an agent based on the harmonic analysis and TPS
modulation method; 2) during the training of the DDPG, the
ZVS constraints are considered to guarantee the soft switching
performance. Based on this, the trained agent of the DDPG,
which likes an implicit function, can provide optimal phase
shift angles in real time for the continuous operation range
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Fig. 1.  Structure diagram of the proposed DDPG method for DAB converter.
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Fig.2. Typical operating waveforms of the DAB converter based on the TPS.

with the desired minimum reactive power and soft switching
performance.

II. PROPOSED METHODOLOGY

This letter is aiming to obtain the optimal control variables
for reducing the reactive power based on the DRL method. The
principle of the proposed DRL method for the DAB converter is
shown in Fig. 1. In this section, the harmonics analysis method
based on TPS modulation is given first. Then, the DDPG algo-
rithm is introduced to solve the optimization control problem
with minimum reactive power.

A. Harmonic Analysis of the TPS Modulation Method

The equivalent circuit of the DAB converter is depicted in
Fig. 1, and the corresponding operation waveforms of the TPS
modulation is illustrated in Fig. 2. Specifically, v, denotes the ac
voltage of the primary side, v/, is the equivalent ac voltage of the
secondary side, Ly is the equivalent inductance of the auxiliary
inductance and leakage of the transformer, and the duty ratio of
the transformer is N: 1. The amplitude value of v, and v, are V;
and Vo, where Vi = V; and Vo = N-V,,. D1 is the inner phase
shift of the full bridge HB;, D» denotes the inner phase shift of
the full bridge HB», and D, is the phase shift between the center
point of v, and v,. Moreover, i1 is the current flowing through
Ly. In this letter, we assume the power flows from primary to
secondary, and V;>Vs, thus the range of all phase shift angles
(D1, D3, D) are limited in [O~7].

Based on the harmonic analysis method, the periodic function
expression of the TPS can be made up with the combination of
series odd-order harmonics components, which expressed by
simple sine and cosine functions [5], [6]. Based on this, the
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active power P, can be expressed as

Z ﬂcos n& cos n& sin(nD,,)
n37r2w0Lk ) 2 2 ¢
n=135,..

(1)

where wy = 27f; and f; denotes the switching frequency. The
reactive power Q can be calculated as follows:
D, )
n—L
2

8ViV/A? + B2
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where A and B can be expressed as

A = V5cos (n%) cos (nDy) — V; cos (n%)

4
B = V;cos (n%) sin(nD,,). @

Thus, the reactive power is given by Q = Q,, — 135,.. +
Om=+n = 1,3,5,.. Moreover, the current flowing through Ly is
described as

irk(t) =

> 1 ey
n?mwolLy,

n=1,3,5,..
. A
sin | nwgt + arctan 5/ 5

For ensuring the ZVS performance for all power switches, the
current direction should contrary to the terminal voltage at the
switching-ON instants. Thus, the ZVS boundary conditions for
the switches of each bridge legs can be expressed as follows [11]:

Lk (th = %) <0 ipk (wot = 77—%) >0
iLk (th =D, + %) >0 ipk (W(ﬂf = Dtﬂ_%) > 0.
(6)
In this letter, the harmonic components are chosen as m, n =
1, 3, 5, 7 to simplify the calculations as the higher order shows
small influence on the calculation accuracy [5].

B. DRL-Based Optimization

As an advanced algorithm of the DRL method, DDPG is suit-
able for solving the complex and multidimensional optimization
problems in the continuous action space [13], [14]. The DDPG
algorithm is used in this letter as a policy network to find the
control variables for the DAB converter, which corresponds to
minimum reactive power.

Based on the RL paradigm, an agent interacts with the en-
vironment sequentially to learn the optimal policy. Thus, the
optimization control problem of the minimum reactive power
can be modeled as a Markov decision process (MDP) under
stochastic environments [15]. Moreover, the MDP is usually
composed of a four-tuple (S, A, P, R), where S is the state space,
A denotes the action space, P is the state transition probability
function, and R is the reward function. Ateach step k, an RL agent



9706

perceives a state s, €S, and selects an action ax €S according to
the policy 7(ay|sy), where m(ay|sy) indicates the policy function,
which maps states s to actions a. After that, the RL agent will
receive a corresponding reward r~R(sy, ai) and devise next
state sy + 1. The cumulative discounted reward G; is used, and
it is defined as

Gr=Y " Riye (7)
k=0

where ~ denotes the discount factor and is limited to [0~1].

Based on this, the aim of maximizing the value of the reward
function R is further adjusted to maximize the discounted reward
G. Moreover, the action-value function Q™ (s¢, a) is defined in
DDPG algorithm as follows:

Qﬂ(sta at) = Eﬂ' [G(Sta a’t) + ’VIEat+1N7T[Q7T(St+17 at+1)]] .
@

In the DAB converter, the environment features consist of
the input voltage V;, the output voltage V,, and the objective
active power P!. The active power and operation performance
are dependent on the phase-shift angles (D1, D2, D). Thus, in
the proposed DDPG algorithm, the state space S is defined as
S = [V, Vo, Po], the action space A is defined as A = [D1, Do,
D,].

As the policy agent is improved with trial and error after the
explorations, it is important to design an appropriate reward
function. The aim of this letter is to acquire the optimal actions
with respect to the minimum reactive power and the minimum
active power error, the reward function R is set as

R(D1,D3,Dy) = —[0-1Q| +&- (P — P (9)

where P! is the expected output active power and ¢ is penalty
factor of the active power. Remarkably, for the training of the
DDPG algorithm, a large value of £ will cause poor reactive
power performance, while a small value of £ will cause huge
active power error. Through the trial and error during the sim-
ulation, £ is chosen as 200 in this letter. § is set to 1 when
the ZVS constraints is satisfied as mentioned in inequality (6).
However, a large value of § should be given once the ZVS is
lost which indicates a small reward value should be given, in
order to avoid such poor action being learned by the agent of the
DDPG algorithm. Here, § is chosen as 10 when inequality (6)
is not satisfied to ensure a ZVS performance during the training
process. Thus, the ZVS can be guaranteed, and the minimum
active power error and the minimum reactive power can be
obtained by maximizing the reward function R.

As illustrated in Fig. 1, the DDPG algorithm uses an actor—
critic based framework, which contains two eponymous ingredi-
ents (actor-network and critic-network), where each ingredient is
made up with two networks (main network and target network).
Moreover, the actor network is used to adjust the weight 6# in
the policy function p(s|0*) by fitting a state (Vi, V,, P, ) to the
corresponding action (D1, Do, D), while the critic network is
used to adjust the weight 0 in the action-value function Q(s,
al69) [13].
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TABLE I
TRAINING PROCESS OF THE DDPG ALGORITHM

Algorithm: Offline Learning with the DDPG algorithm
Input: Environments [V, V,, P]
Output: Phase shift angles (Dy, D,, D,)

1: Randomly initialize the weights of actor network @* and critic network
o<

2: Initialize target network z’ and Q' by: 0" 0", 09 « 02

3: for episode=1 to max-episode do

4:  Observe current state s;
5. foractor=1,2,...10 do

6: Select action a, = u(s, | 6*)+n, according to the deterministic

policy u and exploration rate

7. Execute action a,, observe the reward r, and observe new state s+

8: Store transition (s, ay, 1, S#+1) in replay buffer R

9: Sample a random mini-batch of transitions (s;, a;, 7/, 5;+1) from replay
buffer R

0°)
11:  Update critic net by using the loss function £(69):
L) = E(; o [(O(s;,a,169) = 1))
12:  Update actor net by using the policy gradient:
Vpd " 2By V05,0109, 00y Vo (s 0]
=B, [V, 0(s.a|09)] Vg u(s|0")]
13:  Update target net by using the policy gradient:
Vol SE, 19005109, ) Vo 15| 0°)]

Vyuls|0)]

10: yr:V(Sta“f)+7Q(St+1>/l(sf+l)

2

f

=B, _[V.0(s.al69)|

15:  end for
16: end for

The weight 6 of the critic network is updated by minimizing
the loss function £(#9), which is given by

L(69) = B(s.)[(Q(s1, ar09) — 1))

where y; = r¢(st, a) + YO(s¢ 4 1, pu(s¢|0#)|02). The parameter
0" of the actor network is updated by using the policy gradient
below

Vou " ~ Eg,nps [Vor Q(s,al09) ] azy(slon) Vor pu(s|0%)]
= EstNPﬁ [an(Sva’wQ)l VQN,M(S‘QH)] (11)

where p represents the discounted distribution and /3 denotes the
specific policy of the current policy 7.

Aiming to enhance the stability and reliability during the
learning process of the DDPG algorithm, two distinct target
networks, which are named as the actor target network ;' (s|6*")
and the critic target network Q’'(s, a|#?") are added to the actor
network and critic network, respectively, as depicted in Fig. 1.
In each iteration, these soft weights (0 and 6<') are updated
according to the following formulas:

(10)

a=pf(s)

09 «— 709 + (1 —7)09

Softupdat , /
OTTPIE g gy (1~ Ty

12)

where 7<<1 and 7 represents the soft update coefficient.
Moreover, Table I shows the detailed training process of the

DDPG algorithm. For the DDPG algorithm, the environments
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Fig. 3. Experimental prototype for 200 W nominal power.
TABLE II
SYSTEM SPECIFICATIONS OF THE DAB CONVERTER

Parameter value

Input voltage Vi (V) 100~140
Output voltage 7, (V) 40

Switching frequency f; (kHz) 50

Inductor Ly (uH) 41

Turns ratio of the transformer (N:1) 1:1

[Vi, Vo, Po] is used for the training process. During the training
of the DDPG algorithm, the training data (Sate S) are sampled
randomly in the range of the environments mentioned above.
Besides, the strategy of continuous action space in the DDPG
algorithm is learned by a deep neural network. Based on this, af-
ter the training of the DDPG algorithm is completed, the trained
agent will be downloaded to a digital signal processor (DSP). In
practice, once the environments [V;, V,, P,] is detected, such
agent which likes an implicit function will map these input
parameters into the corresponding phase shift angles (D1, Ds,
D,) instantly. Therefore, such trained agent can dramatically
reduce the memory allocation and the computational time in
comparison to the RL method [12], because the lookup table is
not needed in this letter. Moreover, as the strategy of continuous
action space in the DDPG algorithm is learned by a deep neural
network, the trained agent can provide optimal control strategy
under whole continuous operation conditions. Based on this,
the proposed DRL method is more suitable for the online real-
time control. It is worth noting that the trained agent can still
provide corresponding phase shift angles (Dy, D2, D), even
if the environments [V;, Vi, P,] is out of the previous training
range,while such circumstance is not a very likely scenario in
practical application.

III. EXPERIMENTAL ANALYSIS

Aiming to verify the feasibility and correctness of the pro-
posed Al-based optimized method (AIO), a 200-W experimental
prototype is built, where Fig. 3 shows a photograph of the exper-
imental prototype. The system specifications are summarized in
Table II. The specific structure of the DAB converter is illustrated
in Fig. 1.

The main hyperparameters of the DDPG algorithm are the
number of neural layers, the cell of each hidden layer, and the
learning rate. Aiming to find the appropriate hyperparameters
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TABLE III
TRAINING PARAMETERS ADOPTED IN DDPG ALGORITHM

Hyper Parameter value
Learning rate of critic network (4c) 0.002
Learning rate for actor network (1,) 0.001
Soft update coefficient (7) 0.001
Replay buffer size (M) 40000
Max Episode (V) 10000
Step size of each episode 10
Mini-batch size (m) 32

for the DDPG algorithm, a Grid Search method is adopted in
this letter [ 16]. Where the number of neural layers is chosen from
0 to 5 and the step size defaults to 1, the number of hidden layer
is chosen from 10 to 150 and the step size defaults to 10, and the
learning rate in the range of 0.1~10® and reduces ten times at
each tuning time. Similarly, other hyperparameters are also set
to a general range. Based on this, two hidden layers with 100
and 100 neurons, respectively, are designed for both the critic
and actor networks. And, other detailed hyperparameters of the
DDPG algorithm are summarized in Table III.

Moreover, the activation functions used in the critic networks
are chosen as the rectified linear for both the hidden layers and
the output layer [17], [18]. The tanh activation unit and the
softplus activation unit are chosen as the activation functions
in the actor network for the output layer.

According to the training parameters adopted in the DDGPG
algorithm as shown in Table III, the Max Episode N is chosen
as 10000, and the step size of each episode is chosen as 10.
Based on the hyperparameters shown in Table III, the whole
training process can be accomplished in approximately 30 min,
where the training of the ANN is running on the Windows 10
operating system powered by an Intel(R) Core(TM) i7-8700
CPU @3.20GHz 3.19 GHz.

Based on this, detailed experimental results and correspond-
ing analysis are described as follows.

Fig. 4 illustrates the measured experimental waveforms for
the forward power flow under different operation conditions
when V, = 40 V, where purple circles indicate the switching
performance of the leading leg in the primary side, purple dotted
circles indicate the switching performance of the lagging leg in
the primary side, blue circles indicate the switching performance
of the leading leg in the secondary side, and blue dotted circles
indicate the switching performance of the lagging leg in the
secondary side. According to Fig. 4(a) and (c), all of the power
switches can obtain the ZVS performance. Fig. 4(b) and (d)
suggests that the leading leg of the primary side can obtain the
ZNVS turn-ON, while the other three legs can obtain the ZCS
turn-OFF. Fig. 5 shows the measured experimental waveforms for
the backward power flow under different operation conditions
when V; =100V and V, =40 V. Remarkably, the soft switching
conditions in Fig. 5 is analogous to Fig. 4. The experimental
results shown in Figs. 4 and 5 indicate that the soft switching
performance can be guaranteed under different operation con-
ditions.

Fig. 6 illustrates the dynamic performance for the power
transition and the input voltage variation when V,, =40 V. It can
be seen from Fig. 6(a), the output voltage v, and the current
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Fig. 5. Experimental waveforms for the backward power flow of the primary
side voltage vy, secondary side voltage vs, and current irx under different
operations with V; = 100 V and V, =40 V. (a) P, = 180 W. (b) P, = 100 W.
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Fig. 6. Dynamic performance for the power transition and the input voltage
variation. (a) Curves of the power transition with V; = 140 V and V, =40 V.
(b) Curves of the input voltage variation with V, = 40 V and load = 8.889 Q.

irx can quickly return to steady state after P, is changed from
180 to 100 W when V; = 140 V and V,, = 40 V. Fig. 6(b) shows
also a good dynamic performance when the V; is changed from
100 to 140 V when V, = 40 V and load = 8.889 ().

Table IV shows the quantitative reactive power comparison
between the GA [9], ACO [10], PSO [5], minimum current
stress phase shift control (MPS) [8], Q-learning optimized triple-
phase-shift control (QTPS) [12], and the proposed AIO scheme
under different operation conditions when V, = 40 V. Corre-
sponding histogram of the reactive power comparison between
different algorithms is illustrated in Fig. 7. According to Table IV
and Fig. 7, such six optimization methods have similar reactive
power, while the proposed AIO scheme shows lower reactive
power under most circumstances.

According to the system specifications of the DAB converter
mentioned in Table II, the rated power is 200 W, and the input

©

Experimental waveforms for the forward power flow of the primary side voltage v}, secondary side voltage v, and current ipx under different operations
100V, P, = 180 W. (b) V; =100 V, P, = 100 W. (c) V; =

140V, P, = 180 W. (d) V; =140V, P, = 100 W.

TABLE IV
REACTIVE POWER COMPARISON BETWEEN DIFFERENT
OPTIMIZATION METHODS
Operating . Reactive power (Var)

conditions Algorithms P,~100 W P,~100 W

GA 115.1 325.1

ACO 110.3 330.3

V=100 V PSO 103.2 320.2

V=40 V MPS 98.1 3124

QTPS 95.2 310.1

AIO 101.1 302.1

GA 115.3 330.1

ACO 120.5 320.5

V=140 V PSO 105.4 299.3

V=40 V MPS 100.1 293.2

QTPS 98.4 2954

AIO 96.0 282.8

00 GA W ACO W PSO [ MPS W QTPS [ AIO

Reactive Power (Var)
35

0

300

250

200

150

100

Tt AL
0

V1=100 V V1=100 V V=140 V V=140 V
P=100 W P=180 W P=100 W P=180 W

Fig. 7. Reactive power comparison between different optimization methods
with Vo, =40 V.

voltage V; is varied from 100 to 140 V. In this letter’s application
scenarios, supposing that the default intervals of the V; and P,
are set to 0.5 V and 0.5 W respectively, in the heuristic algorithm
(GA, ACO, PSO) utilization. Therefore, at least 32 000 optimiza-
tion processes must be required in these heuristic algorithms,
which will cause heavy calculation burden. Compared to these
heuristic algorithms, the QTPS method can complete the training
process without such complicated optimization processes, while
at least 32 000 training results have to be saved in the lookup
table, as similar to the heuristic algorithm. Thus, the memory
size of such a lookup table is at least 4 MB for the heuristic
algorithm (GA, ACO, PSO) and the QTPS method, and such a
large memory will also slow the query speed down. Remarkably,
the generated lookup table is discrete, which cannot provide
continuous control strategy for the DAB converter. In practice,
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Fig. 8. Curve of the reactive power and corresponding efficiency with respect to the active power with V, = 40 V. (a) Reactive power when V; = 100 V. (b)

Reactive power when V; = 140 V. (¢) Efficiency when V; = 100 V. (d) Efficiency when V; = 140 V.

if the detected environments [V;, V., P,] is not found in such a
lookup table directly, the closest environments [V, V,,, P,] and
corresponding phase shift angles (D1, D2, D) will be selected,
which will cause certain power error and degrade the operation
performance for the DAB converter.

However, in the proposed AIO scheme, the whole training
process is completed at once, and the trained agent which likes
an implicit function can map the environments [V;, V,,, P, ] under
whole continuous operation range into the corresponding phase
shift angles (D1, D3, D,,) instantly. Moreover, the memory size
of the trained agent is less than 200 KB. Based on this, the
proposed AIO scheme is more suitable for the online real-time
control compare to the heuristic algorithm (GA, ACO, PSO) and
the QTPS method.

Furthermore, the LPTD model is used in the MPS and the
QTPS method. According to [8], five different switching modes
are adopted in the MPS method, and each switching mode
should be participated in calculation for specific operating con-
ditions to find the global optimum. Therefore, the multiple
partial differential calculations will be required for different
time intervals and operation modes, which is complexity and
inconvenient. According to [12], eight different operation modes
are considered during the training of the Q-learning algorithm in
this QTPS method, while a unified harmonic analysis model is
used during the training of the DDPG algorithm in the proposed
AIO scheme. Thus, the proposed AIO scheme can lessen the
calculative complexity and calculative burden during the training
process compared to the QTPS method.

Fig. 8 illustrates the curve of the reactive power and efficiency
with respect to the active power between SPS, dual-phase-shift
(DPS) [1], extended-phase-shift (EPS) [11], PSO-optimized
phase-shift control (POPS) [5], QTPS [12], and the proposed
AIO scheme. According to Fig. 8, the reactive power and the
efficiency in the proposed AIO scheme and the QTPS method
are obviously better than the other four modulation methods.
Besides, the curves of the proposed AIO scheme are similar to
the QTPS method, while the reactive power and the efficiency
in the proposed AIO scheme is better than the QTPS method
for most operating conditions. More specifically, the maximum
efficiency in the proposed AIO scheme is up to 92.6% when P,
= 100 W according to Fig. 8(c), and up to 90.7% when P, =
200 W according to Fig. 8(d).

VII. CONCLUSION

This letter proposes an Al-aided minimum reactive power
control for the DAB converter based on harmonic analysis
method and TPS modulation. By using the state-of-the-art
algorithm (DDPG) of the DRL method to train an agent offline,
an adaptive control strategy can be obtained to reduce the
reactive power. Furthermore, by adding the ZVS constraints
to the reward function, the soft switching can be acquired.
Compared with the heuristic algorithm and RL, the proposed
AIO scheme is more suitable for the online real-time control,
without a large lookup table and complicated optimization
processes. Moreover, as the unified harmonic analysis model is
adopted in the proposed AIO scheme, the calculative complexity
and calculative burden for training of the DDPG algorithm
is reduced. Experimental results show that the proposed AIO
scheme can promote the operation performance. Specifically,
the proposed AIO scheme reaches to the maximum efficiency
in about 92.7% when V; = 100 Vand V, =40V, P, = 140 W.
Remarkably, the proposed AIO scheme can also be easily used
to solve the optimization control problem for other application
scenarios and circuit topologies. In the future, a DRL method
will be used to improve the operation performance and dynamic
response when internal fault or external fault occurs.
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