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Abstract
In order to reduce the conduction losses of the Dual-Active-Bridge (DAB) converter, this paper proposes an optimized
modulation scheme based on deep reinforcement learning (DRL). Owing to the Extended-Phase-Shift (EPS) modulation based
Deep Q-Network (DQN) algorithm, the optimal phase-shift-angles can be defined, which reduces the root-mean-square (RMS)
current tremendously. Moreover, the zero-voltage-switching (ZVS) performance can be guaranteed for the whole operation
conditions. A 200 W prototype of the DAB converter is built and tested to prove the effectiveness of the proposed optimized
modulation scheme. Experimental results demonstrates that the proposed optimized modulation scheme can obtain lower RMS
current and higher operation efficiency in comparison to other three modulations.
c 2020 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
⃝
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the scientific committee of the 7th International Conference on Power and Energy Systems Engineering, CPESE,
2020.
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1. Introduction
In the early 1990s, the Dual-Active-Bridge (DAB) converter was first proposed by Doncker et al. [1]. Due to the
benefits of the electrical isolation, high power density, and wide soft switching range, the DAB converter has been
widely used in smart grids, uninterruptible power supply and other technical fields.
As the simplest modulation scheme for the DAB converter, the Single-Phase-Shift (SPS) is the most widely
employed, which enables easy realization, fast dynamic response and soft switching. However, this method suffers
from the narrow soft switching, large circuital current and large root-mean-square (RMS) current, which may cause
poor operation efficiency for the DAB converter, especially under light load conditions [2]. Aiming to overcome
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the defects existing in the SPS modulation, many improved modulation schemes have been proposed, such as DualPhase-Shift (DPS), Extended-Phase-Shift (EPS) and Triple-Phase-Shift (TPS) modulations [3]. By introducing more
control variables, these modulations can improve the control flexibility and the operation performance.
Furthermore, based on these multiple control variables modulations, many researchers started to make efforts to
improve the efficiency of the DAB converter. An efficiency optimization scheme based on the DPS modulation was
proposed to reduce the power losses, but this method suffered from the complicated calculation [4]. And a current
stress optimization scheme based on EPS modulation was proposed to reduce the peak current for improving the
operation efficiency, but this optimal current stress could lose especially under light load condition [5]. The RMS
current and the reactive power can be decreased with the help of the TPS modulation [6,7]. However, the power
model is complex under the TPS modulation, which will cause complicated calculation process.
On that basis, it can be found that the efficiency improvement of the DAB converter can be realized by reducing
the power losses, the peak current, the RMS current and the reactive power, etc. The power losses existing in the
DAB converter mainly include the conduction losses and the switching losses of the power switches, and the copper
losses and the core losses of the magnetic components [8]. And, the conduction losses occupies the dominating
part of all power losses over the whole operation range, which indicates that reducing RMS current is of a high
importance for the DAB converter to improve the operation performance [9].
Today, the artificial intelligence (AI) is widely used for solving the optimized control problems. As the typical AI
methods, the deep learning (DL) has a strong perceptual ability, while lacks of certain decision-making ability; and
the reinforcement learning (RL) has decision-making ability, but it cannot perceive problems [10,11]. Therefore,
the deep reinforcement learning (DRL) by combining these two methods can obtain complementary advantages
and provide solutions for the cognitive decision-making problem of complex systems [12]. As one of the DRL
algorithms, the deep Q-network (DQN) can reduce the computational complexity tremendously, when the states of
the environment are too many; and it can provide control strategy in real time [13].
In This paper, a DRL based optimized modulation scheme is proposed to reduce conduction losses of DAB
converter. Specifically, the DQN algorithm based on EPS modulation is applied to achieve the minimum RMS
current over the whole operation range. During the training of the DQN algorithm, the ZVS constrains are considered
to guarantee the soft switching. After the effective implementation of these algorithms, the operation performance
can be improved for the DAB converter for whole continuous operation range.
The rest of this paper is organized as follows. In Section 2, the EPS modulation principle and the ZVS constrains
will be given firstly. In Section 3, the optimized modulation scheme based on the DQN algorithm will be presented.
In Section 4, experimental results will be demonstrated to verify the validity of the proposed optimized modulation
scheme. Finally, conclusions will be drawn in Section 5.
2. EPS modulation principle of the DAB converter
The typology of the DAB converter is shown in Fig. 1(a), which consists of one input port, one output port, two
full bridge (FB1 , FB2 ), one isolation transformer and one series inductor. There are four power switches in each
full bridge. Lk denotes the leakage inductor of the transformer and the series inductor, and n represents the turns
ratio of the transformer. The AC square-wave voltage vp and vs exist at the primary side and secondary side of
the transformer, respectively. Furthermore, the corresponding equivalent circuit is illustrated in Fig. 1(b), where Pin

Fig. 1. Dual-Active-Bridge converter. (a) main circuit; (b) equivalent circuit; (c). key waveforms.
1193

Y. Tang, W. Hu, J. Xiao et al.

Energy Reports 6 (2020) 1192–1198

is the input power, Po is the output power, and v′s is the equivalent value of vs at the primary side, i.e. v′s =n×vs .
Fig. 1(c) illustrates the key waveforms of the EPS modulation, where iLk denotes the current flowing through Lk ,
D1 indicates the duty ratio of the vp and Dϕ denotes the phase shift between the center points of vp and vs . In the
EPS modulation, the duty ratio of the vs is set as 1, and the dead time between power switches under the same leg
is ignored to simplify the analysis.

Fig. 2. Working waveforms for different operation modes and corresponding ZVS constraints. (a) Mode 1; (b) Mode 2; (c). ZVS constraints.

Here we assume that the power is transmitted from the primary side to the secondary side. The voltage conversion
ratio k is defined as k=nV 2 /V1 , where k<1 denotes the buck mode operation and k>1 denotes the boost mode
operation. In this paper, we assume that k≤1, while the other operation mode k>1 can be analyzed similarly.
Moreover, the unified output power can be defined as Pbase = V12 /8Lk fs and the unified current can be defined as
Ibase = Pbase /V1 = V1 /8Lk fs , where V1 represents the input DC voltage, fs is the switching frequency. Thus, the
normalized output power Po u can be calculated as Po u = Po /Pbase , and the normalized RMS current Irms u can be
calculated as Irms u = Irms /Ibase , where Po denotes the output power and Irms is RMS current flowing through Lk .
In EPS modulation, D1 is usually limited in [0,1], and Dϕ is usually limited in [0, 0.5] to reduce the RMS current
Irms [9]. As shown in Fig. 2(a) and (b), two operation modes are contained in the EPS modulation. Moreover, the
corresponding ZVS constrains are summarized in Fig. 2(c). As illustrated in Fig. 2(c), the ZVS boundary I can be
calculated as 2kDϕ /(1-k) ⩽D1 , and the ZVS boundary I can be calculated as 2k(1-Dϕ )/(1+k) ≤D1 . The calculation
formulas and corresponding constraints of the EPS are shown in Table 2. The normalized RMS current Irms u in
Mode 1 and Mode 2 can be calculated by (1) and (2), respectively.
√
2 3√ 3
Ir ms u =
k D1 − 2D13 + D12 − 3k D1 + 12k D1 Dϕ2 + k 2
(1)
3
√ √
2 3
Ir ms u =
−8k Dϕ3 + 12k Dϕ2 − 6k(1 − D1 )2 Dϕ − 2D13 + 3k D12 + 3D12 − 6k D1 + k 2 + k
(2)
3
3. Optimized EPS modulation by using the DQN algorithm
3.1. DQN algorithm
The DQN algorithm is adopted in this paper to solve the optimized phase shift angles (D1 , Dϕ ), according
to different operation environments (V1 , V2 , Po ), where V1 and V2 represent the input and output DC voltage
respectively, and Po is the output power. Thus the minimum RMS current can be obtained for the DAB converter.
Assuming that D1 is the training variable of the DQN algorithm, the other phase shift angle Dϕ can be calculated
by the formula of the output power as shown in Table 1. A detailed description of the DQN algorithm is given as
follows.
Table 1. Mode constraints, output power and ZVS constrains under the EPS modulation.
Modes

Mode constraints

Normalized output power Po_u

ZVS constraints

1
2

0≤Dϕ ≤0.5(1-D1 )
0.5(1-D1 ) ≤Dϕ ≤0.5+0.5D1

4kD1 Dϕ
k[1-(1-2Dϕ )2 -(1- D1 )2 ]

2kDϕ /(1-k) ≤D1 ≤k
2k(1-Dϕ )/(1+k) ≤D1 ≤1, 0.5(1-k) ≤Dϕ ≤0.5
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• State s: The phase shift angle D1 in the EPS modulation is defined as the state s, i.e. s = D 1 .
• Action a: Since Q-learning is used in the DQN algorithm, the state s should be discrete during the training
process. The action space is defined as A={δ, -δ}, where δ indicates quantized value of the action a. Thus, the next
state will become s′ =s+a after action a=δ, while it will become s′ =s-a after action a=-δ. In the letter, δ is set as
5×10−4 .
• Reword function r: In order to find the optimized phase shift angles (D1 , Dϕ ), a reword function is defined
as:
⎧
1,
∆Ir ms < 0,
⎪
⎪
⎨ −| ∆Ir ms |,
Ir e f > ∆Ir ms ≥ 0,
Ir e f
r (s, a) =
(3)
⎪
−1,
other
wise,
⎪
⎩
50,
Ir ms c ≤ Ir ms min
where Irms is the RMS current which can be calculated by (1) or (2), Iref is the reference value of Irms , Irms min is
the minimum RMS current which will be updated during the training of the DQN algorithm, and Irms c is the RMS
current under present state. The increment of the RMS current can be described as ∆Irms = Irms c - Irms p , where
Irms p is the RMS current under previous state.
• The Deep-Neural-Networks of DQN: In the training process of the DQN, the update of the Q-value should
follow the Bellman equation:
Q k (s, a) = (r k + γ max Q k (s ′ , a ′ ))

(4)

ai′ ∈Ai

where Qk (s, a) represents the Q-value after k times action from state s, γ indicates the discount factor, and Qk (s′ ,
a′ ) represents the Q-value for next state s′ .
In the DQN algorithm, the back propagation (BP) neural network is adopted. Thus, the errors of the BP neural
network ∆ Q is equal to the difference between both sides of (4). Moreover, an experience replay mechanism is
used for the training of DQN algorithm. During the training process, the target value of the BP neural network (y)
can be calculated by the right-hand side of (4). The replay memory of experience replay, which is represented by
D, includes many batches of (s, a, s′ , r). Assuming that the capacity of the replay memory is Cs , the old samples
will be covered by new samples once the sample size is larger than Cs during the training process. In each training
process, a random mini-batch is sampled from D to train BP neural network.
In this paper, a structure of 1 input (current state s) of the input layer, 2 hidden layers and 1 output (corresponding
Q-value) of the output layer are used to batch train the BP neural network. Each hidden layer contains 20 neurons.
• Action select: In the DQN algorithm, the ε-greedy principle is used to find the optimal action. The value of
Irms min is updated as the minimum RMS current of the last state. After N times training using the ε-greedy principle,
minimum value of Irms min will be adopted. And then, the maximum Q-value based action selection will be used to
training the agent until the learned strategy get converged. Thus, the action selecting principle can be given by:
ai′ = arg max Q i (si , ai ).

(5)

ai ∈Ai′

3.2. Training process
Before the training of the DQN algorithm, it is important to set the training parameters and design specifications
of the DAB converter. Specifically, the range of the input voltage V1 is set as 100 V to 140 V, the output voltage V2
is set as 40 V, the range of the output power Po is chosen as 0 W to 200 W, the switching frequency fs is chosen
as 50 kHz, the turns ratio of the transformer is chosen as 1:1, and the value of inductor Lk is chosen as 41 µH. The
training parameters are illustrated in Table 2, and the corresponding DQN-based agent training diagram is shown in
Fig. 3. The training process of the DQN algorithm is shown in Table 3. After the DQN training, the optimal phase
shift angles (D1 , Dϕ ) can be obtained from the trained agent over the whole operation environment conditions (V1 ,
V2 , Po ).
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Table 2. Training parameters of the DQN algorithm.
Parameter

Value

Discounting factor (γ )
State quantity (δ)
Maximum training times (NT )
BATCH_SIZE
Reference value of Irms (Iref )
Cs

0.9
5 × 10−4
105
32
20
5000

Table 3. Training progress of the DQN algorithm.
Algorithm: DQN algorithm.
Create action space, sample pool and BP neural network.
Set the NT , γ , Ir e f
For each episode do
Initialize state s and action a randomly
While (not meet episode end condition) do
Calculate the Irms_c using (1) or (2)
Calculate the reward value of last state–action r(si , ai )
using (3)
′
Store transition (s, a, r, s ) in D
Sample random BATCH_SIZE train data form D
Calculate the expected output of BP neural network (y)
Train BP neural network
Select action using ε-greedy police
End While
End For

Fig. 3. DQN-based agent training diagram.

4. Experimental results
In order to validate the proposed optimized EPS scheme (O-EPS) based on DQN algorithm, a 200 W experiment
hardware prototype has been built, as illustrated in Fig. 4. The brief design specifications of the DAB converter
have been depicted in Section 3.2. The detail experimental results will be presented as follows.
Figs. 5 and 6 illustrate the experimental results when V1 = 100 V and V2 = 40 V respectively. As illustrated from
Fig. 5(a) and Fig. 6(a), the output voltage Vout can be restored quickly and keep stable when Po is changed from
200 W to 80 W. The corresponding amplified experimental waveforms are shown in Fig. 5(b), Fig. 5(c), Fig. 6(b)
and Fig. 6(c), where green circle indicate the ZVS conditions of S1 and S2 , green dotted circles indicate the ZVS
conditions of S3 and S4 , blue circles indicate the ZVS conditions of Q1 and Q2 , and blue dotted circles indicate the
ZVS conditions of Q3 and Q4 . According to these figures, the proposed O-PES scheme can realize the ZVS for
different load conditions.
Moreover, Fig. 7 depicts the curves of the measured RMS current, and the related efficiency varying with output
power between different modulation methods. Fig. 7(a) and Fig. 7(b) depict the measured RMS currents, when
V1 = 100 V and V1 = 140 V respectively. According to Fig. 7(a) and Fig. 7(b), the proposed O-EPS can obtain
lower RMS currents in comparison to other three modulations. Moreover, Fig. 7(c) and Fig. 7(d) show the curves
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Fig. 4. Experiment hardware prototype.

Fig. 5. Experiment results for different load conditions with V1 = 100 V and V2 = 40 V. (a) dynamic response when Po is varied from
200 W to 80 W; (b) amplified experimental waveforms at 200 W. (C) amplified experimental waveforms at 80 W.

Fig. 6. Experiment results for different load conditions with V1 = 140 V and V2 = 40 V. (a) dynamic response when Po is varied from
200 W to 80 W; (b) amplified experimental waveforms at 200 W. (C) amplified experimental waveforms at 80 W.

of the measured efficiency with respect to Po with V1 = 100 V and V1 = 140 V respectively. According to Fig. 7(c)
and Fig. 7(d), the proposed O-EPS scheme can obtain higher efficiency than other three modulations.
Based on the experimental results depicted from Figs. 5 to 7, it can be observed that the proposed O-EPS
scheme can realize the ZVS for different operation conditions. Furthermore, the RMS current can be reduced and
the efficiency can be improved with the help of the proposed O-EPS scheme. Therefore, the proposed O-EPS scheme
can be used for the DAB converter under whole operation conditions with excellent performance.
5. Conclusion
In this paper, a deep reinforcement learning based optimized modulation scheme is proposed for the Dual-ActiveBridge (DAB) converter to reduce the root-mean-square (RMS) current. The Deep Q-Network (DQN) algorithm
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Fig. 7. Measured RMS current and efficiency varied with the output power under different input voltage. (a) Measured RMS current when
V1 = 100 V; (b) Measured RMS current when V1 = 140 V; (c). Measured efficiency when V1 = 100 V; (d). Measured efficiency when
V1 = 140 V.

based on the Extended-Phase-Shift (EPS) is adopted with the consideration of the zero-voltage-switching (ZVS)
constraints during the agent training of the DQN algorithm. Therefore, the trained agent of the DQN algorithm can
provide optimal phase shift angles in real time under whole continuous operations. Experimental results indicate
that the proposed optimized modulation scheme can reduce the RMS current and improve the efficiency of the
DAB converter under different operations. Based on these, the proposed optimized modulation scheme is suitable
for smart grids, uninterruptible power supply and other technical fields, when the DAB converter is used.
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