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ABSTRACT: Conventional multiloop control of diodeclamped active power filters suffers from response conflicts and slow regulation due
to strong coupling among DC voltage, neutralpoint potential, and reactive power. This paper proposes a singleagent deep deterministic
policy gradient (DDPG) framework for multiobjective cooperative control. Unlike generic DRL applications, our design retains the
current PI inner loop for hardware safety. At the same time, a single agent replaces the three outer loops (voltage, neutralpoint, and
reactive power) to eliminate cascade coupling. A composite reward function based on the L2 norm — rather than linear weighting
— quadratically penalizes large errors, forcing the agent to prioritize the most severe deviations and resolve multiobjective conflicts
optimally. Simulations show that the proposed strategy reduces gridside current THD from 6.7% to 1.09%, cuts midpoint balancing and
DCbus settling times by 50% and 66.67% respectively, achieves zero overshoot and zero steadystate error, and exhibits strong robustness
under voltage sags and load surges. This work offers a customized, lowtuningeffort intelligent solution for power quality control in

complex grids.

1. INTRODUCTION

In recent years, the rapid growth of renewable energy grid-
connection systems, highfrequency power converters, and
nonlinear industrial loads has significantly worsened harmonic
pollution in distribution networks. This problem is particularly
acute in highpowerdensity environments such as rail transport,
data centers, and renewable energy charging stations, where the
widespread use of rectifiers and PWM converters has caused a
steady rise in current distortion [1-3]. According to the IEEE
519-2014 standard, the total harmonic distortion (THD) at the
point of common coupling must generally remain below 5%.
Exceeding this limit can lead to equipment overheating, relay
protection malfunctions, and reduced system stability.

Active power filters (APFs) are key devices for power qual-
ity management. They have been widely adopted in industrial
distribution systems and renewableenergy gridconnection sce-
narios because of their fast dynamic response, high compensa-
tion accuracy, and strong adaptability to complex loads [4-7].

Conventional diodeclamped threelevel active power filters
(NPCAPFs) typically employ a multiloop control architecture
that includes a DCvoltage outer loop, a current inner loop, a
reactivepower control loop, and a neutralpoint balancing loop.
In this structure, the DCvoltage loop maintains bus energy
stability; the current inner loop handles harmonic compensa-
tion and current tracking; the reactivepower loop regulates the
power factor; and the neutralpoint balancing loop suppresses
voltage shifts across the DCside capacitors. Although this ar-
chitecture is physically clear, the multiple control loops are
strongly coupled dynamically. For instance, the reactive com-
pensation current influences the DCbus energy distribution,
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while neutralpoint balancing alters the zerosequence compo-
nent distribution, which in turn affects current tracking perfor-
mance. As aresult, under parameter variations or complex load
conditions, conventional proportional-integral (PI) control can-
not simultaneously ensure fast dynamic response, high steady-
state accuracy, and sufficient robustness. Moreover, the pa-
rameters of multiple PI controllers are usually tuned manually,
which makes engineering commissioning complicated and pre-
vents global optimization.

To tackle the challenges of strong multivariable coupling and
nonlinearity, many researchers have recently attempted to in-
corporate nonlinear control and heuristic algorithms into APF
systems. Refs. [8—10] explored fuzzy control, neural networks,
and slidingmode control for harmonic suppression. Although
these methods improve the robustness of singleloop control to
some extent, they are still constrained by the traditional “divide-
andconquer” philosophy and thus fail to eliminate dynamic
crosscoupling fundamentally among multiple loops.

With the growing adoption of artificial intelligence, model-
free and highly adaptive deep reinforcement learning (DRL)
has opened a new paradigm for global optimization of power
electronic converters [11-13]. For example, Ref. [14] presents
a dynamic optimization algorithm for gridconnected photo-
voltaic APFs based on partial reinforcement learning. It adjusts
control parameters in real time through partialreinforcement
principles and markedly improves harmonic suppression,
power factor, and dynamic robustness. Ref. [15] proposes a
multiagent DRL method for voltage/reactivepower control in
distribution networks using droop control, which enhances
voltage stability by minimizing activepower losses. Ref. [16]
introduces an efficiencyoptimization design for threelevel
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FIGURE 1. Three-level NPC active power filter topology.

active neutral-point clamped (ANPC) inverters based on
the DDPG algorithm. By minimizing total power losses, it
intelligently optimizes switching frequencies and hardware
parameters, thereby improving the converter’s adaptability
to operating conditions and its overall efficiency. Ref. [17]
proposes a modelfree control method for threelevel NPC
converters based on deep reinforcement learning. By intelli-
gently selecting switching states, it achieves capacitor voltage
balancing and current tracking, and significantly improves
robustness and dynamic performance under disturbances such
as sudden operatingcondition changes and parameter drift.
Ref. [18] uses a neural-network observer to compensate for
parameter mismatches in three-level NPC converters, but
it does not resolve the dynamic coupling among APF outer
loops sharing the same current channel. This work introduces
a single-agent DDPG to achieve unified optimization of the
voltage, neutral-point, and reactive-power loops. However,
most of these approaches only provide local improvements
to traditional control architectures and do not fundamentally
solve the multiloop coupling or the difficulty of parameter
tuning.

To overcome these limitations, this paper proposes a multi-
loop cooperative control strategy based on a singleagent DDPG.
Building on the existing innerloop PI control, the proposed
strategy uses one agent to simultaneously replace the DCbus
voltage loop, reactivepower loop, and neutralvoltage balanc-
ing loop, thus achieving unified optimization of the three ob-
jectives. We first establish a mathematical model of the three-
phase NPCAPF and formulate the multiloop control problem
as a Markov decision process. Then, we design the state space,
action space, and reward function for multiobjective coopera-
tive control to enable joint optimization. Finally, we verify the
method through MATLAB/Simulink simulations and compare
its steadystate performance, dynamic response, and robustness
with those of the traditional PI scheme. The results show that
our method effectively resolves multiloop coupling and signif-
icantly improves dynamic response speed, compensation accu-
racy, and system robustness.
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2. NPC-APF TRADITIONAL MULTI-LOOP CONTROL
ARCHITECTURE

The main circuit topology of a diode-clamped three-phase,
three-level APF is shown in Fig. 1, where U,, (x = a, b, c) rep-
resents the three-phase grid voltage; R and L are the equivalent
resistance and filtering inductance of the output circuit, respec-
tively; ,, is the compensation current; Uy and Uy.o are the ter-
minal voltages of the upper and lower split capacitors on the DC
side, respectively; and the sum of the two, Uz, = Ugc1 + Ugea,
is the APF’s total DC bus voltage.

Based on the topology shown in Fig. 1 and disregarding the
voltage drops across the switching devices and line losses, a
mathematical model of the main circuit was established using
Kirchhoff’s voltage and current laws:

dia _ Uga — Ria — Us

dt L

diy, _ Ugy — Rip — Uy )
dt L

dic _ Uge — Ric — U,

dt L

where Uy, (x = a, b, c) represents the three-phase voltage of
the power grid; i, represents the APF compensation current;
and U, represents the three-phase output voltage on the AC side
of the APF.

By applying the Clarke and Park transformations to convert
the mathematical model from the three-phase stationary coor-
dinate system to the rotating coordinate system, a simplified
system model can be obtained as follows:

d
L%Zd = ddUd(: - Rld + L(.UZq — Ugd
2

d . . ;
L%zq = dqUge — Rig+Lwiqg — Uy,

where w denotes the angular frequency of the grid; d4 and d,
correspond to the average values of the duty cycles of the d- and
g-axes, respectively; i4 and ¢, are the d- and g-axis components
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FIGURE 2. Traditional multi-loop PI control structure for NPC-APF.

of the APF compensation current; uqq and u4, are the average
values of the three-phase grid voltages in the d- and g-axes,
respectively, over the switching cycle.

It can be seen from Equation (2) that there are cross-coupling
terms Lwig and Lwig between the d-axis and g-axis currents.
When the system operating conditions change, this coupling re-
lationship leads to a deterioration in the dynamic performance
of conventional PI control; in particular, current oscillations
and dynamic overshoot are more likely to occur under condi-
tions of sudden load change and grid disturbance.

2.1. Outer-Loop Control of DC Bus Voltage

As shown in Fig. 2, the core control objective of the outer loop
of the DC bus voltage is to maintain the total DC-side voltage
Ujc stable at the reference value Ug.. ., thereby providing sta-
ble energy support for the inverter’s power conversion. When
compensating for harmonics and reactive power, the APF gen-
erates switching and line losses, requiring it to draw a small
amount of active power from the grid to offset these losses.
This active power is controlled by the DC voltage outer loop
through the adjustment of the active current reference value,
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with harmonic detection employing the 7,-7, method, which is
based on instantaneous reactive power theory [19].
The DC bus voltage deviation is defined as:

Audc = Udciref —Uqe (3)

When the voltage deviation is fed into the PI controller, the

output is the fundamental component 7, of the active current
reference for the d-axis, and the control law is as follows:

4)

du

t
= vaAudc + Kiv/ Aug.dt
0

Here, K, and K, represent the proportional and integral co-
efficients of the voltage loop, respectively.

2.2. Voltage Balancing Loop Controller

In the case of the NPC three-level topology, neutral point po-
tential drift is one of the key issues affecting the system’s sta-
ble operation. When an imbalance occurs to the voltages across
the upper and lower DC-side capacitors, it causes a shift in the
inverter output voltage vector, thereby introducing even-order
harmonics and increasing voltage stress on the switching de-
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vices. In severe cases, this may even lead to device damage
owing to overvoltage.

To suppress neutral potential drift, this study regulates the
charging and discharging processes of the upper and lower ca-
pacitors by injecting a zero-sequence current. The neutral volt-
age deviation is defined as

Aup = Uger — Ugea Q)

The voltage deviation is fed into the PI controller to generate
a zero-sequence compensation current reference value 4f; (such
that i) = if =i} =43):

t
7,8 = KpbAub + Kib/o Augdt (6)

where K, and Ky, are the proportional and integral coeffi-
cients of the equilibrium loop, respectively.

As the zero-sequence component affects the distribution
of the three-phase currents, there is strong coupling between
neutral-point balancing control and current compensation. This
is one of the key reasons why global optimisation is difficult to
achieve with conventional multi-loop PI control.

2.3. Reactive Power Control Loop

The reactive power compensation capability is a key indica-
tor for assessing an APF’s power quality management perfor-
mance. By dynamically adjusting the g-axis current compo-
nent, the APF can improve the system power factor and reduce
fluctuations in reactive power.

In the dg coordinate system, the instantaneous reactive power
of the system can be expressed as:

3. .
Qc = i(lqu —iqUa) (7
where 74 and i, are the d-axis and g-axis components of the
grid-side current, and Uy and U, are the d-axis and g-axis com-
ponents of the grid-side voltage.
The grid reactive power error is defined as:

AQ = Qref - QC (8)

where @,y represents the desired reactive power reference
value for the power grid.

When the reactive power error is fed into the PI controller,
the output is the g-axis reference current i, Iz and the control
law is as follows:

t
iq ref = KpgAQ + Kiq/o AQdt 9)

Here, K, and K, represent the proportional and integral co-
efficients of the reactive power control loop, respectively.

Because reactive power compensation, voltage regulation,
and neutral point balancing all share the dg current control
channel, there is significant dynamic coupling between the con-
trol loops. When multiple control objectives change simulta-
neously, conventional cascaded PI control is prone to response
hysteresis and local oscillations.
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2.4. Analysis of the Limitations of Traditional Multi-Loop Con-
trol

Traditional multi-loop PI control for NPC-APF systems offers
advantages such as a clear structure and straightforward en-
gineering implementation; however, under complex operating
conditions, the following issues persist:

(1) multiple control loops share the dg current regulation
channel, resulting in dynamic coupling between control objec-
tives, which can easily lead to response conflicts;

(2) PI parameters are typically tuned empirically, making it
difficult to balance dynamic response and steady-state accuracy
when system parameters change;

(3) traditional control methods rely on relatively accurate
mathematical models, whereas APFs are highly nonlinear,
high-frequency switching systems, and model parameters are
easily affected by load and grid disturbances;

and (4) multi-loop cascaded structures reduce the overall dy-
namic response speed of the system, resulting in limited robust-
ness under voltage sags and sudden load changes.

Therefore, it is necessary to introduce intelligent control
methods with autonomous learning and global collaborative op-
timization capabilities to enhance the NPC-APF’s comprehen-
sive control performance under complex operating conditions.

3. A COOPERATIVE CONTROL METHOD FOR NPC-
APF BASED ON SINGLE-AGENT DDPG

Deep reinforcement learning can autonomously learn control
strategies through continuous interaction with the environment.
It does not require precise mathematical models. This makes it
particularly suitable for high-dimensional, nonlinear, and con-
tinuous control problems.

Unlike existing works that directly apply standard DDPG to
APFs, our cooperative control framework does not simply re-
place PI regulators with agent outputs. Instead, it is purpose-
fully designed from two perspectives: multitimescale decou-
pling and multiobjective conflict resolution.

First, in terms of architecture, we retain the current inner loop
— which has the fastest response and the highest safety require-
ments — under conventional PI control. Only the three outer
loops, which are dynamically slower and mutually coupled, are
handed over to the agent for unified optimization. This “fixed
inner loop + intelligent outer loop” hierarchical scheme avoids
the safety risks of direct DRLgenerated PWM pulses. At the
same time, it uses the global view of a single agent to eliminate
cascade coupling fundamentally among outer loops.

Second, the reward function deliberately adopts the L2 norm
rather than simple linear weighting. The three outerloop errors
— voltage, neutralpoint, and reactive power — have different
physical dimensions and widely varying dynamic ranges. Lin-
ear weighting cannot properly balance their priorities under ex-
treme conditions. In contrast, the L2 norm penalizes larger er-
rors quadratically. This forces the agent to adaptively focus its
attention on the most severe deviation during training. Conse-
quently, it makes an optimal tradeoff when multiple objectives
conflict. This design is substantially different from the generic
DDPG frameworks commonly reported in the literature. It rep-
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resents a customized innovation that is specifically tailored to
the control characteristics of APFs.

Compared to multiagent reinforcement learning, the single-
agent structure eliminates the need to design communication
and coordination mechanisms between agents. This reduces
training complexity and mitigates the issue of state dimension
explosion. It also avoids the nonstationary effects associated
with multiagent policy updates. Therefore, it is more suitable
for highfrequency realtime control scenarios of APFs.

3.1. Markov Decision Modelling for NPC-APF Coordinated Con-
trol

The APF control system features highfrequency discrete sam-
pling, continuous action outputs, and strongly nonlinear dy-
namics. We therefore describe the NPCAPF multiobjective
control process as a Markov Decision Process (MDP). This
MDP is defined as a tuple (S, A, P, r, v), where S is the state
space; A is the action space; P is the state transition probability;
r is the instantaneous reward; and =y is the discount factor.

At each sampling time ¢, the agent observes state Sy, outputs
action a;, receives reward r; from the environment, and tran-
sitions to a new state S;;1. The control objective is to learn
a deterministic policy p(s). This policy maximizes the long-
term cumulative reward. It must achieve optimal control under
multiple constraints, including harmonic suppression, reactive
power compensation, and midpoint balancing.

3.1.1. State Space Design

The state space must fully reflect the system dynamics. This
ensures that the agent can accurately perceive all control objec-
tives and their deviations. In this study, we select nine strongly
correlated state variables to form a highdimensional state
space. The observation module outputs the state vector: S; =
Wac,ts€de,ts [ €de,tdt, Uaer t, Udea ts €dciz,t, [ €dei2,1dt, eq e,
[eqidt]T, where Uy is the DC bus voltage;
€det = |Ude ref — Ude,t| represents the bus voltage de-
viation and is used to reflect the energy balance of the system;
[ edc,dt represents the integral of the bus voltage difference;
Ugc1,r and Ugeo, represent the upper and lower capacitor
voltages, respectively; ege12t = |Uger,t — Ude2,e| is used to
characterize the degree of neutral point potential deviation;
[ edc12,+dt represents the integral of the potential difference
at the midpoint; eg: = |Qrey — Q.| is the reactive power
deviation; [eq.dt represents the integral of the difference
in reactive power. Furthermore, the introduction of an error
integration term preserves the system’s historical dynamic
information, thereby enhancing the agent’s ability to perceive
steady-state deviations and slow-varying dynamic processes,
and preventing long-term steady-state errors during the control
process.

3.1.2. Action Space

The action space directly determines the continuity and con-
straints of the agent’s output signals. The NPCAPF must si-
multaneously stabilize the DC bus, balance the neutral point,
and compensate reactive power. To meet these requirements,
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we design a threedimensional continuous action vector: a; =
[0 16, iq ref]T, where i, is the fundamental active current on
the d-axis, used to maintain the DC bus energy balance; ¢j is the
compensation current reference value, used to regulate the neu-
tral point potential; 44 .y is the reference value for the qaxis
reactive current, used for dynamic reactive power compensa-
tion. Because the sinusoidal pulse width modulation (SPWM)
process is essentially a continuous control problem, the DDPG
continuous action output method avoids the issue of insufficient
regulation resolution associated with discrete action control.

To ensure that the control actions comply with the actual
hardware operating constraints, boundary limits are set for each
control variable. Specifically: i, € [—40A,40A]; i§ €
[-30A,30A];and ig oy € [-20A,20A].

These ranges account for the APF-rated capacity, switching
device current stresses, and system dynamic response require-
ments.

3.1.3. Multi-Objective Cooperative Reward Function

The reward function is central to an agent’s learning of coop-
erative control strategies. This study employs the L2 norm to
quantify errors; compared to the L1 norm, which has a squaring
effect on large deviations [20], the L2 norm is better suited to
prioritising the suppression of significant voltage fluctuations.

e(t) = [eac(t) eac12(t) eq(t)]” (10)
where eqc(t) = |Udc res —Ude,t| is the scalar DC voltage track-
ing error; ege12(t) = |Uger,r — Udea,t| is the scalar capacitor

voltage balancing error; and e,(t) = |Qres,t — Q.| is the re-
active power tracking error. Quantization was performed using
the square term of the L2 norm, ensuring that large deviations
incur a penalty far greater than small deviations, thereby guid-
ing the agent to prioritize the elimination of significant voltage
fluctuations. The quantization expression is shown in (11):

Hy = lle(®)l, = \ /30 +an(®)+e3t) (1)
where H, represents the comprehensive error penalty term. The
L2 norms of the DC voltage tracking error, capacitive voltage
balancing deviation, and reactive power tracking error, together
with the system stability constraint term, form the core of the
reward function. The L2 norm is used to precisely quantify
voltage errors and implement gradient-based error penalization,
and the system stability constraint term suppresses overshoot in
the agent output and prevents system oscillations. The quantifi-
cation expression is as follows:

ry =100 — pH; — - |ay| (12)

where r; represents the reward function; u (1 > 0) is the
comprehensive error weighting coefficient, which governs the
penalty intensity for regulating both DC voltage stability and
midpoint voltage balance; Sa;, is the system stability constraint
term, where a, is the control action vector output by the agent,
and [ is the action penalty coefficient, which suppresses exces-
sive control actions. The values of these two coefficients are
strictly tied to the APF hardware constraints and dynamic char-
acteristics of the system. Through simulation and experimental
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FIGURE 3. NPC-APF cooperative control framework based on single-agent DDPG.

calibration, this study sets 4 = 0.4 and 5 = 1, which sat-
isfies the requirements for steady-state accuracy and dynamic
response simultaneously.

3.2. Network Architecture of the DDPG Algorithm

The NPCAPF control problem involves continuous actions.
Thus, we adopt the actorcritic-based DDPG algorithm. As
shown in Fig. 3, it directly outputs continuous control signals.
This avoids quantization errors common in discrete action re-
inforcement learning (RL) for high frequency PWM control.

The algorithm consists of four deep neural networks: the on-
line policy network, the target policy network, the online Q-
network, and the target Qnetwork.

(1) Online Policy Network (Actor): Based on the policy gra-
dient method, it takes the system state s as input and outputs a
deterministic control action ov = p(s;|6,,), where 6, is the pa-
rameter of the actor network; the network optimizes the control
action through policy gradient updates.

(2) Online Critic Network: Based on the temporal difference
method, it takes as input the system state s and the action a out-
put by the actor network, and outputs the g-value of the action
VaQ(s,alfg), where 6 are parameters of the critic network.
The network is updated by minimizing the temporal-difference
error, providing the gradient update basis for the actor network.

(3) Target Network: Used to stabilize the training process,
corresponding to both the actor and critic networks, it reduces
training oscillations through soft updating methods.
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4. SIMULATION VALIDATION AND CONTROL PER-
FORMANCE ANALYSIS

4.1. Simulation Model and Parameter Settings

To validate the effectiveness of the proposed single-agent
DDPG cooperative control strategy, a discretized simula-
tion platform for a three-phase, three-level NPC-APF was
established by MATLAB/Simulink, as shown in Fig. 5.
The simulation model comprises a nonlinear load, grid-side
model, PWM module, and APF control system, enabling the
simulation of actual harmonic compensation operations in
distribution networks.

Considering the typical operating conditions in industrial
low-voltage distribution systems, the system’s rated phase volt-
age was set to 220 V and the grid frequency to 50 Hz. The out-
put filter inductance of the APF was set to 2mH to balance
the high-frequency current ripple suppression capability with
the system dynamic response speed. The PWM switching fre-
quency was set to 8 kHz, which strikes a balance between re-
ducing switching losses and ensuring current tracking perfor-
mance. The DC-side split capacitors were all set to 3000 pF
to meet the requirements for busbar energy storage and neutral
potential stabilization.

The DDPG network training was run on a platform compris-
ing an Intel Core i5-14460H CPU, a 32 GB of RAM, and an
NVIDIA RTX 3060 GPU. The algorithm hyperparameter set-
tings are shown in Table 1, where the discount factor is set to
0.94 to enhance the weighting of long-term rewards, and the

WWwWw.jpier.org
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TABLE 1. DDPG algorithm hyperparameter settings.

Parameters value

Experience pool capacity 100000
Discount factor 0.94

Action network learning rate 0.0001
Evaluating the learning rate of the network  0.001
Sampling time 0.001
Soft update coefticient 0.001
Batch size 128

experience replay pool capacity is set to 100,000 to improve
sample diversity and training stability.

4.2. Sensitivity Analysis

To determine the optimal training configuration of the DDPG
algorithm for the coordinated DC-link control of the neutral-
point-clamped (NPC) three-level APF, a sensitivity analysis
was conducted on three key hyperparameters, namely the
learning rate (7)), reward weighting coefficient (1), and action
penalty coefficient (3). The influence of different parameter
settings on the algorithm’s convergence characteristics and
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control performance was systematically investigated to identify
the optimal parameter combination that achieves a desirable
balance among training stability, convergence speed, and
control performance. The corresponding results are presented
in Fig. 4.

The learning rate (1) determines the parameter update step
size of Actor-Critic networks and plays a crucial role in the con-
vergence speed and training stability of the DDPG algorithm.
Its influence on the average reward is illustrated in Fig. 4(a). As
can be observed, significantly different convergence behaviors
are obtained under different learning rates. When n = 1072,
the update step is excessively large, causing the average reward
to remain at a relatively low level throughout the training pro-
cess, and the algorithm fails to converge to an optimal policy.
In contrast, when 1 = 104, the average reward improves dur-
ing the early training stage but gradually deteriorates as training
proceeds, eventually exhibiting noticeable performance degra-
dation. This indicates that an excessively small learning rate
reduces the efficiency of network parameter updates and in-
creases the likelihood of convergence to a local optimum. By
comparison, when the learning rates of the critic and actor net-
works are set to 1073, respectively, the training curve con-
verges rapidly after approximately 350 training episodes and
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FIGURE 5. Overall control architecture of the NPC-APF system.
achieves the highest average reward among all tested configu- using 8 = 0.6, 1.0, and 1.4 while maintaining the remain-

rations. This demonstrates that the selected learning rates pro-
vide an appropriate trade-off between convergence speed and
training stability. Therefore, the critic and actor learning rates
are finally chosen as 0.001 and 0.0001, respectively.

The reward weighting coefficient (1) is introduced to balance
contributions of the DC-link voltage tracking error and split-
capacitor voltage balancing error in the reward function. Its
influence on the training performance is presented in Fig. 4(b).
Under identical training conditions, comparative experiments
were performed with ¢ = 0.2 and 0.6. As shown in Fig. 4(b),
when 1 = 0.2, the average reward decreases continuously dur-
ing the later training stage, indicating poor convergence perfor-
mance due to insufficient emphasis on coordinated optimiza-
tion of the two control objectives. When p = 0.6, relatively
large fluctuations occur during the initial training stage, and al-
though the training process gradually stabilizes, the final av-
erage reward remains lower than that obtained with the opti-
mal parameter. In contrast, when p = 0.4, the average re-
ward remains consistently high with relatively small fluctua-
tions, and the algorithm converges rapidly to a stable solution.
These results demonstrate that an appropriate reward weighting
coefficient effectively balances DC-link voltage regulation and
neutral-point voltage balancing, enabling the agent to learn a
more robust control policy. Consequently, the reward weight-
ing coefficient is set to 0.4.

The action penalty coefficient (/3) is employed to constrain
the variation magnitude of control actions, thereby improving
the smoothness of control strategy and suppressing excessive
control oscillations. The corresponding sensitivity analysis is
shown in Fig. 4(c). Comparative experiments were conducted
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ing parameters unchanged. As illustrated in Fig. 4(c), when
B = 0.6, arelatively high average reward is achieved during the
initial training stage; however, the reward gradually declines
as training progresses, indicating insufficient action constraints
and poor policy stability. Conversely, when 5 = 1.4, the av-
erage reward remains consistently low, suggesting that an ex-
cessively large action penalty restricts the agent’s exploration
capability and degrades policy optimization. By comparison,
when 8 = 1.0, the training curve exhibits the best overall stabil-
ity and achieves the highest average reward in the later training
stage, indicating an effective balance between control smooth-
ness and exploration capability. Therefore, the action penalty
coefficient is finally selected as 1.0.

4.3. Steady-State Harmonic Compensation and Reactive Power
Compensation

To verify the steady-state harmonic compensation capability of
the proposed control strategy, a comparative analysis was con-
ducted between the conventional four-loop PI control and the
single-agent DDPG cooperative control. Fig. 6 shows the grid-
side current waveforms and FFT spectrum results for the two
control strategies.

Following the connection of a nonlinear load, significant dis-
tortion appears in the grid current. Although conventional PI
control can achieve basic harmonic compensation, due to dy-
namic coupling between multiple control loops, the reference
current on the dg-axis continues to fluctuate during the steady-
state phase, thereby leading to a decline in the tracking accu-
racy of the compensation current. As shown in Fig. 6(c), the
total harmonic distortion (THD) of the grid-side current under
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FIGURE 6. Grid-side current waveform and total harmonic distortion. (a) Grid-side current under PI control, (b) grid-side current under DDPG
control, (¢) current harmonics under PI control, and (d) current harmonics under DDPG control.

@ 300

200

0.15

Time/s

() 300 —
_IJ;EZI
200
> 100
<
= 0
<
~~-100
-200
_300 I I I
0.05 0.1 0.15
Time/s

FIGURE 7. Dynamic response of phase A current and phase A voltage on the grid side. (a) Grid-side current and voltage under PI control and (b)

grid-side current and voltage under DDPG control.

conventional PI control reached 6.7%, exceeding the harmonic
current limits specified in [EEE 519-2014 for public coupling
points.

In contrast, the proposed DDPG cooperative control achieves
multi-objective joint optimization using a unified reward func-
tion, thereby reducing the impact of outer-loop dynamic fluc-
tuations on the current tracking process. Because the agent
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can autonomously learn the dynamic coupling relationships be-
tween different control objectives, fluctuations in the dq current
components are significantly reduced, resulting in a smoother
compensation current waveform. As shown in Fig. 6(d), the
THD of the grid-side current under DDPG control was reduced
to 1.06%, representing a decrease of approximately 83.7%
compared to the conventional PI control.
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under DDPG control.

Furthermore, as shown in Fig. 7, the grid current and volt-
age remained essentially in phase under DDPG control, and the
system power factor was significantly improved. This indicates
that the proposed method not only effectively suppresses har-
monics but also achieves good reactive power compensation
performance.

4.4. Comparison of Capacitor Voltage Balancing Performance

Midpoint potential drift is an inherent flaw in the three-phase,
three-level, NPC-APF topology. When the voltages across the
upper and lower capacitors are unbalanced, this can lead to the
injection of even-order harmonics into the output voltage and
overvoltage breakdown of the switching devices.

To verify the capacitor voltage balancing capability of the
proposed strategy, a series of comparative tests were conducted,
and the results are shown in Fig. 8.

Under PI control, the time required to balance the capacitor
voltages was 0.16s. During the regulation process, the wave-
form exhibited slight oscillations, and a minor steady-state er-
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ror was present. In contrast, under DDPG cooperative control,
the time required to balance the capacitor voltages was only
0.08 s — a 50% reduction compared to PI control. There was
no steady-state error or significant waveform jitter, demonstrat-
ing that the capacitor voltage balancing performance was sig-
nificantly superior to that of conventional PI control.

4.5. Comparison of DC Bus Voltage Regulation Performance

The stability of the DC bus voltage determines the APF’s
energy exchange capability and compensation performance.
When load changes or reactive power fluctuations occur in the
system, the energy on the DC side changes rapidly; therefore,
the controller must possess strong dynamic regulation capabil-
ity.

Figure 9 shows the dynamic response of the DC bus volt-
age for the two control strategies. Conventional PI control,
which employs fixed parameters, is susceptible to coupling ef-
fects between the midpoint balancing loop and reactive power
control loop under system dynamic conditions; consequently,
the voltage recovery process exhibits an overshoot. As shown
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control.

in Fig. 9(a), the system under PI control took approximately
0.18 s to reach a steady state.

In contrast, DDPG cooperative control can adjust control ac-
tions in real time according to the system state, thereby achiev-
ing dynamic optimization of energy distribution on the DC side.
Fig. 9(b) demonstrates that the proposed method can complete
bus voltage recovery within approximately 0.06 s, reducing the
settling time by approximately 66.67% compared with tradi-
tional PI control, with no significant overshoot during the dy-
namic process.

Furthermore, under DDPG control, the bus voltage fluctu-
ation range during the steady-state phase was less than 1V,
indicating that the reinforcement learning method can effec-
tively enhance the system’s steady-state stability and dynamic
response capability.

4.6. Analysis of Grid Voltage Sags

In the actual operation of distribution networks, voltage sags are
typical dynamic disturbances. When the grid voltage changes
abruptly, the APF must rapidly adjust compensation current to
maintain stable system operation; therefore, the controller’s dy-
namic robustness is particularly important.

In this study, the three-phase grid voltage was suddenly re-
duced to 50% of its rated value, and the dynamic response of
the grid-side current under the two control strategies was com-
pared, as shown in Fig. 10.

Owing to its fixed parameters, conventional PI control strug-
gles to adjust the control gain promptly when the system op-
erating point changes abruptly. Consequently, oscillations oc-
curred during the current recovery process, and the system took
a relatively long time to stabilize.

In contrast, the DDPG agent can dynamically adjust control
actions based on real-time states, thereby maintaining a rela-
tively stable compensation current output even after a voltage
dip. As shown in Fig. 10(b), the proposed method restores sta-
ble operation within approximately three power-frequency cy-
cles, with no significant overshoot in the current waveform.
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These results indicate that the reinforcement learning method
has a strong adaptability to changes in system parameters and
operational disturbances.

4.7. Analysis of Sudden Load Change Conditions

To further simulate sudden load surge disturbances, the nonlin-
ear load power was increased to 1.5 times its original amplitude
during the experiment.

Sudden load changes cause rapid fluctuations in the system’s
harmonic currents and reactive power demand, thereby placing
higher demands on the APF control system in terms of dynamic
response. Conventional PI control relies on fixed parameter ad-
justments, which limits the speed at which the reference current
is updated. Consequently, a compensation lag is likely to occur
at the instant of a load change.

In contrast, DDPG cooperative control can update control
actions in real time according to changes in the system state,
thereby enabling faster reconstruction of the compensation cur-
rent. Fig. 11 demonstrates that, under sudden load-surge con-
ditions, the proposed method can still maintain relatively stable
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Uer-Uea (50V/div) ” u “ H W “ H U “ H W h
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FIGURE 11. Grid-side current response under sudden load changes.
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three-phase current waveforms without significant dynamic os-
cillations.

Taking the results of the disturbance experiments as a whole,
it can be seen that reinforcement learning methods can effec-
tively enhance the robustness and adaptability of the NPC-APF
under complex dynamic operating conditions.

5. CONCLUSION

To address issues associated with traditional multi-loop PI con-
trol of NPC-APF systems, such as complex parameter tuning,
severe dynamic coupling among multiple control loops, and in-
sufficient robustness under complex operating conditions, this
study proposes a multi-objective cooperative control method
based on a single DDPG agent. This method employs a re-
inforcement learning agent to uniformly coordinate the regula-
tion of the DC bus voltage, midpoint potential balancing, and
reactive power compensation. By retaining the inner-loop PI
control of the current, the joint optimization of multiple control
objectives for the APF is achieved.

The simulation results demonstrate that the proposed method
significantly enhances the NPC-APF’s overall control perfor-
mance. Under steady-state conditions, the total harmonic dis-
tortion (THD) of the grid-side current was reduced from 6.7%
under conventional PI control to 1.06%, thereby meeting the
harmonic limitation requirements of IEEE 519-2014 for distri-
bution networks. Concurrent with this, the voltage-balancing
time at the neutral-point capacitor and the DC bus voltage reg-
ulation time were reduced by 50% and 66.67%, respectively,
with no significant overshoot observed during dynamic oper-
ation. Further analysis indicates that DDPG cooperative con-
trol can autonomously learn the dynamic coordination relation-
ships between multiple control objectives through a unified re-
ward mechanism, thereby mitigating the coupling effects inher-
ent in traditional multi-loop control. Compared with PI control,
which relies on fixed parameters, reinforcement learning meth-
ods offer stronger online adaptive capabilities; consequently,
they can maintain good dynamic stability and robustness even
under complex disturbances, such as grid voltage sags and sud-
den load changes. Furthermore, the proposed method does not
require the establishment of high-precision linearized mathe-
matical models, nor necessitates complex parameter tuning for
multiple PI controllers, thereby reducing the engineering com-
missioning difficulty of the APF control system. This method
provides a new implementation pathway for applying deep rein-
forcement learning to power quality management, offering sig-
nificant engineering reference value for controlling smart distri-
bution systems and high-performance power electronic equip-
ment.

Although this study has validated the effectiveness of the
single-agent DDPG in NPC-APF’s multi-objective control, cer-
tain limitations remain. Owing to the large scale of deep rein-
forcement learning network parameters, the real-time deploy-
ment capability of the proposed method on low-computing-
power embedded hardware platforms requires further investi-
gation.
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