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ABSTRACT 

This paper presents an advanced and smart enhancement to the direct power control (DPC) strategy using grid voltage modulation 
for three-phase photovoltaic (PV) inverters. It introduces and evaluates three DC-link voltage control techniques: the proportional- 
integral (PI) controller, the fuzzy logic controller (FLC), and a novel M5-Pruned (M5P) decision tree–based algorithm. While 
PI-based DPC remains widely used, it is often constrained by its sensitivity to gain tuning, limited adaptability, suboptimal dynamic 
response, and not ideal decoupling of active and reactive powers. FLC offers greater flexibility and can handle nonlinearities 
more effectively, yet it still lacks precise control and structured scalability. To address these limitations, this study proposes 
the M5P-based control approach, a data-driven, self-adaptive strategy that combines model transparency with the ability to 
handle complex system behaviour efficiently. Simulation results show that the proposed M5P method significantly reduces total 
harmonic distortion to 0.20%, outperforming both PI (0.57%) and FLC (0.53%) controllers. Furthermore, it achieves complete 
decoupling of power components, enhances dynamic stability, and eliminates the need for manual gain tuning. The methodology is 
validated through extensive simulations in MATLAB/Simulink, highlighting its effectiveness under both steady-state and transient 
conditions. These results establish the M5P-based controller as a promising candidate for next-generation intelligent PV grid 
integration systems. 

 

 

 

 

 

 

 

 

 

 

 

 

1 Introduction 

The accelerated growth and integration of renewable energy
systems, such as photovoltaic (PV) systems, into electrical grids
has significantly transformed the landscape of modern power
systems [ 1 ]. Ensuring high power quality, reliability, and fast
dynamic response in these grid-connected systems is a persis-
tent challenge, particularly because of the discontinuous and
nonlinear nature of renewable energy generation [ 2, 3 ]. Among
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the various control strategies developed for managing power 
converters and grid interfaces, direct power control (DPC) has
gained considerable attention for its simplicity and dynamic 
performance [ 4, 5 ]. Traditional control techniques, such as
proportional-integral (PI) controllers, have been widely used in 
DPC schemes to regulate essential variables such as grid current,
active and reactive powers, and DC-link voltage [ 6, 7 ]. Since
PI controllers facilitate effortless implementation and tuning, 
their performance is often limited by system nonlinearities,
its use, distribution and reproduction in any medium, provided the original work is properly 
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parameter variations, and external disturbances [ 8 ]. In practical
scenarios, the fixed-parameter nature of PI controllers may
result in suboptimal transient response, increased overshoot, and
reduced robustness, especially under rapidly changing operating
conditions [ 9 ]. Several studies in the literature have addressed
DC-link voltage regulation in grid-connected power converters
using conventional control techniques such as PI controllers,
sliding-mode control (SMC), backstepping, and other model-
based approaches [ 10, 11 ]. PI controllers remain the most widely
used due to their ease of implementation and linear design, as
seen in works such as [ 12, 13 ], where DC-link voltage stability
was achieved under steady-state conditions but showed degraded
performance under fast transients and disturbances. To overcome
the sensitivity and limited robustness of PI controllers, SMC
has been proposed in various studies for its strong robustness
against system uncertainties and external perturbations; how-
ever, it often introduces chattering phenomena that can stress
power electronic components [ 14, 15 ]. Backstepping control,
as demonstrated in [ 16 ], offers a systematic nonlinear control
design approach that improves system stability and dynamic
response; however, it requires precise system modeling and may
be computationally intensive for real-time applications. Other
researchers have explored predictive and Lyapunov-based con-
trollers to enhance tracking performance and robustness, though
they often involve complex mathematical formulations [ 17 ].
Despite the progress, these traditional regulators generally lack
adaptability, especially under rapidly changing environmental
conditions typical in renewable energy systems, thus motivat-
ing the need for intelligent and data-driven control strategies
[ 18 ]. In response to the limitations of conventional controllers,
recent research has increasingly focused on intelligent control
techniques for DC-link voltage regulation in power electronic
converters, especially in renewable energy systems [ 19, 20 ]. Fuzzy
logic controllers (FLCs), widely reported in the literature [ 21 ],
have shown superior adaptability and robustness in handling
system nonlinearities without requiring an exact mathematical
model [ 22 ]. However, their performance heavily depends on the
design of membership functions and rule bases, which often rely
on expert knowledge. Artificial neural networks (ANNs) have
also been employed to approximate complex nonlinear functions
and adapt to dynamic conditions, offering high precision and
learning capability. Nonetheless, ANNs require extensive train-
ing data and may suffer from overfitting or slow convergence
[ 23 ]. Hybrid approaches, such as adaptive neuro-fuzzy inference
systems, aim to combine the strengths of fuzzy logic and neural
networks, providing enhanced accuracy and adaptive learning,
though at the cost of increased computational complexity [ 24 ].
Other optimisation-based techniques, including genetic algo-
rithms and particle swarm optimisation, have been utilised to
auto-tune controller parameters for optimal performance under
varying operating conditions [ 25 ]. More recently, reinforcement
learning (RL) has gained attention for its ability to learn opti-
mal control policies through interaction with the environment,
although its deployment in real-time systems remains challeng-
ing due to stability concerns and exploitation trade-offs [ 26 ].
While these smart controllers offer significant improvements over
classical methods, they often require careful tuning, validation,
and computational resources, motivating the development of
interpretable and efficient machine learning models such as the
M5-Pruned (M5P) decision tree proposed in this work. 
2 of 19

ative
This study introduces an innovative control methodology util- 
ising the M5P algorithm for DC -link voltage regulation within
a direct power control-grid voltage modulation ( DPC-GVM) 
context, addressing the limitation of classical and conventional 
intelligent controllers. The M5P algorithm stands out by com-
bining the transparency and simplicity of decision trees with the
predictive accuracy of linear regression models [ 4 ]. It generates
a tree structure where each leaf node has a linear model instead
of a constant value, allowing it to capture both discrete decision
rules and continuous relationships with high accuracy [ 27 ]. The
motivation behind adopting M5P lies in its ability to model com-
plex, nonlinear behaviours inherent in power electronic systems
without the need for extensive tuning or training data [ 4, 27 ]. 

The key novelties and innovations of the proposed M5P DC-
link voltage controller lie in its ability to learn system behaviour
through a data-driven approach and avoid the need for manual
tuning of control gains. It provides improved decoupling between
the active and the reactive power, leading to improved control
accuracy. Additionally, the controller significantly decreases total 
harmonic distortion (THD), contributing to higher power quality 
[ 28 ]. Its robust dynamic performance under varying operating
conditions ensures consistent system behaviour even in the face
of external disturbances. By integrating the M5P algorithm into
the DPC-GVM scheme, the proposed controller overcomes the 
typical interdependence between the DC-link voltage and the 
active power, offering faster transient response and improved sys-
tem stability. The proposed M5P-based control strategy introduces 
a powerful, interpretable, and adaptive solution for intelligent 
DC-link voltage regulation in PV systems. Its design bridges
the gap between traditional rule-based systems and black-box 
machine learning models, providing a practical and effective 
alternative for next-generation power electronics control. This 
work contributes to the ongoing advancement of intelligent 
control in renewable energy applications and opens pathways 
for further integration of explainable AI techniques in real-time
energy management systems. The overall configuration of the 
proposed DPC-GVM system, including the PV generator, boost 
converter, voltage source inverter (VSI), filter, and grid interface,
is illustrated in Figure 1 . This global representation highlights
the integration of the DC-link voltage regulation loop with the
intelligent controller. 

2 Topological Modelling (System Modelling) 

The proposed structure is formed of a PV generation linked to
the DC-link via a DC/DC boost converter operating under a
maximum power point tracking (MPPT) algorithm; the regulated 
DC-link voltage feeds a three-phase VSI, which delivers power
to the grid through an LC filter that suppresses high-frequency
harmonics and ensures compliance with grid standards. For 
DC-link voltage regulation, three control techniques are inte- 
grated: a PI controller as a conventional linear benchmark, an
FLC for enhanced robustness under nonlinear conditions, and 
the proposed M5P decision tree algorithm, a data-driven and
self-adaptive approach capable of capturing nonlinearities and 
parameter variations with high precision. Within this framework, 
the GVM-DPC scheme directly modulates inverter voltages, 
yielding improved dynamic performance. 
IET Renewable Power Generation, 2026
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FIGURE 1 Global representation of the DPC-GVM technique. 

FIGURE 2 PV cell simplified circuit. 
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2.1 Photovoltaic Generator 

The equivalent representation of the PV cell using the single-
diode model, including photocurrent, diode, and parasitic resis-
tances, is illustrated in Figure 2 . In the present work, the PV
generator is represented as a current source using the single-diode
equivalent circuit, which accounts for photocurrent, diode char-
acteristics, and parasitic resistances [ 29 ], and can be expressed as

𝐼pv = 𝐼ph − 𝐼0 

[ 
exp 

( 

𝑞
(
𝑉pv + 𝑅s ⋅ 𝐼pv 

)
𝐴𝑁𝑠 𝐾𝑇𝑗 

) 

− 1 

] 
−
𝑉pv + 𝑅s ⋅ 𝐼pv 

𝑅sh 

(1)
The PV array is obtained by connecting cells in series and
parallel to achieve the required voltage and current ratings [ 29 ].
To guarantee that the PV system consistently operates at its
optimal power, the MPPT strategy is employed. This control
IET Renewable Power Generation, 2026
method is crucial in order to maximise the energy output from
PV generation systems, as stated in [ 30–32 ]. 

2.2 Modelling of Voltage Source Inverter 

This section depicts the mathematical representation of a three-
phase VSI operating within the framework of DPC enhanced by
GVM [ 33 ]. As shown in Figure 3 , the VSI is connected to the grid
through a simple filter, consisting of an inductor coupled in series
with a resistor. 

⎧ ⎪ ⎪ ⎪ ⎨ ⎪ ⎪ ⎪ ⎩ 

𝐿
𝑑𝑖𝑎 
𝑑𝑡 

= 𝑢𝑎 − 𝑅𝑖𝑎 − 𝑉𝑎𝑔 

𝐿
𝑑𝑖𝑏 
𝑑𝑡 

= 𝑢𝑏 − 𝑅𝑖𝑏 − 𝑉𝑏𝑔 

𝐿
𝑑𝑖𝑐 
𝑑𝑡 

= 𝑢𝑐 − 𝑅𝑖𝑐 − 𝑉𝑐𝑔 

(2) 

To simplify control design, the system is converted into the α–β
stationary reference frame using the Clarke transformation. 

[ 
𝑖𝛼

𝑖𝛽

] 
= 2 

3 

⎡ ⎢ ⎢ ⎢ ⎣ 
1 −1 

2 
− 1 

2 

0 

√
3 

2 
−
√
3 

2 

⎤ ⎥ ⎥ ⎥ ⎦ 
⎡ ⎢ ⎢ ⎢ ⎢ ⎣ 
𝑖𝑎 

𝑖𝑏 

𝑖𝑐 

⎤ ⎥ ⎥ ⎥ ⎥ ⎦ 
(3) 

Under balanced grid conditions, in the α–β stationary reference 
frame, the relationship of converter output voltage indicating line
3 of 19
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FIGURE 3 Electric scheme of the VSI. 
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current and the grid voltage can be expressed as [ 33 ] 

𝑢𝛼 = 𝑅𝑖𝛼 + 𝐿
𝑑𝑖𝛼
𝑑𝑡 

+ 𝑉𝛼,𝑔 

𝑢𝛽 = 𝑅𝑖𝛽 + 𝐿
𝑑𝑖𝛽

𝑑𝑡 
+ 𝑉𝛽,𝑔 

(4)

2.3 DPC Integrating Grid Voltage–Modulated 

Technique 

In this context, uα and uβ denote the output voltages of the
inverter in the α–β stationary reference frame, while iα/ iβ
represent the corresponding line currents. Similarly, Vα,g / Vβ,g 
refers to grid voltages in the stationary frame [ 33 ]. The filter
parameters are modelled using a resistor R and inductance L . The
instantaneous active and reactive powers ( P / Q ) are calculated
using the following expressions [ 33 ]: 

⎧ ⎪ ⎨ ⎪ ⎩ 
𝑃 = 3 

2 

(
𝑉𝛼,𝑔 𝑖𝛼 + 𝑉𝛽,𝑔 𝑖𝛽

)
𝑄 = 3 

2 

(
𝑉𝛽,𝑔 𝑖𝛼 − 𝑉𝛼,𝑔 𝑖𝛽

) (5)

P and Q denote the estimated active and reactive powers. The
variation in estimated active and reactive powers is articulated by
dividing ( 5 ) with terms of time as follows: 

𝑑𝑃 

𝑑𝑡 
= 3 

2 

( 
𝑖𝛼
𝑑𝑣𝛼,𝑔 

𝑑𝑡 
𝑣𝛼,𝑔 

𝑑𝑖𝛼
𝑑𝑡 

+ 𝑖𝛽
𝑑𝑣𝛽,𝑔 

𝑑𝑡 
+ 𝑣𝛽,𝑔 

𝑑𝑖𝛽

𝑑𝑡 

) 
𝑑𝑄 

𝑑𝑡 
= 3 

2 

( 
𝑖𝛼
𝑑𝑣𝛽,𝑔 

𝑑𝑡 
𝑣𝛽,𝑔 

𝑑𝑖𝛼
𝑑𝑡 

− 𝑖𝛽
𝑑𝑣𝛼,𝑔 

𝑑𝑡 
− 𝑣𝛼,𝑔 

𝑑𝑖𝛽

𝑑𝑡 

) (6)

While the grid is undistorted, the grid voltages can be described
as { 

𝑣𝛼,𝑔 = 𝑉𝑔 cos ( 𝜔𝑡 ) 

𝑣𝛽,𝑔 = 𝑉𝑔 sin ( 𝜔𝑡 ) 
(7)

where Vg represents the amplitude and ω = 2 πf indicates the
frequency of the grid voltage. By differentiating ( 7 ), the variations
4 of 19
of the grid voltage can be expressed as follows: 

⎧ ⎪ ⎨ ⎪ ⎩ 
𝑑𝑣𝛼,𝑔 

𝑑𝑡 
= − 𝜔𝑉𝑔 sin ( 𝜔𝑡 ) = − 𝜔𝑣𝛽,𝑔 

𝑑𝑣𝛽,𝑔 

𝑑𝑡 
= − 𝜔𝑉𝑔 cos ( 𝜔𝑡 ) = 𝜔𝑣𝛼,𝑔 

(8) 

Consequently, the actual active and reactive powers resulting by
replacing ( 11 ) and ( 8 ) into ( 6 ) are as follows: 

⎧ ⎪ ⎨ ⎪ ⎩ 
𝑑𝑃 

𝑑𝑡 
= −𝑅 

𝐿 
𝑃 − 𝜔𝑄 + 3 

2 𝐿 

(
𝑣𝛼,𝑔 𝑢𝛼 + 𝑣𝛽,𝑔 𝑢𝛽

)
− 3 

2 𝐿 
𝑉2 
𝑔 

𝑑𝑄 

𝑑𝑡 
= 𝜔𝑄 − 𝑅 

𝐿 
𝑄 + 3 

2 𝐿 

(
𝑣𝛽,𝑔 𝑢𝛼 − 𝑣𝛼,𝑔 𝑢𝛽

) (9) 

The amplitude of grid voltage may then be expressed as 

𝑉𝑔 =
√ 

𝑉2 
𝛼,𝑔 + 𝑉2 

𝛽,𝑔 
(10) 

In Equation ( 11 ), we define 

𝑥 = [ 𝑥1 𝑥2 ] 
𝑇 = [ 𝑃 𝑄 ] 

𝑇 (11) 

Furthermore, the controlled inputs are 

𝑢 = [ 𝑢1 𝑢2 ] 
𝑇 =
[
𝑢𝛼 𝑢𝛽
]𝑇 

(12) 

When the VSI system is modelled as a continuous-time dynamic
system, its behaviour is represented in state-space form as 

𝑥̇ = 𝑓 ( 𝑥, 𝑢 ) =
⎡ ⎢ ⎢ ⎢ ⎣ 
−𝑅 

𝐿 
𝑥1 − 𝜔𝑥2 

3 

2 𝐿 

(
𝑣𝛼,𝑔 𝑢1 + 𝑣𝛽,𝑔 𝑢2 − 𝑉2 

𝑔 

)
𝜔𝑥1 −

𝑅 

𝐿 
𝑥2 +

3 

2 𝐿 

(
𝑣𝛽,𝑔 𝑢1 − 𝑣𝛼,𝑔 𝑢2 

)
⎤ ⎥ ⎥ ⎥ ⎦ (13) 

𝑦 = ℎ ( 𝑥) = [ 𝑥1 𝑥2 ] 
𝑇 (14) 

The GVM control approach theoretically simplifies the DPC 

model by employing estimates to delineate the system’s inputs
and outputs, particularly since the actual active and reactive
powers ( P / Q ) in the conventional DPC approach are inherently
related to the system [ 6 ]. The GVM input variables may be
IET Renewable Power Generation, 2026
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expressed as 

𝑢𝑃 = 𝑣𝛼,𝑔 𝑢1 + 𝑢𝛽,𝑔 𝑢2 

𝑢𝑄 = − 𝑣𝛽,𝑔 𝑢1 + 𝑢𝛼,𝑔 𝑢2 
(15)

According to Equation ( 7 ), the inputs of GVM are presented in the
d –q reference frame as [ 

𝑢𝑃 

𝑢𝑄 

] 
= 𝑉𝑔 

[ 
cos ( 𝜔𝑡 ) sin ( 𝜔𝑡 ) 

− sin ( 𝜔𝑡 ) cos ( 𝜔𝑡 ) 

] [ 
𝑢1 

𝑢2 

] 
= 𝑉𝑔 

[ 
𝑢𝑑 

𝑢𝑞 

] 
(16)

let ud and uq denote the inverter voltage 

𝑥̇ = 𝑓
(
𝑥, 𝑢𝑃 .𝑢𝑄 

)
=
⎡ ⎢ ⎢ ⎢ ⎣ 
−𝑅 

𝐿 
𝑥1 − 𝜔𝑥2 +

3 

2 𝐿 

(
𝑢𝑝 − 𝑉2 

𝑔 

)
𝜔𝑥1 −

𝑅 

𝐿 
𝑥2 −

3 

2 𝐿 
𝑢𝑄 

⎤ ⎥ ⎥ ⎥ ⎦ (17)

The gaps between the actual values of P and Q and reference can
be articulated as 

𝑒𝑃 = 𝑦𝑝, ref − 𝑦𝑝 

𝑒𝑄 = 𝑦𝑄, ref − 𝑦𝑄 
(18)

where yp , ref and yQ , ref denote the reference value of active and
reactive powers. 

Equation ( 15 ) defines vP and vQ as the outputs of the controller. 

𝑢𝑃 = 𝑣𝑝 +
2 𝑅 

3 
𝑥1 +

2 𝐿 

3 
𝜔𝑥2 + 𝑉2 

𝑔 

𝑢𝑄 = −𝑣𝑄 +
2 𝐿 

3 
𝜔𝑥1 −

2 𝑅 

3 
𝑥2 

(19)

So, the novel control inputs VP and VQ can be written as 

𝑣𝑃 = 𝑦̇1 ,𝑟 𝑒 𝑓 + 𝐾𝑝,𝑃 𝑒𝑃 + 𝐾𝑝.𝑖 

∞

∫
0 

𝑒𝑃 ( 𝑡) 𝑑𝑡 

𝑣𝑄 = 𝑦̇2 ,𝑟 𝑒 𝑓 + 𝐾𝑄,𝑃 𝑒𝑄 + 𝐾𝑄.𝑖 

∞

∫
0 

𝑒𝑄 ( 𝑡) 𝑑𝑡 

(20)

Kp ,P and Ki , Q denote the positive gains of the PI controller [ 33,
34 ]. Afterwards, the errors reduce to zero, and every outcome
is set up in accordance with its corresponding input. Further to
differentiation, the output should persist unless no less than one
of the control inputs is evident. 

[ 
𝑦̇1 

𝑦2 

] 
=
⎡ ⎢ ⎢ ⎢ ⎣ 
−𝑅 

𝐿 
𝑥1 − 𝜔𝑥2 +

3 

2 𝐿 

(
𝑢𝑝 − 𝑉2 

𝑔 

)
𝜔𝑥1 −

𝑅 

𝐿 
𝑥2 − − 3 

2 𝐿 
𝑢𝑄 

⎤ ⎥ ⎥ ⎥ ⎦ (21)

Assuming that Up and UQ are defined as control input as shown
in Equation ( 19 ), the outputs are 

𝑦̇1 = 𝑣𝑃 , 𝑦̇2 = 𝑣𝑄 (22)

Hence, by implementing the control rules specified in Equa-
tion ( 20 ) to the system dynamics described in Equation ( 25 ), the
resulting model can be formulated as a multiple-input, multiple-
output system [ 33 ]. This feedback linearisation approach effec-
tively decouples the tracking dynamics of the active and reactive
IET Renewable Power Generation, 2026
power components, leading to the following expressions: 

𝑒𝑃 + 𝐾𝑃,𝑝 𝑒̇𝑃 + 𝐾𝑃.𝑖 𝑒𝑃 ( 𝑡) = 0 

𝑒𝑄 + 𝐾𝑄,𝑃 𝑒̇𝑄 + 𝐾𝑄.𝑖 𝑒𝑄 ( 𝑡) = 0 
(23) 

Overall, by inverting ( 19 ), the control inputs are determined as 

𝑢𝛼 =
𝑣𝛼,𝑔 𝑢𝑃 − 𝑣𝛽,𝑔 𝑢𝑄 

𝑉2 
𝑔 

𝑢𝛽 =
𝑣𝛽,𝑔 𝑢𝑃 + 𝑣𝛼,𝑔 𝑢𝑄 

𝑉2 
𝑔 

(24) 

2.4 Conventional DC-Link PI-Based Voltage 
Control 

The primary function of the DC-link voltage is to maintain a
constant reference value [ 35 ]. Overlooking the losses, the power
flow can be expressed as 

𝑃𝑖 = 𝑃𝑙 + 𝐶 ⋅ 𝜈dc ⋅ 𝑉dc (25) 

Vdc serves as a new control input. ( 𝐶 ⋅ 𝜈dc ⋅ 𝑉dc ) represents the
power stored in the DC-link capacitor ( PC ). The dynamics of the
DC-link can be reformulated as a simplified, invariant, linear
time-invariant system. 

𝑑𝑉dc 

𝑑𝑡 
= 𝜈dc (26) 

vdc is the derivative of Vdc . 

Equation ( 27 ) presents a range of control mechanisms to regulate
a constant voltage. A PI controller is employed to ensure that Vdc 
remains at its reference value. 

𝜈dc = 𝐾𝑝,dc 

(
𝑉∗ 
dc 
− 𝑉dc 

)
+ 𝐾𝑖,dc ∫ (𝑉∗ 

dc 
− 𝑉dc 

)
𝑑𝑡 (27) 

where Vdc * represents the DC-link reference, Kp ,dc and Ki ,dc 
signify the gain of the PI. DC-link voltage was chosen at 200
V in order to satisfy the requirement of the system design and
to provide a suitable margin for reliable grid synchronisation.
Additionally, the inverter topology influences this choice; a 
two-level inverter used in this study performs optimally with
this chosen value, allowing lower modulation indices, reduced 
harmonic distortion, and improved power quality. Furthermore, 
component limitations, such as the voltage ratings of IGBTs,
capacitors, and inductors, must be respected to avoid damage or
failure. 

𝑉peak =
(
𝑉RMS 

√
2 
)

(28) 

2.5 Fuzzy Logic Control of DC-Link Voltage 
(Modelling and Structure) 

The FLC developed in this work is built to regulate the DC
bus voltage within the GVM-DPC framework. Structurally, the 
FLC comprises three primary stages: fuzzification, inference, 
and defuzzification. The controller is implemented using the 
Mamdani inference model, which is often used in control applica-
tions for its intuitive rule-based structure and compatibility with
5 of 19
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FIGURE 4 Formation stages of fuzzy logic control. 
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expert knowledge representation [ 22 ]. The controller processes
two input variables: the DC bus voltage error E of Vdc and the
derivative of error ΔE of Vdc . These inputs are defined as 

𝑒𝑉dc ( 𝑡) = 𝑉∗ 
dc 

− 𝑉dc ( 𝑡) (29)

Δ𝑒𝑉dc ( 𝑡) = 𝑒𝑉dc ( 𝑡) − 𝑒𝑉dc ( 𝑡 − Δ𝑡 ) (30)

Vdc ( t ) is the measured voltage at time t , while the reference DC
bus voltage is Vdc ∗. 

The fuzzification stage converts the crisp input values into fuzzy
sets via appropriately defined membership functions. Through-
out this study, seven linguistic terms are assigned to each input
variable, resulting in a 7 × 7 rule base. These rules, formulated
based on system behaviour and control objectives, map the
fuzzy input space to the corresponding fuzzy output space [ 36 ].
The inference stage applies the fuzzy rule base to determine
the control action, while the defuzzification stage converts the
resulting fuzzy output into a crisp signal. The output of the
controller is the reference direct current Idc ∗, which serves as
the control signal to adjust the system and maintain the DC bus
voltage at its desired value. This modelling approach enables the
FLC to handle nonlinearities and parameter variations in the
system, ensuring stable voltage regulation under both steady-
state and transient conditions [ 37, 38 ]. The formation stages of
the FLC, including fuzzification, inference, and defuzzification,
are shown in Figure 4 . 

In the FLC design, different types of membership functions are
utilised to enhance both transient and steady-state performance
[ 39 ]. For example, trapezoidal membership functions are applied
during transient conditions due to their ability to provide a
stable and rapid response, enabling the control system to quickly
achieve the reference levels. In contrast, triangular membership
functions are employed under steady-state conditions, as they
respond more sensitively to instantaneous variations in the error
and its derivative [ 37 ]. This approach helps to minimise error
effectively, as illustrated in Figure 4 . To construct the fuzzy
rule base, seven linguistic variables are defined for each of the
controller’s inputs and output, the error ( E ), the derivative of error
( ∆E ), and the reference current Idc * . These terms are NB (negative
6 of 19
big), NM (negative medium), NS (negative small), ZE (zero),
PS (positive small), PM (positive medium), and PB (positive
big). The sign and magnitude of the error play a critical role in
selecting the appropriate fuzzy rule. Thus, if the error, 𝐸 = 𝑀ref −
𝑀mes , is significantly large and positive, the control action must
also be strongly positive (PB) to raise the measured value 𝑀mes 

accordingly. A similar rule applies in the opposite direction for
negative errors. This principle is also extended to the derivative of
the error ∆E to ensure a responsive and accurate control output.
The defined membership functions for error, derivative of error,
and the corresponding inference table are depicted in Figure 5 . 

3 Proposed Machine Learning Approach (M5P 

Decision Tree) 

Unlike deep neural networks or RL approaches, which typically
require large datasets, extensive hyperparameter tuning, and 
high computational resources, the M5P algorithm provides a 
lightweight structure based on simple conditional rules and 
localised linear models [ 40 ]. This design enables determin-
istic and fast execution, making it well suited for DSP or
microcontroller-based inverter hardware, where control loops 
operate in the microsecond range. Moreover, M5P performs
reliably with moderate-sized datasets obtained from simulation, 
and its pruning mechanism effectively reduces overfitting, yield- 
ing a compact model with stable generalisation capabilities. Its
transparent, rule-based nature further enhances interpretability, 
facilitating verification and validation in safety-critical grid- 
connected applications – an advantage not offered by Blackbox 
deep learning methods. Additionally, the hierarchical structure 
of M5P aligns naturally with the FLC-derived dataset used in
this study, allowing seamless integration into the DPC-GVM 

framework. For these reasons, the M5P model is selected in this
work for real-time DC-link voltage regulation in PV inverter
systems and compared with the FLC. 

3.1 Decision Tree and M5P Algorithm 

The M5P model is well suited for high-dimensional tasks and
supports continuous as well as qualitative operations, even in
IET Renewable Power Generation, 2026
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FIGURE 5 Membership functions and inference table of fuzzy logic control. 
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the presence of missing or normalised values [ 41 ]. It can be
applied to classification, clustering, or association rule extraction
for both individuals and objects. The algorithm follows an if/then
conditional structure, executed along each path from the root
node to a leaf, as illustrated in Figure 6 . The decision tree
approach organises data into a hierarchical structure composed
of roots, branches, and leaves [ 4 ]. This structure enables recursive
partitioning of the data to achieve the most optimal classification
or prediction outcome [ 33 ]. The process begins by selecting
the most informative attribute as the root node, followed by
generating branches based on the possible values of that attribute.
This procedure is recursively applied to each branch using only
the relevant attributes that connect the branch, progressively
dividing the data space. To ensure effective classification, the
purity of each resulting leaf is evaluated using a specific criterion
typically based on homogeneity. The attribute that has the highest
correlation with the target class is selected as the best candidate
for further splitting. Decision tree development generally occurs
in two phases. One involves constructing the full tree structure,
wherein the dataset is partitioned into increasingly pure subsets
[ 33 ]. The second one is the pruning phase, which simplifies the
tree by removing branches that do not remarkably contribute
to accuracy for prediction. Pruning helps reduce overfitting and
improves generalisation. Once pruning is complete, the final
IET Renewable Power Generation, 2026

 

leaves are labelled according to the distribution of observations
in their respective subsets. The M5P algorithm extends the
decision tree methodology to handle high-dimensional tasks 
and is particularly well suited for continuous, qualitative, and
partially incomplete datasets. It is applicable in various domains
such as classification, clustering, and association rule mining. 
In this study, the M5P model is leveraged to enhance control
performance, and its integration is shown to be a suitable and
effective alternative to the traditional PI and FLC. 

To reduce prediction error, the M5P recursively splits the dataset
at every node based on the most informative attribute [ 27 ], [ 41 ].
For a given node i , prediction error can be evaluated using the
concept of standard deviation, denoted as ( 𝑆𝑖 ), defined as 

SDR = 𝑆𝑖 −
∑
𝑘= 1 

𝐶
𝑁𝑘 

𝑁𝑖 

𝑆𝑘 . . . (31) 

Each node ( k ) contains 𝑁𝑘 training examples and a division of
node i in C branches. The goal is to minimise the prediction error
within each resulting subset. To quantify this, the mean absolute
error (MAE) is used as a performance metric. It measures the
average magnitude of the errors between the desired and actual
7 of 19
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FIGURE 6 Dataset extraction and training processes. 
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values [ 27, 41 ], and is calculated as follows: 

MAE = 1 

𝑛 

𝑛 ∑
𝑖= 1 

|||𝑌𝑖 − 𝑌̂𝑖 
||| (32)

Y , 𝑌̂ , and n represent the actual value, the predicted value, and
the number of data points, respectively. 

RMSE =

√ ∑n 

i = 1 

(
Ŷi − Yi 

)2 
n 

(33)

Equation ( 33 ) defines root-mean-squared error (RMSE). The
coefficient factor ( R ) measures the training quality, expressed as 

𝑅 =

√ √ √ √ √ 

∑𝑛 

𝑖= 1 

(
𝑌̂𝑖 − 𝑌𝑖 

)2 
∑𝑛 

𝑖= 1 

(
𝑌̂𝑖 − 𝑌𝑖 

)2 (34)

3.2 M5P Methodology and Structure 

The M5P decision tree strategy integrates a series of optimisation
strategies and structural components to enhance predictive accu-
racy, computational efficiency, and generalisation performance.
First, model regularisation is employed to mitigate disconti-
nuities that occur when transitioning between leaves. This is
achieved by constructing a linear model at each node and
using averaged weights as predicted values, ensuring smoother
transitions between regions [ 27 ]. To further enhance efficiency,
relevance-based splitting is used to select only the most informa-
tive features for node division, thereby minimising the number
of computational operations. Within the leaf nodes, regularised
linear regression models are applied to prevent overfitting and
reduce the computational cost of model fitting. Model simplifi-
cation is achieved by limiting the tree depth, which decreases
the number of nodes and associated linear models. In addition,
pruning is implemented to remove redundant or overfitted
branches. This may involve pre-pruning, where growth is halted
early based on criteria such as maximum depth or node purity, or
post-pruning, where a fully grown tree is simplified by merging
8 of 19
similar leaves, thereby reducing the number of regressions and
computational burden [ 27, 41, 42 ]. 

From a structural perspective, M5P offers several key features: 

a. Attribute transformation: Continuous or natural attributes 
can be transformed into binary or categorical forms via
embedded linear models to optimise decision-making. 

b. Missing values management: M5P demonstrates flexibility 
in managing incomplete datasets through imputation (e.g., 
replacing missing values with the mean or median) or by
ignoring the attribute during analysis. While the latter may
slightly reduce accuracy, it maintains operational continuity. 

c. Pruning: It is used to simplify the decision tree and enhance
generalisation. Pre-pruning limits tree growth based on 
depth or node purity, while post-pruning removes overfitted 
branches after full growth. In M5P, pruning eliminates 
redundant or noisy branches, reducing complexity without 
compromising accuracy. 

d. Linear regression at terminal nodes: Each leaf contains 
a simplified linear regression model, ensuring accurate, 
fast predictions and making the method suitable for real-
time control applications. A linear regression model can be
represented mathematically as follows: 

𝐿𝑀𝑗 = 𝜔𝑗0 + 𝜔𝑗1 𝑎1 + ⋯ + 𝜔𝑗𝑘 𝑎𝑘 (35) 

e. Interpretability: A major strength of M5P lies in its trans-
parent decision-making process. Each node represents a 
conditional rule, and each leaf hosts an interpretable lin-
ear model, allowing clear insight into how input features
influence control outputs and overall system behaviour. 

Through this combination of regularisation, relevance-based 
splitting, pruning, and interpretability, M5P delivers a robust
and computationally efficient framework suitable for both offline 
analysis and real-time control applications [ 27, 41, 42 ]. One of
the most notable strengths of M5P also lies in its robust data
IET Renewable Power Generation, 2026
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TABLE 1 Statistical training value of M5P. 

Parameters Proposed M5P model 

Test mode Split 66% train 
Number of attributes 3 
Number of rules 12 Rules 
Time taken to build the model 0.17 s 
Time taken to test model 
during test split 

0.02 s 

Correlation coefficient 0.998 
MAE 0.127 
RMSE 0.1456 
Relative absolute error 7.8019% 

Root relative squared error 6.2773 
Total number of instances 20400 
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management capabilities. It effectively handles missing values,
mitigates the influence of outliers, and supports normalisation or
standardisation of input features. Moreover, advanced techniques
such as cross-validation and data augmentation are applied to
enhance the quality and diversity of the training data [ 27, 41, 42 ].
These procedures significantly increase accuracy, generalisation,
and robustness [ 27 ]. In the context of this study, input and output
training data are obtained via system simulations to form a
specialised dataset M5P-DATA used for training the decision tree
models. The goal is to enhance the conventional DPC scheme
by changing the DC bus voltage controller with intelligent,
M5P-based models. The overall design workflow, including the
M5P-DATA extraction and control model generation process, is
illustrated in Figures 6 and 7 . 

3.3 Dataset Extraction Process 

The dataset used in this work is derived from the inputs and
outputs of the FLC for DC bus voltage regulation. This approach
is motivated by the similarity in the decision-making structure
of both techniques, which rely on rule-based logic (if/then
format). This commonality facilitates the generation of a coherent
dataset suitable for training the M5P decision tree [ 27 ]. Prior to
data collection, the fuzzy controller is carefully designed and
implemented, as illustrated in Figures 4 and 5 , respectively.
This controller is then used in simulations to produce control
responses under various operating conditions. The collected
dataset encapsulates control decisions and system states, which
are later used to train the M5P model. To optimise the learning
process, the pruning mechanism within the M5P algorithm is
applied. This helps reduce model complexity by eliminating
redundant branches, thereby simplifying the decision-making
structure without compromising accuracy [ 42 ]. 

3.4 Model Implementation in WEKA 

The implementation and training of the M5P controller are
performed using WEKA (version 3.8.6), an open-source platform
widely recognised for machine learning and data mining. WEKA
offers a comprehensive suite of tools for data preprocessing,
classification, clustering, regression, and association rule mining
[ 43, 44 ]. One of its key advantages is the ability to generate
interpretable decision tree models consisting of roots, nodes,
branches, and leaves, as illustrated in Figure 8 . This capability
makes WEKA particularly suitable for developing intelligent
controllers that require both predictive accuracy and model
transparency. Among WEKA’s algorithms, M5P is selected for
its ability to generalise from the training dataset and accurately
predict outcomes for unseen operating conditions. By embedding
linear regression models within the decision tree framework, M5P
captures both the nonlinear decision boundaries and local linear
dynamics of the control problem [ 44 ]. 

Table 1 illustrates the statistical performance metrics of the
trained models, offering quantitative insight into their predictive
accuracy and generalisation capability. Figures 6 and 7 display
the M5P model’s training results based on FLC-derived data,
highlighting the effectiveness of the approach in modelling the
nonlinear dynamics of the DPC-GVM system. The statistical and
IET Renewable Power Generation, 2026
structural configuration of the trained M5P model, generated 
through WEKA software, is summarised in Table 2 [ 41–43 ]. 

3.5 Training Process Under the WEKA Software 

The splitting and linear regression mechanism of the M5P deci-
sion tree, where nodes are recursively divided and terminal leaves
are modelled using linear regression, is illustrated in Figure 8 .
Figure 9 illustrates the visualisation of the M5P decision tree
model outputs for different input feature combinations, gener- 
ated using WEKA software, illustrating the clustering patterns
and predictive behaviour of the trained model. Each subplot (A–
D) presents a scatter plot of predicted values versus selected input
feature combinations, where the points are coloured according 
to the output classification range. The extracted dataset and
clustering results generated by the WEKA software are shown
in Figure 10 , illustrating the distribution of predicted outputs for
different input feature combinations. 

4 Simulation Results and Discussion 

The evaluation of the performance of a suggested system and
algorithm necessitates the implementation of comparative simu- 
lation results. To validate the conceptual insights and understand
the behaviour of the proposed GVM-M5P algorithm, a series of
comparative simulations were conducted to compare its perfor-
mance against that of GVM-PI and GVM-FLC controllers. The
findings from the simulation clearly show the efficacy of the
proposed GVL-M5P control method, revealing multiple perfor- 
mance advantages. The approach delivers high accuracy in grid
current regulation, ensuring close tracking of reference values 
and adherence to performance criteria. It also enhances system
stability across a large range of operating conditions, including
sudden disturbances and dynamic changes. Additionally, the 
method significantly improves transient performance by reduc- 
ing response time and enabling faster convergence to a steady
state. Furthermore, it achieves a noticeable reduction of THD,
resulting in smoother current waveforms and enhanced power 
9 of 19
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FIGURE 7 Research methodology outline. 
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FIGURE 8 Splitting and linear regression mechanism. 

FIGURE 9 Proposed M5P decision tree. 

 

 

 

 

 

 

 

 

 

 17521424, 2026, 1, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/rpg2.70180 by W

est B
ohem

ian U
niversity, W

iley O
nline L

ibrary on [17/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative
delivery to the grid. The detailed electrical and environmental
parameters adopted for the simulated PV converter grid system
are listed in Table 3 [ 29–33 ]. 

4.1 Transient State Performance of System 

4.2 Reactive Power Variation Performance of 
System 
IET Renewable Power Generation, 2026
4.3 Steady-State Performance of System 

Figure 10 illustrates the dynamic response of the DC-link voltage
under a transient disturbance for the three control strategies
(PI, FLC, and proposed M5P), compared against the reference
value. The reference DC bus voltage is initially established at
200 V, faces a sudden increase to 250 V at t = 0.2 s, and then
drops to 235 V at t = 0.4 s throughout the test; the reference
reactive power is maintained at zero. The PI controller exhibits a
11 of 19
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FIGURE 10 Data extracted from the proposed method via WEKA software. 
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pronounced overshoot, surpassing 235 V before gradually settling,
and oscillatory behaviour immediately following the transient
event, while the FLC demonstrates improved damping but still
deviates from the reference. In contrast, the proposed M5P
controller achieves the fastest settling with minimal overshoot
and closely tracks the reference voltage, highlighting its superior
transient performance and voltage stability. 

Figure 11 presents the active power response during transient
conditions. The magnified window (highlighted yellow) reveals
a detailed view of the transient peak that occurs between 0
and 0.0075 s. The PI and FLC controllers show significant
12 of 19
deviations and slower convergence towards the reference value, 
with the PI controller displaying the largest peak and settling
time. The proposed M5P controller, however, exhibits a rapid
and smooth transition, quickly stabilising to the desired active
power level with minimal overshoot and oscillation. The zoom-in
box clearly shows how the proposed method suppresses transient
oscillations, offering smoother and more controlled behaviour 
during the switching event. 

Figure 12 shows the transient behaviour of reactive power to exter-
nal disturbances caused by changes in DC-link voltage references
under the three control approaches. The highlighted zoom-in 
IET Renewable Power Generation, 2026
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TABLE 2 Information of M5 pruned model. 

Run information LM num1 = 0.2399 * a − 

11.2141 
Scheme: 
weka.classifiers.trees.M5P-M 

100.0-num-decimal-places 4 

LM num2 = 0.035 * a − 

3.9933 

Relation: fuzzy LM num3 = 0.0068 * a − 

3.7434 
Instances: 60001 LM num4 = 0.0014 * a − 

3.4662 
Instances: 60001 LM num5 = 0.0002 * a − 

2.9145 
Attributes: 3 LM num6 = 0.0008 * a − 

2.4618 
a, b, s LM num7 = 0.0048 * a − 

2.1408 
Test mode: LM num8 = 0.4547 * a + 

0.6899 
split 66.0% train, remainder test LM num9 = 0.1506 * a + 

29.1636 
Classifier model (full training 
set) 

LM num10 = 0.0925 * a + 

33.6086 
M5 pruned model tree: (using 
smoothed linear models) 

LM num11 = 0.0905 * a + 

33.7961 
a ≤ 1.22: LM num12 = 0.0901 * a + 

33.8546 
| a ≤ 0.017: 
| | a ≤ − 0.442: 
| | | a ≤ − 0.708: Number of rules: 12 
| | | | a ≤ − 1.531: LM1 
(141/61.883%) 

Time taken to build 
model: 0.17 s 

| | | | a > − 1.53: LM2 
(244/1.174%) 
| | | a > − 0.708: LM3 
(1536/0.899%) 
| | a > − 0.442: LM4 
(7680/1.538%) 

Evaluation on test split 

| a > 0.017: LM5 (38399/3.12%) Time taken to test model 
on test split: 0.02 s 

a > 1.224: 
| a ≤ 1.687: LM6 (9600/1.179%) 
| a > 1.687: Summary 
| | a ≤ 3.772: LM7 (1315/2.186%) Correlation coefficient 

0.998 
| | a > 3.772: MAE 0.127 
| | | a ≤ 56.739: LM8 
(224/34.873%) 

RMSE 0.4156 

| | | a > 56.739: Relative absolute error 
7.8019% 

(Continues) 

TABLE 2 (Continued) 

| | | | a ≤ 166.475: Root relative squared 
error 6.2773% 

| | | | | a ≤ 115.096: Total Number of 
Instances 20400 

| | | | | | a ≤ 85.858: LM9 
(113/17.22%) 
| | | | | | a > 85.858: LM10 
(113/0.001%) 
| | | | | a > 115.096: LM11 
(200/0.024%) 
| | | | a > 166.475: LM12 
(436/0.725%) 

TABLE 3 Parameters of system. 

Parameters 
Value 
(unit) 

Parameters of 
PV 

Value 
(unit) 

DC-link 
voltage, Vdc 

200 (V) Open-circuit 
voltage, Voc 

57 (V) 

Filter inductor, 
L 

10 ( µH) Short Circuit 
Current, Isc 

4.6(A) 

Filter inductor, 
R 

20 ( Ω ) Maximum 

power voltage, 
Vmp 

47 (V) 

DC-link 
capacitor, C 

1100 ( µF) Maximum 

power current, 
Imp 

4.26 (A) 

Sample time, Ts 1e − 5 (s) Working 
temperature, T 

[ − 45, + 85] 
(Co) 

FIGURE 11 DC-link voltage during transient state. 

FIGURE 12 Active power during transient state. 

IET Renewable Power Generation, 2026 13 of 19
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FIGURE 13 Reactive power response during transient state. 

FIGURE 14 Response of DC-link voltage under reactive power 
variation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 15 Active power response under reactive power variation. 

FIGURE 16 Reactive power response under reactive power varia- 
tion. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 17521424, 2026, 1, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/rpg2.70180 by W

est B
ohem

ian U
niversity, W

iley O
nline L

ibrary on [17/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative 
region shows that the PI controller suffers from oscillations and
large amplitude deviations, reaching peaks below − 1400 VAR
and a prolonged settling period, while the FLC reduces these
oscillations but still displays sustained oscillatory behaviour.
On the other hand, the proposed M5P controller demonstrates
significantly enhanced performance. It rapidly suppresses the
disturbance impact and stabilises the system close to the reference
value with minimal oscillations. The initial response zone (high-
lighted with a magenta ellipse) further confirms the superior
damping capability of the proposed approach. 

Figure 13 displays the DC-link voltage trajectories for PI, FLC,
and proposed M5P controllers during a reactive power variation
event. The PI controller experiences significant overshoot and
slow settling, while the FLC shows improved damping but still
deviates from the reference. The proposed M5P controller exhibits
the most stable and accurate response, rapidly converging to the
reference value with minimal overshoot, confirming its superior
voltage regulation capability under changing reactive power
conditions. 

Figure 14 compares the active power response of each control
strategy during the reactive power disturbance. The PI and
FLC controllers display substantial deviations, overshoot, and
prolonged oscillations before stabilising. In contrast, the proposed
M5P controller demonstrates a swift and smooth transition to the
desired active power set point, with minimal transient oscillation
and steady-state error. This highlights the M5P controller’s
enhanced adaptability and accuracy in active power control
under reactive power variation. 

Figure 15 illustrates the system’s reactive power response fol-
lowing a step change in reference. The PI controller results in
14 of 19
large oscillations and delayed settling, while the FLC reduces
oscillatory behaviour but does not eliminate steady-state error. 
The proposed M5P controller achieves rapid convergence to 
reference, maintaining a stable and consistent reactive power 
profile with negligible overshoot and disturbance. The zoomed-in 
view further emphasises the M5P controller’s superior transient
and steady-state performance compared to the conventional PI 
and FLC strategies. 

Figure 16 depicts the steady-state performance of the DC-link
voltage for the PI, FLC, and proposed M5P controllers compared
to the reference value. The PI and FLC controllers show notice-
able fluctuations and deviations around the reference voltage, 
indicating less precise regulation. In contrast, the proposed 
M5P controller consistently maintains the DC-link voltage at 
the reference level, with minimal variation. This demonstrates
the M5P controller’s superior steady-state accuracy and voltage 
stability. 

Figure 17 presents the steady-state active power response under
all control strategies. Both PI and FLC controllers exhibit persis-
tent oscillations and deviations from the reference active power,
while the proposed M5P controller quickly settles and closely
matches the reference value. The reduced oscillatory behaviour 
and improved tracking accuracy of the M5P method highlight
its effectiveness in maintaining active power stability during 
steady-state operation. 

Figure 18 shows the steady-state reactive power profiles for the
three controllers. The PI and FLC controllers suffer from signifi-
cant oscillations and frequent deviations from reference, whereas 
the proposed M5P controller demonstrates a stable and smooth
IET Renewable Power Generation, 2026
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FIGURE 17 DC-link voltage in steady state. 

FIGURE 18 Active power in steady state. 

FIGURE 19 Reactive power in steady state. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE 4 Performance benchmarking. 

Controller THD (%) Worst harmonic (%) 

PI 0.57 0.015 (7th) 
FLC 0.53 0.050 (7th) 
Proposed M5P 0.20 0.027 (5th) 
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response with minimal steady-state error. The zoomed detail fur-
ther confirms the M5P controller’s ability to suppress oscillations
and precisely regulate reactive power, ensuring optimal power
quality and system reliability. 

The conventional PI controller exhibits significant overshoot ( ± 18
A), as shown in Figure 19 . Current distortions persist beyond 0.15
s, indicating limited dynamic response to voltage disturbances.
The PI controller demonstrates significant low-order harmonic
pollution (0). Harmonics up to the 15th order exceed 0.008% of
the fundamental, with pronounced 5th and 7th harmonics. The
THD of 0.57% is comfortably far from the IEEE 519-2014 limit for
distribution systems ( < 5%). 

Figure 20 demonstrates that FLC reduced THD marginally to
0.53% versus PI, suppressing harmonics above order 11. However,
a harmonic component of 0.05% appears from orders 5 and 7.
The proposed M5P strategy introduces robust current control,
as illustrated in Figure 21 , reducing the THD to 0.20% – a 62%
IET Renewable Power Generation, 2026
improvement over FLC and 65% over PI, as shown in Figure 22 .
Harmonic magnitudes collapse below 0.005% above the 7th order,
demonstrating effective switching frequency ripple attenuation. 
Critically, the 3rd harmonic vanishes, confirming the strategy’s
robustness against grid imbalances. A quantitative comparison 
of harmonic performance for all controllers is presented in
Table 4 , confirming the superior THD suppression capability of
the proposed M5P approach [ 4, 23, 40 ]. The complete harmonic
spectrum comparison of the PI, FLC, and proposed M5P con-
trollers is shown in Figure 23 , which clearly demonstrates the
substantial reduction of low-order harmonics and verifies the 
overall improvement in power quality achieved by the proposed
intelligent control method. 

In summary, the proposed M5P controller demonstrates superior
performance over traditional PI and FLC strategies, offering 
improved accuracy, reduced overshoot, faster settling time, 
and enhanced reference tracking under dynamic conditions. 
Its integration with GVM results in a highly responsive and
robust control strategy, ensuring effective regulation of the DC-
link voltage, the active power, and the reactive power. The
M5P controller demonstrates robust disturbance rejection and 
improved transient and steady-state stability, thereby enhancing 
the reliability and power quality of grid-connected systems. 

5 Conclusion 

This study introduced an intelligent enhancement to the DPC
strategy for three-phase PV inverters by integrating GVM and
assessing three DC-link voltage control techniques: PI, fuzzy 
logic control, and a novel M5P decision tree–based algorithm.
The results demonstrated the limitations of conventional PI 
controllers in terms of adaptability, precision, and dynamic 
performance, while FLC, although more effective in handling 
nonlinearities, still exhibited constraints in achieving optimal 
control accuracy. 

The proposed M5P-based controller, embedded within the DPC- 
GVM framework, outperformed both PI and FLC by providing
a data-driven, self-adaptive, and computationally efficient solu- 
tion. It achieved a significant reduction in THD to 0.20%,
enabled complete decoupling of active and reactive powers, 
and improved overall system stability without requiring manual 
gain tuning. The simulation outcomes validated the robustness
and effectiveness of the method under both steady-state and
transient conditions, establishing the DPC-GVM-M5P approach 
as a promising next-generation control solution for PV grid
integration. 

Future research may focus on the real-time implementation of
the proposed controller and investigate its performance under 
15 of 19
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FIGURE 20 PI controller performance of the three-phase current. 

FIGURE 21 FLC controller performance of the three-phase current. 

FIGURE 22 Proposed M5P controller performance of the three-phase current. 

FIGURE 23 Spectrum of THD with PI-FLC and the proposed M5P control. 
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fluctuating irradiance, grid disturbances, and hardware-in-the-
loop environments to further validate its practical applicability. 

Nomenclature 

Abbreviations 

GVM grid voltage modulation 

PWM pulse width modulation 

VSI voltage source inverter 

PCH port-controlled Hamiltonian 

MPPT maximum power point tracking 

DPC predictive direct power control 

ANN artificial neural network 

SMC sliding-mode control 

RMSE root-mean-squared error 

Symbols 

I0 diode saturation current 

Pm maximum power 

u𝛼, u𝛽 outputs of inverter voltages in the αβ frame 

Vmp maximum power voltage 

𝑢1 , 𝑢2 inputs of inverter voltages 

Imp maximum power current 

NS number of photovoltaic cells connected in series 

Eg gap energy 

NP number of photovoltaic cells connected in parallel

𝑒𝑃 , 𝑒𝑄 active and reactive power errors 

𝑉𝑔 voltage of grid 

TS sample time 

R resistance of the filter 

yP , yQ measured active and reactive powers 

L inductance of the filter 

𝑦𝑝, ref , 𝑦𝑄, ref reference value of active and reactive powers 

C DC-link capacitor 

G solar irradiance (W/M2 ) 

ISC short-circuit current 

UP GVM control inputs of active power 

VOC open-circuit voltage 

UQ GVM control inputs of reactive power 

𝑍− 2 , 𝑍− 5 memorised previous input value of error 

Kp proportional gain of PI controller 

𝑢𝑑 , 𝑢𝑞 GVM inputs in the d –q reference frame 

Ki integral gain of PI controller 
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