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Photovoltaic water pumping systems (PVWPSs) are increasingly deployed in remote
and off-grid regions where grid extension is technically infeasible or economically
prohibitive. However, their performance is significantly affected by fluctuating solar
irradiance, temperature variations, and the nonlinear dynamics of the electric motor and
mechanical load. To address these challenges, this paper proposes an integrated control
framework combining reinforcement learning (RL)-based strategy for the PV optimal
operating point tracking and ADRC scheme enhanced by dynamic surface control
(DSC) and RL-based induction motor (IM) speed regulation. The RL-based MPPT
estimates the MPP, while the ADRC-DSC structure with RL compensation ensures
smooth speed tracking while effectively rejecting load torque disturbances. The
proposed control strategy is evaluated through comprehensive simulations and
benchmarked against conventional P&O/IM-based PID and sliding mode control
(SMC) approaches. Quantitative results demonstrate that the proposed method achieves
up to 97.7% and 89% reduction in power oscillations compared to P&O/PID and SMC,
respectively. Moreover, the normalized speed mean square error (NSMSE) is reduced
by 13.9% and 2.1% compared with P&O/PID and SMC, respectively. Additional
improvements in torque estimation accuracy, current quality, flux ripple mitigation, and
water pumping efficiency confirm the robustness and effectiveness of the proposed
control framework.
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1. Introduction

Energy plays a fundamental role in supporting
modern society and economic development. Since the
industrial revolution, global energy demand has
increased rapidly, resulting in accelerated depletion
of fossil fuel resources. This trend threatens the long-
term sustainability of human civilization. At the same
time, greenhouse gas emissions from conventional
energy generation have continued to rise, intensifying
climate change and environmental degradation.
Addressing these challenges requires a global
transition toward low-carbon energy systems that
ensure secure, clean, and affordable energy access. In
this context, renewable energy sources have emerged
as viable and sustainable alternatives. Among them,
solar energy has attracted particular attention due to
its abundance, wide availability, and minimal
environmental impact, making it a promising solution
for sustainable energy development [1].

Photovoltaic water pumping systems (PVWPSs)
have gained increasing importance, especially in
remote and isolated regions where grid extension is
technically difficult or economically unfeasible. In
such areas, PV-based pumping solutions represent an
effective tool for promoting sustainable development.
Among the available solar energy technologies, PV
systems are the most broadly implemented solution
for the direct generation of electrical power from
sunlight. In PVWPSs, electricity generated by PV
arrays has been used to drive water pumps for
domestic supply, irrigation, and livestock watering
[2] and [3]. Several studies reported that, when
properly designed, PVWPSs offered a cost-effective
and energy-efficient alternative to conventional grid-
connected or diesel generator—driven pumping
systems, particularly in rural applications [4], [5] and
[6]. Despite these advantages, PVWPSs continue to
face several technical challenges. These challenges
include the nonlinear current-voltage characteristics
of PV arrays, the inherently low conversion
efficiency of PV modules, and the presence of a
single operating point corresponding to maximum
power extraction that varied with irradiance and
temperature [7], [8], [9] and [10]. Therefore,
maintaining operation at the photovoltaic array’s
optimal power condition is a critical factor in
achieving high system efficiency.

To address these challenges and ensure reliable
performance, it is essential to implement effective
control strategies for PVWPSs [11]. Indeed, optimal
control not only enhances system efficiency but also
ensures stable and robust operation under varying
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environmental conditions. Over the years, researchers
have proposed a wide range of control techniques for
PVWPSs, including maximum power point tracking
(MPPT) methods, frequency stabilization, voltage
regulation and load matching. Among these, MPPT
plays a particularly critical role, as this mechanism
ensures that the PV array operates close to its optimal
power point even in the presence of irradiance and
temperature variations. MPPT algorithms are
generally grouped into two categories: conventional
approaches, most effective under uniform irradiance,
and advanced approaches that rely on stochastic
optimization or artificial intelligence. While
conventional methods are simple and widely adopted,
they often struggle to maintain accuracy in conditions
of partial shading or rapid variations in solar radiation
[12]. Commonly used conventional algorithms
include fractional short-circuit current (lsc),
Incremental Conductance (InCond), Hill Climbing
(HC), Perturb and Observe (P&O), fractional open-
circuit voltage (Voc), ripple correlation control and
load current/voltage maximization. Within this class
of techniques, the P&O and InCond algorithms are
widely adopted because they offer a good balance
between implementation simplicity and tracking
accuracy [12]. In the P&O technique, the operating
voltage of the PV array is incrementally modified,
and the resulting power variation is analyzed to guide
the adjustment process. Unlike P&O, the InCond
method determines voltage regulation by analyzing
the relative behavior of instantaneous conductance
(I/V) and incremental conductance (AI/AV), thereby
enhancing the accuracy of maximum power point
tracking.

Despite  their  widespread adoption, the
aforementioned conventional methods often suffer
from persistent deviations around the optimal power
operating condition and reduced responsiveness
under rapidly varying operating conditions.
Similarly, traditional proportional-integral (PI)
controllers with fixed gains lack adaptability, making
them less effective in compensating for parameter
variations and environmental uncertainties. These
limitations typically result in slower response times
and reduced tracking accuracy. To overcome such
challenges, researchers have increasingly turned to
advanced intelligent control strategies. For instance,
in Stitou et al. (2019) [13], an output-feedback control
approach was developed for sensorless PV systems
with integrated MPPT, while Stitou et al. (2022) [14]
proposed an adaptive output-feedback scheme for
uncertain PV systems. Both studies employed
backstepping-based techniques, which, although
effective, may encounter practical difficulties due to
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the well-known "explosion of complexity" inherent to
conventional backstepping methods. Further, Djeriou
et al. (2018) [15] investigated the Golden Section
Search (GSS) method to enhance the overall
efficiency of standalone PV water pumping systems
(SPWPS). This approach demonstrated robustness,
immunity to perturbations, and improved system
efficiency, resulting in higher water output and faster
transient response. The algorithm directly determines
the reference voltage and current values. Although
effective, this method involves significant
computational overhead and requires considerable
time during implementation. Chen et al. (2025) [16]
presented an irradiance-sensorless MPPT controller
for photovoltaic systems based on PSO-assisted
integral backstepping and immersion—invariance
control, achieving zero overshoot, fast convergence,
and high efficiency. The proposed control technique
was  validated  through  simulations  and
microcontroller-in-the-loop experiments; however,
further validation on full hardware platforms and
under severe partial shading and long-term operating
conditions remains necessary. Abena Malobe et al.
(2023) [17] proposed an MPPT controller that
employs a Neuro-Fuzzy approach for PV arrays
affected by partial shading. The designed controller
improves tracking accuracy and power extraction,
though the study focuses on specific shading
scenarios, limiting generalizability. Imani and
Delavari (2017) [18] optimized a PD-type fuzzy
controller using Particle Swarm Optimization,
enhancing tracking speed and accuracy under varying
conditions. Yet, the developed control technique may
face challenges related to computational complexity
and performance under highly dynamic or partial
shading environments. Xiao et al. (2026) [19]
developed an MPPT strategy combining Long Short-
Term Memory neural networks with the Improved
Hunger Games Search Optimization Algorithm. The
designed controller improves prediction and
convergence speed, though its complexity and
reliance on training data may limit real-time
application and generalization. Ali et al. (2025) [20]
designed a robust Backstepping Super-Twisting
MPPT controller for dynamic shading conditions that
reduces power fluctuations and improves response
time. Yet, the increased algorithmic complexity could
hinder the developed controller’s real-time
implementation and scalability. Dunna et al. (2024)
[21] introduced a Super-Twisting MPPT control
using a higher-order sliding mode observer for grid-
connected PV/battery systems, enhancing robustness
and reducing chattering, but the complexity may raise
computational demands, limiting applicability in
large-scale or cost-sensitive installations.
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Other contributions have explored artificial
intelligence (Al)-driven approaches. In Priyadarshiet
al. (n.d.) [22], with the integration of an adaptive
neuro-fuzzy inference system (ANFIS) with a
modern Luo converter and the Flower Pollination
Algorithm (FPA), the system produced precise PV
outputs and eliminated steady-state oscillations
around the maximum power point under fluctuating
solar irradiance. Similarly, Akkaya et al. (2007) [23]
introduced a multilayer perceptron neural network
optimized with a genetic algorithm (GA) for MPPT
applications, employing the Levenberg—Marquardt
algorithm for training, whereas Elkholy et al. (2016)
[24] applied an ANN-based controller to a three-
phase induction motor pump (IMP) system, allowing
the PV array to deliver maximum power under
dynamic environmental conditions while limiting
losses in the motor. Moreover, El-Khatib et al. (2017)
[25] proposed a Simplified Universal Intelligent PID
(SUI-PID) approach, demonstrating superior rise
time and faster transient response compared to
standard fuzzy logic controllers. Although such
intelligent methods demonstrate superior precision
and faster dynamic response compared to classical
techniques, they often involve high computational
complexity and intricate design requirements [12].

Since the motor is responsible for driving the
pump, it has a significant impact on the performance
of a PVWPS. Several studies have emphasized the
significance of motor selection and control in solar
pumping applications, as an efficient motor reduces
the required number of PV modules for a given power
demand, thereby lowering the system’s capital cost
[26]. Based on the application, both DC and AC
motors have been widely employed in PVWPSs. In
the early stages of solar pumping development, DC
motors were often preferred due to their ability to
interface directly with PV panels, which generate
direct current. However, AC induction motors (IMs)
are now more common because of their robustness
and suitability for large-scale pumping applications,
though their nonlinear dynamics make control
challenging [27]. The scalar control approach is
frequently used for its simplicity and cost-
effectiveness, yet it exhibits poor torque performance
at low operating frequencies [28]. To overcome this
limitation, indirect field-oriented control (IFOC) has
been introduced, offering precise speed regulation
and consistent torque delivery across a wide speed
range [29] and [30]. Nevertheless, IFOC performance
is dependent on precise motor parameter
identification, which can be difficult to maintain in
real-world operating conditions. Direct Torque
Control (DTC) is increasingly adopted as a promising
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alternative, providing direct regulation of flux and
torque without extensive reliance on machine
parameters. Its simplified structure eliminates the
need for inner current loops, while delivering faster
dynamic response, higher efficiency, and stronger
robustness under variable conditions [31], [32], [33]
and [34]. For speed control, proportional—integral
(PI) controllers remain the most commonly applied
solution due to their simplicity and ease of
implementation. Yet, they exhibit drawbacks such as
overshoot, oscillations, and sluggish transient
response, particularly under load variations or
parameter uncertainties [35]. These shortcomings
highlight the necessity of advanced control strategies
to ensure high efficiency and reliability in PV-driven
motor systems. Within PVWPS applications,
deploying an optimal speed controller not only
enhances system dynamics but also enables earlier
operation, increases water yield, and extends daily
runtime. As a result, solar energy utilization is
maximized, leading to improved productivity and
greater reliability under fluctuating environmental
conditions.

Sequential  decision-making  problems are
common in both natural and engineered systems. For
example, an infant learning to walk performs a series
of trial-and-error actions, receives feedback from the
environment, and gradually improves its gait. This
process is formally described by the Markov Decision
Process (MDP) framework, which provides a
structured mathematical approach for representing
decision-making in uncertain environments. An MDP
is characterized by four elements: the transition
probabilities T(s,a,s"), the set of actions A, the set of
states S and the reward function R(s,a,s).
Reinforcement Learning (RL) builds upon this
framework, enabling an agent to learn a decision-
making policy n(als) by directly interacting with the
environment. The agent selects an action, observes
the new state and numerical reward, and then
improves its policy over time to maximize cumulative
reward. Among various RL algorithms, Q-learning is
widely used due to its simplicity and effectiveness: it
learns the optimal state—action values by iteratively
updating a Q-table using temporal-difference (TD)
learning. The trade-off between exploration and
exploitation is commonly handled through an e-
greedy policy, which balances random exploration of
actions with the exploitation of learned knowledge.

In the context of PV energy systems, MPPT
represents a sequential decision-making problem well
suited to RL. The PV system operates in a nonlinear
environment influenced by irradiance and
temperature variations, making the location of the
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maximum power point (MPP) dynamic and
uncertain. Traditional MPPT methods such as P&O
or IncCond rely on deterministic rules and often
suffer from oscillations or slow converge when
environmental conditions change quickly. By
contrast, RL-based MPPT treats the controller as an
agent and the PV array as its environment: the state is
defined by operating conditions (such as changes in
power), the action corresponds to adjusting the
control input (voltage or duty cycle perturbation), and
the reward reflects the improvement in harvested
power. The agent interacts with the PV system in
discrete steps, learns from the observed feedback, and
adapts its control policy online, thereby overcoming
the limitations of static rule-based approaches.

Although existing studies, such as Chou et al.
(2019) [36], have demonstrated the feasibility of
applying Q-learning to MPPT, many of these
approaches rely on large state—action discretization
and directly update the duty cycle, leading to high
memory demand and potential instability in hardware
implementation. In this work, we propose a
simplified RL-Q MPPT framework that introduces
several innovations. This study makes the following
contributions:

. A novel reinforcement learning—based
MPPT strategy is proposed in which the state space is
reduced to only two states (power increasing and
power decreasing). This drastic reduction
significantly lowers computational complexity and
memory requirements compared to existing RL-
based MPPT approaches.

. Unlike conventional RL-MPPT methods
that directly perturb the duty cycle, the proposed
approach adjusts the reference voltage associated
with the estimated MPP. The duty cycle is computed
indirectly from the converter’s input—output
relationship, resulting in smoother control action,
improved stability, and enhanced hardware safety.

. An integrated control architecture is
developed that jointly addresses energy extraction
and motor drive performance. The proposed
framework combines the simplified RL-based MPPT
with an active disturbance rejection controller
(ADRC) based dynamic surface control (DSC) and
RL technique for the electric motor to ensure fast and
robust speed control, while mitigating the adverse
effects of load disturbances. By jointly optimizing
energy extraction and motor speed regulation, the
proposed approach significantly enhances system
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efficiency, water yield, and operational reliability of solar panels, a DC-DC boost converter, a Voltage
PVWPSs. Source Inverter (VSI) and an IM that drives a
centrifugal pump as shown in figure 1. To maximize
The remainder of the paper is structured as energy extraction from the solar panels, MPPT is
follows. In Section 2, the modeling of the PVWPS is employed, adjusting the DC-DC boost converter's
presented. Section 3 outlines the proposed control duty cycle in real-time. Additionally, DTC is applied
methodology. Section 4 reports simulation outcomes to the IM via the VSI, enabling precise and efficient
and comparative evaluations. Finally, Section 5 management of the motor's performance. In the
summarizes the main conclusions. following, the dynamics governing each component
of the PVWPS will be presented. For components
2. Design of the PVWPS where the dynamics are not explicitly detailed, the
corresponding models and equations can be found in

In this section the PVWPS is established. The the relevant references [31], [32] and [33].

PVWPS is designed with key components including

PV Panel DC-DC Boost DC-AC
Convert Inverter

IM

Duty DTC
cycle Controller = .
Lt Ll

Centrifugal Pump

Figure 1. The PVWPS considered in this study

2.1. PV panel Table 1. The characteristics of the PV model
PV Array PV Single
. . . . Parameters
The quantity of PV panels is determined in - model model
proportion with respect to the nominal power rating Short circuit current 8.48 8.48
of the IM, which in this study is specified as 1.5 kW. (Iec) [A] ' '
To account for the inherent losses within the PVWPS, Open circuit voltage
. 36.96 295.68
the generated power must exceed the nominal power Vo) [V1
rating of the IM. The PV system selection is guided Maximum power 235 1880
by the relevant equation as follows (Prpp) [W]
Maximum current
7.99 7.99
Pmpp = Np X Impp X Ns X Vmpp (1) (Impp) [A]
Maximum voltage
235.36 29.42
Vmpp) V]
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In this study, the numerical simulations employ
eight PV panels configured in series to fulfill the
required energy demand effectively. The model of the
PV array is implemented within the Matlab/Simulink
platform adopting the T5-SER-235P module. The
selected single PV module and the configured PV
array model detailed characteristics are provided in
table 1. Figure 2 illustrates the simulated 1-V and P—
V characteristics of the PV module in Simulink,
obtained under Standard Test Conditions (STC) of
25 °C temperature and 1000 W/m? irradiance.

10 )
1 A2
— 0.9 kW/m
< Q0.8 kW/m
b=
25
5
O
0 N N A
0 50 100 150 200 250 300
Voltage (V)
2000 ]
N2
: m
£ 1500 - SO-8WWV/m?
= g
£ 1000 i
[$) =
o
500
* » g A~
0 50 100 150 200 250 300
Voltage (V)

Figure 2. the current—voltage (I-V) and power—
voltage (P-V) curves generated from the PV module
model

2.2. PV Solar Module

Figure 3 presents the widely utilized equivalent
model of a solar module with a single diode
configuration, showing its electrical representation
and characteristics. This model is commonly
employed in photovoltaic system analyses and
simulations due to its simplicity and effectiveness in
representing module behavior under varying
conditions.

The PV array output current, formed by the
combination of series and parallel PV panels, can be
computed using the following formula [35]

1(V RI
Ly, = Nplyp, — Nyl (exp (z (NL + N—’;) - 1) -

Np. (M + M))
Rsp \ Ns Np

(2)
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witth V, = ‘”;—T

Vpv

Figure 3. Equivalent model of a solar module

2.3. DC-DC Boost converter

A DC-DC converter operating in boost mode
serves as an intermediate regulator, linking the
photovoltaic array to the inverter. In this system, the
converter’s main purpose is to elevate the PV array’s
input voltage V,,, to a higher DC voltage V,. for
downstream components. This voltage conversion is
determined by the converter’s duty cycle a, which is
controlled using MPPT techniques. Figure 4 depicts
the DC-DC boost converter equivalent circuit.

BOOST

™~
L1 "

A 4

Vpy -

Figure 4. Boost converter.

To guarantee continuous conduction mode
(CCM) operation, the boost converter parameters—
namely the duty cycle a, the input inductance L,,,
and the DC-link capacitance C;.—are carefully
selected. The duty cycle a is computed using the
relationship given below

__ Vmppy
Vdc

3)

a=1

The value of the boost converter inductor is
obtained based on the relationship given below

_ @Vmppv
Lpw = =71 4

The inverter input DC-bus voltage V. is selected
according to the rated characteristics of the induction
motor. The calculation typically follows the
relationship
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_ 2

Vae = 25 Vi

(5)
with V;; stands for IM RMS line voltage.

The DC-link capacitor voltage is designed to
provide sufficient energy buffering during operating
disturbances, including variations in environmental
conditions and load demand, and is calculated using
the expression below

_ eavpLit
Cae = Bvgz-vi ©
where [, is the line current of IM, V,. and Vj, are
respectively the measured and reference values of the
DC bus voltage and t is the time duration that the DC
link voltage needs to be modified. The boost
converter computation parameters are given in table
2.

Table 2. Boost converter parameter values

Parameters Values
V. [V] 400
Cac [UF] 1172
A 0.41

L [mH] 3

2.4. Induction Motor (IM)

Various types of motors are employed in solar-
powered water pumping systems, each with unique
characteristics. For instance, synchronous reluctance
motors [37], induction motors (IM) [38], [39] and
permanent magnet synchronous motors [40] have all
been explored for driving water pumps. Among these,
induction motors are commonly favored in PVWP
applications due to their robust design, widespread
industrial use, cost-effectiveness, and affordability.
These qualities make them a reliable choice compared
to other commercially available motor types [41].

The IM dynamics in the (a — ) reference frame
can be expressed through mathematical equations that
account for its electrical and mechanical behavior.
These equations typically involve variables such as
stator and rotor currents, voltages, flux linkages, and
electromagnetic torque, described in the two-phase
(a — B) coordinate system. The IM parameters are
provided in table 3.

Voltages of rotor and stator in the (a-f) reference
frame [31]
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APra
(0 = erra + (St + wm¢r,8
Ay
| 0= Rr[r[i + dtB + wm¢ra
{ ddsa (7)
Vsa = Rslsq + Tdr
des
l Vig = Rlgg +—F
Table 3. IM parameters
Parameters Values  Parameters Values
Nominal
power [KW] 15 R 19] 4
Nominal
current [A] 6.4/3.7 L [H] 0.47
Numberof oy L, [H] 047
pole pair
Frequency
[Hz] 50 M [H] 0.44
Rated speed
1410 J [Kg/m 0.04
[rpm] f [Kg/m]
Factor o F
power 0.83 [N.msec/rad] 0.002
Voltage [V] 220/380 R, [Q] 8

Fluxes of rotor and stator in the (a — ) reference
frame

¢rﬁ = LrIrB + MISB
OPsa = Lslsq + M1y
¢sﬁ = LSISB + MITB

brq = Lylpq + Mg,
(8)

where L,, L, R, and R, respectively represent the
rotor and stator inductors and resistors, M is the
mutual inductor, and I,.q, I, Isq and Iy, are the rotor
and stator current in the (a — ) frame, respectively.

The electromagnetic torque T, produced by the IM
governs its rotational dynamics [33]

{Te = gp((psalsﬁ - ¢sﬁlsa) 9)
T.,— T, =Jo+bw
The mathematical model of the three-level
neutral-point-clamped (NPC) inverter is expressed in
the following matrix form as

Vg . 2 =1 —11[T11Ty; — T12Ths
Vp| = ngc -1 2 =1||T21T2z = T23T2a
Ve -1 =1 2 T3 T3; —T33T34
(10)
Figure 5 below presents the schematic

representation of the three-level NPC inverter.
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Vde

Figure 5. Three-level NPC inverter structure
2.5. Centrifugal Pump

The torque demand of the centrifugal pump is
modeled as being proportional to the square of the
induction motor rotor speed

_ 2
Toump = Kpump@

(11)
3. Proposed System Control Framework

This section outlines the development of two
distinct control strategies tailored to enhance the
PVWPS performance. The first control law is
designed to optimize the operation of the photovoltaic
(PV) subsystem, with a focus on maximizing energy
extraction and improving overall power conversion
efficiency. The second control strategy is dedicated to
regulating the induction motor (IM) that drives the
centrifugal pump, aiming to maintain stable and
efficient operation under varying load and
environmental conditions.

3.1. MPPT based Reinforcement Learning design

In this section, an advanced control strategy is
developed to realize an intelligent MPPT controller
capable of reliably extracting the maximum power
from the PV array under fast-changing irradiance and
temperature conditions. The proposed MPPT strategy
is formulated as a RL problem in which the PV
system acts as the environment and the controller as
the learning agent. At each sampling instant k, the
agent observes the PV panel voltage V,, current I
and bus voltage V,,, from which the instantaneous
power P, =V, I, is computed. A reward signal is
defined as the incremental power change r, = P, —
Py, which provides immediate feedback on whether
the previous action improved the operating condition.
The system state is discretized into two categories:
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s =1 if power increases (r, = 0) and s, =2 if
power decreases (r, < 0), enabling a compact Q-
table representation. Based on the current state, an
action a;, is chosen either randomly with probability
€ to ensure exploration, or greedily from the Q-table
to exploit prior knowledge. The action corresponds to
perturbing the reference voltage by +4V, yielding a

candidate reference /" which is then clamped to

safe bounds [V7¢/,v;7¢/]. The associated duty cycle

Vref
is calculated as ap,=1-— %

out
constrained within [,,in, @max] before being applied
to the converter. Learning occurs through a temporal-
difference (TD) update, where the previous state-
action pair Q-value is adjusted as

and further

Q(Sk—1, Ak-1) < Q(Sk—1, Ag—1) + 19(7'k +

ymax,Q(sy,a’) — Q(Sk—l'ak—l)) (12)

Table 4 summarizes the pseudo-code used to
implement the proposed MPPT strategy, while Figure
6 illustrates the corresponding flowchart.

Table 4. Pseudo-code of Q-learning Vmpp-
reference MPPT

Inputs (at step k)
Measured PV voltage V,, PV current I, DC-bus

voltage V,,

Persistent Variables

Q-table Q € R?*2, previous state sj,_;, previous
action a,_,, previous power P,_;, previous
reference voltage V!

Hyperparameters

Learning rate 9 > 0, discount factor y € [0,1),
exploration rate € € [0,1], voltage step AV > 0,
bounds limits

reference duty

Vmin' Vmax1

Xmin» ¥max

Procedure (atstep k —» k + 1)
1. Power Measurement and Reward
Computation
Py < Vi
T < Pe = Prq

2. State Determination
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1, = 0(power increase)
1 < O(power decrease)

s
3. Action Selection (g-greedy)
e  With probability ¢: select a; randomly
e  Otherwise:
a, < argm&ele(sk, a)

4. MPP Reference Voltage Update

et (VETHAV, ap=1
Vk+1 = Vref AV _
x —AV, a, =2

vk
5. Q-Table Update (Temporal-Difference
Learning)

ref,*
< Sat(Vk+1 ’ Vmin' Vmax)

O «m + ymax Q(sk,a’) — Q(Sk—1, A—1)

Q(Sk-1,Ax-1) < Q(Sk—1, A1) + 98
6. Duty Cycle Computation

LV
Ape1 < 1—
k+1 Vout
7. Duty Cycle Scheduling and Saturation
ai @ — {[amin' amax]: k< ksch
i Tmax [amin' amax]' k = ke,

Ag+1 < sat(0>'k+1' Xmins amax)

8. Variable Update
Pioi < Py, o < Spo Gy < @, Vit < Vi

9. Output: Duty cycle a4

Remark 1. The primary benefit of scheduling
duty-cycle bounds in the Q-learning—based MPPT
algorithm lies in enhancing stability and ensuring
reliable convergence during startup and the early
stages of learning. By restricting abrupt variations in
the duty cycle at system initialization, the controller
avoids sudden voltage and current transients that
could otherwise stress both the PV module and the
power converter. This precaution is particularly
critical at the beginning, when the Q-learning agent
has limited knowledge of the system dynamics.
Without such bounds, large duty-cycle adjustments
could induce significant power fluctuations, leading
to a noisy and less informative reward signal.
Gradually constraining duty variations allows the
algorithm to learn in a more controlled manner,
thereby improving the smoothness and stability of the
learning process.
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Q-learning Vy,p,,- Reference MPPT

[ Read inputs Vi, Iy and Ve ]

{ Compurc Pk, = Vk * Ik ]

[ Reward 73, = Py — Pr—1 ]

Yes
Sy =1 (Power 1)
Ng S =2 (Power {)

L Select action @y ]

.
{ Update reference voltage Vk’f{ 4
[

[ D Up;arc 5 & QJ

|
v

L Compute duty cycle @41 }

v

[ Clamp: @iy < Aysq) S Aoy J

Output Duty &,
to Converter

Figure 6. Proposed MPPT based Reinforcement
Learning flowchart

3.2. Active disturbance rejection control based
dynamic surface and RL IM control

3.2.1 Problem Formulation and Control Objective

The control strategy adopted in this work is Direct
Torque Control (DTC), which regulates the
electromagnetic torque T, by directly selecting
appropriate stator voltage vectors. By ensuring fast
torque response, DTC allows the motor speed to
closely track its reference.

To enhance robustness against load disturbances
and parameter uncertainties, an Active Disturbance
Rejection Control (ADRC) scheme combined with
Dynamic Surface Control (DSC) and Reinforcement
Learning (RL) is proposed. In this framework, the IM
speed is regulated through DTC, while disturbances
are estimated online using an extended observer
augmented with RL.
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Considering the mechanical dynamics of the IM,
the rotor speed o is governed by
Jo=bw+T,—T, (13)
where T; is the load torque T, is the mechanical

torque, w is the rotor speed, J and b are the IM design
parameters.

By virtue of Euler’s discretization technique, the
above presented continuous mathematical model of
IM rotor speed can be transformed into the following
discrete-time form

bT. T. T.
Weyq = (1 _Ts) w; +75ut —TSdt

(14)
where u, =T,, d; = T, is viewed as disturbance to
the system and T is sampling period.

3.2.2. RL-Enhanced Extended State Observer
(ESO)

Within the ADRC framework [42], the
disturbance d, is incorporated as an additional system
state. A second-order Extended State Observer (ESO)
is constructed to estimate both the rotor speed and the
lumped disturbance. Unlike conventional ESOs, the
proposed observer integrates an RL agent to improve
disturbance estimation accuracy. The observer
dynamics are defined as

Dear = (1- I’TT) @, +§ut —%dt + 1w, — @)
dey1 =V
(15)
where @, and d, are the estimate of w, and d,,
respectively and [ is the observer gain which is
obtained by means of bandwidth-parameterization

strategy [43].

3.2.3. Actor Neural Network for Disturbance
Estimation

In the proposed scheme, the disturbance estimate
v is generated by an actor neural network. The actor
learns an optimal policy m(:| s) that maps the system
state to an action a, representing the disturbance
estimate.

Let v denote the output of the actor neural
network, which provides the total disturbance
estimate, with a ~ m(:| s). The ideal policy model
can be expressed as m = 6"p,(s) + &, while its
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practical approximation is represented by 7 = 6p,
(s), where a is the corresponding action and s
denotes the RL state. The loss function corresponding
to the policy m is constructed by employing the
Kullback-Leibler (KL) divergence, which quantifies

the discrepancy between the ideal and the
approximated policies, and is given by
Lo(t) =+ 3N, (ulog(n(als)) = J(s,@))  (16)

where, u represents the regularization coefficient. To
avoid excessive parameter variation, the actor update
law is constrained as

aLg(t) aLg(t)
, 0=s—+-<0o¢
0. = a 98(j) 26y a (17)
® = _ dLg(t)
ava’ 69(,4) a

where p, denotes the actor neural NN learning rate,
which governs the step size of parameter updates
during training.

This online learning mechanism enables the ESO
to adapt to changing operating conditions without
relying on offline datasets.

3.2.4. Critic Neural Network and Cost Evaluation

The critic network assesses the control policy’s
long-term performance using the discounted cost
function

Je = X0 BXR(t + k) + H(m) (18)
where H(m) is the policy entropy, B8 denotes the
discount factor. The instantaneous reward is defined
as

R(k) = —(Qu,ef + Ry,uf) (19)
where e, = w; — Wy 5 IS the tracking error, wy ¢ is
the reference speed, Q,,, and R,,, are positive definite
weighting matrices. Define the actual cost-to-go
function as J.(s,a,t) = w*T8.(s,a) + & and its
approximation as J. = w*T§8,.(s,a). Since the true
J.(s,a,t) is generally unavailable, the weight update
loss function is formulated using a temporal-
difference approximation as follows

L (® = (0@ + Blus,at + 1)~ Juls,a,0)
(20)

Subsequently, the critic NN update rule is given
by
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Ly (t)
¢ BW(L')

(21

Wy =

with p. denoting the critic NN learning rate. To
ensure stability and prevent network excessive

divergence, the parameter updates are constrained

such that 0 < aaL‘:/V(t) < o.. Under this condition, the
bl

parameter update law is expressed as

L, 0(® g dl(®) _
¢ ow(y ’ - ow(y -
W(i) = ALy () (22)
—PcO¢) aw;) c

3.2.5. Controller design and stability analysis

To continue with the design of the IM control law,
the following Lemma is introduced
Lemma [44]. Considering a given nonlinear system

whose states are defined as

Me =
(7100 M2 ...,nnyk]Te R™ and a Lyapunov functional
candidate V;,, . Then, the entire states 7, of the closed-

loop is exponentially mean-square (EMS) stable and
satisfies
0
E{lInell?} < Z1nll2(1 — w)* + = (23)
1 1
with 71, € R™ the provided initial condition, if there

existreal scalarsv; > 0,v, > 0,0 2 0and0 < w <

1 such that

vy llmell? <V, < vplimill? (24)
and

IIE{VTIk+1|77k - V;Ik} = wV??k +6 (25)

Moreover, the following assumption is made to
facilitate the design of IM speed controller in the
subsequent section.

Assumption: for Vv t, the first-order and the second-
order differences of the IM speed reference are
assumed to be bounded, that is |w, — a; ¥f25 w;| <
by and |wt+1,ref — QWi rer — A3 i=o wi' < b,,
hold, where a;(;=1,,3) > 0 and b; , > 0 are unknown
constants denoting the matching upper bounds.
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Hence, a dynamic surface, structured as a
proportional-integral is designed as follows

Se=Ae + A, (26)

l 0 el
where 1, and A, are positive constants.

To ensure rotor speed error convergence, the
desired torque can be calculated by

u, = —kS; + kl(wt,ref
~ 1 5
a)i) + )L_ldt

- at) + kz Zg;é(wi,ref -
(27)

Based on Lyapunov’s stability theory, the
candidate function used for stability assessment is
defined by the following expression
Ve = S¢ (28)

Accordingly, the Lyapunov function difference is
determined
Vt+1 Vt

St2 = (5t+1 - St)(St+1 +5)

(29)

St —

Combing equation (14) and (26), the following
expression can be derived

A1KkTs A1bTs

_ A1KkTs & _
Sper = §+2E S+[(2+2,

A1kq T A1k T, t—1
— S) wWe — (—] > — /12) i=0 wi] - [/11wt+1ref -

A1k4T. ArkoT.
( ]S_Az)wtref_( ]S ) LOwl]_
Ts g 4 MakTs

szs t-1 o
7 —XiSo

(30)

Next, it can be readily derived from equation (30)
that the following must be hold to satisfy the above
assumption

A1bTs  AqkqTs

(ll + lz - ] > 0
Lakels _ 2, >0 (31)
k MkaTs _ A, >0

Accordingly, equation (30) is rewritten as follows

A1KkTs

St41 = — Se+Y (32)
where Y= [(Al+/12—%—@)wt—
(AII;ZTS Az) 5_3 wi] - [Alwt+1,ref - (# -

A1k Ts

AZ) wt,ref ( 7

)z

(‘)i]—l'%s"_
]
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Ts 5 A kTs ~ A1koTs _t—1 ~
Tdt + ' W + _] Zi=0 Wi,

S,=8,—S,andd, = d, — d,.

Wy = wp — Oy,

Substituting equation (32) into equation (29)
results in

A1KkTs

Vier = Ve = (Spe1 — S ) (S + Sp) = (—

Y-S5, (—’“;‘TSSt +Y+5)=(-(1+

%)st+y)<(1—%)st+\(>=—<1—

S +

] ]
2
(’“%) )55—2@5;{%{2 < —(1—

2kT\ 2 2 2
2(—] ) )St +2Y (33)

In order to ensure that the variation of V, is
negative, i.e.,
Ve =V <0 (34)

The controller gain k should satisfy the following
condition

] (35)

k<11TS\/E

Therefore, for any values of the controller gain k that

meet condition stated in (35), the inequality 0 < 1 —
2
2 (@) < 1 holds. Further, it is always possible to

find some arbitrarily scalars v, > 0 and v, > 0 such
that

v |ISel1? S Vi < v, ]IS |17 (36)
Accordingly, one has
Vt+1 - Vt S _th + ZYZ (37)

wherew =1 — 2 (#)2

Referring to the Lemma, the system S, is EMS-
bounded and satisfies

2
EN SN2} < 211 Soll2(1 — @)t + 2 (38)
vy WV,

where S, stands for the initial condition.

It follows from (38) that @, is also EMS-bounded.
Thus, inequality (37) can be expressed in an

alternative form as
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Viey < (1 — @)V, + 2Y2 (39)

where its solution can be stated as
V, < (1 -@)V,(0) + 325 2Y2(1 — @)t (40)
and its upper limit is defined as follow

. 2Y?
lim V, < —
w

t—>+o

(41)

The above inequality (41) can further be reformulated

in the following

. 2Y2
lim §; < /—
t—+0o0 w

From the preceding analysis, it can be inferred
that, the system states S, will eventually reside in a
residual set &5, within a finite time step Nss,, with the

origin as its center, in a uniform manner.

2
6St = {St /St < ’%}

It is important to highlight that, the state S, will
stay confined within the region &g, and will not move
outside of it for any subsequent time steps, i.e., for
t > N, when the state enters this region.

(42)

(43)

4. Numerical simulation and discussion

Numerical simulations are carried out in this
section to evaluate the effectiveness of the proposed
control approach. To demonstrate both the
effectiveness and robustness of the developed
approach, it is compared against a fixed duty cycle
bound RL-based MPPT and a PID controller-based
speed controller. The overall simulation scheme is
presented in Figure 7. The parameter used to carry the
simulation are 9 = 0.01; y =0.9; ¢ =0.1, AV =
0.01;Q = 10; R = 0.001;1 = 18000; k = 13;k, =
400; k, = 400; A, =4; 1, = 3; and T, = 0.0001s.
The irradiation as well as the temperature profiles are
depicted in Figure 8 respectively.
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Figure 8. Irradiation and Temperature profiles

The simulation results are depicted in figures 9-
15. Specifically, figure 9 depicts the photovoltaic
power response, clearly demonstrating the enhanced
effectiveness of the proposed RL-based control
strategy compared to the fixed-duty-cycle RL-based
MPPT. The proposed method exhibits enhanced
robustness and significantly reduced oscillations,
highlighting its effectiveness. In addition, its
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maximum power point tracking performance exceeds
that of the fixed-duty-cycle RL-based MPPT, as
shown in Figure 9.a. Actually, by scheduling the duty
cycle bound the system performance is optimized,
even during the startup. By using scheduled duty
cycle bounds, the PVWPS operates more efficiently
while reducing energy waste and provide more water

supply.

Figure 10 illustrates the evolution of rotor speed
under both control strategies. The results show that
the proposed control method achieves faster and more
accurate convergence of the rotor speed to its
reference compared with the conventional PID
controller. In addition, the proposed control method
responds more rapidly and tracks the reference signal
in less time than the PID controller. This enhanced
performance can be attributed not only to the use of
the estimate rotor speed but also to the continuous
compensation of load torque load using the RL
throughout the simulation, enabled by the integrated
disturbance estimator. The latter plays a key role in
ensuring the convergence rotor speed to its reference
value, thereby significantly improving the system’s
overall precision and efficiency.

Figure 11 presents the electromagnetic torque
response for both control strategies. Simulation
results indicate that the proposed control strategy
substantially minimizes torque ripple relative to the
conventional PID controller. Additionally, it ensures
accurate tracking of the pump torque, effectively
addressing the deviations observed with the PID
strategy. This improvement contributes to enhanced
system reliability and operational efficiency, while
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also minimizing energy losses, mechanical stress, and
potential instability in PVWPS.
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Figure 11. Electromagnetic torque response

Figure 12 illustrates the motor flux responses. The
result demonstrates that the proposed control scheme
effectively minimizes flux ripple, outperforming the
conventional PID controller, highlighting its superior
performance and improved smoothness in dynamic
operation.

Figure 13 present the evolution of water flow
rates. It is evident that the proposed approach leads to
a noticeable increase in the volume of pumped water
relative to the PID method. This enhancement
becomes even more pronounced with increasing rotor
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speed during variations in solar irradiation, thereby
confirming the robustness and adaptability of the

proposed control strategy under time-varying
conditions.
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Figure 12. IM flux response
%107

PID
Proposed

=

r )

Water flow (mai s)

0 0.5 1 15 2 25 3 3.5 4
Time (min)

Figure 13. Pumped water response

Figures 14 and 15 show the stator current
waveforms. The proposed control technique produces
an almost ideal sinusoidal waveform, in contrast to
the distorted waveforms observed with the PID. This
result underscores the effectiveness of the developed
DTC approach in improving current quality, reducing
harmonic distortion, and improving the operational
effectiveness and energy efficiency of the PVWPS.

To validate the proposed control strategy, a
performance comparison is carried out against the
conventional P&O-based MPPT method.
Furthermore, a quantitative evaluation is performed
based on standard performance metrics, namely
power oscillations and the normalized induction
motor speed mean square error (NSMSE). As
illustrated in Figure 16, the proposed approach
exhibits a significantly improved dynamic response
relative to the P&O strategy.
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proposed control approach
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control strategy in comparison with the P&O

In particular, it achieves a substantial reduction in
steady-state fluctuations near the MPP, as clearly
evidenced in Figure 16 and quantitatively confirmed
by the results reported in Table 5. This improvement
highlights the superior tracking accuracy and stability
of the proposed method under steady operating
conditions.

To further assess the robustness of the developed
strategy, its performance is evaluated against a sliding
mode control (SMC) approach under abrupt
disturbances  conditions.  The  corresponding
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simulation results are presented in Figures 17-23.
These results consistently demonstrate that the
proposed control scheme outperforms the SMC
strategy across multiple performance indices.
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Figure 17. PV output under the proposed control
strategy in comparison with the SMC
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Figure 19. Electromagnetic torque response
under the proposed control strategy compared with
the SMC

Specifically, Figure 17 shows that the proposed
MPPT technique has markedly reduced oscillations
compared to the SMC method, indicating enhanced
robustness against environment condition variations.
Figures 18 and 19 illustrate the responses of rotor
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speed and electromagnetic torque, respectively. The
results indicate that the proposed control strategy
ensures a faster transient response while effectively
suppressing torque oscillations, in contrast to the
pronounced chattering effects associated with the
SMC approach. This behavior is particularly
advantageous for reducing mechanical stress and
improving the operational lifespan of the pumping

system.
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Figure 20. IM flux response under the proposed
control strategy compared with the SMC
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Figure 21. Pumped water response under the
proposed control strategy compared with the SMC

The stator flux responses are illustrated in Figure
20. The proposed control method significantly
reduces flux ripple relative to the SMC strategy,
thereby ensuring smoother electromagnetic operation
and improved dynamic performance of the induction
motor. This reduction in flux oscillations directly
contributes to enhanced efficiency and lower losses.

Figure 21 presents the evolution of the water flow
rate. The results indicate that the developed control
technique leads to a noticeable increase in the
pumped water volume compared to the SMC. This
improvement becomes more pronounced at higher
rotor speeds and during rapid variations in solar
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irradiation and temperature, demonstrating the
proposed approach’s ability to adapt and remain
robust under changing environmental conditions.

- . .
—~ 20F 21 Isa |
o 1% %% % %%
"0;':; 10 -3 } Isc [
e V'” \ q 'mlm"‘!“"””mﬁ‘ﬂﬂll|H"ll|NUIHIN)II][];\nn\nwmw”“”
g ° ﬁ'-\Mm"‘iWMilllmum..nm.n.mnnmnmnummnnnnmmnuulmnﬂmllllnmn
|
2-10f
S ]
P 20

0 1 2 3 4

Time (min)

Figures 22. Stator current response under the
proposed control approach
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Table 5. Performance indicators
Proposed P&O_
control technique/ SMC_
Irrad technique IM based technique
iatio PID control
n Oscil NS  Oscil NS Oscil NS
latio MS latio MS latio MS
n E n E n E
600 0.13 3.17 0.66
1000 0.13 10. 575 11. 118 10.
900 0.17 07 625 70 038 29
800 0.15 5.24 1.13

Finally, Figures 22 and 23 show the stator current

waveforms. The proposed control technique produces
nearly sinusoidal current profiles, whereas the SMC
approach results in visibly distorted waveforms. This
improvement demonstrates the effectiveness of the
proposed DTC-based strategy in enhancing current
quality, reducing harmonic distortion, and
consequently improving the overall performance and
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energy efficiency of the photovoltaic water pumping
system.

The quantitative results reported in Table 5 further
validate the proposed control technique superior
performance relative to the SMC approach.

5. Conclusion

This work introduces a novel control strategy for
photovoltaic water pumping systems (PVWPS),
integrating reinforcement learning (RL)-based MPPT
and ADRC enhanced by dynamic surface control
(DSC) and RL-based induction motor speed
regulation. Comprehensive numerical simulations
demonstrate that the proposed scheme achieves up to
97.7% and 89% reductions in power oscillations
compared to conventional P&O/PID control and
sliding mode control (SMC), respectively, alongside
improvements in normalized speed mean square error
(NSMSE) of up to 13.9% and 2.1%. Additional
benefits include reduced torque and flux ripples,
smoother stator currents, and increased water
pumping efficiency, confirming enhanced tracking
accuracy, robustness, and dynamic response.
Nevertheless, this study is limited to simulation
results, lacking experimental validation. Practical
challenges such as partial shading effects, hardware
nonlinearities, and fault conditions remain to be
investigated. Future efforts will aim to implement the
proposed approach on real hardware and validate its
performance experimentally, along with enhancing
controller adaptability and fault tolerance to enable
reliable deployment in off-grid and rural water supply
applications.
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Nomenclature

a Action selected by the RL agent at step k

a Duty cycle of the DC-DC boost converter
Qmin» Amax Minimum and maximum duty cycle limits

B Discount factor in the critic cost function

Viscous friction coefficient of the
induction motor

Cac DC-link capacitor
d; Load torque disturbance

b
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dy

AV

Sk
€

*

ga
&
et

F

Estimated disturbance

Reference voltage perturbation step
Temporal-difference (TD) error
Exploration rate in g-greedy policy
Actor approximation error

Critic approximation error

Speed tracking error

Mechanical friction coefficient
Switching frequency

Discount factor in RL update
Policy entropy

Short-circuit current of PV module
Line current of the induction motor
PV current at maximum power point
Photogenerated current

Output current of the PV array
Diode reverse saturation current
Rotor currents in a-gframe

Stator currents in a-Bframe

Rotor inertia

Discounted cost function

Pump torque coefficient

Control gains

Boost converter inductance

Rotor and stator inductances
Mutual inductance

Number of PV panels connected in
parallel

Number of PV panels connected in series
Number of pole pairs
Instantaneous PV power

Maximum power point of PV array
State—action value function
Electron charge

Instantaneous reward

Rotor and stator resistances

Shunt resistance of PV cell

Reward signal

Sliding surface

Sliding surface estimation error
RL state at step k

Electromagnetic torque

Load torque

Pump load torque

Sampling period

DC bus voltage
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Reference DC bus voltage
Vi Measured PV voltage

ViL RMS line voltage of the induction motor
Vmpp PV voltage at maximum power point
V,c Open-circuit voltage of PV module
Voue  Output DC voltage

Vv PV array voltage

Vier Reference PV voltage
Vs Lyapunov function
V; Thermal voltage
9 Learning rate
1) Rotor angular speed
o Estimated rotor speed
wrer  Reference rotor speed
@ Speed estimation error
¢ra $rp  Rotor flux components
¢sar Psp  Stator flux components

Pa Actor learning rate
Pe Critic learning rate

04,0, Actor and critic update bounds
Y Lumped bounded uncertainty term
9 Learning rate parameter
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