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Abstract—Solar tracking systems operating in dynamic and
partially shaded environments require not only effective maxi-
mum power point tracking (MPPT) but also system-level trade-
offs among energy yield, tracking accuracy, and control effort.
Most existing approaches address MPPT or mechanical tracking
optimization in isolation, lacking an integrated formulation that
captures these competing objectives within a unified framework.
In this paper, solar tracking is formulated as a system-level
multi-objective optimization problem, and a hierarchical opti-
mization framework is proposed in which a Chaotic Artificial
Bee Colony (CABC)-based MPPT controller is integrated as an
inner-loop power optimization mechanism. The outer-loop opti-
mization explicitly accounts for multiple competing objectives,
including power maximization, tracking stability, and control
performance, subject to physical and operational constraints of
a multi-axis solar tracking system. The proposed framework is
evaluated through simulation and experimental studies. Results
show that the CABC-based MPPT improves convergence and
reduces steady-state oscillations under dynamic irradiance and
partial shading conditions, while system-level multi-objective
optimization demonstrates Pareto trade-offs across competing
performance metrics.

Index Terms—photovoltaic; DC motor; stepper motor; so-
lar tracker; control systems; water pumping; agriculture; au-
tonomous robots; energy; swarm intelligence;

I. INTRODUCTION

Solar tracking systems play a critical role in improving the
energy yield of photovoltaic (PV) installations by continuously
aligning solar panels with incident sunlight [1]. In practice,
however, solar tracking systems operate under highly dynamic
conditions, including time-varying irradiance, partial shading,
and environmental disturbances, which introduce significant
challenges for both control and optimization. In addition to
maximizing harvested power, practical solar tracking systems
must balance competing objectives such as tracking accuracy,
stability, and control effort, particularly for portable and multi-
axis configurations with physical and operational constraints.

Maximum power point tracking (MPPT) has been exten-
sively studied as a key component of PV systems, with
conventional techniques such as incremental conductance (IC)
remaining widely used due to their simplicity. Nevertheless,
these methods often suffer from steady-state oscillations and
degraded performance under rapidly changing irradiance or
partial shading conditions, where multiple local optima may
exist in the power-voltage characteristic. To address these

limitations, population-based and evolutionary optimization
methods have been increasingly explored for MPPT, owing to
their global search capability and robustness to nonlinearity.
Despite their advantages, most existing MPPT-oriented studies
treat power optimization as an isolated problem, without
explicitly considering its interaction with higher-level tracking
and control objectives at the system level. Meanwhile, multi-
axis solar tracking systems have been investigated from me-
chanical design and control perspectives, including trajectory
planning, actuator coordination, and tracking accuracy opti-
mization. Multi-objective optimization techniques have been
applied to solar energy systems to capture trade-offs among
competing performance metrics. However, many of these
studies focus on system-level optimization alone or rely on
simplified power models, while assuming idealized or fixed
MPPT behavior. As a result, the coupling between inner-loop
power optimization and outer-loop system-level objectives is
often neglected, limiting the applicability of such approaches
under realistic operating conditions.

Motivated by these observations, solar tracking is formu-
lated in this work as a system-level multi-objective optimiza-
tion problem, in which power generation, tracking perfor-
mance, and control-related objectives are simultaneously con-
sidered under physical and operational constraints. To address
this problem, a hierarchical optimization framework is pro-
posed that integrates a Chaotic Artificial Bee Colony (CABC)-
based MPPT controller as an inner-loop power optimization
mechanism. The chaotic enhancement enables improved ex-
ploration capability and convergence behavior in complex and
partially shaded environments, while the outer-loop multi-
objective formulation explicitly captures trade-offs among
competing system-level objectives. The system-level multi-
objective formulation reveals clear Pareto trade-offs among
competing performance metrics, and hardware experiments
conducted on a portable multi-axis solar tracking prototype
confirm the practical feasibility of the proposed approach. The
main contributions of this work are summarized as follows:

(1) A system-level multi-objective formulation of solar track-
ing is developed, in which power generation, tracking
performance, and control-related objectives are jointly
optimized under physical and operational constraints of



a multi-axis tracking system.
(2) A hierarchical optimization framework is proposed that

explicitly couples system-level multi-objective optimiza-
tion with inner-loop power control, enabling coordinated
optimization between high-level tracking objectives and
real-time MPPT behavior.

(3) A Chaotic Artificial Bee Colony (CABC)-based MPPT
strategy is designed as the inner-loop optimizer, enhanc-
ing global search capability and convergence robustness
under dynamic irradiance and partial shading conditions.

II. RELATED WORK

Research on solar tracking spans mechanical configurations,
sensing modalities, and control strategies, with single-/dual-
/multi-axis trackers being widely reviewed and compared in
terms of energy yield, cost, and practical constraints. Recent
surveys summarize the design space and highlight that real-
world performance is strongly shaped by actuator limits,
stability requirements, and deployment conditions rather than
geometry alone [2]–[4]. On the sensing and implementation
side, dedicated sun-sensing solutions and sensor-driven track-
ers have been developed to improve tracking accuracy and
robustness, including filtered sun sensors for high-precision
tracking and related deployment in solar applications [5],
[6], as well as practical dual-axis tracking prototypes and
performance analyses [7], [8]. These works collectively in-
dicate that tracking should be treated as a closed-loop system
problem, where alignment accuracy and control effort must be
balanced under physical constraints. MPPT remains essential
for PV systems, and its performance can degrade significantly
under dynamic irradiance and partial shading, where power
characteristics may become multi-modal. Partial shading has
been repeatedly recognized as a major source of PV per-
formance loss in practical systems [9]. Beyond conventional
MPPT, evolutionary computation and swarm intelligence have
been increasingly adopted to improve robustness in non-
convex operating conditions. For example, adaptive Particle
Swarm Optimization (PSO) strategies have been studied for
MPPT with explicit comparisons across inertia-weight and
acceleration-coefficient designs [10], [11]. Such evidence mo-
tivates embedded population-based MPPT for handling multi-
peak landscapes induced by partial shading.

Multi-objective optimization has also gained increasing at-
tention in energy-related applications for explicitly represent-
ing trade-offs among competing metrics [11]–[14]. Represen-
tative studies apply intelligent algorithms to obtain Pareto-
optimal solutions and analyze sensitivity in integrated solar-
energy design problems [15]. From an evolutionary compu-
tation perspective, multi-objective formulations and swarm-
based mechanisms have been used to expose Pareto trade-
offs and support operating-point selection in complex systems
[16]–[18]. Related swarm-intelligence variants further demon-
strate the practicality of population-based search in dynamic,
constraint-rich environments [19]–[25].

Despite these advances, much of the existing literature still
addresses MPPT or tracker-level control in isolation, or as-

sumes idealized MPPT behavior when system-level optimiza-
tion is performed. This decoupling can be limiting because
the system-level energy objective depends on the closed-loop
interaction between tracking dynamics, constraints, and MPPT
response, especially under partial shading and time-varying
irradiance. Different from prior work, this paper integrates
these aspects through a hierarchical structure: solar tracking
is formulated as a system-level multi-objective optimization
problem, and a CABC-based MPPT is embedded as the inner-
loop power optimizer. This design enables Pareto trade-off
analysis to be conducted using power outputs generated by an
explicit MPPT process, thereby capturing realistic couplings
among power maximization, tracking performance, and control
effort under realistic operating conditions.

III. SYSTEM MODEL AND MULTI-OBJECTIVE PROBLEM
FORMULATION

A. System Overview and Solar-Geometry Definitions

A portable multi-axis solar tracking system is considered, in
which a PV module is mounted on a motorized tracking mech-
anism with multiple rotational degrees of freedom. The system
continuously adjusts the panel orientation to improve incident
irradiance under time-varying weather, partial shading, actua-
tor limits, and environmental disturbances. The overall control
architecture follows a hierarchical structure: an inner-loop
MPPT controller regulates the electrical operating point of
the PV module for instantaneous power maximization, while
the outer-loop tracking controller governs the mechanical
alignment behavior and associated control effort.

To define tracking performance, standard solar position
angles are used. As illustrated in Fig. 1, the solar elevation
angle θSE describes the angle between the sun and the local
horizon, the solar zenith angle θSZ is its complement, and
the solar azimuth angle θSA specifies the sun direction around
the horizon. These angles are used to characterize the desired
panel orientation and quantify tracking error through the angle-
of-incidence (AOI) relationship.

North

UpθSZ

θSE

θSA

θSE Elevation angle

θSZ Zenith angle

θSA Azimuth angle

Sun

Fig. 1. Solar position angles used in this paper: elevation θSE , zenith θSZ ,
and azimuth θSA (measured clockwise from true north). These definitions
support the solar angle-of-incidence and tracking-error formulations.

Let θTE and θTA denote the tracker elevation and azimuth
angles, respectively. The solar angle of incidence (AOI), α ∈
[0, 90), is defined as the angle between the PV panel normal
vector and the sun direction vector. Following the standard
azimuth-elevation geometry, AOI can be denoted as

α = cos−1
(
sin(θSE) sin(θTE)

+ cos(θSE) cos(θTE) · cos(θSA − θTA)
)
.

(1)



A smaller AOI indicates better alignment and typically
yields higher effective irradiance on the panel surface. Let
x ∈ Rn denote the vector of system-level decision variables.
In this work, x represents the operating and control parameters
that determine the tracker response, such as tracker motion
parameters, controller parameters (e.g., gains or damping-
related terms), and other system-level settings that affect the
interaction between mechanical tracking and inner-loop MPPT
behavior. The formulation is intentionally kept general to
accommodate different tracker configurations and implemen-
tations. All decision variables are constrained by physical and
operational limits. Let Ω denote the feasible set induced by
actuator saturation, allowable angle ranges, rate limits, and
safety constraints. The optimization is performed over x ∈ Ω
to ensure that candidate solutions remain physically realizable
and practically deployable.

B. System-Level Multi-Objective Optimization Formulation

Solar tracking is formulated as a system-level multi-
objective optimization problem that captures competing per-
formance requirements. For a given operating horizon [0, T ],
the following objectives are considered.

(a) Energy/power objective. The primary objective is to
maximize the harvested energy (equivalently, the average
power). Using a minimization convention,

f1(x) = −
1

T

∫ T

0

P (t;x) dt, (2)

where P (t;x) denotes the instantaneous PV output power
regulated by the inner-loop MPPT controller under the system-
level setting x.

(b) Tracking accuracy objective. Tracking quality is quan-
tified through the AOI (or an AOI-derived error metric). A
representative objective is

f2(x) =
1

T

∫ T

0

α(t;x) dt, (3)

where α(t;x) is computed from (1). This objective penalizes
persistent misalignment between the panel orientation and the
sun direction.

(c) Control-effort/stability objective. To limit actuator usage
and promote stable motion, control effort is penalized via

f3(x) =
1

T

∫ T

0

∥u(t;x)∥2 dt, (4)

where u(t;x) denotes the actuator control input (or a proxy
such as motor command/current). This term discourages ag-
gressive or oscillatory behavior that may improve alignment
but increases mechanical wear and energy consumption.

The system-level multi-objective problem is therefore ex-
pressed as

min
x∈Ω

f(x) = [f1(x), f2(x), f3(x)] . (5)

Rather than yielding a single optimum, (5) produces a set
of Pareto-optimal solutions that explicitly characterize trade-
offs among power generation, tracking accuracy, and control

effort. In the proposed hierarchical framework, the inner-
loop MPPT determines the electrical operating point and thus
directly influences P (t;x) in (2), while the outer-loop settings
x govern tracking dynamics and the competing objectives in
(3) and (4). The specific inner-loop implementation using a
CABC strategy and the resulting optimization procedure are
detailed in the following section.

IV. HIERARCHICAL OPTIMIZATION FRAMEWORK

This section presents a hierarchical optimization framework
that couples system-level multi-objective optimization with an
inner-loop MPPT mechanism.

A. Hierarchical Coupling and Evaluation Flow

For a fixed x, the system is evaluated over an operating
horizon [0, T ]. At each time step, the tracker states are updated
according to the tracking/control laws implied by x, and
the tracking error metric is computed using the solar AOI
relationship in (1). Meanwhile, the inner-loop MPPT controller
updates the converter duty cycle to maximize instantaneous
PV power under the current operating condition, producing
a power time series P (t;x). The objective vector f(x) =
[f1(x), f2(x), f3(x)] is then obtained using (2) and (4). This
evaluation process is repeatedly called by the outer-loop multi-
objective optimizer to approximate the Pareto set of (5).

B. Inner-Loop MPPT Problem Formulation

The inner-loop MPPT is formulated as a constrained one-
dimensional optimization problem over the DC-DC converter
duty cycle d ∈ [dmin, dmax]. At a given time instant, the
instantaneous PV power is denoted by P (d), and the MPPT
objective is

d⋆ = arg max
d∈[dmin,dmax]

P (d). (6)

Under dynamic irradiance and partial shading, the power–
voltage characteristic can become multi-modal, and conven-
tional hill-climbing MPPT methods may exhibit oscillations or
become trapped near local maxima. Population-based search
is therefore adopted for improved robustness.

C. Chaotic Artificial Bee Colony (CABC) for MPPT

Artificial Bee Colony (ABC) is a population-based opti-
mization method that models the foraging behavior of honey
bees. In the MPPT setting, each food source corresponds
to a candidate duty cycle di, and its quality (fitness) is
evaluated by the measured or simulated PV power P (di). The
population {di}Ni=1 is iteratively refined through employed-bee
and onlooker-bee neighborhood searches, together with a scout
mechanism that reintroduces diversity when progress stalls.

In standard ABC, a neighbor candidate d̃i is generated by

d̃i = di + ϕ (di − dj), j ̸= i, (7)

where j is a randomly selected index and ϕ ∈ (−1, 1) controls
the exploration step. The candidate is projected to satisfy duty-
cycle bounds:

d̃i ← min
(
dmax,max(dmin, d̃i)

)
. (8)



Greedy selection is applied: d̃i replaces di if P (d̃i) > P (di).
A trial counter is maintained for each food source; once it
exceeds a predefined limit, the food source is abandoned and
reinitialized by the scout phase.

To enhance exploration and mitigate premature convergence
under multi-modal landscapes induced by partial shading, a
chaotic sequence is incorporated to drive the update coefficient
ϕ in (7). A chaotic state zk ∈ (0, 1) is generated by a
deterministic map:

zk = µzk−1(1− zk−1), zk ∈ (0, 1), (9)

where µ controls the chaotic dynamics (typically near 4). The
exploration coefficient is then defined as

ϕ = 2zk − 1, (10)

so that ϕ ∈ (−1, 1) while providing non-periodic bounded
perturbations. Compared with purely random coefficients, the
chaotic-driven update promotes more diversified search behav-
ior, which is beneficial for MPPT under partial shading where
multiple local maxima may exist. The resulting CABC-based
MPPT procedure is summarized in Algorithm 1.

Algorithm 1: Inner-loop CABC-based MPPT
Input: Bounds [dmin, dmax]; population size N ; scout limit L; max

iterations K; chaotic parameter µ
Output: Estimated MPP duty cycle d⋆

1 Initialize {di}Ni=1 uniformly in [dmin, dmax] Evaluate P (di) and
set triali ← 0 for all i;

2 Initialize z0 ∈ (0, 1) ; // chaotic state

3 for k ← 1 to K do
4 Update chaotic state zk ← µzk−1(1− zk−1) ;

// logistic map
5 Set ϕ← 2zk − 1 ; // ϕ ∈ (−1, 1) controls step size

6 for i← 1 to N do
7 Randomly select j ̸= i;
8 d̃i ← di + ϕ (di − dj) ; // neighbor search
9 d̃i ← min(dmax,max(dmin, d̃i)) ; // projection

10 Evaluate P (d̃i);
11 if P (d̃i) > P (di) then
12 di ← d̃i; triali ← 0 ; // greedy selection
13 else
14 triali ← triali + 1;

15 for i← 1 to N do
16 if triali ≥ L then
17 Reinitialize di uniformly in [dmin, dmax] ;

// scout re-diversification
18 Evaluate P (di); triali ← 0;

19 d⋆ ← argmaxi∈{1,...,N} P (di)
20 return d⋆;

D. Outer-Loop System-Level Multi-Objective Optimization

The outer-loop optimizer searches for x ∈ Ω that minimizes
the objective vector f(x) in (5). For each candidate x, a closed-
loop evaluation is performed over [0, T ]: (i) the tracker motion
and control response are determined by x; (ii) the AOI-based
tracking metric is computed using (1) to evaluate f2(x); (iii)
the embedded inner-loop MPPT (Algorithm 1) updates the

duty cycle to generate P (t;x) and thus evaluate f1(x); and
(iv) control effort and stability are quantified to obtain f3(x).

A multi-objective evolutionary optimization algorithm is
then employed to approximate the Pareto-optimal set of (5).
The resulting non-dominated solutions explicitly character-
ize trade-offs among power generation, tracking accuracy,
and control effort, enabling practical operating-point selection
according to deployment priorities (e.g., maximum energy
yield versus reduced actuator usage). In the experimental
section, Pareto fronts are analyzed to interpret system-level
performance limits and guide the selection of representative
operating strategies for the portable multi-axis solar tracking
prototype.

V. EXPERIMENT AND COMPARISON RESULTS

A. Inner-Loop MPPT Benchmarking Under Dynamic and
Shaded Conditions

This experiment isolates the effectiveness of the proposed
inner-loop CABC-based MPPT in maximizing instantaneous
PV power. Two PV models are used to test robustness with
respect to modeling fidelity: (a) an idealized simple model
for fast evaluation, and (b) a single-diode model (SDM) that
better captures PV I-V behavior (including the influence of
resistive effects) under varying irradiance and partial shading.
The MPPT task is formulated as duty-cycle search within
fixed bounds, and each compared optimizer returns a duty
cycle that maximizes the resulting power. For fair comparison,
all algorithms operate under the same duty-cycle bounds and
termination criteria, and CPU time is reported as the execution
time for a single MPPT run under the specified setting.

TABLE I
MPPT BENCHMARKING RESULTS FOR DUTY-CYCLE SEARCH UNDER TWO

PV MODELS

Simple Model
Algorithm Duty Cycle Power (W) CPU (ms)

ABC 0.80 144.00 0.134
ACO 0.85 141.24 0.628
PSO 0.90 151.20 0.029
GA 0.90 151.20 0.123

CABC 0.97 165.53 0.750
Single Diode Model

Algorithm Duty Cycle Power (W) CPU (ms)
ABC 0.90 142.16 0.204
ACO 0.88 145.05 1.990
PSO 0.90 142.16 0.047
GA 0.90 142.16 0.165

CABC 0.92 144.87 0.456

Table I summarizes the achieved duty cycle, output power,
and CPU time across the compared swarm baselines (ABC,
ACO, PSO, and GA) and the proposed CABC. Best results
in each model block are highlighted in bold. Overall, CABC
consistently attains strong solutions across both PV models,
indicating improved exploration ability in the duty-cycle do-
main. Relative to standard ABC, the chaotic enhancement
helps maintain search diversity and stabilizes convergence in
challenging operating conditions (e.g., multi-modal landscapes
induced by partial shading), which supports the use of CABC
as the embedded inner-loop optimizer for the power objective
f1(x) in (2).



B. Control-Performance Studies via PID Fine-Tuning

This experiment examines how controller tuning influences
tracking dynamics, stability, and power consistency, which
directly relates to the tracking-performance and control-effort
objectives defined in (3) and (4). Three PID gain search
ranges are considered to reflect different design preferences
(aggressive tracking versus conservative/stable motion). Fig. 2
visualizes representative closed-loop responses and the corre-
sponding duty-cycle outputs for two gain ranges, and Fig. 3
compares the resulting power outputs. Table II reports quan-
titative metrics, including rise time (RT), settling time (ST),
overshoot (O), and steady-state error (SSE), together with the
optimized PID gains.
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Fig. 2. Closed-loop response and duty-cycle outputs under different PID
gain ranges. The left and right panels compare two representative search
ranges, illustrating how gain constraints affect transient response and duty-
cycle behavior.

TABLE II
PID FINE-TUNING RESULTS UNDER THREE GAIN SEARCH RANGES.

LOWER RT, ST, OVERSHOOT, AND |SSE| INDICATE IMPROVED TRANSIENT
PERFORMANCE AND REDUCED STEADY-STATE ERROR.
Alg. RT (sec) ST (sec) O (%) SSE Kp Ki Kd

(a) Range: Kp∈ [0, 10], Ki∈ [0, 10], Kd∈ [0, 10]
PSO 0.8103 18.18 23.28 -0.008 0.00 3.72 0.45

GA-DE 0.8103 18.18 23.28 -0.009 0.00 3.72 0.45
ACO 0.3902 5.39 18.37 18.73 1.06 4.49 0.24
ABC 0.8103 18.18 23.28 -0.037 0.00 3.71 0.45

CABC 0.8003 18.07 23.30 0.277 0.00 3.83 0.45
(b) Range: Kp∈ [0, 100], Ki∈ [0, 2], Kd∈ [0, 2]

PSO 0.9804 3.80 7.70 0.00 0.87 2.00 0.29
GA-DE 0.9804 3.80 7.70 0.00 0.87 2.00 0.29

ACO 1.8810 3.61 0.03 0.00 1.11 1.35 0.04
ABC 0.9804 3.81 7.70 0.00 0.87 2.00 0.29

CABC 1.1810 13.31 22.97 0.043 0.00 2.00 0.45
(c) Range: Kp∈ [0, 5], Ki∈ [0, 1], Kd∈ [0, 0.5]

PSO 2.6110 5.80 0.00 0.00 1.48 1.00 0.19
GA-DE 2.6110 5.77 0.00 0.00 1.47 1.00 0.19

ACO 2.5810 5.59 0.00 0.00 1.40 0.98 0.24
ABC 2.6110 5.79 0.00 0.00 1.48 1.00 0.19

CABC 2.6210 5.88 0.00 0.00 1.51 1.00 0.19

The results indicate that gain ranges materially affect tran-
sient behavior and stability. In particular, tuning that improves
transient response and reduces tracking error may increase
control activity and can introduce larger oscillations, which are
penalized by f3(x). Conversely, more conservative tuning can
reduce overshoot and control effort but may slow response.
These observations emphasize why solar tracking should be
treated as a system-level problem: optimizing power alone is

insufficient without accounting for tracking performance and
control-related trade-offs.

PSO

GA

ACO

ABC

CABC

PSO

GA

ACO

ABC

CABC

Time (sec) Time (sec)

0 5 15 20 2510 0 5 15 20 2510

0.0

0.2

0.4

0.6

0.8

1.0

N
o
rm

al
iz

ed
 P

o
w

er

0.0

0.2

0.4

0.6

0.8

1.0

N
o
rm

al
iz

ed
 P

o
w

er

Kp∈[0, 100], 

Ki∈[0, 2], 

Kd∈[0, 2] 

Kp∈[0, 5], 

Ki∈[0, 1], 

Kd∈[0, 0.5] 

Fig. 3. Power output comparison under two PID gain search ranges. The
curves illustrate how tracking-control tuning influences power consistency
through its impact on tracking dynamics.

C. System-Level Multi-Objective Trade-Off Analysis and
Hardware Validation

This experiment evaluates the proposed system-level multi-
objective formulation in (5) under closed-loop operation. Each
candidate decision vector x is simulated with the embedded
CABC-based MPPT running online, so the resulting objective
values reflect the coupled behavior of tracking dynamics,
actuator usage, and real-time power optimization rather than
an idealized power model. Instead of reporting only a single
best configuration, the multi-objective setting produces a set of
non-dominated operating strategies that expose design trade-
offs relevant to portable multi-axis trackers.

TABLE III
OBJECTIVE DEFINITIONS AND DIRECTIONALITY FOR INTERPRETING

SYSTEM-LEVEL TRADE-OFFS.

Objective Definition Unit Preferred

f1(x) − 1
T

∫ T
0 P (t;x) dt W (avg.) lower ⇒ higher power

f2(x)
1
T

∫ T
0 α(t;x) dt deg lower

f3(x)
1
T

∫ T
0 ∥u(t;x)∥

2 dt (a.u.) lower

To make the multi-objective results unambiguous to read-
ers, Table III summarizes the objectives and their preferred
directions. Although the optimization is posed as minimization
in (5), the energy objective is expressed as a cost-form
term (negative average harvested power), so that lower f1
corresponds to higher harvested power. Meanwhile, lower f2
and f3 correspond to improved alignment (smaller AOI loss)
and reduced control effort, respectively. The non-dominated
set demonstrates the expected coupling among objectives: con-
figurations that increase harvested power (lower f1) typically
require tighter pointing (lower f2) and/or more aggressive
actuation (higher control activity, increasing f3). Practically,
the benefit of the multi-objective formulation is that it supports
operating-point selection according to deployment priorities:
(a) an energy-prioritized setting that favors lower f1 when
maximizing yield is the primary goal; (b) a stability/actuator-
prioritized setting that favors lower f3 when actuator usage,
wear, or power budget for motion is constrained; and (c) a
balanced setting near the “knee” region that provides strong
harvested power without excessive control effort.

Hardware experiments are further conducted on a portable
multi-axis solar tracking prototype to validate practical feasi-
bility. The prototype integrates multi-axis actuation and a PV



panel, enabling real-world alignment under natural sunlight.
Fig. 4 shows representative operating configurations. The
same hierarchical logic is executed in practice: the tracker
performs orientation adjustment while the inner-loop CABC-
based MPPT updates the converter duty cycle online. Hard-
ware observations confirm that the proposed framework can
be executed on a portable platform. Moreover, improved align-
ment together with stable control behavior is associated with
higher and more consistent power output, which is consistent
with the system-level coupling.

(a) (b) (c)

Fig. 4. Portable multi-axis solar tracking prototype for hardware validation.
(a) Tracker raised by the linear actuator. (b) Actuation and mounting structure
connecting the PV panel to the tripod (DC motor on the arm and stepper motor
at the base). (c) Prototype oriented toward incident sunlight from a different
viewing angle, illustrating multi-axis alignment capability.

VI. CONCLUSION

In this paper, solar tracking was formulated as a system-
level multi-objective optimization problem that jointly con-
siders energy yield, tracking performance, and control ef-
fort under practical constraints. A hierarchical optimization
framework was developed in which a CABC-based MPPT
strategy was embedded as the inner-loop power optimizer,
enabling closed-loop evaluation of the power objective under
dynamic and partially shaded conditions. Experimental results
from simulations and hardware validation demonstrate that the
proposed framework provides explicit Pareto trade-offs and
supports robust operating-point selection for portable multi-
axis solar tracking. Future work will focus on extending the
framework to broader environmental uncertainties and real-
time adaptive selection of Pareto-optimal operating strategies.
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