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Abstract 

Photovoltaic efficiency is frequently compromised by physical obstructions, resulting in partial shading conditions. This 
non-uniform irradiance condition severely distorts system characteristics by inducing multiple power peaks. This study 
proposes a novel fractional tent map-chaotic horse herd optimization (FTM-CHHO) algorithm for global maximum power 
point (GMPP). By integrating fractional-order memory and chaotic maps, FTM-CHHO enhances global search capabilities and 
prevents entrapment in local maxima. The method was rigorously validated through simulations and hardware experiments 
using a SEPIC converter. Simulations demonstrated that FTM-CHHO achieved 99.52 % to 100 % tracking accuracy with rapid 
convergence times of 0.32 to 0.62 s. Furthermore, hardware tests under real-world shading confirmed its robustness, 
maintaining 95.54 % to 98.26 % accuracy and converging within 10.1 s. FTM-CHHO significantly outperformed perturb and 
observe (P&O) and standard horse herd optimization (HHO). These findings confirm that FTM-CHHO provides a highly 
reliable, fast, and efficient solution for maximizing solar energy extraction under complex environmental variability. 

Keywords: Photovoltaic systems; partial shading conditions; fractional tent map-chaotic horse herd optimization (FTM-
CHHO). 

 
 

I. Introduction 

The escalating global demand for renewable energy 
has established solar photovoltaic (PV) systems as a 
fundamental component of modern power 
generation [1]. However, PV efficiency is inherently 
sensitive to environmental fluctuations and non-linear 
electrical characteristics [2]. To maximize energy 
extraction under varying weather conditions, 

implementing a robust maximum power point tracking 
(MPPT) controller is an absolute necessity [3]. 

A critical operational challenge in PV arrays is the 
occurrence of partial shading conditions. When bypass 
diodes are activated during partial shading, the power-
voltage (P-V) characteristics distort, producing 
multiple power peaks. This multi-peak phenomenon 
demands advanced tracking algorithms to pinpoint the 
true global maximum power point (GMPP). 
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Conventional MPPT techniques, such as perturb and 
observe (P&O) and incremental conductance (INC), 
are favored for their simplicity; yet, they frequently fail 
under partial shading, causing substantial energy yield 
reductions due to local entrapment [4]. 

To overcome these conventional limitations, 
various metaheuristic optimization algorithms have 
been widely implemented [5]. While methods such as 
particle swarm optimization (PSO) and genetic 
algorithms (GA) improve GMPP tracking, they often 
suffer from slow convergence, high computational 
complexity, and steady-state oscillations [5]. 
Consequently, recent research focuses on developing 
advanced metaheuristics with faster convergence and 
higher robustness under partial shading [6], including 
the implementation of bio-inspired methods such as 
the modified remora optimization [7]. Furthermore, 
efforts to improve hardware stability and efficiency 
have led to the utilization of advanced converter 
topologies and controls, such as synchronous buck 
converters [8] and Type III compensators [9]. Building 
upon these advancements, the integration of tracking 
algorithms with a single-ended primary-inductor 
converter (SEPIC) has been recognized as a superior 
approach due to its continuous input current and wide 
operating range [10][11]. 

In this context, horse herd optimization (HHO) has 
emerged as a promising nature-inspired algorithm, 
offering a balance between exploration and 
exploitation [12]. In PV applications, HHO 
demonstrates good GMPP tracking capability with 
relatively simple modelling [13]. However, under 
rapidly changing and complex shading conditions, 
standard HHO remains prone to premature 
convergence and power oscillations due to its pseudo-
random search mechanism [14]. 

To improve search diversity, chaotic maps have 
been introduced to replace random variables, leading to 
the development of chaotic horse herd optimization 
(CHHO), which enhances global exploration and 

reduces local entrapment [15]. Nevertheless, 
conventional chaotic maps still lack a memory 
mechanism, limiting their ability to achieve high-
precision convergence in the exploitation phase. 

Alternatively, fractional-order calculus has been 
widely recognized for its memory and hereditary 
properties, which can significantly enhance 
optimization performance [16]. Despite its potential, 
the integration of fractional-order chaotic dynamics 
into HHO for MPPT under partial shading has not 
been fully explored. Therefore, this study proposes a 
fractional tent map-chaotic horse herd optimization 
(FTM-CHHO) algorithm, where the incorporation of 
fractional-order memory into the chaotic mapping 
mechanism enhances both exploration and 
exploitation capabilities, enabling faster convergence 
and more accurate GMPP tracking under complex 
shading conditions. 

The main contributions of this work are: 
(1) developing the FTM-CHHO algorithm by 
integrating fractional-order tent map dynamics into the 
HHO framework; (2) evaluating its tracking 
performance under various partial shading scenarios; 
and (3) validating its effectiveness through both 
simulation and experimental implementation. 

II. Materials and Methods 

A. The design of the MPPT system 

The proposed MPPT system is systematically 
designed to continuously extract the maximum 
available power from the PV array, particularly when 
subjected to complex partial shading conditions. As 
comprehensively illustrated in Figure 1, the overall 
architecture of the system consists of several integrated 
components: a PV array, a DC-DC single-ended 
primary-inductor converter (SEPIC), an MPPT 
controller unit, a pulse width modulation (PWM) 
generator, and a resistive load. The SEPIC topology is 
specifically chosen as the power electronic interface 

 
Figure 1. The block diagram of the MPPT system. 
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between the PV source and the load due to its 
continuous input current characteristic and its 
capability to step up or step down the voltage without 
reversing its polarity. 

During the dynamic operation, the instantaneous 
voltage (𝑉𝑉𝑃𝑃𝑃𝑃) and current (𝐼𝐼𝑃𝑃𝑃𝑃) generated by the solar 
array are continuously measured using precision 
sensors and fed directly into the MPPT controller. The 
controller, which is driven by the proposed FTM-
CHHO algorithm, processes these input signals to 
dynamically compute and update the optimal duty 
cycle (𝑑𝑑). Subsequently, the PWM block translates this 
optimal duty cycle into high-frequency switching 
signals directed to the gate of the SEPIC converter's 
MOSFET. This closed-loop mechanism continuously 
adjusts the operating point of the converter, thereby 
forcing the PV system to operate precisely at the true 
GMPP. 

B. Photovoltaic system 

PV systems generate electricity by converting solar 
irradiance into direct current (DC) through the 
photovoltaic effect. Due to the inherent physics of 
semiconductor materials, the output performance of a 
PV module is highly non-linear and significantly 
depends on environmental factors, particularly solar 
irradiance and temperature [17]. Therefore, an 
accurate mathematical model is essential to simulate 
and analyze the PV system's behavior under various 
conditions before deploying the MPPT algorithm. 

To mathematically analyze this non-linear behavior, 
a practical single-diode equivalent circuit model is 
employed. As comprehensively illustrated in Figure 2, 
this model accurately represents the physics of a 
practical solar cell. It comprises a photocurrent source 
(𝐼𝐼𝑝𝑝ℎ) that depends on irradiance, a parallel diode (𝐷𝐷) 
representing the p-n junction characteristics, a parallel 
(shunt) resistance (𝑅𝑅𝑠𝑠ℎ)  accounting for leakage 
currents, and a series resistance (𝑅𝑅𝑠𝑠)  representing 
internal losses at the contacts and semiconductor 
materials. 

By applying Kirchhoff’s current law to the nodes in 
Figure 2, the fundamental equation that describes the 
current-voltage (I-V) characteristics of the single-diode 
model is derived and expressed by the characteristic 
transcendent equation (1). 

I = Iph − I0 �exp �q(V+IRs)
nkT

� − 1� − V+IRs
Rsh

 (1) 

It is critical to observe that the generated 
photocurrent 𝐼𝐼𝑝𝑝ℎ is not constant; it varies linearly with 
the actual solar irradiance (𝐺𝐺) and is slightly influenced 
by the actual cell temperature ( 𝑇𝑇 ). This dynamic 
dependency is mathematically defined in equation (2). 

Iph = �Isc,ref + αi(T − Tref)�  G
Gref

 (2) 

where 𝐼𝐼 is the output current (A) and 𝑉𝑉 is the output 
voltage (V). 𝐼𝐼𝑝𝑝ℎ  represents the dynamic generated 
photocurrent (A), and 𝐼𝐼0 is the diode reverse saturation 
current (A). The constant 𝑞𝑞 denotes the electron charge 
(1.602×10-19 C), 𝑘𝑘 is the Boltzmann constant (1.381×10-

23 J/K), and 𝑛𝑛  is the diode ideality factor. 𝑅𝑅𝑠𝑠  and 𝑅𝑅𝑠𝑠ℎ 
represent the series and shunt resistances (Ω), 
respectively. In equation (2), 𝐼𝐼𝑠𝑠𝑠𝑠,𝑟𝑟𝑟𝑟𝑟𝑟 is the short-circuit 
current at reference standard test conditions (STC), 𝛼𝛼𝑖𝑖 
is the temperature coefficient of the short-circuit 
current (A/K), 𝐺𝐺 and 𝐺𝐺𝑟𝑟𝑟𝑟𝑟𝑟 are the actual and reference 
solar irradiance (1000 W/m²), and 𝑇𝑇 and 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟  are the 
actual and reference cell temperatures (298.15 K). 

In this study, a practical 50 Wp PV module is 
utilized to evaluate the proposed MPPT performance. 
The detailed electrical specifications of this specific PV 
module under standard test conditions (STC) are 
summarized and provided in Table 1. 

C. Partial shading condition 

In outdoor environments, PV arrays frequently 
experience non-uniform irradiance, known as partial 
shading conditions, caused by obstacles like passing 
clouds or trees [18]. Under partial shading, shaded cells 
generate lower photocurrents and act as passive loads, 
risking severe thermal damage through the hot-spot 

 
Figure 2. Electrical equivalent circuit of a solar cell. 
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phenomenon [19]. To prevent this destructive effect, 
bypass diodes are connected in anti-parallel across the 
modules to provide alternative current paths [19]. 
However, while this hardware intervention ensures 
thermal protection, it fundamentally alters the array's 
electrical characteristics, creating a staircase-like 
current-voltage (I-V) profile and inducing multiple 
peak points on the power-voltage (P-V) curve [20]. 

As comprehensively illustrated in Figure 3, the 
system's P-V characteristics behave distinctly based on 
the shading patterns. While uniform irradiance, 
designated as Pattern 1, yields a single convex peak, 
non-uniform profiles designated as Patterns 2–5 
exhibit a complex multi-peak phenomenon 
characterized by several local maximum power points 
(LMPPs) and exactly one true global maximum power 
point (GMPP) [20]. This multi-peak nature poses a 
severe tracking challenge, as conventional MPPT 
controllers relying on basic gradient-climbing logic 
inevitably trapped at the first encountered LMPP, 
leading to substantial energy losses [18]. Consequently, 
implementing an advanced, highly explorative 
metaheuristic algorithm is strictly required to 
dynamically bypass these local traps and successfully 
pinpoint the true GMPP under any partial shading 
scenario. 

D. DC-DC SEPIC converter 

To optimally transfer the maximum available power 
from the PV array to the load, a DC-DC converter acts 
as the crucial impedance-matching interface. In this 
proposed architecture, SEPIC, as comprehensively 
illustrated in Figure 4, is systematically selected over 
conventional topologies such as Buck, Boost, or 
standard Buck-Boost converters. The primary 
justification for this selection lies in the SEPIC’s 
inherent capability to step-up or step-down the input 
voltage without reversing the output voltage 
polarity [21]. 

More importantly for MPPT applications, the 
SEPIC topology features an inductor (𝐿𝐿1) at its input 
terminal. This configuration guarantees a strictly 
continuous input current, which fundamentally 
minimizes high-frequency harmonic ripples drawn 
from the PV array [22]. A continuous and ripple-free 
input current is highly critical, as it allows the proposed 
FTM-CHHO algorithm to sense the PV voltage and 
current accurately, thereby preventing the agents from 
diverging during the sensitive exploitation phase [10]. 

The converter is meticulously designed to operate 
in the continuous conduction mode (CCM) to ensure a 
steady power flow. The dynamic relationship between 
the input voltage (𝑉𝑉𝑖𝑖𝑖𝑖) generated by the PV array and 

Table 1. 
Electrical specifications of the utilized 50 Wp PV module. 

Parameter Value 
Maximum power (𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚) 50 W 

Voltage at maximum power point (𝑉𝑉𝑚𝑚𝑚𝑚) 18.0 V 

Current at maximum power point (𝐼𝐼𝑚𝑚𝑚𝑚) 2.78 A 

Open-circuit voltage (𝑉𝑉𝑜𝑜𝑜𝑜) 21.4 V 

Short-circuit current (𝐼𝐼𝑠𝑠𝑠𝑠) 2.95 A 

Temperature coefficient of 𝐼𝐼𝑠𝑠𝑠𝑠 (𝛼𝛼𝑖𝑖) 0.065 %/°C 

Temperature coefficient of 𝑉𝑉𝑜𝑜𝑜𝑜 -0.40 %/°C 

Number of cells connected in series (𝑁𝑁𝑠𝑠) 32 
 

 
 

Figure 3. P-V Characteristics under various shading conditions. 
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the required output voltage (𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜 ) across the load is 
dictated by the duty cycle (𝐷𝐷) of the active MOSFET 
switch (𝑆𝑆𝑆𝑆). Ignoring the minor voltage drops across 
the switching components, the fundamental voltage 
transfer ratio is mathematically expressed in 
equation (3). 

𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜 = 𝑉𝑉𝑖𝑖𝑖𝑖 �
𝐷𝐷

1−𝐷𝐷
� (3) 

Consequently, to maintain the system at the GMPP, 
the MPPT controller continuously adjusts the ideal 
duty cycle according to equation (4). 

𝐷𝐷 = 𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜
𝑉𝑉𝑖𝑖𝑖𝑖+𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜

 (4) 

To physically construct the proposed SEPIC 
hardware prototype, the reactive energy-storage 
components must be critically sized based on the 
predefined switching frequency (𝑓𝑓𝑠𝑠) and the acceptable 
ripple tolerances. The input inductor (𝐿𝐿1 ) and the 
output inductor (𝐿𝐿2) are strictly calculated to limit the 
peak-to-peak current ripples (∆𝐼𝐼𝐿𝐿1 and ∆𝐼𝐼𝐿𝐿2) within a 
specific percentage of the continuous current. The 
minimum required inductances are determined using 
equation (5) and equation (6) [23]: 

𝐿𝐿1 = 𝑉𝑉𝑖𝑖𝑖𝑖⋅𝐷𝐷
Δ𝐼𝐼𝐿𝐿1⋅𝑓𝑓𝑠𝑠

 (5) 

𝐿𝐿2 = 𝑉𝑉𝑖𝑖𝑖𝑖⋅𝐷𝐷
Δ𝐼𝐼𝐿𝐿2⋅𝑓𝑓𝑠𝑠

 (6) 

Furthermore, the coupling capacitor (𝐶𝐶1), which is 
responsible for transferring energy from the input to 
the output stage, and the output filter capacitor (𝐶𝐶2), 
which stabilizes the voltage across the load, are 

calculated to strictly restrict the voltage ripples (∆𝑉𝑉𝐶𝐶1 
and ∆𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜).  Their minimum required capacitance 
values are mathematically synthesized in equation (7) 
and equation (8) [23]: 

𝐶𝐶1 = 𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜⋅𝐷𝐷
Δ𝑉𝑉𝐶𝐶1⋅𝑓𝑓𝑠𝑠

 (7) 

𝐶𝐶2 = 𝐼𝐼𝑜𝑜𝑜𝑜𝑜𝑜⋅𝐷𝐷
Δ𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜⋅𝑓𝑓𝑠𝑠

 (8) 

By properly sizing these parameters, the SEPIC 
converter is fully optimized to execute the rapid and 
aggressive duty cycle variations commanded by the 
FTM-CHHO controller during extreme partial shading 
transitions. Based on the previously discussed 
mathematical design equations and the specific 
electrical characteristics of the utilized PV module, the 
optimal parameters for the proposed SEPIC converter 
have been rigorously calculated. The detailed electrical 
specifications and the selected component values 
employed for both the simulation study and the 
experimental hardware prototype are systematically 
summarized in Table 2. 

E. Horse herd optimization (HHO) 

The HHO is an advanced population-based 
metaheuristic algorithm fundamentally inspired by the 
complex social, herding, and hierarchical behaviors of 
wild horses in nature [24]. To mathematically translate 
these natural behaviors into a robust optimization 
search process, the algorithm systematically divides the 
total population of horses (agents) into four distinct age 
groups with predefined proportions: 𝛿𝛿 horses (foals, 0–
5 years old) representing 40 %, 𝛾𝛾 horses (young, 5–10 

 
 

Figure 4. SEPIC converter circuit. 
 
Table 2. 
Electrical specifications and component parameters of the proposed SEPIC converter. 

Parameter Value 
Switching frequency (𝑓𝑓𝑠𝑠) 40 kHz 

Input inductor (𝐿𝐿1) 512 μH 

Output inductor (𝐿𝐿2) 512 μH 

Coupling capacitor (𝐶𝐶1) 586 μF 

Output capacitor (𝐶𝐶2) 586 μF 

Load resistance (𝑅𝑅𝐿𝐿) 9 Ω 
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years old) representing 30 %, 𝛽𝛽  horses (adults, 10–15 
years old) representing 20 %, and 𝛼𝛼 horses (elderly, >15 
years old) representing 10 % of the total herd [12][24]. 

The movement trajectory and position updating of 
each horse during the optimization iterations are 
strictly governed by a combination of six primary 
behavioral operators: Grazing ( 𝐺𝐺 ), hierarchy (𝐻𝐻 ), 
sociability (𝑆𝑆), imitation (𝐼𝐼), defense mechanism (𝐷𝐷), 
and roaming (𝑅𝑅) [13]. The unique combination of these 
behavioral matrices dictates the velocity (𝑉𝑉 ) of the 
horses depending on their specific age group. The 
mathematical formulation for the velocity update of 
each age category is systematically expressed in 
equation (9) through equation (12) [24]. 

𝑉𝑉𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛿𝛿 = 𝐺𝐺𝑚𝑚

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛿𝛿 + 𝑅𝑅𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛿𝛿  (9) 

𝑉𝑉𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛾𝛾 = 𝐺𝐺𝑚𝑚

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛾𝛾 + 𝐻𝐻𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛾𝛾 + 𝑆𝑆𝑚𝑚

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛾𝛾 + 𝐼𝐼𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛾𝛾 +

𝐷𝐷𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛾𝛾 + 𝑅𝑅𝑚𝑚

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛾𝛾 (10) 

𝑉𝑉𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛽𝛽 = 𝐺𝐺𝑚𝑚

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛽𝛽 + 𝐻𝐻𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛽𝛽 + 𝑆𝑆𝑚𝑚

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛽𝛽 + 𝐷𝐷𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛽𝛽 (11) 

𝑉𝑉𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛼𝛼 = 𝐺𝐺𝑚𝑚

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛼𝛼 + 𝐷𝐷𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝛼𝛼 (12) 

where 𝑉𝑉𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴  denotes the computational velocity 

vector of the 𝑚𝑚-th horse at the current iteration (𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼) 
for a specific age group. Following the calculation of the 
velocity based on the designated behaviors, the new 
position of each horse in the search space—which 
practically corresponds to the operating duty cycle in 
the PV MPPT application—is updated using equation 
(13) [13]. 

𝑋𝑋𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑋𝑋𝑚𝑚

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1,𝐴𝐴𝐴𝐴𝐴𝐴 + 𝑉𝑉𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴 (13) 

where 𝑋𝑋𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴  and 𝑋𝑋𝑚𝑚

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1,𝐴𝐴𝐴𝐴𝐴𝐴  represent the current 
and previous positions (duty cycles) of the m-th horse, 
respectively. This distinct age-based mathematical 
mechanism allows the standard HHO to maintain a 
robust balance between global exploration (primarily 
driven by the highly active young 𝛿𝛿 and 𝛾𝛾 horses) and 
local exploitation (executed by the mature 𝛽𝛽  and 𝛼𝛼 
horses) to track the GMPP [12]. 

To rigorously construct the velocity vectors 
previously defined in equation (9) to equation (12), the 
HHO algorithm translates the natural instincts of wild 
horses into six distinct mathematical operators [24]. In 
the context of MPPT, the position of each horse 
fundamentally represents the operating duty cycle (𝑋𝑋𝑚𝑚). 
These behavioral operators are dynamically calculated 
as follows [13][24]: 

1. Grazing (G) 

This operator mimics the continuous foraging 
behavior of horses. It enables a gradual, localized search 
around the current position to finely tune the duty cycle 

and minimize power oscillations is expressed in 
equation (14). 

𝐺𝐺𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑔𝑔𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 × (𝑙𝑙𝑤𝑤 + 𝜉𝜉 × 𝑢𝑢𝑝𝑝) × 𝑋𝑋𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1 (14) 

where 𝑔𝑔𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 is the grazing weight that decreases linearly 
per iteration, 𝜉𝜉 is a random number generated between 
0 and 1, while 𝑙𝑙𝑤𝑤  and 𝑢𝑢𝑝𝑝  define the lower and upper 
bounds of the grazing space. 

2. Hierarchy (H) 

Reflecting the instinct of a herd to follow the 
strongest leader, this operator exerts an attractive force 
that pulls the agents toward the best-performing duty 
cycle ( 𝑋𝑋𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ) discovered so far is expressed in 
equation (15). 

𝐻𝐻𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴 = ℎ𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 × (𝑋𝑋𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1 − 𝑋𝑋𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1) (15) 

where ℎ𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼  represents the velocity coefficient of the 
hierarchical law. 

3. Sociability (S) 

To ensure herd survival, horses tend to move 
toward the center of the group. This prevents the duty 
cycle from scattering too far from potentially optimal 
power regions according to equation (16). 

𝑆𝑆𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑠𝑠𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 × �1

𝑁𝑁
∑ 𝑋𝑋𝑗𝑗𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1𝑁𝑁
𝑗𝑗=1 − 𝑋𝑋𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1� (16) 

where 𝑁𝑁 is the total population of the horse herd. 

4. Imitation (I) 

Young horses frequently copy the habits of the most 
successful individuals. Mathematically, it guides the 
agents toward the average position of the top 𝑝𝑝𝑝𝑝 horses 
(the best p % of the population that produces the 
highest PV power) is expressed in equation (17). 

𝐼𝐼𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑖𝑖𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 × � 1

𝑝𝑝𝑝𝑝
∑ 𝑋𝑋�𝑗𝑗𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1
𝑝𝑝𝑝𝑝
𝑗𝑗=1 − 𝑋𝑋𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1� (17) 

where 𝑋𝑋�𝑗𝑗 denotes the positions of the superior horses. 

5. Defense mechanism (D) 

In nature, horses instinctively flee from hazardous 
environments. In the MPPT landscape, this acts as a 
repulsive force that actively pushes the agents away 
from suboptimal or low-yield LMPPs, represented by 
the worst 𝑞𝑞𝑞𝑞 horses is expressed in equation (18). 

𝐷𝐷𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴 = −𝑑𝑑𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 × � 1

𝑞𝑞𝑞𝑞
∑ 𝑋𝑋�𝑗𝑗𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1
𝑞𝑞𝑞𝑞
𝑗𝑗=1 − 𝑋𝑋𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1�

 (18) 

where 𝑋𝑋�𝑗𝑗 represents the worst performing duty cycles. 
The negative sign inherently provides the escape 
velocity vector. 
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6. Roaming (R) 

This operator simulates the curious, random 
wandering of young horses seeking new pastures, 
which fundamentally enhances the global exploration 
capability to rapidly detect the true GMPP under 
complex shading. 

𝑅𝑅𝑚𝑚
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼,𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑟𝑟𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 × 𝜉𝜉 × 𝑋𝑋𝑚𝑚𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼−1 (19) 

For all the aforementioned operators, the adaptive 
behavioral weights (𝑔𝑔𝑚𝑚 , ℎ𝑚𝑚 , 𝑠𝑠𝑚𝑚 , 𝑖𝑖𝑚𝑚 , 𝑑𝑑𝑚𝑚 , and 𝑟𝑟𝑚𝑚) are 
systematically reduced at each iteration using specific 
decay factors (𝜔𝜔). This reduction mechanism is highly 
critical as it guarantees the swift convergence of the 
MPPT controller once the GMPP is successfully 
pinpointed [24]. 

F. The proposed FTM-CHHO 

1. The fundamental of chaotic maps 

Standard HHO relies on pseudo-random number 
generators for population initialization and behavioral 
execution. However, this randomization frequently 
produces non-uniform search space distributions and 
low population diversity, inherently increasing the risk 
of entrapment at LMPPs under complex shading 
[14][15]. To mitigate this, deterministic chaotic maps—
characterized by unpredictable and ergodic 
properties—are introduced to replace random variables, 
thereby ensuring a highly comprehensive exploration 
of the search space [14][16]. Recent literature 
corroborates that utilizing such chaotic trajectories 
instead of traditional randomness significantly 
amplifies global exploration capabilities and effectively 
prevents premature convergence at local optima [25]. 

2. Standard chaotic tent map (CTM) 

Among various chaotic mapping functions (such as 
logistic, sine, or gauss maps), the tent map is specifically 
selected in this study due to its superior uniform 
distribution and higher ergodicity compared to other 
maps [14][16]. Mathematically, a standard one-
dimensional chaotic tent map (CTM) is defined by the 
following piecewise linear equation (20). 

𝑥𝑥𝑘𝑘+1 = �

𝑥𝑥𝑘𝑘
𝜇𝜇

, 0 ≤ 𝑥𝑥𝑘𝑘 < 𝜇𝜇
1−𝑥𝑥𝑘𝑘
1−𝜇𝜇

, 𝜇𝜇 ≤ 𝑥𝑥𝑘𝑘 ≤ 1
 (20) 

where 𝑥𝑥𝑘𝑘  represents the chaotic sequence value at 
iteration 𝑘𝑘, and 𝜇𝜇 is the control parameter (typically set 
to 0.5 to maximize chaos in the standard integer-order 
map; note that this differs from the fractional chaotic 
control parameter 𝜇𝜇 = 1.9 used in the proposed FTM 
implementation, which follows the formulation 
introduced in [15]. As emphasized in previous research 

[14][16], the tent map provides a better "spread" of 
agents across the P-V curve, which is fundamental for 
detecting the true global maximum power point 
(GMPP) during the early stages of optimization. 
However, standard CTM remains an integer-order 
system where each state depends only on its immediate 
predecessor, thereby lacking a dynamic memory of its 
historical trajectory. 

3. FTM and its memory effect 

To overcome the "memoryless" nature of standard 
maps, the core novelty of the proposed FTM-CHHO 
lies in the integration of fractional-order calculus. 
Unlike standard integer-order derivatives, a fractional-
order map introduces a robust "hereditary 
property" [16]. This allows the chaotic trajectory to 
inherently retain and process information from all 
previous states, creating a smoother and more 
intelligent convergence path. Based on the Grünwald-
Letnikov (GL) fractional calculus definition, the 
proposed FTM at iteration 𝑇𝑇 is rigorously formulated 
as equation (21). 

𝑥𝑥𝑇𝑇+1 = 𝑥𝑥0 + 1
Γ(𝛼𝛼)

∑ Γ(𝑇𝑇−𝑗𝑗+𝛼𝛼)
Γ(𝑇𝑇−𝑗𝑗+1)

𝑇𝑇
𝑗𝑗=1 min�(𝜇𝜇 − 1)𝑥𝑥𝑗𝑗−1,𝜇𝜇 −

(𝜇𝜇 + 1)𝑥𝑥𝑗𝑗−1� (21) 

In this formulation, 𝑥𝑥𝑇𝑇+1  is the newly generated 
fractional chaotic variable, 𝑥𝑥0  is the initial sequence 
value, 𝛼𝛼  denotes the specific fractional order ( 0 <
𝛼𝛼 ≤  1 ), and 𝜇𝜇  is the chaotic bifurcation parameter. 
The Gamma function (Γ) mathematically facilitates the 
computation of the fractional-order derivative [16]. 
The integration of such fractional calculus concepts 
introduces a robust long-term memory mechanism 
that adaptively balances the exploration and 
exploitation phases throughout the optimization 
process [26]. By capitalizing on these mathematical 
phenomena alongside chaotic mapping, advanced 
metaheuristic approaches are proven to achieve 
smoother and more reliable convergence trajectories in 
highly complex energy harvesting problems [27]. 

4. The integration into HHO (FTM-CHHO) 

The systematic execution of the proposed FTM-
CHHO algorithm, comprehensively illustrated in 
Figure 5, begins by initializing fundamental parameters 
such as maximum iterations, horse agents (𝑁𝑁 ), and 
specific FTM parameters (𝛼𝛼 and 𝑞𝑞) . Replacing the 
standard pseudo-random generator, the FTM creates a 
highly uniform chaotic population mapped within 
predefined duty cycle boundaries (𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚 to 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚). This 
strategic P-V curve coverage significantly accelerates 
GMPP detection [14][15]. During initial tracking, the 
SEPIC converter is driven by these chaotic duty 
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cycles (𝐷𝐷𝑖𝑖), while sensors measure PV voltage (𝑉𝑉𝑝𝑝𝑝𝑝) and 
current (𝐼𝐼𝑝𝑝𝑝𝑝 ) to calculate instantaneous power (𝑃𝑃𝑝𝑝𝑝𝑝 ) 
and record the initial best position (𝐷𝐷𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏). In the main 
optimization loop, horses update their positions via 
age-group equations (equation (9) to equation (13)), 
where the fractional chaotic variable (𝐶𝐶𝑖𝑖) dynamically 
replaces the standard random parameter (𝑟𝑟) [15]. This 
endows the algorithm with aggressive global 
exploration to quickly bypass multiple LMPPs [14][15], 
while ensuring new duty cycles remain within safe 
operating limits. Finally, if the newly measured PV 
power exceeds the previous value, the algorithm 
updates 𝐷𝐷𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏.  This fractional memory-driven 
exploitation ensures precise settling at the GMPP with 
virtually zero steady-state oscillations [14][16]. Once 
maximum iterations are reached, the global optimum 
duty cycle (𝐷𝐷𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)  is continuously transmitted to 
extract maximum energy. The monumental advantage 

of combining fractional-order memory with chaotic 
ergodicity to completely eliminate power ripples and 
accelerate convergence has been extensively validated 
by recent advanced PV optimization studies [28][29]. 

III. Results and Discussions 

A. Simulation results 

To thoroughly evaluate the dynamic tracking 
performance and robustness of the proposed FTM-
CHHO algorithm, a comprehensive simulation study 
was strictly executed. As comprehensively illustrated in 
Figure 6, the complete simulation architecture was 
meticulously constructed by integrating several vital 
subsystems. These subsystems encompass a 150 Wp PV 
array formed by three series-connected 50 Wp modules 
equipped with parallel bypass diodes, a high-frequency 
DC-DC SEPIC converter, a resistive load, precision 

 
Figure 5. The flowchart of FTM –CHHO for MPPT. 
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voltage and current measurement blocks, and the 
central MPPT controller embedding the proposed 
FTM-CHHO algorithm. 

The MPPT performance of the FTM-CHHO was 
systematically benchmarked against two well-
established algorithms: the conventional P&O and the 
standard HHO. The specific parameter settings utilized 
during the simulation phase are comprehensively 
summarized in Table 3. 

During the simulation testing, the population size 
was uniformly set to four agents across all evaluated 
algorithms to ensure a fair and consistent 
computational assessment. To ensure a fair comparison, 

all evaluated algorithms were implemented under 
identical operating bounds, converter specifications, 
irradiance scenarios, and population sizes. Meanwhile, 
several algorithm-specific coefficients, including 
behavioral weights and chaotic control parameters, 
were retained according to the recommended stable 
settings reported in their original formulations to 
preserve convergence stability and avoid abnormal 
tracking behavior during GMPP searching. The 
tracking efficacy of the proposed FTM-CHHO 
algorithm was rigorously validated under two primary 
environmental states: uniform irradiance (without 
shading) and partial shading conditions. Table 4 details 

 
Figure 6. Simulation model of the proposed MPPT system. 

 

Table 3. 
Control parameters of the implemented MPPT algorithms. 

Algorithm Parameter Value 

Perturb and observe (P&O) 
 

Initial duty cycle (𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) 0.1 

Perturbation step size (Δ𝐷𝐷) 10−4 

Operating bounds [0.1, 0.9] 

Horse herd optimization (HHO) 
 

Population size (𝑁𝑁) 4 

Initial duty cycles [0.55, 0.2, 0.85, 0.4] 

Base behavioral weight (𝑥𝑥𝑥𝑥) 0.6 

Inertia weight (𝑤𝑤) 0.8 

Operating bounds [0.1, 0.9] 

Fractional tent map chaotic horse herd 
optimization (FTM-CHHO) 
 

Population size (𝑁𝑁) 4 

Chaotic map type Fractional tent map 

Chaotic initial value (𝑥𝑥0) 0.7 

Chaotic parameter (𝜇𝜇) 1.9 

Fractional derivative order (𝛼𝛼) 0.6 

Base behavioral weight (𝑥𝑥𝑥𝑥) 0.8 

Operating bounds [0.1, 0.9] 
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the specific irradiance configurations applied to the 
three series-connected PV modules, which were 
precisely adjusted to emulate real-world shading 
profiles. 

Table 4 presents the five distinct irradiance 
configurations designed for the simulation, alongside 
their respective GMPP values. The corresponding 
power-voltage (P-V) characteristics for each 
configuration are depicted in Figure 7. Pattern 1 
represents a uniform irradiance condition that 
produces a single peak on the P-V curve. In contrast, 
patterns 2–5 correspond to partial shading conditions 
that generate multiple LMPPs and a single GMPP due 
to irradiance mismatch among PV modules and bypass 
diode activation. The detailed irradiance 

configurations and GMPP values are summarized in 
Table 4. These multi-peak characteristics create a 
complex non-linear search space, making them suitable 
for evaluating the tracking capability of the proposed 
MPPT algorithms. 

Figure 8 illustrates the duty cycle (a) and power 
response (b) for Pattern 1 under uniform irradiance. 
Targeting a 145.52 W GMPP, the proposed FTM-
CHHO achieves flawless 100 % accuracy in just 0.43 s. 
Conversely, P&O also reaches 100.00 % but required 
0.57 s, whereas standard HHO achieves only 99.77 % 
accuracy, converging at 145.18 W in 0.54 s. 

Figure 9 illustrates the dynamic tracking 
performances under various partial shading conditions. 
Across all tested patterns, the proposed FTM-CHHO 

Table 4.  
Simulation test patterns under various irradiance configurations. 

Pattern PV 1 PV 2 PV 3 GMPP 

Pattern 1 1000 W/m² 1000 W/m² 1000 W/m² 145.52 W 

Pattern 2 520 W/m² 800 W/m² 1000 W/m² 85.31 W 

Pattern 3 1000 W/m² 333 W/m² 700 W/m² 72.50 W 

Pattern 4 800 W/m² 200 W/m² 300 W/m² 36.28 W 

Pattern 5 770 W/m² 770 W/m² 300 W/m² 74.89 W 

 

 
 

Figure 7. Simulated P-V characteristics of the PV array. 

 
(a) 

 
(b) 

Figure 8. Simulation results under Pattern 1. (a) power response; (b) duty cycle. 
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consistently achieves high tracking accuracy with faster 
convergence than the standard HHO and conventional 
P&O methods. The detailed quantitative results are 
summarized in Table 5. Compared to HHO, FTM-
CHHO demonstrates shorter convergence times and 
more stable tracking behavior, while the P&O 
algorithm frequently experiences local entrapment 
under complex shading patterns, resulting in lower 
power extraction efficiency. These results indicate that 
the integration of fractional memory and chaotic 
exploration improves GMPP tracking performance 
under partial shading conditions. A comprehensive 

quantitative comparison detailing the theoretical 
GMPP, extracted power, tracking accuracy, and 
convergence time for all evaluated algorithms is 
systematically summarized in Table 5. 

To further evaluate the adaptability and robustness 
of the proposed FTM-CHHO under rapidly changing 
weather conditions, a dynamic irradiance simulation 
was conducted. As illustrated in Figure 10, the 
irradiance levels were intentionally varied over time to 
simulate sudden and severe shading transitions across 
the PV array. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 9. Simulation tracking results under partial shading conditions. (a) pattern 2; (b) pattern 3; (c) pattern 4; (d) pattern 5. 

Table 5. 
Quantitative tracking performance comparison of the evaluated MPPT algorithms. 

Pattern GMPP Algorithm Power MPPT Accuracy Tracking time 

Pattern 1 145.52 W P&O 145.52 W 100.00 % 0.57 s 

HHO 145.18 W 99.77 % 0.54 s 

FTM-CHHO 145.52 W 100.00 % 0.43 s 

Pattern 2 85.31 W P&O 84.28 W 98.79 % 0.79 s 

HHO 82.81 W 97.07 % 0.64 s 

FTM-CHHO 85.00 W 99.64 % 0.58 s 

Pattern 3 72.50 W P&O 55.00 W 75.86 % 0.86 s 

HHO 71.10 W 98.07 % 0.58 s 

FTM-CHHO 72.48 W 99.97 % 0.37 s 

Pattern 4 36.28 W P&O 32.20 W 88.75 % 0.77 s 

HHO 36.22 W 99.83 % 0.84 s 

FTM-CHHO 36.27 W 99.97 % 0.51 s 

Pattern 5 74.89 W P&O 49.52 W 66.12 % 0.61 s 

HHO 74.30 W 99.21 % 0.65 s 

FTM-CHHO 74.53 W 99.52 % 0.32 s 
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The tracking results demonstrate that FTM-CHHO 
provides fast and stable dynamic responses under 
changing irradiance conditions. Following each 
environmental transition, the algorithm successfully 
re-tracked the GMPP with minimal steady-state 
oscillations and shorter convergence times than the 
compared methods, indicating reliable performance 
under dynamic operating conditions. 

B. Experimental hardware results 

Figure 11 shows the hardware implementation of 
the proposed MPPT system, consisting of series-
connected PV modules, a SEPIC converter, sensing 
circuits, a microcontroller, and a resistive load. 
Experimental tests were conducted under real outdoor 
conditions to evaluate the tracking performance of the 
P&O, HHO, and FTM-CHHO algorithms under 
identical operating conditions. System data were 
recorded to analyze tracking speed, power extraction, 
and steady-state stability. 

Furthermore, the empirical Power-Voltage (P-V) 
characteristics captured during the baseline 
measurement are illustrated in Figure 12, establishing 

the absolute GMPP reference for the subsequent 
hardware validations. 

Figure 13 presents the experimental tracking 
performance under the uniform irradiance condition 
(Pattern 1), including the power response and duty 
cycle characteristics. The detailed quantitative results 
are summarized in Table 6. Compared with P&O and 
standard HHO, the proposed FTM-CHHO achieves 
faster convergence and more stable steady-state 
tracking with reduced oscillations. 

Figure 14(a) presents the hardware tracking 
response during the Pattern 2 scenario. Targeting a 
baseline GMPP of 85.64 W, the introduced FTM-
CHHO extracted 84.15 W, which corresponds to an 
accuracy of 98.26 %, in just 8.7 s. Conversely, the 
standard HHO consumes 21.1 s to reach 81.54 W, 
translating to a 95.21 % accuracy. Meanwhile, the 
conventional P&O algorithm exhibits lower tracking 
performance, securing 78.34 W, or a 91.48 % precision, 
after 22.4 s. Furthermore, the dynamic power 
extraction behaviors during Pattern 3, Pattern 4, and 
Pattern 5 are explicitly depicted in the grouped 
experimental results shown in Figure 14(b), 

 
 

Figure 10. Dynamic tracking performance under varying irradiance conditions. 
 

 
Figure 11. The experimental hardware setup of the proposed MPPT system. 
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Figure 14(c), and Figure 14(d). Across these complex 
scenarios, the FTM-CHHO consistently exhibits stable 
tracking performance. 

The detailed quantitative results are summarized in 
Table 6. The empirical trends indicate that FTM-
CHHO consistently maintains tracking accuracies 
above 95 % across all tested complex scenarios. While 

 

 
Figure 12. The experimental P-V characteristic curve. 

 
(a) 

 
(b) 

Figure 13. Experimental results under Pattern 1: (a) power extraction; (b) duty cycle response. 
 

Table 6. 
Experimental test results data. 

Pattern GMPP Algorithm Power MPPT Accuracy Tracking time 

Pattern 1 145.72 W P&O 136.03 W 93.35 % 35.2 s 

HHO 134.30 W 92.16 % 24.9 s 

FTM-CHHO 141.81 W 97.32 % 7.8 s 

Pattern 2 85.64 W P&O 78.34 W 91.48 % 22.4 s 

HHO 81.54 W 95.21 % 21.1 s 

FTM-CHHO 84.15 W 98.26 % 8.7 s 

Pattern 3 70.24 W P&O 58.26 W 82.94 % 19.8 s 

HHO 65.51 W 93.27 % 25.9 s 

FTM-CHHO 67.11 W 95.54 % 9.8 s 

Pattern 4 34.81 W P&O 26.14 W 75.09 % 25.1 s 

HHO 30.95 W 88.91 % 23.6 s 

FTM-CHHO 34.18 W 98.19 % 9.8 s 

Pattern 5 72.86 W P&O 60.28 W 82.73 % 18.6 s 

HHO 63.42 W 87.04 % 27.1 s 

FTM-CHHO 70.07 W 96.17 % 10.1 s 
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standard HHO and P&O experience tracking delays 
and local entrapment dropping efficiencies to as low as 
87.04 % and 75.09 % respectively, the proposed method 
sustains a stable and rapid global search. The marginal 
steady-state power deviation observed in FTM-CHHO 
is primarily attributed to physical switching losses 
within the SEPIC converter during the chaotic 
exploration phase, rather than algorithmic stagnation. 
The improved tracking behavior primarily originates 
from the integration of fractional-order memory with 
chaotic exploration. The fractional memory 
mechanism enables smoother exploitation near the 
GMPP region, while the Tent Map distribution 
improves population diversity during the global search 
process. Consequently, the proposed method reduces 
premature convergence and stabilizes the tracking 

trajectory under rapidly changing irradiance 
conditions. 

As quantitatively summarized in Table 6, these 
empirical outcomes confirm the effectiveness of the 
proposed controller. By integrating fractional-order 
memory and chaotic maps, FTM-CHHO achieved real-
world tracking accuracies between 95.54 % and 98.26 % 
with faster convergence performance to under 10.1 s, 
demonstrating improved tracking performance 
compared to the conventional methods. 

To conclusively validate the real-time adaptability 
of the proposed system, a dynamic hardware test under 
continuously varying irradiance was conducted, as 
illustrated in Figure 15. The experimental results 
demonstrate that the FTM-CHHO algorithm detects 
environmental fluctuations and re-establishes the new 
GMPP with minimal power loss. This rapid dynamic 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 14. Experimental hardware tracking results under partial shading: (a) Pattern 2; (b) Pattern 3; (c) Pattern 4; (d) Pattern 5. 

 
Figure 15. Experimental dynamic tracking performance under varying irradiance conditions. 
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response demonstrates robust and reliable tracking 
performance of the proposed method for real-world 
solar harvesting applications. These findings align with 
previous studies, where metaheuristic and chaotic-
based algorithms successfully tracked the GMPP under 
partial shading conditions. However, the proposed 
FTM-CHHO demonstrates improved transient 
stability and reduced oscillations compared to the 
standard HHO. Unlike conventional chaotic 
approaches, the proposed method employs the FTM, 
which improves ergodicity and reduces early local 
entrapment. Consequently, FTM-CHHO achieves 
tracking accuracies between 99.52 % and 100 % with 
minimal steady-state fluctuations. Similar 
improvements were also reported in recent literature. 
Unlike those previous works, this work also includes 
hardware validation using a SEPIC converter under 
dynamic irradiance conditions. Although 
computational complexity increases slightly, FTM-
CHHO maintains stable hardware performance. 
Despite its improved tracking performance, FTM-
CHHO still has practical limitations. The integration of 
fractional calculus and chaotic mapping requires higher 
computational resources than conventional methods 
such as P&O. Therefore, real-world implementation 
requires adequate processing capability (such as 32-bit 
ARM Cortex architectures) to prevent execution delays 
during the high-frequency sampling of the SEPIC 
converter. 

IV. Conclusion 
This paper proposes and validates the FTM-CHHO 

algorithm for MPPT under partial shading conditions. 
By integrating a fractional-order memory mechanism 
with chaotic maps, the FTM-CHHO reduces 
premature convergence at local maxima and improves 
the global search process. Experimental and simulation 
evaluations, encompassing both simulations and 
hardware experiments, demonstrate the advantages of 
the proposed method over the conventional P&O and 
the standard HHO algorithms. In the simulation phase 
across five diverse shading configurations, the FTM-
CHHO achieved a tracking accuracy ranging from 
99.52 % to 100 %, with convergence times between 0.32 
s and 0.62 s. In contrast, the P&O algorithm frequently 
failed due to local entrapment, yielding power 
extraction efficiencies as low as 66.12 %. The hardware 
implementation corroborated the simulation findings. 
Under physically induced partial shading, the FTM-
CHHO consistently maintained a high tracking 
accuracy between 95.54 % and 98.26 %, while reducing 
the convergence time to under 10.1 s. This performance 
demonstrates improved tracking capability over the 

standard HHO, which required longer tracking times 
up to 27.1 s, and the P&O, which suffered an accuracy 
drop to 75.09 %. Ultimately, the integration of 
fractional calculus and chaotic maps provides a robust 
and precise MPPT solution, supporting effective solar 
energy harvesting under complex environmental 
fluctuations. 
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