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Abstract: This paper presents a new approach to improve
the performance of Zeta converters, which are commonly
used in cost-sensitive circuits to manage unregulated power
supply. The converters are designed to produce positive
output voltages based on input voltages, and they use a buck
controller to power a PMOS-based FET for high-side control.
Compared to other converters, such as SEPIC, Zeta con-
verters are smaller and more scalable for micro applications
due to the use of coupled inductor circuits. The performance
of Zeta converters is heavily influenced by the ratings of
their passive components. To optimize component rating
choices, researchers have developed several pattern anal-
ysis models. However, these models often require context-
specific ratings and lack a parameter selection method for
continual reconfigurations, making them difficult to deploy
in practice for different use cases. To address these limita-
tions, the authors propose a hybrid soft computing meth-
odology for passive component selection in multiple load
Zeta converters. The proposed approach combines Particle
Swarm Optimization (PSO) to determine initial component
ratings and Grey Wolf Optimization (GWO) to improve
conversion efficiency, output gain, and Total Harmonic
Distortion (THD). This is achieved by modeling a fitness
function that incorporates output metrics and optimizes
them incrementally for real-time deployments. The results
show that the suggested methodology can reduce THD by
6.5 %, increase conversion efficiency by 3.4 %, and maintain
a gain improvement of 1.5% across numerous use cases.
These improvements make the model suitable for real-time
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use applications. Overall, the proposed approach provides a
promising solution to the challenges of passive component
selection in Zeta converters, which can lead to more efficient
and cost-effective power management in various circuits.
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1 Introduction

The Design of Zeta converters via optimization of multiple
output parameters is a complex task that involves the
selection of ratings for active & passive components, the
design of loops to achieve better bandwidth with higher
load transient responses, and the modeling of context-
specific duty cycles. To perform this task, a wide variety of
configuration models are proposed by researchers, and
each of them showcases different performance character-
istics depending upon their internal configurations. A
typical Zeta converter in Continuous Conduction Mode
(CCM) (Arun and Manigandan 2021; Sarkawi, Ohta, and
Rapisarda 2021; Manikandan et al. 2020) is depicted in
Figure 1, wherein six passive components and an active
component can be observed. These passive components
include an input capacitor (Ciy), flying capacitor (C¢), and
output capacitor (Coyy), while the passive components
include an input inductor (L;,) and output inductor (Lyp),
which control output voltage levels. The passive compo-
nents also include the Schottky diode (D1), which is
responsible for maintaining output voltage levels during
the OFF phase of these converters. The active MOSFET (Q1)
component is controlled by varying its duty cycles, which is
calculated via equation (1),

Vout

= M
Vin + Vout

where, Vi, & V; represents input & output voltage levels of
these converters.
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Figure 1: Design of a Zeta converter in CCM mode for stabilization of
output levels.
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Based on this duty cycle, value ratings for inductors are
calculated via equation (2),

Vin x D

=2><k><Im><f @

where k represents a constant of output current, while
Iy & f represents input current & frequency levels for
different application scenarios, similar evaluations are
done for each capacitor and diode rating selections and
assist in controlling the output performance of these con-
verters. Such selection models, along with their contextual
nuances, deployment-based advantages, context-specific
limitations, and application-specific future scopes, are
discussed in Sarkawi, Ohta, and Rapisarda (2021), Man-
ikandan et al. (2020), Priyadarshi et al. (2022), Wu et al.
(2003) and Ragul, Shanmugasundaram, and Krishnakumar
(2022). Based on this discussion, it can be observed that
existing models are either highly complex to deploy or use
context-specific ratings that cannot be used for large-scale
scenarios. Moreover, these models do not provide a stan-
dard parameter selection technique that can be applied for
continuous reconfigurations. To overcome these limita-
tions, Section 2 discusses the design of a novel hybrid soft
computing model for passive components selection in
Zeta converters. This is followed by a performance eval-
uation of the model, where parameters including THD,
Conversion Efficiency, and output gain levels are evalu-
ated & compared with various state-of-the-art methods.
Finally, this text is concluded with some contextual
observations about the proposed model and recommends
methods to further improve its performance under mul-
tiple use cases.

1.1 Implications
The implications of this study include:

1. Improved efficiency: The proposed methodology can
increase the conversion efficiency of Zeta converters by
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up to 3.4 %. This can lead to significant energy savings,
particularly in circuits where power management is
critical.

2. Reduced THD: The methodology can also reduce THD by
up to 6.5%. This is particularly important in applica-
tions where THD can cause problems such as distortion,
overheating, or damage to other components.

3. Real-time optimization: The hybrid soft computing meth-
odology developed in this study can be deployed in real-
time applications, enabling continuous optimization of
component ratings to ensure optimal performance.

4. Cost-effectiveness: By optimizing passive component
ratings, the proposed methodology can help reduce the
cost of Zeta converters, making them more accessible to
cost-sensitive circuits.

1.2 Novelty of this study

The novelty of this study lies in the proposed hybrid soft
computing methodology for passive component selection
in multiple load Zeta converters. While previous studies
have developed pattern analysis models for optimizing
component rating choices, these models often require
context-specific ratings and lack a parameter selection
method for continual reconfigurations, making them
difficult to deploy in practice for different use cases.

The proposed methodology combines Particle Swarm
Optimization (PSO) and Grey Wolf Optimization (GWO) to
optimize passive component ratings in multiple load Zeta
converters. PSO is used to determine initial component
ratings, while GWO is used to improve conversion effi-
ciency, output gain, and Total Harmonic Distortion (THD).
The novelty of this study is in the combination of these two
optimization techniques, which allows for real-time opti-
mization of passive component ratings to ensure optimal
performance in multiple load Zeta converters.

Additionally, the fitness function used in this study
incorporates output metrics and optimizes them incre-
mentally, further enhancing the performance of the Zeta
converter. The proposed methodology reduces THD by
6.5 %, increases conversion efficiency by 3.4 %, and main-
tains a gain improvement of 1.5% across numerous use
cases, making it suitable for real-time applications.

2 Materials and methods

Based on the review of existing Zeta Converter optimization topologies,
it was observed that existing models are either highly complex to deploy
for real-time circuits or use context-specific ratings, which are not



DE GRUYTER

helpful for large-scale circuit designs. These models also do not provide
standard parameter selection methods that can be applied to reconfig-
ure circuit elements continuously. To overcome these limitations, this
section discusses designing a novel hybrid soft computing model for
selecting passive components in Zeta converters. The flow of the model
is depicted in Figure 2, where it can be observed that the proposed model
uses a combination of bioinspired models (Banaei and Bonab 2020) like
Particle Swarm Optimization (PSO) for the selection of initial component
ratings and then further improves the selection with Grey Wolf Opti-
mization (GWO), that assists in reducing Total Harmonic Distortion
(THD), while improving conversion efficiency, and output gain levels.
The fitness function is modeled to perform this task, which can incor-
porate output metrics and continuously optimize them via an incre-
mental learning process. The model initially generates coarse ratings
(Bhaskar et al. 2021; Chan 2022; Zhu et al. 2021) via the use of a PSO-based
optimization process that works as follows,
A. To initialize the optimization process, the following PSO-based pa-
rameters are setup,
1)  Total PSO optimization iterations (V).
2)  Total PSO optimization particles (N,).
3) The rate at which particles will socially learn from each other
(Zy).
4)  The rate at which particles will cognitively learn from their
previous performance (L,).
5)  Minimum and Maximum ratings for all components (Min(R),
Max(R)).
6) Total loads connected (Mjoads)-
B. Initially generate all N, particles via the following process,
1)  Evaluate stochastic values for Cy,, C., Coy Via equation (3),

C; = STOCH (C; (Min), C; (Max)) ®

where, C;represents the capacitance of different components &j ¢ (in, ,
out),
2)  Similarly, evaluate stochastic values of inductor components
via equation (4),

L; = STOCH (L; (Min), L; (Max)) @
where, L; represents the inductance of different components & < (1a, 1b)
3) Based on these component ratings, simulate the Zeta con-

verter, which is described in Figure 1, and estimate particle
velocity via equation (5),

Vo @ Loy ()
Nioaas 5 28 Vou, (0 \[Z il (1)

1 MNioass

®)

where, Vout, ( i) & I, out; ( i) represents output voltage & current levels for

the i™ harmonic & j™ the load connected for converter outputs, while n

represents a number of harmonic levels. A higher value of velocity will

indicate lower THD levels.

C. Mark Particle Best (PBest) as current ratings of the solution while
evaluating Global Best (GBest) via equation (6),

N,
GBest = Max( Ui PBesti) 6
=

D. Now, scan each particle for each iteration and update its compo-
nent ratings via equation (5),

C(New) = C(0ld) x r + Ly (GBest — C(Old)) + L. (Pbest — C(01d)) (7)

where, C(0Old) & C(New) represents ratings of old & new components,
and r represents a stochastic number generated via the Markovian
process.
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Figure 2: Overall flow of the proposed model for the Zeta converter
parameter rating selection process.

E.  After each iteration, update particles PBest = v, if PBest < v, also
update GBest via equation (6), which assists in iterative identifi-
cation of initial component ratings.

Once all iterations are completed, then select a particle with GBest ve-

locity (Baek, Kim, and Lee 2020; Kushwaha and Singh 2021; Markkassery

et al. 2020; Murataliyev et al. 2021) and use its component ratings for
minimum THD levels. Once these ratings are estimated, then a GWO

Model is used, which assists in the final selection via the following

process,

F. Initially following GWO Parameters, which will be used for mul-
tiparametric optimizations (Zamanan, Sykulski, and Al-Othman
2007),

1)  Total optimization Wolves (N,, = Np).

2)  Total optimization iterations for GWO (V).

3) The rate at which the wolves will learn from each other (L,).
4)  Maximum velocity of particle Max(V)
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G. Tostart the optimization process, evaluate all particles of PSO, and
calculate a fitness function via equation (8),

NDE\ s
Vou x 3114 Ijom} ®

Nioads p.
_ 4=l P Jout

Nloads X P].n

: Nioads T
Vin x 25 Ly,

where, P, & Pi, Represents output & input power levels, respectively,

while v is evaluated via the PSO process.

H.  Once the fitness of all Wolves is evaluated, then calculate Wolf
Fitness Threshold via equation (9),

Nw N,
Jo=Yfix I 9)
i=1 r

I. To start the optimization process, initialize Wolves via the following
‘Marking’ process,
1) Wolfis marked as ‘Alpha’ if > 2*fy,
2)  Else, it is marked as ‘Beta’ if f> fy,
3) Else, it is marked as ‘Gamma’ if f> L, *fi,,
4)  Else, it is marked as ‘Delta.’

J. For all ‘Delta’ Wolves, modify their ratings via equations (1) and (2)
such that their fitness follows equation (10),

f(New) > £ (0ld) (10)

where fiNew) represents the fitness of Wolves with new ratings, while

f(01d) represents Wolf fitness during the previous iterations.

K.  Repeat this process for all Wolves, and re-evaluate their status via
the ‘Marking’ process.

At the end of a final iteration, select ‘Alpha’ Wolf with Maximum fitness
levels (Xiao, Rotaru, and Sykulski 2012). Use the component ratings this
Wolf identified to optimize THD levels along with conversion efficiency
and gain levels. These optimized levels are evaluated on a standard Zeta
converter (Lopez Del Moral et al. 2021; Wang and Shan 2022; Xu et al.
2022) with different load types in the next section of this text.

3 Result in analysis & comparison

The proposed model can fuse PSO & GWO-based methods
for evaluating Zeta converter ratings that showcase
low THD, higher conversion efficiency, and better power
gain levels when compared with state-of-the-art models.
Evaluate the performance of the proposed NHSMPZ
Model; it was evaluated for single load (Sayed and Mas-
soud 2022; Rezvanyvardom and Mirzaei 2021; Wu et al.
2003), dual load & triple load scenarios. Each of these
scenarios was evaluated with load resistances of 50 Q,
100 @, and 150 Q, with Vj, =400V, and Vo, = 360 V across
each of the loads (Balakiruthiga et al. 2020; Najdoska and
Cvetkovski 2022).

The current requirements for these loads were evalu-
ated, and minimum & maximum ratings for all components
were set as per Table 1, based on which model design is
depicted in Figure 3, where different resistive loads are
connected for evaluation of performance under multiple
load scenarios (Mohanty and Satapathy 2009).
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Table 1: Range of passive components.
Component Min. Rating Max. Rating
Capacitors 60 pF 80 uF
Inductors 4 mH 8 mH
Ce " L1b
Vin * © Vour
=T J, Rp2
D1
Cin L1a Cour gggm
R1

Figure 3: Design of the model with multiple loads.

The model was tested under single, dual, and triple
load scenarios. Its efficiency was compared with Ant Col-
ony Optimization (ACO) (Arun and Manigandan 2021),
hybrid simplified Firefly and neighborhood attraction
firefly (HSFNA) (Priyadarshi et al. 2022), and active-quad-
switched-inductor (AQSL) (Bhaskar et al. 2021) in terms of
output THD, power gain ratio, and conversion efficiency
levels (Li and Yang 2021). The THD was evaluated via
equation (11) (Balani, Chavan, and Ghonghe 2022; Chavan
and Balani 2022; Goswami and Shreyas Rajendra 2022),

1 Nluzads \/Z?:l Voutj ( l)z \/Z?:lloutj ( l)2
+
Vouy (D Toug (1)

THD =

an
loads j=1

While the power gain ratio was evaluated via equation (12),

Nloads .
P= Zj:l P]out

= 0 12)
Nigags X Pin

And conversion efficiency was evaluated via equation (13),

N,
Vout X Zi:li)adsl_

CE = Jout
Vin X

13
;vzlfadsljin ( )

All these parameters were initially evaluated for a single
load with different output voltage requirements. Results of
this evaluation can be observed in Figure 4a, b and c wherein
THD, P & CE levels were evaluated w.r.t. output voltage (V)
levels.

Based on Table 2 evaluation, it can be observed that the
proposed model showcases 10.5% lower THD than ACO
(Arun and Manigandan 2021), 15.4 % lower THD than HSFNA
(Priyadarshi et al. 2022), and 9.5 % lower THD than AQSL



DE GRUYTER

THD Levels for Single Load
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Figure 4a: THD levels for single 50 Q loads.
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Figure 4b: Power efficiency levels for single loads.
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Figure 4c: Gain levels for single loads.

(Bhaskar et al. 2021), which is due to the inclusion of THD
during PSO based optimizations. Similarly, it was also
observed that the proposed model showcased 3.9 % better
power efficiency than ACO (Arun and Manigandan 2021),
45% higher power conversion efficiency than HSFNA

S.R. Hole and A.D. Goswami: PSO & GWO for ZETA converter-based solar PV system —— 5

(Priyadarshi et al. 2022), and 3.5 % better efficiency than
AQSL (Bhaskar et al. 2021), which is due to GWO, that assists
in selecting component values that showcase incrementally
better fitness levels, which it was observed that the proposed
model showcased 25.9 % higher gain than ACO (Arun and
Manigandan 2021), 18.5 % higher gain than HSFNA (Priya-
darshi et al. 2022), and 10.3 % higher gain than AQSL (Bhas-
kar et al. 2021), which makes it highly useful for single load
deployments. Similar performance for dual loads can be
observed in Figures 5a, 5b and 5¢ wherein loads of 50 Q &
100 Q were used for performance evaluation purposes.

Table 2: THD levels over single load.

Vout THD THD THD THD

ACO (Arun and HSFNA AQSL Proposed

Manigandan (Priyadarshi (Bhaskar
2021) et al. 2022) et al. 2021)

50 6.52 5.40 5.41 495
60 6.75 5.60 5.61 5.13
75 6.85 5.90 5.82 5.31
90 7.20 6.20 6.12 5.58
100 7.50 6.30 6.28 5.74
120 8.30 7.80 7.45 6.73
140 8.50 8.30 7.81 7.03
160 8.55 8.60 8.01 7.19
180 8.90 8.80 8.25 7.41
200 9.10 9.30 8.61 7.72
220 9.20 9.35 8.68 7.78
240 9.25 9.36 8.70 7.80
260 9.26 9.38 8.71 7.82
300 9.27 9.75 8.94 7.99
325 9.30 9.89 9.03 8.06
360 9.31 10.50 9.40 8.35

THD Levels for Dual Load
14
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Figure 5a: THD levels for 50 Q and 100 Q dual loads.
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Power Conversion Efficiency Levels
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Figure 5b: Power efficiency levels for dual loads.

Due to the inclusion of THD during PSO-based optimi-
zations, the proposed model exhibits 16.5 % lower THD than
ACO (Arun and Manigandan 2021), 10.4 % lower THD than
HSFNA (Priyadarshi et al. 2022), and 8.5 % lower THD than
AQSL (Bhaskar et al. 2021) based on this evaluation. As a
result of GWO, which aids in choosing component values
that showcase progressively higher fitness levels, From
Table 3 it was observed that the proposed model demon-
strated power efficiency that was 4.5 % better than ACO
(Arun and Manigandan 2021), power conversion efficiency
that was 5.9 % higher than HSFNA (Priyadarshi et al. 2022),
and efficiency that was 4.8 % better than AQSL (Bhaskar
etal. 2021). Due to this, it was found that the proposed model
demonstrated gains of 18.9 %, 16.5, and 8.3 % higher than
ACO (Arun and Manigandan 2021), HSFNA (Priyadarshi
et al. 2022), and AQSL (Bhaskar et al. 2021), respectively,
making it extremely useful for dual load deployments.
Figures 6a, 6b and 6c which used loads of 50 2, 100 Q, and

Power Gain Levels
50
45
40
35
30
25

20

Gain Levels

15

10

50 60 75 90 100

120

140 160 180 200 220 240

Output Voltage

HMACO [1] ®HSFNA[4] wAQSL[10] wProposed
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Table 3: Power Efficiency level for dual load.

Vou: Efficiency (%) ACO Efficiency (%) Efficiency Efficiency (%)

(Arun and HSFNA (%) AQSL Proposed

Manigandan 2021) (Priyadarshi (Bhaskar et
et al. 2022) al. 2021)

50 88.69675 93.555 85.0395 97.60512
60 88.54 93.3075 84.855 97.48584
75 88.32625 93.0105 84.6255 97.33578
90 88.0175 92.8125 84.42 97.19086
100 87.495 92.0205 83.823 96.80353
120 87.02 91.0305 83.133 96.36747
140 86.90125 90.6345 82.8795 96.21228
160 86.71125 90.387 82.6845 96.08403
180 86.45 90.0405 82.413 95.90575
200 86.3075 89.76825 82.2195 95.78263
220 86.23625 89.73855 82.1808 95.75416
240 86.20775 89.7237 82.1637 95.74184
260 86.19825 89.53065 82.0554 95.67926
300 86.17925 89.2782 81.9117 95.59563
325 86.16025 88.90695 81.7032 95.47508
360 85.78108 88.309485 81.2575725 95.18693

150 Q for performance evaluation, show similar perfor-
mance for triple loads.

Total Harmonic Distortion (THD) is a measure of the
distortion present in a waveform compared to the ideal
sinusoidal waveform. In the case of a DC-DC converter,
THD levels for different loads can indicate the quality of the
output voltage waveforms. From the given information, we
can infer that the THD levels for the three different loads
are low, which indicates low harmonic distortions. Since
the THD levels for the three loads are low, we can conclude
that the output voltage waveform of the DC-DC converter

260 300 325

360

Figure 5c: Gain levels for dual loads.
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THD Levels for Triple Load
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Figure 6a: THD levels for 50 Q, 100 Q and 150 Q
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has low distortion and is close to a set of pure sinusoidal
waveforms. From Figures 6a, 6b and 6c, it can be observed
the decreasing THD levels with increasing load resistance
(50 2-150 Q) suggest that the distortion is decreasing with
increasing load, which is a desirable behavior for real-time
scenarios. However, it is important to note that THD levels
alone do not provide a complete picture of the quality of the
output voltage waveforms. Other factors such as transient
response, noise, and stability must also be considered for a
comprehensive assessment of the DC-DC converter’s per-
formance levels. The inclusion of THD during PSO-based
optimizations led to the proposed model showing 14.5 %
lower THD than ACO (Arun and Manigandan 2021), 8.3-
% lower THD than HSFNA (Priyadarshi et al. 2022), and
6.5 % lower THD than AQSL (Bhaskar et al. 2021); based on
this evaluation. This can also be observed in Figure 7, where
the output current and power levels of the proposed Zeta
Converter are evaluated for single load scenarios.

As a result of GWO, which aids in choosing component
values that showcase progressively higher fitness levels, it
was also observed that the proposed model demonstrated
8.5% higher power efficiency than ACO (Arun and Man-
igandan 2021), 8.3 % higher power conversion efficiency than
HSFNA (Priyadarshi et al. 2022), and 9.5 % better efficiency
than AQSL (Bhaskar et al. 2021). Due to this, it was found that
the proposed model demonstrated gains of 15.5% greater
than ACO (Arun and Manigandan 2021), 18.3 % greater than
HSFNA (Priyadarshi et al. 2022), and 16.5% greater than
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AQSL (Bhaskar et al. 2021), making it extremely useful for
deployments of triple loads.

These improvements enable the model to be deployed
across various load types, greatly benefiting real-time
application scenarios.

4 Conclusions

The proposed model fuses PSO with GWO, improving their
rating selection performance under multiple load types.
The PSO model can generate initial solutions, while GWO
assists in identifying final ratings optimized for THD, power
gain, and conversion efficiency levels. Due to the inclusion
of PSO & GWO, the model can optimize these parameters
for different Zeta converter configurations. The inclusion of
THD during PSO-based optimizations resulted in the pro-
posed model having 10.5 % lower THD than ACO (Arun and
Manigandan 2021), 15.4 % lower THD than HSFNA (Priya-
darshi et al. 2022), and 9.5 % lower THD than AQSL (Bhaskar
et al. 2021) when this model was evaluated on single loads.
The proposed model also demonstrated power efficiency
that was 3.9 % higher than ACO (Arun and Manigandan
2021), power conversion efficiency that was 4.5% higher
than HSFNA (Priyadarshi et al. 2022), and efficiency that
was 3.5% higher than AQSL (Bhaskar et al. 2021), all of
which were attributed to GWO, which aids in choosing
component values that showcase incrementally higher

VOLTAGE WAVEFORM

0047 0048 0049 0.05 0051

Time (seconds)
CURRENT WAVEFORM

0052 0053 0054 0055 0056

150 —

0047 0048 0049 0.05 0051

Figure 7: Output current & voltage levels of Zeta converter.

0052 0053 0054 0055 0056
Time (seconds)
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fitness levels. Because of this, it was found that the pro-
posed model displayed gains of 25.9 % more than ACO
(Arun and Manigandan 2021), 18.5 more than HSFNA
(Priyadarshi et al. 2022), and 10.3 more than AQSL (Bhaskar
et al. 2021), making it extremely useful for single-load
deployments. However, based on this evaluation, the pro-
posed model exhibits 16.5 % lower THD than ACO (Arun and
Manigandan 2021), 10.4 % lower THD than HSFNA (Priya-
darshi et al. 2022), and 8.5 % lower THD than AQSL (Bhaskar
et al. 2021) due to the inclusion of THD during PSO-based
optimizations. It was also noted that the proposed model
showed power efficiency that was 4.5 % better than ACO
(Arun and Manigandan 2021), power conversion efficiency
that was 5.9 % higher than HSFNA (Priyadarshi et al. 2022),
and efficiency that was 4.8 % better than AQSL (Bhaskar
et al. 2021). This was due to GWO, which helps choose
component values that showcase progressively higher
fitness levels. As a result, it was discovered that the sug-
gested model showed gains that were 18.9 %, 16.5 %, and
8.3 % higher than ACO (Arun and Manigandan 2021), HSFNA
(Priyadarshi et al. 2022), and AQSL (Bhaskar et al. 2021),
respectively. As a result, it was determined that the model
was beneficial for dual-load deployments. Based on this
evaluation, the proposed model showed 14.5 % lower THD
than ACO (Arun and Manigandan 2021), 8.3% lower
THD than HSFNA (Priyadarshi et al. 2022), and 6.5 % lower
THD than AQSL (Bhaskar et al. 2021) due to the inclusion
of THD during PSO-based optimizations. The proposed
model showed 8.5% higher power efficiency than ACO
(Arun and Manigandan 2021), 8.3 % higher power conver-
sion efficiency than HSFNA (Priyadarshi et al. 2022), and
9.5 % better efficiency than AQSL (Bhaskar et al. 2021) as a
result of GWO, which helps in choosing component values
that showcase progressively higher fitness levels. As a
result, it was discovered that the suggested model showed
gains of 15.5% above ACO (Arun and Manigandan 2021),
18.3% above HSFNA (Priyadarshi et al. 2022), and 16.5 %
above AQSL (Bhaskar et al. 2021), making it very helpful
for deployments of triple loads. Real-time application
scenarios benefit significantly from the model’s ability to be
deployed across different load types as a result of these
improvements.

5 Future scope & limitations

Researchers can integrate multiple deep-learning models
to estimate better ratings under a higher number of loads.
They can also integrate other bioinspired models like
Elephant Herding Optimization, Whale Optimization,
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Bacterial Foraging Optimization, etc., which will assist in
improving its component selection for different converter
configurations.

Other Future Scopes can include,

(1) The proposed hybrid soft computing methodology can be
extended to other types of converters, such as SEPIC and
boost converters, to optimize passive component ratings
and improve their performance.

(2) The methodology can be further refined by incorpo-
rating additional optimization techniques or by inte-
grating machine learning algorithms for improved
accuracy and speed.

(3) The proposed methodology can be used to optimize the
performance of Zeta converters in different load condi-
tions, and the results can be compared with the existing
methods to validate the superiority of the proposed
approach.

Following are the Limitations of this study,

(1) The proposed methodology is based on simulations,
and its effectiveness needs to be validated through
practical implementations.

(2) The proposed methodology does not consider the
effects of temperature and aging on passive compo-
nents, which may affect the performance of Zeta con-
verters over time.

(3) The methodology may not be suitable for circuits that
have unique operating conditions or specific design
requirements, which may require customized solutions.
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sibility for the entire content of this submitted manuscript
and approved submission.
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Conflict of interest statement: The authors declare no
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List of Abbreviations

PSO Particle Swarm Optimization

FET Field Effect Transistor

SEPIC Single Ended Primary Inductor Converter

GWO Grey Wolf Optimization

ACO Ant Colony Optimization

HSFNA Hybrid simplified Firefly and neighborhood attraction firefly

AQSL Active-quad-switched-inductor

NHSMPZ Novel Hybrid Soft Computing Model for Passive
Components Selection in multiple load Zeta Converter

THD Total Harmonic Distortion

ccMm Continuous Conduction Mode

Cin input capacitor
C flying capacitor
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Cout output capacitor
Lig input inductor
Lyp output inductor
D1 Schottky Diode
PE Power Efficiency
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