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Abstract—The paper presents an efficient design method for 
the sizing of an advanced analog circuit. Numerous 
researchers have been attracted to the field of biomedical 
devices, specifically the design of cochlear implants. The use 
of a cochlear implant enables individuals with hearing loss 
to receive stimulation of the cochlear nerve. A cochlear 
implant plays a crucial role in processing incoming signals. 
The low power consumption and efficient processing of 
biological signals by an Operational Transconductance 
Amplifier (OTA) make it ideal for biomedical applications. 
This paper presents a comparative analysis of two OTA 
designs optimized for biomedical applications using bio-
inspired algorithms. The first case study explores a Split-
Folded Cascode (SFC) amplifier for cochlear implants, 
while the second examines a preamplifier circuit for 
neurological signal processing. Various state-of-the-art bio-
inspired algorithms, including the enhanced version of the 
African Vulture Optimization Algorithm (EAVOA), Hybrid 
Whale Particle Swarm Optimization (HWPSO), and other 
algorithms, are employed to optimize performance metrics 
such as gain, input noise, power, and area minimization for 
both case studies. Simulation results demonstrate that 
EAVOA outperforms other algorithms by achieving high 
gain, low noise, and reduced power dissipation, which have 
been validated through Cadence Virtuoso simulations.  

Index Terms—Cochlear implants, Enhanced African 
Vultures Optimization Algorithm (EAVOA), global 
optimization, Split Folded Cascode (SFC), two-stage OTA 

I. INTRODUCTION

The development of high-performance front-end 
circuits for biomedical applications presents unique 
challenges, particularly in intensifying weak bio-signals 
with amplitudes in the microvolt (µV) range and 
operating frequencies below 20 kHz [1]. One of the 
widely popular biomedical circuits is the cochlear implant, 
a wonderful medical technological advancement that 
helps people with acute hearing problems by applying 
direct stimulation at the acoustic neuroma. The most 
important component of these devices is the amplifier, 
which processes incoming sound waves and amplifies 
them before transferring them to the auditory nerve. A 

sound processor and an electrode array are additional 
crucial components. The cochlear implant amplifier’s 
overall efficacy and functioning are mostly determined by 
its design [2]. 

The block diagram of a biomedical amplifier is given 
in Fig. 1. In Fig. 1, the transconductance Gm signifies the 
operational transconductance amplifier (OTA), while Cin 
and Cf are input DC-blocking capacitors and feedback 
capacitors, respectively. Mf1 and Mf2 are used as pseudo-
resistors. 

Fig. 1. Block diagram of a biomedical closed-loop amplifier [2].  

As critical components of biomedical systems such as 
cochlear implants and neurological amplifiers, OTAs 
must simultaneously meet stringent requirements: high 
gain, ultra-low noise, and minimal power consumption, 
while maintaining compact physical dimensions suitable 
for implantable devices [3, 4]. The obligation to minimize 
circuit area stems not only from spatial constraints in 
medical implants but also from manufacturing cost 
considerations. However, indiscriminate transistor scaling 
risks degrading essential performance measures such as 
gain, bandwidth, and noise etc. [5], creating a complex 
optimization challenge. Manually sizing transistors has 
traditionally been the go-to method in analog circuit 
design, but it often turns out to be both time-consuming 
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and inefficient—especially when dealing with the 
complex trade-offs involved in balancing multiple 
performance targets [6]. However, advancements in the 
realm of bio-inspired and evolutionary computing have 
opened up new avenues for improving the design of these 
amplifiers. 

Because bio-inspired algorithms imitate the flexible 
and efficient behaviors found in natural systems, they 
provide a novel solution to challenging optimization 
problems [7, 8]. These algorithms have demonstrated 
striking efficacy in handling a wide variety of 
engineering problems, including pattern recognition, 
control systems design, and optimization. They take 
inspiration from biological phenomena such as genetic 
evolution, neural networks, and swarm intelligence [9]. 
Bio-inspired algorithms present a possible opportunity to 
leverage the principles underlying biological hearing 
systems to enhance the efficacy and efficiency of the 
amplification process while constructing cochlear implant 
amplifiers [10, 11]. Bio-inspired algorithms application in 
related fields, including auditory signal processing and 
brain prosthetics, to learn more about their applicability 
and effectiveness for improving cochlear implant 
amplifiers [12]. By comparing several bio-inspired 
optimization algorithms, the aim is to ascertain the most 
effective approaches for addressing the unique 
requirements and constraints of cochlear implant 
amplifier design. 

Over the years, various optimization approaches, such 
as Particle Swarm Optimization (PSO) [13], and various 
other variants like Differential Evolution Particle Swarm 
Optimization (DEPSO) [14], human behavior-based 
particle swarm optimization (HBPSO) [15], Differential 
Evolution (DE) [16], hybrid whale particle swarm 
optimization (HWPSO) [17], Dragonfly Algorithm (DA) 
[18], whale optimization algorithm (WOA) [19], Salp 
Swarm Algorithm (SSA) [12], League Championship 
Algorithm (LCA) [20], African Vultures Optimization 
Algorithm (AVOA) [21], have been applied to amplifier 
design with some success. However, these methods tend 
to struggle with certain issues: they converge slowly, can 
easily get stuck in local optima, and often are not very 
effective when it comes to managing multiple design 
goals at once [12–28]. While a lot of existing research has 
tackled optimization for high-frequency applications [29–
31] there’s been surprisingly little attention given to the 
unique needs of low-frequency biomedical systems such 
as neural amplifiers [32–42]. In particular, one of the 
most important challenges in this area, minimizing circuit 
area, hasn’t been explored as thoroughly as it should be. 
In the design of cochlear implant amplifiers, there has 
also been no reported work on the use of bio-inspired 
algorithms. Although there have been quite a few state-
of-the-art works in the conventional design of cochlear 
implants. Some of the reported works include those by 
Ryoo et al. [43], Devi et al. [44], Oh et al. [45], and 
Croce et al. [46]. However, the major limitation in these 
works is the noise-power trade-off in the design. One of 
the recently reported works is by Nath et al. [2], wherein 
they reported a cochlear implant amplifier using Split 

Folded Cascode (SFC) topology. However, the main 
limitation of their work is that the reported area is higher, 
and because of manual computation, it is a time-
consuming process. The purpose of this paper is to study 
and analyze the use of bio-inspired algorithms to 
minimize the area in biomedical amplifier design, 
considering two case studies: firstly, a cochlear implant 
design using the split-folded cascode topology, and 
secondly a neurological amplifier design using two-stage 
OTA topology [47, 48]. The objective function has been 
formulated as the summation of the width and length of 
all the transistors in the circuit, and the constraints are 
defined by modelling both circuits so as to formulate the 
dependency of every design specification on a particular 
width and length. Simulations have been performed using 
various state-of-the-art bio-inspired algorithms, and a 
comparative analysis among them is  
performed [12–25, 49–53] based on simulations and 
validation. The results demonstrate that the enhanced 
African vulture optimization algorithm (EAVOA) 
outperforms most state-of-the-art algorithms when it 
comes to achieving a minimum area by delivering 
optimal design specifications for both circuits. The study 
utilized the 180-nanometer process technology for the 
validation of the design aspects of the Cadence Virtuoso 
simulation software tool for circuit design. The results 
indicate that the approach employed is effective, and it is 
in very close agreement with algorithmic suggestions. 

The remaining paper is organized as follows:  
Section II of the paper discusses the problem formulation 
of Case Study 1 and Case Study 2. In Section III, we 
explain bio-inspired optimization algorithms.  
In Section IV, highlight the analysis of the detailed 
results. Finally, in Section V, the conclusion has been 
presented. 

II. PROBLEM FORMULATION 

In this section, the problem formulation or design 
procedure of the proposed approach for both case studies 
is presented in detail. These design procedures define the 
various constraints, the optimum design specifications 
imposed on the transistor dimensions, and have to be met 
accordingly while minimizing the desired cost function 
for optimal performance.   

A. Case Study: 1 Split-Folded Cascode (SFC)-based 
Cochlear Implant  Amplifier 

The Split Folded Cascode (SFC) amplifier [2] is 
selected for cochlear implant applications due to its high 
gain and bandwidth. This topology incorporates split 
input transistors and cascoded current mirrors to achieve 
superior transconductance. Using the folded cascode 
OTA architecture, which self-compensates and permits 
reduced supply margins, the first stage of the proposed 
preamplifier was designed. The device uses the 
conventional folded cascode design, which consists of a 
split input transistor and a folded transistor with the same 
aspect ratio [2]. By doing this, the amplifier’s total 
transconductance will increase, and the current will be 
divided into two branches. This arrangement makes using 
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low-bias current to obtain adequate gain easier, which 
lowers power consumption. The split folded cascode is 
shown in Fig. 2. The split input transistors M1a, M1b, M2a, 
and M2b show that two transistors are coupled rather than 
one. Two folded transistors, designated as M5a, M5b, M6a, 
and M6b, are also connected to balance the splitting. 
Reducing the size, capacitance, and parasitic resistance in 
the backend architecture while maintaining the same 
performance is achieved by splitting at a lower aspect 
ratio. Connected to scale the current are resistances R2, R3, 
R4, and R5. With less current flowing through them, their 
design results in reduced noise levels. Here, the normal 
current mirror is substituted with the cascode current 
mirror load in order to boost the gain. To give a high 
output swing, a folded cascode requires an extra transistor, 
the M13, because its output swing is moderate. 

Fig. 2. Split folded cascode amplifier [2]. 

The area of the Cochlear Implants amplifier can be 
computed by taking into account the multiplication of the 
dimensions {width (Wk) and Length (Lk)} of all the 
transistors. The SFC OTA area minimization problem 
statement has been defined below. The Cost Function (CF) 
for area minimization is defined by Eq. (1). The design 
constraints formulated by Eq. (2) to Eq. (18) must be 
satisfied while ensuring that the area is optimized. The 
minimum desired specifications of the circuit are affected 
by these constraints and have been formulated by various 
modelling and analysis of the circuit, such as small-signal, 
large-signal, frequency, noise analysis, etc. (W/L), and ID 
refers to the aspect ratio and drain current of the 
corresponding transistors. 

Cost function (CF) 
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where VDD is the positive supply voltage, and Vout(max) is 

the maximum output voltage. 
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where Kp is the transconductance parameter of PMOS, gm 

is the transconductance of the corresponding transistors, 

and K is the current gain factor. 
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where VCM (max) is the maximum common-mode input 

voltage, and Vtp is the threshold voltage of PMOS. 
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where VCM (min) is the minimum common-mode input 

voltage. Overall gain of the split-folded cascode amplifier. 
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where ro is the output impedance, and R4 is the resistance. 

Input-referred thermal noise spectral density, Sn (f): 
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where CL is the load capacitor. Eq. (2) represents the 

single-ended slewing condition. For a fully differential 

folded cascode OTA, the effective Slew Rate is given by 

biasSR 2 LI C= , since both output branches contribute to 

charging and discharging the load capacitance. This 

distinction is important to avoid confusion when 

comparing single-ended and differential implementations. 
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Fig. 3. Two-Stage OTA [54]. 

of the Two-Stage OTA, which is given below. The cost 

function for area minimization is defined in Eq. (20), 

while design constraints for minimizing the area are 

formulated in Eqs. (21) to (35).  
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where μp is the mobility for PMOS.  
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where the channel length modulation parameters for 

NMOS and PMOS are λn and λp, respectively. 
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where K and T are the Boltzmann constant and absolute 

temperature, respectively.  

Power dissipation 
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B. Case Study 2: Two-Stage OTA-based Neurological 

Amplifier Design 

Fig. 3 indicates the schematic for a two-stage 

OTA [54]. This circuit consists of a first-stage differential 

pair and a current mirror load. This configuration can 

help minimize common-mode noise. The following 

arrangement provides a common-source gain stage 

capable of producing an overall high gain. In this circuit, 

the current mirror load is composed of M3 and M4, while 

the input differential pair for the circuit is composed of 

M1 and M2. The common source driver and load are 

labeled as M6 and M7. The 1st and 2nd stages are 

connected to a Miller compensation capacitor (CC). This 

helps in improving the stability and Phase Margin of the 

OTA [55]. The Phase Margin (PM) greater than 60 

degree criterion is utilized in selecting the appropriate 

Miller compensation capacitor (CC), to determine the load 

capacitor CL defined in Eq. (19). 

0.22c LC C                               (19) 

This choice of compensation capacitor Cc doesn’t 

consider the inherent power and noise tradeoffs in the 

circuit design, which is a vital design norm of biomedical 

amplifier design [1]. The choice of the compensation 

capacitor Cc plays a significant role in determining the 

power and noise of the OTA. A reduction in noise with a 

high Cc will lead to higher power dissipation. That’s why 

the best Cc is required to be selected for optimal 

performance. In response to this requirement, 

Mahatanakkul & Chutichatuporn [56] proposed a two-

step OTA design modelling that is regarded as a 

constraint while also maximizing value of both the 

intentional cost functions outlined in Laskar et al. [17]. 

As mentioned earlier, the problem formulation 

statement provided an outline for the area minimization 
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III. BIO-INSPIRED OPTIMIZATION ALGORITHMS 

Bio-inspired algorithms are algorithms [12–21] that 
use biological systems and processes as a source of 
inspiration to solve difficult optimization and search 
problems. To solve a variety of issues across several 
fields, these algorithms imitate the behavior of natural 
systems like swarm intelligence, evolution, or neural 
networks. These days, bio-inspired algorithms address 
application problems from several scientific and technical 
domains, such as information processing, optimization, 
and decision-making [12]. It is projected that several 
approaches and fields will create intelligent optimization 
algorithms in the next few years that will be more adept 
at managing diverse difficulties for anomaly and failure 
detection domains. Optimization is essential when 
applying deterministic or stochastic methods to tackle 
more single- or multi-objective issues. Extensions and 
improvements to meta-heuristic optimization techniques 
are the goal of NP-hard problem-based algorithms, both 
deterministic and stochastic. Bio-inspired algorithms are 
more enhanced, flexible, intelligent, and easy to test than 
traditional techniques. 

Bio-inspired algorithms are being used these days to 
solve issues quickly in various areas, such as robotics, 
computer networks, image processing, electrical and 
mechanical challenges, electronics, management, 
planetary science, and production engineering. Because 
bio-inspired algorithms are a novel topic, the authors 
hope to explore the debate surrounding and potential 
applications of these algorithms. One of the newer 
techniques (AVOA) [21] is based on how vultures behave 
in the wild when searching for food. It works decently in 
many scenarios, but it’s not without issues—it can be 
slow to find good solutions, sometimes gets stuck too 
early in local optima, and struggles more with 
complicated or high-dimensional problems. The 
enhanced AVOA algorithm would seek to enhance the 
exploitation and exploration balance [57, 58]. Some 
traditional AVOA, such as classical AVOA [59, 60], 
multi-strategy AVOA [61], multi-objective AVOA [62], 
and recent advancements [63, 64], are based on AVOA. 

To improve on this, an enhanced version, called 
enhanced AVOA (EAVOA), was introduced [65]. This 
version adds a few new ideas to make it work better. First, 
we have the Representative Vulture Selection Strategy 
(RVSS), which picks the most promising search agents 
smartly so that the algorithm can explore and exploit 
them efficiently. Then there’s the Rotating Flight 
Strategy (RFS), which adds variety to the search by 
mimicking how vultures fly in circles—this helps the 
algorithm avoid getting stuck in the same place. Thirdly, 

the Selecting Accumulation Mechanism (SAM) is used to 
make use of good solutions found earlier, so the process 
becomes faster and more focused as it proceeds further. 

 
Fig. 4. Flowchart of bio-inspired algorithms search mechanism. 

Various algorithms have a theme derived from bio-
inspired algorithms: Particle Swarm Optimization (PSO), 
Dragonfly Algorithm (DA), hybrid whale PSO, salp 
swarm algorithm, Artificial Bee Colony Algorithm 
(ABC), etc., amongst others, are employed along with 
EAVOA to optimize both the circuits. The generalized 
flowchart of the search mechanism of bio-inspired 
algorithms is shown in Fig. 4. 

IV. RESULTS AND ANALYSIS 

Various Bio-inspired Algorithms are utilized in the 
optimization of the area of OTA for biomedical 
amplifiers, considering two studies. Firstly, an SFC OTA 
is considered for cochlear implants, and simulations are 
performed in MATLAB, and a comparative analysis 
between the state-of-the-art algorithms has been done 
based on their performance for 20 independent runs with 
the same population size and design constraints. Finally, 
validation of the algorithmic results is done by 
redesigning the SFC OTA using the transistor dimensions 
and other design parameters corresponding to the 
minimum area, i.e. the best value in Cadence Virtuoso, 
and performing necessary analysis. After that, similar 
approaches have been repeated for Case Study 2, which is 
an optimal two-stage OTA design for a neurological 
amplifier.  

A. Case Study 1 
Various bio-inspired algorithms are then utilized to 

determine the optimal area for a particular circuit by 
taking into account the constraints specified in Eqs. (2)  
to (18), and the cost function minimization formula is 
defined in Eq. (1). The constraints for the OTA are based 
on the required specifications for the cochlear implant 
application. Table I shows the optimal design 
specifications of amplifiers for various biomedical 
applications such as Cochlear Implants and Neural 

( )CM+

HR DD CM maxV V V= −                        (32) 

( )CM-

HR CM SSminV V V= −                         (33) 

( )out+

HR DD out maxV V V= −                         (34) 

( )out-

HR out min SSV V V= −                         (35) 
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Recording applications, and the optimal values of the 
design variables are then determined by considering these 
boundaries. Additionally, the optimal value of 1 ≤ Wk/Lk ≤ 
100 for each MOS transistor is also required. A 
population matrix of 50 � 10 is then created to solve the 
problem, while the population size of 50 is considered.  

The study consists of 100 iterations at maximum, and 
over 20 independent runs were then performed on the 
algorithm to evaluate its various features. The results of 
the study revealed the worst, best, mean, and standard 
deviations of the algorithms. As a result, around 2,500 
function evaluations were made for the algorithm before 
it was analyzed for its optimal results. The evaluation of 
state-of-the-art algorithms was carried out according to 
the parameters, and the results of the comparison are 
illustrated in Table II and Table III. 

From Table II, it can be clearly seen that the DA 
Algorithm outperforms the other algorithm employed by 
obtaining a low area with high gain and high slew rate, 

however, with a tradeoff in power dissipation. However, 
the power dissipation is still lower than that of other 
algorithms, such as WOA and HWPSO, which achieve a 
higher area and lower gain. In view of the above 
discussion, it can be inferred that DA is best suited for 
this case study, considering the objective function of 
minimization of area such that other design specifications 
are optimized within the bounds. 

Note: CMRR and PSRR constraints were enforced 
during optimization as per Table I, and all algorithms 
satisfied these bounds. Hence, they are not repeated in 
Table II. 

The validation of the algorithm results was performed 
by redesigning the SFC OTA. The minimum area of the 
integrated circuit was achieved by using Cadence 
Virtuoso simulator 180nm process technology. The pre- 
and post-layout analysis and simulation of the Cadence 
Virtuoso were carried out using the 180nm process 
technology. 

TABLE I: OPTIMAL DESIGN SPECIFICATIONS FOR OTA’S FOR VARIOUS BIOMEDICAL APPLICATIONS 

Design Criteria Specifications (Neural) Specifications (Cochlear) 
Minimum output voltage, Vout(min)(V) > -1.2 > -1.2 

Input noise, Sn(f) (V/√Hz) < 500n <  2µ 
Maximum output voltage, Vout (max) (V) ≤ 1.2 ≤ 1.2 

CMRR(dB) > 70 > 60 
PSRR(dB) > 60 > 50 

Minimum ICMR, VCM(min) (V) ≥ -1.6 ≥ -1.5 
Maximum ICMR, VCM(max) (V) < 1.6 < 1.5 

Power dissipation, P(µW) <  7 < 7 
Slew rate, SR(V/µs) ≥ 10 ≥ 10 

Cut-off frequency-3dB(KHz) ≤ 15 ≤ 20 
Gain, Av(dB) > 40 > 30 

TABLE II: COMPARISON OF OPTIMAL DESIGN SPECIFICATIONS DETERMINED BY BIO-INSPIRED ALGORITHMS AFTER 20 RUNS (CASE STUDY-1) 

Specification HWPSO HBPSO WOA DA BASICPSO SSA 
Slew rate (V/µs) 14.256 10.000 14.256 14.256 10.000 14.2559 

UGB (MHz) 3 3 3 3 2.5 3 
Gain (dB) 41.51 42.17 40.6 46.02 43.17 44.79 
VIC (min) (V) -0.705 -0.010 -0.186 -0.1880 -0.265 -0.453 
VIC (max) (V) 1.2 1.16 1.2 1.2 1.18 1.2 

Power dissipation (µW) 5.12 4 5.53 4.62 4.016 4.106 
Area (μm2) 240 238.52 257.59 234.284 267.04 289.59 

TABLE III: COMPARISON OF OPTIMAL DESIGN PARAMETERS DETERMINED BY BIO-INSPIRED ALGORITHMS AFTER 20 RUNS (CASE STUDY-1) 

Design parameters HWPSO HBPSO WOA DA BASICPSO SSA 
W1A/L1 25/1 25/1 25/1 25/1 25/1 25/1 
W1B/L1 25/1 25/1 25/1 25/1 25/1 25/1 
W2A/L2 0.045/1 0.0645/1 0.0451/1 7.142/1 0.0452/1 0.0451/1 
W2B/L2 0.045/1 0.0645/1 0.0451/1 7.142/1 0.0452/1 0.0451/1 
W3A/L3 1/1 1/1 1/1 10/1 1/1 1/1 
W3B/L3 1/1 1/1 1/1 10/1 1/1 1/1 
W4A/L4 1/1 1/1 1/1 10/1 5.91/1 1/1 
W4B/L4 1/1 1/1 1/1 10/1 5.91/1 1/1 
W5A/L5 10/1 10/1 10/1 10/1 10/1 10/1 
W5B/L5 10/1 10/1 10/1 10/1 10/1 10/1 
W6A/L6 10/1 10/1 10/1 10/1 10/1 10/1 
W6B/L6 10/1 10/1 10/1 10/1 10/1 10/1 
W7/L7 10/1 10/1 10/1 10/1 10/1 10/1 
W8/L8 10/1 10/1 10/1 10/1 10/1 10/1 
W9/L9 10/1 10/1 10/1 10/1 10/1 10/1 

W10/L10 10/1 10/1 10/1 10/1 10/1 10/1 
W11/L11 10/1 10/1 10/1 10/1 10/1 10/1 
W12/L12 1.25/1 1.25/1 1.25/1 10/1 1.25/1 1.25/1 
W13/L13 10/1 10/1 10/1 10/1 10/1 10/1 
W14/L14 1.25/1 1.25/1 1.25/1 10/1 1.25/1 1.25/1 
W15/L15 1/1 1/1 1/1 10/1 1/1 1/1 
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TABLE IV: COMPARISON WITH THE STATE-OF-THE-ART COCHLEAR IMPLANTS 

Work Gain (dB) BW (Hz) Noise (V/√Hz) Area Power (W) 
Ryoo et al. (2016) [43] 33 400–8 k 331n 0.282mm2 167.7μ 

Oh et al.(2017) [45] 9.6 20-20 k 7.3μ 0.07mm2 NA 
Nath et al. (2021) [2] 43.7 18.7-20.6 k 473.47n 46101.377µm2 4.6μ 

This work 46 20-20 k 2.2μ 234.28µm2 11.6μ 
 

 
Fig. 5. Input noise plot for SFC OTA in Cadence Virtuoso. 

 
Fig. 6. ICMR plot for SFC OTA in Cadence Virtuoso. 

 
Fig. 7. Power dissipation plot for SFC OTA in Cadence Virtuoso. 

The results of the analysis are shown in Fig. 5 to Fig. 8, 
which show proximity with algorithm-based results, with 
minimal deviation, and a split folded cascode (SFC) 
amplifier layout shown in Fig. 9. A comparison of 
optimized SFC OTA for Cochlear Implants with existing 
Cochlear Implants is presented in Table IV. 

 
Fig. 8. Gain plot for SFC OTA in Cadence Virtuoso. 

 
Fig. 9. Split folded cascode amplifier layout. 

B. Case Study 2 
Analogous to Case Study 1, the bio-inspired 

algorithms were utilized to determine the optimal area for 
the Two-Stage OTA for the neurological amplifier. The 
cost function minimization is defined in Eq. (20) and is 
subjected to the constraints specified in Eq. (21) to Eq. 
(35). These constraints are based on specific requirements 
for OTA to be utilized in the cochlear implant application. 
Table I presents the specifications and the optimal design 
variables values. These values can be determined by 
considering the boundaries. Additionally, the optimal 
value of 1 ≤ Wk/Lk   ≤ 100 for each MOS transistor is also 
required. A population matrix of 50�10 is then created to 
solve the problem while considering the overall 
population size of 50. 

As before 100 iterations was chosen as maximum, and 
more than 20 independent runs were then done on the 
algorithm to evaluate its various features. These included 
recording the worst, best, mean, and standard deviation of 
the algorithms. As a result, around 2,500 function 
evaluations have been made for the algorithm before it is 
analyzed for its optimal results. The evaluation of state-
of-the-art algorithms was conducted according to the 
specified parameters, and the results of the comparison 
are presented in Tables V and VI. A comparison of the 
optimized Two-Stage OTA-based Neurological Amplifier 
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Design with other reported work is presented in Table VII 
below.  

From the results achieved, it can be noted that the 
EAVOA outperforms other state-of-the-art algorithms by 
attaining a minimum area of 450μm2, with low noise and 
better stability at a trade-off in gain, which is also 

sufficient for amplification of biomedical signals. Table 
VII further validates the discussion by designing the 
neural amplifier using an EAVOA optimized two-stage 
OTA, which gives a higher mid-band gain with lower 
power dissipation than other reported works, but with a 
trade-off in power dissipation. 

TABLE V: COMPARISON OF THE BEST RESULTS EVALUATED USING LCA AND OTHER ALGORITHMS AFTER 20 INDEPENDENT RUNS (CASE STUDY-2) 

Specifications PSO [34] DE [34] SSA DEPSO [34] HBPSO DA WOA [34] HWPSO [34] LCA EAVOA 
Slew rate, SR (V/µs) 20 20 20 20 20 20 20 20 15.25 15 

Unity gain frequency, fu (MHz) 3.4 3.4 3.4 3.56 2.45 2.45 2.45 2.88 7.79 7.5 
Compensation Capacitance, Cc (pF) 4 4 4 4 4 4 4 4 4.7 4 

Load Capacitance, CL (pF) 11.87 11.87 11.87 11.87 11.87 11.87 11.87 11.87 13.7 11.4 
VCM(min) (V) -1 -1 -1 -512.92m -543.186m -543.186m -543.186m -1.12 -1.12 -1.1 
VCM(max) (V) 1.64 1.64 1.64 1.39 1.52 1.52 1.52 1.39 1.32 1.3 
Vout(max) (V) 1.78 1.35 1.35 1.79 1.79 1.792 1.792 1.791 1.55 1.5 
Vout(min) (V) -1.74 -1.74 -1.74 -1.71 -1.68 -1.69 -1.69 -1.67 -1.353 -1.3 

Phase Margin,ɸM (degrees) 49.73 49.73 49.73 45.15 44.9 45.1 45.1 77 78.53 75 
Gain, Av(dB) 60.78 60.78 60.78 46.08 69.59 69.59 69.59 65.82 34.38 33 

Power dissipation (W) 1.5µ 1.5µ 1.5µ 1.5µ 1.5µ 1.6µ 1.6µ 1.5µ 3.1µ 3.0μ 
Cut-off frequency, f-3dB (KHz) 3.3 3.3 3.3 23.4 1.2 1.2 1.2 1.65 5.2 5 

Input noise, Sn(f) (V/√Hz) 0.37µ 0.37µ 0.37µ 0.35µ 0.125µ 0.125µ 0.125µ 0.126µ 10.7 10.0 
Optimum area, CF (m)2 7.97e-10 7.97e-10 7.97e-10 7.52e-10 7.21e-10 7.20e-10 7.20e-10 5.23e-10 4.961e-10 4.5e-10 

TABLE VI: COMPARISON OF OPTIMAL DESIGN PARAMETERS CORRESPONDING TO BEST RESULT OBTAINED USING LCA AND OTHER ALGORITHMS 
(CASE STUDY-2) 

Design Parameters PSO [34] DE [34] SSA DEPSO HBPSO DA WOA [34] LCA EAVOA 
W1(m) 4.172e-05 4.172e-05 4.172e-05 3.45e-05 3.61e-05 3.48e-05 3.48e-05 2.1645e-05 2.175e-05 
W2(m) 4.172e-05 4.172e-05 4.172e-05 3.45e-05 3.61e-05 3.48e-05 3.48e-05 2.1645e-05 2.175e-05 
W3(m) 3.56e-06 3.56e-06 3.56e-06 3.54e-06 3.43e-06 3.31e-06 3.31e-06 2.6754e-06 2.19e-06 
W4(m) 3.56e-06 3.56e-06 3.56e-06 3.54e-06 3.43e-06 3.31e-06 3.31e-06 2.6754e-06 2.19e-06 
W5(m) 7.127e-06 7.127e-06 7.127e-06 6.69e-06 6.86e-06 6.62e-06 7.13e-06 4.8760e-06 4.32e-06 
W6(m) 4.56e-05 4.56e-05 4.56e-05 5.47e-05 4.59e-05 5.11e-05 5.32e-05 4.4798e-05 3.76e-5 
W7(m) 2.74e-05 2.74e-05 2.74e-05 2.58e-05 2.64e-06 2.55e-05 2.55e-05 1.8735e-05 1.534e-05 
W8(m) 7.127e-06 7.127e-06 7.127e-06 6.69e-06 6.86e-06 6.62e-06 7.13e-06 5.8573e-06 5.31e-06 
L1(m) 3.56e-06 3.56e-06 3.56e-06 3.34e-06 3.43e-06 3.31e-06 3.31e-06 2.3131e-06 2.1105e-06 
L2(m) 3.56e-06 3.56e-06 3.56e-06 3.34e-06 3.43e-06 3.31e-06 3.31e-06 2.3131e-06 2.1105e-06 
L3(m) 3.56e-06 3.56e-06 3.56e-06 3.34e-06 3.43e-06 3.31e-06 3.31e-06 2.3131e-06 2.1105e-06 
L4(m) 3.56e-06 3.56e-06 3.56e-06 3.34e-06 3.43e-06 3.31e-06 3.31e-06 2.3131e-06 2.1105e-06 
L5(m) 3.56e-06 3.56e-06 3.56e-06 3.34e-06 3.43e-06 3.31e-06 3.31e-06 2.3131e-06 2.1105e-06 
L6(m) 7.12e-06 7.12e-06 7.12e-06 6.69e-06 6.86e-06 6.62e-06 7.13e-06 4.6263e-06 3.8432e-06 
L7(m) 3.56e-06 3.56e-06 3.56e-06 3.34e-06 3.43e-06 3.31e-06 3.31e-06 2.3131e-06 2.1105e-06 
L8(m) 3.56e-06 3.56e-06 3.56e-06 3.34e-06 3.43e-06 3.31e-06 3.31e-06 2.7199e-06 2.1105e-06 

ID5(µA) 80 80 80 80 80 80 80 66 55 
 

TABLE VII: RESULTS COMPARISON WITH OTHER REPORTED WORKS 

Works Gain (dB) Bandwidth (HZ) Input noise (μV/sqrt (Hz)) Power 
[66] 20 NA 0.057 33.3μW 
[67] 13.81–60.15 NA 2.62 27.4μW 
[68] 30 0.3–2K 38.5 NA 

This work 33 5K 10 3.0μW 
 

 
Fig. 10. Plot for gain and phase validation in Virtuoso. 

 
Fig. 11. Plot for validation of input referred noise in Virtuoso. 

Furthermore, validation of the algorithm results has 
been performed. In order to reduce the design area of the 
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circuit, a two-stage OTA is redesigned using 180 nm 
technology in Cadence’s Virtuoso platform, performing 
pre- and post-layout simulations and analysis. The results 
of the analysis are shown in Fig. 10 to Fig. 12, which 
show near proximity with algorithm based results, with 
minimal deviation. The two-stage OTA layout is also 
shown in Fig. 13. 

 
Fig. 12. Plot for validation of dynamic power dissipation in Virtuoso. 

 
Fig. 13. Two-stage OTA layout. 

V. CONCLUSION 

The proposed work demonstrates the applications of 
bio-inspired algorithms in optimizing the design of a 
biomedical amplifier using a state-of-the-art bio-inspired 
algorithm. Among the various algorithms employed, the 
Enhanced AVOA (EAVOA) emerged as the most 
effective approach for transistor sizing, thereby 
optimizing the area to meet design specifications. Two 
case studies were performed: (i) Split Folded Cascode 
(SFC) OTA for cochlear implants, and (ii) Two-stage 
OTA for neurological amplifiers. In Case Study-1, the 
DA algorithm outperformed other bio-inspired algorithms, 
achieving a better area with optimized design 
specifications, which were further validated by Cadence 
Virtuoso-based simulations in 180 nm technology. For 
Case Study-2, EAVOA consistently demonstrated 
superior performance in area minimization with improved 
noise performance and more gain compared to other bio-
inspired algorithms and reported works. Future works 
will include applying more hybrid algorithms in 
optimization of the circuits, and also a multi-objective 
optimization problem can be formulated and solved for 
achieving a Pareto-optimal solution. 

The optimized result of SFC OTA for Cochlear 
Implants (case study 1) parameter using EAVOA when 
simulated on MATLAB environment is found to be gain 
46dB, BW 20kHz, input noise 2.2μV/√Hz, area 

234.28µm2, power 11.6μW, and the results obtained in 
this case study from EAVOA are compared with HWPSO 
(Hybrid Whale Particle Swarm Optimization), HBPSO 
(Human behavior based Particle Swarm Optimization), 
WOA, DA, BASICPSO, and SSA (Salp Swarm 
Algorithm) algorithms. The optimized result of Two 
Stage OTA-based Neurological Amplifier (case study 2) 
parameter using EAVOA when simulated on MATLAB 
environment is found to be a gain of 33dB, input noise of 
10 μV/sqrt (Hz), power of 3.0μW, and frequency 
bandwidth of 5KHz. Results obtained in case study 2 
from EAVOA are also compared with PSO, DE, SSA, 
DEPSO, HBPSO, DA, WOA, and LCA. The results of 
the analysis depict the better performance of the EAVOA 
over the PSO, DE, SSA, DEPSO, HBPSO, DA, WOA, 
and LCA algorithms. 
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