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Abstract— In this study, a comparative study of Particle Swarm
Optimization (PSO), Genetic Algorithm (GA) and Secretary Bird
Optimization Algorithm (SBOA) is presented to optimize voltage
gain of a common-source MOSFET amplifier. The optimization
problem was set up with the design vector X = [W/L, R, R;], with
1<W/L<100,500 <Rp <50009Q,and 100 < R; < 5000 Q.
The adopted circuit model used Vypp =12V, V), = 1.5V, and
uC,, = 50x 1076 A/VZ. All algorithms were tested on a
population of 30 candidate solutions, 120 iterations and 20
independent runs with the same variable bounds and objective
function environments for a fair comparison. The voltage gain of
PSO was found to be maximum, i.e. 1378.125, converging to an
upperbound solution of W/L =100, RD = 50002 and RL = 50002
where the value of standard deviation across the runs recorded
was found to be zero. SBOA had the largest gain of 1226.267555,
but was more variable from run to run and it failed to grow after
a short period of time, while GA had a smaller gain of 1176.766589,
with slower step-wise convergence and larger search diversity. The
results obtained indicate that PSO is the most reliable and fastest
converging method for the problem used here which is a single
objective gain maximization problem. The upper-bound solution,
however, also shows that future multi-objective circuit
optimization is required to take into consideration bandwidth,
power, output-swing, noise and operating-region constraints.

keywords— MOSFET amplifier circuits; Particle Swarm
Optimization; Genetic Algorithm; Secretary Bird Optimization
Algorithm; swarm intelligence.

L. INTRODUCTION

ptimization rolls an essential way in modern design of
electronic circuit since, analog and mixed-signal
circuits are usually containing coupled design
variables, nonlinear device characteristics, and conflicting
performance requirements. In Amplifier circuits - based
MOSFET, voltage gain, power consuming, biasing state, and
load interaction are impacted simultaneously by resistive
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components and transistor configurations. Therefore, choosing
suitable values of W /L, RD, and RL cannot be considered as a
simple linear tuning problem. Otherwise, it is a constrained
nonlinear optimization problem that changes any variable may
improve gain while degrading stability, feasibility, or
operating-point behavior.

When objective functions are smooth, convex and
differentiable then, traditional deterministic optimization
methods are useful. However, MOSFET circuit optimization
often includes device constraints, nonlinear equations, and
possible discontinuities which are caused by operating-region
violations or simulation limits. For such cases, metaheuristic
algorithms -based on population are attractive due to need no
gradient information and can search simultaneously multi-areas
of the design space. Recent reviews have supposed that
metaheuristic algorithms still important for complex
engineering optimization due to flexibility mechanisms in
balancing exploration and exploitation [1]— [4].

Particle Swarm Optimization (PSO) has the most
established swarm-intelligence methods. Each candidate
solution updates according to components: inertia, cognitive
memory, and social guidance. Inertia component deals with
motion tendency, while cognitive component drags into its
personal best solution, and the social component drags it to best
solution found by the swarm. This methodology gives PSO
rapid convergence and simple implementation. Nevertheless,
population diversity can be reduced by the same social
attraction and lead to premature convergence when the swarm
collapses too quickly around a single best point [5], [6]. This
behavior is particularly important in MOSFET optimization
since, a rapid motion toward high gain may force the solution
to the boundaries of W/L, RD, or RL.

Genetic Algorithm (GA) appears an evolutionary
search mechanism depends on selection, crossover, mutation,
and replacement. Unlike PSO, GA does not move solutions by
velocity vectors. Instead, it includes candidate chromosomes
through reproduction. Selection permits better solutions with a
higher probability of contributing to the next generation,
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crossover mixes information from two parent designs, and
mutation prefers random perturbations that protect the
population from losing diversity. GA in general is robust and
suitable for global search, but it often asks many generations to
near high-quality solutions since improvement is accumulated
step-by-step through genetic operators [7], [8].

The Secretary Bird Optimization Algorithm (SBOA)
is a modern nature-inspired population-based optimizer
proposed by Fu et al. [9]. It employs the survival behavior of
secretary birds through two main behavioral mechanisms:
hunting and escaping. The hunting stage is consisted from
searching for prey, consuming prey, and attacking prey, while
escape stage employs camouflage or rapid movement away
from predators. The original SBOA paper reports strong
performance on CEC benchmark functions and engineering
design problems, but later studies also indicate that SBOA
performance depends strongly on diversity preservation and
update-strategy design [10]— [13]. Therefore, applying SBOA
to a MOSFET amplifier design problem provides useful insight
into its practical behavior in electronic circuit optimization.

Recent researches of analog circuit design,
metaheuristics and surrogate-assisted methods have been
employed to optimize analog circuits due to exhaustive manual
tuning becomes inefficient as the number of design variables
increases [14]-[17].

Metaheuristic- and surrogate-assisted optimization
techniques have been proven to be effective in analog circuit
optimization in the past. Most of the related research has been
dedicated to proposing or application of a single optimization
technique, to optimizing the optimizer itself, or to optimizing
general analog-circuit parameters, however. Therefore, a
controlled comparison of the known PSO and GA methods with
a new method (SBOA) for optimizing the voltage-gain of the
MOSFET amplifier is still not sufficiently studied. The novelty
of the present study is the comparison of PSO, GA and SBOA
with the same design-variable ranges, the same number of
iterations, the same random initial run conditions and the same
objective function. Apart from comparing the maximum
voltage gain, statistical repeatability, convergence behavior,
exploration—exploitation characteristics, and physical meaning
of the optimized MOSFET parameters are explored. This
consolidated assessment gives not only an idea of algorithm
performance (which results in the greatest gain) but also insight
into the search behavior of the algorithms with respect to a
specific optimization problem, the MOSFET amplifier.

Thus, the primary contribution of this study is to
provide a unified comparative analysis of PSO, GA and SBOA
for optimizing voltage gain in MOSFET amplifier. In the
present comparison, the best solution, the average solution, the
statistical variability, the convergence characteristics, the
computational time and the physical interpretation of the
optimized variables (W/L), (RD) and (RL) are taken into
consideration, as well as studies in which only the final
objective value is reported. Special focus is placed on the newly
proposed SBOA and its performance compared to the existing
PSO and GA algorithms with the same optimization settings.
The results accordingly reveal the performance advantages and
weaknesses of every algorithm to the single-objective
MOSFET design problem studied.
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II. METHODOLOGY

This section describes MOSFET optimization model,
the selected design variables, the objective function, and the
mathematical update rules of PSO, GA, and SBOA. The aim is
to make the computational procedure simpler for reproduction
and to relate each mathematical stage to its role in the MOSFET
amplifier design problem.

To make a fair comparison between PSO, GA, and
SBOA, they were all assessed using the same objective
function, population size, number of iterations, design-variable
bounds, and number of independent runs. The X = [W/
L,Rp, R;]was used to represent each candidate solution. The
number of candidate solutions was determined as 30 and 120
runs were performed on each algorithm 20 times independently.
The search ranges were (1< W/L <100), (500 <Rp <
5000 Q), and (100 < R; <5000 Q).. The circuit constants
were  (Vpp=12V), (Vi =15V), and (uC,, =50 X
1076 A/V?).

The first populations were created with a uniform
random distribution between the limits. Since the algorithms
were formulated as a minimization procedure, the
maximization of the voltage gain was done by the minimization
of the negative of the voltage gain, (—Av). Solutions that went
past the ranges were rounded to the nearest end value of the
range. There was no tolerance-based early stopping condition,
only 120 iterations were set as a stopping criterion.

For PSO, the inertia weight was fixed to (w=0.7) and
the cognitive and social weights were fixed to (c1=c2=1.5). The
velocity of the particles was set to zero and there were no
explicit velocity limits. GA: Elitism used to select best 20% of
the population. The parents were randomly sampled from the
best half of the population and arithmetic crossover was
employed with a uniformly distributed coefficient (a €[0,1]).
Production of mutations at a rate of 0.1, with additive
perturbations of (0.1N(0,1)).All of the optimization
parameters are listed in Table 1.

TABLE I: THE OPTIMIZATION PARAMETERS
Parameter Value

X = [W/L, RDlRL]

Design vector

Number of
. 3
variables
Population size 30
Maxi
. ay.ﬂmum 120
iterations
Independent runs 20
W /L range 1-100
Rprange 500-5000 Q
R; range 100-5000 Q
Supply voltage, V) 12V
Threshold volt
reshold voltage, 15V
Vin
Process @ 2
50 x 107° A/V
parameter,uC,,
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Initializati Uniform random law MOSFET model. Assuming the transistor is in saturation
mhiafization initialization and the channel-length modulation is ignored; the drain current
Cl i i1 (b ¢ is given by:
Boundary handling antl)pmgd © te neates 1 w
Ou.n ID =35 ucox_ (VGS - Vth)z' (1)
Stopping criterion Maximum of 120 . b
ppins iterations The corresponding transconductance is:
Early-stopping w
criterion None m = UCox T (Vs = Ven) (2
L Maximize A, b
Objective S vy or, equivalently,
minimizing —A4,
Im = Zucox¥ID- ®3)

A. Circuit Topology and MOSFET Model

The circuit that is analyzed in this study is a common
source NMOS amplifier as shown in Figure 1. The drain
resistanceR is inserted between the drain terminal and the
supply voltage Vppand the load resistance Rj is inserted at the
output of the amplifier. The transistor's operating point is
determined by a DC gate voltage \(V_{GS}\), with source
connected to the reference node. The investigated design
variables are the width to length ratio of the transistor W /Land
drain resistance Ry and load resistance R;. The adopted circuit
and device parameters are Vpp =12V, Vi, =1.5V, and

uC,, =50 x 1076 A/VZ,

It is assumed that the device dimensions and biasing
condition relate to the transconductance by a first-order square-

This simplified model is used to take a computational
efficient fitness evaluation, so that the optimization algorithms
can be compared. However, it does not account for higher order
effects, like mobility degradation, body effect, parasitic
capacitances, temperature dependence and process variations.
These restrictions should be taken into account when
interpreting the optimized results.

Vdd
T
—4_C .
p— !3 F Rd Drain Coupling
H Resistor Capacitor
Value §Rg 1
put revistor >kQIMQ = |dl H o Vout
coupling
Re gen C2PECHON Q CaFluF
—AAN | G N-channel MOSFET R
v 0 — 2N7000 gm'-ad
SgeN ¢ FiF g Vgs Resistor
Vi Voltage-Divider \Vd = (Vdd - [d*(Rd+Rs
m@ (or simpler) Source _ Cs . ( . ( )
Stabilization ~ FIuF Av = -gm"Rd
Zin=Rg (Self-Bias) Zin=Rg
& &

GND
Fig 1: Common Source NMOS Amplifier

MOSFET. The resistances of the drain and the load are in
parallel at the output. Thus, the small signal voltage gain is

V,
Ay === —gn(Rp IRy Il o). 4)

B. Small-Signal Equivalent Model

The small signal equivalent model of the common-
source amplifier is shown in figure 2. The controlled current
source gmpVgsand the Output resistancer, represent the

1
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If the channel-length modulation is ignored, r,is considered to
be very high compared to Rp and Ry, and the expression for the
voltage gain is reduced to:

Av ~ _gm(RD l RL)

RpRy, )
Rp + R,

)

sz—gm< (6)

From this relationship, it can be seen that the voltage
gain depends on both the transconductance of the MOSFET and
the effective output resistance. Under the adopted biasing
model, increasing the value of W/L will increase the value of
IJm» Whereas increasing the value of Rpand R; will increase the
effective output resistance. This is why it is not possible to solve
the optimization problem by changing the three variables
individually.

MOSFET SMALL-SIGNAL MODEL

1
1
l
. I
Base (for comparison) : D o Vout
I
e e IR O
I
! Vgs § Rd §R|_
: gmVgs
; <
Rs Removed T RL || Ra
1
GND

Fig 2: The small signal equivalent model

C Design Constraints and DC Operating-Point Analysis

The numerical search ranges were selected as 1 < W /L <
100, 500 < R, <5000 Q, and 100 < R, <5000 Q. These
limits define the range of space in which the algorithms are
allowed to optimize, and will not allow negative or overly large
parameters to be produced. But numerical bounds do not
necessarily mean a physically feasible amplifier. The operating
point of the DC amplifier should also maintain the saturation
condition for the MOSFETs and offer adequate headroom for
the output voltage.

The DC drain-to-source voltage for the common-
source circuit is given by:
()

Vps = Vpp — IpRp.
When it is not otherwise specified, the following
condition applies to the MOSFET:

Ves > Vin (8)
and is in saturated condition when:
Vps 2 Vs — Vi C))

Thus, any candidate solution that is actually feasible

should meet the following criteria:
Vbp

0<Ip<—

D R,

(10)

As well as meeting the saturation requirement. High values
of Rpmay result in a larger small-signal gain but can result in a
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smaller available voltage headroom and/or output swing.
Likewise, a higher W /L gives higher transconductance, but also
higher transistor area and parasitic capacitances. A largeR; will
be beneficial to the output load but may not be the load for a
specific application. Thus, the upper-bound solution that
resulted from the single-objective optimizer should be
interpreted as the mathematical optimal solution of the gain
model used, not as a complete circuit design.

Table I1. Circuit parameters and optimization bounds

Parameter Value or range Description
Voo 12V Supply voltage
Vin 15V Threshold voltage

ucC,, 50 x 1076 A/V? Process parameter
Transi
w/L 1100 ran51sto'r aspect
ratio
R) 500 — 5000 () Drain resistance
R; 100 — 5000 (Q) Load resistance
MOSFET . Intended
. Saturation . .
region operating region
inole-obiecti
Objective Maximize 4, Single-objective

formulation

D Formulation optimization of MOSFET

A constrained maximization task is considered to the
optimization problem. Maximizing voltage gain (Av)of a
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MOSFET amplifier can be done by selecting an appropriate
vector of design variables. The design vector is represented as:

X = [W/L,RD,RL] (11)

Where W /L is the transistor width-to-length ratio,
RD is the drain resistance, and RD is the load resistance. The
optimization objective is written as:
maximizef (X) = A,(X) (12)

Subjected to each bound (lower and upper) for each design
variable:
Xmin <= X <= Xmax (13)

The circuit equations or the MATLAB evaluation function
computes the corresponding voltage gain, for each candidate
vector X. If a candidate produces a higher feasible gain,
therefore it is considered better. The optimizer mission is to
investigate the allowed region and recognize the group of W/L,
RD, and RL which give maximum gain subjected to the
imposed constraints.
Generally, potent transconductance and the output - load
resistance interplay is effect on the gain strongly. The voltage
gain relation of a common-source MOSFET amplifier is
simplified as follows:

Av ~ —gm(RD || RL || o) (14)
Where;
gm is the MOSFET transconductance and,
T, is the small-signal output resistance.
Relation (4) shows gain improvement is affected by increasing
values RD or RL, but it also shows why the response is not
purely linear. The drain current and transconductance are
affected by changing in W/L value, while the output load and
voltage swing are affected by resistance values. Therefore, the
optimization process must evaluate the combined effect of all
variables rather than tuning them independently.

2.4 Particle Swarm Optimization (PSO)

PSO deals with each MOSFET design as a particle moving
through the search space. A particle includes a position vector
x_i and a velocity vector v_i. The position contains the circuit
variables W/L, RD, and RL. The velocity controls particle
changes its variables from one iteration to the next. Each
particle saves its own best previous design pbest i, while the
population saves the global best design gbest. The standard
PSO velocity equation is:
(15)

vitt = wof + iy (pbest; — xf)
+ 1y (gbest — x})

The updated velocity is then used to obtain the next design

vector:

xt = xf 4+ vt

Part of the previous motion is preserved by inertia term
wvf.Broader exploration is encouraged by a high inertia value
because particles continue moving across the design region.
The cognitive term ¢,y (pbest; — x}) drags particle backward
the best design that is personally discovered, which helps each

t+1
i

(16)
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particle exploit its own memory. The social term

c,15(gbest — x})drags all particles toward the best design
discovered by the population, this attraction extends the fast
convergence of PSO, but it can also cause diversity loss if the
population collapses too early around a single solution.

PSO procedure can be applied as follows:

(1) Random initial values for W/L, RD, and RL are generated
for each particle;

(2) The voltage gain is evaluated;

(3) Pbest and gbest are updated;

(4) Velocity and position are updated by Egs. (5) and (6);

(5) Boundary constraints are applied; and

(6) The process is repeated until the maximum number of
iterations is reached. The PSO flowchart is shown in Figure 3

( Start >
/ Initialize swarm: X, = Ib + rand(ub-Ib), v, 1%; set N, T, w, ¢l ¢2 /

.

{ N\

Evaluate MOSFET fitness f(x;): maximize A, with bounds on W/L, R_D, R,

;

Update velocity:
vir(t+])=w v e Lt I(pbest_i-x M)+c 2 r2(gbest-x_i"t)

.

Update position: x,i*(t+1)=x,i*+v,'(t+1); apply variable bounds

:

Update pbest_i and gbest according to best gain value

No

End: report best MOSFET parameters

Fig 3. PSO flowchart matched with the velocity and position
update equations.

E Genetic Algorithm (GA)

Each MOSFET design represents as a chromosome. The
chromosome is composed of the variable’s W/L, RD, and RL.
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The population evolves over generations through selection,
crossover, mutation, and replacement. A common proportional
selection probability is given by:

(7)

Py = fi/Z}\ilfj

Where f;, is the fitness of the ith candidate design.

Since the objective is gain maximization, higher-gain
candidates receive higher selection probability. After selection,
crossover combines two parent solutions to produce a new

design as follows:
X1+ (1 —-p)X,

(18)

Xnew

Where B, is a random or predefined crossover coefficient.
Equation in (8) produces an offspring located between two
parent designs in the continuous design space. Mutation is

then applied to introduce additional diversity as follows:

/lnilializc chromosome population X=[W/L, R_D, R_L] within houn(‘y

.

Evaluate fitness f(X): MOSFET voltage gain A_v ]‘7

'

Selection: Pi=fi/Zfi

I

Crossover: X_new = BX_1 + (1-p)X_2

|

Mutation: X_mut = X + oN(0,1); apply bounds

!

Replacement and elitism: retain the best feasible MOSFET design

Start

|

~

generation =T ?

< End: report best gain and parameters >

Fig4. GA flowchart matched with selection, crossover, and
mutation equations.

F Secretary Bird Optimization Algorithm (SBOA)

SBOA is a modern population-based optimizer gifted by
the secretary bird survival approach. The traditional SBOA
formulation divides the search into hunting and escape
behaviors [9]. The hunting behavior includes three time-
dependent survey stages: searching for prey, consuming prey,
and attacking prey.
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Xopue = X + oN(0,1) (19)
Where o, controls the mutation strength;
N (0,1), is a normally distributed random value.

Mutation is essential because crossover alone may not
generate new regions outside the information which already
present in the population. In MOSFET optimization, mutation
can change W/L, R, or R, slightly, permitting the algorithm to
discover gain-improving designs that were not produced by
Crossover.

In general, GA search process is slower than PSO
because generation-level reproduction is occurred through
improvement instead of direct attraction to a global best.
Therefore, GA is a useful diversity-preserving behavior. The
GA steps used in this application can be depicted by a flowchart
as shown in Figure 4.

The escape behavior represents exploitation through
two possible strategies: camouflage and rapid movement. In
the MOSFET application, each secretary bird represents one
vector X = [W/L, RD, RL]. The initial population is generated
as follows:

X;j=1bj+r(ub;—1b;),i =1.2,...,N,j
12,...,Dim

(20)

For all candidate designs and after initialization, the
fitness vector is calculated by evaluating the MOSFET gain. At
each iteration, the best candidate is updated. During the first
third iterations, SBOA wuses a differential search rule

corresponding to the prey-searching stage as follows:
xnew,Pl (2 1)

ij = Xjj + (xrandom1

- xrandomz)er t< T/3

By using the difference between two randomly
selected candidate designs, relation (21) increases diversity. It
means that a candidate design may change its W/L, R_D, or
R _L according to the difference between two other feasible
designs, thereby encouraging global search.

Through second third iterations, the consuming-prey
stage uses Brownian motion and the best solution is given by:

RB = randn(1, Dim) (22)

= Xpest T exp((t/T)4)(RB (23)
- 0-5)(xbest - xi,j)' T/3 <t
<2T/3

new,P1

Xi,j

Combination of stochastic perturbation with attraction
toward the current best solution is done in this stage. It is
intended to refine promising areas while still preserving random
movement.

In the last third iterations, the attacking-prey stage uses
Levy flight and a nonlinear perturbation factor as given below:

RL = 0.5Levy(Dim) (24)
new,P1 (2 5)

X7 = Xpese + (1= t/T)?Tx jRL,

> 2T/3(15)
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Levy flight term permits occasional long jumps, while
nonlinear factor decreases over iterations in order to shift the
search toward exploitation. The original SBOA formulation
defines Levy(D) as given below:

Levy(D) = s x (uo)/(|v|*/™)
o= [F(l + n)sin(nn/2)
/(r(@+m
/220D

(26)
(27)

Where s =0.01 and = 1.5.
Escape strategy is applied as an exploitation step, after hunting
stage. The two escape cases are modeled as follows:

new,P2 __
— DA —t/T)?x;j,ifrand
< U xi'j
+ RZ (xrandom
— Kx; ;), otherwise
K =round(1 + rand(1,1)) (29)
Only when each new candidate improves the fitness
value, it is accepted. This greedy acceptance rule can accelerate
convergence, but if the population loses diversity, it may also
lead to stagnation.
This situation is essential for clarifying the results of

SBOA - MOSFET optimization state. A flowchart of SBOA
can be depicted in Figure 5.

(28)

/[n.u;.lm- secretary birds: X, (id)=Ib,+{r{ub,~Ib,}); set N, Dim, 7/

}._

[ Evaluate F(X,); define X_best for maximum A_v
If ¢ < T/3: search prey
x 7 (new,Pl)=x .,‘ +iry, random | = x  random2R | ; accept if improved
) !
If T3 <t < 2T {3 consume prey
RB=random(1, Dim};, x 2~ (rew, Pl}=x_best + exp((LT)* =(RE—0.5)(x_best—x ' ))
- S
) !
If ¢ = 2T/3: attack prey
REL =0.5Levy(Dim); x 1" (new, PU)=x_best +(1-e® Ty 20TH o v R
Escape strategy C1,C2:
x4 7" (mew, P2)=(x_best +(2RB—1)(1—{t/T) 2k, 1) if randk ,f <x_}+R((x, random—x 1), elsc)
[ Apply bounds; update X_best and accept better candidates ]
No
Yes
End

Fig 5. SBOA flowchart description

II1. RESULTS AND DISCUSSION

In this section, the results of the optimized MOSFET
amplifier by PSO, GA and SBOA are presented and discussed.
The optimized parameters of the circuits, the statistical
performance, the convergence behavior, the computational time
and the physical meaning of the designs obtained are taken into
consideration when comparing the algorithms.

A.  Optimized MOSFET Circuit Parameters

The results of optimizations done with the three
algorithms are given in Table 1, showing the optimum values of
the circuit parameters. Among the investigated methods, PSO
achieved the highest voltage gain of 1378.125 by selecting
(W /L=100), (Rp=5000 Q), and (R, =5000 Q). All three values
are the maximum values of the search ranges.
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Table III: Design of optimized MOSFET circuit parameters

Algor BestGa Best Best Best Executio
ithm in_Av W/L Rd (2) R; (2) nTime
(s

PSO 1378.12 100 5000 5000 0.007151
5 675

GA 1176.76  98.340 3902.3 4892.0 0.009545
6589 02573 51478 6084 175

SBO 1226.26 98.698 4580.2 4437.3 0.007032

A 7555 81657 60296 96423 575

In the numeric sense, PSO was able to achieve the
maximum gain of nearly 12.38% more than SBOA and 17.11%
more than GA. The differences show the power of PSO to
explore the upper-bound region which is preferred by the
chosen objective function. The maximum gain is not the only
measure of algorithmic performance, however, and
convergence behavior, statistical repeatability, and search
diversity come into play as well.

The PSO result is consistent with the small-signal gain
relationship given in Eq. (4). Assuming the same circuit model
and biasing conditions, the larger (W/L) will be, the greater the
transconductance of the transistor will be, and the greater the
resistance seen at the output will be, due to the increase of (RD)
and (R;). As a result, the objective function will be better the
closer these variables get to their maximums.

By all PSO design variables converging to their
maximum allowable value, another important characteristic of
the optimization problem is also revealed. The objective
function focuses on maximizing the magnitude of the voltage
gain and does not add any other voltage-gain penalties such as
bandwidth, power consumption, output-voltage swing, silicon
area, bias sensitivity and operating-region constraints. Thus, the
upper-bound solution is mathematically expected for the well-
defined single-objective problem. With this solution, the gain is

the most significant numerically, but it is necessary to consider
the overall circuit specification before physically implementing
this solution.

GA got 1176.766589 as its max gain instead. It had an
optimal W /L value which was near the maximum, and (RD)
and (R;) were not as large as possible values. This result
indicates that GA explored a wider range of intermediate
solutions instead of converging immediately to the boundary of
the search space. The selection, crossover, and mutation
mechanisms preserved more search diversity, but the search
diversity downsides are that they slowed convergence and
reduced best gain, compared to PSO.

The highest gains that SBOA could obtain was
1226.267555, better than GA's gain but worse than PSO's. The
values of optimized (W/L, RD, R;) were not the highest, but
still were not optimized to their maximum values. SBOA
identified a competitive high-gain design, but it appears that the
algorithm was converging to a high-gain region before it
achieved the highest gain region identified by PSO.

Execution times were recorded for all 3 algorithms and
the recorded times were small. The shortest execution time was
for SBOA, which was only slightly exceeded by PSO, while
GA needed slightly more time. However, the differences are
slight and might be due to implementation and computational
environment. Hence, the convergence behavior of the solution
and quality of the solution are more significant than the
differences in execution time between the two.

B Statistical analysis

The performance of the three algorithms for the
recorded independent runs is summarized in Table 2. PSO had
the best mean and maximum gain which was 1378.125 with
zero standard deviation. This result shows that PSO was
consistently finding the same solution, which is the high gain
solution and so has a good repeatability for the objective
function investigated.

Table IV: The statistical performance of the optimization algorithms

Algorith  MeanGai  StdGain MedianGai MinGain MaxGain Mean Mean Rd Mean R;, MeanTim

m n n W/L e

PSO 1378.125 0 1378.125 1378.125 1378.125 100 5000 5000 0.0071516

GA 992.15901  153.231297 1034.21896  685.793986 1176.76658 88.902637 3978.96206 4182.74225 0.0095451
0 1 1 5 9 6 3 2 7

SBOA 913.43334 165.783656 868.901502  642.449414 1226.26755 85.221527 3901.1855  4026.70712  0.0070325
3 8 7

The zero standard deviation found by PSO is a sign of
high reliability, but can also signify a fast decrease in diversity
of the population. The particles seemed to quickly settle to the
same upper bound solution due to the consistent preference
towards large values of the three design variables within the
gain function. So, PSO proved to be very successful for the
current goal with a very strong exploitative search once it had
found the boundary region.

The statistical results present an alternative view to the
best-run comparison. PSO demonstrated gains around 38.90%
and 50.88% higher than GA and SBOA, respectively. SBOA's

mean gain and standard deviation were lower than those of the
GA, and its maximum gain was higher, suggesting that SBOA
had less average reliability and repeatability, but higher
maximum gain. Hence, the maximum gain should be read and
examined in conjunction with the mean and standard deviation
when assessing general performance of each algorithm.

GA achieved a mean gain of 992.159010 and a
standard deviation of 153.2312971. Its average gain was less
than PSO, and the slight differences in gain between the runs
demonstrates the random nature of crossover and mutation.
These operators enabled GA to explore various parts of the
search space, hence a variety of solutions. The preserved
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diversity also created variability in the rate and uniformity of
GA's approach to the highest gain region.

SBOA achieved a maximum gain of 1226.267555 but
had the lowest mean gain, 913.433343, and the highest standard
deviation, 165.783656. This window between its best run and
its worst run means that SBOA may have found a possible
competitive answer in one run, but might not be able to do it
again. The chosen SBOA configuration was found to be
relatively variable and fast stabilizing indicative of a need for
improved parameter control for this optimization problem, or
the need for adaptive search mechanisms, or the need for
hybridization.

For maximum gain, the algorithms were ranked as
PSO, SBOA and GA. But when it comes to mean gain, the
rankings are PSO, GA, SBOA. The maximum gain is the
maximum possible ability of an algorithm, while the mean gain
and standard deviation give a better idea of the average
reliability of an algorithm. Thus, PSO showed the best overall
performance. GA was more reliable on average, and SBOA was
more repeatable than GA, but with better best-case
performance.

C Convergence-Curve Analysis

The curves in the figures 4-8 show the convergence
clearly, with the search behavior of the three algorithms clearly
different.

As can be seen in Figure 6 the congruence curve in the
PSO has a rapid rise in the initial few iterations and a virtually
steady response thereafter. The velocity-update mechanism is
to blame for this behavior, which takes particles' personal best
positions and the global best position. When one particle sensed
the high-gain BVR, the social part of the system quickly
brought the rest of the particles towards it. This is why the
recorded runs were found to be at 0 variation and converged at
a high speed. The flattening of the curve, though, early on has
also shown that there was a loss of diversity rapidly after the
boundary solution was reached, as the swarm was the swarm.

PSO Convergence Curve
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Fig 6. PSO convergence curve.
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The curve of the GA convergence in Figure 7 is
stepwise improved. An increase is done when an offspring has
higher gain than the previously retained solution due to
selection, crossover or mutation.
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GA does not directly push all candidate solutions
towards the global best position, as in PSO. Rather, changes are
made over time as positive traits are blended between
generations from various candidate designs. As a result, GA had
a slower convergence rate than PSO, but a more varied search
path.

GA Convergence Curve
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Fig 7. GA convergence curve.

40

When the SBOA convergence curve shown in Figure
8 reaches a competitive gain value, it turns nearly flat, meaning
that it stagnates early on. While the commonly used SBOA
contains differential search, Brownian motion, Lévy-flight
perturbation, and escape strategies, the chosen parameter
configuration did not offer enough explorations to consistently
progress towards the upper-bound region found by PSO. This
does not necessarily mean that the performance of SBOA is
weak overall; it is just that the performance of SBOA could be
improved by adaptive control or hybrid search techniques in
this problem.

SBOA Convergence Curve
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Fig 8. SBOA convergence curve.
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Combined curves in figure 9 show the better
convergence speed and convergence gain of PSO. While GA
gradually increases throughout the search, SBOA even reaches
a competitive region but can't improve much after that. These
differences are specifically during the initial iterations, which
shows a different balance between exploration and exploitation
exhibited by each algorithm.
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Convergence Curve - All Algorithms
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Fig 9. Combined convergence curve of all algorithms.

Overall, PSO had the best exploitation capability and
the quickest rate of convergence for the defined gain
maximization problem. GA and SBOA demonstrated varying
search capabilities, with the former showing slower search but
a wider range of variations and the latter having a better best
search but being more susceptible to stagnation and run-to-run
variability with the chosen configuration.

Convergence curves have to be understood in
conjunction with the statistical results. The computational
efficiency of the PSO is desirable since it stabilizes rapidly, but
this also suggests that the swarm easily got clustered near the
same boundary solution. The stepwise GA curve results from
the occasional improvement of offspring through crossover and
mutation, which is why it is less convergent than the other
curves and has more run-to-run variation. This early leveling
off of the SBOA curve implies that the search operators failed
to do a good job of getting to a competitive area. This behavior
is in line with its relative SD and difference between its
maximum and its average gains.

D MOSFET design Analysis

Optimized parameters are obtained and it is confirmed
that larger voltage gains are linked to relatively large values of
(W/L), (RD), and (R;), as expected from the small-signal gain
relationship in Eq. (4). It is assumed that these conditions are
biased, and that a larger (W/L) will make transconductance
larger, and larger values of (RD) and (R;) will increase the
effective output resistance. PSO took advantage of this
relationship the most as it sets all three variables to their
maximum values. GA and SBOA also chose relatively high
values, though they failed to consistently arrive at the full upper
bound solution.

The PSO solution is optimum for the single objective
voltage-gain maximization problem mathematically. However,
if you want to maximize gain, it doesn't always yield the most
practical amplifier design. A large (RD) may result in a
decrease in the available voltage headroom, a decrease in the
output-voltage swing, and/or greater sensitivity to bias
variation. Likewise, as (W/L) increases, device area and
parasitic capacitances grow, which may lead to a decrease in
the amplifier bandwidth. Noise can also be influenced by high
resistance values and so can be the DC operating point.

So, the reported results are considered to be the best
solution with the chosen objective function and parameter
ranges, and not the best possible MOSFET amplifier designs in
general. Implementation would involve demonstration of the
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selected parameters to ensure the transistor operates in the
desired region and meets other requirements, such as
bandwidth, power consumption, noise, linearity, stability and
output swing. All these thoughts inspire further research on
constrained and multiple-objective optimization, in which the
voltage gain is optimized along with other relevant circuit
performance metrics.

It is possible to understand the reason behind the PSO
solution converging to the upper bounds of all three design
variables because of the mathematical form of the objective
function used. In the limits indicated, the voltage gain
calculated is monotonically increasing with W /L,Rpand R;.
Furthermore, the single objective formulation is used to
optimize voltage gain without adding penalty terms or extra
constraints on bandwidth, power consumption, output-voltage
swing, device area, noise, and the DC operating region. The
optimizer is thus naturally guided towards the highest feasible
values of the design variables.

The numbers used for W/L =100and Rp
5000 Qalong with R; = 5000 Qare realistic in the range used
in this study, but should not be taken as the most practical for a
real amplifier. A large \(W/L\) can make the device area larger
and parasitic capacitance larger, which can lead to a reduction
in bandwidth. In the same way, a large R, can contribute to
voltage drop, limit voltage swing and impact transistor bias
level; and the value of R, chosen should be consistent with the
load to be driven. The reported solution, therefore, is the
mathematical optimum solution for the specified voltage-gain
objective and not necessarily an optimum circuit design in
general. In practice, verification of the operating point of the
DC and the introduction of bandwidth, power, noise, linearity
and output-swing constraints would be necessary.

On the circuit-design side, the numerical advantage of
PSO shall be seen under the constraint of the single-objective
model used. High gain was achieved by increasing the value of
W /L, Rp, and R, to their maximum limits. These changes can,
however, bring into practice some practical compromise
considerations such as bandwidth, parasitic capacitance,
voltage headroom, output swing, device area, noise, and bias
point stability. So, for the problem of maximum gain, PSO was
used to find the best solution, but other circuit constraints and
performance parameters have to be taken into account before
the optimized values can be deemed as appropriate for practical
implementation.

One of the drawbacks of the present study is that only
voltage gain is taken as the objective in the optimization
problem. This formulation allows the three algorithms to be
compared easily, but a high gain solution may not be the
"optimal" overall amplifier design. Raising W/L, Rj and
R; may enhance the voltage gain and result in trade-offs in
bandwidth, power consumption, parasitic capacitance, voltage
headroom, output swing, noise, linearity, and device area. Thus,
the reported results must be interpreted in the light of the single
objective of voltage gain maximization. Future work will
expand on the present formulation to include constrained multi-
objective optimization for voltage gain versus bandwidth,
power consumption, noise, etc., and other practical circuit
performance requirements.
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VI. CONCLUSIONS

In this paper, a comparative analysis of Particle Swarm
Optimization (PSO), Genetic Algorithm (GA) and Secretary
Bird Optimization Algorithm (SBOA) has been done for the
maximization of the voltage gain of a MOSFET amplifier. The
optimization problem was formulated with the design vector
X =[W/L,Rp, R, ] and all three algorithms were compared in
the same computational conditions, according to the best
solution, statistical indicators, convergence behavior, execution
time and physical interpretation of the optimized circuit
parameters.

PSO had the best overall performance with the
maximum voltage gain of 1378.125. It quickly came back to the
values of W/L =100, R, =5000Q, and R, =5000Q,
which represent the maximum values of the design variables
analyzed. The standard deviation is zero, meaning that the
results of the 10 independent runs were exactly the same. It also
indicates that when the identification of the high-gain region
was given, the swarm converged strongly on the same boundary
solution.

GA converged in a gradual, stepwise fashion and had
the maximum voltage gain of 1176.766589 when it was
implemented through its selection, crossover and mutation
mechanisms. GA converged later and had a lower maximum
gain than PSO, but had greater population diversity and
explored a wider variety of non-boundary solutions. SBOA
attained best-run gain of 1226.267555 compared to GA which
has best-run gain of 1225.267555 but below PSO. The weak
repeatability and early stagnation of the nearly flat curve for
convergence and high value of the statistical variability is due
to the selected parameter configuration.

In the practical aspect, the results show that the
metaheuristic optimization can help the designer of MOSFET
amplifiers to obtain an efficient exploration of the combination
of the dimensions of transistors and resistances. PSO was the
most effective and quickly converged method for optimizing
the gain parameters for the adopted single objective
formulation. However, the optimized variables will tend to
move toward the maximum, suggesting that a maximum
voltage gain is not always the best practical amplifier design.
There could be tradeoffs with higher values of W /L, Ry, and
R, with respect to bandwidth, parasitic capacitance, voltage
headroom, output swing, power consumption, noise, and device
area.

Thus, the solutions reported are to be understood as
best as possible given the objective voltage-gain, the search
ranges and the model of the circuit. The future work is going to
further consider the present study for constrained multi-
objective optimization, where voltage gain will be included
with bandwidth, power consumption, noise, linearity, output
swing and device area. Other hybrid and adaptive variants of
GA and SBOA can also be explored for better convergence and
robustness. Finally, optimized solutions will be verified with
circuit-level SPICE simulations as well as process-corner
analyses, taking more realistic device modelling, biasing and
manufacturing variations.
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