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Abstract

This paper discusses a feasibility of an automatic pa-
rameter extraction method with the GA (Genetic Al-
gorithm) for surface-potential-based MOSFET model
HiSIM (Hiroshima-university STARC IGFET Model),
where all device characteristics are described as func-
tions of the surface potential. Conventional parameter
extraction with human experts requires iterative proce-
dure due to requirement of elevated accuracy in model
parameter values for calculating the surface potentials.
The method employs a two-stage extraction procedure
operating on different sets of model parameters to speedup
the GA extraction. Experimental results demonstrate
that extraction of 32 model parameters can be com-
pleted within 23 hours with PC (Athlon XP 2500).

Keywords: MOSFET Model, Surface Potential, RF
Application

1 Introduction

In the RF-circuit application of advanced MOSFETs,
requirements for compact models are increasing. De-
mands for accurate prediction of non-linear device char-
acteristics as well as noise features are severe [1]. Here,
better circuit model has less model parameters, without
compromising accuracy. The model parameters should
be connected to device parameters and should be mea-
surable independently. To realize these tough require-
ments model development trends to follw device physics,
namely to describe device performances with the poten-
tial distribution along the channel instead of applied
voltages as convnetionally done [2,3]. Self-consistent
surface-potential descriptions have been demonstrated
to offer the basis for successfully performing the foresee-
able challenges as for example with HiSIM, the MOS-
FET model developed according to this concept for the
first time [4,5].
On the contrary accurate parameter extraction is ex-
actly the key for accurate prediction of circuit perfor-
mances with advanced technologies. It is known that
this requires enormous efforts to accomplish satisfac-
tory extraction for accurate prediction of circuit per-
formances. To realize accurate and reliable parame-

ter extraction with minimized effort, we have investi-
gated a genetic algorithm (GA)-based parameter extrac-
tion method for the surface-potential-based models [6].
GAs have been proved to effectively optimize parame-
ters within reasonable computational costs, while avoid-
ing local minima [7,8]. Experimental results demon-
strate that extraction of 32 parameters in HiSIM, out
of 72 required for circuit simulation, can be completed
within 23 hours, although this would typically take a
human expert several days.

2 Surface-Potential-Based Modeling

Surface-potential distribution along the channel is the
origin of all device features [9]. In the surface-potential-
based modeling all equations describing device charac-
teristics are functions of the surface potential instead
of applied voltages as in the conventional models. The
charge-sheet approximation and the gradual-channel ap-
proximation allow to derive an analytical formulation
for all device performances as a function of surface po-
tentials at the source side φS0 and the drain side φSL

[10]. The surface potentials are obtained by solving
the Poisson equation iteratively together with the Gauss
law. In spite of the iteration in HiSIM, calculation time
is not longer than with for example world-widely used
BSIM3v3 [4]. The reason is that a single equation is
valid for all applied bias conditions, which keeps the
HiSIM model equations simple. Fig. 1 shows the surface
potential calculated by HiSIM as a functions of applied
voltages.
The gradual-channel approximation is valid only for the
non-saturative region. Beyond φSL the potentail in-
creases steeply, forming the pinch-off condition. In this
region the channel is practically treated as shortened
by ∆L, referred to as the channel-length modulation.
The whole potential distribution from φS0 to φS0 + Vds

via φSL and φ(∆L) is the measure applied in the model-
ing instead of applied voltages, as schmatically shown in
Fig. 2. The unknown surface potential value at the junc-
tion between the channel and the drain contact φ(∆L)
is extracted with measured channel conductance gds as
a function of Vds [11].
Since the surface potential description includes both the
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drift and diffusion contributions, a natural transition
from the subthreshold region to the inverison region is
achieved [9]. In the subthreshold region, where the diffu-
sion contribution dominates, the device parameters such
as the substrate impurity concentration mostly deter-
mine the device characteristics. Under the inversion
condition, where the drift component dominates, the
carrier mobility governs the characteristics. Under high-
frequency operation, non-linear phenomena such as har-
monic distortion [12] as well as carrier response delay
[13] become serious for reliable circuit performance pre-
diction. All such device phenomena are demonstrated
to be determined by the carrier dynamics under equilib-
rium condition, which are in principle observed in the
normal I-V characteristics [5]. Thus a good model for
describing I-V characteristics is a prerequisite for all
device modeling [5,14].

3 Conventional Parameter Extraction

Advantage of the conventional Vth-based model is that
the parameter extraction allows sequential procedure
with more fitting parameters. However, the surface po-
tential is very sensitve to device parameters such as the
gate-oxide thickness and the substrate impurity concen-
tration. At the same time charges calculated by the
surface potential determine the device features such as
carrier mobility and quantum effect. For example the
carrier mobility µ at low field is described for with three
independent contributions [15]

1
µ

=
1

µClmb
+

1
µph

+
1

µsr
(1)

where µClmb, µph, and µsr are the mobility degrada-
tion due to the Coulomb scattering, the phonon scatter-
ing, and the surface roughness scattering, respectively.
These are [16]

µClmb = muecb0 + muecb1
Qi

q × 1011
(2)

µph =
mueph1

(T/300K)muetmp × Emueph0
eff

(3)

µsr =
muesr1
Emuesr0

eff

(4)

where muecb0, muecb1, mueph1, muetmp, and muesr1
are model parameters, and the power coefficient mueph0
and muesr0 of Eeff are −0.3 and −2.0, respectively. The
effective electric field Eeff is determined as

Eeff =
1
εSi

(Qb + ηQi) (5)

where η is 1/2 for electrons and 1/3 for holes for normal
MOSFETs. The depletion charge, Qb, and the inversion

charge, Qi, are functions of the surface potentials. Thus
all device characteristics are coupled each other through
the surface potential. Therefore accuracy of each model
parameter value is more critical for accurate prediction
of circuit performances with the surface-potential-based
model than with the Vth-based model. Thus the HiSIM
parameter extraction requires iterative procedure [17].
The extraction is performed step by step. First, the de-
vice parameters are extracted from long/wide-channel
transistors by fixing short/narrow-channel-related pa-
rameters to default values. The second step extracts
low-field mobility related parameter values. These two
steps have to be iterated, since the Coulomb scattering
in the mobility description influences the subthreshold
slope even though the oxide thickness and the substrate
impurity concentration determine the most features. In
the third step, the short-channel-related parameters are
extracted. Due to advanced technologies such as the
pocket implantation, device construction itself is becom-
ing complicated, which influences on the carrier dynam-
ics as well [18]. Thus the extraction procedures may
be repeated again to achieve reliable model parameter
values.
Here a problem is that it is not absolutely clear whether
extraction has been accomplished successfully. If the
initial parameters for the extraction are inappropriately
set, extraction will stick at local minima, yielding inad-
equate results. This extraction task is, therefore, labor
and time intensive.
Prameter extraction for HiSIM were performed using
NMOS devices with five different gate lengths, i.e. 0.11µm,
0.13µm, 0.5µm, 2.0µm, and 10.0µm, and a constant gate
width of 10.0µm. Fig. 3 shows the output resistance
which are not used for the extraction. Fig. 4 shows a
comparison of the harmonic distortion results obtained
from the I-V fitting [19], and Fig. 5 shows predicted 1/f
noise characteristics in comparison with measurements
[20]. The results demonstrate that a reliable parameter
extraction has been accomplished.

4 GA-Based Parameter Extraction

Requirement for the parameter extraction involves two
statements; simple and reliable. Here we investigate fea-
sibility to realize the requirement with the GA method.
GAs are robust optimization algorithms that are based
on population genetics in priciple [7,8], finding solutions
in huge search spaces while avoiding local minima. In
GA optimization, a set of candidate solutions, repre-
sented as binary bit strings, is prepared. Each indi-
vidual candidate is called a chromosome and the set
of candidates is called a population. The problem to
be solved is defined in terms of an evaluation function,
called the fitness function, which is used to evaluate the
chromosomes. In the case of parameter extraction, con-
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catenation of model parameters are treated as the GA
chromosome and the fitness function is defined in terms
of the quality of fit for measured data. The key fea-
ture of the GA is that it does not need initial search
points, requiring only the search ranges for each param-
eter. By repeating GA operations, such as selection,
crossover and mutation to the population, a chromo-
some with high fitness value emerges.

 Calculated Surface Potentials
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Fig. 1: Calculated surface potentials by HiSIM at the
source side φS0 and at the drain side φSL are also de-
picted.
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Fig. 2: Schematics depicting correlations among physi-
cal quantities in the pinch-off region.
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Fig. 3: Comparison of calculated Rout characteristics for
Lgate = 0.11µm and Lgate = 10µm.

Recently, the application of a general-purpose genetic al-
gorithm to parameter extraction has been reported [21].
One remarkable drawback of a general-purpose GA for
parameter extraction is the considerable enhancement of
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values cannot be seen in the I-V characteristics.
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Fig. 5: Calculated 1/f noise characteristics in compar-
ison with measurements. Only the trap density is re-
quired as model parameter, to obtain validity for all
gate lengths [20].

computational cost when the parameters are heavily in-
terdependent. This interdependency can easily happen
in compact models introducing many fitting parameters
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Table 1: Parameters extracted in the experiments

Parameters extracted in the first stage
vfbc, nsubc, muecb0,

muecb1, mueph1, muesr1
Parameters extracted in the second stage

xld, nsubp, scp1, scp2, scp3, parl2,
sc1, sc2, sc3, qme1, qme2, qme3,

pgd1, pgd2, pgd3, rs, rd,
vmax, ninvd, vover, voverp, rpock1, rpock2,

clm1, clm2, clm3

to derive closed form description.
In surface-potential-based models, device performances
are highly interdependent through the surface poten-
tial. Accordingly, a general-purpose GA still require
substantial computation times, even though the num-
ber of model parameters (HiSIM1.1 used for this ex-
periment includes all together 72 model parameters for
performing circuit simulation.) is much less than for the
Vth-based models. To overcome this difficulty, we pro-
pose an enhanced GA extraction technique by perform-
ing two-stage extraction procedure, based on the model
features. At the first stage model parameters appear in
the rigorous part of the model are extracted. This is
the core part of the surface-potential-based model, in-
cluding 6 parameters for the studied case. Target (mea-
sured) data used for extraction is limited to long-channel
device data for this time. The 26 remained model pa-
rameters introduced with approxaimations for deriving
analytical description and sensitive for short-channel de-
vices are extracted at the second stage. During this
second stage the GA extracts all parameters totgether
with the 6 parameters included in the first stage. Device
parameters are fine-tuned around the parameter values
extracted in the first stage. All target data is used for
the extraction. Table 1 summarizes the parameters for
the two stages separately. This algorithm can speedup
computation time significantly, because the core param-
eters are extracted closely to the final values at the first
stage. These parameters show no interdependency each
other [22].
For our investigation target data points were generated
by SPICE simulation with a HiSIM-1.1 parameter set
extracted by the conventional method described in the
previous section. Efficiency of the two-stage extraction
procedure is demonstrated in Fig. 6. Improvement both
in the fitness and the convergence is obvious. The num-
ber of generated data points for each device was 352.
In the GA-extraction experiments, the population size
was set to 450 and the termination generation was set
to 6000. The search range for each parameter was set
according to the standard range described in the user’s

manual [17].

The computation time of the developed GA method was
about 23 hours using Linux 2.4 with AthlonXP 2500.
Table 2 summarizes the normalized RMS (Root Mean
Square), maximum, and minimum errors for I−V char-
acteristics. Definitions of maximum and minimum er-
rors are:

MaxError = Max
Vg,Vb,Vd

[(Id,model − Id,lab)/Id,max] , (6)

MinError = Min
Vg,Vb,Vd

[(Id,model − Id,lab)/Id,max] . (7)

Results show equally good reproducibility of the GA
extraction for the whole taget data. Table 3 shows the
extraction error out of the target devices. The same
quality of agreement is achieved. Fig. 7 show calculated
I-V characteristics for the gate length of 90nm beyond
the target devices as an example.
We performed five independent GA runs. At the first
stage extraction, extracted parameter values are almost
equal for all runs. Table 4 gives normalized averaged er-
ror rate and normalized standard deviation of extracted
parameter values obtained through five independent GA
runs. The error rates were calculated from differences
between extracted parameter values (Parex) and pa-
rameter values used in the generation of target data
(Parlab):

errorrate =
R∑

i=1

[|(Parex,i − Parlab,i)/Parlab,i|] /R,

(8)
where i is the index of the GA runs and R is the number
of the GA runs, for this case five. The standard devia-
tions were calculated for Parex. As can be seen from the
table, each extracted parameter values has small error
rate and small standard deviation. Enhanced error in
”muecb1” is due to the suppressed sensitivity of the pa-
rameter to the I-V characteristics. The major extracted
parameter values at the second stage have also very low
error rate and standard deviation. Here it is generally
concluded that the error rate is enhanced, if absolute
value of a parameter is small and its sensitivity to the
I-V characteristics is low. Derivatives of the I-V charac-
teristics (the channel conductance and the transconduc-
tance) may enhance the sensitivity, and thus improve-
ment of the reliability is expected.

5 Discussion

Fig. 6 shows the fitness values of the best-of-generation
chromosome in the population for the five independent
GA runs. Here the fitness function f used is defined as
follows:

f = (
∑
Vg

∑
Vb

f1 +
∑
Vg

∑
Vb

f2)/M, (9)
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Table 2: Calculated fitting errors for I-V characteristics
for the target devices

Lg(µm) 0.11 0.13 0.5 2.0 10.0
RMS Err.(%) 0.93 0.79 0.41 0.62 0.74
Max Err.(%) 2.59 2.52 1.51 1.69 2.02
Min Err.(%) -2.51 -2.52 -1.86 -2.25 -2.71

Table 3: Calculated errors for I-V characteristics for
other devices than the target devices

Lg(µm) 0.12 0.3 1.0 5.0 15.0
RMS Err.(%) 0.79 0.49 0.50 0.71 0.75
Max Err.(%) 2.60 1.94 1.43 1.90 2.06
Min Err.(%) -2.56 -1.39 -2.06 -2.60 -2.75

Table 4: Normalized Averaged Error Rate and Normal-
ized Standard Deviation of Extracted Parameter Values
after the Stage 1

Parameter Error rate Std. Dev.
vfbc 0.88% 0.37%

nsubc 0.46% 0.04%
muecb0 4.58% 3.01%
muecb1 10.5% 10.3%
mueph1 5.06% 0.24%
muesr1 2.74% 0.82%

where M is the total number of target data points, and
f1 and f2 are defined as:

f1 =
∑
Vd

[(Id,lab − Id,model)/Id,max]2 , (10)

f2 =
∑
Vd

[(logId,lab − logId,model)/logId,max]2 , (11)

where subscript ”lab” and ”model” indicate measured
data and simulated data, respectively.
Sudden rises of solid lines represent changes from stage
1 to stage 2. After the steep rise, the fitness values
decrease drastically as the evaluations (iterations) in-
crease. For comparison a single-stage GA was also per-
formed. In this experiments, all the 32 parameters were
extracted simultaneously in a single run. As can be
seen from Fig. 6, all runs (dotted lines) stick at lo-
cal minima, as well as showing large scattering of the
model parameter values for each GA run. The reason
may be attributed to the interdependence of model pa-
rameters caused by approximations introduced to derive
closed form of model equations. This interdependence
was avoided by introducing two stage extraction proce-
dure. At the first stage model parameters determined by
rigorous device physics are determined accurately with
reliable targets. At the second stage these parameters
are calibrated within small deviation.
Improvement of the GA speed is obvious by incorpo-
rating two-stage extraction procedure. Another possi-
ble approach to reduce computation time is to combine
man-power extraction for a rough parameter set as an
initial values of the GA extraction. However, to improve
reliability of parameter extraction, the most important
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issue is to improve model quality keeping device physics
as much as possible.

6 Conclusions

Though it is believed that the GA is an ultimate method
for parameter extraction, investigations are still required
for real applications. We have demonstrated here a GA-
based parameter extraction method for surface-potential-
based model HiSIM. Our method can produce excellent
fits to target data without any initial parameter settings
and knowledge about model parameters. Experimental
results show that extraction of 32 parameters for HiSIM
can be completed within 23 hours with RMS errors less
than 1%. This level of fit is comparable to that obtain-
able by a well-trained user applying a series of manual
adjustments and LM optimizations.
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