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Statistical Analysis and Diagnosis Methodology
for RF Circuits in LCP Substrates

Souvik Mukherjee, Student Member, IEEE, Madhavan Swaminathan, Senior Member, IEEE, and Erdem Matoglu

Abstract—This paper presents the application of a fast and accu-
rate layout-level statistical analysis methodology for the diagnosis
of RF circuit layouts with embedded passives in liquid crystalline
polymer substrates. The approach is based on layout-segmenta-
tion, lumped-element modeling, sensitivity analysis, and extraction
of probability density function using convolution methods. The sta-
tistical analyses were utilized as a diagnosis tool to estimate dis-
tributed design parameter variations and yield of RF circuit lay-
outs for a given measured performance. The results of statistical
analysis and diagnosis were compared with measurement results
of fabricated filters. Statistical methods were also applied for de-
sign space exploration to improve system performance, as well as
estimation of yield and diagnosis of faults during batch fabrication.

Index Terms—Bandpass filter, liquid crystalline polymer (LCP),
parametric yield, RF synthesis, statistical diagnosis.

I. INTRODUCTION

THE DESIGN of wireless circuits for RF frequencies require
precisevaluesofpassivecomponents,whichisoftennotsat-

isfied due to manufacturing variations, resulting in yield loss. To
alleviatethisproblem,performanceandyieldfiguresforemerging
technologies need to be analyzed during the design phase. Fault
detection and diagnosis for RF circuits after manufacturing is a
time-consuming step in the design cycle. This is because multiple
simulations of electromagnetic (EM) structures are required by
varying different layout parameters for correlation with the mea-
sured response. The focus of this paper is the application of sta-
tistical methods that enable fast and accurate diagnosis of batch
fabricated RF circuit layouts for new technologies, which signif-
icantly reduces the design and fabrication cycle time.

In RF designs, the physical effects of layout, such as EM cou-
pling and parasitics, affect circuit performance. Though statis-
tical analyses of RF circuits that are based on circuit simulators
are fast, they do not provide accurate results. The conventional
method to study the effect of component variations on system
performance is to perform Monte Carlo analysis [1]. However,
Monte Carlo technique for EM simulations can be time and
memory intensive. In addition, Monte Carlo analyses do not pro-
vide diagnosis capability. The simulation time, in general, for a
method of moments (MoM)-based iterative solver increases as

, where is the number of cells in the layout. Hence,
EM simulation of statistical variations in layout, which requires
small cell sizes, makes it memory intensive. Classical worst case
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Fig. 1. Batch-fabricated bandpass filters on a single panel; each block
represents a filter.

analysis in this case is limited since it involves a large number
of input–output parameters and impractical simulation time [2].
Clearly there is a need for time-efficient layout-level diagnosis
of RF circuits in prototype designs, as well as in volume pro-
duction based on batch fabrication methods.

Large-area 12 in 18 in processing, which enables batch
fabrication of devices using embedded passives in LCP sub-
strate, is a new technology being developed [3]–[5]. The
process enables the manufacturing of 2000–10 000 devices
on a single panel, as shown in Fig. 1. In batch fabrication
of devices (e.g., bandpass filters), different devices can have
different shifts in frequency/phase response characteristics
(e.g., bandwidth, center frequency, return loss, etc.). A robust
method that captures both forward and reverse mapping of
layout parameters to electrical specifications have been applied
to synthesis and diagnosis of prototype designs by the same au-
thors in [6]. This paper extends the study on discrete diagnosis
to discuss statistical methods that can be utilized to diagnose
batch-fabricated designs with reduced EM simulation time.
The results of statistical analysis have been compared with EM
modeling and measurement data.

A statistical design centering approach to minimax circuit de-
sign has been presented in [7]. The method focused on yield op-
timization based on circuit level parameters rather than layout.
Similar studies based on parametric sampling have been shown
in [8]. This method permits the incorporation of realistic manu-
facturing constraints and resorts to a single stage of statistical
simulation, thereby improving time and efficiency. However,
the method is limited by its initial requirement of a large data-
base, which can be computationally prohibitive for RF designs
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on emerging technologies. Earlier research on circuit-level de-
sign centering led to the development of algorithms based on
convexity, radial exploration, and local linear models [9]–[11].
Parasitic-aware post-optimization design centering for RF inte-
grated circuits based on simulated annealing [12] reduces itera-
tions in design optimization, but this study does not focus on di-
agnosis. Network-level design centering based on constraint re-
gion and piecewise ellipsoidal approximation has been shown in
[13], [14]. Statistical fault diagnosis using surface response and
center of gravity methods has only been shown for analog inte-
grated circuits in [15], [16], where physical effects of layout do
not affect performance. Diagnosis of circuit parameters based
on the Huber concept have been shown in [17], but it does not
deal with physical parameters, which are measured in batch-
fabricated devices to detect process faults. Clearly, the focus of
most of the prior research has been design centering using cir-
cuit parameters and not layout-level diagnosis of RF designs.

In this paper, efficient layout-level statistical analysis and di-
agnostic methodologies are presented for RF circuits. The diag-
nosis method has been demonstrated on a multilayered organic
substrate with liquid crystalline polymer (LCP) dielectric ma-
terial ( , ), which is a new technology
for embedding RF passive devices [3]–[5]. The statistical diag-
nosismethod isbasedon layout segmentation, fractional factorial
array simulation, sensitivity analysis, regression fitting, and use
of least squares and convolution methods to obtain probability
distributions of process variations and performance measures. Its
advantages, apart from its generic nature and computational ef-
ficiency are: 1) it computes probability density functions (pdfs)
of performance measures from process distributions; 2) it esti-
mates yield from statistical distributions of layout-level param-
eters, and, most importantly; 3) it enables circuit diagnosis by
mapping layout variations to measured performance.

Thispaper isorganizedasfollows.SectionIIdiscusses thecon-
cepts and steps involved in prototype diagnosis and probabilistic
diagnosis of RF circuit layouts. The featuresof theLCP substrate,
which is used as a platform for correlating analysis to measure-
ment results, is explained in Section III. Section IV discusses in
detail the steps involved in statistical analysis and probabilistic
diagnosiswithexamples.Thispaperfinallyconcludeswithasum-
mary of the contributions of this study in Section V.

II. DIAGNOSIS

Diagnosis is the process of detecting faults in circuits after
fabrication, which can be used to improve design yields. Fault
diagnosis methodologies are prevalent in digital circuits. In RF
designs, however, physical effects of layout affect circuit perfor-
mance. In [6], and in this paper, diagnosis methods have been
discussed for two scenarios, which are: 1) discrete diagnosis to
be applicable in the design of prototypes and 2) probabilistic
diagnosis based on statistical analysis for batch-fabricated de-
signs, respectively.

A. Prototype Diagnosis Based on Synthesis: Concept

Synthesis is the process of extracting network/layout level pa-
rameters for a component/circuit from electrical specifications.
It is based on layout segmentation, lumped-element modeling,

Fig. 2. Block diagram of the statistical analysis and diagnosis methodology.

nonlinear mapping using polynomial functions, and circuit level
optimization, as shown in [3]. In [6], the authors have applied
the synthesis-based technique to the diagnosis of prototype de-
signs. The variations in measurement data from EM simula-
tion were applied to the synthesis flow to extract new layout
geometries, which are different from the origin layout param-
eters. The result is nonunique since multiple combinations of
layout variation give the same shift in frequency response char-
acteristics. Certain designs met the process constraints and were
selected for a cross-sectional analysis by which faulty designs
could be detected. A detailed mathematical formulation of a
synthesis-based prototype diagnosis can be found in [6].

B. Probabilistic Diagnosis Based on Statistical
Analysis: Concept

Fig. 2 shows the flow diagram of the proposed statistical anal-
ysis and diagnosis method discussed in this paper. The process
begins by identifying key performance measures and significant
design parameters. After constructing an accurate model of the
system, performance measures were approximated as sensitivity
functions of the design parameters through circuit and EM sim-
ulations. In these simulations, the design parameters were varied
only within their statistical variation ranges to improve accuracy
and simulation data size.

Linear and pwl regression equations can be used to map mul-
tiple performance measures to physical parameters. Although
the methods were not very suitable for obtaining response func-
tions over wide ranges of parameters, they can be used for fast
characterization in small ( 5%) statistical variation “space,”
which is the case for diagnosis. Yield and performance analysis
can be performed after computing the joint probability distri-
bution function (jpdf) of the analyzed performance measures.
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Fig. 3. Layout of the bandpass filter in SONNET.

Parametric causes of the unacceptable performance of an indi-
vidual system can then be searched by using the information ac-
quired from the statistical analysis, thereby performing layout-
level diagnosis. Instead of function failures, this paper focuses
on parametric failures, which occur due to the statistical varia-
tion in design and performance parameters.

III. EMBEDDED PASSIVES IN LCP SUBSTRATE

LCP is a low-loss material with a relative
permittivity of 2.95. These properties are invariant up to
100 GHz with negligible moisture absorption (0.04%). As a re-
sult, the embedded passives provide high- and stable compo-
nent values across a large frequency range [4]. The process is
low cost due to the use of large area manufacturing, as shown
in Fig. 1. Furthermore, the process is low temperature (200 C)
and large area boards 12 in 18 in can be batch fabricated,
making it compatible with a printed wiring board (PWB) infra-
structure. High-performance and miniaturized filters, low-noise
amplifiers, and voltage-controlled oscillators functional from
500 MHz to 10 GHz using embedded inductors and capacitors
in multilayer organic laminate substrate such as LCP have been
shown in [3]–[5]. The design cross section has two inner metal
layers for passives embedded in LCP (1-mil thick) in the middle
of the cross section. In addition, top and bottom ground planes
are 73 mil from each other and provide EM shielding.

IV. PROBABILISTIC DIAGNOSIS BASED

ON STATISTICAL ANALYSIS

A. Segmented Lumped-Element Modeling and Simulation

Segmented lumped-element modeling of circuits had been
explained in [3] and [6] by Mukherjee et al. Fig. 3 shows the
segmentation of a layout of a bandpass filter into multiple sec-
tions. The lumped-element models of these sections have been
shown in [6], and are combined to extract the filter performance
measures in the circuit simulator. The segmented components
were simulated in SONNET, a two-and-one-half-dimensional
(2.5-D) MoM-based EM solver in order to extract their model
parameters. This is because simulation of the whole filter in
an EM solver is computationally expensive. In order to map
process variations to performance metrics, EM simulations were

TABLE I
SHOWING SIMULATION MATRIX SETUP

planned using design of experiments (DoE) principles, which is
common in statistical data analysis [18], [19].

In this paper, design parameters were varied only within their
statistical variation ranges. Therefore, third-order and higher
order effects were ignored. Equation (1) shows the quadratic
model for design parameters as follows:

(1)

where is the approximated response, ’s are design parame-
ters, is the intercept term, ’s are coefficients of first-order
effects, are coefficients of second-order effects, and is the
approximation error. If , is called the interaction coef-
ficient. One way to plan the experiments is to simulate all com-
binations of the design factors at all levels. This is called the
full-factorial experimentation. If is the level of the experiment
plan and is the number of design parameters, full-factorial ex-
periment results in simulations, which can be prohibitively
time consuming for full-wave EM simulations in RF circuits.
The number of simulations in the fractional factorial experiment
plan is defined as , where is the fraction element. For ex-
ample, 3 plan simulates four factors in 27 simulations. The
plan is 1/3 fraction of 3 full factorial plan. Table I shows a 3
array, where 0’s, 1’s, and 2’s correspond to different levels of
factors – . The elements of the simulation matrix were coded
values of the manufacturing variations, where 1’s represent their
mean, 0 and 2 are , respectively, where is the
mean, and is the standard deviation. The component values in
the table were obtained from SONNET EM simulations. Using
the component values in each row, ADS circuit simulations were
performed to obtain the filter performance. A second table was
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Fig. 4. (a) and (b) Sensitivity plots for filter performance measures against layout parameters. The layout parameters has been converted to standard normal by
(x � � )=� , as shown by the x-axis. (a) Depicts sensitivity for 1-dB bandwidth. (b) Depicts sensitivity for in-band attenuation (insertion loss).

generated with the results for the filter performance measures.
Each row represented a different simulation condition. The filter
performance was, therefore, related to layout parameters.

B. Sensitivity Analysis

The effects of the parameters could be plotted by averaging
the response at each level. As an example, Fig. 4(a) and (b)
shows the sensitivities of certain performance measures with re-
spect to layout parameters, the slopes being the measure of sen-
sitivity. For example, C_mid (Fig. 3) is important for bandwidth,
while C_resn1/Res_L (Fig. 3) is important for insertion loss
(min_attn). Based on the linearity and piecewise linearity of the
plots, performance measures can be represented as first-order
linear approximations. For example, a performance measure
can be linearly approximated as a regression equation [20] as

(2)

where is the number of layout parameters, ’s are the sen-
sitivity coefficients, and ’s are the layout parameters con-
verted to the standard normal by . Regression er-
rors are given by . For example, the sensitivity equations for
the filter in Fig. 3 for 1-dB bandwidth (BW_1dB), and attenua-
tion at 2.1 GHz (attn_2_1_GHz) against layout parameters like
width of center capacitor (C_mid), width of resonator capac-
itor (C_resn1/2), width of resonator inductor (Res_L), matching
capacitor width (C_match), and dielectric constant of substrate

have been shown in (3) and (4) as follows:

(3)

(4)

Here, represents regression coefficients, a measure of model
fitness [19], and is the unit step function. values close
to 1 indicate good predictive capability of approximation equa-
tions. The simulation matrix was a resolution four frac-
tional factorial plan [18]. The matrix does not confound
single factor effects into two factor interactions. In order to show
that interaction effects are negligible, simulation plan and the
filter performance were applied to the response surface regres-
sion (RSREG) procedure in SAS software.1 It was seen that the

values of the cross products (e.g., 0.0007, 0.0021, 0.0005,
and 0.0005) were very small compared to the corresponding
values of the linear terms (e.g., 0.7052, 0.8892, 0.9977, 0.9978).
For min_attn, ripple, BW_1 dB, and BW_3 dB, the values
of the quadratic effects are significant, therefore, these perfor-
mance measures were approximated by piecewise linear (pwl)
equations, the variables being insertion loss, ripple, 1-dB, and
3-dB bandwidths, respectively. The sensitivity coefficients were
obtained with least square approximation, as discussed in [21].
For example, the coefficients for BW_1 dB and attn_2_1_GHz
were obtained as follows:

(5)

(6)

where is the simulation matrix (explained in Section IV-A),
while dB and are the simulation results
from the table generated using DOE. In (5) and (6), the approx-
imation error for the performance measure can be calcu-
lated as follows:

(7)

C. Extraction of pdfs of Performance Measures

Using the regression equations of the performance measures
and the pdfs of the layout variations, the pdfs of the perfor-
mance measures can be computed. The statistical variations of

1SAS Software, ver. 8, SAS Inst., Detroit, MI, 1999.
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the layout parameters of components are independent of each
other. This provides a significant advantage in computing the
filter performance based on their variations. In general, let be
a random variable defined as

(8)

where are functions of the independent random
variables . Then the pdf of is defined as [18]

(9)

where is the delta function, is the convolution oper-
ator, and are the pdfs of

. Given the pdf of a random variable ,
and a function , the pdf of the random variable

can be computed as [19]

(10)

where are solutions to the equation
for a specific value of , and is

the derivative of . For cases in (3) and (4), ,
where is the coefficient from the regression equation. We
then have [18]

(11)

Therefore, the pdfs of the performance measures can be com-
puted by convolving the pdfs of the summation terms in (3) and
(4), as follows:

(12)

It can be seen that some of the sensitivity plots in Fig. 4(a) and
(b) are pwl. A pwl relation between a variable and a parameter

can be written as follows:

(13)

where are regression coefficients, is the breakpoint,
is the regression error, and is the unit step function defined as

if and otherwise. Equation (13) can
be rewritten as

if
if

(14)
The coefficients , , and in (13) were obtained by the least
square approximation of with the parameters and

[20]. The pdf of the performance measure with linear and
pwl terms can be written as an example for as follows:

(15)

TABLE II
SHOWING STATISTICAL PARAMETERS OF FILTER PERFORMANCE (FIG. 3)

Here, was a pwl term. In order to compute the individual
functions of (14), (15) can be used to compute the pdf of the
terms multiplied with linear coefficients. The pdf of pwl terms
in (15), in general, for positive and negative ’s is derived in
[19]. Since is normally distributed with and ,

is the normal distribution of with and
. Therefore, for the pwl terms , the

pdf of can be computed as

(16)

where is the normal pdf of random variable with
mean and standard deviation . For first-order linear ap-
proximated performance measures, the and values were
computed as follows:

and (17)

For pwl approximated performance measures, and values
were computed as follows:

(18a)

(18b)

where and are the coefficients of and terms.
The calculated statistical parameters for the performance mea-
sures have been tabulated in Table II. Fig. 5 shows the pdf for
the minimum attenuation using convolution.

Fig. 6 shows the histogram for the minimum attenuation. In
Fig. 5, the solid line is the convolution, while the dotted line
gives the normal distribution, which displayed good agreement
with the convolution results. The convolution results have also
been compared to the histogram of 100 000 random parameter
instances applied to (15) for corresponding performance mea-
sures. The convolution results were multiplied by a constant
for visual comparison with the histogram. Fig. 6 shows the re-
sults. Close agreement was observed between the convolution
and the histogram, indicating that the convolution result repre-
sents the actual probability density. Skewness and kurtosis are
measures of departure from normal distribution. They are de-
fined as and , respectively, where and
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Fig. 5. Comparison of pdfs (y-axis) for insertion loss (min_attn) using
convolution (solid line) and normal approximation (dotted line). x-axis depicts
the distribution of insertion loss.

Fig. 6. Comparison of pdfs (y-axis) for insertion loss (min_attn) using
convolution (solid line) and random instances (histogram). x-axis depicts the
distribution of insertion loss.

are the third and fourth statistical moments and is the stan-
dard deviation. Clearly, the skewness and kurtosis for normal
distribution are 0 and 3, respectively. For the random samples
in Fig. 6, skewness and kurtosis were computed as 0.1786 and
3.1112, indicating that they are distributed very close to normal.
Similar analysis on the 3-dB bandwidth (BW_3dB) resulted in
skewness of 0.0086 and kurtosis of 3.0146.

D. Parametric Yield

Parametric yield is defined as the percentage of the functional
filters satisfying the performance specifications. Here, multiple
constraints need to be met, e.g., bandwidth, ripple, and center
frequency. However, due to the manufacturing variations, cer-
tain parameters get shifted in the frequency/amplitude spectrum.
In such cases, the jpdfs of the performance measures was ap-
proximated using multivariate normal distribution [18], which
is defined as follows:

(19)

where is the vector of performance measures, and is the
expected value for the vector . As an example, the vector
and vector are defined as

GHz
GHz
dB
dB

(20)

Covariance of performance measures was computed as [2]

(21)

where , and , are pwl coefficients
of filter performance measures and , respectively, and

is the impulse function. For the manufacturing parame-
ters with linear sensitivity relations, and .
The yield was then computed as the integral of (19) over the
acceptable region of performance. The yield constraints of a
filter design were 1-dB bandwidth cutoff frequencies f_1dB_1
and f_1dB_2, min_attn and attn_2_1GHz, the attenuation
at 2.1 GHz. The constraints included bandwidth of at least
2.35–2.45 GHz, maximum attenuation of 2.8 dB and minimum
attenuation of 30 dB at 2.1 GHz. The yield is calculated as
follows:

dB dB

(22)

Further, using the joint probability distribution of perfor-
mance measures and computing the acceptability function, it
can be inferred whether simultaneous constraints on a pair of
performance measures is physical or not. This has been shown
in Figs. 7 and 8. In these figures, the acceptability function
( -axis) has not been normalized. From Fig. 7, it can be seen by
just the two spikes (indicating design acceptability) that simul-
taneous constraints on the attenuation at 2.1 GHz and the lower
side frequency of the 1-dB bandwidth leads to a nonphysical
result. This means that certain design constraints cannot be met
simultaneously and will result in very low yield. On the other
hand, the distribution of the acceptability function in Fig. 8 in-
dicates that it is reasonable to place simultaneous constraints on
in-band ripple and lower side frequency of the 1-dB bandwidth.
For example, the theoretical yield of the bandpass filter design
increased from 25.7% to 35% when simultaneous constraints
were changed from {in-band ripple, lower side 1-dB frequency}
to {1-dB bandwidth, in-band ripple}. This suggests that the
yield of a design can be improved by identifying the parameters
on which to place design constraints simultaneously. Here,
acceptability function implies whether a device has met the
design criteria. The function is positive when they are met.

Further, it is clear that the yield of the bandpass filter can
be improved by reducing the manufacturing variations. If the
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Fig. 7. Distribution of design acceptability function using simultaneous
constraints on attenuation @2.1 GHz and lower cutoff frequency of 1-dB
bandwidth: isolated spikes indicate that such constraints lead to low yield.

Fig. 8. Computation of design acceptability function using simultaneous
constraints on in-band ripple and lower cutoff frequency of 1-dB bandwidth:
distribution shows that such constraints lead to realizable yield.

standard deviation of the all physical parameters could be
reduced to , reevaluation of the integral in (22) results in
a yield of 31.5%. Further reduction of to results in a
43.8% yield. It was also observed that the yield does not increase
unless additional performance tolerance was provided. As an
example, with an additional increase of MHz in
the 1-dB bandwidth, the yield increased to 20%. Using figures
of joint distributions and yield variations with design tolerance,
yield targets can be achieved by the most feasible design and
manufacturing changes.

E. Diagnosis Based on Statistical Analysis

As a result of the statistical variations in design and oper-
ational parameters in batch fabrication, some circuits display
unacceptable variations in performance measures. For a func-
tional design in this condition, the information extracted from

the aforementioned statistical analysis can be utilized as a diag-
nosis tool. Using the diagnosis methodology, the most probable
layout parameters causing the unacceptable variations in perfor-
mance measures can be systematically searched. For example,
the linear systems formed by (3) and (4) can be used to estimate
the variation in the design and operational parameters for the
measured variations in system performance. Here, the analysis
can be broken into two sections. When the number of perfor-
mance measures in a design is less than the number of layout
parameters, it suggests infinite number of solutions and, there-
fore, a probabilistic approach is used, as is explained in Sec-
tion I. When the number of performance measures is more than
the number of physical parameters, it suggests a solution of lin-
early independent equations (Section II).

1) Number of Performance Measures Less Than Number of
Physical Parameters : For explaining the diagnosis
approach, let and be the random vectors for layout pa-
rameters and performance measures, respectively. The func-
tional relation between and was obtained
by characterization simulations explained above. If is less than

, then a unique solution of does not exist for a measured
set of unacceptable performance . Hence, the real param-
eter(s) causing the failure cannot be decided. However, since all
design parameters are associated with pdfs, the most probable
solution can be searched. The conditional pdf of the parameter
vector for measured performance is defined as [19]

(23)

where is the jpdf of the random vector of the design
parameters and performance measures . In (23),
is the jpdf of the performance measures, which was computed
in (19). The expected value of is then the most
probable parameter set causing the failure.

Let be the set of unaccept-
able performance measures. Equations for the performance
measures can be rewritten by subtracting the intercept term

from resulting in

(24)

where is the parameter vector and and are defined as the
performance vectors sensitivity coefficient matrix without
intercept terms . The error column is a Gaussian random
vector with a zero mean computed from the approximation er-
rors in error equation. Since and are Gaussian random
vectors, a new random vector can be defined as

. The pdf of is then equivalent to the jpdf of and
, which can be computed as follows:

(25)

where , and is a matrix com-
posed of covariance matrices, as shown in [19].
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Note that for independent design parameters, is
the diagonal matrix of parameter variances. The expected value
of the conditional pdf in (23) can be computed as [2]

(26)

Since and are related through the linear regression operator
defined in (24) as , then the mean of , ,
and are related by relations shown in [21]. The sub-
stitution of which results in (27) as follows:

(27)

2) Number of Performance Measures More Than Number of
Physical Parameters : Let be the linear sen-
sitivity matrix that relates performance measures to
physical parameters by the following:

(28)

where is a constant vector and is the regression error vector.
Provided that exists, for , the least square
solution was computed as follows [21]:

(29)

The sensitivity equations of matrix , which correspond to its
rows, should be linearly independent. Otherwise the ma-
trix is singular and not invertible. If two sensitivity equations
in matrix are linearly dependent, the corresponding perfor-
mance measures are highly correlated. Therefore, such perfor-
mance measures should not be included in the sensitivity ma-
trix together. Correlation coefficient takes values between 1
and 1, where large values of indicate high correlation. It was
observed that many of the performance measures are highly cor-
related. Therefore, the sensitivity equations are linearly depen-
dent. Amongst linearly dependent equations, only one equation
and associated performance measure can be used for diagnosis.
In this case, there is infinite number of solutions. Therefore,
probabilistic diagnosis outlined in Section IV-E.1 was adopted
for the filter. The most probable parameter vector can be
written as

(30)

where is the most probable layout pa-
rameter vector for a measured filter performance , and

are the expected values of and , is the co-
variance matrix of the performance measures, and
is the covariance matrix of the layout parameters and the perfor-
mance measures.

TABLE III
SHOWING ESTIMATED AND MEASURED PARAMETERS

The mean values of the performance measures were presented
in Table II. As an example, the and vector for min_attn,
ripple, and are defined as follows:

ripple
dB
dB

GHz
(31)

The covariance matrix of the performance measures
was computed using (21). Applying the regression coefficients
results in the covariance matrix in (32) as follows:

(32)

The elements of the matrix is computed as [21]

(33)

where and are the pwl coefficients of filter perfor-
mance measure for the layout parameter . For parameters
with linear sensitivities, . Using (33), the most prob-
able vector of layout parameters for a measured set of perfor-
mance can then be computed. Multiple examples illustrate the
accuracy of the diagnosis method.

F. Test Cases

1) Bandpass Filter: A bandpass filter with a layout similar
to that shown in Fig. 3 and having a 1-dB bandwidth of 115 MHz
and a center frequency of 2.38 GHz has been used for statistical
analysis in the first example, as explained above. In Table III, as
in the first example, a vector of layout parameters with random
values was chosen according to their statistical distribution and
was modeled and simulated. The resulting performance mea-
sures were min_attn dB, ripple dB, and
(higher side of 1-dB frequency) GHz. For this filter,
the center frequency was shifted. The statistical analysis of the
performance measures were applied to (30). Table III shows the
measured and estimated manufacturing variations in the second
and third columns, which show good correlation.

It can be seen that most of the parameters are estimated close
to their actual values. The fourth column in this table is the result
obtained from the least square solution computed using (29). As
explained before, the least square solution can be erroneous due
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TABLE IV
SHOWING ESTIMATED AND MEASURED PARAMETERS

to the ill-conditioned sensitivity matrix (can be seen from the
bad correlation of the parameters).

It is clear that the diagnosis technique do not give the exact
statistical variation of layout parameters in batch fabrication,
but it captures the dominant variations. The results of statistical
distributions show good correlation obtained from that using
Monte Carlo methods. However, with the extensive EM sim-
ulations on layouts and having statistical distributions on all the
layout elements, Monte Carlo simulations took 36 h on a Dell
PC with 2.6-GHz processor and 1-GB random access memory
(RAM).

2) Bandpass Filter With Transmission Zeros: A second ex-
ample is a filter whose mean and standard deviation for per-
formance measures has been extracted and shown in Table IV.
Regression analysis on the fractional factorial array of the de-
sign (consisting of 27 simulations) was performed similar to that
shown in Example 1.

The pdfs of the performance measures were computed using
convolution. The mean and standard deviation has been shown
in Table III. Here, Attn_3_7_GHz is the transmission zero loca-
tion at 3.7 GHz. The parametric yield with constraints on band-
width, center frequency, and transmission zero was computed
using (22) as

(34)

where , BW_3dB, and CF are the transmission zero, 3-dB
bandwidth, and center frequency, respectively. The covariance
of performance measures was computed using (21) as

(35)

The vector for the performance measures that were selected for
diagnosis are given by

(36a)

dB

dB
(36b)

TABLE V
SHOWING ESTIMATED AND MEASURED PARAMETERS

For diagnosis, the covariance matrix between the performance
measures and the physical parameters was calculated as (37),
and is given by

(37)

Table V shows the comparison between the observed (measure-
ment) and estimated variation for a randomly selected design on
the panel. Clearly, the methodology closely estimates the major
variations, which are C_mid width and C_match width com-
pared to measurement results.

V. CONCLUSION

This paper has discussed efficient statistical methodologies
for layout-level diagnosis of batch-fabricated RF circuits in LCP
substrates. The methodology has demonstrated performance
analysis using DOE principles. The techniques has suggested
a feasible time-efficient alternative of circuit diagnosis using
layout-level parameters with reasonable accuracy compared
to time-consuming worst case EM simulations on complete
layouts. The methodology could also estimate parametric yield
and suggest performance improvement methods. Diagnostic
methodologies using statistical analysis could also be used to
trace the statistical variations of embedded passive components
to performance failure of designs.
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