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Abstract: In this paper, we propose a new method to separate individual noise and source signals from their
observed mixture in analog integrated circuits. This method includes empirical mode decomposition (EMD),
principle component analysis (PCA) and independent component analysis (ICA). The EMD represents any
time-domain signal as a sum of a finite set of oscillatory components called intrinsic mode functions (IMFs).
After applying EMD to the mixture, an observation matrix is formed by extracted IMF components. The PCA
is employed to obtain uncorrelated components from the observation matrix. To derive the independent basis
vectors the ICA algorithm is applied to the uncorrelated components. Since ICA algorithms suffer from scaling
ambiguity, we introduce a new method to eliminate the scaling ambiguity of independent components which
are the separated noise and source signals. The most important advantages of our method are that the
separation process needs only a single mixture and it is able to separate both the source signal and the
individual noise signals. The experimental results substantiate the strong potential of the proposed method for
noise separation in analog integrated circuits.
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INTRODUCTION cancellation techniques have been proposed such as [13].

The problem of blind source separation (BSS) different types of noise sources such as capacitive and
includes finding independent source signals from their inductive crosstalk, charge sharing, leakages, power
observed mixtures without prior knowledge about the supply noise, substrate coupling and ground bounce.
actual mixing channels. The source separation problem Compared with digital circuits, analog devices are
has been studied intensively in the literature and many inherently much more susceptible to noise disturbance. 
solutions have been proposed [1-3]. However, the Recently,  a  new  signal  decomposition method
literature  designed  for  the  underdetermined   case, called empirical mode decomposition (EMD) has been
where the number of sources is larger than the number of introduced by Huang et al. [14]. The EMD algorithm
observations, is comparatively limited so that the BSS in decomposes a signal into a set of oscillatory basis
that context is one of the challenging problems. The components termed as intrinsic mode functions (IMFs)
existent methods for underdetermined BSS include containing  some  basic  properties  [14].  The  EMD  can
matching pursuit as in [4, 5], the separation methods for be applied to any nonlinear and non-stationary signals
finite alphabet sources [6, 7], the probabilistic-based and its major advantage is that the basis functions are
methods [8-10] and the sparsity-based techniques [11, 12]. derived from the signal. Therefore, the analysis is
The source separation problem is of interest in various adaptive in contrast to the traditional methods like
applications [1, 2]. In this paper, we consider noise Wavelet  approaches in which the basis functions are
separation in analog integrated circuits. Noise limits the fixed and they do not necessarily match all real signals. 
minimum signal level that a circuit can process with In  this paper, we propose a new approach to
acceptable quality. Noise cancellation is a challenging separate  individual  noise and source signals from a
problem in the signal processing and many noise single   observed mixture  in  analog  integrated  circuits.

Analog circuits are becoming increasingly vulnerable to
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This method includes EMD, principle component analysis approaches for computing EMD. The following algorithm
(PCA) [15] and independent component analysis (ICA) is employed here to decompose signal x(t) into a set of
[16, 17]. ICA is a higher-order statistic-based method in IMF components.
which the purpose is to find a linear representation of
non-Gaussian data so that the components are Identification of all maxima and minima of the time
statistically  independent  or  as  independent as series x(t)
possible. We choose the fixed-point algorithm, a well- Generate the upper and lower envelopes u(t) and l(t)
known algorithm in ICA, given by [18] since firstly the respectively, by connecting the maxima and minima
convergence  rate  is  cubic  (or  at  least  quadratic),  so it separately with cubic spline interpolation.
is fast and secondly the algorithm is easy to use because Determine the local mean as 
there is no step size to choose. Since generally ICA An   IMF    should have    zero    local    mean   thus
algorithms  suffer  from  scaling ambiguity, we introduce we  subtract  E (t) from the original signal x(t) as
a new method to eliminate scaling ambiguity of
independent components which are separated noise and Check whether e (t) is an IMF or not by checking the
source signals. The most important advantages of our two basic conditions as described above.
separation method are: it is not necessary for the circuit Repeat steps 1 to 5 and stop when an IMF e (t) is
components to be purely linear, it only needs a single obtained.
mixture and it can separate both individual noises and
source signal. In order to evaluate the ability of the Once   the    first    IMF    is    obtained,   define
proposed algorithm for noise separation in analog which is the smallest temporal scale in
integrated circuits, we use simulated data in the x(t) To find the rest of the IMFs, generate the residue
experiments.  of the data by subtracting  from the signal

The organization of this paper is as follows. The as  The sifting process will be
basics of EMD and ICA algorithms are described in continued until the final residue is a constant, a
Section II and Section III, respectively. The proposed monotonic function, or a function with only one maximum
separation algorithm is described in Section IV and the and one minimum from which no more IMFs can be
experimental results are presented in Section V. The final obtained. The subsequent IMFs and the residues are
section concludes this paper. computed as 

Empirical Mode Decomposition: The empirical mode (1)
decomposition is a signal processing technique to
decompose any non-stationary and nonlinear signal into where  is the final residue. At the end of the
oscillating components with some basic properties. The decomposition, the signal  is represented as 
key benefit of using EMD is that it is automatic and fully
data adaptive. 

EMD  decomposes  a  time  series  x(t)  into   a  sum (2)
of  band-limited  functions  f (t)  by  empiricallym

identifying  the  physical  time  scales  intrinsic  to the where R is the number of IMFs and  is the final
data. Each extracted mode f (t) named intrinsic mode residue.m

function (IMF) contains two basic conditions. First, in the The IMFs are the basis for representing the time
whole data set, the number  of extrema (maxima and series  data.  Being  data  adaptive,  the  bases usually
minima) and the number of zero crossings must be the offer a physically meaningful representation of the
same or differ at most by one. Second, at any point, the underlying processes. There is no need for considering
mean value of the envelope defined by the local maxima the  signal  as  a stack of harmonics and, therefore, EMD
and the envelope defined by the local minima is zero. The is  ideal  for  analyzing  non-stationary  and  nonlinear
first condition is similar to the narrow-band requirement data [19]. Moreover, EMD uses only a single mixture to
for a stationary Gaussian process and the second extract IMFs. 
condition is a local requirement induced from the global
one and is necessary to ensure that the instantaneous Independent Component Analysis: Independent
frequency will not have redundant fluctuations as component  analysis  (ICA)  [16,  17]  is  a  statistical
induced by asymmetric waveforms. There are many model  where  the  observed  data  is expressed as a linear
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combination of underlying latent variables. The latent Step1: We apply EMD algorithm to the windowed signal 
variables are assumed to be non-Gaussian and mutually
independent. The task is to find out both the latent
variables  and  the mixing process. The basic ICA model
is  where  is the vector
of   observed random   variables,
is the  vector  of statistically independent variables called
the independent components and A is an unknown
constant mixing matrix. m and n are the number of
observed  mixtures  and  original  sources  respectively
and  denotes transpose operation. In this paper, we
choose  the  fixed-point  algorithm  given by [18] since it
is a computationally efficient and robust fixed type
algorithm for ICA and BSS. The  independent
components  in  the  ICA model are found by searching a
matrix W such that  where
and ( )  are m-dimensional  weight
vectors.  The  fixed  point algorithm   searches   for  the
extrema  of  the  cost function
where  is a smooth even function and

The  algorithm  requires  a  pre-whitening  of  the
data. Whitening can be accomplished by PCA [15]. The
stabilized fixed-point algorithm for one unit is [18]: 

(3)

where , µ is a step size
parameter that may change with the iteration count and

 is the derivative of  and  is the derivative of
. The one-unit algorithm can be extended to the

estimation of the whole ICA transformation .

Proposed  Separation  Model: In this section, we
introduce a new method for noise separation in analog
integrated circuits. This method includes EMD, PCA and
ICA in the separation process. The proposed separation
model is shown in Figure 1 and can be summarized as
follows:

At the first stage, the mixture  is divided to K
segments with shorter length by windowing it. The
windowing process is necessary since it considerably
decreases  the running time of the algorithm and improves
the separation performance when the data is non-
stationary.  Then,  the  following  procedure  (step 1 to
step 4) is applied to each windowed signal

 to extract the signals in each segment.

and obtain R IMF components . The IMFs are
vectors of size 1 × L where L is the length of the
windowed   signal.   Then   we  form  an  observation
matrix  where
R is the number of IMFs and  denotes transpose
operation.

Step 2: In this stage, in order to find the uncorrelated
dominant basis components, PCA algorithm is used. PCA
is implemented by employing SVD. The SVD of  is a
factorization of the form  where

and  are orthogonal matrices (with orthogonal
columns) and  is a matrix  of  R  singular  values

 where  Matrix  is
referred to as a row basis representing the principal
components of . The singular values represent the
standard deviations proportional to the amount of
information contained in the corresponding principal
components. A reduced set of P basis vectors are
selected from (i.e. ) by using the first P singular
values. We set P equal to the number of original sources.

Step 3: After applying PCA, we obtain the uncorrelated
basis vectors. These vectors are not statistically
independent,  so  to  derive  the independent basis
vectors ICA must be carried out. FastICA algorithm is
used  here  to  estimate  the  demixing matrix  such
that  where  is a
collection of independent vectors which forms our
estimated sources in the  segment.

Step 4: Generally ICA has two ambiguities [17]. First, the
variances of the independent components can not be
determined (i.e. scaling ambiguity) and second, they can
appear at the output of the source-estimating network in
any order (i.e. permutation ambiguity). In order to
eliminate scaling ambiguity, we multiply the separated
output signals  by scaling coefficients to ensure
equality between separated and original signals in each
segment. In order to obtain these coefficients, we need to
solve an over-determined linear system of equations in
the simple case of an instantaneous mixture such as our
case  In this equation c is an P-by-1 vector
indicating the unknown coefficients, b is a L-by-1 vector,
where L is the length of data, consisting of the windowed
signal  and Q is a L-by-P matrix composed of P
separated signals where L>P (i.e. an over determined
system). The least square solution to this matrix equation
is vector c that minimizes the 2-norm of the residual b-Qc
over all vectors c. A least square solution to Qc=b can be
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found easily as c = Q b where  denotes pseudo- 5. Check,   if   f   <    then   stop,   else   repeat.   The+

inverse operation and c is the unique solution of minimal term    represents   error    threshold    (of    the
2-norm. The pseudo-inverse Q  of Q can be written order   10     in   this    method).   At   the   end  of+

explicitly in terms of the SVD. The SVD of Q is given by this  stage,   by   employing   the  introduced
 where U is  L-by-L  unitary  matrix,  V  is  an clustering    method,    we    can   obtain   P  clusters

P-by-P unitary matrix and  a  real  L-by-P  diagonal so  that  each  cluster contains K windowed
matrix with  interior  The singular values separated signals relevant to their corresponding
satisfy  Therefore, if the SVD of Q original signal.
is given by  then  where
is P-by-L diagonal with  entry  if  and At the last stage of the proposed model, for
otherwise 0. After finding c coefficients and applying reconstructing  full-length separated signals, we  join the
them to the appropriate separated output signals  we signals to their corresponding clusters. The full-length
can eliminate the scaling ambiguity from the separated separated signals are denoted by
signals in each segment. 

At the second stage, in order to form full length RESULTS AND DISCUSSION
separated signals, we should appropriately join separated
signals in each segment to their corresponding separated
signals in the other segments. Since, due to permutation
ambiguity of ICA algorithm, the order of separated signals
in each segment is not constant, we need to cluster all
separated  signals  into P clusters (P is equal to the
number of original sources) so that each cluster contains
separated  signals  which  are  related to an original
source. Here, Kullback Leibler Divergence (KLD) [20] is
used to measure  the  information  theoretic  distance
between two basis vectors during K-means clustering
whereas  traditional K-means clustering uses the
Euclidean distance. By using the KLD-based K-means
clustering algorithm, vectors are automatically grouped
into clusters corresponding to the given number of
sources according to the entropy contained by individual
vectors. The KLD-based K-means clustering algorithm
[20] is summarized as: 

1. Initialize P cluster center weights  and
repeat steps 2 to 4 until convergence is reached. 
For iteration t:

2. Select a normalized basis function  (sequentially
from reduced set of basis functions)

3. (a)   Calculate   the  distances  d   of   from  w   byj j

(b)  Identify  the  center  I  closest  to   so that 

4. (a)  Update  the  weight  of  the   center  by 

(b) Update the learning rate factor  by 

(c) Calculate   the   change   f  of  weights  by 

6

In order  to  evaluate  the  ability  of  our  algorithm
for  noise   separation   in   analog  integrated  circuits, we
perform  some  experiments  on  the  simulated  data. In
this section, we  show  the results of applying our
algorithm to  the  mixed  signals  observed  from  the
output  of analog  integrated  circuits   and   evaluate  the
separation performance by an especial quantitative
measure. All simulations have been performed by Hspice
and Matlab software.

The  first experiment is based on a differential
cascode topology shown in Figure 2. Differential cascode
topologies are also called telescopic cascode op-amps.
Telescopic cascode op-amps may be used to achieve a
high gain [21]. The reasons for selecting this circuit are
that it is vulnerable to different types of noise such as
ground and supply noise and the mixing system is not
purely linear since the circuit is not composed of linear
components because transistors M1-M8 work in the
saturation region. The input of the simulated circuit is a
sine wave. A compound noise, including power supply
noise and ground noise, is injected to the circuit to obtain
a noisy mixed signal in the output of the circuit. The input
signals and the observed mixture are shown in Figure 3.
At the first stage of separation process, the EMD
algorithm is applied to the mixture and as a result we
obtain  8  IMF  components  and a residue shown in
Figure 4. To derive uncorrelated basis components, PCA
is applied IMF components. It is mentionable that the
number of basis vectors is equal to the number of original
sources. The basis vectors shown in Figure 5 are
uncorrelated  but  not  independent, so in the next step
the FastICA algorithm is employed. At last, the
introduced method in Section 4 is utilized to remove
scaling ambiguity of independent components. The
separated  sources  are  shown in Figure 6. Since we have
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Fig. 1: The  proposed  separation model. SAR denotes Scaling Ambiguity Removal. R  and P  indicate the 
number of extracted IMF components and  the  number  of  original  signals,  respectively.  Here, 

Ki ,,1 =  where K  indicates the number of segments

Fig. 2: Analog circuits; 1) telescopic cascode op-amp (left side) and 2) cross-coupled oscillator (right side)
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Fig. 3: The  original  signals  and  their  mixture  which  is  the  output  signal  of  a  telescopic  cascode  op-amp;
(a) original input signal, (b) ground noise, (c) supply noise, and (d) observed mixed signal

Fig. 4: EMD of the single mixture observed from the output node of telescopic cascode op-amp showing 8 IMF 
components and the residue
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Fig. 5: Uncorrelated and dominant basis components derived by applying PCA to IMF components. The number of
basis vectors is equal to the number of original sources

Fig. 6: The separated signals; (a) estimated input signal, (b) separated ground noise and (c) separated supply noise

employed EMD algorithm in our separation process, the noise and coupling noise is injected into the circuit. The
estimated signals are symmetric with respect to the coupling noise is injected in node A. The original
horizontal axis with DC value equal to zero. feedback signal, the compound noise and the observed

The second experiment is crossed-coupled oscillator. mixture are shown in Figure 7. As a consequence of
The schematic of this circuit is shown in Figure 2. This applying our algorithm, the estimated source signal and
configuration does not latch up since its low- frequency the separated noises are shown in Figure 8.
gain  is very  small.  Furthermore, at resonance,  the total In order to measure the distortion between the
phase shift around the loop is zero because each state original and the estimated source, we use the
contributes zero frequency- dependent phase shifts. That improvement over the signal-to-noise ratio (ISNR) as the
is if  then the loop oscillates [21]. This quantitative measure of separation performance [22]. The
circuit generates a feedback sine wave and this time a ISNR is the difference between the input and output
compound noise including power supply noise, ground SNRs. The input SNR is defined as
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Fig. 7: The original signals and the mixture which is the output signal of cross-coupled oscillator; (a) feedback 
signal, (b) ground noise, (c) supply noise, (d) coupling noise, and (e) observed mixed signal

Fig. 8: The separated signals; (a) estimated feedback signal, (b) separated ground noise, (c) separated supply noise, 
and (d) separated coupling noise
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Table 1: The experimental separation results (in terms of ISNR) of the
proposed algorithm

Mixture ISNR(dB)

Mix1 (output of Telescopic op-amp) 11.01
Mix2 (Cross-Coupled oscillator) 9.86

(4)

where x(t) is the observed mixture and s(t) is the
original input signal. If  is the estimated source signal
then the output SNR is defined as

(5)

We consider  as a
performance measure. The ISNR represents the degree of
suppression of the interfering signals. Table 1 shows the
ISNR of the separated source signal measured after
applying our algorithm to the observed mixtures in the
two introduced experiments.

CONCLUSION

In this paper, we proposed a new method to separate
source and noise signals from a single observed mixture
in the analog integrated circuits. The separation process
of our method was composed of empirical mode
decomposition, principle component analysis and
independent component analysis. The key points of the
proposed algorithm were as follows. 

Firstly, by using EMD we were able to represent the
single mixed signal as a sum of a finite set of oscillatory
components called IMFs and to form an observation
matrix using the derived IMFs. Secondly, we found the
basis components of the observation matrix by using PCA
algorithm by considering the number of basis components
was equal to the number of original sources. Since the
basis components were not statistically independent,
FastICA algorithm was employed to derive the
independent components as the separated source signals.
In addition, a further procedure was proposed to eliminate
the scaling ambiguity of the independent components. It
is noticeable that no assumptions about the original
sources except a prior knowledge about their number, was
made. We employed the proposed algorithm for noise
separation in analog integrated circuits since analog
circuits are becoming increasingly vulnerable to different
types of noise sources. 

The most important advantages of our method were:
it was not necessary for the circuit components to be
purely linear, the separation process needed only a single
mixture and it could separate both the source and the
individual noise signals.
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