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METHOD FOR NOISE FILTERING BASED ON CONFIDENCE
INTERVAL EVALUATION

RELATED APPLICATION
This application claims the benefit and priority at least in part of U.S.
Provisional Patent Application No. 61/338,815, filed on February 24, 2010,
entitled “Method of Noise Filtering Based On Confidence Interval Evaluation”,
which is herein incorporated by reference in its entirety.

BACKGROUND
[0001] Measured signals are comprised of a signal portion and a random
error portion, which may be caused by a variety of factors, such as from
electronic components, a variation of surrounding ambient conditions, and/or
radio interference. It may be beneficial to minimize the error portion of the
signal as much as possible in order to achieve an accurate estimate of the
measured signal. Such noise reduction techniques may be based on
polynomial approximation performed by linear smoothers (e.g., Savitzky-
Golay (SG), Fourier transform based convolution, convolution with Gaussian,
and/or moving average) or a non-linear noise manner (e.g., median filtering).
However, such methods often produce results that may be unsatisfactory due
to a low noise suppression and/or an undesirable influence on object
boundaries or shapes. Results based on traditional noise filtering in
chromatography or capillary electrophoresis may produce shape distortion
and/or disturbances, which may be especially pronounced near sharp edges,
baseline steps, and/or triangular peaks.

SUMMARY
[0002] This Summary is provided to introduce a selection of concepts in a
simplified form which are further described below in the Detailed Description.
This Summary is not intended to identify key factors or essential features of
the claimed subject matter, nor is it intended to be used to limit the scope of
the claimed subject matter.
[0003] One or more methods, techniques, and/or systems are disclosed for
a family of noise filtering methods based on a variety of approximating
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functions.

[0004] According to one aspect, the confidence interval evaluation noise
filtering is implemented by way of a polynomial filter, wherein a signal
comprising an array or vector of original signal values corresponding to points
within the signal may be evaluated using the confidence interval evaluation
noise filtering technique. In one embodiment, the polynomial may have a
fixed-degree, while other embodiments may comprise varying degree
polynomials. In accordance with techniques presented herein, approximation
polynomial is constructed using least-square method and approximated
values of a signal may be evaluated as a set of points within an approximation
window of the signal, along with a corresponding confidence interval. In
contrast to the Savitzky-Golay (SG) technique, where an approximated value
in the center of a window is used, the technique(s) presented herein involve
re-evaluating the set of approximated values when the approximation window
shifts by a point, along with new confidence intervals for the corresponding
points. An approximated value for the signal may be compared with the
corresponding value from the output array of values, and depending on the
confidence interval for that corresponding point, the approximated value may
replace the stored estimate of signal value or alternatively, the stored
approximation may be kept.

[0005] In one embodiment, the approximated value of the signal replaces
the original signal value within the array or vector if the confidence interval of
the new signal value is lower than the current confidence interval.

[0006] By application of the techniques presented herein, confidence
interval evaluation based noise filtering may be based at least in part on a
least squares approximation and measurement signals, comprising objects
that may be recoverable from noise by calculations utilizing confidence
intervals. Confidence interval evaluation noise filtering may be repeated
iteratively, by repeatedly selecting different sets of approximating functions to
improve overall accuracy. Therefore, confidence filtering provides desired
(e.g., minimal) confidence intervals for respective approximation points.
[0007] In one embodiment, polynomials may be accepted or rejected
based on the standard deviation o of the noise portion of the signal
measurement. For example, a polynomial exhibiting a low probability of fitting
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approximated data properly and/or accurately may be rejected due to poor
modeling, and other polynomials may be selected for improved confidence
interval estimates. Such confidence interval evaluation based noise filtering
may be applied to a variety of measurement scenarios, including but not
limited to the fields of analytical chemistry, chromatography, spectrometry,
and/or image processing.

[0008] To the accomplishment of the foregoing and related ends, the
following description and annexed drawings set forth certain illustrative
aspects and implementations. These are indicative of but a few of the various
ways in which one or more aspects may be employed. Other aspects,
advantages, and novel features of the disclosure will become apparent from
the following detailed description when considered in conjunction with the

annexed drawings.

DESCRIPTION OF THE DRAWINGS
[0009] The application is illustrated by way of example and not limitation in
the figures of the accompanying drawings, in which like references indicate
similar elements and in which:
[0010] Figure 1 is an illustration of a flow diagram illustrating an example
embodiment where one or more techniques described herein may be
implemented.
[0011] Figure 2 is an illustration of a flow diagram illustrating an example
embodiment where one or more techniques described herein may be
implemented.
[0012] Figure 3 is an illustration of a flow diagram illustrating an example
embodiment where one or more techniques described herein may be
implemented.
[0013] Figure 4 is an illustration of an example comparison between SG
and confidence interval filtering.
[0014] Figure 5 is an illustration of an example approximation for the Gy
value of Figure 4.
[0015] Figure 6 is an illustration of an example approximation for the G,
value of Figure 4.
[0016] Figure 7 is an illustration of an example comparison between SG
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and confidence interval filtering as applied to electrophoresis data.

[0017] Figure 8 is an illustration of an example chromatographic analysis.
[0018] Figure 9 is an illustration of an example comparison between SG
and confidence interval filtering.

[0019] Figure 10 is an illustration of an example comparison between SG
and confidence interval filtering.

[0020] Figure 11 is an illustration of an example comparison between SG
and confidence interval filtering.

[0021] Figure 12 is an illustration of an example comparison between SG
and confidence interval filtering.

[0022] Figure 13 is an illustration of an example series of peaks.

[0023] Figure 14 is an illustration of an example comparison between a
filtered signal and a pure signal.

[0024] Figure 15 is an illustration of an example comparison between SG
and confidence interval filtering as applied to electromyography (EMG).
[0025] Figure 16 is an illustration of an example of pump pulsations.
[0026] Figure 17 is an illustration of an example comparison between SG
and confidence interval filtering as applied to capillary electrophoresis (CE).
[0027] Figure 18 is an illustration of an exemplary computing environment
wherein one or more of the provisions set forth herein may be implemented.
[0028] Figure 19 is an illustration of an exemplary computer-readable
medium comprising processor-executable instructions configured to embody

one or more of the provisions set forth herein.

DETAILED DESCRIPTION
[0029] The claimed subject matter is now described with reference to the
drawings, wherein like reference numerals are generally used to refer to like
elements throughout. In the following description, for purposes of
explanation, numerous specific details are set forth in order to provide a
thorough understanding of the claimed subject matter. It may be evident,
however, that the claimed subject matter may be practiced without these
specific details. In other instances, structures and devices are shown in block
diagram form in order to facilitate describing the claimed subject matter.
[0030] One or more methods, techniques, and/or systems are disclosed for
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calculating an approximated value for a signal based on adaptive
approximation using confidence intervals. Approximating functions are
selected using criterion based on desired (e.g., minimal) confidence intervals
of the approximation. For example, one such function capable of confidence
interval calculation is a polynomial approximation using the least squares
method, as will be discussed in greater detail herein. As an illustrative
example, Figure 7 (discussed in greater detail below) demonstrate exemplary
advantages of confidence interval filters by applying a third-degree adaptive
polynomial filter to a set of chromatographic data and comparing the results
with the popular Savitzky-Golay (SG) filtering method using a polynomial of
the third degree. Therefore, the following comparisons, illustrations, and
figures are based on confidence interval evaluation noise filtering compared
with the SG filtering method, which is frequently used and currently
considered one of the most reliable methods available.

[0031] Confidence interval evaluation based noise filtering has several
advantages over other methods of noise filtering, and among others, an
automatic adaptive reduction of the approximation window for accurate
approximation of an object (e.g., a peak or a baseline region). Therefore, the
shape of the peak within a signal does not suffer when a confidence interval
filter is applied by comparison to other noise filtering methods. Confidence
interval filtering effectively suppresses baseline noise, significantly improves
the detection and quantification limits, and even allows for the suppression of
non-white noise (e.g., pump pulsations discussed in greater detail below,
chemical noise, efc.) Further, confidence interval evaluation provides the
advantages of non-central approximations of the signal in close proximity to
object boundaries (e.g., a baseline step or a peak upslope). Improper
approximation for known noise levels may also be avoided by using
confidence interval evaluation due to the fact that noise filtering achieved
through confidence interval evaluation may be based on the premise that the
quality of a polynomial approximation may not be uniform through an
analyzed signal over the entire range of the signal. According to one aspect,
statistical methods and regression analysis enable a definition of a numerical
evaluation of the quality of the approximation. Thus, a natural evaluation of
the quality of an approximation is a confidence interval for an approximated
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value.

[0032] To this end, noise filtering based at least in part on confidence
interval evaluation may pertain to a variety of measurement methods and
systems, including but not limited to measurements related to analytical
chemistry, chromatography, spectrometry, combined techniques, and/or
image processing. A number of other applications or examples may be
readily imagined (e.g., accurate handling of an object's boundaries in image
processing). Further, confidence interval filtering may be applied to isocratic
chromatography, where the peaks at the beginning are narrow, while the
peaks tend to broaden toward the end of the chromatogram. Conventional
techniques may make it difficult to filter such a signal correcitly, since a small
gap on a conventional filter produces low noise suppression, while a bigger
gap produces distortions of narrow peaks. Additionally, adaptive confidence
filters may resolve objects of various widths or different frequencies in a

Fourier domain which may be present simultaneously in a signal.

Variable Definitions

[0033] For the purposes of discussion, the following example is based on
single dimensional data (e.g., a chromatographic signal) and homoscedastic
noise. However, the techniques described herein may also be applied to two
or multi-dimensional data filtering (e.g., image processing). Further, this
single dimensional approach may be repeated using different single-
dimensional subsets of multi-dimensional data arrays as desired.

[0034] The input array comprises an array of raw data, while the elements
of the output array comprise an approximated data point and an estimate of
the confidence interval corresponding to the point. Accordingly, definitions for
variables and equations are outlined below:

Y = {yp Voeeos yn}

represents a vector of detected response values from a signal.

? = {)A;p )A72---, )A7n}

represents a vector of estimated and/or approximated response values
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calculated based on the detected response values and least squares
regression. The least squares approximation may be calculated using the

formula below:

Y = XpP and
the general definition of matrix X is

f1(x1) fz(x1) fs(x1) fp('xl)
L) L00) fi(s) o f,()

A £6) Al g

Where f(x;) are the values of approximating functions. In the case of

polynomial approximation
fk (x,') = x,-kil

And matrix X becomes

2 p-1

I x x; ... x|
2 p-1

X = I x, x5 ... x5
2 p-1

I x, x, .. x!

where X represents a matrix of values (as shown above) which runs along an

independent axis (e.g., a time axis or a position axis).

B=(X"X)"'X"Y

where f represents polynomial coefficients for regression.
/7

xi={fi(x) o0 ) £, (x))

and for the case of polynomial approximation

x, ={1,x,,..., x27"}

where X. represents a position at which smoothed and/or approximated

values may be estimated.

PCT/US2011/026078
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— (1/2)x
Cy=t,"""§ Ju.

Here, Cy represents the calculated confidence interval with respect to a
corresponding point from the vector of detected response values, or in other
words, a corresponding point for the measured signal. Further, this
confidence interval is based on homoscedastic noise rather than
heteroscedastic noise. In some heteroscedastic noise cases, the raw data
may be scaled to avoid complications. For example, one may take the square
root of a signal before smoothing, and use square of the value in output array
result as an estimate of the initial signal.

Unlike SG, the confidence interval may be calculated for any X. within an

approximated range for a given polynomial approximation (while SG relies on
a central point). Further, original data is not required to be uniformly
distributed along the position axis in order to calculate a confidence interval.

Therefore, the positioning of x. for the approximated value is not required to

coincide with a point where initial data was defined. Confidence intervals
techniques may smooth irregular data accordingly and enable re-sampling of
regular and irregular data.

)

m

!

Accordingly, the Student’s coefficient for confidence level (1 - 8), where m
represents the number of degrees of freedom and d represents a P-value.

In the formula of Cy:

a = (1 - confidence level)

where confidence level may be defined within the range (0, 1). As an
example, if a confidence probability value of 0.95 was selected, then a would
be calculated to be (1 —0.95) = 0.05

n = the number of data points used for the polynomial approximation (e.g., the
gap of the filter)

p = number of parameters of the polynomial, power plus one

m = n - p = the number of degrees of freedom
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0® = noise variance

0 = noise standard deviation

RSS = residual sum of squares

S2 = an estimate of the noise variance,

_ RSS
n—p
RSS =(Y =XB) - (Y =XPB)

S2

_(Y-XB)'-(Y-XB)
n—p
u, =x.(X"-X) 'x,

S2

Confidence Interval Formulae

[0035] As an illustrative example, if there is a case of a large data array
with N data points, an estimate S of the population noise variance o® may be
obtained from a local subset of n points. However, this estimate may not be
particularly accurate in certain circumstances, especially in the case of a small

number of degrees of freedom m = (n-p).

[0036] Therefore, the formula for the confidence interval estimate can be

rewritten from:

_ (12
Cy=t,""-8 Ju.

to

_ Jra /
CY _tn_p'a' u*

by replacing the S with o.

The population noise variance 0® may be represented as follows:

o =13 (- 5)
N — i i
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where y;is a “true” signal value at position /.

Additionally, different confidence interval C, calculation rules may be
implemented by several different formulae based on the value of S2.

For example,

c - S?* <o?, Formula(a)
"8 > 0%, Formula (b)

1/205
Formula (a) C - O \/

/2
Formula (b) CY (1 )a S WU

Therefore, if S?is less than o, Formula (a) may be applied, while if S? is
greater than or equal to 0%, Formula (b) may be used.

[0037] The noise variance may also provide the benefit of evaluating the
quality of an approximation model. When an approximation model is correct,
a larger number of points nin an approximation window may result in an
estimate of variance S? which is closer to the true value of 0. In an example
based on white homoscedastic noise values (n-p) S°should have a x°
distribution, therefore the engine of hypothesis testing for evaluation of the
model quality may be used. Accordingly, the hypothesis that an
approximation fits a set of data and is statistically significant needs to be
verified (e.g., typically decided using a 1-a = 0.95 confidence cut-off level, but
other values may be used depending on data, and this cut-off level may be
used as one of parameters of the filtering algorithm).

[0038] However, if the hypothesis fails, the polynomial may be treated as
having a systematic error (which may include but is not limited to: an
excessive number of points used to construct the polynomial, an insufficient
power for the polynomial (e.g., the degree of the polynomial is too small), or a
polynomial not fit for approximating the data). Upon failure of the hypothesis:

10
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RSS, 2 o’y (a,n—p)

2
X (&, m) s a y2 distribution function:

a represents the P-value; and

m represents the number of degrees of freedom.

Evaluating Noise Level

[0039] An estimate of 0 may be made using a data array, measured with
a constant data rate, although alternative algorithms may be used in other
cases. As an example, a robust method of noise estimation may be selected
by defining a width of the noise window n and a degree of the polynomial p-1,
Noise Definition Polynomial (NDP) to approximate the data.

[0040] In one embodiment, most of the signal peculiarities (which are
treated as the noise of the data) are effectively suppressed if the array is
filtered by SG based on the width of the noise window. Likewise, most of the
model’s noise-free data would be properly described by the polynomial of the
associated window and/or power. Accordingly, the data array may be
approximated numerous times, starting from the beginning of the array, and
repeated when the approximation window is shifted to higher index points n/3.
Likewise, at the respective approximation positions, the residual sum of
squares RSS may be calculated and stored to the vector E. In one
embodiment, vector E may be used for estimating average RSS values by
way of iterative look-through passes.

[0041] For example, during the first pass, an average of values in E may
be calculated, and the first estimate for o, may be calculated as follows:

Ve (n p)zl

M = the number of elements in the array E.

[0042] On subsequent passes, calculations for new improved estimates
may be accepted upon meeting the condition:

11
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E <o, 7 (0.05n-p)

and new oj” values may be calculated.

[0043] Continuing with this example, the outlier rejection process may be
repeated until 0® stops changing, but generally no more than 5 times, as the
procedure effectively rejects all outliers originating from regions with a poor
approximation of the data (e.g., baseline steps, jumps, and/or sharp peaks
caused by sample injections). Therefore, an estimate of 6® may be obtained
in the last step of iterations, and accepted as the noise o? for the entire array.

Confidence Filtering

[0044] It will be appreciated that the acts described below are merely
examples and the method(s) described herein may be practiced with more or
fewer acts and/or in an order different from that described and/or illustrated in
the figures.

[0045] Different implementations of the filtering and re-sampling functions
are possible depending on the nature of the analyzed signal. Techniques
may be implemented where variations of the gap (n), power of the polynomial
(p), and the non-central approximation are combined in different ways. In one
embodiment, the gap (n) and power of the polynomial (p) are fixed and
optimal approximations may be chosen from all possible non-central

approximations for a given position x.. In another embodiment, the power of

the polynomial (p) is fixed while various sets of gaps (n) are used. An optimal
approximation is selected from all possible non-central approximations and
from all gaps in the set for a given position x.. In yet another embodiment, the

gap (n) is fixed while power of the polynomial (p) may be varied within a range
of [1, p]. Optimal approximations may be chosen from possible non-central
approximations and from all the powers for a given position x..

[0046] Figure 4 illustrates an example where gap (n) and power (p) are
fixed, and the signal comprises a baseline, a section of a peak, and a steep
slope. Gyand Gy illustrate positions of approximation intervals for evaluation
of point x,  Assuming that data smoothing may be desired, the power of the

12
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polynomial is p = 3. Figure 4 illustrates how G; and G, may be used for
approximating a response value at point x.. (Gy = G, =61)

[0047] Figures 5 and 6 illustrate approximations at Gy and G, for Figure 4,
where confidence intervals at a 0.95 confidence probability level are used.
Approximations at Gy are based on conventional central SG filtering, while
approximations at G, are non-central. This gives a better approximation
closer to the pure signal while maintaining a confidence interval less than the
one associated with the central approximation. In Figure 6, non-central
approximation G, produces efficient results for noise suppression analogous
to a pure baseline. Central approximation Gy produces a significant amount
of distortion. Ultimately, confidence intervals for both cases provide the
criteria to decide which approximation may be better.

[0048] As stated above, the confidence interval calculations may be
applied to various noise reduction tasks. Therefore, any subsets of points
comprising the raw data array may be approximated by a polynomial. Multiple
estimates of the values and confidence intervals at the target position may be
made using different data subsets (e.g., different sizes, widths, and/or
positions for the approximation window). Additionally, multiple estimates may
be calculated using varying degrees for the polynomials.

[0049] In an example embodiment illustrated by Figure 1, confidence
filtering may be implemented in a method 100 based on the following
description. At 102 ¢? is evaluated for the noise distribution using the data
array (alternatively, the evaluation may be optional if noise distribution
parameters are known in advance or are being ignored). At 104 a list of
polynomial construction parameters (e.g., elements) to be applied is defined
where the respective elements within the list comprise a polynomial degree
and a subset of input data used to build a polynomial or data subset
construction rule (e.g., window width, position, size). At 106 the data is
approximated based at least in part on data within the approximation window
by the polynomial according to parameters of the respecitive list elements. At
108 the RSS is evaluated based on the following conditions 110:

13
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Noise Not Ignored
[0050] If noise is not being ignored and the RSS is too big and also
satisfies the following condition:

RSS, 2 0% x*(0.05,n— p)

then the input data arrays in the vicinity of the output positions which did not
get estimates are analyzed.

Noise Ignored

[0051] If noise is being ignored, the RSS is sufficiently small, or the
RSS does not satisfy the aforementioned condition, then a new confidence
interval is calculated 112 based on one or more of the following formulae:

(a)C - l/za O \/ ; or

(1/2)a
(b) CY S \/ (noise is ignored)

c {Sz < o?, Formula(a)
(c) “v

S? >o?, Formula (b)} (noise is not ignored)

[0052] For respective points within the window, the new confidence
intervals are compared 114 with the values at the corresponding output array.
The new confidence interval and the corresponding approximation point may
replace the old value stored in the output array if the condition that the new
confidence interval is smaller than the old value is satisfied. Approximations
may be made until each element of the list has beenrun 116. At 118
positions which were not evaluated are treated as outliers and data around
these positions is re-evaluated. For example, if the noise is not
homoscedastic or is not an outlier, then a portion of the input data array may
not be analyzed. Additionally output data may be filled with estimates based
on revised noise parameters or other principles.

[0053] In another embodiment, approximations may be rejected based on
contradictions with a priori information related to the raw data array (e.g.,
noise level). Therefore, the approximation comprising the window size,

14
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position, and polynomial degree with the desired (e.g., minimal) confidence
interval may be accepted as a correct approximation for a target position.
[0054] Additionally, confidence intervals may be extended to data of higher
dimensions (e.g., 2-D, by approximation of smoothed data in a different
dimension). The heteroscedastic noise model may be a benefit for the
second dimension since regression may gain additional accuracy by
accounting for different confidence intervals of data points.

Example Filtering Using Fixed Window And Fixed Degree Polynomial
[0055] The following example demonstrates chromatographic data
measured with a constant data rate, where x is an integer (e.g., the index of
data array values). Non-central approximations may be especially effective in
chromatographic data analysis where detector wavelengths or sensitivities
may be switched between measurements. In this example, re-sampling is not
considered, and therefore the smoothed values of measured data points may
be calculated, while the response values for non-integer x values may not be
calculated.

[0056] Figure 2 illustrates a method 200 where noise filtering may be
achieved by evaluating points and confidence intervals 202 for respective
points within a selected window based on a polynomial approximation. For
the respective points within the window, the new confidence interval may be
compared 204 with the corresponding output array value. If the new
confidence interval is smaller than the value stored in the output array, or if a
point is not evaluated, then the point stored in the output array may be
replaced, along with its corresponding confidence interval. Therefore, the
evaluation window may be shifted 206, and new points and confidence
intervals may be evaluated by repeating from 202. Accordingly, each point
may be approximated n times and an estimate with the best confidence
interval may be selected as a filtered value. This method is generally more
effective for a reasonable high number degrees of freedom (e.g., m=n-p>
4). Artifacts may be caused by a poor estimate of the local noise level, which
may lead to an incorrect estimate of the confidence interval.

[0057] Figure 3 illustrates an exemplary method 300, which begins at 302
and involves executing the acts of 304 on the processor instructions

15



WO 2011/106527 PCT/US2011/026078

configured to perform the techniques presented herein. It will be appreciated
the acts of exemplary method 300 may be based at least in part on the
formulae presented herein (e.g., Variable Definitions, Confidence Interval
Formulae). Exemplary method 300 demonstrates approximating a set of one
or more approximated values for a signal based at least in part on receiving a
signal comprising noise and an input data array of three or more signal values
which correspond to a set of three or more points, the points comprising an
independent X coordinate and a measured Y coordinate, as shown at 302.
Further, as part of 302, the signal may be scaled with a scaling function
and/or an inverse scaling function. Additionally, receiving the signal 302 may
comprise sorting the input data array in an ascending order based at least in
part on at least one of the X coordinates. At 304 an output data array is
approximated, comprising a number of elements based at least in part on a
selected number of targets to approximate, the respective elements
comprising an approximation and a confidence interval associated with the
respective approximation, the approximation comprising an X coordinate and
a Y coordinate, the number of targets defined by a nature of a task. The
subset of the input data array of 304 may be selected based at least in part on
a defined number (approximation window, n) of adjacent input points. Further
304 may comprise a confidence level based at least in part on a user-defined
parameter of the algorithm. The instructions comprise calculating 306 at least
a first set of respective approximations based at least in part on a subset of
the input data array, one or more approximation functions (e.g., based on a
least squares approach or a polynomial function). The instructions may
comprise re-calculating 308 at least a second set of respective
approximations based at least in part on one or more different subsets of the
input data array, one or more approximation functions. As stated before,
these calculations may be based at least in part on the aforementioned
formulae. At 310, at least one of the first or second sets of approximations
are stored and corresponding confidence interval in the output data array for
at least one of the elements based at least in part on selecting the
approximation with a lower corresponding confidence interval. Further, at
310, one or more approximations may be rejected based at least in part on a
statistical significance of the residual sum of squares (RSS):
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RSS, 2 o’ -Iz(d,n — P) where:

(n-p) represents a number of degrees of freedom;

p represents a number of functions used for approximation;

n represents an approximation window;

a = (1 - confidence level);

in a case of a priori known standard deviation of the noise of the signal.

[0058] In a first such embodiment, the exemplary method 300 may be
implemented as a set of instructions stored on a memory component (such as
a memory circuit, a platter of a hard disk drive, a solid-state storage device, or
a magnetic or optical disc) of a device, where such instructions are configured
to, when executed on a processor of the device, perform the elements of the
techniques presented herein. In a second such embodiment, the exemplary
method 300 may be implemented as a set of hardware components
comprising a system, such as logic gates of an electronic circuit or
components of a software architecture, that interoperate to perform the
elements of the techniques presented herein. Additional embodiments may
also be devised, such as solutions that utilize hybrid components (e.g., a field-
programmable gate array (FPGA) programmed to implement the elements of
the exemplary method 300) and solutions utilizing a combination of hardware
and software elements. Many variations in such embodiments may be
devised that implement the techniques presented herein, such as the
elements of the exemplary method 300 of Fig. 3.

[0059] A smoothing method may comprise an input signal array (e.g., input
data set), each element of the array having two coordinates: X (independent
coordinate) and Y (result of measurement, dependent coordinate); an output
signal array with at least one element, each element having two coordinates
(X'and Y similar to input array) and a confidence value associated with every
element of the output array, X coordinates (target positions) of the input array
are defined in advance by the nature of the approximation task; and a set of
one or more procedures capable of producing an output signal value for a
target position and its associated confidence interval value from the subset of
values in said input signal array. Multiple (e.g., at least two) approximations
using different functions or different input data subsets should be made and
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the correct approximation is selected using comparison of confidence
intervals.

[0060] Figure 7 illustrates an example where original raw data is graphed
using a dotted line, while SG filtering is shown as the thinner solid line, and an
adaptive confidence interval non-central approximation filter is shown with the
thicker solid line. The filter gap is the same in both the SG and confidence
interval case and equals 41 points. The use of the SG filter with a reasonable
gap produces artifacts which are difficult to handle. Further, the SG filter
distorts peaks near steps and cannot be used to process the signal correcily.
At the second peak of Figure 7, the distortion becomes especially
pronounced. In contrast to the SG filter, the confidence interval filtering with
non-central approximations produces no significant distortions while achieving
noise suppression in an effective manner. Therefore, confidence interval
noise filters with non-central approximations may provide more accurate
results, especially for data comprising sudden, abrupt changes of signal
levels.

Filtering Based On Variable Window And/Or Degree Of Polynomial
[0061] Adjustments may be made to the window size and/or the degree of
the polynomial used for modeling the confidence interval. Accordingly, a
window size may be based on one or more locations of signal characteristics.
In one embodiment, a maximum window size may be selected to avoid hiding
small objects. Smaller windows may provide better estimates for steep
slopes, steps, and/or jumps, while bigger windows may provide better noise
reduction levels for lengthy baseline regions. Additionally, optimal window
width may depend on the point neighborhood. Therefore, the larger the
distance to the nearest peak, the wider the approximation window can be. Fit
quality criteria based on noise estimates may also be applied to avoid effects
of accidental good fits for small approximation windows and peak suppression
for wider windows. As an example, noise filtering may be implemented with a
variable window at a fixed degree (e.g., cubic, p = 3), where = 0.025 and
logarithmic steps are used, increasing or decreasing window 2 times with
each step. Filtering may be performed with the noise definition window
(NDW) with a maximal gap Go. In the following example, three steps are
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performed upwards and three downwards, increasing overall window width
range to 8:

GO GO GO

2‘\/592,‘\/59

G,,G,N2,G,-2,G,- 22

[0062] Figure 8 illustrates two peaks of different heights to simulate
chromatographic analysis. The model peaks have a shape of exponentially-
modified Gaussian function:

T-t o2

F(t)= h.TO- % : e[T+F] -erfc((%%) JE)

! is a time or position coordinate
T is a parameter which defines the position of the peak

O and 7 are parameters which define width and asymmetry of the peak,
respectively. For this example, a normally distributed noise produced with
pseudo-random noise generator may be added to the signal and parameters

T

of the peaks may be selected so that 5 — 3 and the left slope has 11

sampling points from half-height level to the peak top. Assuming the first
peak is at the detection limit and the second peak is at the quantification limit,

then:
2H,
=(S/N)=3
hy
2H,
=(S/N) =10
hy
where H 1 and H 2 are height of the first and second peaks, respectively;
hzv = 60—1\7 - range of background at baseline; and
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Oy represents the variance of normally distributed noise.

[0063] As noted, conventional SG filtering in the case of aggressive noise
suppression tends to distort the peak. The higher the peak, the bigger the
distortion, which is measured by the maximum of difference between the
smoothed and the initial signal. Because of this, a balance between distortion
and noise suppression by varying of the gap of the filter may be found.
However, with an artificial signal this is a relatively simple task due to the fact
that the precise original shape of the peaks is known. The gap of the
Savitzky-Golay filter may be selected so that distortion for the second, higher
peak is approximately twice as large as the background noise range at the
baseline. For this sampling rate, the gap selected by this condition appeared
to be equal to 31. Thus, the maximal Gy for the adaptive filter which produces
approximately the same maximal distortion near the peak top may be found.
A series of reference signals with different noise samples may be analyzed
and when Gy is about 161, the distortion of the highest peak is approximately
the same as for previously used conventional SG filter, as illustrated by Figure
9. Signal filtering with a conventional SG filter at a gap of 31 (SG31) and an
adaptive gap selection with non-central approximation with base gap Gy of
161 (AGSG160). The pure signal is drawn for comparison purposes.

[0064] Figure 10 illustrates an example which makes the comparison
between the filtered and pure signals more apparent. Both the SG and
confidence filters produce approximately the same distortion for the second
(higher) peak at the quantification limit. For lower peaks, the adaptive
confidence filter may produce bigger distortions than the conventional
Savitzky-Golay filter when large Gy is used, although these distortions are
much smaller than those that would be caused by SG with gap Go. The
difference (e.g., signal distortion) between the filtered and the pure signal may
be illustrated by Figure 10 where dSG31 (dotted line) represents filtering with
conventional SG at a gap of 31, while dAGSG (solid line) represents an
adaptive confidence gap selection with non-central approximation with base
gap of 161.

[0065] It should be noted that the distortion varies very little as Gy varies
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from 141 to 241. This is natural since, in all cases, the adaptive algorithm
chooses an appropriate filtering gap for the top of the peak, as shown at
Figure 11. Meanwhile, the maximum gap is selected for noise suppression at
the flat baseline piece of the signal. This produces the appropriate noise
suppression. Gap values are selected based on best approximations (e.g.,
lowest confidence intervals).

[0066] Figure 12 illustrates noise suppression at baseline for conventional
SG (using a gap of 31, shown as a solid line) and for the confidence filtering
with an adaptive gap (non-central approximation with base gap of Gp = 161,
thick line). The original noise is shown for comparison as a dotted line.

The noise suppression generated by conventional Savitzky-Golay filter is:

R =T 5

SG
hSG

For the adaptive filter presented herein:

Therefore, noise suppression of the adaptive filter is almost three times better
than that of the conventional SG filter with the same distortion for the second
peak.

[0067] Figure 13 illustrates a series of peaks with increasing heights for
distortion investigation, while Figure 14 illustrates the difference (e.g., signal
distortion) between a filtered signal and a pure signal from Figure 13. Where
dSG31 represents filtering with conventional Savitzky-Golay at gap 31 (curve
lowered with respect to 0) and dASG160 is the confidence filter with adaptive
gap selection and non-central approximation, largest (base) gap of Go= 161.
[0068] One of the benefits of the confidence filter with an adaptive slit is
that the absolute value of the peak distortion does not have a strong
dependence on the peak height, as shown in Figures 13 and 14. Therefore,
minimal statistical confidence intervals are defined by noise level rather than
peak shape or peak height. The bigger the peak, the less the relative peak
distortion because absolute distortion is nearly constant. Conventional SG
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filtering fails to provide this since its distortion directly relates to peak height.
The peak at detection limit may be considered to be the worst case for the
confidence filter; distortion being the price for significant improvement of
baseline noise due to the bigger gap.

White Noise

[0069] White homoscedastic noise is generally the simplest case for most
filters. Figure 15A demonstrates the confidence interval filter applied to a
noisy signal to smooth an artificial chomatogram of an electromyography
(EMG) peak with white noise. The original data is represented by the solid
line, while the dashed line represents the signal after the confidence interval
filter has been applied. The noise definition width for Figure 15A is 31. Figure
15B illustrates a graph of the approximation window which corresponds to the
respective window position of Figure 15A. Baseline regions of Figure 15A are
approximated with wider windows (e.g., in the 30-40 range) than the peak
region. Since the approximation windows along the baseline are wider, this
results in better noise reduction. A comparison between SG filtering and
confidence interval filtering can be made by evaluating the minimal and
maximal window widths within a smoothing region. In order to maintain the
shape of a peak (e.g., keep the peak shape unchanged), the data should be
smoothed with minimal window widths and additional noise reduction may be

evaluated as follows:

: : / n—
noise; 1 nOISe ., 5once = ﬁ
min

and in the case of algorithm applied and data from Figure 15A can be as high
as 8'%=2.8.

Non-White Noise

[0070] Generally, non-white noise may be trickier to deal with in
comparison to white noise, and results may depend on the particular noise
model being used. As an example, pump pulsations may frequently occur in
chromatography. Figure 16 illustrates pump pulsations suppressed by a
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confidence interval filter using multiple noise definition windows. The original
data of Figure 16 is shown on the legend as “Noisy”, while the dashed line
illustrates the confidence filter with a width NDW = 121, and “Conf10”
illustrates a confidence filter with NDW = 11. It will be appreciated that the
curves have been vertically shifted for ease of comparison and to prevent
overlapping. Various values may be chosen for NDW, and these may based
on the requirements for filtering, the purpose of the research, and/or the aim
of application of the filter. If the point of applying the filter is to reveal peaks,
selection of a higher noise definition window may be appropriate. As
illustrated in Figure 16, the time of the pump stroke is smaller than the peak
width, therefore, the confidence filter provides results accordingly.
Alternatively, if the purpose of the filter is to study the shape of minute
pulsations, a small expected noise level or a narrow window (e.g., NDW = 11)
may smooth pulsations and aid construction of a better pump pulsation model.
Further, noise reduction for regular or periodic noise may be better than for
white noise alone, depending on particular features of the noise.

Confidence Filtering For Capillary Electrophoresis

[0071] Confidence filtering may be applied to capillary electrophoresis
(CE), as some CE peaks are extremely narrow, while other may be triangular.
Figure 17A illustrates an example CE signal (shown in the middle as a solid
line, labeled “Capel”), characterized by the triangular peak, a SG filter applied
to the CE signal with a width = 35 (“SG35”), and the confidence interval filter
with a NDW = 101 applied as a dotted line (“Conf101”). Figure 17B illustrates
the polynomial width (shown as a dashed line) versus the distance of the point
used for approximation from the center of the polynomial (shown as the solid
line). Figure 17C illustrates the confidence interval of the approximations by
the confidence filter. The confidence filter produced an extremely clean
result, as the baseline of the CE signal and the SG filtered signal are both
slightly sinusoidal between 1400 and 1500. The confidence interval filter, on
the other hand, flattens the baseline into a desirable line shape and eliminates
much of the unwanted noise while creating less of a disturbance near the
steep end of the peak. It will be appreciated that the approximations near the
top of the peak are based on non-central approximations. Additionally, the
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SG approximation corresponds to the smallest window of the implementation
of the confidence interval filter. Most filters cannot be applied to such data, so

the improvement in noise reduction may be evaluated as follows:

noise,.,,, | noise ;. = \|(n—p) ..

and can come up to 10...20 depending on data rate and particular data.

Outliers

[0072] According to one aspect, the confidence interval filter does not
reject outliers, but simply avoids them. For example, a modified procedure
based on robust regression methods may eliminate outliers. However,
drawbacks to such an approach may exist, as robust regressions may
obscure the errors of selecting an improper approximation model. Therefore,
it may be advantageous to perform object-dependent outlier elimination
separately. Alternatively, outlier elimination may be based on identification of
outliers as points which were not estimated or points with the highest
confidence intervals. These points may be re-evaluated and select points
from the input data set may be excluded.

[0073] Still another embodiment involves a computer-readable medium
comprising processor-executable instructions configured to implement one or
more of the techniques presented herein. An exemplary computer-readable
medium that may be devised in these ways is illustrated in Figure 18, wherein
the implementation 2000 comprises a computer-readable medium 2008 (e.g.,
a CD-R, DVD-R, or a platter of a hard disk drive), on which is encoded
computer-readable data 2006. This computer-readable data 2006 in turn
comprises a set of computer instructions 2004 configured to operate
according to one or more of the principles set forth herein. In one such
embodiment 2002, the processor-executable instructions 2004 may be
configured to perform a method, such as at least some of the exemplary
method 100 of Figure 1, for example. In another such embodiment, the
processor-executable instructions 2004 may be configured to implement a
system, such as at least some of an exemplary system, for example. Many
such computer-readable media may be devised by those of ordinary skill in
the art that are configured to operate in accordance with the techniques
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presented herein.

[0074] Although the subject matter has been described in language
specific to structural features and/or methodological acts, it is to be
understood that the subject matter defined in the appended claims is not
necessarily limited to the specific features or acts described above. Rather,
the specific features and acts described above are disclosed as example
forms of implementing the claims.

[0075] As used in this application, the terms "component”, "module”,
"system"”, "interface", and the like are generally intended to refer to a
computer-related entity, either hardware, a combination of hardware and
software, software, or software in execution. For example, a component may
be, but is not limited to being, a process running on a processor, a Processor,
an object, an executable, a thread of execution, a program, and/or a
computer. By way of illustration, both an application running on a controller
and the controller can be a component. One or more components may reside
within a process and/or thread of execution and a component may be
localized on one computer and/or distributed between two or more computers.
[0076] Furthermore, the claimed subject matter may be implemented as a
method, apparatus, or article of manufacture using standard programming
and/or engineering techniques to produce software, firmware, hardware, or
any combination thereof to control a computer to implement the disclosed
subject matter. The term "article of manufacture” as used herein is intended
to encompass a computer program accessible from any computer-readable
device, carrier, or media. Of course, those skilled in the art may recognize
many modifications may be made to this configuration without departing from
the scope or spirit of the claimed subject matter.

[0077] Figure 19 and the following discussion provide a brief, general
description of a suitable computing environment to implement embodiments of
one or more of the provisions set forth herein. The operating environment of
Figure 19 is only one example of a suitable operating environment and is not
intended to suggest any limitation as to the scope of use or functionality of the
operating environment. Example computing devices include, but are not
limited to, personal computers, server computers, hand-held or laptop
devices, mobile devices (such as mobile phones, Personal Digital Assistants
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(PDAs), media players, and the like), multiprocessor systems, consumer
electronics, mini computers, mainframe computers, distributed computing
environments that include any of the above systems or devices, and the like.
[0078] Although not required, embodiments are described in the general
context of “computer readable instructions” being executed by one or more
computing devices. Computer readable instructions may be distributed via
computer readable media (discussed below). Computer readable instructions
may be implemented as program modules, such as functions, objects,
Application Programming Interfaces (APIs), data structures, and the like, that
perform particular tasks or implement particular abstract data types.

Typically, the functionality of the computer readable instructions may be
combined or distributed as desired in various environments.

[0079] Figure 19 illustrates an example of a system 2100 comprising a
computing device 2112 configured to implement one or more embodiments
provided herein. In one configuration, computing device 2112 includes at
least one processing unit 2116 and memory 2118. Depending on the exact
configuration and type of computing device, memory 2118 may be volatile
(such as RAM, for example), non-volatile (such as ROM, flash memory, etc.,
for example), or some combination of the two. This configuration is illustrated
in Figure 19 by dashed line 2114.

[0080] In other embodiments, device 2112 may include additional features
and/or functionality. For example, device 2112 may also include additional
storage (e.g., removable and/or non-removable) including, but not limited to,
magnetic storage, optical storage, and the like. Such additional storage is
illustrated in Figure 19 by storage 2120. In one embodiment, computer
readable instructions to implement one or more embodiments provided herein
may be in storage 2120. Storage 2120 may also store other computer
readable instructions to implement an operating system, an application
program, and the like. Computer readable instructions may be loaded in
memory 2118 for execution by processing unit 2116, for example.

[0081] The term “computer readable media” as used herein includes
computer storage media. Computer storage media includes volatile and
nonvolatile, removable and non-removable media implemented in any method

or technology for storage of information such as computer readable
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instructions or other data. Memory 2118 and storage 2120 are examples of
computer storage media. Computer storage media includes, but is not limited
to, RAM, ROM, EEPROM, flash memory or other memory technology, CD-
ROM, Digital Versatile Disks (DVDs) or other optical storage, magnetic
cassettes, magnetic tape, magnetic disk storage or other magnetic storage
devices, or any other medium which can be used to store the desired
information and which can be accessed by device 2112. Any such computer
storage media may be part of device 2112.

[0082] The term “computer readable media” may include communication
media. Communication media typically embodies computer readable
instructions or other data in a “modulated data signal”’ such as a carrier wave
or other transport mechanism and includes any information delivery media.
The term “modulated data signal’ may include a signal that has one or more
of its characteristics set or changed in such a manner as to encode
information in the signal.

[0083] Device 2112 may also include communication connection(s) 2126
that allows device 2112 to communicate with other devices. Communication
connection(s) 2126 may include, but is not limited to, a modem, a Network
Interface Card (NIC), an integrated network interface, a radio frequency
transmitter/receiver, an infrared port, a USB connection, or other interfaces for
connecting computing device 2112 to other computing devices.
Communication connection(s) 2126 may include a wired connection or a
wireless connection. Communication connection(s) 2126 may transmit and/or
receive communication media.

[0084] Device 2112 may include input device(s) 2124 such as keyboard,
mouse, pen, voice input device, touch input device, infrared cameras, video
input devices, and/or any other input device. Output device(s) 2122 such as
one or more displays, speakers, printers, and/or any other output device may
also be included in device 2112. Input device(s) 2124 and output device(s)
2122 may be connected to device 2112 via a wired connection, wireless
connection, or any combination thereof. In one embodiment, an input device
or an output device from another computing device may be used as input
device(s) 2124 or output device(s) 2122 for computing device 2112.

[0085] Components of computing device 2112 may be connected by
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various interconnects, such as a bus. Such interconnects may include a
Peripheral Component Interconnect (PCl), such as PCI Express, a Universal
Serial Bus (USB), firewire (IEEE 1394), an optical bus structure, and the like.
In another embodiment, components of computing device 2112 may be
interconnected by a network. For example, memory 2118 may be comprised
of multiple physical memory units located in different physical locations
interconnected by a network.

[0086] Those skilled in the art may realize that storage devices utilized to
store computer readable instructions may be distributed across a network.
For example, a computing device 2130 accessible via network 2128 may
store computer readable instructions to implement one or more embodiments
provided herein. Computing device 2112 may access computing device 2130
and download a part or all of the computer readable instructions for execution.
Alternatively, computing device 2112 may download pieces of the computer
readable instructions, as needed, or some instructions may be executed at
computing device 2112 and some at computing device 2130.

[0087] Various operations of embodiments are provided herein. In one
embodiment, one or more of the operations described may constitute
computer readable instructions stored on one or more computer readable
media, which if executed by a computing device, will cause the computing
device to perform the operations described. The order in which some or all of
the operations are described should not be construed as to imply that these
operations are necessarily order dependent. Alternative ordering will be
appreciated by one skilled in the art having the benefit of this description.
Further, it will be understood that not all operations are necessarily present in
each embodiment provided herein.

[0088] Moreover, the word "exemplary" is used herein to mean serving as
an example, instance, or illustration. Any aspect or design described herein
as "exemplary" is not necessarily to be construed as advantageous over other
aspects or designs. Rather, use of the word exemplary is intended to present
concepts in a concrete fashion. As used in this application, the term "or" is
intended to mean an inclusive "or" rather than an exclusive "or". That is,
unless specified otherwise, or clear from context, "X employs A or B" is
intended to mean any of the natural inclusive permutations. That is, if X
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employs A; X employs B; or X employs both A and B, then "X employs A or B"
is satisfied under any of the foregoing instances. In addition, the articles "a"
and "an" as used in this application and the appended claims may generally
be construed to mean "one or more" unless specified otherwise or clear from
context to be directed to a singular form. Further, at least one of A and B
and/or the like generally means A or B, or both A and B.

[0089] Although the disclosure is shown and described with respect to one
or more implementations, equivalent alterations and modifications will occur to
others skilled in the art based upon a reading and understanding of this
specification and the annexed drawings. The disclosure includes all such
modifications and alterations and is limited only by the scope of the following
claims. In particular regard to the various functions performed by the above
described components (e.g., elements, resources, etc.), the terms used to
describe such components are intended to correspond, unless otherwise
indicated, to any component which performs the specified function of the
described component (e.g., that is functionally equivalent), even though not
structurally equivalent to the disclosed structure which performs the function
in the herein illustrated exemplary implementations of the disclosure. In
addition, while a particular feature of the disclosure may have been disclosed
with respect to only one of several implementations, such feature may be
combined with one or more other features of the other implementations as
may be desired and advantageous for any given or particular application.
Furthermore, to the extent that the terms "includes”, "having”, "has", "with", or
variants thereof are used in either the detailed description or the claims, such
terms are intended to be inclusive in a manner similar to the term

"comprising."
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CLAIMS
What is claimed is:

1. A method (300) for filtering noise from a signal using a computer
having a processor, the method (300) comprising:
executing on the processor instructions configured to:

receive (302) a signal comprising noise and store the signal in
an input data array of three or more signal values which correspond to a set of
three or more points, the points comprising an independent X coordinate and
a measured Y coordinate;

an output data array (304) comprising a number of elements
based at least in part on a selected number of targets to approximate, the
respective elements comprising an approximation and a confidence interval
associated with the respective approximation, the approximation comprising
an X coordinate and a Y coordinate, the number of targets defined by a nature
of a task;

calculate (306) at least a first set of respective approximations
based at least in part on a subset of the input data array, one or more
approximation functions;

re-calculate (308) at least a second set of respective
approximations based at least in part on one or more different subsets of the
input data array, one or more approximation functions; and

store (310) at least one of the first or second sets of
approximations and corresponding confidence interval in the output data array
for at least one of the elements based at least in part on selecting the

approximation with a lower corresponding confidence interval.

2. The method of claim 1, at least one of the approximation functions
based at least in part on a least squares approach.

3. The method of claim 1, at least one of the approximation functions

comprising one or more polynomial functions.

30



WO 2011/106527 PCT/US2011/026078

4, The method of claim 1, comprising scaling the signal based at least in

part on at least one of a scaling function and an inverse scaling function.

5. The method of claim 1, comprising sorting the input data array in an
ascending order based at least in part on at least one of the X coordinates.

6. The method of claim 5, comprising selecting at least one of the subsets
of the input data array based at least in part on a defined number
(approximation window, n) of adjacent input points.

7. The method of claim 2, comprising rejecting of at least one of the
approximations by one or more criterion based at least in part on a statistical

significance of the residual sum of squares (RSS)
2 2
RSS. 207y (a,n—p)  where:

(n-p) represents a number of degrees of freedom;

p represents a number of functions used for approximation;
n represents an approximation window;

a = (1 - confidence level);

in a case of a priori known standard deviation of the noise of the signal.

8. The method of claim 7, comprising a confidence level based at least in
part on a user-defined parameter of the algorithm.
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9. The method of claim 2, calculating or re-calculating the confidence

intervals based at least in part on:

_ (12
CY _tn—p 'S°\/u* ; where:

Cy represents the confidence interval;

Y={y,y,,} represents the set of points for the signal;

t represents the Student’s coefficient;
a = (1 - confidence level);
n - p represents a number of degrees of freedom;
_(Y-XB)-(Y-XP)
n—p ’

B represents one or more polynomial coefficients for regression;

S2

X represents a maitrix of approximating function :

f1(x1) fz(x1) fs(x1) fp('xl)
L) L00) Aln) o f(x)

L) L) k) o f()
u, =x.(X"-X)'x, .

X represents the independent variable from the corresponding

elements of the input data array;

X, ={f,(x) fo(x s £, (5} ; and

X« represents a position of the approximated value.
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10.  The method of claim 2, calculating or re-calculating the confidence

intervals based at least in part on:

_ Ja
CY - tn—p "0 q[Us ;where:

Cy represents the confidence interval;

Y={y,y,,} represents the set of points for the signal;

Y = {y1 s Yoees Yy } represents the set of approximated values;
Y =Xp:

B represents one or more polynomial coefficients for regression;

t represents the student’s coefficient for a confidence level,

a = (1 - confidence level);
n - p represents a number of degrees of freedom;

B represents one or more polynomial coefficients for regression;
X represents a matrix of approximating function:

f1(x1) fz(x1) fs(x1) fp('xl)
L) L00) Aln) o f(x)

L) L) Ax) o 1)
u, =x.(X"-X) 'x, -

)

X represents the independent variable from the corresponding

elements of the input data array;
X, = {fl(x*)’ fz(x*)""’ fp (x*)} ;

X« represents a position of the approximated value; and

o represents a noise variance.
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11.  The method of claim 2, calculating or re-calculating the confidence
intervals based at least in part on:

Cc - S* < o?, Formula(a)
"T85 > 02, Formula (b) [ Ve

1/205
Formula (a) C - O \/

(1/2) /
Formula (b) CY “.8-

Cy represents the confidence interval;

Y={y,y,,} represents the set of points for the signal;

={ Yis Yoees Vi } represents the set of approximated values;
Y =Xp;
t represents the student’s coefficient for a confidence level,

= (1 - confidence level);
n - p represents a number of degrees of freedom;

(Y -XB)-(Y-XP)
n—p ’

§? =

B represents one or more polynomial coefficients for regression;

X represents a matrix of approximating function:

f1(x1) fz(x1) fs(x1) fp('xl)
L) L00) Aln) o f(x)

L) Ak A o f()
u, =x.(X"-X) 'x, .

X represents the independent variable from the corresponding
elements of the input data array;

X, = {10 ) Lo ) £, (1))

X. represents a position of the approximated value; and

o represents a noise variance.
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12. A computer-readable storage device (2008) comprising computer-
executable instructions (2004), which when executed at least in part via a
processor on a computer perform acts, comprising:

receiving (302) a signal comprising noise and an input data array of
three or more signal values which correspond to a set of three or more points,
the points comprising an independent X coordinate and a measured Y
coordinate;

approximating (304) an output data array comprising a number of
elements based at least in part on a selected number of targets to
approximate, the respective elements comprising an approximation and a
confidence interval associated with the respective approximation, the
approximation comprising an X coordinate and a Y coordinate, the number of
targets defined by a nature of a task;

calculating (306) at least a first set of respective approximations based
at least in part on a subset of the input data array, one or more approximation
functions;

re-calculating (308) at least a second set of respective approximations
based at least in part on one or more different subsets of the input data array,
one or more approximation functions; and

storing (310) at least one of the first or second sets of approximations
and corresponding confidence interval in the output data array for at least one
of the elements based at least in part on selecting the approximation with a
lower corresponding confidence interval.
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