
Research Article Open Access

Volume 2 • Issue 2 • 1000108
J Electr Electron Syst
ISSN: 2332-0796 JEES an open access journal

Open AccessResearch Article

Kachouie and Schwartzman, J Electr Electron Syst 2013, 2:2 
DOI: 10.4172/2332-0796.1000108

Keywords: Inflection point estimation; Local polynomial regression; 
Bandwidth selection; Cross validation

Introduction 
Detection of abrupt changes, including inflection points, in the 

observed noisy signals is an important and challenging problem in 
engineering and science. Several methods have been proposed to solve 
this problem and proved to be successful for specific applications. Yet, 
there is demand for new and general approaches that are applicable 
to broader range of applications. The change point detection problem 
can be divided into two categories; i) sequential or on-line, and ii) 
batch or off-line. In on-line methods, the observed data are inspected 
sequentially to catch a change as soon as it occurs. These methods are 
mainly used in quality control, real time surveillance & vision systems, 
and real time fault detection in computer networks [1-6]. In off-
line methods the entire data set is observed and can be processed at 
once. The off-line problems are growing fast and have attracted many 
researchers in computational biology and biostatistics as well as off-
line computer vision applications [7-14]. In previous work [15,16], 
often Cross Validation (CV) is used to select the bandwidth to locate 
the discontinuities in the observed signal including inflection points, 
change points, jumps and valleys. Discontinuities in [15], assuming 
an unknown number, are located by detecting the zero crossing of the 
second derivative and the local maxima of the first derivative while CV 
is used to estimate bandwidth parameters. Bootstrap is used in [16] 
for designing a nested CV method for detecting the change points by 
finding the local maxima of the first derivative while considering the 
number of change points is unknown.

For smooth underlying signals, a change point may be defined as 
an inflection point, i.e. a point where the second derivative of the signal 
changes sign. In this work, we focus on the problem of estimating the 
location of an inflection point when it is known that only one such point 
exists in the underlying signal. When considering smoothing methods 
for estimating the underlying signal, standard methods for bandwidth 
selection, such as cross validation, are designed to optimally estimate 
the underlying function, and can thus produce many inflection points; 
creating uncertainty in the location of the true inflection point. Our 
goal is to design a fast and simple, yet effective method to address the 
inflection point detection. The interest here is to detect a single significant 
inflection point in either entire range or a fragment of observed signal. 
A non-parametric inflection point detection method is proposed 
in which we smooth the noisy observations and locate the inflection 
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point using the estimated zero crossing of the second derivative of the 
smoothed curve. Spatial curve fitting in our case is accomplished by 
applying local polynomial regression to smooth the noisy data. We 
propose a constrained method for bandwidth selection intended to 
allow a single inflection point, thereby it increases the accuracy of the 
estimated inflection point location, whereas it permits fitting a flexible 
function and avoids over-smoothing. Using non-parametric regression 
allows estimating the standard error of the located inflection point 
to evaluate the accuracy of the estimation. The performance of the 
method is evaluated through simulations using a sigmoid function that 
is corrupted by adding different levels of Gaussian noise.

The proposed method is discussed in the next section by describing 
local polynomial regression, inflection point detection, and optimal 
bandwidth selection. The results are then demonstrated, compared with 
cross validation and discussed at the end.

Methods 
Nonparametric polynomial regression 

Suppose that n pairs of observations

(s,Yi),,i = 1,2,…,n   (1)

consist of a response variable and a location and are related by the 
signal plus noise model

( ) , : (0, ), [1, ]i i i iY r s N i nεε ε σ= + ∈ (2)

where , [1, ]iY i n∈  are observed noisy samples, iε  is Gaussian noise , 
(0, ),N εσ Rs∈ , and r is an unknown underlying regression function. 

The regression function r can be locally approximated at the point s by 
a polynomial of order p
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2 ( )( ; ) ( ) '( )( ) ''( )( ) / 2! ... ( )( ) / !p pg z A A s a s z s a s z s a s z s p= + − + − + + −  (3)

where z is a point in a neighborhood of s. We use least squares to 
estimate the polynomial coefficient vector ( )( ) ( ( ), '( ), ''( )..., ( ))p TA s a s a s a s a s= . 
The estimated polynomial coefficient vector is

 1ˆ ( ) ( )T T
s s s s sA s X W X X W Y LY−= =  		                                    (4)

where ( )ˆ ˆ ˆ ˆ ˆ( ) ( ( ), '( ), ''( ),... ( ))p TA s a s a s a s a s= is obtained by minimization 
of the least square problem

2

( )

1 0
( ( )) ( ) ( )( ) / ! ( ) ( )

n P
p p T

i i i s s s
i p

f A s K s s Y a s s s p Y X A W Y X Aγ
= =

 
= − − − = − − 

 
∑ ∑  (5)

where si is a point in a neighborhood of s, 1( )T T
s s s s sL X W X X W−=  is the 

smoothing matrix, sX is a ( 1)n P× +  matrix.
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                                                                     (6)

and Ws is an n n×  diagonal matrix.
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

 		                  (7)

and ( )K sγ is a kernel with bandwidth γ

1( ) , ( ) 1sK s K K s dsγ γ γ
 

= = 
 

∫       			                 (8)

To estimate r(s)=a(s), the inner product of the first row of with is 
computed by L with Y is computed by

1
,

1

ˆ( ) ([1 0 0 0] ) ( )
n

i ir s L Y e LY l s Yγ= × = =∑

                
 (9)

where 1
,1 ,2 ,( ) ( ( ), ( ), , ( ))T

ne L l x l s l s l sγ γ γ γ= =  . The variance of this 
estimator for independent noise that is of interest here is

22ˆvar( ( )) ( )r s l sεσ=                                                                           (10)

Similarly, the derivatives ( )( ), ( ), , ( )pr s r s r s′ ′′


 can be estimated by the 
inner product of Y with the second row, third row, and ( 1)thP + row of 
L respectively.

Inflection point detection

An inflection point is a point (D) on the estimated curve where the 
curvature changes sign. Here we discuss the positive inflection point 
where the curvature changes from being concave upward to being 
concave downward, i.e., ( )r s′′  crosses the zero line from being positive 
( ( )r s′′ > 0) to being negative ( ( )r s′′ < 0) and the first derivative has a 
local maximum ( ( )r s′ > 0) there. In a similar way to (9), the estimated 
2nd derivative ˆ( ( ))r s′  is

''

1

ˆ ( ) ([0, 0, 1 0] ) ( )′′ = × =∑

n

i ir s L Y l s Y                                                               (11)

and its associated standard error can be computed by
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Figure 1: Sigmoid function corrupted with different noise levels: no noise (first row), low noise (second row), and high noise (third row). True sigmoid (blue), noisy 
observations (purple dots), and estimated sigmoid (black) applying a small bandwidth (left) and applying a large bandwidth (right).
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 22ˆvar( ( )) ( )r s l sεσ′′ ′′=   				                (12)

The negative inflection point can be identified in a similar way 
where the second derivative changes sign from negative to positive. As 
illustrated in Fig. 1, the standard error of the estimated inflection point 
location is approximated by

 ( ( ))( )
( )

Se r DSe D
r D
′′

≅
′′′

			                              
  (13)

where D is the identified inflection point location, ˆ( ( )) var( ( ))Se r D r s′′ ′′=  
is the standard error of the estimated second derivative at the inflection 
point based on (12), and ( )r D′′′  is the estimated third derivative at the 
inflection point, computed in a similar way as (9) and (11).

Optimal bandwidth selection 

Conventionally, the optimal bandwidth is chosen using the leave-
one-out cross validation score

 2
( )

1

1ˆ ˆ( ) ( ( ))
n

i i i
i

CV R Y r s
n

γ −
=

= = −∑  		                                   (14)

where ( )ˆ ir − is estimated by excluding ith pair (si, Yi). The optimal 
bandwidth chosen by cross validation may produce many inflection 
points. As an illustration, a sigmoid function is corrupted with different 
noise levels and is estimated by small, large (Figure 1), and optimal 
bandwidth chosen by cross validation (Figure 2). Applying the selected 
optimal bandwidth obtained by cross validation, we may identify zero, 
one, or several inflection points (Figure 3 and 4) and it is difficult to 
identify the main one as the estimation of the true inflection point of 

the original unknown curve (sigmoid function here).

The new proposed method applies a constraint for bandwidth 
selection to ensure that the smoothed curve (by the selected bandwidth) 
has only one inflection point. The bandwidth γ is the smallest bandwidth 
producing the smoothed curve

,
1

ˆ ( ) ( )
n

i ir s l s Yγ γ= ∑  			                                                      (15)

that satisfies the constraint

1D =   					                (16)

where 
''

'

ˆ ( ) 0
:

ˆ ( ) 0
r s

D s
r s
γ

γ

 = =  >  

 
 					                                  (17)

is the set of zero down-crossings of the second derivative. Equation 17 
ensures that the number of positive inflection points of the smoothed 
curve applying bandwidth γ is one. 

Results and Discussion 
The proposed method is applied to a simulated sigmoid function 

which is corrupted by adding different levels of independent 
Gaussian noise. For comparison, first we show the application of the 
regression-based inflection point detection where the bandwidth 
is selected by cross validation. The results obtained by applying 
the proposed constrained bandwidth selection are then presented. 
Finally the performance is quantified by running several hundreds 
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Figure 2: (Left column) Cross validation curve for different noise levels: no noise (first row), low noise (second row), and high noise (third row). (Right column) True 
sigmoid (blue), noisy observations (purple dots), and estimated sigmoid applying the optimal bandwidth chosen by cross validation (black).
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of simulation instances. 

Bandwidth selection by cross validation 

A sigmoid function was simulated with s = [0,6000]

35005
1000

50( ) 70
1

sr s
e

− −  
 

= +

+

 			                                  (18)

and corrupted with 2 0εσ =  (no noise), 2 1.85εσ =  (low noise with 
3 8.16%εσ =  of the sigmoid height), and 2 185εσ =  (high noise with 
3 81.6%εσ =  of the sigmoid height). The estimated smooth curves for 
small (γ = 200) and large (γ =1000) bandwidths for different noise levels 
are depicted in Figure 1. The cross validation curve and the smoothed 
curve applying the selected bandwidth identified by minimum cross 
validation score for different noise levels is shown in Figure 2. The 
optimal bandwidth (γopt) is 100 for no noise, 150 for low noise and 
400 for high noise. The number of detected inflection points is 1, 8, 
and 2 for different noise levels respectively (Figure 3). Although the 
inflection point closest to the true one is among the detected inflection 
points, further processing is needed to identify it. The identification of 
the main inflection point is even more challenging and prone to error 
when the detected candidate inflection points have close values of their 
estimated first derivative ( 'r̂γ ). 

Next, the sigmoid 4( 5)

1( )
1 sr s

e− −=
+

 was simulated and independent 
Gaussian noise with 2 0.01εσ =  (medium noise with 3 30%σ =  of the 

sigmoid height) was added. Five hundred independent simulation 
instances were performed, inflection points were located, and the 
number of inflection points was counted for each simulation. The cross 
validation curve and the smoothed curve applying the optimal cross 
validation bandwidth for a typical simulation (γopt) is shown in Figure 4 
(First row). The location of inflection points and the number of detected 
inflection points for the five hundred runs are depicted in Figure 4 
(Middle row). The distribution (histogram) of inflection point location 
and the number of detected inflection points are shown in Figure 4 
(Bottom row). Applying the optimal cross validation bandwidth, up to 
seven inflection points was identified (Figure 4). 

Bandwidth selection by the proposed method 

To avoid detecting multiple false inflection points, the proposed 
method was applied to select the optimal bandwidth while ensuring 
to have only one inflection point in the smoothed curve. Independent 
Gaussian noise with different levels 2 0εσ =  (no noise), 2 1.85εσ =  (low 
noise), 2 185εσ =  (high noise), and 2 1665εσ =  (very high noise) was 
added to corrupt the signal. The noisy sigmoid was then estimated 
using the non-parametric regression where the bandwidth was selected 
by the proposed method (Figure 5). Regardless of the noise level, the 
significant inflection point was closely estimated (Figure 5 (Right 
column)). 
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Figure 6 further illustrates the inflection point detection and the 
estimation error under high noise conditions. The confidence interval 
was computed by ˆ1.96 ( ( ))conf Se r s= ∗  and is superimposed in red 
where the standard error ( ˆ( var( ( )))Se r s=  of the smoothed curve was 
computed using (10). For high level of Gaussian noise with 2 272.25εσ =  
or equivalently 3 50εσ =  that is equal to 100% of sigmoid height (Figure 
6 (Top)), the detected inflection point is located at s = 3441.4 which 
is close to the true inflection point at s = 3550 with 1.67% estimation 
error. Even at very high noise conditions with 2 2500εσ =  so that 3 150εσ =  
is equal to 300% of sigmoid height (Figure 6 (Bottom)), the detected 
inflection point is located at s = 3395 which is only 3% away from the 
true inflection point location. 

Performance of the proposed method 

The performance of the proposed method is assessed by comparing 
the location of the identified inflection point vs. the true inflection 
point location (D = 5; r(D) = 0.5) through several hundred simulations 
where the sigmoid ( 5)

1( )
1 sr s

e α− −=
+

 was corrupted with high level of 

independent Gaussian noise. The simulations were repeated for six 
different sigmoid slopes (α). Two hundred simulations were performed 
for each slope, starting with more challenging case of fairly shallow 
slope α = 0.5 to sharp slope α = 3.

The detected inflection point, standard error, true mean squared 
error, and the coverage of estimated confidence interval for the detected 
inflection points were estimated for different slopes (Figure 7). The 
mean of the detected inflection points closely follows the true inflection 

point location (D = 5) for different slopes (Figure 7 (Top)). As it can be 
observed, while the slope increases from low on the left to high on the 
right, estimation precision increases (Figure 7 (Middle)). In addition, 
the estimated standard errors (box plots) closely match the true mean 
square error computed from the 200 simulations. The 95% coverage 
depicted by the black disks (Figure 7 (Bottom)) was computed for each 
slope by the percentage of the number of simulation instances for which 
the true inflection point (D = 5) satisfies

ˆ{ 1.96 ( )}D D Se D∈ ± ∗  				                 (19)

The point-wise confidence interval of the coverage was then estimated 
(red disks) for each slope using the Binomial distribution applying the 
number of simulation instances (Figure 7 (Bottom)). 

Insights 

The proposed method selects the optimal bandwidth to ensure a 
single inflection point. This avoids the uncertainty due to detection of 
zero or multiple inflection points when applying standard bandwidth 
selection methods such as cross validation. Therefore the proposed 
method increases the accuracy of the estimated inflection point 
location for such applications where the true function has only one 
inflection point. This method permits a flexible fit to estimate the 
underlying function by taking advantage of non-parametric regression 
while avoiding over-smoothing. 

Figure 8 illustrates the basic mechanism under a low noise with 
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2 25εσ = or equivalently 3 15εσ =  that is equal to 30% of sigmoid height. 
Starting from a small bandwidth, the proposed method gradually 
increases the bandwidth to smooth out false inflection points. The 
bandwidth increases from left to right: left = 100, middle = 300, and 
right = 600. Shallow inflection points disappear by applying larger 
bandwidths. We should point out that there is a wide range of large 
bandwidths for which there is only one inflection point. We propose 
selecting the smallest bandwidth within the range that guarantees 
only one inflection point in order to reduce over-smoothing caused by 
applying the larger bandwidths.

Note from Figure 6 that the confidence bands do not necessarily 
cover the true function. In other words, the estimation of the function is 
biased. However, this is not a concern in our case because our interest is 
in estimating the inflection point location, not the underlying function. 

The gain in accuracy in estimating the inflection point location is worth 
the extra bias in the estimation of the function. 

The estimation of the inflection point location and its standard error, 
however, are nearly unbiased. This can be observed in Figure 7 (Top) 
and Figure 7 (Middle), which show that the estimated inflection point 
locations are close in average to the true value, and that the estimated log 
squared standard errors are close in average to the true log mean square 
errors. Figure 7 (Bottom) further shows for all slopes larger than α = 1.5 
that the coverage of the 95% confidence interval for the inflection point 
location is indeed at least the nominal (95%). For shallow slopes (α = 0.5 
& 1), the region in which the true function transitions from low to high 
is larger, making the detection of the inflection point harder. In this case, 
the estimation of the inflection point is still unbiased but the coverage 
of the confidence intervals drops below 90% for such challenging cases.
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Figure 5: Located inflection point by the proposed method for different levels of independent Gaussian noise: first row (no noise), second row (low noise), third row 
(high noise), and fourth row (very high noise). (Left column) zero down-crossings of the second derivative of the estimated sigmoid (red) vs. the zero line (yellow). (Right 
column) True sigmoid (blue), noisy observations (purple dots), and estimated sigmoid (black) using the optimal constrained bandwidth where the located inflection points 
are superimposed as yellow disks.



Citation: Kachouie NN, Schwartzman A (2013) Non-Parametric Estimation of a Single Inflection Point in Noisy Observed Signal. J Electr Electron 
Syst 2: 108. doi:10.4172/2332-0796.1000108

Page 7 of 9

Volume 2 • Issue 2 • 1000108
J Electr Electron Syst
ISSN: 2332-0796 JEES an open access journal

References

1.	 Basseville M, Benveniste A (1986) Detection of abrupt changes in signals 
and dynamical systems. Lecture notes in control and information sciences. 
Springer-Verlag, Berlin, Germany, New York, USA. 

2.	 Desobry F, Davy M, Doncarli C (2005) An Online Kernel Change Detection 
Algorithm. IEEE T Signal Proc 53: 2961-2974. 

3.	 Kawahara Y, Sugiyama M (2009) Change-Point Detection in Time-Series Data 
by Direct Density-Ratio Estimation. Proceedings of society of industrial and 
applied mathematics (SIAM). 

4.	 Ke Y, Sukthankar R, Hebert M (2007) Event Detection in Crowded Videos. 
Proceedings of the 11th IEEE International Conference on Computer Vision. 

5.	 Lai TL (1995) Sequential change-point detection in quality control and 
dynamical systems (with discussion). J Roy Stat Soc B Met 57: 613-658. 

6.	 Mei Y (2006) Sequential change-point detection when unknown parameters are 
present in the pre-change distribution. Ann Stat 34: 92-122. 

7.	 Basseville M, Nikiforov (1993) Detection of abrupt changes: theory and 
application. Prentice-Hall information and system sciences series. Prentice 
Hall, Englewood Cliffs, New Jersey, USA. 

8.	 Gustafsson F (1996) The Marginalized Likelihood Ratio Test for Detecting 
Abrupt Changes. IEEE T Automat Contr 41: 66-78. 

9.	 James B, James KL, Siegmund D (1987) Tests for a change-point. Biometrika 
74: 71-83. 

10.	Olshen AB, Venkatraman ES, Lucito R, Wigler M (2004) Circular binary 
segmentation for the analysis of array-based DNA copy number data. 
Biostatistics 5: 557-572. 

11.	Smith AFM (1975) A Bayesian approach to inference about a change-point in a 
sequence of random variables. Biometrika 62: 407-416. 

12.	Takeuchi J, Yamanishi KA (2006) Unifying Framework for Detecting Outliers 

and Change Points from Non- Stationary Time Series Data. IEEE T Knowl Data 
En 18: 482-489. 

13.	Yakir B, Krieger AM, Pollak M (1999) Detecting a change in regression: First 
order optimality. Ann Stat 27: 1896-1913. 

14.	Yao YC (1988) Estimating the number of change-points via Schwarz’ criterion. 
Stat Probabil Lett 6: 181-189. 

15.	Joo J, Qiu P (2009) Jump detection in a regression curve and its derivative. 
Technometrics 51: 289-305. 

16.	Gijbels I, Goderniaux A (2004) Bandwidth selection for change point estimation 
in nonparametric regression. Technometrics 46: 76-86.

 

130

120

110

100

90

80

70

60

140

120

100

80

60

40

20

True (yellow) and Identified (red) Change points, True (blue), Nosiy (purple), and Smooth (black) Signals

1000                  2000                  3000                 4000                  5000                  6000

1000                  2000                  3000                  4000                  5000                  6000

Figure 6: True sigmoid (blue), noisy observations (purple), estimated sigmoid applying the proposed method (black), confidence interval (red), and the true (yellow disk) 
and the detected inflection point (red disk) where the true sigmoid function is corrupted with Gaussian noise. (Top) High noise with 3 50 100%εσ = =  of sigmoid height. 
(Bottom) Very high noise with 3 150 300%εσ = =  of sigmoid height.

http://link.springer.com/book/10.1007/BFb0006385/page/1
http://link.springer.com/book/10.1007/BFb0006385/page/1
http://link.springer.com/book/10.1007/BFb0006385/page/1
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=1468491&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D1468491
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=1468491&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D1468491
http://www.siam.org/proceedings/datamining/2009/dm09_038_kawaharay.pdf
http://www.siam.org/proceedings/datamining/2009/dm09_038_kawaharay.pdf
http://www.siam.org/proceedings/datamining/2009/dm09_038_kawaharay.pdf
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=4409011&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D4409011
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=4409011&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D4409011
http://www.jstor.org/discover/10.2307/2345934?uid=3737496&uid=2&uid=4&sid=21102180156263
http://www.jstor.org/discover/10.2307/2345934?uid=3737496&uid=2&uid=4&sid=21102180156263
http://www.jstor.org/discover/10.2307/25463409?uid=3737496&uid=2&uid=4&sid=21102180156263
http://www.jstor.org/discover/10.2307/25463409?uid=3737496&uid=2&uid=4&sid=21102180156263
ftp://ftp.irisa.fr/local/as/mb/k11.pdf
ftp://ftp.irisa.fr/local/as/mb/k11.pdf
ftp://ftp.irisa.fr/local/as/mb/k11.pdf
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=481608&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D481608
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=481608&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D481608
http://biomet.oxfordjournals.org/content/74/1/71.short
http://biomet.oxfordjournals.org/content/74/1/71.short
http://biostatistics.oxfordjournals.org/content/5/4/557.short
http://biostatistics.oxfordjournals.org/content/5/4/557.short
http://biostatistics.oxfordjournals.org/content/5/4/557.short
http://biomet.oxfordjournals.org/content/62/2/407.short
http://biomet.oxfordjournals.org/content/62/2/407.short
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=1599387&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D1599387
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=1599387&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D1599387
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=1599387&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D1599387
http://www.jstor.org/discover/10.2307/2673941?uid=3737496&uid=2&uid=4&sid=21102180156263
http://www.jstor.org/discover/10.2307/2673941?uid=3737496&uid=2&uid=4&sid=21102180156263
http://www.sciencedirect.com/science/article/pii/0167715288901186
http://www.sciencedirect.com/science/article/pii/0167715288901186
http://www.tandfonline.com/doi/abs/10.1198/tech.2009.07163#.UfEkF21v6ls
http://www.tandfonline.com/doi/abs/10.1198/tech.2009.07163#.UfEkF21v6ls
http://amstat.tandfonline.com/doi/abs/10.1198/004017004000000130
http://amstat.tandfonline.com/doi/abs/10.1198/004017004000000130


Citation: Kachouie NN, Schwartzman A (2013) Non-Parametric Estimation of a Single Inflection Point in Noisy Observed Signal. J Electr Electron 
Syst 2: 108. doi:10.4172/2332-0796.1000108

Page 8 of 9

Volume 2 • Issue 2 • 1000108
J Electr Electron Syst
ISSN: 2332-0796 JEES an open access journal

6

5.8

5.6

5.4

5.2

5

4.8

4.6

4.4

4.2

4

0.5

0

-0.5

-1

-1.5

1

0.95

0.9

0.85

0.8

0.75

Boxplot of change point vs. sigmoid slope (200 runs per slope)

Boxplot of change point standard error and True MSE (green) vs. signmoid slope (200 runs per slope)

The coverage of estimated confidence interval for the loacated change point vs. slope (200 runs per slope)

0                    0.5                     1                     1.5                     2                     2.5                     3                     3.5

0.5                                          1                                          1.5                                          2                                          2.5                                          3

0.5                                         1                                          1.5                                        2                                         2.5                                        3

Figure 7: (Top) Estimated location of the inflection points for six different slopes with 200 simulations instances per slope. (Middle) Estimated log squared standard 
error associated with the detected inflection point locations and log true mean squared error (green disks) for the same simulation instances. (Bottom) The coverage of 
confidence interval of estimated inflection point locations for the same simulation instances.
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Figure 8: Searching for the smallest bandwidth to satisfy (16). Sigmoid is corrupted by adding Gaussian noise and the estimated curve is shown for different bandwidths, 
starting from small (100) and increasing the bandwidth to meet (16). True sigmoid (blue), noisy observations (purple), estimated function (black), the detected inflection 
points (red disks) and the true inflection point (yellow disk). (Top row) Estimated sigmoid and detected inflection points. (Middle row) First derivative of the estimated 
function. (Bottom row) Second derivative of the estimated function.
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