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Abstract—Electrostatic charge of solid particles can cause
problems in many handling processes and need to be evalu-
ated in terms of charge levels and charge polarity. An induc-
tive charge sensor is suitable for the evaluation of both levels
and distributions of particle charges at the same time. How-
ever, the performance of charge sensing is critically subject
to its signal process, which can result in huge errors. One
of error sources is drifting of the baseline tracked, which
leads raw signals generated by the sensor to be distorted.
Especially in determining polarity and quantity of bipolar
charges, the distorted signal leads to significant biases and
errors in charge measurements, when the number of particles
measured is big. Currently, the existing correction algorithms
cannot produce a satisfied result in baseline tracking. In this
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paper, the baseline drifting problem for the charge signals has been explored according to the types of charge polarity.
For unipolar charge signals, charge polarity and quantity are determined directly by a poles-pairing method without
any further baseline correction. For bipolar charge signals, a new method in baseline tracking and correction has been
developed based on dynamic time warping algorithm. Further optimization by a double-check process is used to remove
the ‘small hump’ errors in the signal. With the results of the charge measurements, this new method shows significant
advantages on accuracy and efficiency of charge detection compared to the other existing methods.

Index Terms— Electrostatic charge, inductive sensor, signal restoration, baseline tracking, dynamic time warping.

|. INTRODUCTION

LECTROSTATIC charge generated in powder processing
is popular in many industries, especially in pharmaceuti-
cal and metallurgical industries whereas particles experience
the friction between particles and container wall during mix-
ing, blending and transportation [1]. Static charge on particles
can cause severe problems such as agglomeration, segregation,
adhering to the equipment, or even fire explosion [2], [3].
Even if the problems are not so severe, levels of charge and
charge polarity can influence material characteristics such as
size of agglomeration, which shows that proper assessments
of particle charge are necessary for process control [4].
Traditionally, many methods have been used to detect charge
behaviour and charge levels of powders, but none of them can
rapidly obtain charge distributions among the particles except

inductive charge sensors [5]-[8]. The principle of an inductive
charge sensor developed at the Wolfson Centre is shown in
Fig. 1 [9], where the particles are fed by a vibrating feeder into
a ring-shaped sensor. When a charged particle passes through
the sensor ring, the charge on the particle generates an image
charge on the ring, which produces an induced current in the
sensor. The induced current is integrated by a pure integrator
and converted to a voltage signal so the charge for the particle
can be detected. For a single particle, the charge (Q) is subject
to the voltage induced and the capacitance of the feedback
capacitor in the integrating circuit, which can be obtained by:

Q=CwrAV G/(1+G) 1)

where Cint is the capacitance of the feedback capacitor, G
is the gain of the amplifier circuit, and AV is the absolute
voltage induced by the charged particle.

With series charged particles passing through the sensor
(electrode), a sequence of voltage impulses generated by the
particles in time domain represents the particle charges. Total
charge for all particles is obtained by accumulating the charges
on individuals so charge levels and polarity can be detected
by averaging the charge over the mass of the particles and
impulse direction respectively. A typical signal is shown in
Fig. 2.

To process the charge from the signal in Fig. 2, it faces a
few challenges: identifying peak and peak direction, baseline
drifting and noise reduction, where the baseline is the signal
output without any charged particles passed through the sensor.
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Fig. 1. Schematic overview of an inductive charge sensor and the
principle of charge measurement by scanning charged particles.
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Fig. 2. A typical charge signal from inductive sensor which contains

noise and baseline drifting.

The baseline is important for calculating the charge by Eq. (1)
as the AV is the absolute value between the baseline (before
particle entering) and peak value (particle at the centre of the
ring sensor). So, baseline tracking in signal process is critical
for charge measurement of an inductive sensor.

To process it in a computer, baseline tracking can be
really challenged using an algorithm because of the baseline
drifting, which refers to that a charge signal deviates from
non-charged position and fluctuates slowly up and down due
to charge remaining in the sensor and slow charge dissipated.
Such fluctuations prevent further peak detection in waveform
correctly. Based on a review of the existing baseline tracking
and correction methods, a new solution is introduced in this
paper for different types of charges. For unipolar charges,
change polarity and quantity are determined directly by a
poles-pairing method without further baseline correction, but
for bipolar charges a new baseline correction method based on
dynamic time warping algorithm is developed with a further
optimization by a repeat process (check on signal sharpness).

Il. RELATED WORKS AND THE PROBLEMS

Signal drifting is common in many sensors, which causes
linear or nonlinear changes in the overall trend of signals
and disturbs the useful signals, especially amplitude mea-
surements of signals [10], [11]. For inductive charge signals,
Hussain [9] argued that the reason for that was the particle
concentration. Because the charge amplifier connected to the
sensor was essentially an integrator, a time was needed to
integrate the impulses generated by a single particle. When
multiple particles passing through the sensor, the remained
charges might saturate the electronic equipment and created
signal drifting. Similarly, smaller particles were more likely to
produce signal drifting than large ones, because large particles

had better dispersion characteristics and more spacing between
the particles in the sensor. Through comparative experiments,
the effect of particle concentration and particle size on baseline
drifting was demonstrated. Common methods to track baseline
in literature can be classified into three categories: filters,
wavelet transform and curve fitting in signal process.

Using a filter to remove baseline drifting is to eliminate the
low-frequency components in the signal through a high-pass
filter, i.e., to erase the trend of slow changes in the signal.
Sigurdsson et al. [12] believed that a high-pass filter could
indeed reduce the large-scale displacement and distortion of
the waveform. However, it still led to a loss of low-frequency
components in the data, because sometimes it was impossi-
ble to determine the frequency range of interest. Similarly,
Maess et al. [13] argued that a high-pass filter was not an
alternative to de-trending or even baseline correction, and that
a criterion should be established to identify the distortion
caused by filter.

Baseline correction by wavelet transform functions was
consistent with that of removing drifting by filter, i.e., remov-
ing the non-drastic changing components from the signal.
The signal was firstly decomposed to remove the baseline
with the wavelet transform. Daubechies and Symlet were
the two commonly used mother wavelets [14]. After proper
decomposition, an approximate coefficient was obtained from
the low-frequency part of the signal, and the detail coefficient
was derived from the high-frequency part of the signal. It was
believed that the baseline was related to the approximate
coefficient [15]. However, like the filter method, the wavelet
transforms arbitrarily assumed that the baseline was separated
from the rest of the signal. Moreover, for some cases that the
baseline drifting was much larger than the scale of the signal,
the decomposition level of the data was not enough, and a
deeper decomposition was usually required [16].

Curve fitting was a more popular method compared to the
others. It reduced the loss of low-frequency components of the
signal to some extent. By this method, the baseline was fitted
to a N-order polynomial, thereby removing it from the signal.
The conventional curve fitting methods were polynomial fitting
and spline fitting based on least-squares criterion [17]-[19].
As a mathematical optimization technique, the least square
criterion sought the optimal function matching of data by
minimizing the sum of squares of errors. Since the curve fitting
method required user inputs to select a subset of points on the
signal for fitting, although there were satisfactory results under
the premise of an accurate selection of points, it still contained
too much subjective judgment and would be a laborious task
for a large amount of data.

Moreover, Pang et al. [20] used nonlinear morphologi-
cal filtering to achieve the purpose by selecting appropriate
structural elements for expansion and corrosion operations.
The result gave a higher signal-to-noise ratio and a minimum
mean square error, but it was challenging to choose a right
structural element. For curve fitting, non-quadratic criteria
were used by Mazet et al. [21] to determine polynomial
coefficients at a better match. It could have a better fit, but
an appropriate cost function needed to be selected manually,
and the user’s subjectivity might cause a wrong fitting.

All the baseline tracking methods described above focused
on an overall signal, and getting a general trend of the wave-
form, and then eliminated the trend, while retaining the signal
component that changed dramatically. In other words, these
methods obtained a baseline first and then found the starting
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Fig. 3. Two time series signals x1 and x2 for the similarity of the time
series.

point (baseline point) for every signal of interest on that line,
which was a holistic to local approach. The methods could
quickly locate a general trend as a baseline but had difficulties
to prove that the baseline point was on the line or not.

Instead, a new local to holistic baseline tracking method
developed in this study can identify some obvious baseline
points with high accuracy first, and then obtain a baseline to
orient the whole signal based on these points. By the way, most
the obvious points in the waveform can be secured accurately,
and the other points can be obtained with the assistance of the
obvious ones. This method works based on individual peaks
in the signal. In case of unipolar and bipolar charges, baseline
tracking solutions can be different. For unipolar charge signals,
a subtraction method is used in the study to simplify the
problem by calculating amplitude of peaks directly without
using the new method. Given the complexity of bipolar charge
signals, the new local to holistic baseline tracking method is
used to find the baseline points first and then derive a baseline.
To locate the baseline points, a threshold method is developed
based on the dynamic time warping (DTW) algorithm [22].
The new mothed provides a better accuracy to locate the
baseline points and minimizes errors of the wrong points on
the line.

Il1. DYNAMIC TIME WARPING ALGORITHM

Dynamic time warping (DTW) algorithm is an algorithm
to measure the similarity between two time series, especially
for time series with different lengths, e.g., audio signals of
different people reading the same word [23], [24]. DTW
algorithm calculates the similarity of time series of different
lengths by extending and shortening them, as shown in Fig. 3,
two time series (solid lines) and their similarity (dotted lines)
with corresponding points on the solid lines.

The DTW algorithm measures the similarity between two
time series using the sum of the distances between all cor-
responding points, which is called the warp path distance.
For example, O = ¢qy, q2,...,4i,...,qn and C = ¢y,
€2,...,Cj,...,Cp are two time series with different lengths,
an m x n distance matrix D (shown in Fig. 4) needs to
be established for the dynamic programming algorithm. The
matrix element d(g;, c;) represents the distance between g;
and c;. The Euclidean distance is generally used, d (g;, ¢j) =
(qi —c))*

Briefly, this algorithm is looking for the shortest path
through several elements in the matrix, and the elements that
the path passes through are the corresponding points when the
two series are compared. After obtaining the distance matrix,
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Fig. 4. The distance matrix and cumulative distance matrix for x1 and
x 2 showing the shortest warping path.

a cumulative distance matrix (loss matrix) DTW (Fig. 4) is
generated according to the continuity and monotonicity princi-
ple of the dynamic programming algorithm. In the cumulative
distance matrix, the element can be expressed as:

DTW(1,1) = D(1, 1)
DTW(@i,1) = D(i — 1, 1)+ d(qi, c1)
DTW(i, j) = d(qi,c;) + min{DTW(i-1, j),

DTW(i-1,j-1), DTW(, j-1)} 2)

In Eq. (2), d is the distance between ¢; and c;. DTW is
the sum of the Euclidean distance of the current position
and the minimum of the adjacent three cumulative distances.
DTW (m, n) is the warp path distance, which is the shortest
distance between two time series. In Fig. 4, by tracking from
DTW (1, 1) to DTW (m, n), the shortest warping path can be
obtained.

Dynamic time warping algorithms have been used in bio-
medical applications, such as recognition, classification, and
extraction of ECG signals [24], [25]. Because of its flexi-
bility in template matching, it is used most often in voice
recognition [26].

IV. METHODOLOGY FOR BASELINE TRACKING
A. Baseline Tracking for Unipolar Charge Signals

For the unipolar charge signal, all signal peaks generated
by charges have the same polarity direction (see Fig. 5).
In a unipolar charge signal, the amplitude of a peak is the
vertex of each peak, i.e., the difference between baseline point
and the peak represented by red dots in the figure. The starting
point of the peak is where the signal starts to change and
is represented by green points. Since all peaks in the signal
are in the same direction, the true magnitude of a peak is
vertical distance between the starting point and the ending
point. It means that by finding these points, the true amplitude
can be obtained without any baseline correction.

To find out the starting and ending points of the peaks,
the peaks must be detected first. Taking each bit of a sig-
nal S, if s(i)>s(i4+1) and s(i)>s(i-1), the value s(i) is the
maximum point. If s(i)<s(i+1) and s(i)<s(i-1), the s(i)
is the minimum point. After identifying all the peaks, the
true magnitudes are formed by pair positive and negative
peaks.

For positive charges, the peaks of a magnitude always start
with a minimum point and end at a maximum point on the
timeline. For negative charges, they are opposite. In practice,
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Fig. 6. Four cases of pole distribution.
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the peak points in charge signals may be not in pairing or
the signal starts with different type of peaks (maximum or
minimum point) (Fig. 6 (2) and (3)), this will lead to some
errors in peak detection. To solve the problem, any signals can
be classified in four categories as shown in Fig. 6 as paired
peaks (case of (1) and (4)) and unpaired peaks (case of (2)
and (3)). With the categories, the distribution of peaks in the
signal is checked and classified. Then the positive and negative
peaks are paired according to their categories to form the true
amplitudes.

Since any charge signals have residual noises in the wave-
form (see Fig. 7), the noise does not cause any baseline
drifting to the signal but can be detected by the peak detection,
which directly influences the impulse pairing for the unipolar
charge signals.

To remove any error peak pairs, a threshold value was setup
in the study. If the magnitude of any point pairs was less than

Fig. 8. Fake peaks and varied start points in a bipolar charge signal.

the threshold, the peaks were accounted as noise and ignored.
The threshold value needs to be selected carefully according
to the data, which can eliminate the noise without affecting
the signal. Therefore, for unipolar charge, the amplitude and
location of the true peaks can be obtained according to the
filtered peak pairs without using baseline tracking.

B. Baseline Tracking for Bipolar Charge Signals

Baseline tracking for bipolar charge signals is much more
complicated compared to the unipolar charge signals, as both
positive and negative peaks are presented for peak detection.
For a typical bipolar charge signal shown in Fig. 8 as an
example, it is hard to judge whether the point pl is a point
between two positive peaks or a valid negative peak. Similarly,
the point p2 could be either a valid positive peak or a
transitional region of two negative peaks. This creates fake
peaks, which needs to be identified before measuring it. The
fake peaks in the signals are rarely mentioned in the literature,
but they are crucial for determining the charges carried by
particles in inductive charge sensors. So, baseline tracking is
necessary for removal of any drifting in original signals in
order to process the charge signals accurately.

To solve the ‘fake peaks’ problem, a new method of judging
the shape of each peak is proposed in this paper. A standard
templated signal for a single particle (for example, a positive
peak) is used to compare with the waveform in a raw signal
for multiple particles to extract position and amplitude of valid
individual peaks. To analyze similarity between the template
signals and the virgin signals from the sensor, the dynamic
time warping algorithm is applied.

Because output of a dynamic time warping algorithm is an
accumulative distance that reflects the difference between the
two-time series, by the formula, this distance can be easily
converted into similarity as:

Similarity = 1/(Distance + 1) 3)

The advantage of the dynamic time warping algorithm is
capability of comparing time series in different signal lengths,
which is suitable for the peak comparison.

To achieve this, a single particle is firstly used to generate
a standard charge signal, in which typical rise trend and drop
trend are extracted as the template signals of a valid peak.
The templates influence further baseline tracking and need to
be done carefully. Fig. 9 shows typical rise and drop trends
extracted from the signals of polymer and calcium carbonate.

Secondly, peak detection is performed on the original raw
signals. By pairing the obtained adjacent positive and negative
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poles, the uncertain rising trends and dropping trends are
detected. Considering that the amplitude of each peak is
different, and the dynamic time warping algorithm is based
on Euclidean distance, thus each uncertain trend needs to
be normalized so that their amplitude is consistent with the
template signal. Then, the similarity between uncertain trends
and the template signals is compared by the dynamic time
warping algorithm.

The results of a similarity comparison shown in Fig. 10
demonstrate that, the similarity between a template signal and
a valid peak generated by a charge (true peaks) is always
higher than 0.999. If the similarity is less than 0.999, it
means a fake trend. With the experimental tests, it can be
indicated that the value of 0.999 is the key threshold to
distinguish a true peak in a raw signal. Although most of the
trends are also very similar to the template signals (>0.99 in
similarity), the baseline points can be distinguished when the
similarity reaches 0.999, which proves that the dynamic time
warping algorithm can achieve high accuracy in comparing the
waveform shape, which can recognize the target signals.

If a monotonous trend between two poles is generated
entirely by a single charge, it can be inferred that the previous
peak is also of the same polarity as the present peak. The
starting point of the present trend, then, is the transition point
sandwiched between two homo-polar peaks. These points are
the points on the baseline, and a rough baseline can be
determined by the defined baseline points. However, there
are still some baseline points hidden in between the peaks.
Because the monotonous trend that contains a baseline point
can have two situations, the baseline point can belong to a
positive peak and a negative peak simultaneously.

To overcome this challenge, the waveform is divided into
segments and then compared with the standard templated
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Fig. 11. Detecting baseline points in peaks of opposite polarity.

signal to locate the baseline points. As shown in Fig. 11, point
pl is a positive signal peak, and point p2 is a negative peak.
On the monotonic curve from p1 to p2, taking p1 as a constant
starting point, the trend in different lengths in the direction of
p2 is taken and compared with the standard dropping trend.
If the similarity between the downtrend of some segments and
the standard signal is greater than 0.999, the endpoints of these
downtrends (the red dot in the figure) are marked. After all
subsets of a trend are compared, the abscissa of all marked
points is averaged to calculate the position of the final baseline
point.

By the way, two different types of baseline points can be
detected. Although there is no guarantee that all the baseline
points in a signal can be detected, the similarity threshold of
0.999 ensures the accuracy of the points already have been
found. The baseline points can be used to form the baseline
of the charge signal for further charge detection. To form the
baseline in the signal, linear regression is used to create the
fitting lines between the baseline points, because the number
of baseline points in a signal are significant and creating fitting
lines with polynomial regression is time-consuming. However,
the baseline tracking obtained by a linear function between the
baseline points can generate called ‘humps’ errors between
the peaks after repositioning the points, which needs to be
removed by a further process.

C. Reprocess the Problematic ‘Humps’ Errors

As identified, some slow drifting causes the ‘humps’ errors.
Even with the DTW algorithm, fake signals cannot be removed
completed in the processed signal after the baseline correction
as shown in Fig. 12. These errors are obvious in shape
compared to the peaks produced by the charges. So, evaluating
sharpness of the peaks for peak shape comparison is applied
to solve the problem as shown in Fig. 12.

The principle for sharpness comparison method is, a hump
and a charge peak as shown in the figure, with a horizon-
tal line, BC taken at the middle position of the amplitude
(between the baseline point and the peak) and then getting
the length AD from this line to the vertex. The sharpness
of peaks is measured by the value of AD/BC. To identify a
charge peak, the sharpness for a peak is less than a certain
threshold. Otherwise, it is a hump. Generally, if the threshold
is set to 4, most of humps can be identified. This threshold
may need to change according to different materials. Although
there are other methods that can be used for the ‘humps’ error
removal, the sharpness comparison method is simplest and
cheapest in computing time consumption. More thinking on
baseline correction for the humps have been given as taking
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Fig. 13.
beads.

the trend changing rate and comparing it to particle velocity.
This can be done in future study.

V. EXPERIMENTAL RESULTS AND DISCUSSION

To evaluate the new baseline tracking method, experimental
study has been carried out on an electrostatic inductive sensor
developed at the Wolfson Centre [9]. The capacitance of the
feedback capacitor in the sensor is 10pF. A signal is taken by
a data acquisition in MATLAB with a sample rate of 10 kHz.
The tests run for a period of 6 seconds while the material is fed
into the sensor. The signal has been processed in MATLAB
with the new algorithms developed, for charge levels (charge
to mass ratio) and polarity determinations.

Two typical particulate materials are selected, which can
produce unipolar positive and negative charge. One material is
expanded polypropylene beads produced by JSP Corporation
(ARP5920), producing negative charges. Particle size of the
polymer beads is about 3-5 mm. The other material is cal-
cium carbonate with size of 0.85-1.0 mm, producing positive
charges. The materials are shown in Fig. 13.

All experiments have been carried out in a temperature and
humidity-controlled room (25°C and 45%-50% RH). In the
experiments, the particles are charged in a plastic container
for the same vibration time so similar charge can be achieved.
With a vibratory feeder, a selected number of particles are fed
into the sensor, so a charge signal of the particles is obtained.
In principle, number of the peaks in the signal must be equal
to the number of particles. However, due to the limitation of
feeding method that the particles may be not dispersed very
well, the number of the peaks detected may be different to
the number of the particles fed. Therefore, when evaluating
the algorithm error, the number of the peaks in the signal
accounted manually is compared to the algorithm result. The
number of particles fed into the sensor is used as a reference.

The results in Fig. 14 and 15 are the signals for 20 calcium
carbonate particles and 20 polymer-beads, respectively. In the
signals, the red point is the positive pole corresponding to each
peak, and the green point is the negative pole. The magnitude
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Fig. 14. The peaks detected for a positive charged signal of calcium
carbonate.
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Fig. 15. The peaks detected for a positive charged signal of calcium
carbonate.
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Fig. 16. Baseline points detected for a bipolar charged raw signal.

and distribution of the charge obtained by the algorithm are
represented by a stem diagram. In Fig. 14, it shows 20 peaks
detected from an output signal of the sensor and the amplitudes
and positions in time domain corresponded to the raw signal.

In Fig. 15, only 17 peaks are detected in the original signal,
and shown in the results given by the algorithm. By the error
definition, there is no error for unipolar charge signal. If the
threshold of noise is set reasonably, the algorithm will have
minimum errors, as the algorithm can automatically detect
every peak without any approximate processing.

Fig. 16 shows a bipolar charge signal obtained by mixing 10
calcium carbonate particles and 10 polypropylene beads. There
are 8 positive and 9 negative peaks detected in the signal by
the sensor. For the 17 peaks, 13 baseline points are detected
and marked in red circles. These baseline points are connected
by using a linear function to form a rough baseline.

With the baseline correction, the signal can be processed,
and the drifting is removed (see Fig. 17). The ‘humps’ formed
after baseline correction are detected by the sharpness method
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Fig. 18. The result of the baseline correction algorithm by Mazet [21].

and marked with red crosses, and the remaining true peaks are
marked with green dots. The bottom diagram in Fig. 17 is the
result after removing the humps, which shows that 8 positive
and 9 negative peaks in the raw data are detected successfully.

It Fig. 18, it presents a result of the same signal using the
baseline correction method proposed by Mazet er al. [21] as
a comparison. The Mazet’s method uses polynomial fitting to
derive the baseline, and the polynomial order is estimated by
minimizing a non-quadratic criterion. Comparing the results in
Fig. 16, 17, and 18, it can be found that the baseline obtained
by the Mazet’s algorithm is quite rough at some key positions
(such as the starting points of some peaks). The results by the
Mazet’s method also contain many fake detections when it
deals with the subtle noise and the drifting, being miscounted
for charge peaks. To remove the fake detections of the peaks,
the current method has a great advantage.

For bipolar charge signals, the processed results still contain
some errors as the proposed method only finds part of the
baseline points to make a rough estimate of the baseline.
To quantify the error and verify the repeatability of the algo-
rithm, more experiments with a specific number of particles
have been carried out, which four groups (the total number
of particles are 20, 40, 60, and 100, respectively, contained
the same number of calcium carbonate and polypropylene
particles) are used. The error can be calculated by:

error pos number pos errorpeg

error =

number,os  numberiorq  humberyeg

numberyeg errorpos + erroryeg

“)

numberioral number;oral

where errorp,s and errorpe, are the difference between the
actual number of peaks and the number of peaks given by the
algorithm for positive and negative charges.

From the experimental results (in Fig. 19), the error of the
four signals before hump removal is about 25-30%, which is
relatively high. However, after the hump removal, the error
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Fig. 19. The error analysis for different numbers of particles used in one
detection.

of the algorithm drops significantly. Especially when number
of particles increases to more than 50, the error is dropped
to within 3%. It suggests that the hump errors caused by an
inappropriate baseline have a huge impact on the results. While
focusing on the accuracy of baseline tracking, the proposed
algorithm also generates many hump errors, but the errors can
be reduced by the hump removal.

In addition, efficiency of the program developed has been
evaluated and optimized. Because the dynamic time warping
algorithm needs to build a cumulative distance matrix to
obtain the similarity, in charge signals a single trend may
contain thousands of data for a total 60,000 data in current
single test. It is very time-consuming to generate a large
cumulative distance matrix and calculating the values of the
elements. In detection of baseline points between opposed-
polarity peaks, the efficiency of the program is very poor when
a high number of peaks are dealt with, and it may take hours to
solve all the data. To improve the efficiency of the program,
the detection interval is increased when the baseline points
between the bipolar peaks are detected. Instead of traversing
every data point, 20 evenly distributed data points are used
on each trend, and one of the most suitable baseline points is
selected. With the improvement, the processed results show the
same accuracy as before, but the running time of the program
is significantly reduced to less than five minutes.

To achieve a faster detection speed, the number of sampling
points on a single trend can be reduced further, because
20 sampling points is still in a sufficiently accurate sampling
range. Sample points can be set to 15 or 10 depending on the
signals obtained, which can reduce the detection time further
in a few seconds. This approach is flexible, which allows for
trade-offs between accuracy and processing time by changing
the sampling interval.

VI. CONCLUSION

Static charges measured by an inductive sensor are highly
depended on baseline tracking in the signal process. The
study shows that none of the exiting methods can deal with
the complexity of bipolar charge signals in baseline tracking.
A new baseline tracking method has been developed based on
types of charge polarity in the charge signals.

For unipolar charge signals, the study shows that polarity
and distribution of the signals can be obtained simply by
calculating magnitude of the paired poles without baseline
tracking. For any bipolar charge signals, variation of baseline
points detected in between the opposed peaks prevents correct
tracking. Therefore, a similarity comparison method between
a standard charge template and a charge signal based on
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dynamic time warping (DTW) algorithm has been developed
and show great advantages for baseline tracking of bipolar
charge signals. However, ‘humps’ errors due to slow drifting
in the signals result in huge errors. By an evaluating sharpness
of peaks method, the experiment results show that the error
rate of the algorithm in a detection can drop from about 30%
down to about 3%.

One drawback of the proposed method is a large processing
time due to the number of data points processed. With an
acceptable accuracy, the time can be reduced by control of
the data points or increasing the sampling interval. User-
defined similarity thresholds and sampling intervals make this
algorithm flexible. The study shows the similarity of 0.999 is
key threshold to distinguish a true peak in a raw signal.

In the study, some further works are remaining. As selection
of standard template signals for determining the threshold
value used is crucial, selection criterions need to be studied for
more situations to avoid any deviation in the selection. Also,
other methods for hump errors removal in baseline correction
need to be studied in future.
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