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Abstract
In order to recognise the noise source of a warp knitting machine, a method based on Modified Ensemble Empirical Mode Decomposition (MEEMD) and Akaike Information Criterion
(AIC) is proposed. The MEEMD_AIC method is applied to measure the noise signal of a warp
knitting machine and analyse every single effective component selected. Noise source identification is realised by combining the vibration signal characteristics of the main parts of the
warp knitting machine. Firstly, MEEMD is used to decompose the measured noise signal of
the warp knitting machine into a finite number of intrinsic mode function (IMF) components.
Then, singular value decomposition (SVD) is performed on the covariance matrix of the
component matrix to get the eigen value of the matrix. Next, the number of effective components is estimated based on the AIC criterion, and the effective components are selected by
combining the energy characteristic index and the Pearson correlation coefficient method.
The results show that the noise signal of the warp knitting machine is a mixture of multiple
noise source signals. The main noise sources of the warp knitting machine, including the
vibration of the pulling roller, the main shaft of the loop forming mechanism and the push
rod of the guide bar traverse the mechanism, provide theoretical support for recognition
of the active noise reduction of the warp knitting machine using the MEEMD_AIC method.
Key words: warp machine, noise source identification, modified ensemble empirical mode
decomposition, Akaike Information Criterion.

pact, friction and other conditions often
with more than one noise source. Even
the same sound source often has multiple
parts that produce sound, and the noise
condition is unusual and complex. Therefore, it is necessary to clearly grasp the
characteristics of each sound source and
the weight of its total noise, as well as to
locate and identify the main sound sources in order to formulate reasonable noise
reduction measures for a warp knitting
machine with multiple noise sources.

Introduction
OSHA [1] stipulates that for single level
noise, continuous noise exposure shall
not exceed 90 dB when working for
more than 8 hours. In 2013, China’s newly revised GB/T 50087-2013 “Code for
the Design of Noise Control of Industrial
Enterprises” [2] stipulates that the noise
floor of the workshop is 85 dB, which is
5 dB lower than OSHA. Even with improvement of the characteristics of the
warp knitting machine, such as making
it wide, heavy, high-speed and complex
in the mechanism, the noise generated is
greater. Therefore, research on the noise
reduction of textile machinery is urgent
and of great significance.
Generally speaking, the structure of the
warp knitting machine is as complex as
its transmission path. In the weaving
process, there is high-speed rotation, reciprocating, multi-motion coupling, im-

The problem of Blind Source Separation
(BSS) [3] is to separate and identify the
noise source signal from the observation
signal, which is obtained by mixing the
unknown source signal, which mainly
includes two parts: source number estimation and source separation. Because of
the complexity of the warp knitting machine structure and the numerous noise
sources, the first step is to estimate the
number of sources before source identification under the condition of limited
experimental conditions; however, the
number of noise sources cannot be determined directly in the actual test process. Empirical Mode Decomposition
(EMD), which was proposed by Huang
E [4] et al, is a blind signal processing
method to stabilise non-linear non-stationary signals. Modified Ensemble Empirical Mode Decomposition (MEEMD),
which was proposed by Lian C [5], is
an improved algorithm of EMD, which
can solve the modal aliasing problem of
EMD and the modal splitting problem of
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Ensemble EMD (EEMD) [6]. At present,
EMD and its improved algorithm have
been widely used in many fields, such as
fault diagnosis [7-8], weather prediction
[9-10], medical and health care [11], etc.
In this paper, the MEEMD algorithm is
combined with the Akaike Information
Criterion (AIC) source number estimation
method and MEEMD_AIC method for the
noise source identification of warp knitting machines. Then the MEEMD_AIC
method is applied for identification of the
noise source of a warp knitting machine,
and its main noise source is accurately
identified, which provides theoretical
support for the active noise reduction of
the warp knitting machine.

Noise characteristic analysis
of a warp knitting machine
Structure of the warp knitting
machine
In this paper, the experiment object is
a 3.5 m double needle bed warp knitting
machine, produced by the Karl Mayer
Company of Germany, which is shown
in Figure 1. The components of this machine are shown in Figure 2. The warp
knitting machine is mainly composed
of four parts: the let-off mechanism, the
loop forming mechanism, the guide bar
traverse mechanism, the pulling and coiling mechanism, the driving mechanism
and the auxiliary device. Among them,
the let-off mechanism is mainly used
to send the warp yarn to the loop form-
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Figure 1. Structure
of warp knitting machine.

Table 1. Main vibration frequency of the
warp knitting machine parts.
Part

Main vibration
frequency, Hz

Main motor

35.45

Pulling motor

60.437

Guide bar

15.45

Sinker

5

Guide bar moving putter

35.45

Yarn guide rod

15

a)

Lever 1

5

Lever 2

15

Lever 3

5

Machine base

5.15.45

Warp beam

ing mechanism with a certain amount
of let-off for knitting; the loop forming
mechanism is used to complete the loop
forming movement of the warp knitting
machine; the main function of the guide
needle on the guide bar is to control the
traverse movement before and after the
warp knitting machine, and assist the
loop forming mechanism in completing
the fabric weaving; and the pull and takeup mechanism carries out loop forming
The coil is pulled away from the knitting
area at a certain speed and wound on
the winding shaft with a certain tension.

The main function of the transmission
mechanism is to coordinate the work of
each part and complete the warp knitting
process, while the auxiliary mechanism
is mainly used to realise intelligent production on the warp knitting machine.
Under the operating condition that the
main shaft speed of the warp knitting
machine is 300 rpm, LV-FS01 and Quick
Signal Analyzer (Quick SA) real-time
signal analysis software are used to collect the vibration signals of the main
vibration parts of the warp knitting machine, and the collected vibration signals
are analysed one by one. The main vibration frequencies of the parts are shown in
Table 1. The sampling frequency is set to
8192Hz and the sampling time is 4 s.
The acquisition and preprocessing
of noise signals
Under the same conditions, the noise signals of the warp knitting machine near
the workers’ ears are collected. According to GB/T 7111.6-2002 “Textile machinery – Noise test code Part 6: Fabric
manufacturing machinery”, the sound
pressure sensor is arranged at a distance
of 1 m from the machine surface, and at
a height of 1.6 m from the table position.

b)

Guide bars
Sinker
Guide needle
Knitting
needle

Guide rob
c)

d)

Figure 2. Schematic diagram of each composition of the warp knitting machine: a) warp let-off mechanism, b) loop forming mechanism,
c) guide bar traverse mechanism, d) pulling and coiling mechanism.
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Figure 3. Experimental arrangement.

Sound pressure, Pa

module
NINImodule

LabVIEW data
LabVIEW
data
acquisition
acquisition
program
program

Sound pressure/Pa

b)

0

500

2
0
-2
-4

0

0.2

0.4
0.6
Time/ss
Times,

0.8

1

Figure 4. Figures for the pretreatment of the noise signal: a) waveforms of the signal, b) spectrum of the signal.

An appropriate window function is used
for short-time Fourier transform of the
noise signal near the workers’ ears. It is
clear from the time-frequency diagram
shown in Figure 5 that the noise source
is not unique. The signal characteristics of
each frequency band are shown in Table 2.

All the noise signals collected are analysed preliminarily. In order to improve
the computational efficiency, a typical
data length of 1 s is selected as the analysis object. The signal waveform and
spectrum obtained after the fast Fourier
transform of the signal are shown in Figure 4.

The heart of the MEEMD_AIC approach
is the MEEMD algorithm and AIC guide-
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2000

4

The noise signals are collected in this
experiment by a sound pressure sensorBK4961, combined with an NI-9234 C
Series sound and vibration input module
and corresponding LabVIEW data acquisition program. The sampling frequency
is 8192 Hz and the sampling time 8 s.
A total of 6 experiments are carried out,
and the experimental site layout is shown
in Figure 3.

lines. From the MEEMD_AIC algorithm
flow chart shown in Figure 6, the specific steps are as follows:
1) MEEMD decomposition of the signal. MEEMD decomposition of the
single-channel observation signal
yields a finite number of IMF components.
a) Add two sets of positive and negative
white noise signals of equal absolute
value to the signal to be decomposed
so that the time scale of the signal is
continuous and then do EEMD de-

MEEMD_AIC noise recognition
algorithm

Table 2. Signal characteristics of each frequency band.
Frequency band

Signal characteristics

400-600 Hz

Showing a certain periodicity, and with the spindle rotation cycle

200-300 Hz

Periodicity is not obvious, but 5 Hz time-frequency changes can still be distinguish

100 Hz or so

Signal did not change significantly over time, time-invariant stable signal

0-50 Hz

Signal did not change significantly over time, time-invariant stable signal

dB

1000

-10

600

-15
400

-20

200
0

Figure 5. Time-frequency of the signal.
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In the working condition where the spindle of the warp knitting rotates at a speed
of 300 r/min, the movement frequency of
the impact and friction between various
parts of the knitting elements is 5 Hz.
However, the fact that the impulse noise
in the noise signal is covered by the background noise leads to the result that the
impact characteristics of the 5 Hz signal
cannot be identified through the noise
signal waveform shown in Figure 4.a.
Figure 4.b is the amplitude and frequency of the noise signal. It is seen in the figure that the frequency of the noise signals
is mainly distributed below 400 Hz. And
the frequency component is complex,
mainly composed of low-frequency noise
within 0-100 Hz.
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MEEMD_AIC

Observation
signal x(t)

(1)

MEEMD

(4)

IMF components
(matrix D)
Covariance matrix of
matrix D

(2)

Noise
sources
Signal
characteristics
analysis

es in the background of coloured noise
is poor. For this reason, Rui Chen [12]
smoothed out the noise eigenvalues
by diagonally loading the covariance
matrix so that the improved method can be applied to the background
of coloured noise. The corrected eigenvalue μi = λi + λDL, i = 1, 2, Λ, m,
where the loading

Valid
Related
components
characteristics
index calculation

SVD

λ1 ≥ λ2 ≥ L ≥ λm
AIC

ter eigenvalue correction:

(3)

The number of
effective components

(2)
Where, N is the number of samples, and
k = 1, 2, Λ, m – 1. Calculate the AIC value of k from 1 to m – 1. The k corresponding to the smallest AIC value is the number n of effective components.

Figure 6. Flow chart of MEEMD_AIC algorithm.

RES IMF9 IMF8 IMF7

IMF6 IMF5 IMF4 IMF3 IMF2 IMF1

2
0
-2
2
0
-2
2
0
-2
1
0
-1
1
0
-1
1
0
-1
0.5
0
-0.5
0.2
0
-0.2
0.2
0
-0.2
0.5
0
-0.5

Combining the energy characteristic
index with the Pearson correlation coefficient method [2], the total energy of
each IMF and the correlation coefficient
between the IMFs and the original signal
are calculated, separately, and all the IMF
components obtained after signal decomposition are reordered to find the most
significant components n of the relevant
feature index.
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Figure 7. Results of MEEMD decomposition.

composition with the same number of
aggregate average on the two groups
of signals;
b) The residual white noise can be eliminated to the greatest extent by averaging the corresponding components
of the two groups of decomposition
results in a);
c) Since the result of the aggregate average is not necessarily the standard
IMF component, EMD decomposition is needed for this group of components; Finally, MEEMD can be expressed as:
(1)
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. Af-

The dl(t) in Eq. (6) represents the IMF
component obtained finally, l = 1, 2, Λ, m,
and r(t) represents the final residual component.
2) Estimate of the number of effective
components.
a) After the signal is decomposed by
MEEMD, the IMF component matrix
is obtained. By SVD decomposition
of the covariance matrix of the matrix,
multiple eigenvalues corresponding to
IMF components can be obtained.
b) Due to the noise background of the
warp knitting machine being coloured
noise, the accuracy of the AIC criterion for estimating the number of sourc-

3) Screening effective components.
Combining the energy characteristic
index with the Pearson correlation
coefficient method [2], the total energy of each IMF and the correlation
coefficient between the IMFs and the
original signal are calculated separately, and all the IMF components obtained after signal decomposition are
reordered to find the most significant
components n of the relevant feature
index.
4) Noise source identification. In turn,
the effective components n are analysed for signal characteristics to complete the noise source identification.

Noise source identification
of warp knitting machine
MEEMD Decomposition of Noise
Signal of Warp Knitting Machine
MEEMD decomposition of the noise signal was done. The white noise amplitude
was added to 0.2 times the rms value of
the noise signal, and the lumped average
FIBRES & TEXTILES in Eastern Europe 2020, Vol. 28, 3(141)
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Figure 8. Calculation results of AIC.
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Figure 9. Amplitude-frequency diagram of effective components
Time-frequency diagrams of components IMF3 and IMF4 are shown
in Figure 10.
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Figure 10. Time-frequency of IMF3 and IMF4: a) IMF3, b) IMF4.
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Figure 11. Time-frequency of IMF3 of the background noise.
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Figure 12. Time-frequency of IMF3 of the pulling motor.

Table 3. Calculation results of all IMF components.
Component

IMF1

IMF2

IMF3

IMF4

IMF5

IMF6

IMF7

IMF8

IMF9

Total energy/Pa2

241.940

168.338

205.023

167.530

212.304

112.240

29.103

11.653

3.127

Correlation coefficient

0.455

0.406

0.422

0.414

0.400

0.315

0.165

0.044

0.026
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Figure 13. Amplitude-frequency of IMF5 and IMF6.

was 200 times. 9 IMF components were
obtained. The decomposition result is
shown in Figure 7.
Estimation of effective component
number of warp knitting machine
noise
The covariance matrix of the IMF component matrix is calculated and SVD
decomposed. The following eigenvalues
were obtained: 0.1215, 0.1103, 0.1017,
0.0838, 0.0809, 0.0559, 0.0144, 0.0057,
0.0016. The AIC value after eigenvalue
correction is shown in Figure 8. The estimated number of valid components is
6 as the smallest AIC value corresponds
to k = 6.
Screening of effective components
of warp knitting machine noise
Combining the evaluation index of energy characteristics and Pearson’s correlation coefficient method, the total energy
and correlation coefficient of each IMF
with the original signal are calculated.
respectively. The calculation results are
shown in Table 3. It can be seen from Table 3 that the total energy and correlation
coefficients of the IMF1 ~ IMF6 components are large. As the number of effective components of the warp knitting
machine decomposed by MEEMD is 6,
components IMF1 ~ IMF6 are effective.
Components IMF7 ~ IMF9 are false as
their total energy and correlation coefficient are small.
Characteristic analysis of effective
noise components and noise source
identification
Each amplitude-frequency figure of
each effective component of warp knitting machine noise shown in Figure 9 is
obtained through the Fast Fourier trans-
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form. Comparing the amplitude-frequency figures, it can be seen that the IMF1
and IMF2 components have a wider
frequency distribution but a smaller amplitude, being similar to the components
obtained after MEEMD decomposition
of Gaussian white noise. Therefore, it can
be determined that components IMF1
and IMF2 are background noise without
noise source units.
Background noise signals in the factory are collected and decomposed by
MEEMD. Component IMF3 of the decomposition results is shown in Figure 11. Comparing Figure 11 with Figure 10.a, it can be found that the frequency distribution of the two components is
similar and that all signal frequency characteristics change with time. Therefore, it
can be judged that component IMF3 of
the warp knitting machine noise is also
derived from the background noise.
It is known from Table 1 that there is
more than one excitation source of the
pulling motor vibration signal. Decomposing the signal through MEEMD, the
time-frequency diagram of IMF3 is obtained, shown in Figure 12. Comparing
Figure 12 with Figure 10.b, it can be
found that their time-frequency characteristics are consistent. The pulling roller
controlled by the pulling motor is long,
leading to an obvious vibration. As a result, component IMF4 of the warp knitting machine noise signal comes from the
vibration of the pulling roller.
Because of the fact that the signals of
IMF5 and IMF6 from Figure 7 are not
obvious with time, they can be regarded as time invariant signals. The amplitude-frequency images of IMF5 and
IMF6 are extracted from Figure 9 and

amplified in the frequency axis, resulting
in Figure 13. It is shown in Figure 13
that the main frequencies of component
IMF5 are 35 Hz and 45 Hz. It can be seen
from Table 1 that the main vibration frequency of the main motor and guide bar
moving putter are both 35 and 45 Hz. It
is known that the motor of the guide bar
moving elements and the main motor are
mounted on the same side of the warp
knitting machine rack. The vibration intensity is greater because their vibrations
can pass to each other. Hence, the noise
shown by component IMF5 is the sum of
the vibration noise of the spindle in the
looping mechanism and the guide bar
moving putter.
The frequency of the IMF6 component
in Figure 13 is mainly distributed below
20 Hz. The audible frequency range of
the human ear is from 20 Hz to 20 kHz.
The noise shown by the component is out
of the range, and hence it is not needed
for noise source identification.

Conclusions
In this paper, using the MEEMD_AIC
algorithm combined with the warp knitting machine structure characteristics and
related experimental analysis, the noise
sources of the warp knitting machine are
identified, concluded as follows:
1) This paper presents a MEEMD_AIC
algorithm which is suitable for the
noise source identification of warp
knitting machines. Experiments show
that the algorithm can accurately identify the effective components from
a single-channel noise signal, and it is
suitable for the analysis of the noise
signal of warp knitting machines.
2) The MEEMD_AIC algorithm is used
to deal with noise measured near
the ear of the warp knitting machine
worker. Six effective components of
the noise of the warp knitting machine
are obtained, among which the first
three are noise components coming
from the background noise.
3) Based on the analysis of the remaining 3 effective components, combined
with the vibration characteristics of
each machine part of the warp knitting
machine, it is concluded that the noise
near the ear of the warp knitting machine worker is mainly composed of
the vibration noise of the pulling roller, the spindle in the looping mechanism and the guide bar moving putter.
FIBRES & TEXTILES in Eastern Europe 2020, Vol. 28, 3(141)
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