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ABSTRACT The high-frequency information of downhole vibration can record more specific details about
the dynamic response of bottom hole assembly (BHA), which is conducive to analyzing downhole abnormal
vibration and diagnosing drilling tool failure. However, high frequency measurements would generate a large
amount of data, which is a huge challenge for data storage. To cope with this challenge, this work proposes
applying compressive sensing theory to high-frequency measurement of downhole vibration signals and
failure analysis of drilling tools. First, three ADCs clocked at different sub-Nyquist frequencies are used
to collect and store downhole vibration signals. Then, the stored sparse vibration data is reconstructed into
complete vibration signal by an improved OMP signal reconstruction algorithm. The performance of the
proposed method has been investigated via a series of experiments by applying simulation and real vibration
signals, which show that the proposed method can reconstruct the downhole vibration signal well and
significantly reduce the pressure of acquisition and data storage. This method provides a new way to obtain
the high-frequency measurement data of downhole vibration, and provides a data basis for further mastering
the comprehensive law of downhole vibration, diagnosing abnormal downhole vibration, and drilling tool
failure.

INDEX TERMS Downhole vibration measurement, compressed sensing, drilling tool failure.

I. INTRODUCTION

In the process of drilling, bottom hole assembly (BHA) often
encounters serious vibration problems, which will affect the
rock-breaking effect, reduce the drilling efficiency, and even
lead to drilling tool failure and downhole accidents [1], [2],
[3]. The vibration information of BHA is very complex,
which includes the vibration of drilling tools themselves, the
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vibration excited by the interaction between BHA and the
formation, and the vibration caused by the collision between
BHA and the borehole wall. The vibration signal of BHA is
the key to analyzing the real downhole working condition.
Also, the measured vibration signals can be used for anomaly
detection and fault diagnosis [6], [7], [8]. The theoretical
analysis results have some limitations and cannot reflect the
real situation of downhole vibration well [4], [5]. Therefore,
itis necessary to measure the downhole vibration signal. Gen-
erally speaking, the downhole vibration measuring devices
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include online upload vibration measuring equipment and
offline working micro vibration recorder. In the online upload
vibration measuring equipment, the vibration information of
BHA collected by the three-axis accelerometer is transmitted
to the ground terminal through the mud pulse technology.
The disadvantage of these online upload vibration measuring
equipment is that the sampling frequency of equipment for
downhole vibration is shallow. Only some statistical results,
such as the maximum vibration value, can be uploaded due to
mud pulse technology’s several bits per second transmission
speed [9], [10], [11]. Many scholars and drilling companies
have recently researched and developed miniaturized offline
downhole vibration recorders, such as NOV’s BlackBox,
Schlumberger’s MVC, Baker Hughes’s CoPilot, etc. [12],
[13], [14]. Most of these miniature vibration recorders are
deployed in the modified drilling motor to work offline.
They use high-temperature batteries to supply power and
independently collect and record downhole vibration signals
for several months. Through in-depth analysis of the down-
hole vibration signals measured by these miniature vibration
recorders, it can be found that the high-frequency measure-
ment results of downhole vibration signals can record the
dynamic response of downhole drilling tool assemblies in
more detail, which is beneficial to the analysis of abnor-
mal downhole vibrations and the diagnosis of drilling tool
faults [15], [16], [17], [18]. In 2016, Jeremy summarized the
classification of downhole vibration and the corresponding
frequency range and discussed the necessity and benefits
of the high-frequency vibration measurement [17]. In 2021,
Matheus et al. obtained the high-frequency measurement sig-
nal of vibration by using the offline downhole vibration mea-
surement method with a sampling frequency of 31250 Hz and
conducted the “ECG” diagnosis of the downhole vibration
signal through the spectrum diagram of the high-frequency
measurement data. It was found that these high-frequency
data (300 times the frequency of the standard measurement
signal) can record more specific details about the dynamic
response of the drilling tool, which is beneficial for ana-
lyzing and diagnosing abnormal vibration in the well [18].
In 2023, Srivastava et al. discussed sampling frequency of
measurements greatly impacts the detection of downhole
vibrations. The research results show that high-frequency
acquisition helps to clearly observe all the characteristics of
the drill string vibration [19], [20], [21]. Downhole vibra-
tion measurement equipment needs to work underground for
a long time, and the high-frequency detection information
of downhole vibration signals generates a large amount of
measurement data, which poses a great challenge to the data
storage of downhole micro-vibration recorders.

Compressed sensing (CS) theory provides a new promising
for solving this kind of problem, which is widely used in ana-
log information converter (AIC), medical CT image compres-
sion, image reconstruction and denoising, radar detection,
speech recognition, and many other fields [22], [23], [24],
[25], [26]. CS theory breaks through the traditional Nyquist
sampling theorem’s limitations and can reduce the pressure
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of high-frequency signal acquisition and a large amount of
data storage [27], [28]. For vibration signals, Kang et al. have
exploited a post-processing scheme to reduce the reconstruc-
tion error of CS for structure vibration signals [29]. Chaoyang
et al. have proposed a CS method for pump-bearing vibra-
tion signals based on the adaptive sparse dictionary model
[30]. Qiang et al. have developed an improved CS algorithm
for vibration signal processing by taking advantage of the
multi-task Bayesian CS and classification theory in the diesel
engine health monitoring system [31]. Kato combined a ran-
dom start uniform sampling method (RSUSM) with CS and
apply it to the fault detection of propellers. In the above
studies, it is shown that CS technology can be used to
compress the vibration data of different equipment, and can
perform signal reconstruction and subsequent fault diagnosis
[32], [33]. The application of CS theory in vibration signal
measurement has involved sparse dictionary representation of
vibration signals, optimization of observation matrix, signal
reconstruction, and other aspects [34], [35]. However, the
research on direct application to downhole vibration signal
measurement is still relatively less.

In our previous work, we made a preliminary study on
the downhole signals acquiring method using compression
sensing technology, however the random modulation of the
hardware circuits is complex and not applicable to downhole
work [36]. This work uses three low-speed ADCs with differ-
ent sampling rates to collect and store the downhole vibration
signal at the low-frequency region. Then the stored sparse
data are used to reconstruct the high-frequency measuring
information of downhole vibration signals through the signal
recovery algorithm. Compared to high-speed ADC sampling
and storage, this sparse data sampling and storing way can
significantly reduce the data storage pressure of a minia-
ture vibration recorder. Furthermore, the performance of the
proposed method has been investigated via a series of exper-
iments. Therefore, this work may provide good data support
for further mastering the comprehensive law of downhole
vibration and diagnosing downhole abnormal vibration.

Il. SYSTEM CONFIGURATION OF THE PROPOSED
METHOD
According to the CS theory, if the measured signal itself
or in a transform domain (W is the sparse basis matrix) is
sparse, the high-dimensional signal V(t) can be projected
onto a low-dimensional space by constructing an eligible
observation matrix ® to obtain the low-dimensional observa-
tion signal Y. Then a signal recovery algorithm can be used to
reconstruct the measured signal precisely. The system process
of the typical CS-based method is shown in Fig. 1.
Traditional CS-based method requires the original analog
signal to be pre-modulated with a pseudo-random sequence at
the Nyquist rate [37]. Different from the traditional CS-based
methods, the proposed CS-based method directly samples the
information of vibration signal through three parallel ADCs
clocked at different sub-Nyquist sampling rates, thereby it
can reduce the pressure of massive data storage. The data
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FIGURE 1. The system process of the typical CS-based method.

sampled by one of ADCs is a constant when the frequency of
the measured signal is a multiple of one, the recovered signal
may have multiple solutions if only by two ADCs, thus three
parallel ADCs are used to collect enough information instead
of two ADC:s. The structure of the proposed method is shown
in Fig. 2. As can be seen from Fig. 2, the downhole vibration
signal V(t) is concurrently sampled by three parallel ADCs
clocked at the different low sampling rates, and obtain three
sampling sequences V{(t), Va(t), and V3(t). The set of these
samples is the sparse signal Y. When the downhole vibra-
tion recorder finishes its downhole work, the high-frequency
downhole vibration signal information can be reconstructed
from the observation signal Y by utilizing the signal recovery
algorithm of CS technology.

Parameters N is the number of samples obtained from the
high-frequency downhole vibration signal, f. is the expected
high sampling frequency, N1, N> and N3 are the ratios of f;
to three low-rate ADCs respectively, M1, M> and M3 are the
numbers of samples of three low-rate ADCs respectively, Mis
the total number of samples of three low-rate ADCs.

1IIl. APPLICATION OF CS THEORY IN THE PROPOSED
METHOD

The application of CS theory includes the sparse dic-
tionary, the observation matrix, and the signal recovery
algorithm. For the downhole vibration signal, the sparse dic-
tionary is the Fourier dictionary, which can be expressed as
in (1), shown at the bottom of the page.

From Formula (1), it can be seen that Wy is composed of
N spectral components (also known as N atoms), and the
spectral resolution is fo/N. The observation matrix ® can be
constructed through the way of sparse sampling, namely

o =[p", 0", y'1" 2

where ¢, ¢, and y are the matrixes of three low-rate ADCs
which satisfied the Whittaker—Shannon interpolation, and
these matrixes can be expressed as

¢(m,n) =sincc(mN; —n), 1 <m<M;,1 <n<N
o(m,n) =sinc(mNr, —n),1 <m<My,1 <n<N

y(m,n) =sinc(mN3 —n), 1 <m<M3,1 <n<N

3

The essence of the signal recovery algorithm is to find the
sparsest expression of the measured signal in the projecting
process, and the projection coefficients matrixes are needed to
be calculated. The more dictionary atoms, the longer the cal-
culation process takes. However, the more dictionary atoms
represent the high spectral resolution of the dictionary, which
would be closer to obtaining the sparsest expression of the
measured signal. A group of layered dictionaries with W and
W, is advanced to solve the contradiction between computa-
tional complexity and spectral accuracy. ¥; is an ultrahigh
spectral resolution dictionary, which can be expressed as in
(4), shown at the bottom of the page, where p is the multiple
of the spectral resolution coefficient. At last, an improved
OMP signal recovery algorithm with layered dictionaries is
addressed. The essence of the signal recovery algorithm is to
find the sparsest expression of the measured signal. The more
dictionary atoms, the longer the calculation process takes. In
the improved OMP signal recovery process, ¥; is used to
determine the approximate projection range of W, and then
the corresponding parts of W, are used to make the further
sparse expression. Thus the total number of atoms in the

1 1 1 : 1
1 1 ejZn/N ejanZ/N ejZnX(N—l)/N
v =— ey
VN
1 ejZnX(N—l)/N ejZnXZX(N—l)/N e]'ZnX(N—l)X(N—l)/N
1 1 1
1] 1 @27/ (pN) @27 X2/(pN) 27X (N=1)/(pN)
W= @)

1 @27 xX(PN=D/(pN) 427 x2x(pN—=1)/(pN)
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FIGURE 2. The structure of the proposed CS-based method.

calculation process can be greatly reduced, namely

Y=xV=0xV¥; xX| =4, x X (1)

5
YZqDXV:q)X\UzXXz:AzXXQ(Z) ()

A1 and A; are sensing matrices with low and spectral reso-
lution, respectively. The flowchart of the proposed improved
OMP algorithm is shown in Fig. 3.

IV. NUMERICAL SIMULATION AND DRILLING TOOL
FAILURE ANALYSIS

A. NUMERICAL SIMULATION

In our work, the value of N is set as 2000. In order to retain
the integrity of the measured data information, M should meet
the following formula:

M > 2K -In (N /K) (6)

where K is the sparsity of the measured signal. The calcu-
lation results of the minimum required sparse samples are
shown in Tab. 1.

In order to enhance the performance of CS-based method,
N1, Ny and N3 are chosen to be co-prime consecutive integers,
which should be much bigger than 1. In our work, the values
of N1, N, and N3 are choose as 53, 54 and 55 respectively, the
value of M1, M, and M3 are 37, 37 and 36 respectively, and
the value of M is 110. The expected high sampling frequency
is set as f, =5 kS/s, and the sampling rates of low-rate ADCs
are fi = f. /53, f» =f. /54 and f3 = f, /55 respectively. The
multiple of spectral resolution coefficient p is set as 20.

The measured vibration signal is set as multi-frequency
components, and its expression can be described as follows:

5
V(t) = Vicosmfit — pi) 7

i=1
where V;, f;, and p; are the corresponding amplitude, fre-
quency, and initial phase of each frequency component,
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FIGURE 3. The flowchart of the proposed Improved OMP algorithm.

respectively. The number of frequency components is 5, and
the amplitude of each frequency component is randomly
selectedtobe 15.7¢g,7.1g,8.0g,9.5 g, and 5.6 g, respectively.
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TABLE 1. Calculation results of minimum sparse sampling points
required.

N K=1 K=2 K=5 K=10 K=20
300 12 21 41 69 109
500 13 23 47 79 129
1000 14 25 53 93 157
2000 16 28 60 106 185

The frequencies of each frequency component are 339.4 Hz,
68.1 Hz, 159.3 Hz, 24.3 Hz, and 6.7 Hz, respectively. The ini-
tial phases of each frequency component are 7/12, 7/4, -7 /6,
/3, and -7/5, respectively. The waveform of the measured
signal and its local amplification are shown in Fig 4.
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FIGURE 4. The waveform and its local amplification diagram. (a) the
waveform of the vibration signal; (b) Locally enlarged view.

B. SIMULATION RESULT AND DISCUSSION

According to the layered dictionaries described above,
an indexed dictionary ¥; and a fine dictionary W, with high
spectral resolution are constructed. ¥ has 2000 atoms, and
the length of each atom is 2000. It contains a spectral range of
0~5 kHz, and the spectral resolution is 5 kHz/2000=2.5 Hz.
W, has 40000 atoms, and the length of each atom is 2000,
and the spectral resolution is 5 kHz/40000=0.125 Hz. The
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observation matrix @ is established through Formula (2),
whose size is 110 x 2000. The samples of two low-rate ADCs
are re-sequenced to form the sparse signal Y, which is shown
in Fig 5. Then the improved OMP recovery algorithm is used
to obtain the measured signal at an expected high sampling
rate. The sensing matrices Ay and A with the low and
spectral resolution are Calculated by utilizing Formula (5).
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FIGURE 5. The samples of sparse signal.

At the first iteration, the projection result of residual signal
r on A is shown in Fig. 6(a). From Fig. 6(a), it can be seen
that the maximum projection coefficient on Aj is column
137, and it can be calculated that the corresponding projection
range of Az is column 2700~2740. The projection result of
r on columns 2700 ~2740 of A, are shown in Fig. 6(b).
It can be seen from Fig. 6(b) that the maximum projection
coefficient of Aj is column 2716. Therefore, the atom of ¥,
that best matches the measured signal at the first iteration
is the 2716th atom, which indicates that the corresponding
frequency of 339.375 Hz best represents the measured signal
found in the first iteration. Then the 2716th atom is added
to the support set to update r, and the result is shown in
Fig. 6(c). The above process is repeated until the modulus
of r is below the set threshold, and an atom that best repre-
sents the measured signal is searched for to update r at each
iteration. The relative error of r with iteration times is shown
in Fig. 6(d).

Finally, the approximation X# of X5 is obtained, and the
reconstructed waveform is shown in Fig. 7. It can be seen
from Fig. 7(b) that the time interval between two adjacent
nodes of the reconstructed waveform is 0.2 ms, which indi-
cates that the expected high sampling rate reaches 5 kS/s. The
error of the reconstructed signal obtained by the proposed
method is 2.17% after 11th iteration. Randomly change the
frequency, amplitude and initial phase of the signal, and
repeat the above simulation process over 200 times. The
simulation results show that the average reconstructed error
is ~2.61%, which means a good reconstructed effect by
the proposed method. The value of N and M are 2000 and
110 respectively, hence the compression ratio of the proposed
method is 18.2.
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FIGURE 6. Reconstructed process of the measured signal. (a) The
projection of r on A1 at the first iteration; (b) The projection result of r on
corresponding projection range of A2 at the first iteration; (c) r before
and after update at the first iteration; (d) Relative error of r varies with
iteration times.

C. RECONSTRUCTED OF VIBRATION SIGNAL AND
DRILLING TOOL FAILURE ANALYSIS

In order to further demonstrate the reconstruction effect of
the proposed method, the data collected in the laboratory

VOLUME 11, 2023
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FIGURE 7. The local waveform and frequency spectrum of the
reconstructed signal. (a) Local enlarge waveform; (b) frequency spectrum
of the reconstructed signal.

vibration table testing and cement target testing are used.
The reconstructed processes of these signals are the same
as that of the simulation signal. The laboratory test environ-
ment is shown in Fig. 8, and the vibration data acquisition
module is fixed on the vibration table for laboratory testing.
Fig. 9 is a typical set of the reconstructed and the reference
waveforms of the laboratory test. The vibration frequency of
the laboratory test is 50 Hz, and the amplitude is 20 g. The
reconstruction signal error obtained by the proposed method
is ~7.44%.

Fig. 10 is a typical set of the reconstructed and the refer-
ence waveforms of the cement target testing collected by the
vibration data acquisition module. The reconstruction signal
error obtained by this method is ~14.58%. Compared with
the recovery effect of the simulated signal, the recovery effect
of the actual vibration signal is worse. The reason is that
the actual vibration signal is complex and contains noise
components, which cannot be sparsely represented by Fourier
dictionary. In the reconstructed process of the cement target
testing, we can calculate that the atoms of W2 best matches
the measured signal are the 1th atom, 18th atom, 105th atom,
1075th atom, 1466th atom and 294th atom, which indicates
that the corresponding frequency of 0 Hz, 2.125 Hz, 13 Hz,
134.25 Hz, 183.25 Hz, and 36.625 Hz, and the frequency
spectrum of the reconstructed signal is shown in Fig. 11.
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FIGURE 8. Photo of laboratory test environment.
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FIGURE 9. Reconstruction effect and local amplification of vibration
waveform under laboratory shaking table test (a) Waveform of the
reconstructed signal; (b) Locally enlarged view.

Also, the time domain and frequency domain character-
istics of the main vibration signal can be obtained in the
reconstructed process. From the time domain waveform of
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FIGURE 11. Frequency spectrum of the reconstructed actual drilling
vibration signal.

the reconstructed vibration signal, we can obtain the maxi-
mum value of vibration amplitude and some statistical infor-
mation for a certain amplitude range. From the frequency
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FIGURE 12. Photo of different drilling tool failure. (a) MWD tool failure; (b) Tricone bit failure; (c) PDC bit failure.

TABLE 2. Main characteristics of different forms of downhole vibration signal.

Forms Frequency (Hz) Amplitude (g) Tool damage
) ) PDC bit damaged, drill string twist off or
Stick-slip 0.1~5 0~10
washout
Bit-bounce 1~10 0~100 Bit damaged and BHA washout
. . Cutter and/or stabilizers damaged, increase
Bit whirl 10~50 0~200
torque
) Cutter and/or stabilizers damaged, increase
BHA whirl 5~20 0~100
torque
Lateral shock 1~5 0~14 BHA washout
. Cutter and/or stabilizers damaged, increase
Torsional resonance 20~350 /
torque
. Cutter and/or stabilizers damaged, increase
Parametric resonance 0.1~10 /
torque
Bit chatter 20~250 / Bit damage, BHA washout
VIV 0.1~20 / Riser damage
Modal coupling 0.1~350 / Dirill string twist off

spectrum of the reconstructed of the reconstructed vibration
signal, we can obtain the main frequencies and corresponding
vibration amplitudes.

As classified by the past study [13], the frequencies,
amplitudes response, and tool damage of different forms of
downhole vibration signal is listed in Tab. 2. From Tab. 2,
we can see that the main characteristics (such as frequency
and amplitude range) of different forms of downhole vibra-
tion signal of different forms of downhole vibration signal are
different, and their damage to drilling tools is different (as
shown in Fig. 12). Among them, only Torsional resonance,
Bit chatter and Modal coupling have the high frequency
components greater than 50 Hz, and the maximum frequency
and amplitude of different forms vibration are 350 Hz and
200 g respectively. Combined with some key information
such as the time domain and frequency domain characteristics
of the downhole vibration signal and the different operat-
ing conditions of drilling tool, the failure degree and early
warning of the drilling tool may be judged. This method can
make the drilling tool fault diagnosis pay more attention to the
characteristics of high-frequency signals, while the existing
methods pay more attention to the characteristics of middle
and low-frequency signals due to the limitation of sampling
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frequency. Also, improper drilling operations and improper
drilling tool protection measures may lead to drilling tool
failure, so we need to avoid such cases [38], [39].

V. CONCLUSION

A high-frequency measurement method of downhole vibra-
tion based on compressed sensing technology is proposed.
This method provides a promising way to acquire the
high-frequency measurement data of downhole vibration,
which may be helpful for the analysis and extraction of
downhole working condition information. The results show
that the proposed method can greatly reduce the pressure for
the massive storage of downhole high-frequency signals, and
the compression ratio is 18.2. The time domain and frequency
domain characteristics and information statistics results of
reconstructed vibration data can be used to predict the failure
degree of drilling tools, so as to avoid the occurrence of
drilling accidents. Moreover, the field test will be the next
step of the project team’s work plan.
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