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Abstract—Vibration measurement is a crucial task in industrial systems, where vibration characteristics reflect health conditions and
indicate anomalies of the devices. Previous approaches either work in an intrusive manner or fail to capture the micrometer-level
vibrations. In this work, we propose mmVib, a practical approach to measure micrometer-level vibrations with mmWave radar. First, we
derive a metric called Vibration Signal-to-Noise Ratio (VSNR) that highlights the directions of reducing measurement errors of tiny
vibrations. Then, we introduce the design of mmVib based on the concept of Multi-Signal Consolidation (MSC) for the error reduction
and multi-object measurement. We implement a prototype of mmVib, and the experiments show that it achieves 3.946% relative
amplitude error and 0.02487% relative frequency error in median. Typically, the average amplitude error is only 3.174um when
measuring the 100um-amplitude vibration at around 5 meters. Compared to two existing mmWave-based approaches, mmVib reduces
the 80t"-percentile amplitude error by 69.21% and 97.99% respectively.

Index Terms—Wireless Sensing, Millimeter Wave, Vibration Measurement.

1 INTRODUCTION

IBRATION of industrial devices is generally the most
Vcommon indicator that reflects their internal states.
Damage or malfunction of the devices usually leads to
abnormal changes in their vibration characteristics, e.g.,
amplitude and frequency. Therefore, vibration measurement
is a crucial task in various industrial scenarios for anomaly
detection, fault diagnosis, and life prediction [3], [5].

Conventional approaches for vibration measurement are
based on specialized sensors or optical devices. Piezoelectric
[1] and eddy-current [10] sensors are commonly used to
provide accurate vibration measurement, but they need to
be installed on the vibration source’s surface, which could
introduce non-trivial deployment and maintenance costs.
Laser vibrometer is a promising non-contact solution for
high-accuracy vibration measurement [11], [19]. However,
its high device cost might prohibit the large-scale deploy-
ment. Recently, low-cost ranging LiDAR sensors [18], [34]
are used to measure vibration signals. But their relatively
limited range resolution and sample rate bring many chal-
lenges when restoring vibration signals.

With the rapid progress in wireless sensing, recent works
exploit Radio Frequency (RF) signal [28], [30], [32], for vibra-
tion measurement. The vibrating object is a physical reflec-
tor of the wireless signal so that its vibration changes the
propagation distance of the reflected signal. By analyzing
the phase of the reflected signal, one can obtain the vibration
characteristics or further restore the vibration signals. Com-
pared to conventional approaches, wireless-sensing-based
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Fig. 1. Vibration measurement with mmVib

measurement is low-cost and easy to deploy and maintain in
practice. However, according to the translation relationship
from the micro displacement to the signal phase, the mea-
surement precision is basically proportional to the signal
wavelength, making it very challenging for conventional RF
technologies like 915MHz RFID or 2.4GHz WiFi to perceive
micro mechanical vibrations in industry.

Owing to the short wavelength, mmWave is a more
promising technology for measuring micro displacements.
Recent works use mmWave for high-precision tracking [29],
hand gesture and human activity recognition [8], [14], object
imaging and recognition [35], [36], localization and map
construction [7], [15], [17], vital signal monitoring [4], [16],
[33], noise-resistant speech sensing [31] and water-to-air
wireless communication [25]. However, those approaches
cannot be directly applied in the vibration measurement
in industrial scenarios due to the following challenges.
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First, the vibrations of industrial devices are often at the
pum level. Although mmWave has a higher displacement
sensitivity than other RF technologies, the phase changes
caused by such tiny vibrations are easily affected by the
noise. Second, a typical scenario shown in Fig. 1 illustrates
that industrial environments are often multipath-rich. Al-
though mmWave has a better directionality than conven-
tional wireless signals, the received signal is still a mix of the
signals reflected from both the vibrating objects and ambient
reflectors. Therefore, the vibration-induced phase changes
of the received mmWave signal are often obscured and
distorted, making it extremely difficult to extract vibration
signals accurately.

To address these challenges, we propose mmVib, a prac-
tical approach that measures pm-level vibrations with the
commercial mmWave radar. mmVib inherits the charac-
teristics of wireless sensing technologies, e.g., non-contact
measurement manner, easy deployment and maintenance.
And it also has the ability to provide a high-accuracy
measurement that satisfies the pim-level requirement.

In this paper, we first discuss the key factors that affect
the vibration signal’s measurement error to motivate our
work. By analyzing the geometric features of the vibration
reflection signal in the In-phase and Quadrature (IQ) domain,
we derive a metric called Vibration Signal-to-Noise Ratio
(VSNR) to generalize the impacts of vibration amplitude,
SNR, and signal carrier frequency on the measurement
error. Our simulation shows that the measurement error is
inversely proportional to VSNR.

Then, we design mmVib that improves VSNR for accu-
rate vibration measurements with the Frequency-Modulated
Continuous Wave (FMCW) mmWave radar. mmVib adopts
the concept of Multi-Signal Consolidation (MSC) that con-
siders multi-chirp and multi-antenna properties to solve
the challenges above. For the multi-chirp property, mmVib
regroups the signal samples of one FMCW chirp to generate
multiple virtual chirps. The virtual chirps with different
carrier frequencies can provide a group of coherent obser-
vations on the same vibration signal, which significantly
improves VSNR and reduces the measurement error. For
the multi-antenna property, mmVib combines multiple RX-
antenna inputs to distinguish between reflection signals
from the vibrating objects and static clutters. Therefore, built
upon MSC, mmVib can simultaneous provides accurate
vibration measurements of multiple vibrating objects.

Last, We implement mmVib on a commercial mmWave
radar and evaluate its performance in both lab and real-
world environments. The results show that mmVib achieves
3.946% relative amplitude error and 0.02487% relative fre-
quency error in median. Typically, the average amplitude er-
ror is only 3.174um when measuring the 100um-amplitude
vibration at around 5 meters. Compared to two mmWave-
based approaches, mmVib reduces the 80"-percentile am-
plitude error by 69.21% and 97.99% respectively.

2 RELATED WORKS

In this section, we review the related literature of mmVib.
RF-based vibration measurement. As mentioned be-

fore, RF technologies with longer wavelengths have lower

sensitivity of micro displacements. For Ultra-High-Frequency

2

(UHF) RFID working at 900MHz, Tagbeat [32] manages to
measure the vibration frequency of sub-cm-level vibrations.
Following works like TagSound [13] that utilizes special-
ized hardware to sense the vibration signal embedded in
higher-order harmonics and TagSMM [30] that leverages
deployment-based calibration improves the sensitivity to
sub-mm-level. Approaches like ART [28] and UWHear
[27] use 2.4GHz WiFi or sub-10GHz UWB can sense sub-
mm-level vibrations, but they merely focus on improving
the through-wall measurement performance rather than
increasing the sensitivity.

mmWave-based vibration measurement. With a mm-
level wavelength, mmWave is naturally more suitable for
pm-level vibration measurement [4], [16], [25], [33]. Ding
et al. have proposed a theoretical signal model that trans-
lates the signal properties of FMCW chirps to the vibration
parameters [4]. However, without considering the multipath
effect, the model fails to recover the vibration signal with the
correct amplitude. To overcome the above problem, Mikhel-
son et al. analyze the reflection signal’s geometric features in
the IQ domain and introduce the geometric fitting method
to quantify static multipath reflections [16]. However, the
geometric features of tiny vibrations are less distinctive,
which degrades the fitting process’s performance. To deal
with tiny vibrations, several approaches try to combine
multiple coherent observations of the same vibration signal
to magnify the geometric features, and improve the fitting
performance [2], [12]. However, their realizations require
specialized hardware, e.g. digital phase shifter [2] or Or-
thogonal Frequency Division Multiplexing (OFDM) radar [12].

In this work, we also focus on improving tiny vibration
measurement performance with multiple coherent observa-
tions. Different from the above approaches, we theoretically
analyze why multiple coherent observations reduce the
measurement error as our motivation (§3) and provide a
purely signal processing based solution that can be applied
to commercial mmWave radars (§4)

3 MEASUREMENT ERROR AND VSNR

In this section, we first introduce the basic signal model
of the vibration reflection signal (§3.1), then formulate the
problem of the vibration measurement based on the geomet-
ric fitting (§3.2), and finally propose the definition of VSNR
and describe its impact on the measurement error (§3.3).

3.1 Vibration Reflection Signal Model

Given a vibrating target at the distance D(t) from the
mmWave radar, D(t) can be represented as D(t) = Do+x(t)
where D is the constant object-radar distance and z(t) is
the vibration signal to be measured. If a Continuous Wave
(CW) signal Stx(t) = €727/t with the carrier frequency f.
is sent towards this target, we will get the received signal
Srx(t) and the demodulated signal reflection signal S(t) as:

C

Sex(t) = AStx (t _ 200 (t)) = Aeil2rfet—anfc 0] "
D(t)

S(t) = Srx(t)Siy (1) = Ae*™F =
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Fig. 2. Vibration reflection signal model

where A identifies the loss of the signal strength. Then, 6(t),
the phase of S(¢), implies x(t):
D t) de

ﬂﬂzMﬁ§+@m%}¥%+Aw> @)
where 0y is the initial phase induced by Dy and A¢(t) is the
phase variation. Then, x(t) can be derived from A¢(t) with
the following equation:

c

0= 57,

Where the unwrap function resolves the phase ambiguity.
Eq. 3 tells that with the same precision of the phase reading,
a higher carrier frequency deterministically results in a
higher precision of the vibration signal.

unwrap(AO(t)) ©)]

3.2 Fitting-based Vibration Measurement

However, in practice, the receiving signal might contain
other static reflections from ambient reflectors:

. [4]
Sllzx(t) :Aej[erfCt—ZlﬂfCDit)] +ZAM€J [27cht*477chT
%

(4)
Then, the demodulated signal can be revised as:
S'(t) = A5 437 Al gt L
i ©)
- D(t . D e
— Aeidmf 2O + AgelinfetE & S(t) + Sp

In Eq. 5, all the static background reflections are regarded as
one composite reflection S from one single virtual reflector,
where Dp and Ap represent the distance from the virtual
reflector to the radar and the signal strength of Sp(t),
respectively. Since the vibration signal z(¢) only lies in the
phase of S(t), our goal is to identify the value of Sp and
eliminate it with S(¢) = S’(t) — Sp.

The basic idea of deriving S from S’(¢) is to explore the
geometric features of S'(¢) in the IQ domain. Fig 2 displays
? +55.
? rotates with the object’s vibration, and therefore S’ keeps
synchronization with S in the rotation frequency. Under
this circumstance, the end of moves along an arc of a
circle whose (i) central angle © = 87 f. % where X = |z(t)|
stands for the vibration amplitude, (ii) radius A represents
the strength of the vibration reflection signal S(t), and (iii)
center coordinate (C7,Cg) is exactly the value of Sg, ie.
Sp = C1 + jCq. Thus, the most intuitive way to determine
(Cr,Cq) is to fit a circle from the signal samples of S’(t)
and find its center coordinate [16].

the vector form of the signal superimposition: S’ =
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Fig. 3. Practical signal fitting under different vibration amplitudes
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Fig. 4. VSNR Definition

Nevertheless, the samples of S’(t) contains non-
negligible noise in practice. When its SNR is limited by the
transmitting power, the TX and RX antenna gain, the round-
trip propagation distance, and the Radar Cross Section (RCS)
of the vibrating object, the performance of the signal fitting
degrades. Fig. 3 shows that under similar SNR, a large signal
arc controls the fitting process and outputs a correct and
accurate result. In contrast, a small signal arc causes fitting
ambiguity and induces inaccuracy.

3.3 Vibration Signal-to-Noise Ratio

The analyses in §3.1 and §3.2 tell us that three critical
factors, carrier frequency f., vibration amplitude X and SNR,
determine the performance of the signal fitting and thus the
measurement error of the vibration signal. Actually, we can
derive a unified metric called VSNR from the geometric per-
spective in the IQ domain to generalize their relationships.

Our basic idea is that a longer arc length L = A©
and a thinner arc width W make the arc shape more
distinctive, further improving the signal fitting and then
reducing the measurement error. First, the impact of carrier
frequency f. and vibration amplitude X is contained in
O, since ©® = 87 fcé. Second, the impact of SNR can be
quantified with the circle radius A and arc width W, as
shown in Fig. 4. The signal power Pg can be deemed as
the square of A (the signal strength), i.e. Ps = A% Since
the average power of the zero-mean real additive Gaussian
noise equals its variance w?, the complex noise power Py
can be represented as the aggregation of I channel and Q
channel, i.e. Py = 2w? [26]. If we define the arc width
W as the double of the standard deviation w, SNR can be
represented as:

Py A2 242

— £ === 6
25wy’ W ©
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Fig. 5. Simulation results about VSNR and measurement errors

Then, by replacing A with L = A© in Eq. 6, we can
represent the impacts of f., X and SNR within one single
metric named Vibration Signal-to-Noise Ratio (VSNR):

2 2
VSNR = % — SNR- 62 = SNR - (8”ch) @)

2 c

Next, given a large carrier frequency f., e.g. 77GHz
in our implementation, we run a simulation to study the
relationship between VSNR and the measurement error.
We count the measurement errors of the fitting-based ap-
proach as illustrated in §3.2 under different amplitude
(5 ~ 1600um) and SNR (2 ~ 80dB) settings. Here, the
measurement error E is defined as the relative amplitude
estimation error £ = |Xpeasured — X |/ X. Fig. 5(a) shows
the average measurement errors in the regularized dB form,
where the arrow denotes that F basically decreases with
the increase of SNR and X. Moreover, if we compute the
VSNR of each measurement setting, i.e., each cell in Fig.
5(a), we can directly visualize the relationship between E
and VSNR. The so-called VSNR error curve is shown in
Fig. 5(b). This figure further demonstrates that the log-
scale measurement error of the fitting-based vibration signal
extraction is basically inversely proportional to VSNR:

log(E) o< —VSNR ®)

Eq. 7 and Eq. 8 together imply the interchangeability
of the critical factors underlying VSNR. For instance, if
we want to prolong the measurement distance of a tiny
vibration without sacrificing accuracy, we have to keep
VSNR unchanged by increasing the power of the vibration
reflection signal. Moreover, Eq. 8 suggests that improving
VSNR can reduce the measurement error, which acts as the
basic principle of mmVib’s design introduced next.

4 MmVIB DESIGN
4.1 Overview

To accurately measure the vibration signals of multiple
vibrating objects with commercial mmWave radar, mmVib
adopts the concept of multi-signal consolidation: (i) it lever-
ages the multi-chirp property to improve overall VSNR and
reduce the measurement error, and (ii) it leverages multi-
antenna property to distinguish vibration signals from dif-
ferent vibrating objects. The following 4-step workflow of
mmVib is illustrated in Fig. 6.
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Fig. 7. Improving VSNR through multi-arc extension

e Chirp Group Generation (CGG): CGG takes the raw
samples of mmWave FMCW chirp signals as inputs and
generates a group of virtual chirps with different carrier
frequencies to increase VSNR.

« Vibrating Object Detection (VOD): VOD takes the multi-
chirp reflection signals from multiple RX antennas as
inputs and analyzes their Range-Angle spectrum to dis-
tinguish the reflection signals from vibrating objects.

« Consolidated Vibration Extraction (CVE): CVE takes the
reflection signals from vibrating objects as inputs and ex-
tracts the vibration signal. To reduce measurement errors,
it combines the observations from multiple chirps to form
a signal arc with more distinctive shape features.

e Direction-aware Vibration Refinement (DVR): DVR
takes the measured vibration signal and corresponding
Angle-of-Arrival (AoA) of the vibrating object as inputs
and refines the vibration-amplitude estimation.

4.2 Chirp Group Generation

Since VSNR = SNR - ©2, the straightforward idea of im-
proving VSNR is to extend the signal arc, i.e. extending ©, as
shown in Fig. 7. Suppose we can simultaneouslPI send multi-
ple signals with different carrier frequencies f¢’ ) .9 €11,G],
we can get several short signal arcs with different initial
rotating directions 9[[39] which together form a large signal
arc with the significantly higher VSNR. However, without
the help of specialized hardware [12], it’s a non-trivial task
to enable the commercial FMCW radar with this capability.
Therefore, we introduce the novel technique CGG that cre-
ates a group of virtual FMCW chirps with different carrier
frequencies without any hardware modification.

Original FMCW Range-FFT Process: Fig. 8(a) shows
the waveform of FMCW chirp signals, which translates the
frequency difference between TX and RX signals to the
round-trip Time-of-Flight (ToF). Similar to Eq. 1, the fre-
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Fig. 8. lllustration of chirp group generation module

quency difference is perceived by analyzing the Intermediate
Frequency (IF) signal after the TX-RX mixture [23]:

Stx(t) = eICrlettnict?)

_ 2DC ®), ©)

D(t)

Mixture SIF(t) _ STX(t)SEX(t) %A€j47r(fc+Kt) c

Srx(t) = AStx(

, where f. and K are the starting (i.e., carrier) frequency and
the chirp slope of FMCW chirp, respectively.

In the front-end of the commercial mmWave radar, it
first performs the analog TX-RX mixture and then obtains
the so-called fast-time samples of Sip(t) whose sampling rate
is about several MHz [24]. In practice, there exist reflected
signals from different distances, which cause different fre-
quency components in Sip(t). In order to extract the reflec-
tion signal from a specific distance, a Range-FFT operation
[4], [23] is conducted on the fast-time samples within one
chirp period. As shown in Fig. 8(a), this operation converts
the time-domain samples to the range-domain samples.
Since the elapsed time T' of one chirp is only about 0.1ms,
we assume the reflectors from a certain range bin keep
static and only consider their movements across consecutive
chirps. Therefore, we pick up one sample from a certain
range bin in the Range-FFT result of each chirp and combine
them to form a slow-time sample sequence of about 10kHz
sampling rate. Denoting the fast and slow time by ¢ and n
respectively, the Range-FFT operation can be concluded as:

D(n)

S(n) = Aetmfe=e

Range-FFT
e

SH:(nT + t) o Sie(n, t) (10)
Note that, despite the time symbols, the right side of Eq. 10
is the same as Eq. 1 and so in the following analyses.

Chirp-group Range-FFT Process: Nevertheless, extract-
ing the vibration signal z(n) from a single-chirp observation
S(n) will experience a performance degradation under the
condition of a low SNR or a tiny vibration amplitude. Then,
how to generate a chirp group that can simultaneously measure
the same vibration as we expected?

Our key insight is to rearrange the fast-time samples
of Sip(t). Recall that the traditional Range-FFT operation
uses all fast-time samples to generate one slow-time sample
for each range bin. If we separate fast-time samples into
different groups and perform Range-FFT in each group,

0.0 312 625 93.8 125.0 156.2 187.5
Af, (MHz)

Fig. 9. CGG-VSNR matrix with different CGG parameters

we can obtain multiple synchronized slow-time samples for
each range bin:

Chirp-group Range-FFT

[9]

Str(n, t) {s (n)}gem] (11)

Fig. 8(b) illustrates this process: we use a sliding window
of size 4 on 6 fast-time samples and obtain two fast-time
sample groups with a sliding step of 2 samples. This is
equivalent to generate two shorter virtual chirps (Chirp
#1, Chirp #2) with different starting frequencies from the
original long chirp. The generated chirp group has two
appealing characteristics of coherence and difference:

e Coherence: Since the slow-time sampling rate is much
lower than the fast-time one, the chirps in a group can
be regarded as synchronized with each other.

« Difference: Different chirps in the group start at different
frequencies, which results in diversity among multiple
observations of the same vibration.

The impact of CGG on VSNR: Definitely, the second
characteristic fulfills the multi-arc extension in Fig. 7. How-
ever, this operation extends O to © at a non-negligible cost:
the number of the fast-time samples of each virtual chirp is
reduced and so is its SNR. Since VSNR = SNR - @2, this
module can reduce the measurement error only when the
finally induced VSNR increases.

To discuss the impact of CGG on VSNR, we have to
consider its two key parameters: number of chirps (denoted
by G) and shifted frequency (denoted by Af.) among two
adjacent virtual chirps. G, Af. and the object distance Dy
together determine the value of the extended central angle
O of the large arc constructed by multi-chirp signals. Given
the included angle between the initial rotating directions of
two adjacent chirps as:

AG = oo+ _ glo) _ 47?5’0 (slo+ — gio) = 4mDo

Afe
12)

, © can be calculated as © = © + (G — 1)AO when AO is

a small acute angle as shown in Fig. 7. With a fixed distance

Dy, an increase of G and Af. basically leads to a larger

O, but this operation decreases SNR since it reduces the

number of fast-time samples of each virtual chirp. In order

to determine whether CGG improves VSNR or not, we draw
the CGG-VSNR matrix in Fig. 9, which implies that:

o The chirp-group Range-FFT (G > 1 or Af. > 0.0MHz)
does improve VSNR, compared to the original Range-FFT
(G=1or Af. =0.0MHz).

o By carefully choosing the parameters G and A f.. of CGG,
we can obtain the highest VSNR that could lead to the
smallest vibration measurement error.

c
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Fig. 10. lllustration of vibration object detection module

However, increasing G also leads to an increased computa-
tion complexity. In practice, we first choose a small G, e.g.,
4 to 8, considering the time cost. Then we determine the
value of Af. that leads to a high VSNR according to the
CGG-VSNR matrix corresponding to the vibrating object.

4.3 Vibrating Object Detection

Since the last module CGG provides the slow-time samples
of the chirp-group Range-FFT from different range bins,
VOD then detects the range bin(s) of the vibrating objects
and extracts reflection signals from those objects. If multiple
vibrating objects are located at the same range bin, mmVib
uses the multi-RX array to provide the angular resolution
and distinguish their reflection signals.

With multi-antenna inputs, the Angle-FFT operation is
done to translate the antenna-domain signals to the angle-
domain signals [23]. As in Range-FFT, the angle domain of
Angle-FFT is also divided into several discrete angle bins. For
the slow-time samples of Range-FFT S(n),n € [1,N], we
denote the discrete range and angle bin by the subscripts
and a respectively, and denote the antenna index by another
superscript m,m € [1, M]. Then, Angle-FFT to extract the
reflection signal from the location bin (7, a) is expressed as:
{S[m] (n) = Ae4”f°D%f(“)}

" me[l,M] (13)

Dy,a(n)
c

Angle-FFT Sr’a(n) _ A647ch
However, the resolution of the angle bin Aa = m is
around 30° for commercial 4-RX mmWave radar [23], which
can hardly distinguish the reflection signals from adjacent
vibrating objects. Thus, in order to solve this problem,
we adopt the Receiver Beamforming (RBF) technology [22]
instead of Angle-FFT. Like Angle-FFT, RBF also outputs
the reflection signal from the discrete location bin (7, a) but
achieves a much higher resolution in the angle domain.
RAS-based detection: To detect the location bins of
vibrating objects, we run RBF on Range-FFT results of each
range bin and plot the Range-Angle Spectrum (RAS) [22] as
shown in Fig. 10. In this observation experiment, we place
one vibrating object or two identical ones (50um amplitude
and 50Hz frequency) in front of the mmWave radar and
calculate corresponding RAS with direct-current component
removal in Fig. 10(a) and 10(b) respectively. We can tell from
the figures that, despite non-negligible spectrum leakage,
the location bins of the vibrating objects have the highest
energy in their local neighborhoods. Therefore, as done in
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Fig. 11. Observations of multi-chirp signals

multi-target tracking systems [9], we iteratively find the
local peak with the highest energy until given numbers
of vibrating objects are found. To enhance the system with
more robustness, we inspect the 3 x 3 neighborhood of the
local peak in our implementation.

MSC processing chain: For each detected location bin
(r,a), the MSC processing chain is summarized as:

{sf o} <5 {slmdm)} 22 {sllm) |

, where the dimension of {S,Lgi(n)}, G x N, stands for N
slow-time samples from G virtual chirps.

(14)

4.4 Consolidated Vibration Extraction

The CVE module extracts the vibration signal x(¢) from the

multi-chirp observations {SM (n)} To evaluate our insight

that multi-chirp observations can extend the signal arc to

improve VSNR, we visualize the processing results of a

100um-amplitude and 50H z-frequency vibration signal in

Fig. 11(a). The vibration reflections (colored lines) rotate

around their circle centers (grey dotted circles). However,

the background reflections (grey lines) also rotate around
the origin of coordinates. Thus, only when we find each
reflection signal’s correct circle center can we obtain the
combined vibration reflection with a more distinctive arc
shape. Fig. 11(b) shows the large signal arc formed by
moving the circle centers to the origin of the coordinates.

This acts as the basic idea of the CVE module:

« First, we estimate each chirp signal’s background reflec-
tion through basic circle fitting step.

e Then, we use consolidated circle fitting step to generate
a fitting constraint for each chirp signal that in turn
improves the first step. The first two steps iteratively run
until a perfect large arc is obtained.

« Finally, we extract the vibration signals from multi-chirp
signals and aggregate the final measurement with the
vibration signal extraction step.

Below are the details of the 3-step algorithm.

4.4.1 Step 1 - Basic Circle Fitting

Re (SL%(n)) ,Im (SLQL]I (n))) € R? be the n'

IQ samples from g chirp. For the g chirp, the fitting is

turned into an optimization problem to obtain a circle with

radius ry and center z, = (2,,%,,) that minimizes the

summed geometric distance from every sample to the circle:
N

zpry =argmin ) ([sgn — 24l =79)* 9 € [1,G] (15)

Zgﬂ"g

Let 54, = (

n=1

1536-1233 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See httg://www.ieeeoagg)ublicationsﬁstandards/publications/ri.gh_ts/indexhtml for more information.
Authorized licensed use limited to: UCLA Library. Downloaded on November 18,2022 at 04:30:

4 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMC.2021.3118349, IEEE

Transactions on Mobile Computing

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. X, NO. X, JAN 2021

Translate to the
correct position

! \
! |
1
1
1
\‘ I
\ 1
N 7
\ /
o
Intr|n5|(:‘/ //\
Circle Minimize
average
distance

Fig. 12. lllustration of consolidated circle fitting module

It is a nonlinear least-square optimization problem and can
be solved with the Levenberg-Marquardt (LM) algorithm [6].
However, when VSNR is low, the basic circle fitting is error-
prone without a proper constraint on the radius.

4.4.2 Step 2 - Consolidated Circle Fitting

The first step gives a basic but not always accurate estima-
tion of each chirp signal’s background reflection. Therefore,
combining multiple translated chirps signals after the back-
ground elimination probably won’t form a perfect large arc
as expected. Suppose the large arc falls on an intrinsic circle,
Fig. 12 shows the two cases that each chirp signal might not
necessarily fall on it: (i) translation-needed case: an improperly
fitted radius will make the IQ samples of a chirp fall inside
(blue ones) or outside the circle; (ii) scaling-needed case: a
stronger or weaker signal strength of a chirp will make its
IQ samples fall on other concentric circles of the intrinsic
circle (yellow ones). Thus, we can get a perfect large arc by
properly translating and scaling each chirp’s IQ samples.
We design the following consolidated circle fitting process:

« First, we eliminate the background reflection of each chirp
signal. For the IQ samples of the g chirp {8g.n}ncpny
the elimination means subtracting the chirp signal by7 its
center coordinate: s} ,, = 84, — z;,n € [1, N], where z;,
is determined with step 1.

e Second, we resolve the scaling-needed cases by scaling the
translated IQ samples to make the signal arcs of different
chirps have identical arc length: sy, = 7, - sy ,,n €
[1, N, where the amount of the scaling 7, is separately
calculated for each chirp. We denote the radius of the
scaled signal arc by ry, where rj = v, - 7.

o Third, we resolve the scaling-needed cases by determining
the amount of the translation for each chirp to make its
samples fall on the intrinsic circle. For each chirp signal,
we derive its translation direction As, as the unit vector
of the vector from the origin of coordinates to the average
sample point 25:1 8y - Then, translating the chirp
signal along As, by the amount o4 can be represented
as: {ng +og- Asg}ne[LN]. Denoting the radius of the
intrinsic circle by 7, o4 is actually determined by 7 and

r;], ie.og=1— r’g. Then, there is only one variable 7 left

to make the scaled and translated chirp signal perfectly

fall on the intrinsic circle.

« Finally, we search 7 by minimizing the average geometric

Vibrating Direction g = 0

v
IT

RX Array

mmWave Radar

Fig. 13. lllustration of direction-aware vibration refinement module

distance of every chirp sample to the intrinsic circle:

G N
o1
v =argmin o DY (I + s sl = 1) 16)

g=1ln=1

In order to avoid the above optimization problem from
converging to local optima, we run the solver with multi-
ple initial values of T and select the best one as 7*.
After finding the best radius of the intrinsic circle, 7%, the
expected radius for each chirp can be calculated with the
inverse scaling: r; = »TTq Because the radius r; will make

the g™ chirp signal fall on the intrinsic circle, it can be set
as a constraint of step 1 to better estimate its background
reflection. Therefore, we iteratively run step 1 and step 2
until the relative change of the loss in Eq. 16 is less than a
small threshold, e.g., 1%.

Denoting the time cost of each chirp signal’s fitting
process by I and that of the fitting process for the intrinsic
circle by I, the total time cost of H-time iterations is
(G-I, + I1) - H. According to our experience, H is usually
less than 3, i.e., the iteration converges very quickly. Then,
the total processing time is mainly determined by the size
of the chirp group G. The iteration outputs a more accurate
estimation of {z;}gg[ 1G] under low VSNR, which further
reduces the measurement error of the vibration signal.

4.4.3 Step 3 - Vibration Signal Extraction
For g™ chirp, with the phase values of its translated se-

quence {¢gn = £ (Sg.n — 2}) }ne[l,N]’ we obtain one mea-

surement of the vibration signal {zg.n},,c(1 )’

unwrap(¢g.,) — Do, n € [1,N] (17)

o —_C
T fc[.g]
where fgg] is the carrier frequency of ¢ chirp. By ag-
gregating all the measurements calculated with the chirp
group, we get the final measurement {fn}ne[l, NI We use
the Inter-Quartile Mean (IQM) aggregation algorithm, which
calculates the truncated mean of the data within its inter-
quartile range: 2, = IQM({zg,n} e}y 1) 1 € [1, N]. Finally,
the vibration amplitude and frequency of {zn}, ey n are
calculated to evaluate the performance of mmVib.

4.5 Direction-aware Vibration Refinement

Since mmWave radar can only sense the displacement along
the Line-of-Sight (LoS) direction towards the vibrating ob-
jects, the CVE module’s measurement is just a projection of

1536-1233 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See httg://www.ieeeoagg)ublicationsﬁstandards/publications/righjcs/indexhtml for more information.
Authorized licensed use limited to: UCLA Library. Downloaded on November 18,2022 at 04:30:

4 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMC.2021.3118349, IEEE

Transactions on Mobile Computing

. |
Metal Vibrator |§ |
)

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. X, NO. X, JAN 2021

the vibration signal to this direction. Therefore, this DVR
module exploits the multi-antenna property to recover the
vibration signal along its real vibrating direction.

Denoting the AoA of the vibrating object and its real vi-
brating direction are e and /3 respectively, the measurement
{zn},ep, ) is actually a projection of the vibration signal
on an angle 8 — o, as shown in Fig. 13:

x
T, =) -cos(B—a) =z, =——""— ne[l,N] (18
n n (ﬂ ) n COS(B—O()’ [7 } ( )
where éia acts as a scaling factor to refine the vibration

amplitude. In Eq. 18, /3 can be set to a constant through the
deployment in practice, e.g., 8 = 0 in our experiments. We
get « of the vibrating object at (r, a) with the multi-antenna
property: a = a - Aa. A larger antenna array with more
antennas can definitely lead to a better estimation of the
final vibration. Moreover, it is also feasible to improve the
result by combining multiple vibration measurements from
multiple synchronized radars at different angles.

5 DISCUSSION

Next, we discuss the abilities and limitations of mmVib.

5.1 Multi-object Measurement

First, mmVib can measure multiple vibrating objects, but
such ability is mainly limited by the hardware configuration
of the mmWave radar. According to the relative position
relationship between the mmWave radar and multiple vi-
brating objects, we classify the multi-object measurement
situations into two categories: objects at different range bins
and objects at the same range bin.

For the first category, it's easy for mmVib to distinguish
their reflection signals through the Range-FFT process. In
§6.4, our case study shows that we can configure the radar’s
deployment position so that multiple vibrating objects are
located at different range bins. However, it is possible that
we can’t achieve this ideal deployment condition, and we
have to deal with the second category that several vibrating
objects fall into the same range bin.

In §4.3, we demonstrate that mmVib can clearly detect
two vibrating objects at the same range bin and extract their
reflection signals through RBF technologies. However, our
evaluation shows only when the distance between the two
vibrating objects is long enough, i.e., they have distinctive
AoAs, can RBF works well in the signal separation. The
resolution of the signal separation is fundamentally deter-
mined by the radar aperture’s size, i.e., the number of RX
antennas for the commercial mmWave radar working in
the monostatic mode [22]. Therefore, to improve the multi-
object measurement capability, one can port the processing
pipeline of mmVib to a more powerful hardware platform.

5.2 NLoS Measurement

Second, mmVib has the limited capability of None-Line-of-
Sight (NLoS) measurement. Due to the wireless and non-
contact measurement scheme of mmVib, we have to con-
sider whether it can work or not if the LoS path is blocked.
Theoretically, mmWave signals with higher carrier frequen-
cies than traditional RF technologies will go through more

1
Control Panel
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)‘i
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Low- éNR Output

(a) Measurement distance = 80cm (b) Measurement distance = 640cm

Fig. 14. Experiment setups and measurement results of mmVib

attenuation during the penetration. Thus, in the practical
deployment of mmVib, we should avoid thick or metal
blockages, e.g., walls and pillars. Fortunately, our evaluation
in §6.3.1 shows that the performance of mmVib doesn’t have
a distinctive degradation when thin and non-metallic block-
ages exist. Therefore, we may enclose the mmWave radar
board and its onboard antenna to improve their durability.

5.3

The capability of spatial signal separation of RBF also en-
ables mmVib to be resilient to dynamic-multipath interfer-
ence caused by walking people and running vehicles. Our
evaluation in §6.3.3 shows that mmVib can well focus on the
vibrating object as long as the LOS path is not blocked.

Impact of Dynamic-Multipath Interference

5.4

The phase noise, which stands for the short-term frequency
instability of the signal caused by imperfectness of man-
ufacture, cascading propagation among RF devices, TX-
RX leakage, etc., is often modeled as the composition of
low-frequency flicker noise and high-frequency white noise
[20]. The radar manufacturer provides a rough phase noise
measurement about —93dBc/HzQ1MHz offset along the
77 ~ 81GHz working band, which is quite small [24]. We
also conduct an observation experiment to understand the
practical phase noise of the mmWave radar. We place a still
metal plate in front of the radar and collect its reflection
signal for 10s (200 frames). The result shows that the impact
of phase noise is reflected by the signal arc widened with
Additive White Gaussian Noise (AWGN) and the initial angle
of the reflection signal shifted by around 0.4363rad in a
monotonous way. To deal the latter component, we process
every frame separately to diminish the impact of the initial
angle shift from 0.4363rad to % = 2.181e >rad. The
amplitude error induced by this component is calculated as:

8mfdX s — 0O
c 8

Impact of Phase Noise

50 = =0.338lum  (19)

TJe

Therefore, we only address the negative impact of AWGN
on the vibration measurement and manage to relieve it with
the idea of chirp group consolidation.

6 EVALUATION

In this section, we introduce the implementation of mmVib
and its evaluations in both our lab and a steel plant.
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Fig. 15. Overall performance of vibration measurement

6.1 Implementation and Methodology

Implementation: We implement mmVib on a commercial
mmWave radar, TI IWR1642 BoosterPack [24]. IWR1642
chip works on a 77GHz millimeter-wave frequency band
(77 ~ 81GHz). It integrates 6 on-board antennas (2 TX
antennas and 4 RX antennas). We let TX1 send the FMCW
signal with 3.75GHz bandwidth, and RX1~RX4 receive the
reflected signal. The raw sampling rate of the IF signals
(i.e., fast-time sampling rate) is 3.43MHz. The chirp period
and between-chirp idle time is 80us and 420us respectively,
which together determine the chirp sampling rate (i.e. slow-
time sampling rate) as m 2kHz. Note 2kHz
slow-time sampling rate can measure the vibration signal
with < 1kHz frequency. The raw fast-time samples are
captured through a TI DCA1000EVM data acquisition board
in a high-speed and real-time manner. The data processing
coded in Python runs on a computer with an Intel i7-8565U
processor and 16GB memory. The mmWave board costs
$299, while its core chip only costs $40.

Experiment setting: The experiments are conducted in
our lab and a steel plant. In the lab, we use the vibra-
tion calibrator to generate tunable vibrations with 20Hz to
500Hz (£1%) frequency and 5um to 500um (£1%) ampli-
tude. These parameters describe the typical vibrations of
industrial objects. When evaluating the impacts of these
parameters, a vibration calibrator is placed in front of the
radar as the vibrating object. When evaluating the multi-
object measurement performance, we use two identical vi-
bration calibrators. Fig. 14 shows the experiment setup in a
hallway of 2.4m x 10m. The vibration calibrator is placed
on a table while the mmWave radar is placed on a tripod.
We evaluate mmVib in terms of vibration amplitude and
frequency, measurement distance and angle, etc. For each
setting, we collect at least 80 traces of raw mmWave data.

Comparisons: To evaluate the performance of mmVib,
we choose two mmWave-based vibration measurement ap-
proaches introduced in previous sections as baselines: the
phase-based method proposed in [4] (denoted by Direct-
Phase) and the basic fitting-based method proposed in [16]
(denoted by CircleFit). To ensure fairness, these three ap-
proaches use the same data and the same pre-processing
and post-processing methods.

Metrics: We consider the errors in amplitude and fre-
quency estimation: the latter indicates the correctness of
the measured vibration signals while the former stands
for the accuracy. Moreover, we use the relative ampli-
tude/frequency estimation error to unify the evaluation
results under different settings.

B mmvib B CircleFit  @## DirectPhase BB mmVvib  EEE CircleFit  @## DirectPhase

Vibration Frequency = 50HZ Vibration Frequency = 50HZ

Error (um)

10 20 30 50 100 200 10 20 30 50 100 200

Vibration Amplitude (um) Vibration Amplitude (um)

(a) Lower VSNR (Dist. = 480cm) (b) Higher VSNR (Dist. = 160cm)

Fig. 16. Impact of vibration amplitude

6.2 Evaluation of Vibration Measurement

In this experiment, we evaluate the performance of mmVib
and the other two approaches by changing the vibration
amplitude (from 10um to 200um), frequency (from 20Hz
to 400Hz), and the measurement distance (from 80cm to
640cm). The calibrator is placed directly in front of the radar
with a vibrating direction along the radar’s norm direction.
In these cases, smaller amplitude and farther distance mean
lower VSNR. Fig. 14 shows the raw slow-time samples, sam-
ples translated to the intrinsic circle, and extracted vibration
signals under different VSNR conditions.

6.2.1 Overall performance

Fig. 15 shows the overall performance of mmVib, CircleFit
and DirectPhase under all the measurement settings except
for 10um-amplitude cases.

First, the red stars in the figures show that mmVib
achieves 3.946% relative amplitude error and 0.02487% rel-
ative frequency error in median. This indicates that mmVib
can correctly measure the vibration signal with high accu-
racy. Compared with the reported measurement accuracy of
the traditional eddy-current displacement sensor (< £5%
error) [10] and laser displacement sensor (< £1% error) [11],
mmVib achieves the comparable measurement accuracy but
is clearly superior in terms of the measurement distance,
which significantly enhances the applicability in practice.

Second, the grey lines in the figures show that mmVib
outperforms CircleFit and DirectPhase in both amplitude
and frequency estimation. Compared to other two ap-
proaches, mmVib reduces the 80"'-percentile amplitude er-
ror by 69.21% and 97.99% and reduces the 80™-percentile
frequency error by 73.23% and 99.92%. Moreover, apart
from measurement errors, mmVib also has smaller standard
deviations, which stands for higher measurement stability
and consistency.

Next, we examine the impact of different factors on
the estimation accuracy (i.e., average error) and stability
(i.e., error standard deviation) in Fig. 16-18 whose Y-axis is
logarithmic-scale. Since the fitting-based approaches mmVib
and CircleFit have shallow absolute frequency errors, we
mainly focus on discussing their amplitude errors in the
following evaluations.

6.2.2 Impact of vibration amplitude

In this experiment, we keep the frequency to 50Hz and
change the amplitudes from 10um to 200um at two dis-
tances 160cm and 480cm respectively. The results in Fig. 16
illustrates that: (i) mmVib can accurately measure the tiny
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vibrations at a relatively far distance: for the 160cm-30um
case, it achieves an average amplitude error of 2.925um with
a 2.408um standard deviation; for the 480cm-100um case,
it achieves an average amplitude error of 3.174um with a
2.165um standard deviation. (ii) The comparisons among
mmVib, CircleFit and DirectPhase demonstrate that the
performances of two fitting-based approaches are generall
proportional to VSNR, e.g., higher amplitudes and shorter
distances lead to a finer measurement. Since CircFit can be
easily affected by noises, the improvement of mmVib in
the accuracy and stability is more significant when VSNR
is lower. Meanwhile, DirectPhase has more inaccurate but
more stable measurements as long as the slow-time samples
are not close to the origin of the coordinate.

6.2.3 Impact of vibration frequency

In this experiment, we keep the distance to 160cm and
change the frequencies from 20Hz to 400Hz at two am-
plitudes 10um and 100um respectively. Due to the power
limitation, our calibrator cannot generate vibration signals
of a large amplitude at a high frequency or a small ampli-
tude at a low frequency. We can see from Fig. 17 that: (i) For
lower-VSNR cases (10um-amplitude), mmVib achieves low
amplitude errors at a large frequency range, i.e., 3.019um
on average. Besides, samples with the same total sam-
pling time contain more vibration periods for a higher
frequency, which further reduces the measurement error.
(ii) For higher-VSNR cases (100um-amplitude), mmVib also
outperforms the other two approaches at different frequen-
cies, but the performance gains are relatively smaller.

6.2.4 Impact of measurement distance

In this experiment, we keep the frequency to 50Hz and
respectively measure 30um and 100um vibrations at a
distance from 80cm to 640cm. We can see from Fig. 18
that: (i) mmVib works well at a relatively wide range of
measurement distances. For instance, it achieves less than

10
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Fig. 19. Impact of blockage mate-
rial.

5% relative amplitude estimation error when measuring
100um-amplitude vibrations at the range around 500cm,
which satisfies the measurement requirements from real
industries. (ii) Basically, the shorter the distance is, the finer
measurement it provides. (iii) mmVib outperforms the other
two approaches at all these distances.

6.3 Considerations of Practical Factors

Next, we evaluate the impact of several practical factors
related to the applicability of mmVib in practice.

6.3.1 NLOS measurement

First, we evaluate the ability of mmVib to deal with LOS-
path blockages. We set the vibration frequency and am-
plitude to 50Hz and 100um and keep the measurement
distance as 100cm. We place blockage objects with different
materials (paper box, plastic shell, foam block, thick book,
and metal plate) in front of the mmWave radar (~ 50cm)
and evaluate the amplitude errors.

The CDF plots in Fig. 19 show that (i) the metal mate-
rials will completely block the mmWave signal and make
mmVib’s measurements inapplicable; (i) as long as the
blockage objects are not particularly thick, mmWave can
penetrate them, and the induced measurements achieve
amplitude errors no more than 5um in most cases. Based
on this result, we may enclose the mmWave board and its
onboard antenna to improve the devices’ durability.

6.3.2 Multi-angle measurement

Second, we evaluate the ability of mmVib to measure the
vibrating object at different angles. As shown in Fig. 14(a),
we keep the vibrating direction along the antenna array’s
norm direction and translate the calibrator to control the
measurement angles from 0° to 40°. The vibration frequency
and amplitude are set to 50Hz and 100um.

By comparing the performances of mmVib with and
without the DVR module under different measurement
angles, the results in Fig. 20 show that (i) the amplitude
error increases with the measurement angle, since mmWave
signals with less energy reflect back to the radar according
to the principle of specular reflection; (ii) for different mea-
surement angles, mmVib achieves the average amplitude
error of 8.816um; (iii) The performance gain of DVR is
more significant when the measurement angle is larger, e.g.,
31.22um — 10.82um in the 40° case.
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Fig. 21. Impact of dynamic interfer-

Fig. 22. Multi-object measurement.
ence.

6.3.3

Then, we explore the ability of mmVib to deal with dynamic
interference. In the 100cm-50Hz-100um setup, we let a
person walking in other range bins, in the same range bin
as the vibrating object, or in front of the radar to block
the LOS path, respectively. The amplitude and frequency
errors in Fig. 21 show that mmVib effectively resists the dy-
namic interference from NLOS paths, especially the case of
walking in other range bins, whose median amplitude and
frequency errors are 4.774um and 0.01454Hz. Moreover, we
find that increasing the number of walking people does not
significantly reduce the performance, as long as they are
not obstructing the LOS path or very close to the vibrating
object. Thus, mmVib’s performance against the dynamic
interference mainly depends on the relative positions of
dynamic objects and the vibrating object.

Impact of dynamic interference

6.3.4 Multi-object measurement

Next, we explore the ability of mmVib to measure multiple
vibrating objects simultaneously. We place two identical
calibrators symmetrically on the front left and front right
of the radar, i.e., in the same range bin, and keep their
vibrating directions along the radar’s norm direction. Their
measurement angles change from +10° to £20° to represent
the near and far cases. We keep the vibration parameters of
the left object as 50Hz-100um and change those of the right
object from 50Hz-100um to 80Hz-100um to see the impact
of vibrating frequencies on the signal separation. The reason
for only using two vibrating objects while changing their
spanning angle to evaluate the multi-object measurement’s
performance is that the spanning angle actually determines
the quality of the spectrum analysis [22]. By finding the
minimum spanning angle, we can estimate the maximum
number of objects that can be simultaneously monitored
within the range of the radar’s field of view.

The results in Fig. 22 suggest that (i) mmVib can correctly
separate vibration signals from multiple vibrating objects,
but the measurement accuracy is limited by the angular
resolution determined by the array size of the commercial
mmWave radar; (ii) when the objects are farther from each
other or their vibrating frequencies are different, the multi-
object measurement achieves higher accuracy. Nevertheless,
if we further reduce the spanning angle between two vibrat-
ing objects in the same bin, e.g., around £5°, the imagings
of the two objects in the RAS closed to each other and the
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Fig. 23. Measuring the vibration of a mobile phone

signals extracted from them are twisted with each other.
Therefore, the multi-object measurement’s performance is
mainly determined by the angular resolution mentioned in
§4.3. The mmWave radar with a larger-size array is a better
choice to measure more vibrating objects simultaneously.

6.3.5 Vibration measurement of daily objects

Last, we explore the ability of mmVib to measure the
vibrations of daily objects. As shown in Fig. 23(a), we
mount a mobile phone on a tripod in front of the radar
with a measurement distance of 50cm. The mobile phone
is programmed to vibrate with a period of 2s with a 50%
duty cycle. Fig. 23(b) shows the time-domain signal as well
as the frequency-domain signal measured by mmVib. We
can clearly separate the vibration-off state (denoted by ”0”)
and vibration-on state (denoted by “1”) by exploring their
different signal patterns. Therefore, this experiment shows
that mmVib can measure the vibrations of daily objects.

6.4 Field Study

We conduct a field study to deploy and evaluate mmVib in a
real-world steel plant. Fig. 24 shows the deployment, where
the vibrating objects are the bearings of a transmission
system containing the descaling pump, speed reducer, and
main motor. The system works in two modes: low-speed
and high-speed operation, with different rotating frequen-
cies and pm-level amplitudes. The plant installs the piezo-
electric vibration sensors on different parts of the target
devices, and the sensor readings sent back to the console
of the monitoring room via wires are used as the ground
truth. To reduce the negative impact of ground vibrations,
we can mount the mmWave radar on a tripod with an
anti-vibration tripod head (Fig. 24) or on the pillar where
ground vibrations have relatively low energy. Moreover,
we have recently found that the signal changes caused by
ground vibrations do not necessarily aggravate the neg-
ative impacts. How to exploit the information contained
in them to improve the measurement accuracy may be an
interesting ad significant problem to study. The two factors,
measurement distance and multi-object measurement, are
considered in the following field-study evaluations.
Non-contact measurement: mmVib outperforms con-
ventional approaches due to its non-contact measurement
mechanism without any disturbance on the running ma-
chines or extra deployment overhead. Thus, we are most
curious about whether it works in practice and how far the
measurement distance can be. Fig. 25 shows the estimation
stability (median and quartiles) and accuracy of the vibra-
tion amplitude and frequency of a descaling pump in two

1536-1233 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See httg://www.ieeeoagg)ublicationsﬁstandards/publications/righjcs/indexhtml for more information.
Authorized licensed use limited to: UCLA Library. Downloaded on November 18,2022 at 04:30:

4 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMC.2021.3118349, IEEE

Transactions on Mobile Computing

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. X, NO. X, JAN 2021

R 7

Speed Reducer | Sy N

Bearir
Bearing of Main Motor

Vibrating S
Bearing

(a) Non-contact measurement (b) Multi-object measurement

Fig. 24. Field study of mmVib

mes | Ow Speed ~— === High Speed s | Ow Speed ~— === High Speed
A100 100
IS N
S 75 L _— — =
= = L - - >
T 50 c 50
3 [}
= 3 * +
=Y o
S AL A
w
<A 0 i 0
N4
€10 <
=
S s g2
= =
w 0 w 0
100 200 300 500 100 200 300 500

Measurement Distance (cm) Measurement Distance (cm)

(a) Amplitude Estimation (b) Frequency Estimation

Fig. 25. Non-contact measurement results

operation modes. Taking the high-speed mode for example,
when the distance varies from 100cm to 500cm, the average
amplitude errors are 2.026um, 2.118um, 5.379um, 9.302um,
respectively, while the average frequency errors are less than
0.5Hz. This indicates that mmVib can sense the um-level
vibration in practice, and its measurement is accurate and
consistent when the distance < 3m. Although the measure-
ment distance of 3m is enough for industrial applications,
we believe that using TX-beamforming radar with a larger-
size antenna array or adopting the state-of-the-art mmWave
backscatter technology [21] can further improve the range.

Multi-object measurement: The second appealing char-
acteristic of mmVib is its capability of measuring multiple
vibrating objects simultaneously. In this experiment, we
place the radar in front of the speed reducer and main
motor and ensure that these two machines’ bearings fall into
different range bins. Fig. 26 shows that: (i) mmVib captures
the fact that, although the amplitudes of the speed reducer
and main motor differ from each other, their frequencies are
nearly identical due to their direct connection (ii) The rela-
tively small inter-quartile ranges and acceptable estimation
errors demonstrate the stability and accuracy of mmVib for
multi-object measurement.

7 CONCLUSION

In this paper, we present mmVib for pm-level vibration
measurement. With the concept of MSC, mmVib adopts the
multi-chirp property to improve VSNR and reduce the mea-
surement error and utilizes the multi-antenna property to
separate vibrations signals of multiple vibrating objects. Our
evaluations show that mmVib works well in the laboratory
as well as the field environment.
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