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ABSTRACT
With the Internet of Things (IoT) era dawning in, we are surrounded by a plethora of sensors. The present paper
focuses on MEMS-based vibration measuring accelerometers, which are ubiquitously present in smartphones,
tablets, smartwatches/bands, etc. These contact type vibration sensors have the unique advantage of being very
small, low cost, low power, less weighing, and easily accommodatable in electronics. However, the accuracy of
these sensors needs to be quantiﬁed with respect to more accurate sensors. With this objective, the paper presents
a comparison of the relative sensitivity of a MEMS-based accelerometer (MPU 6050), a Geophone, and a sensor
from Xiaomi Y2 smartphone with respect to a more standard Piezoelectric ICP based accelerometer, when all
sensors are tested on a shaker table. Data are measured with harmonic excitation over a frequency range of
2–184 Hz. The relative sensitivity of MPU 6050 was 90% accurate in the frequency range 18–116 Hz for RMS
measurements. Other sensors such as the one used in the Xiaomi Y2 smartphone and the Geophone were less
accurate. The relative sensitivity measured in this work can be used to obtain sensitivity and hence more accurate
data from these low-cost accelerometers.
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1 Introduction
The advent of the Micro-electromechanical System (MEMS) has revolutionized the ﬁeld of sensors [1].
These sensors have a mechanical sensing element and an electronic circuit to transform the small mechanical
changes into electric signals [2,3]. At the micron level, these devices are very small and occupy less space,
consume minimum power, and are low weight. With the improvement of manufacturing technology, these
sensors’ production cost has also decreased dramatically [4]. As a result, some of these sensors are now
ubiquitously present in all smartphones, watches, tablets, etc. Further, with the IoT catching up, more and
more of these sensors are expected to be a part of the living habitat [5].
The present paper focuses speciﬁcally on a low-cost accelerometer. The smartphone senses the
orientation based on the measurement of the acceleration due to gravity through the accelerometer.
Similarly, these small MEMS-based accelerometers are used for air-bag deployment in modern cars for
passengers safety [6]. These sensors come in various forms, and a recent development is the MPU
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6050 MEMS-based accelerometer which is widely available and is used in multiple applications [7]. MPU
6050 is one of the ﬁrst integrated 6-axis motion tracking devices, which functions as a 3-axis gyroscope, 3axis accelerometer, and Digital Motion Processor. This sensor works on the VDD power supply with a
voltage range from 2.375 V–3.46 V and is interfaced with I2C.
MEMS-based accelerometers have been recently introduced. One of the earliest studies of the MEMS
accelerometer performance was reported by Albarbar et al. in 2009 [8]. Three different types of excitation,
i.e., sinusoidal, random, and impulse, are used to carry out the performance tests on the capacitive type MEMS
accelerometer. Further, Jimenez et al. studied theoretically and experimentally the wireless MEMS-based
accelerometer’s capability to observe rotor vibration at externally inaccessible rotor locations [9]. This study
highlighted the extended functionality afforded by internal accelerometers. It demonstrated the likelihood of
internal sensor topologies, which can provide improved observability of rotor vibration at externally remote
rotor locations. Rana et al. [10] have also used MEMS based sensors for designing active suspension
system. These sensors can also be used for acoustic levitation by ﬂexural vibrations [11].
Performance degradation of MEMS sensors due to temperature variation was studied by Yang et al. [12].
They proposed a modular and generic micromachined oven-control system for miniature
microelectromechanical system (MEMS) transducers with a six-axis MEMS inertial measurement unit.
The assembly accounted for the performance degradation of MEMS sensors due to temperature variation.
Dong et al. [13] investigated parasitic capacitance and demonstrated how temperature changes can affect
MEMS sensor performance. Chan et al. [14] performed a fascinating study in 2017 to measure the large
machines’ vibrations by setting the sensors at different points within the machine. Varanis et al. [15] have
performed two experiments, amplitude measurement using MEMS sensor and standard accelerometer,
acceleration measurement using three MEMS, and Piezoelectric accelerometer. Time-domain operational
modal analysis in machine tools has been studied with MPU 6050 by Chan et al. [16]. Al-Madani et al.
[17] showed that the same sensor has been deployed for the drone parachute system for fall detection.
These sensors can be used as teaching aids/demonstrations, such as for the Wilberforce pendulum [18].
Vibration sensors can also be used for testing and monitoring of vehicles with alternate fuels [19]. The
main component of earthquake vibration or landslide vibration is a low-frequency component (2–20 Hz)
[20,21]. In hilly terrain prone to landslides or earthquake-prone zones, various low-cost applications and
inventions have developed using MEMS-based sensors such as MPU6050 for structural health monitoring
[22–24]. Therefore, these sensors’ accuracy is particularly critical at the low-frequency range, as the
measured data is used for decision-making in life-threatening situations. Hence it becomes necessary to
check the accuracy of this cheap sensor in such adverse conditions. Moreover, there is less experimental
data available in literature when these sensors are subjected to discrete harmonic excitation. The present
paper tries to study relative sensitivity experimentally for a more accurate scientiﬁc ICP based
piezoelectric accelerometer and obtain a frequency range in which these sensors can work satisfactorily.
2 Experimental Method
In the present paper, two different accelerometers, viz., MPU6050, the sensor on Xiaomi Y2, and a
velocity sensor Geophone, are tested against a standard ICP based piezoelectric accelerometer (PCB
make, model no: 352C03 with a sensitivity of 9.82 mV/g). The accelerometers were mounted on a shaker
(Micron, 200 Kgf, model no: MEV-0200) and provided with discrete harmonic excitation from 2 to
184 Hz. Low-frequency response from these sensors is more critical, and low frequency is prone to more
errors. Therefore, many frequency points were used in the low-frequency range (2–23 Hz) to get a more
accurate estimation of the low-frequency response of these sensors. The response from all these sensors
for each frequency was measured for 6 s, and then a comparison was carried out based on this time data.
Two parameters were extracted from time-domain data for comparison: 1) RMS value of the acceleration
2) The peak value of acceleration. The idea is that even for a 2 Hz signal, over 6-s measurement, the

SV, 2022, vol.56, no.3

237

RMS will be averaged over 12 cycles. For higher frequency, it will be even higher and hence more accurate.
The second measurement (peak acceleration) indicated maximum instantaneous acceleration, as indicated by
different sensors. However, RMS value has more signiﬁcance because all the data point has their contribution
in the calculation. In contrast, in the case of peak acceleration data, only a single point is considered. The
experimental setup showing the arrangement of different sensors on the shaker table is shown in Fig. 1.

Figure 1: Experimental setup showing the arrangements of Geophone, PCB accelerometer, Xiaomi
Y2 smartphone, and Arduino (MPU 6050 is connected with Arduino and placed underneath it) attached
on vibration shaker
All three sensors were mounted on a vertical shaker table using a very thin layer of adhesive (double side
tape of thickness around one micron so that the system’s stiffness remains the least altered). The shake table
was given sinusoidal excitation in the vertical direction, and acceleration data was recorded using National
Instrument (NI) data acquisition system (NAT-USB 4432) in NI software Lab View for PCB accelerometer.
The velocity and acceleration data from Geophone and MPU 6050 were acquired using Arduino (Model no.
Mega 2560). The acceleration data from the smartphone Xiaomi Y2 was recorded using the ‘My Frequency’
android application [25]. The sampling rate of PCB accelerometer, Geophone, Xiaomi Y2, and MPU
6050 was 1000, 342, 200, and 342 samples per second. Since the Geophone is a velocity sensor and
acceleration data is computed from a different sensor, the Geophone velocity data at each frequency was
converted into acceleration by numerically differentiating the acquired experimental data [26].
For the ﬁrst time data point, Newton’s forward difference was used:
f 0 ðtÞ 

f ðt þ hÞ  f ðtÞ
h

(1)

For all the intermediate points, Newton’s central difference formula was used (due to higher accuracy):
f 0 ðtÞ 

f ðt þ hÞ  f ðt  hÞ
2h

(2)

For the last data point, Newton’s backward difference formula was used:
f 0 ðtÞ ¼

f ðtÞ  f ðt  hÞ
h

where, f is the velocity data, t is the time variable, and h is the time step.

(3)
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The convergence study of acceleration-time data after numerical differentiation of velocity-time data for
Geophone at 23 Hz frequency is shown in Fig. 2. The time step used for the convergence study was 3, 6 and
9 milliseconds (ms). Fig. 2 shows the zoomed portion of the acceleration-time graph from 1600 ms to
2000 ms. As shown in Fig. 2, the same pattern is observed for the complete time interval of 6 s at 23 Hz
frequency. It can be concluded that the acceleration time data converge across different time steps. We
used the minimum time step of 3-ms for further calculations.

Figure 2: Acceleration-time data showing the convergence study for Geophone by taking time steps as
3 ms, 6 ms and 9 ms
Since the experiment was done by harmonic excitation with sine sweep, each frequency mentioned in
the manuscript was excited and acceleration vs. time data was obtained. We have computed the Fast Fourier
Transformation (FFT) of time data. The dominant frequency of excitation signal matched well with the
excitation provided. The exact frequency calculated from FFT is used in this work. The FFT of time data
for MPU 6050 at 18 Hz is shown in Fig. 3.

Figure 3: Fast Fourier Transformation (FFT) of the acceleration time data for MPU 6050 sensor at 18 Hz
excitation frequency
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3 Results
The accelerations measured (RMS and peak) are normalized with respect to the scientiﬁc piezoelectric
accelerometer (PCB). This is referred to as relative sensitivity, which should be unity ideally. Thus, relative
sensitivity close to one indicates that the tested sensor is as accurate as of the scientiﬁc PCB accelerometer.
The plot of the relative sensitivity of three sensors (MPU 6050, Xiaomi Y2 smartphone, and Geophone)
RMS values and peak values are shown in Figs. 4a and 4b, respectively. The tabulated data for RMS’s
mean relative sensitivity and peak value after experimenting ten times is given in Tables 1 and 2. Tables
1 and 2 show that the relative sensitivity of the MPU 6050 is very low in the frequency range from
2–5 Hz, but with increasing the frequency, it gets more accurate. In Xiaomi Y2 smartphone using my
frequency application, it has very low relative sensitivity (based on RMS value) at only 2 Hz; however,
the relative sensitivity is almost unity from 5 to 46 Hz. Also, relative sensitivity (based on the Peak to
Peak value) approaches unity from the frequency range of 9–116 Hz. As shown by the graph and
tabulated data, it is found that MPU 6050 sensor has around 90% accuracy in the frequency range of 9 to
116 Hz for RMS value, while it is 90% accurate in the range of 37–116 Hz for both RMS and peak data
measurement.

Figure 4: Relative sensitivity (RS) of three sensors (Geophone, MPU 6050, and Xiaomi Y2 smartphone)
with respect to PCB accelerometer as a frequency function. (a) and (b) show the RMS and peak
acceleration values, respectively
On the other hand, the sensor from Xiaomi Y2 was very accurate (more than 96%) but in a shorter frequency
interval from 5 to 46 Hz for RMS values. However, Geophone was not much accurate at low frequency, but the
Geophone’s trend for the relative sensitivity in terms of RMS value and the peak value is quite similar. In
comparison, Geophone is around 70% accurate in the frequency range of 9–23 Hz. The low accuracy of the
Geophone can be to the vertical misalignment of the large length of the tail of the sensor while performing
the experiments, which may induce some errors in acquiring the velocity data from Geophone.
The experiment is repeated ten times, and a similar trend is observed for the relative sensitivity of all
three sensors as a function of the excitation frequency. Figs. 5a–5c show the spread of relative sensitivity
of the three sensors for the RMS value in terms of standard deviation from ten sets of experiments.
Overall, the spread of results shows that experiments are repeatable. MPU 6050 is more repeatable and
accurate than the Xiaomi Y2 sensor. For Geophone, low-frequency data is an outlier. The errors can be
due to numerical differentiation or mutual magnetic induction between the shaker system and Geophone,
which work on similar principles.
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Table 1: Mean relative sensitivity (RS) data for RMS value of Geophone, MPU 6050, and Xiaomi Y2 smartphone
sensors concerning PCB accelerometer
Frequency (Hz)

RS Geophone

RS MPU 6050

RS Xiaomi Y2

2
5
7
9
14
18
23
37
46
73
92
116
144
154
184

30.9282
4.0492
2.2909
0.7385
0.6716
0.7484
0.8859
0.6641
0.5877
0.5451
0.4670
0.4195
0.2306
0.1626
0.1624

0.1476
0.4341
0.8697
0.9373
0.9222
0.9293
0.8315
0.9483
0.9416
0.9241
0.9421
0.9348
0.8818
0.8796
0.8405

0.2587
0.9590
1.0537
1.0338
1.0041
1.0063
0.9998
1.0563
0.9840
0.6944
0.8571
0.7296
0.5029
0.3192
0.0854

Table 2: Mean relative sensitivity (RS) data for peak value of Geophone, MPU 6050, and Xiaomi Y2 smartphone
sensors concerning PCB accelerometer
Frequency (Hz)

RS Geophone

RS MPU 6050

RS Xiaomi Y2

2
5
7
9
14
18
23
37
46
73
92
116
144
154
184

31.9891
4.3588
3.0689
0.8577
0.8701
0.9870
1.1006
0.8542
0.6817
0.5418
0.5414
0.5703
0.4429
0.3471
0.3261

0.2519
0.2702
0.5526
0.6681
0.7484
0.8140
0.8485
0.8811
0.9189
0.9212
0.9517
0.9045
0.8579
0.8838
0.8585

0.3269
0.6028
0.6941
0.9028
0.8956
0.9132
0.9580
0.9795
1.0720
0.8570
0.9782
0.9236
0.6082
0.7972
0.3224
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Figure 5: Relative sensitivity (RS) of sensors MPU 6050, Xiaomi Y2 smartphone, and Geophone in ﬁgure
(a), (b), and (c) respectively with respect to PCB accelerometer as a function of frequency showing the
repeatability of the experiment with standard deviation for RMS value
4 Discussion and Conclusion
The present work compared three different sensors accuracy to measure acceleration/velocity with a
more accurate piezoelectric accelerometer (PCB). The three sensors tested are MEMS MPU 6050,
Xiaomi Y2 smartphone sensor, and Geophone. The sensors are mounted on the shaker table and given
harmonic excitation in the frequency range from 2–184 Hz. Each sensor’s relative sensitivity is deﬁned as
acceleration measured by the sensor with respect to acceleration by a scientiﬁc accelerometer. It has been
observed that MEMS-based sensor MPU 6050 and sensor from MI Xiaomi Y2 have an accuracy of more
than 90% in the broader frequency range 46–116 Hz and 18–46 Hz, respectively. The sensors have low
accuracy at lower frequency range (say below 15 Hz). This ﬁnding can be due to built-in features of
sensors that may not work well at low frequency. For example, MEMS sensors have tiny parts/cantilever,
which may not pick up very-low-frequency signals due to high stiffness. There can also be errors due to
signal distortion at low frequency (below 20 Hz) generated by the shaker. The ﬁrst reason for the
sensor’s-built limitation can be overcome by providing an external gain/factor in the data measurement
system.
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The low accuracy of Geophone can also be due to the mutual induction between the Geophone and the shaker.
Both Geophone and vibration shaker contains a magnetic coil and work on the principle of mutual induction. When
an electric current is passed through the stator coil in a vibration shaker, a strong magnetic ﬁeld is produced,
producing a strong magnetic force. When this magnetic force interacts with the magnetic coil in Geophone,
mutual induction may occur between the Geophone and vibration shaker, leading to some errors.
These sensors can ﬁnd their applications, structural health monitoring fault diagnosis, etc. Out of the
three sensors, MPU 6050 seems to be the most accurate and can ﬁnd practical applications in sensing
vibrations measurements and low-frequency excitation due to the landslide monitoring system. The
relative sensitivity data presented in this paper can be used to convert less accurate data from these lowcost sensors to more accurate data using some machine learning algorithm. This investigation forms a
part of future research.
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