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Abstract: In recent years, some research and techniques have shown many approaches for analyzing the
athlete movement with sensor data. A smartphone’s application is already available to provide feedback
without an instructor by analyzing the user movement with device mounted sensors. To ease boomerang
learning, we are developing a smart boomerang mounted a low-cost IMU sensor and a high-cost gyro-
scope. In the future, to be able to sell smart boomerangs as off the shelf, it will be necessary to remove
the high-cost gyroscope. However, the gyroscope value of the IMU sensor saturates while the boomerang
is flying. On the other hand, the high-cost one has enough performance. In this study, we estimated the
high-cost gyroscope value in the range of low-cost gyroscope saturation using other sensor values. As a
result, the polynomial estimated formula of the second degree using x-axis acceleration has enough good
accuracy to make up for the high-cost gyroscope.

1. Introduction
Boomerang as a sport first began in the USA around

1965. Thanks to the increase of boomerang lovers world-
wide, World Boomerang Championships have been held
every two years since then. While boomerang lovers are
increasing, it’s more difficult for boomerang beginners to
receive instruction directly from a specialist than some
sports. To ease boomerang learning, we are developing
a smart boomerang, that would enable displaying trajec-
tory and advise on user’s smartphone using boomerang
mounted sensors.

2. Related Work
Along with the widespread use of wearable sensor de-

vices, research and techniques for analyzing the movement
of bodies, and gears from acquired data are progressing in
sports fields. In the field of skills science, some research
proposes to attach sensor devices to a tennis racket[1], or
to the wrist of the player[2], to enable the analysis of play-
ers motion.

Kos et al. have proposed the SmartSki system, including
measuring equipment integrated sensors and applications
for improving the skiing skill level and performance[3].
Also, Technical Pitch enables the analysis and feedback of
baseball pitching metrics such as ball velocity, spin axis,
and spin rate on smartphone throwing a ball which con-
tains a 9-axis inertial motion unit (IMU)[4]. This device
is already available on the market, and users can easily
receive feedback concerning pitching from it.

As an application of these researches, Lopez et al. de-
veloped a sports skill improvement support system using
smartwatch sensors and feedback screen[5]. They have
shown that on-site feedback based on analyzing the move-
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ment from acquired data is effective for individual skill
improvement.

3. Boomerang Prototype
We prepared a boomerang prototype for realizing smart

boomerang (Figure 1, Figure 2). Boomerang prototype
embeds a High Dynamic Range (HDR) gyroscope (z-axis
only, Max 20000 degree/s, 500Hz), a Low Dynamic Range
(LDR) gyroscope (3-axis, ± 2000 degree/s), an accelerom-
eter (3-axis, ± 16 g, 500 Hz), and a magnetometer (3-axis,
±4800µT , 100 Hz).

Since the most significant motion of a boomerang is
the rotation, a gyroscope is very important. As described
above, the boomerang prototype has LDR and HDR gy-
roscopes. As shown in Figure 3, the LDR gyroscope be-
comes saturation while boomerang is flying. On the other
hand, the HDR gyroscope can get sensor value without
becoming saturation. So, it showed that the HDR gyro-
scope has enough performance to analyze the boomerang’s
movement.

Fig. 1 Schematic of the Smart Boomerang Prototype
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Fig. 2 The Smart Boomerang Prototype

Fig. 3 Z-axis gyroscope sensor values

However, it is an expensive sensor compared with the
others. In the future, to be able to sell smart boomerangs
as off the shelf, it will be necessary to remove the HDR
gyroscope. This study aimed to evaluate how accurate we
can estimate HDR gyroscope values from other low-cost
sensors data.

4. HDR Gyroscope Values Estimation
4.1 Data Collection and Preprocessing

We collected sensor data from throwing to catching
boomerang. In this study, a boomerang athlete who won
World Boomerang Championships threw and caught the
boomerang prototype for data collection (see Figure 4).
Acquired sensor data are sampled at 1000Hz. And 3-axis
accelerator unit are converted from g to m/s2. While sen-
sor data does not saturate, the LDR gyroscope values are
identical to the HDR ones. We need to estimate HDR gy-
roscope sensor values using other sensors in the range of
the LDR gyroscope saturation.

First, we removed noises from sensor data. As shown in
Figure 3, there are noises such as sudden big noises within
signals. To remove noises, we applied each sensor data to
the median filter (window size is 25 samples).

Next, we extracted sensor data in the range of the LDR
gyroscope saturation to use the estimation of the HDR gy-
roscope value. Figure 5 shows that both x-axis and y-axis
acceleration become saturation for a very brief moment.

Fig. 4 A boomerang athlete threw the boomerang prototype for
data collection

Fig. 5 Sensor data in the range of the LDR gyroscope saturation

So, we extracted and used the range of the LDR gyroscope
saturation, excluding this period for the estimation.

4.2 The estimation result of the HDR gyroscope
Using Curve Fitting

Then, we computed the polynomial equation of the sec-
ond degree using the HDR gyroscope value and the other
two sensors values while the LDR gyroscope and both x-
axis and y-axis acceleration saturate by executing curve-
fitting on MATLAB. To find the best combination of two
sensor values, we tried to compute the polynomial equa-
tion of 15 combinations and compared the results. As a
result, Table 1 shows the combination of the x-axis ac-
celeration and y-axis acceleration had the best adjusted
R-square value. Besides, it should not be necessary to use
both x-axis and y-axis acceleration due to the 90◦ phase
shifting. We evaluated the estimation accuracy of the HDR
gyroscope value while the LDR gyroscope and both x-axis
and y-axis acceleration saturate, using only x-axis or y-axis
acceleration.

To estimate the HDR gyroscope values from x-axis or y-
axis acceleration values in the saturation period, we used
polynomials estimation of the first-degree, second-degree,
and third-degree. As shown in Table 3, every results got
good score. Further, we evaluated these polynomial for-
mulas using the HDR gyroscope values in the range of the
LDR gyroscope ones. As shown in Table 3, these results
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Table 1 Adjusted R-square by 15 different sensor combination
Input 1 Input 2 Adjusted R-square

X axis accelerometer

X axis magnetometer 0.994
Y axis magnetometer 0.994
Z axis magnetometer 0.994
Y axis accelerometer 0.995
Z axis accelerometer 0.994

Y axis accelerometer

X axis magnetometer 0.991
Y axis magnetometer 0.991
Z axis magnetometer 0.992
Z axis accelerometer 0.992

Z axis accelerometer
X axis magnetometer 0.677
Y axis magnetometer 0.623
Z axis magnetometer 0.915

X axis magnetometer Y axis magnetometer 0.0717
Z axis magnetometer 0.814

Y axis magnetometer Z axis magnetometer 0.812

also got good scores. From these evaluations, the best
polynomial estimation formula is the polynomial equation
of the second degree using an x-axis accelerator accord-
ing to formula (1). In formula (1), f(x) is the estimation
value of z-axis gyroscope in degree/s, x is the x-axis accel-
erator in m/s2. Mean Absolute Percentage Error (MAPE)
is 0.88%.

Figure 6 shows the best quadratic fitting result, and fig-
ure 7 shows the HDR gyroscope signal and quadratic es-
timation using x-axis acceleration values when the LDR
gyroscope saturates.

f(x) = 0.02514x2 + 21.43x− 1345 (1)

5. Conclusion and Future Works
In this study, we estimated the HDR gyroscope sensor

value when the LDR gyroscope sensor value achieves satu-
ration using low-cost IMU sensor values. The polynomial
estimation formulas using x-axis acceleration or y-axis ac-
celeration have good results. Among them, the polynomial
formula of the second degree using x-axis acceleration is
the best (0.88% MAPE).

However, since this study used only one dataset, we need
to prepare and validate more datasets. Since both x-axis
and y-axis acceleration value achieve saturation for a very

Table 2 MAE and MAPE values in the range of both x-axis and
y-axis acceleration and HDR gyroscope saturation

Input Order MAE MAPE [%]

X axis accelerometer
1 21.5 0.686
2 19.3 0.621
3 19.2 0.616

Y axis accelerometer
1 22.6 0.724
2 18.9 0.616
3 19.0 0.616

Table 3 MAE and MAPE values in the range of HDR gyroscope
saturation
Input Order MAE MAPE [%]

X axis accelerometer
1 28.8 0.900
2 28.3 0.876
3 29.6 0.902

Y axis accelerometer
1 48.8 1.45
2 62.9 1.86
3 84.6 2.51

brief moment while the boomerang is flying, it is necessary
to replace the low-cost IMU sensor by a high performance
one or to validate whether other sensors can accurately
estimate both x-axis and y-axis acceleration value.

As a prospect, we plan to extract essential data about
boomerang flight (boomerang rotation speed and angle of
inclination, etc.) using these sensor values for developing
smart boomerang. Using these essential data, we would

Fig. 6 Sensor data in the range of the LDR gyroscope saturation

Fig. 7 Sensor data in the range of the LDR gyroscope saturation

Fig. 8 Smartphone application received key data
about boomerang fright from the smart boomerang
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provide feedback to encourage boomerang skill improve-
ment on smartphone’s application for boomerang begin-
ners (Figure 8). In the future, we want to launch smart
boomerang and feedback application.
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