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Abstract

An autonomous vertical take-off and landing (VTOL) must be supported with an accurate positioning system, especially for
autonomous take-off, landing, and other tasks in small area. This paper presents a novel method of small local outdoor
positioning system for localizing the area of dropping and landing of autonomous VTOL by utilizing the low-cost precision
ultra-wide band (UWB) ranging system. We compared symmetrical single sided-two way ranging (SSS-TWR), symmetrical
double sided-two way ranging (SDS-TWR), and asymmetrical double sided-two way ranging (ADS-TWR) methods to get
precision ranging measurement on UWB radio module. ADS-TWR was superior to others by resulting in minimum distance
error. The ADS-TWR average error was 1.38 % (35.88 cm), SDS-TWR average error was 1.83 % (47.58 cm), and SSS-TWR
average error was 2.73 % (70.98 cm). Furthermore, the trilateration method was utilized to obtain the local position of the
autonomous VTOL. The trilateration method successfully implemented autonomous VTOL quadcopter positioning in a small
local outdoor area (20 m x 30 m). Autonomous VTOL has been able to drop seven payloads in seven areas (2 m x 2 m) and
landed in the home position (3 m x 3 m) successfully.

©2021 Research Center for Electrical Power and Mechatronics - Indonesian Institute of Sciences. This is an open access article
under the CC BY-NC-SA license (https://creativecommons.org/licenses/by-nc-sa/4.0/).
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complicated to take-off, hover or land in a narrower
area. Therefore, autonomous VTOL requires accurate
positioning. For example, environmental mapping
autonomous VTOL requires precise positioning to
avoid plotting mistake on the map. Another example
is packet delivery autonomous VTOL. It requires
accurate positioning to send the package to a specific
home address and to drop it in the right and safe

I. Introduction

The development of autonomous VTOL vehicle
increases over this decade. This vehicle has many
advantages over the other types because it is able to
carry a heavy payload, easy to control, more stable,
and has vertical take-off and landing ability.
Therefore, this vehicle is widely used to facilitate

human tasks. Some examples of using this vehicle
are environmental mapping, human surveillance,
and packet delivery.

Positioning ability is one most important
capability in an autonomous VTOL system. The
positioning system must be accurate to support
take-off, hover, and landing in a safe area.
Commonly, autonomous VTOL wuses global
positioning system (GPS) as a satellite-based
positioning system. Usually, a GPS chip only has
+3 m maximum accuracy based on the received
signal from satellites. Autonomous VTOL is
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place, not in a random place in a home radius
location.

There were some researches about UWB range
measurement. Akahori et al designed an indoor
position estimation system with UWB, inertial
measurement unit (IMU) and a distance sensor for
quadcopter [1]. This system consisted of one tag and
three anchor UWB modules. Quadcopter coordinates
were calculated by the Pythagorean and extended
Kalman filter equations. The maximum error for X, y
coordinates were 0.2 m. Mai et al developed an
indoor local positioning estimator for unmanned
blimp [2]. This system used UWB and gyroscope
because GPS and magnetometer cannot work for
indoor positioning. This system used a Kalman filter
to estimate the state of the blimp. Experimental
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results showed that the error estimator was less
than 1 m and orientation error was less than 11
degrees. Ledergerber et al. developed a method for
calibrating away inaccuracies in ultra-wideband
range measurements using a maximum likelihood
approach to minimize data error due to unideal
antenna and environmental influence [3]. The
research only used two UWB radio and tested in
simulation by considering the only parameter of the
UWB radio model without including the
environmental condition. Guosheng et al used
extended Kalman filter and unscented Kalman filter
to improve UWB system accuracy [4]. This system
was used for mobile robot positioning. The
experiments were carried out under non-line-of-
sight (NLOS) and line-of-sight (LOS) conditions.
Experiment result has shown that unscented Kalman
filter has a smaller average error than extended
Kalman filter. Feng et al. combined UWB and IMU to
make an indoor navigation system [5]. They
compared extended Kalman filter with least square
and unscented Kalman filter with direct positioning

algorithm to get the best-improved accuracy method.

Experimental results showed that extended Kalman
filter was better than least square, and unscented
Kalman filter was better than direct positioning
algorithm. Ren et al developed a cow monitoring
activity system using UWB and video processing [6].
They used seven UWB anchor and a UWB tag
installed on a cow. The cow position was calculated
using least square estimation (LSE) based UWB
ranging data. This system has accuracy with mean
error of 0.39 m and standard deviation of 0.62 m.

Several other kinds of research were bluetooth,
Xbee, and radio frequency identification (RFID)
localization system. However, these researches were
only able to be used in areas under 10 m x 10 m.
Ramadhani et al developed an indoor localization
system utilizing bluetooth low energy (BLE) [7]. They
compared trilateration, trilateration-geometric
dilution of precision (GDOP), multilateration, and
multilateration-GDOP  to localize the area.
Multilateration-GDOP was superior to others.
Giuliano er al developed bluetooth low energy
localization system [8]. Feed-forward Neural
Network combined by Non-Linear Least Square
Algorithm was used to calculate position estimation
with 1 m accuracy. Pusnik et al developed bluetooth
low energy localization system [9]. This system
detected the closest transmitter based on the data
from previous measurements. Cheng et a/ developed
a book localization system in a bookshelf based RFID
RSSI [10]. The distance between tag and anchor
(antenna) was 38.5 cm. They used the deep learning
method to estimate book position, and the average
error is 10.02 cm. Ainul et al developed an indoor
mobile cooperative tracking system [11]. They used
Xbee S2 pro module to get received signal strength
indication (RSSI) data and to calculate the position
by trilateration method. They also implemented
extended gradient filter, extended Kalman filter and
modified extended Kalman filter to improve
localizing accuracy. Modified extended Kalman filter
improved 41.28 % of accuracy.

Another technology used the WIFI localization
system. The researches used RSSI to estimate
distance. However, the RSSI data are not linear,
depending on environmental conditions. Zhang et al
developed a hierarchical classification-based method
to estimate position based WIFI received signal
strength data [12]. This method offers 10 % to 22 %
reduced average position error compared to several
benchmark methods. Ashraf et al used a Deep
Neural Network Ensemble Classifier method to
estimate position using WIFI RSSI [13]. This method
showed mean error of 2.84 m with standard
deviation of 2.24 m. Monica et al developed a
localization  algorithm based on nonlinear
programming [14]. This method was compared by
particle swarm optimization and two-stage
maximum likelihood. This method gave a
guaranteed globally optimal solution of position
estimation. Ssekidde et al compared convolutional
Neural Network and artificial Neural Network to
identify a room [15]. They used WIFI RSSI data that
were processed by continuous wavelet transforms.
The experimental result showed that CNN superiors
to ANN, with accuracies of 97.3 % and 70.6 % for
CNN and ANN. Li et al. developed smartphone-based
indoor localization [16]. They integrated channel
state information (CSI) and magnetic field strength
(MFS) localization methods. The experimental
results showed that the mean distance error was less
than 0.5 m. Koike-Akino et al/ developed indoor
localization using WIFI signal to noise ratio [17].
They used deep learning to calculate position. The
position root mean square error is 28.7 cm in 250 cm
x 350 cm area. Peng et al. developed an improved K-
Nearest neighbor algorithm for indoor localization
[18]. Compared with the KNN, E-WKNN, and P-
WKNN algorithms, the positioning accuracy of this
method was improved by 29.4 %, 23.5 %, and
20.7 %, respectively. Maghdid et al developed an
indoor localization simulation. They used long short-
term memory recurrent Neural Network to estimate
position based WIFI RSSI [19]. They improved the
performance of long short-term memory recurrent
Neural Network by adding a transfer learning
algorithm to WIFI RSSI data. This simulation result
confirmed that this method could obtain 1.5 m to 2
m positioning accuracy. Sadowski et al. compared
KNN and Naive Bayes to calculate a tag position in a
room [20]. The experiment showed that KNN is
superior to Naive Bayes.

There were other researches about localization.
Ranade ef al developed quadcopter obstacle
avoidance and path planning simulation using the
Flood Fill method [21]. This method was compared
with the Potential Field method to show the fastest
execution method. The result has been
demonstrated that flood fills faster than the
potential field method. Honig et al developed
quadcopter swarm trajectory planning for an indoor
area using VICON camera positioning [22]. Shen ef al/,
developed a cooperative relative navigation method
that exploited ranging sensor to assist the global
navigation satellite system (GNSS) [23]. This method
improved navigation accuracy and robustness. Gu
et al developed Landmark Graph-based Indoor
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Localization [24]. They used multisensory data on a
smartphone (accelerometer, gyroscope,
magnetometer, barometer, WIFI, light sensor) then
extracted the feature to make a landmark on a
building. This method has 0.8 m mean error. Ashraf
et al. developed an indoor localization system using
a convolutional Neural Network-based magnetic
field pattern [25]. This system offered 1.01 m
accuracy.

This paper presents a novel method of small local
outdoor positioning system for localizing the area for
dropping and landing of an autonomous VTOL, based
on low-cost precision Ultra-Wide  Band
measurement ranging system.

[I. Materials and Methods

We started by designing ranging hardware. A set
of UWB radio module was used to make small local
positioning area for autonomous VTOL dropping or
landing area. When autonomous VTOL did not detect
UWB signal, GPS system was used. Autonomous
VTOL went to small local positioning area using GPS
coordinate and then detected UWB signal. When it
was detected, local positioning process was started.
Autonomous VTOL could drop or land in small local
positioning area precisely.

Figure 1 shows a small local outdoor positioning
area of autonomous VTOL. The area size is 20.00 m X
30.00 m. This system consists of autonomous VTOL
and UWB tag (moveable position), and UWB anchor
(fix position). UWB Anchor 1 is located at
(11.00, 0.00) m, UWB Anchor 2 is located at
(0, 15.00) m and UWB Anchor 3 is located at (11.00,
30.00) m. Autonomous VTOL can localize its position
in this small local positioning area. Home area is 3 m
X 3 m to take-off and landing operation, dropping
area (yellow square) is 2 m x 2 m to drop user
payloads. Home location position (red square) is
(1.50, 1.50) m, and dropping positions (yellow
square) are (8.50, 11.00), (1.00, 15.00), (4.00, 22.5),
(1.00, 28.00), (18.50, 26.00), (12.50, 20.00), (17.00,
7.50) m.

A. Software tag and anchor hardware design

This section presents about schematic design of
UWSB tag and anchor transceiver for ranging sensor.
Figure 2 shows the schematic of UWB tag and anchor
transceiver. We use DWM1000 as UWB IC chip and
Arduino pro mini as main controller. Arduino gets
ranging data from DWM1000 wusing SPI
communication. SPICLK, SPIMISO, SPIMOSI, SPICS of
UWB is connected respectively on D13, D12, D11,
D10 Arduino pin. The system needs 3.3V so we add
3.3V voltage regulator IC. We also add led power
indicator.

Figure 3 shows the hardware board for the tag
and anchor transceiver from Figure 2 schematic. The
green board is DWM1000, and the blue board is
Arduino minimum system. This hardware board was
duplicated into four pieces. One-piece as UWB Tag,
the other as UWB anchor 1, UWB anchor 2, UWB
anchor 3.
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B. UWB ranging algorithm

Figure 4 shows the ranging algorithm to measure
distance between UWB tag and anchor. Measuring
cycle is started when UWB tag transmit POLL
message to idle UWB anchor. UWB anchor checks
the message address. If the message address belongs
to UWB anchor, UWB anchor transmits RANGE
message to UWB tag. UWB tag receives RANGE
message and checks the message address. If the
message address belongs to UWB tag, UWB tag
calculates the range.

UWB has several modes of range measurements
algorithm. There are symmetrical single sided-two
way ranging (SSS-TWR), symmetrical double sided-
two way ranging (SDS-TWR) and asymmetrical
double sided-two way ranging (ADS-TWR). We can
choose the best algorithm with minimal error

SSS — TWR Ty = om0 (1)

Figure 5 shows the SSS-TWR algorithm. In the
SSS-TWR algorithm, UWB Device A transmits a
message to UWB Device B. Then, UWB Device B
receives the message and transmits the answer to
UWB Device A. The time between the received
message process and the transmitted answer process
of UWB Device B is Treply. The time between the
transmitted message process and the received

Transmit
(Msg=POLL)

Received Msg
from Anchor?

Is it my
Address?

Msg == RANGE?

Calculate Range(m)

Figure 3. UWB tag and anchor transceiver

answer process of UWB Device A is Tround. T is
propagation ranging time. Ty, can be calculated by

(1)
SDS — TWR Tprop — Troundl—Treplyl:TroundZ—TreplyZ (2)

Figure 6 shows the illustration of SDS-TWR
algorithm. In the SDS-TWR algorithm, UWB Device A
transmits a message to UWB Device B. Then, UWB
Device B receives the message and transmits the

Received Msg
from Tag?

Is it my
Address?

Msg == POLL?

Transmit
(Msg=RANGE)

Figure 4. UWB ranging flowchart
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answer to UWB device A. UWB device A receives
answer and transmits it back to UWB device B.
Tround1, Tround2, Treplyl, and Treply2 are
transmitting and receiving duration of UWB message,
respectively. Tp,op can be calculated by (2).

ADS-TWR illustration is same as SDS-TWR, but
with different equation propagation time. Equation
(3) shows ADS-TWR equation. This equation
eliminates error when Treplyl and Treply2 have
same value.

Tround1*Tround2—-Treply1+Treply2 ( )

ADS —TWRT, =
prop Tround1+Tround2+Treplyl+Treply2

The distance between UWB tag and anchor can
be calculated by (4)

distance (meter) = C * Typqp * t (4)

where C is the light velocity (299792458 m/s), Tpop
is the ranging propagation time of UWB, and t is the
UWSB resolution timestamp (~15.6 ps).

C. Autonomous VTOL specification

This section presents about the autonomous VTOL
specification. We continuously develop autonomous
VTOL over three years for research and competition.
We choose hexacopter configuration to improve the
lift weight ability.

Figure 7 shows the autonomous VTOL. The
autonomous VTOL used six brushless motors. UWB
tag is attached above payload box to receive ranging
data from UWB anchor. The payload box can carry
seven boxes. Each box's maximum dimension and
maximum weight are 10 cm x 10 cm x 4 cm and 100
gr-high-level and low-level controller centrally
located on the frame. GPS is used when autonomous
VTOL cannot detect UWB signal.

Figure 8 shows the block diagram of autonomous
VTOL. The autonomous VTOL controller consists of a
low-level controller and a high-level controller. The
low-level controller uses hex cube Pixhawk 2.1 with
redundant IMU and GPS. The main task of a low-
level controller is flight navigation control system.
The high-level controller uses ODROID mini pc. The
high-level controller main task is additional custom
algorithm processing by the user like image and
video processing, including local positioning system.
433 radio transmitter is used to communicate with
ground control software. Autonomous VTOL uses a
5000 mAh battery to get 10 minutes of flight time.
This autonomous VTOL has been equipped with
UWB Tag for local positioning. UWB tag sends
ranging data to the high-level controller and
calculates autonomous VTOL x, y position. The
detailed calculation for the X, y position is described
in the methodology.

D. Method

This section presents about trilateration method
to localize autonomous VTOL. This method is used to
calculate UWB tag position. Figure 9 shows the
trilateration model illustration. (X, y) is UWB tag
position, and the position is moveable. UWB anchor
has fix position. (x4, y1) is UWB anchor 1 position, (X,
y,) is UWB anchor 2 position, and (X3, y3) is UWB
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Figure 5. SSS-TWR range measurements mode algorithm
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Figure 7. The hexacopter autonomous VTOL
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Figure 8. Autonomous VTOL block diagram

g

Figure 9. Trilateration model
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anchor 3 position. Trilateration input is distance data
between UWB tag and anchor (14, Iy, I3).
A circle with (x,y) coordinate has an equation:

x? +y? = r? (5)

The trilateration equation for UWB Tag at (x, y) and
UWB Anchor at (x4, y1), (X2, ¥2), and (X3, y3) are:

X = x)?+ @y - y)? =1 (6)
X = %)+ — y2)? =17 (7)
(x = x3)°+(y — y3)? =132 (8)

x is UWB tag x-axis position, y is UWB tag y-axis
position. X;, X,, and X3 are UWB anchor 1, anchor 2,
and anchor 3 x-axis fixed position. y;, y,, and y; are
UWB anchor 1, anchor 2, and anchor 3 y-axis fixed
position. r; is distance between UWB tag and
anchor 1. r, is distance between UWB tag and
anchor 2. r3 is distance between UWB tag and anchor
3.

Then, equations (6), (7), and (8) can be further
derived to (9), (10),and (11)

x2 = 2x, X+ %2 +y2 — 2y,y% + y12 =12 (9)
X2 = 2X,X + X2 + y? — 2y,y? + y,? =r1,° (10)
x2 = 2x3x + X352 +y2 — 2y3y? + y3% =r3° (11)
Subtracting (9) by (11):

(—2%; + 2x)x + (— 2y, + 2y,)y =112 =132 — %% +
X” = yi? + y2? (12)

Then, subtracting (10) by (11):
(=2 + 2x3)X + (= 2y, + 2y3)y = 13° —13% — x,° +
x3% = y2° + y3? (13)

Lets rewrite (12) using A,B,C values, and (13) using
D,E,F values. This would in the following form:

Ax + By = C (14)

Dx + Ey = F (15)

Lets rewrite equation (14) and (15) into matrix (16)

A B1[*1_|[C

D E] [y] - [F] (16)

X1 _[A BITY[C

[y]_[D E] [F] (17)

X1 1 [E =BJ[C

[y] T 4aE-BDl—-D A ”F] (18)

X1 1 EC —BF

[y] " 4ak-Bpl-DC  AF ] (19)
From (19), we can calculate x and y coordinate:
EC—-BF

x= AE-BD (20)

Y= i (1)

[1I. Results and Discussions

In the first experiment, we conducted a distance
ranging test for each UWB module. The main
objective is to get maximum distance ranging ability
and distance error measurement. Figure 10 shows
the experimental setup of the UWB module. This

experiment was conducted to measure the distance
between UWB tag and anchor. UWB anchor and
computer is located in a fixed position. UWB tag was
placed at a specific distance (1 m until 29 m). UWB
Anchor calculated the distance to UWB Tag using
SSS-TWR, SDS-TWR or ADS-TWR based radio signal.
Then the calculated distance was sent to a computer.

This experiment compares symmetrical single
sided-two way ranging (SSS-TWR), symmetrical
double sided-two way ranging (SDS-TWR) and
asymmetrical double sided-two way ranging (ADS-
TWR) to get an accurate ranging measurement.
Figure 11 shows UWB distance measurement using
the SSS-TWR algorithm. The X-axis is the distance
between UWB tag and anchor, and the y-axis is UWB
anchor measurement value using the SSS-TWR
algorithm. The result has been demonstrated that
the UWB module can measure the maximum
distance at 26.83 m. Figure 12 shows the error
reading. The x-axis is the distance between UWB tag
and anchor, and the y-axis is the percent error
measurement value. In 1 m measurements, UWB
gets 12 % error measurement or equal to 0.12 m.
Then in 13 m measurement, UWB gets 2.3 % error
measurement or equal to 0.299 m, and in 26 m
measurement, UWB gets 0.69 % error measurement
or equal 0.1794 m. The average error of symmetrical
single sided-two way ranging algorithm is 2.73 %,
the maximum error is 12.00 %, and the minimum
error is 1.58 %.

Figure 13 shows UWB distance measurement
using the SDS-TWR algorithm. The x-axis is the
distance between UWB Tag and Anchor, and the y-
axis is UWB Anchor measurement value using the
SDS-TWR algorithm. The result has been
demonstrated that the UWB module can measure
the maximum distance at 28.99 m. Figure 14 shows
error reading. The x-axis is the distance between
UWB Tag and Anchor, and the y-axis is the percent
error measurement value. In 1 m measurement,
UWB gets 7.31 % error measurement or equal to
0.073 m. Then in 13 m measurement, UWB gets
1.20 % error measurement or equal to 0.1547 m, and
in 26 m measurement, UWB gets 2.0 % error
measurement or equal to 04732 m. Thus,
symmetrical double sided-two way ranging (SDS-
TWR) algorithm average error is 1.83 %, the
maximum error is 7.31 %, and the minimum error is
0.64 %.

Figure 15 shows UWB distance measurement
using the ADS-TWR algorithm. The x-axis is the
distance between UWB tag and anchor, and the y-
axis is UWB anchor measurement value using ADS-
TWR algorithm. The result has been demonstrated
that the UWB module can measure the maximum

Serial USB

>

UWB Tag UWE Anchor

Figure 10. UWB transceiver distance ranging test set up
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Figure 14. ADS-TWR distance measurement error

distance at 28.99 m. Figure 16 shows the error
reading. In 1 m measurement, UWB gets 8.1 % error
measurement or equal to 0.081 m. Then in 13 m
measurement, UWB gets 0.64 % error measurement

or equal to 0.0832 m, and in 26 m measurement,
UWB gets 0.34 % error measurement or equal
0.084 m. asymmetrical double sided-two way
ranging (ADS-TWR) algorithm average error is
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Figure 16. ADS-TWR distance measurement error

1.38 %, the maximum error is 7.31 %, and the
minimum error is 0.64 %.

From the first experiment, ADS-TWR is superior
to others by resulting in minimum distance error.
ADS-TWR can measure longer distance than SSS-
TWR and SDS-TWR. It also has minimal distance
measurement error. ADS-TWR average error is
1.38 % (0.3588 m), SDS-TWR average error is 1.83 %
(0.4758 m), SSS-TWR average error is 2.73 %
(0.7098 m). The second experiment is UWB local
positioning system implementation in autonomous
VTOL using ADS-TWR ranging measurement method,
and calculate the position of autonomous VTOL
using trilateration method. Figure 17 shows the
documentation of the second experiment when
using autonomous VTOL hover. The orange area is
dropping point. UWB tag is installed on autonomous
VTOL, and UWB anchor is installed on a tripod.
Figure 17 only shows +3 of 7 dropping points and 2
of 3 UWB anchors because the camera cannot
capture all areas.

Figure 18 shows the autonomous VTOL flight
path. This experiment was carried out in an outdoor
area (20.00 m x 30.00 m). We used autonomous
VTOL to drop seven payloads in a specific position.
Home location position (red square, 3 m x 3 m) is
(1.50, 1.50), and dropping positions (yellow square,
2 m x 2 m) are (8.50, 11.00), (1.00, 15.00), (4.00,

22.5), (1.00, 28.00), (18.50, 26.00), (12.50, 20.00),
(17.00, 7.50). Initially, Autonomous VTOL took-off
from home position (red square). Autonomous VTOL
went to dropping point 1 and reached DROP 1
position, and then autonomous VTOL dropped the
first payload successfully. Next, autonomous VTOL
went to dropping point 2 and reached DROP 2
position, and then autonomous VTOL dropped the
second payload successfully. Autonomous VTOL
went to dropping point 3 and reached DROP 3
position, and then autonomous VTOL dropped the
third payload successfully. Next, Autonomous VTOL
went to dropping point 4 and reached DROP 4
position, and then autonomous VTOL dropped the
fourth payload successfully. Autonomous VTOL went
to dropping point 5 and reached DROP 5 position,
and then autonomous VTOL dropped the fifth
payload successfully. Next, Autonomous VTOL went
to dropping point 6 and reached DROP 6 position,
and then autonomous VTOL dropped the sixth
payload successfully. Autonomous VTOL went to
dropping point 7 and reached DROP 7 position, and
then autonomous VTOL dropped the seventh
payload successfully. Next, Autonomous VTOL went
to the home point and successfully reached the
HOME position, then autonomous VTOL land. This
system can be used to localize the area for the
dropping and landing of an autonomous VTOL.
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Figure 18. Recorded autonomous VTOL flight path using UWB
system

IV. Conclusion

We have compared SSS-TWR, SDS-TWR, and
ADS-TWR UWB ranging measurement modes. ADS-
TWR can measure longer distance than SSS-TWR and
SDS-TWR up to 29 m. ADS-TWR also has minimal
distance measurement error. ADS-TWR average
error is 1.38 % (0.3588 m), SDS-TWR average error is
1.83 % (0.4758 m), SSS-TWR average error is 2.73 %
(0.7098 m). We also successfully implemented
autonomous VTOL Quadcopter positioning in a small
local outdoor area (20 m x 30 m). Autonomous VTOL
has been able to drop seven payloads in seven areas
(2 m x 2 m) and landed in the home position (3 m x
3 m) successfully.
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