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Abstract

This work introduces an embedded small in-
door helicopter heading controller based on
fuzzy logic. The work addresses the prob-
lem of system identification when imple-
menting a Takagi-Sugeno-Kang type fuzzy
logic controller. Instead of identifying the
system formally beforehand, the fuzzy con-
trollers consequent parameters are learned
using a Neuro-Fuzzy Inference System with
data collected from an existing, previously
implemented proportional controller. The
controllers are implemented on an embed-
ded microcontroller driven system attached
to the helicopter, also presented in this paper.
Finally, the fuzzy logic based controller is
tested and compared to the proportional con-
trollers performance.

1 Introduction

An autonomous swarm of small indoor helicopters
is currently being developed at the Centre for Com-
putational Intelligence at the De Montfort Univer-
sity, using high-efficiency and compact embedded
control and monitoring. Before an autonomous he-
licopter can do complex manoeuvres such as fly to
defined way points, take-off and land or avoid ob-
stacles, it has to be able to maintain a stable po-
sition. Stability and robustness from external in-
fluences such as wind as well as sensor and actu-
ator error is needed for all three rotational and all
three translational degrees of freedom (DOF). Fuzzy
logic is advocated as a methodology that is able to
efficiently deal with uncertainty and disturbance to
the controller [7]. The advantage of the fuzzy ap-
proach is that a crisp mathematical model of the sys-
tem need never be identified. As a first step in this
larger project, an embedded fuzzy logic based head-
ing control system is developed and introduced in
this work.

A helicopter is a non-linear and unstable sys-
tem which is difficult to control. There is much

research being done in this area using a wide vari-
ety of methods including a number of artificial in-
telligence techniques in addition to the more tradi-
tional PID approach. In [9] Sanchezet al introduce
an unmanned helicopter control system combining
a Mamdani type fuzzy logic controller [8] with
conventional proportional-integral-derivative (PID)
controllers. The Fuzzy Inference System (FIS) is
controlling the translational movement while the
PID controllers handle the altitude and attitude of
the helicopter. The system is tested via simulation on
hovering and slow velocities and showed good per-
formance. Sanchezet alstate that the controller will
be implemented in real time in the future and might
be designed as a Takagi-Sugeno-Kang (TSK) fuzzy
system [12]. TSK type fuzzy systems utilise conse-
quent parameters that usually need to be identified
beforehand the implementation of such a system.
Other work [6] introduced a TSK type fuzzy system
to control the altitude and attitude of a small size un-
manned helicopter. Kadmiry and Driankov state that
the large class of non-linear plants can well be repre-
sented by the TSK models with only minor changes.
In their work, the non-linear helicopter multiple-
input-multiple-output model was obtained from an
existing real platform before any work on the FIS
was done. As part of a comprehensive study [11],
Shin et al introduced TSK based fuzzy logic con-
trollers for the control actuators collective pitch, tail
rotor pitch, longitudinal and lateral cyclic pitch. A
genetic algorithm is used to identify and tune the
consequent parameters of the four controllers using
fitness evaluated from a simulation. In conclusion,
the authors state that the fuzzy controllers are capa-
ble of handling uncertainties and disturbances.

The second paper described above [6] uses a
mathematical model obtained from an existing plat-
form to model the TSK fuzzy system and consequent
parameters. The third paper [11] used a genetic al-
gorithm to identify and tune these parameters. In
this work, the TSK fuzzy inference system is imple-
mented on a low-specification embedded hardware
board. The FIS is learned from data taken from an
existing system using an Adaptive Network-Based



Fuzzy Inference System (ANFIS). This method pro-
vides fast and effective means to develop TSK based
fuzzy systems close to the original model without
the need to formally identify the controllers model.
The remainder of this paper is structured as fol-
lows. In section 2 the background of this work is
discussed, including details of the helicopter model
employed, some required flight dynamics and the
hardware on which the controllers are running on.
Section 3 gives an overview of the complete soft-
ware and hardware setup used to implement and test
the controllers. Section 4 describes the implementa-
tion process with details on the methodologies used.
Finally, section 5 shows the results obtained in this
work and section 6 presents the conclusions.

2 Background

In order to implement a fuzzy controller capable of
controlling a helicopters heading, much additional
hardware, tools and theoretical knowledge needs to
be considered and used.

2.1 Helicopter model - Twister Bell 47

The helicopter used in this work is aTwister Bell
47 with twin counter rotating rotors with 340 mm
span, driven by two high performance DC motors,
two servos to control rotor blade angles (not used
in this work) and a receiver to control the motors
and servos over radio control (also not used in this
work). The weight of the helicopter without mi-
crocontroller, driver, sensor and batteries is approxi-
mately 200 grams.

A helicopters’ rotor momentum combined with
friction results in a reaction by the helicopters body
to turn the opposite direction of the rotors. This ef-
fect is known as the torque effect. Usually single
rotor helicopters have either some kind of tail rotor
or a NOTAR (NOt a TAil Rotor) system to counter-
act this effect and to change heading. This helicopter
doesn’t have a tail rotor of any kind. Rather, such a
system comprises of two counter rotating blades is
used to give both lift and direction. When both ro-
tors are moving at the same speed a constant heading
is maintained. If either rotor‘s speed is reduced the
heading will change and lift will be reduced. The
change in heading results from the differing levels
of torque effect being produced by each rotor. If one
rotor‘s speed is reduced, whilst the others speed is
increased by an identical amount, the heading will
change whilst a constant amount of lift will be main-
tained. For a more stable and safe test scenario, the
top rotor blades have been turned around. Thus the
rotors are working against each other, almost com-
pletely neutralising the lift on the helicopter. Further

more, the helicopter has been fixed to a plate on top
of a ball bearing, thereby enabling the helicopter to
turn freely while not being able to lift off nor tilting
to any side.

As figure 1 shows, usually helicopters have 3 ro-
tational degrees of freedom (DOF) called pitch, roll
and yaw, as well as 3 translational DOF called up /
down, left / right and forwards / backwards. All of
these outputs are controlled by 4 inputs, the amount
of lift with the speed of the rotor (eventually with an
adjustable rotor angle), the heading with the tail ro-
tor or the differential of two rotors, and the pitch and
roll rotational angles by adjusting the rotors angle
that is depending on the rotors position. For more
information see the comprehensive study at [11].
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Figure 1: A dual rotor helicopters degrees of free-
dom

Taken together one can say that a helicopter is an
unstable non-linear system that is very sensitive to
external disturbances [3] and therefore very difficult
to control.

2.2 Microcontroller - OOPIC-R

The heading controller introduced in this work is im-
plemented on a OOPIC-R version B.2.2+ microcon-
troller. This embedded system has a low power con-
sumption while providing many inputs and outputs
great for driving models and robots. Although the
microcontroller has a rather low performance and
only 168 Byte of program accessible RAM, it can be
programmed in C++, Java and Visual Basic like lan-
guages using a object oriented paradigm. Unfortu-
nately, the microprocessor and compiler are not able
to work with floating point arithmetic. Clearly this
affects the development of a fuzzy inference system
on such a device.

The microcontroller also provides regulated
power supply to the devices connected to it. Except
for the external sensor as well as the driver attached
to it, the microcontroller board has all the technol-
ogy required to drive the controller for this work.



2.3 Sensor - Honeywell HMR3000

The sensor used to read the current heading of the
helicopter is the Honeywell HMR3000 Digital Com-
pass Module. This device is highly accurate up to
0.5◦, has a fast response time of up to 20 Hz and a
low power consumption smaller 35 mA. It is com-
municating over the RS232 using a NMEA (Na-
tional Marine Electronics Association) protocol.

The device needs to be initialised after startup
with certain NMEA strings sent over the serial port
in order to configure and start the device. Depending
on these settings, the device returns different read-
ings in different time intervals using different mes-
sage formats. In section 4 more details are given on
how the sensor is configured and read for this partic-
ular task.

2.4 Adaptive Network-Based Fuzzy Inference
Systems (ANFIS)

ANFIS [4] is a neuro-fuzzy approach which brings
together the machine learning abilities of artificial
neural networks with the tractability and robustness
of fuzzy logic. ANFIS models a rule based fuzzy
inference system as feed forward network, the rules
can be of Mamdani, TSK or standard additive model
type. The purpose of the ANFIS model is to allow
the fuzzy sets to be tuned using data the has already
been gather about a given system. The fuzzy rules,
or whichever type, have an associated set of param-
eters for the antecedent and consequent part of the
rules. ANFIS uses a two pass hybrid learning algo-
rithm to tune these parameters, so that the fuzzy in-
ference system fits the data. For the forward pass of
the learning algorithm the antecedent parameters are
fixed and the consequent parameters are estimated
using the least squares estimator. Data is fed through
the system and the least squares regression technique
finds the best fit for this data, giving the consequent
parameters. For the backwards pass of the learning
algorithm the consequent parameters are now fixed
and the antecedent parameters are tuned. The errors
between the output from the system and the actual
data points are propagated back through the system
and gradient decent is used to minimise this error
by tuning the antecedent parameters. In this paper
we use ANFIS to model a where the performance is
given by a proportional controller.

3 System Setup

The complete controller system persists of compo-
nents as described previously. Figure 2 shows all of
these components connected together as required.

The battery powering the microcontroller and

motors is a 7.4 V Li-ion Polymer with 800mAh. The
microcontroller board is supplying all electrical de-
vices except for the motors with regulated 5 V. Three
buttons on the microcontroller enable user interac-
tion with the controller application. The first button
is set to save the current heading as the fixed heading
the controller will use to hold or move back to. The
second and third button enable a user to increase and
decrease respectively the total power to the rotors.

Digital Compass

Motor
Driver

b

b Motor 1
Motor 2

OOPIC
Microcontroller

Board

7.4V
Battery

Additional
Serial Port

Figure 2: Complete system setup with sensor, driver,
battery and serial debug interface

The HMR3000 sensor is connected to the mi-
crocontroller over the serial port using a special ca-
ble that also provides the sensor with power. The
driver is connected to the OOPICs digital motor I/Os
as well as to its 5 V power supply. An additional
safety switch is connected to the drivers enable in-
put to quickly disable the driver, if needed. Two ca-
bles from the driver connect to the motors and sup-
ply these with up to full power from the battery, de-
pending on the controllers PWM signal sent to the
driver. An additional and optional TTL logic to se-
rial converter chip is attached to the digital I/Os of
the OOPIC to provide a debug interface as the pri-
mary serial port is already used by the sensor. The
complete system is then attached to the helicopter.

4 Implementation

Using the complete system as previously described,
the controllers can now be implemented. This sec-
tion gives details on how exactly this is done.



4.1 Overview

The first step in the development of the fuzzy logic
based heading controller is the implementation of a
simple proportional controller. This controller will
serve as a raw model to build the TSK fuzzy system
from. Figure 3 shows the three implementation steps
needed to get to a good working FIS. The follow-
ing subsections explain the implementation details
for the proportional controller as well as the design,
training and implementation of the FIS. The most
important input to the controller is the current head-
ing from the sensor.

Sensor Input

Outputs to Motors

Proportional
Controller

Learn FIS
Parameters

using ANFIS

Sensor Input

Outputs to Motors

Type-1 TSK
Fuzzy Logic
Controller

Figure 3: Fuzzy Inference System Developmental
Methodology Overview.

4.2 Reading the Sensor

The HMR3000 uses the NMEA (National Marine
Electronics Association) protocol to send and re-
ceive information. The sensor needs to be initialised
and configured in order to send sensor data in the
format and refresh speed required. Thus, the sensor
is configured to transmit new readings using ASCII
messages in degrees with 13.75 Hz. A final com-
mand initiates the sensor which starts sending infor-
mation over the serial port, always overwriting old
information on the port of the microcontroller. The
following algorithm is used to successfully read the
current heading from the sensor data.

As the information is sent single char wise, one
does not know exactly at what point the informa-
tion is read and analysed. A heading of 310.1 de-
grees could be read as 0.1 degrees as the first two
chars were sent already and not analysed by the ap-
plication. Therefore synchronisation is required and
achieved by reading all information until no more in-
formation is sent by the sensor. This sending pause
is only happening between sensor readings. At that
point the program is synchronised and the sensor
reading is taken with the following procedure:

1. Wait for new reading.

2. Read byte by byte into a character array.

3. Generate number out of read information.

4.3 Proportional Controller

With the heading read from the sensor, the applica-
tion has now the first and most important of the two
inputs needed by the controller. The second input is
entered by the user by means of the buttons on the
microcontroller: The total power to drive the rotors.

In order to make the heading meaningful to the
controller, the difference between the previously
fixed and the current heading is calculated by the fol-
lowing equation.

error = current heading− f ixed heading (1)

Now the error is in between -360 and 360 de-
grees and therefore has to be pushed back into a valid
range using some conditional statements. It should
be mentioned here that the error is computed for neg-
ative and positive errors using a boolean flag which
is needed due to a bug within the OOPIC compiler.
Negative numbers are not correctly analysed in con-
ditional statements without this flag.

The proportional controller reacts based on the
following two rules:

• The bigger the error, the bigger the turning
speed difference

• The bigger the total power, the smaller the turn-
ing speed difference

Although this is not exactly implemented in a pro-
portional way, the controller is closely related to a
proportional controllers and therefore called “pro-
portional controller” in this work.

4.4 Fuzzy Inference System

As mentioned previously, a Takagi-Sugeno-Kang
fuzzy inference system has been chosen for this
work. Such a fuzzy system is usually much
less computational expensive than a Mamdani type
FIS [1]. It also needs less variable space in terms of
RAM which is also extremely small on the micro-
controller used in this work. Although a Mamdani
type FIS might be implementable on this embedded
system, the TSK fuzzy system is the better choice in
terms of performance as well as future work [5, 6].

The rules bases for the controller contained six
rules:

R1 : i f µlow(pl) and µlow(e) then w1

R2 : i f µlow(pl) and µmedium(e) then w2

R3 : i f µlow(pl) and µhigh(e) then w3

R4 : i f µhigh(pl) and µlow(e) then w4

R5 : i f µhigh(pl) and µmedium(e) then w5

R6 : i f µhigh(pl) and µhigh(e) then w6



whereRi is the ith rule, pl is power level,e is er-
ror in the current heading andf1 . . . f6 are fuzzy pa-
rameters that are to be learned using the ANFIS hy-
brid learning algorithm. The power level input has
two associated fuzzy setlow and high and the er-
ror input has three associated fuzzy setlow, medium
andhigh. The ANFIS topology for this fuzzy sys-
tem is depicted in Figure 4. Figures 5 and 6 depict
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Figure 4: The ANFIS Topology

the membership functions for the power level and
error inputs respectively, which were trained using
data from the proportional controller using the AN-
FIS hybrid learning algorithm. The firing strength
wi of each rule is calculated with the minimum t-
norm, these are also ( ¯wi) normalised prior to cen-
troid calculation. The final output of the FIS, change
in power ratio, is calculated using equation 2.

δp =
6

∑
i=1

w̄i fi (2)

wherew̄i is the firing strength of theith rule andfi is
a consequent parameter tuned using ANFIS.

4.4.1 Training parameters with ANFIS

ANFIS uses a hybrid learning approach, the back-
propagation gradient descent method to fine-tune the
membership functions and the least-squares estima-
tor to identify the consequent parameters. Using this
system, the “constant” consequent parameters in ta-
ble 1 were identified.

Based on these parameters the FIS showed to be
performing well as can be seen in figure 7. The Fig-
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0 90 180
Error (degrees)
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Figure 5: Membership functions for inputError.
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low high

Figure 6: Membership functions for inputsPower-
Level.

Table 1: Learned Parameters of the Fuzzy Rules.
Parameter Value

f1 0.2744
f2 0.3435
f3 1.7486
f4 1.0858
f5 2.0525
f6 0.9821

ure show that the choice of membership functions
for the power input is resulting in a plateau on the
rule surface. This plateau represents an area of con-
trol that is of no practical use.

Figure 7: Rule output surface of trained FIS

4.4.2 Fixed Point Arithmetic

The methods presented in this Section are used when
fuzzifing the antecedent membership functions in
the controllers inference engine. The microcon-
troller is not capable of computing floating point
numbers, usually needed for the implementation of a
FIS. One solution to this problem could be to recre-
ate the FIS to use higher numbers for inputs and
output, for example choosing a membership grade
range between 0 and 100. But this would mean that
the intuitive andclear design of the FIS would be
tweaked and sized in many ways. Rather than chang-
ing the design, another method can be used to com-
pute the numbers needed:Fixed Point Arithmetic



Fixed Point Arithmetic has the performance of
integer calculations while providing adequate accu-
racy [10]. Unlike floating point numbers, fixed point
numbers have a certain range of bits only for whole
numbers and other bits for the rest. As the name
of the variable type already states, thepoint within
the variable is fixed. Due to this fact, the precision
of these numbers is only a fraction of that of float-
ing point variables. This needs to be considered dur-
ing the application design and implementation. The
point position is very important to take into account
when doing calculations with these numbers. Fixed
point variables are created by shifting the value by
the fixed point offset to the left. The following ex-
ample will shows how this is done:

fix1 = 3.1415<< fixed point offset;

Using a 2 byte or 16 bit variable and a fixed point
offset of 8 bit, the shift operation would be the same
as a multiplication by 28−1 = 255. Thus, a number
like 3.1415 would become 801.083 and be stored in
the fixed point variable as 801(∼ 3.1412∗255). For
higher precision, more bits could be allocated from
the whole number to the rest. Unfortunately, calcu-
lations like multiplication and division need many
extra bits within the variables as will be shown later.
In order to reverse the process of creating fixed point
numbers, the variable needs to be shifted back by the
fixed point offset. Clearly, in this process the num-
ber after the point is simply cut off. Multiplications
and divisions need to be performed together with
the shift operation. The following example could be
used:

fix3 = ( fix1 * fix2 ) >> fixed point offset;

fix3 = ( fix1 << fixed point offset ) / fix2;

Using previous fixed point numberf ix1 again,
the following calculations will serve as an example
what is happening here. When multiplying two fixed
point numbers likef ix2 = f ix1∗ f ix1, the point lo-
cation within the result is shifted by another fixed
point offset. In the previous example this means that
801∗801= 641601 which is a far too large number
for a 16 bit variable. Therefore, before a multipli-
cation is done one of the fixed point variables needs
to be shifted back by the fixed point offset, loosing
all precision. Alternatively, both variables can be
shifted back half the fixed point offset loosing only
some precision. Taken together, every use and calcu-
lation with a fixed point variable needs to be thought
through carefully always having in mind the range of
possible values in the variables. If the system is de-
signed carefully, this method provides adequate ac-
curacy, is very fast and working well. This method
provides the means needed to very efficiently com-
pute membership grades, rules and outputs on the
embedded system.

4.4.3 Implementation on the OOPIC

Using the system, methods and results described
above, the TSK type fuzzy inference system can be
realised. In order to calculate the membership grade
of each membership function, the range of the input
is checked first. If the input is in the range of a mem-
bership function, the membership grade is computed
by using geometric methods [2]. The membership
grades of the these geometric fuzzy sets are given in
equations 3 to 5.

µlow(x) =

{

255− ( f/70), 0 < x < 70
0, x < 0, 70< x

(3)

µmedium(x) =















( f −5120)/70, 20< x < 90
255− ( f −23040)/160,

90< x < 160
0, x < 20, 160< x

(4)

µhigh(x) =

{

( f −28160)/180, 110< x < 180
0, x < 110, 180< x

(5)
In equations 3 to 5f is the f ixDi f Head variable
using for the fixed point arithmetic.

Together with the calculation of the member-
ship grade, a rule specific boolean flag is set to en-
able easier and faster rule identification. The sec-
ond input is rather crisp and conditional statements
are used to compute the membership grade and rule
identification. The final output from the system is
calculated using equation 2. The final output is
rounded using the same fixed point arithmetic and
converted back to an integer value. This output is
then used to increase and decrease the rotor speeds
respectively to the turn direction.

5 Results

The fuzzy logic based controller has been tested on
the embedded system. Figure 8 shows the helicopter
with the embedded system attached to it on a turn-
table. The system was tested using all available
speed settings and many different angles.

The Takagi-Sugeno-Kang type fuzzy controller
has been shown to be working well under a variety of
conditions. The small changes from the previously
fixed heading were corrected instantly by slowly
rotating the helicopter back to the fixed heading.
Medium changes in heading were corrected with
more yaw rotation, depending on the total power
on the rotors. Large errors between the helicopters
and the fixed heading were successfully corrected by
the controller although some jiggering appeared. To



Figure 8: Complete helicopter model with embed-
ded system attached.

give a clearer picture of the controller performance
we recorded the response of each controller after
manually altering the helicopters heading by 90o.
Figure 9 depicts the response graph of the PID con-
troller a moderate change in desired heading of 90o.
Figure 10 depicts the response graph of the fuzzy
controller a moderate change in desired heading of
90o. Both systems function adequately, however the
PID system appears to outperform the fuzzy system
in terms of response time and overshoot of the set
point. These two factors are obviously related, with
the set point overshoot mainly being caused by the
slower response time. In order to measure both con-
trollers cycle times a short “.” message is sent over
the debug serial interface after every control cycle.
With this method, the control cycle times were mea-
sured. The results are presented in table 2. Despite
the significant hardware performance limitations, we
were able to successfully create a real-time FLC for
a highly unstable system.

The results show that the TSK type fuzzy sys-
tem used here is only 25% slower than the pro-
portional one. However, performance of both con-
trollers could be significantly improved if we are
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Figure 9: Response Graph for the PID controller
with a Heading Perturbed by 90o.

Table 2: Controller Cycle Times
Controller Cycle Times

Proportional Controller 2.4 cycles / second
Fuzzy Logic Controller 1.8 cycles / second

able to process sensor inputs in a more timely fash-
ion. The bottleneck for these results is the OOPIC
microcontrollers low performance.

6 Conclusion

In this work, a Takagi-Sugeno-Kang type fuzzy in-
ference system is proposed for the use on an low-
specification embedded hardware system controlling
the heading of a small indoor helicopter. We were
able to successfully create a real-time FLC for a
highly unstable system with these significant hard-
ware constraints. The system was developed and
trained based on a proportional controller using an
Adaptive Network-Based Fuzzy Inference System.
The microcontroller employed is a OOPIC-R with
a HMR3000 digital compass and a L298N driver to
drive the engines of the Twister Bell 47 helicopter
model.

In conclusion, it has been shown that the fuzzy
logic based controller is performing very well. The
speed difference between the proportional and the
fuzzy logic based controllers is only about 25%.
The error in heading is successfully corrected with
only minor problems. The controller has problems
with jiggering and in a certain situation when op-
posite to the previously fixed heading. Both prob-
lems were discussed with possible solutions such as
adding a heading history to the controllers inputs and
exchanging the microcontroller for a better model.
Unfortunately, the microcontroller used in this work
is rather slow and does not have much memory avail-
able. It is clearly the bottleneck of this work and
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Figure 10: Response Graph for the Fuzzy controller
with a Heading Perturbed by 90o.



for further work another microprocessor would most
definitely be used. Still, it has been shown that even
on a controller with only 168 Byte of program ac-
cessible RAM a fuzzy inference system is feasible.
Fuzzy logic based controllers are more robust for un-
stable systems with high variability and uncertainty
such as a helicopter. The TSK type fuzzy logic sys-
tem has been implemented with parameters identi-
fied using ANFIS. This method made the develop-
ment of the fuzzy system easier as no formal con-
troller model had to be identified. The results of
tests showed that the fuzzy based controller is very
similar to the proportional prototype. However, the
fuzzy logic based controller is more robust to dis-
turbances and unforeseen inputs. Additionally, it
has been shown that using fixed point arithmetic one
can implement almost any kind of fuzzy system on
an embedded device without the need to modify or
tweak the fuzzy system beforehand.

Taken together, this work presented a fuzzy logic
based heading controller for helicopters running on
an embedded system. Clearly, the Takagi-Sugeno-
Kang type fuzzy logic approach can be recom-
mended for such tasks. In combination with an
Adaptive Network-Based Fuzzy Inference System,
the TSK type fuzzy system can be implemented
based on an existing model without the need to for-
mally identify a control model. Still, an analysis of
the system and methods employed showed that there
is scope for improvements and future extensions.
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