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Abstract

Humans are, and for the foreseeable future will remain
our best and only example of true intelligence. Therefore,
alot of work has been donein recent yearsto abstract com-
putational models of human control strategy that are capa-
ble of accurately emulating dynamic human control
behavior. Land-based autonomous vehicles, both in simu-
lation and on real roads, have, for example, made success-
ful use of this modeling formalism. Very little work in the
past has, however, attempted similar such skill transfer
from humansto robots for aerial vehicles, such as helicop-
ters or airplanes. Although control can be quite different
from land-based vehicles, we contend that human pilots
can potentially serve as excellent guides in the develop-
ment of intelligent autonomous aerial vehicles. As a first
step in modeling human control strategiesin airplanes, we
are developing and building a robotic airplane as an ex-
perimental platform for studying human-to-robot skill
transfer in aerial vehicles. This paper describes the design
of thisairplane, the status of the project and future planned
experiments.

1. Introduction

Over the past two decades, rapid advances in computer
performance have not been matched with similar advances
in the development of intelligent robots and systems. Al-
though humans are quite adept at mastering complex and
dynamic skills, we are far less impressive in formalizing
our behavior into algorithmic, machine-codable strategies.
Therefore, it has been difficult to duplicate the types of in-
telligent skills and actions, we witness every day as hu-
mans, in robots and other machines. Thisnot only limitsthe
capabilities of individual robots, but also the extent to
which humans and robots can safely interact and cooperate
with one another. Nevertheless, human actions are current-
ly our only examples of truly “intelligent” behavior. As
such, there exists a profound need to abstract human skill
into computational models, capable of realistic emulation
of dynamic human behavior.

Thus, a number of different researchers have endeav-
ored in recent years to abstract models of human skill di-

rectly from observed human input-output data (see[1,2] for
overviews of the literature). Autonomous control and nav-
igation of land-based vehicles is one area of robotics re-
search that has benefited especialy from learning through
observation of humans. Pomerleau [3, 4], for example, has
implemented real-time road-following with data collected
from a human driver. A static feedforward neural network
with a single hidden layer, ALVINN, learned to map
coarsely digitized cameraimages of the road ahead to ade-
sired steering direction, whose reliability was given
through an input-reconstruction reliability estimator. The
system has been demonstrated successfully at speeds up to
70 mi/h. Pentland and Liu [5] have applied hidden Markov
models towards inferring a particular driver’s high-level
intentions, such as turning and stopping. Findly, [1, 2, 6]
address the autonomous control of a dynamic car — in-
cluding steering and acceleration — through observation
and modeling of extreme human driving inside a driving
simulator.

Perhaps surprisingly, little similar such work has been
done in creating intelligent, autonomous aeria vehicles
from observing human pilots. Although the control and
task challenges in autonomous flying may be quite differ-
ent from those in autonomous driving, the basic paradigm
of learning from humansis nevertheless equally applicable.
Therefore, we propose to extend some of the methods of
learning for land-based vehicles to aerial vehicles. As a
first step in this process, we are developing and building a
robotic airplane as an experimental platform. Once built,
such an airplane could find application in a number of im-
portant tasks or missions.

Many of the activities that currently involve remotely
piloted vehicles (RPVs) would benefit in some way from
automation. It is foreseeable that in many applications,
such as surveying, reconnaissance, and target acquisition,
entire missions could be fully automated. For other appli-
cations, where more sophisticated flying may be required,
the human pilot and robotic plane could share and coordi-
nate control of the overall system. Moreover, adding intel-
ligence to RPVs can reduce or eliminate the need for
skilled human pilots in situations where substantial risk to



the human pilot would otherwise be unavoidable, such as

in peace-keeping missions over Kosovo, for example.

We have divided our overall project into three stages,
where each stageis characterized principally by thelevel of
autonomy required:

1. The body and electronics of the airplane will be com-
pleted. The airplane should be able to fly straight and
level, maintain a given heading, and make turnsto adjust
to new headings.

2.The airplane should be able to autonomously take off
and land.

3. The airplane should be able to navigate to a set of given
map coordinates.

At the outset of the project, we set nine months and therel-
atively small sum of $1,000 as the time and budgetary con-
straints for stage one. In this paper, we describe what
design choices these constraints forced, the hardware and
software configurations of the resulting airplane, and the
future goals for the project.

2. Platform design
2.1 Initial configuration

When we decided to build an aerial vehicle for human-
to-robot skill transfer experiments, our first design decision
required a choice between a fixed-wing aircraft or a heli-
copter design. (Bird-like, flapping-wing designswereelim-
inated at the outset as a possibility, due to their inherent
complexity and our relatively poor understanding of the
mechanics of such flight.) Each type of platform has advan-
tages and disadvantages. On the one hand, afixed-wing air-
craft will tend to have a greater payload range, be more
stable, and operate with fewer and simpler control mecha-
nisms. Consequently, a fixed-wing aircraft will require a
less expensive radio system and less skilled humans from
whom to learn. A helicopter, on the other hand, can hover
(useful for bhirds-eye photography or surveillance), and
land and take off more easily in smaller areas. We ultimate-
ly decided that either design could adequately serve as an
experimental platform. Therefore, cost and simplicity be-
came overriding factors in leading us to choose a fixed-
wing over a helicopter design.

One of the most critical decisionsin the airplane design
revolves around the type of power plant to be used — either
an electric motor or an internal-combustion engine. Aslate
as afew years back, this decision would not have required
much thought, since only very recently have electric mo-
tors approached performance specs comparabl e to those of
combustion engines. Nevertheless, each technology offers
distinct advantages. Electric motors exhibit lower vibra-
tion, lower long-term maintenance costs, reduced electro-
magnetic interference (EMI) and noise, and do not require
caustic fluids to operate. Internal combustion engines, on
the other hand, offer better-tested technology, greater pay-

load ranges and lower initial cost. Although thisdecisionis
not necessarily clear cut, we chose an electric power plant
to avoid the design effort and weight that would have been
required to shield the on-board electronics from the vibra-
tions, EMI and fluids of an internal combustion engine.

Next, we needed to decide between brushed and brush-
less motors. Brushless motors available for our application
are generally much more efficient than brushed motors,
produce less EMI, and do not require the periodic rebuild-
ing that brushed motors do, potentially lowering the ex-
pected long-term costs of the project. Once again, however,
the full story is not so one-sided. Brushed motor are cheap-
er and allow the use of simpler motor-speed controllers,
perhaps offsetting the potential cost savings of brushless
motors. Ultimately though, our concern about electronic
interference between the motors and the intelligent control
hardware led us to select brushless motors for the airplane.

Third, we needed to select appropriate batteries for our
project, without which the whol e project would be academ-
ic. We considered three battery technologies: nickel-cad-
mium (NiCd), nickel-metal-hydride (NiMH), and lithium-
ion (Li*). While the newer technologies (i.e. NiMH and
Li*) offer much greater energy densities than NiCd batter-
ies, they cannot generate the high currents (10-15C) re-
quired for our motor. Therefore, NiCd batteries were the
only option for powering the motor. For the electronics,
however, the more advanced NiMH or Li* batteries are a
better option, since the weight of the battery packs can be
reduced significantly with the newer technology; conse-
guently, we are currently pursuing low-cost (i.e. donated)
NiMH or Li+ batteries for this purpose.

With the initial configuration in place, we now had to
decide on an appropriate airframe. We concluded that the
airframe should support a payload of at least 3.5 Ib, a ca
pacity which allows for future expansion (e.g. cameras, in-
creased computing), and for large weight tolerances in the
motor, electronics and batteries. We also concluded that the
airplane must be able to stay aloft for at least 5 minutes at
atime in order to allow for sufficient data collection and
control experimentation. Finaly, we wanted a stable, for-
giving airframe. Given these parameters, we consulted
with experienced electric model pilots to determine possi-
ble airframes that would meet both these design constraint
and our cost requirements. Based on their advice, we set-
tled on the Sg Kadet Senior, a radio-controlled (RC) air-
plane kit. Although this model is somewhat challenging to
build with many parts needing to be cut and shaped, rather
than being ready to assemble, it is well suited for our
project, because of its relatively large wing area
(1150in?), roomy fuselage and inherent stability.

1. Cisthe one-hour current capacity of the cell.



2.2 Drivetrain design

In designing the drive train for the airframe chosen
above, we aim (1) to provide enough power to maintain
flight, (2) to provide enough energy to fly for a given peri-
od of time, and (3) to minimize energy losses. Several
more-or-less scientific methods exist for sizing motors and
batteriesto meet such criteria. In our calculations, werelied
on a combination of the method outlined by Orme [7] and
the instructions included with the software MotoCalc [8], a
design tool that simplifies the repetitive calculations in-
volved.

Asthefirst step in the design process, we estimated the
number of sub-C size NiCd cells necessary for flight. A
useful rule-of-thumb [ 7] suggeststhat alarge, slow, trainer-
type model aircraft requires approximately one cell per
50in2 of wing area, with aresultant wing loading of about
200z/ft2. Thus, for 1150in? of wing area, we require
about 24 cells (28.8V).

Given this approximate cell count, we then evauated
several motors based on each motor’ svoltagerating, where
we explicitly preferred motors that had previously been
flown by othersin the Kadet Senior airframe. A useful tool
for this evaluation is MotoCalc, which contains a database
of common motors, motor controllers, batteries and air-
frames, and can compute power usage, efficiencies and
flight envelopes for specific combinations of motors, con-
trollers and airframes. In the preliminary design, we used
24 sub-C NiCd batteries, since we had not yet settled on
specific batteries. That battery configurationisvery similar
to our current design of five 6V camcorder batteries (equiv-
alent in voltageto approximately 25 sub-C cells). Although
our specific airframeisnot explicitly included in the Moto-
Calc database, we estimated the unknown aerodynamic
properties of the Kadet Senior airframe from similar air-
frames that were contained in the database.

Inusing MotoCalc, we werefirst interested in determin-
ing the most efficient current for agiven motor and number
of cells. MotoCalc does this by computing the lossesin the
motor and wiring at various currents. For our eventual mo-
tor choice (Aveox 106/4 Y SE), the peak motor efficiency
with 25 cells occurs at approximately 18A at an efficiency
of approximately 89%, as shown in Figure 1 below. Note,
also, that arelatively high efficiency (greater than 88%) is
maintained for this motor for currents between 14A and
25A), a typical characteristic of brushless motors. This
widerange of high-efficiency currentsallows us significant
leeway in selecting the propeller, gearbox and cells.

At the desired current of 18A, MotoCalc predicts that
the motor will turn at approximately 33,000 rpm. In order
to reducethisrate to the normal prop-speed range of 8,000-
12,000 rpm, we chose a gear ratio of 3.69:1, and then re-
peated our calculations with this gear box and a range of
prop sizes. As can be observed from Figure 2, the two prop
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Fig. 1: Motor efficiency.

sizes! that come closest to the desired current of 18A, while
gtill maintaining flight, are 11 x7 and 12 x 6. Detailed
performance predictions for these two prop sizes are given
in Table 1 below. Note from the table that the 11 x 7 prop
provides greater power for a somewhat shorter period of
flight time.

Itisimportant to realize that the flight durationsin Table
1 are upper limits and cannot be achieved in reality. They
are based on level flight at a partial-throttle setting (in our
case, approximately 89%), and therefore do not account for
the energy required for take off and climb to altitude. Since
the lower bound on the flight duration, given by a 100%
throttle setting, is approximately 4 minutesfor each prop, it
is reasonable to assume that in practice we will be able to
reach flight times of 5 to 10 minutes.

Over time, we have frequently revisited our perfor-
mance estimates, as detailed component data has become
available. Throughout, the design predictions have re-
mained rather stable as the design has solidified.
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Fig. 2: Prop selection.

1. diameter(in) x pitch(in)



Table 1: Prop performance

Prop size Motor Motor Prop speed | Sall speed Max. level | Rateofclimb | Duration
P current (A) | efficiency (%) (rpm) (mph) speed (mph) (fpm) (min)
11x7 18.6 89.0 8,853 21 43 359 14:26
12%x6 20.6 88.9 8,489 21 41 342 16:41

3. Intelligent system design
3.1 On-board sensors

Since we are designing this aerial platform for experi-
ments in transferring human control strategies, it isimpor-
tant that our platform have adequate sensing and
computing power. On an aeria platform, a careful balance
must be struck between the amount of sensing on-board
and the weight of the sensors. Too few sensors will not al-
low the plane to execute even the simplest maneuvers; too
many sensors, on the other hand, may unduly burden the
planewith excessweight. After some consideration, we an-
ticipate that the following suite of sensors will be suffi-
cient, yet not too heavy, for stage one maneuvers: (1) atwo-
axestilt sensor, (2) an atimeter, (3) a compass, and (4) an
air speed sensor. In other words, we expect that these sen-
sors will be sufficient to maintain level flight at a given
heading and to make turns to adjust to new headings (defi-
nition of stage one).

We have designed and are in the process of constructing
an altimeter sensor around the Motorola ASB210 pressure
sensor module. This sensor provides an anal og voltage out-
put proportiona to the differential pressure between two
ports. To convert this sensor to an altimeter, we will seal
one port of the sensor before take-off, so that the differen-
tial pressure measurement will then be proportional to alti-
tude. Based on the sensor specs, we anti cipate approximate
altitude resolution of about 7ft.

For heading detection, we intend to use the Honeywell
HMR3000 Electronic Compass Module. This module pro-
vides an RS-232 output for heading, pitch, and roll, where
the heading is el ectronically compensated for pitch and roll
angles up to 45° . Although we have also built a separate
tilt sensor around the Analog Devices ADXL2020 dual-
axes +2g accelerometer, we will most likely use the com-
pass modul€’ s tilt information as our primary tilt sensor.

Finally, finding a cost-effective air speed sensor has
proven to be our greatest challenge. We hopeto employ an-
other Motorola ASB210 differential pressure sensor with a
pitot-static tube, but have been unable to find an appropri-
ate tube. Another possibility isto use a turbine-type wind-
speed sensor removed from a handheld unit.

3.2 On-board computing

We are currently planning to have two computers on-
board, one to handle low-level 1/0 and coordination of sen-
sor information, and a higher-level computer with suffi-
cient processing to implement intelligent control
behaviors.

Our primary computer will be a 386-class processor on
a PC/104 board. It is smal in size and weight (e.g.
3.6" x 3.8" and lessthan 40z.), consumesvery little power,
expandsto hold alarge amount of RAM (for storing human
control data), and offers multiple serial portsto connect to
sensors, the secondary processor and a host terminal. The
PC/104 format allowsfor all the featuresfound on atypical
desktop computer and provides a standard bus for easy ex-
pansion, whilethe 386 processor is sufficiently powerful to
implement many modern machine learning agorithms, but
consumes relatively little power. In addition, we will add a
hard drive to the basic setup in order to eventualy imple-
ment computer vision algorithms, which often require sig-
nificant data storage.

Our secondary computer will be aMotorola68HC11 on
asingle-chip board that has been previously designed inthe
Machine Intelligence Laboratory (MIL) and that has been
used in many of our robots asakey control component. Be-
cause of our prior experience with this board, existing
HC11 code should be readily adaptable to our current ap-
plication. Non-serial sensory data, as well as the radio in-
puts and servo outputs, will run through this board which
we will link serially to the main processor through an RS-
232 interface.

In order to safeguard the airplane against software er-
rors, we have built a multiplexing system which will use
one of the channels on the radio to switch between comput-
er and human control. This circuit is designed fail-safe to
allow a human supervisor pilot to assume control of the
plane at any time, even in the event of a on-board computer
failure. The control-switching circuit consists of a2 MHz
oscillator, a counter, an AND gate, and a multiplexer. The
counter cal culatesthe width of the control-channel by com-
paring it with the oscillator. A pulse of more than 1.5ms
correspondsto pilot control, and a pulse of lessthan 1.5 ms
corresponds to computer control. The resulting digital out-
put isthen used as the select signal for the multiplexer.



4. Softwaredesign

In previous work [1, 2, 6], we have successfully mod-
eled human control strategies (HCS) in the driving domain.
We have, for example, successfully learned extreme hu-
man driving behaviors in the driving simulator shown in
Figure 3 below. We expect that much of that work will
transfer readily to the flying domain.

Broadly speaking we can classify al control as either
continuous or discontinuous. In the driving domain, for ex-
ample, steering varies continuously with sensor inputs,
while acceleration varies discontinuously with sensor in-
puts, because of the necessary switching between the gas
and brake pedals. We have previously found that continu-
ous human control can be modeled through cascade neural
networks, which are powerful nonlinear function approxi-
mators that offer several advantages over more traditional
neural network architectures: (1) the network architecture
isnot fixed prior to learning, but rather adapts asafunction
of learning [9]; (2) hidden units in the neural network can
assume variable activation functions [10]; and (3) the
weights in the neural network are trained through the fast-
converging node-decoupled extended Kalman filter [10].
The flexibility of these cascade networksisideal for HCS
modeling, since few a priori assumptions are made about
the underlying structure of the human controller.

Discontinuous human control can only be poorly ap-
proximated through a continuous learning formalism [2].
Therefore, we have developed a statistical, Markovian dis-
continuous learning architecture [6], that has successfully
abstracted the switching control between the gas and brake
pedals in human driving. Both the learning paradigms for
continuous aswell asdiscontinuous control may eventually
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Fig. 3: Dynamic driving simulator used previously in
modeling human control strategies. The user has
independent controls of steering and acceleration.
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Fig. 4: In modeling human control strategy, we hope to
replace the human control with a HCS model.

be required for fully developing an intelligent, autonomous
airplane.

In general, we plan to proceed with the human modeling
experiments as follows. The plane will first be flown com-
pletely under human control, while the computer collects
and records sensor and control data. HCS models similar to
those devel oped previously in the driving domain will then
be trained off-line with the recorded human control data.
The final HCS model(s) will then be downloaded on the
on-board computers and the system as awhole will be test-
ed in flight. Since the computationally intensive learning
that is part of the human-to-robot skill transfer will take
place off-line, the 386 computer is more than sufficient to
execute any possible computed human model.

5. Conclusion and futurework

This paper describesthefirst stage of development of an
autonomous airplane. At the time of this writing, we have
completed much of the hardware design, with the airspeed
indicator being the only significant remaining design issue.
Final assembly of the platform awaits arrival of all of the
parts, since some modification of the airframe may be nec-
essary to provide access to all of the components while
maintaining proper balance. The multiplexing safety sys-
tem is near completion, and the development of the HC11
software has begun. We expect to complete stage one by
the end of May.
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