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Abstract— The Stanford Testbed of Autonomous Rotorcraft  version from DraganFly Innovations Inc. Teams in France
for Multi-Agent Control (STARMAC) is a multi-vehicle testbed [4] and Australia [5] have seen significant success in the
currently comprising of two X4-flyers, with capacity for eight. — yayelopment of autonomous quadrotor vehicles. To date
This paper presents a comparison of control design techniques, h STARMAC is th | fi | lti-vehicl '
specifically for outdoor altitude control, in and above ground owever, IS the only operational mu ',Ve icle
effect, that accommodate the unique dynamics of the aircraft.  X4-flyer platform capable of autonomous outdoor flight.
Due to the complex airflow induced by the four interacting The first major milestone for STARMAC was autonomous
rotors, classical linear techniques failed to provide sufficient hover control, which requires closing control loops on-atti

stability. Integral Sliding Mode and Reinforcement Leaming — y,4e altitude and position. With accurate sensing, thitidé
control are presented as two design techniques for accommo- ’ '

dating the nonlinear disturbances. The methods both result in  ©f the aircraft is simple to control automatically, by apipty
greatly improved performance over classical control techniques ~ Small variations in the relative speeds of the blades. I fac

standard integral LQR techniques were applied to reliably
I. INTRODUCTION provide excellent attitude stability and tracking for the-v
hicle. Position control was also achieved with an integral

As first introduced by the authors in [1], the Stanford LQR, but required careful design in order to ensure spectral

Testbed of Autonomous Rotorcraft for Multi-Agent Con- separation of the successive loops
rol (STARMAC) is an aerial platform inten vali . ' .
trol (S C) is an aerial platfo tended to validate Unfortunately, altitude control proves less straightfard:

novel multi-vehicle control techniques and present reailav . .

. N . There are many factors that affect the altitude loop specif-
problems for further investigation. The base vehicle forICaIIy that do not amend themselves to classical control
STARMAC is a four rotor aircraft with fixed pitch blades, hni F ¢ t th fact s the highl
referred to as an X4-flyer, which is capable of 15 minutetec niques. Foremost amongst these tactors 1S the highly
outdoor flight in a 100m square area [1]. pon-lmgar and d.e.stablllzmg effect of .four rotor doyvnwash

interacting. Empirical observation during manual flighteal
a noticeable loss in thrust upon descent through the highly
vortical flow field. Similar aerodynamic phenomenon for
helicopters have been studied extensively [6], but not for
the X4-flyer, due to its relative obscurity and complexity.
Other factors that introduce unknown disturbances into the
altitude control loop include blade flex, ground effect and
battery dynamics. Although these effects are also present
in generating attitude controlling moments, the differant
nature of the control input eliminates much of the absolute
thrust disturbances that complicate altitude control.
Fig. 1. One of the STARMAC X4-flyers in action. Additional complications arise from the limited choice in

There have been numerous projects involving X4-flyers tdOW_COSt' high resolution_altitude_ SENSors. The bes_t aitére
date, with the first known hover occurring in October, 1922ava|lable is an ulirasonic ranging device [7], which susffer

[2]. Recent interest in the quadrotor concept has been sparkfrom pon—Gaussian noise_—false ech.oes and dropouts. The
by the DraganFlyer IV [3], a commercially available RC resulting raw data stream includes spikes and echoes that ar
' difficult to mitigate, and most successfully handled by ceje
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0720 called “CoMotion: Computational Methods for Collakae Motion”, In order to accommodate this combination of noise and
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NASA grant NCC 2-5536. d|§tgrbances, two distinct approaches are adopted. hitegr
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control law that is guaranteed to be robust to disturbances The rotors, numberedl — 4, are mounted outboard on the
as long as they do not exceed a certain magnitude. Modekg, yg, —xg and —yg axes, respectively, with position
based reinforcement learning [10] creates a potentiatlly ri vectorsr; with respect to the CG. Each rotor produces an
model based on recorded inputs and responses, witdmout aerodynamic torquey);, and thrust,T;, both parallel to the
knowledge of the underlying dynamics, and then seeks arotor's axis of rotation, and both used for vehicle control.
optimal control law using an optimization technique basedrhe torques();, are proportional to the rotor thrust, at steady
on the learned model. This paper presents an exposition state, and are given b@; = K., T;. Rotors 1 and 3 rotate in
both methods and contrasts the techniques from both a desigime opposite direction as rotors 2 and 4, so that countaracti
and implementation point of view. aerodynamic torques can be used independently for yaw
control. Horizontal velocity results in an additional mame

on the rotors,R;, about—e,, and a drag forceD,, in the
STARMAC consists of a fleet of X4-flyers and a ground direction, —e,.

station. The unified system communicates over a Bluetooth The body drag force is defined d3z, vehicle mass is
Class 1 network. The core of the aircraft are microcontrolle , acceleration due to gravity ig and the inertia matrix is
circuit boards designed and assembled at Stanford specif-c R3*3. A free body diagram is depicted in Figure 2. The

ically for this project. The microcontrollers run real-ém total force,F, and momentM, can be summed as,
control code, interface with sensors and the ground station

Il. SYSTEM DESCRIPTION

and supervise the system. 4

The aircraft are capable of sensing position, attitude, and F = -Dpge, + mgep + Z (-Tizp — D;ey) (1)
proximity to the ground. The differential GPS receiver is th 4 i=1
Trimble Lassen LP, operating on the L1 band, providing 1 pf — Z (Qizp — Riey — D;(r; x ey) + Ti(r; x zB))
Hz updates. The IMU is the MicroStrain 3DM-G, a low cost, =1
light weight IMU that delivers 76 Hz attitude, attitude rate (2)
and acceleration readings. The distance from the ground iEhe full non-linear dynamics can be described as,
found using ultrasonic ranging at 12 Hz. mi — F

The ground station consists of a laptop computer, to Iwg+wpxlwg = M (3)

interface with the aircraft, and a GPS receiver, to receiv

. . : . Svhere the sum of rotor angular momenta are assumed to
differential corrections. It also has a battery chargehwittra

. . : . be near zero, because they are counter-rotating. Near hover

batteries, _and joysticks for control-augmented manuahijig conditions, the contributions by rolling moment and drag ca

when desired. be neglected in Equations (1) and (2). Define the total thrust
I1l. X4-FLYER DYNAMICS asT = E?Zl T;. The translational motion is defined by,

Derivation of nonlinear dynamics is performed using mi'=F = —Ry - Ry - RyTzg + mgep (4)
North-East-Down (NED) inertial and body fixed coordinate
systems. Lefen, eg, ep } denote the inertial axes, as defined
in Figure 2, andxg, yB, zB } denote the body axes, withg
pointing forward,yg pointing right andzg pointing down.

where Ry, Ry, and R, are the rotation matrices for roll,
pitch, and yaw, respectively. Applying the small angle ap-
proximation to the rotation matrices,

Euler angles of the body axes afe, v} with respect to TT L4 0 0 0
theen, eg andep axes, respectively, and are referred to as " Ty | = o1 9 0 + 0 ()
roll, pitch and yaw. Letr be defined as the position vector T 0 —¢ 1 -T mg

from the inertial origin to the vehicle center of gravity (G Finally, assuming total thrust approximately countergcés-
and letwg be defined as the angular velocity in the bodyity, 7'~ T' = mg, except in theep axis,

frame. The current velocity direction is referred toegsin 7, 0 0 -T 0 )
inertial coordinates. m| 7 | = o |+ 7T o0 o 0 (6)
T myg 0 0 1 T

For small angles, the Euler angle accelerations are eguit/al
to roll, pitch, and yaw rates. Dropping the second order term
w x Iw, from Equation (3), and expanding the thrust into its
four constituents, the angular equations become simply,

1,¢ o 1 0 -l ?
Lo | =11 0 -1 0 T2 (7)
Ly K, -K, K, -K, Ti

Fig. 2. Free body diagram of X4-flyer and inertial coordinsystem.



where the moment arm length= ||r; x zp|| is identical for = model of disturbances and dynamic uncertainty. It is assume
all rotors due to symmetry. The resulting linear models canhat £(-) satisfies||¢|| < ~, where~ is the upper bounded
now be used for control design. norm of £(-).
IV. ESTIMATION AND CONTROL DESIGN In early attempts to stabilize this system, it was ob;_erved
' that LQR control was not able to address issues (stability an
Applying the concept of spectral separation, inner loopperformance degradation) associated witly, ). Sliding
control of attitude and altitude is performed directly wsall ~ Mode Control (SMC) was adapted to provide a systematic
four inputs, and outer loop position control is performed byapproach to the problem of maintaining stability and con-
determining attitude requests for the inner loop contrslle sjstent performance in the face of modeling imprecision and
The linear model proposed above proved to be a viablgisturbances. However, until the system reaches the glidin
S|mp||f|cat|0n Accurate attitude control is achieved with manifold (i_e_, S||d|ng mode Occurs), such nice properﬁés
an integral LQR controller design to account for thrustsmc are not provided. In order to provide robust control
and measurement biases. Position estimation is performqﬁroughout the flight envelope, the Integral Sliding Mode
using a navigation filter that combines horizontal position(|SM) technique is applied.
and velocity information from GPS, vertical position and  The |SM control is designed in two parts, first a standard
estimated VelOCity information from the ultrasonic rangersuccessive |Oop closure is app“ed to the linear p|ant, and

with acceleration and angular information from the IMU in second, integral sliding mode techniques are applied to
a nine state Kalman filter that includes biases. Integral LQRyyarantee disturbance rejection. Let

techniques are applied to the linear position plant desdrib

in Section Il and the resulting hover performance is shown u Up + Ud

in Figure 6. up = —Kpz1— Kgxo 9)
As described above, altitude control suffers exceedingl

from unmodeled dynamics. In fact, manual command o

the throttle for altitude control remains a challenge foe th

authors to this day. Additional complications arise frore th

ultrasonic ranging sensor, which has frequently erroneous s = so(w,20) + 2

rea.dmgs,. as seen in Figure 3._ To alleviate this noise, tiefec so = a(zs+ k) (10)

of infeasible measurements is used to remove much of the

non-Gaussian noise component. This is followed by Kalmarsuch that state trajectories are confined to the manifeid0

filtering, which adds a lag to the estimate. The filteredfor ¢ > 0. Here, s, is a conventional sliding mode design,

output still contains some noise. This section proceeds witz is an additional term that enables integral control to be

a derivation of two approaches that can be used to overconiacluded, anda,k € R are positive constants. Based on

these difficulties. the following Lyapunov function candidaté, = %sz, the

control componenty;, can be determined such that the first

here K, and K, are proportional and derivative loop gains
that stabilize the linear dynamics without disturbances. F
disturbance rejection, a sliding surface,is designed.

= 150! time derivative ofV' is negative, and Lyapunov stability is

§ guaranteed:

Q .

g 100 ] Vo= s§ = sla(dz+ ki) + 2]

E 50t | ‘ ] = s[a(up+ud+§(g,x)+/<:x2)+2] <0 (11)

A ol ‘ ‘ The above condition holds # = —a(u, + kz2) andug can

‘ ‘ ‘ ‘ ‘ be guaranteed to satisfy,
180 190 200 210 220
Time [s] s[ud n E(g,x)} <0, a>0 (12)

Fig. 3. Characteristic raw ultrasonic ranging data, digplg spikes, false ) ) )
echoes and dropouts. Powered flight commences at 185 seconds. Since the disturbance§(g, ), are bounded by, defineu,

A. Integral Sliding Mode Control to beuy = —As with A € R. Equation (11) becomes,

A linear approximation to the altitude error dynamics of vV = s[a(—)\s —i—f(g,x)}
an X4-flyer in hover is given by,

< a{f)\|s|2+'y\s\} <0 (13)
1 = @ .
g2 = u+&(g,7) @) and it can be seen 'thalis| —~>0. Ag_a result, foru, and
ug as above, the sliding mode condition holds as long as,

where{x1, z2} = {(r2.des—72), (2.des—7=) } @re the altitude
is the inpu i 1 14
error statesu is the control input, and(-) is a bounded |s| > by (14)



With the control input derived above, the tracking error isdata point. That entry gives more weight to training data
regulated to remain bounded and the system trajectories apmints that are close to tH&(¢) andu(t) for which S(¢ + 1)
guaranteed to have decay to within the boundary layér. is to be computed. The distance measure used in this work
Additionally, the system does not suffer from input chatteris

as conventional sliding mode controllers do, as the control —|x® — x|
law does not include a switching function along the sliding Wii=e 272 (16)
mode.

where x(V) is the i** row of X, x is the vector
V. REINFORCEMENTLEARNING CONTROL [1 S u()' ], and fit parameter is used to adjust
he range of influence of training points. The value foran
e tuned by cross validation to prevent over- or under-§jttin
the data. Note that depending on the relative scale of the inp
céata, it may be necessary to scale the data before taking the
uclidean norm to prevent undue influence of one state on

An alternate approach is to implement a reinforcemen
learning controller. First a nonlinear, nonparametric alod
of the system is constructed using flight data, approxingatin
the system as a stochastic Markov process [11], [12]. Then
model-based reinforcement learning algorithm uses thesiod

in policy-iteration to search for an optimal control policy th(_arKV mal';nx. nt stat timate i mouted b mmin
In order to model the aircraft dynamics as a stochas: € subsequent state estimate 1S computed by su 9

tic Markov process, a Locally Weighted Linear Regressionthe LWLR estimate withv,

(LWLR) approach is used to map the current st&¢,) € 4 T R
R™:, and input,u(t) € R"+, onto the subsequent state esti- St+1) = (X WX) X Wx+v (a7

mate,S(t_+ 1). In this applicationS = [.rz L T V'], Becaus&lV is a continuous function ok and X, asx is
where V' is the battery level. In the altitude loop, the input, yaried, the resulting estimate is a continuous non-paménet

u € R, is the total motor power. The subsequent statge capturing the local structure of the data. The matrix
mapping is the summation of the traditional LWLR eSt'matevcomputations, in code, take advantage of the large diagonal
using the current state and input, with the random vecton,,irix 17 by storing the produdf’ X as a matrix in memory.

v € R"+, representing unmodeled noise. The value+fais Thus, as eachV; ; is computed, it is multiplied by row(®,
drawn from the distribution of output error as determined by, g stored iV X. In doing so, the time cost of computing
using a maximum likelihood estimate [12] of the GausSianhe estimate is linear in the size of the training set.

noise in the LWLR estimate. Althqugh the true dl_str|but|on The matrix being inverted is poorly conditioned, because
is not perfectly modeled as Gaussian, this model is found tQeaky related data points have little influence, so their

be adequate. ) ) ) contribution cannot be accurately numerically inverted. T
The LWLR method [13] is well suited to this problem, qre accurately compute the numerical inversion, one can

as it fits a non-parametric curve to the local structure of the)otorm a singular value decompositicQIXTWX) —uUsv'.

data. The scheme extends least squares by assigning weigiifen numerical error during inversion can be avoided by

to each training data point according to their proximity tousing then singular valuess; with values ofZzez < (...,

the input value, for which the output is to be computed.ypere the value of),.,, is chosen by cross validation. In

The technique requires a sizable set of training data iRnis work. ~ 10 was found to minimize numerical
order to reflect the full dynamics of the system, whichgpor and was typically satisfied by= 1. The inverse can
is captured from flights flown under both automatic andye girectly computed using theupper singular values in the
manually controlled thrust, with the attitude states “ndeﬁliagonal matrix®,, € R**", and the corresponding singular

automatic control. _ _ o vectors, inU,, € R™*™ andV,, € R™*". Thus, the stochastic
For m training data points, the input training samples aréyjarkov model becomes

stored inX e R(™)*(rs+nu+1) "gnd the outputs correspond- R I

ing to those inputs are stored ¥h € R™*"=. These matrices St+1) =V, 2 U, X W x+v (18)

are defined as ] o
Next, model-based reinforcement learning is implemented,

T T T
1 S(t1) u(t) S(t1 +1) incorporating the stochastic Markov model, to design a
X=]": : : , Y = : controller. A quadratic reward function is used,
T T T
L S(tm) ultm) S(tm +1) i5) R(S,Srer) = —c1(r, — Tz,ref)2 — cot? (19)
The column of ones iX enables the inclusion of a constant where R : R?** — R, ¢; > 0 and ¢, > 0 are constants
offset in the solution, as used in linear regression. giving reward for accurate tracking and good damping re-
The diagonal weighting matriX¥’ € R™*™, which acts spectively, andSyes = [ 72ref Tares Trresr Vier ]IS

on X, has one diagonal entry corresponding to each traininthe reference state desired for the system.



The control policy maps the observed st8tento the input  examined to predict the likely performance of the resulting
commandu. In this work, the state space has the constraintontrol policy, based on the rich model's prediction.
of r, > 0, and the input command has the constraint of By using a Gaussian update rule for the policy weights,
0 < u < umae. The control policy is chosen to be w, it is possible to escape local maximum 8%,;,;. The
highest probability steps are small, and result in refingmen
of a solution near a local maximum @t;,;,;. However, if
where w € R" is the vector of policy coefficients the algorithm is not at the global maximum, and is allowed
w1, ..., w,, . Linear functions were sufficient to achieve goodto continue, there exists a finite probability that a suffitiie
stability and performance. Additional terms, such as batte large Gaussian step will be performed such that the algorith
level and integral of altitude error, could be included tokma can keep ascending.
the policy more robust.

Policy iteration is performed as explained in Algorithm 1.
The algorithm aims to find the value of that yields the A. Integral Sliding Mode
greatest total reward;...;, as determined by simulating the  The results of an outdoor flight test with ISM control can
system over a finite horizon from a set of random initialbe seen in Figure 4. The response time is on the order of 1-2
conditions, and summing the values B{S, S,.;) at each seconds, with 5 seconds settling time, and little to no stead

(S, W) = w1 + wa(ry — 75 pef) + wars +wai,  (20)

VI. FLIGHT TESTRESULTS

state encountered. state offset, due to the integral term. Also, an oscillatory
character can be seen in the response, which is most likely
Algorithm 1 Model-Based Reinforcement Learning being triggered by the nonlinear aerodynamic effects and
1: Generate se$o of random initial states sensor data spikes described earlier.

2: Generate sel’ of random reference trajectories

3: Initialize w to reasonable values

4: Rbest — —00, Whest < W

5: repeat

6: Rtotal —0

7 for Sp € So,t e T do -50 r,lem]

8: S(O) «~— So ~100 v, [em/s]

9: for t =010 ¢4, — 1 dO - e Lom]

10: u(t) — m(S(t), ) v o

11 S(t+1)«— LWLR(S(t),u(t)) + v ~200; : m " = ™ o~
12: Rtotal — Rtotal + R(S(t + 1)) Time [s]

13: end for Fig. 4. Integral sliding mode step response in outdoor flight.t

14: end for

15 if Rypp; > Rpesr then Compared to linear control design techniques implemented

on the aircraft, the ISM control proves a significant en-

16: Ry — R 1 .. . K .
17 Wbesi W hancement. By explicitly incorporating unknown disturban
18°  end hfs forces in the derivation of the control law, it is possible to

maintain stable altitude on a system that has evaded sthndar

19: Add Gaussian random vector to,..;, Store asw
approaches.

20: until wy.s; converges

B. Reinforcement Learning Control

In policy iteration, a random set of initial conditions and One of the most exciting aspects of RL control design
reference trajectories are simulated at each iteratioh wit is its ease of implementation. The policy iteration alduorit
given policy parameterized bw. It is necessary to use the arrived at the implemented control law after only 3 hours
same random set at each iteration, in order for convergenas a Pentium IV computer. Figure 5 presents flight test
to be possible [11]. After each iteration, the new valuesof results for the controller. The high fidelity model of the
is stored aswy.; if it outperforms the previous best policy, system, used for RL control design, provides a useful tool fo
as determined by comparing;,:.; t0 Rpest, the previous comparison of the RL control law with other controllers. In
best reward encountered. fact, in simulation with linear controllers that proved tatse

Then, a Gaussian random vector is addedwiQ.:. The  on the X4-flyer, flight paths with growing oscillations were
result is stored asw, and the simulation is performed predicted that closely matched real flight data.
again. This is iterated until the value ef,.; remains fixed The locally weighted linear regression model showed many
for an appropriate number of iterations, as determined byelations that were not reflected in the linear model, but tha
the particular application. The simulation results must beeflect the physics of the system well. For instance, with all



other states held fixed, an upward velocity results in more
acceleration at the subsequent time step for a throttld, leve
and a downward velocity yields the opposite effect. This is
essentially negative damping. The model also shows a strong
ground effect. That is, with all other states held fixed, the
closer the vehicle is to the ground, the more acceleration it
will experience at the subsequent time step for a giventibrot
level.

100

50 Vat
/
14

opfeeS P g haea T
Fig.

-50[ r, [em] g
v, [em/s] for

=100
- I'z,des [em]
_150U i i i [ Vz,des [emis] L
4 6 8 10 12 14 16

Time [s]

Fig. 5. Reinforcement learning controller response to maywdplied
step input, in outdoor flight test. Spikes in state estimatesfram sensor
noise passing through the Kalman filter.

Trajectory
O start Point | |
¥ End Point | |
3m error

North [m]
o

-1 0 1 2 3
East [m]

3 2
6. Autonomous hover flight recorded position, with 3noemwircle.

the altitude control loop, which proved a challenging

hurdle. Both techniques resulted in stable controllerd wit

similar response times, and were a significant improvement
over linear controllers that failed to stabilize the system
adequately.
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Comparison of the step response for ISM and RL control
reveals both stable performance and similar response times
although the transient dynamics of the ISM control are more[2]
pronounced. RL does, however, have the advantage that iﬁ}
incorporates accelerometer measurement into its cotnal,
as such uses a more direct measurement of the disturbances
imposed on the aircraft. 5]

(1]

C. Autonomous Hover [6]

Applying ISM altitude control and integral LQR position 0
control techniques, flight test were performed to achieee th
goal of autonomous hover. Position response was maintainegs]
within a 3m circle for the duration of a two minute flight (see
Figure 6), which is well within the expected error bound for[l[g%
L1 band differential GPS.

[11]
VII. CONCLUSION

This paper summarizes the development of an autonomous]
X4-flyer capable of extended outdoor trajectory tracking-co
trol. This is the first demonstration of such capabilitiesaon
X4-flyer known to the authors, and represents a critical step [13]
developing a novel, easy to use, multi-vehicle testbeddtir v
dation of multi-agent control strategies for autonomousahe
robots. Specifically, two design approaches were presented
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