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Abstract— This paper presents a comprehensive control and
navigation scheme for an indoor UAV system. In addition
to the inertial measurement unit commonly used onboard of
most UAVs, the testbed quadrotor platform is also equipped
with a mono-camera looking downwards and a laser range
finder capable of scanning a level plane. With this setup,
the UAV is able to estimate its own velocity and position
robustly, while flying along the internal walls of a room without
collision. The whole system does not require any remote sensory
information or off-line computational power. All algorithms are
self-sustained and running onboard in real time. Complete flight

tests have been carried out to verify the solution.

I. INTRODUCTION

The development of advanced indoor navigation systems

for miniature UAVs has aroused worldwide interest recently

because of its great potential in military and civil applica-

tions. If such a system can be pragmatically implemented, it

can be used for exploration and mapping, search and rescue,

and other strategic missions. However, this system has to

be robust enough to face challenges caused by complicated

indoor environments, such as scattered obstacles and denied

reception of GPS signals, and constraints of UAV platforms,

for example, unconventional aerodynamic / mechanical de-

sign and limited payload. In addition, most work on the topic

of indoor navigation conducted in the last few years focuses

on 2D environments and is mainly for ground robots. The

development of 3D navigation systems for UAVs is still not

mature.

We note that the topics of UAV autonomous control

[1], [2], [3], GPS-denied navigation [4], [5], [6], and path

planning [7], [8], [9] are separately addressed by researchers

in areas including robotics, mechatronics, computer vision,

computer science, and etc. Each of these topics covers a

breadth of literature. In view of these existing theoretical

works, this paper, on the other hand, focuses more on

the overall system design, integration and implementation.

Moreover, a lot of the existing algorithms in literature have

not been realized onboard of the UAV in real time. In

most cases, only simulations, off-line processing, or part of

the whole system have been tested. This largely limits the

possible real-life applications of the indoor UAVs, especially

when the control or path planning algorithms highly relies on

some remote and immobile sensors or computers. As such,

this paper selects and customizes the existing algorithms

F. Wang, J. Cui and S. K. Phang are with the NUS Graduate School
for Integrative Sciences & Engineering, National University of Singapore
(NUS), Singapore. E-mail: {g0901899,a0033585,a0068416}@nus.edu.sg

B. M. Chen and T. H. Lee are with the Department of Electrical & Com-
puter Engineering, NUS, Singapore. E-mail: {bmchen,eleleeth}@nus.edu.sg

Fig. 1. The custom-made quadrotor platform

and methods, which aims to realize a robust indoor UAV

system with real-time processing capability solely onboard.

In addition, there are also a few new ideas about system

design, control law implementation, UAV state estimation,

and path planning which can distinguish this paper from

other complete indoor navigation solutions, such as [10],

[11].

The content of this paper is organized as follows: Section

II gives an overall structure of the proposed indoor navigation

strategy, followed by Section III, IV and V respectively

expand the UAV modeling and control, state estimation,

and path plan algorithms. Section VI will provide real-life

implementation results to verify the overall system. Lastly,

concluding remarks will be made in Section VII.

II. PLATFORM AND OVERALL SYSTEM STRUCTURE

Being mechanically simple and robust, quadrotor heli-

copters have been widely used these days as UAV platforms

for research purposes. There are ready products, such as

AscTec’s Pelican, Parrot’s ARDrone, and MikroKopter’s

Quadro, which are all capable to do stable flight semi-

autonomously. However, the quadrotor platform used for this

work (see Fig. 1) is completely self-customized with special

considerations about weight reduction and power efficiency.

Its frame is made of carbon fiber plates and rods with

a durable Acrylonitrile Butadiene Styrene (ABS) landing

gear. Its dimensions are 35 cm in height and 86 cm in

diagonal width (tip-to-tip). This custom-made quadrotor has

a maximum take-off weight of 2.9 kg (conservatively tested)

and can fly at 8 m/s for about 10 to 15 mins, depending

on sensor configuration and environmental factors. As the

bare platform only weighs about 1.3 kg, the remaining 1.6



Fig. 2. Onboard avionics configuration of the quadrotor platform
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Fig. 3. Overall structure of the indoor navigation system

kg could be used as payload, including onboard avionics and

battery. Currently a 4-cell 4300 mAh lithium polymer (LiPo)

battery is used. The platform is also fully customizable

in terms of sensor arrangement and is scalable such that

additional computational boards could be mounted with a

stack-based design.

For the onboard avionics, a complete attitude and heading

reference system (AHRS), IG-500N from SBG Systems, is

used to measure the UAV linear accelerations and also esti-

mate Euler angles. There is also a built-in barometer which

can provide air pressure measurement for height estimation.

URG-30LX scanning laser range finder from Hokuyo is used

to scan the surrounding objects in a frontal 270◦ and 30 m’s

range. The vision sensor used on this platform is a PointGrey

FireFly camera. Two separate processors are used; one is

the Gumstix Overo Fire, for control and navigation purpose,

while the other one, Fit-PC2, is for vision processing. Fig.

2 shows the full onboard configurations and how the signals

flow among all the components.

Zooming out, Fig. 3 shows the top-level structure of the

proposed indoor navigation solution. As the UAV moves,

the IMU sensor and vision sensor’s measurements will be

fed to the ‘State Estimator’ block to obtain an estimation of

all state variables, and then acquired by the ‘Control Law’

block for feedback control. The other input to the ‘Control

Law’ block is the UAV trajectory reference generated by the

‘Path Plan’ block. For path planning, the main sensor used

is the scanning laser range finder. For the following sections,

the ‘Control Law’, ‘State Estimator’ and ‘Path Plan’ blocks

will be expanded and detailed respectively.
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III. MODELING AND CONTROL

The model structure of the quadrotor platform being used

is illustrated in Fig. 4. The control inputs (δlat,δlon,δcol,δped)
are fed into the onboard off-the-shelf NAZA controller.

NAZA is an all-in-one stability controller specially designed

for multi-rotor multi-axis flying platforms. With a standard

quadrotor frame construction, the default control gains built

in NAZA can already guarantee a good attitude stability

of the quadrotor. NAZA controller outputs PWM signals to

drive the four motors to generate the thrust forces, which not

only lift the platform but also maintain its attitude stability.

From the perspective of NAZA, the four inputs from the

remote transmitter correspond to the control references for

the roll angle (φ ), pitch angle (θ ), yaw angular rate (r), and

average motor speed respectively. There exists a dynamics

model which maps the roll and pitch angles to the lateral

and longitudinal velocities (u, v). It is mainly caused by rigid

body kinematics with a bit of air resistance damping effect.

The platform operates in the so-called ‘X’ mode as shown

in Fig. 5, where there are two frontal rotors and two rear

rotors. The UAV body frame is defined as x pointing forward,

y pointing rightward, and z pointing downwards, following

the right-hand rule. Since the structure configuration of the

platform and the design of the onboard system are highly

symmetric, it is reasonable to assume that the longitudinal

and lateral dynamics of this platform are exactly the same.

We also assume that the model is completely decoupled

among all four channels. That means the dynamic model of

each channel can be identified independently. The overall

system dynamics can be obtained by merging the four

subsystem dynamics diagonally.

The model identification process is done with a software

toolbox called CIFER. It is developed by the NASA Ames

Research Center for military-based rotorcraft systems. It first

converts the collected input-output data to frequency-domain

responses. Then the frequency domain data are fed into

NAVFIT, a low-order transfer function fitting tool.

Due to the symmetric structure of the quadrotor platform,

the roll and pitch dynamics share the same model structure

as well as parameters. When the platform is perturbed in the
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Fig. 6. Input-angle frequency response matching

roll (or pitch) direction, the onboard avionics system logs

the roll (or pitch) angle and linear velocity’s responses with

the corresponding synchronized control input, δlat (or δlon).

The ultimate goal is to identify the model from the control

input δlon (or δlat) to the linear velocity u (or v). However,

we can divide this task into two sub-tasks, i.e., identify the

model from control input to attitude angle and identify the

model from angle to velocity. Then the two models can

be cascaded together to produce the overall longitudinal (or

lateral) model.

Using NAVFIT in CIFER, the dynamics from the longitu-

dinal (or lateral) control input to the pitch (or roll) angle can

be well fitted by the following 4th order transfer function:

H1 =
9688

s4 + 27.68s3+ 485.9s2+ 5691s+ 15750
. (1)

The frequency response comparison between the identified

model and the real data is shown in Fig. 6. The third

sub-plot in the figure shows the coherence value of the

frequency domain matching. At frequencies below 20 rad/s,

the coherence value remains above 0.8, indicating the system

can be well characterized by a linear process.

Similarly, the transfer function from roll (or pitch) angle

to the lateral (or longitudinal) velocity can be identified as a

first order transfer function shown below:

H2 =
8.661

s+ 0.09508
. (2)

As a result, the cascaded dynamics from the control

input to the UAV’s linear velocity is a 5th-order system

whose transfer function is the product of H1 and H2. It

is observed that H1 has its poles at −4.0977+ 15.8272i,

−4.0977− 15.8272i, −15.7414, −3.7433, while H2 has its

pole at −0.0958. Obviously, the pole of H2 is much closer

to the imaginary axis than any poles from H1. Hence, the

dynamics of the cascaded system from input to velocity is

dominated by the pole of H2. To simplify the control law

design, we remove the poles from H1 and keep the overall

steady state gain the same. As a result, the simplified model

from the control input to the linear velocity is

H3 =
5.3275

s+ 0.09508
. (3)

Note that this simplified model will only be used for control

law design purpose. The full 5th-order complete model will

still be used for high-confidence simulation or control law

verification.

For the yaw channel, since the most inner-loop dynamics

controlled by NAZA is extraordinary fast, we can safely

assume that the control input directly corresponds to the

yaw angular rate with a proportional gain. Thus, the transfer

function from yaw control input to the yaw angle is an

integration of a constant, shown as below:

H4 =
3.372

s
. (4)

The transfer function from the collective input δcol to the

z-axis velocity w is identified to be

H5 =
−13.35

s+ 2.32
. (5)

The negative coefficient on the numerator of H5 is due to

opposite definition of the positive control direction and the

positive z-axis velocity direction.

The above sub-system models are identified with the

presence of the most inner-loop NAZA controller. The next

step is to design a model based outer-loop control law to

track a reference 3D position and heading. Again, since all

channels’ dynamics are assumed to be decoupled, the outer-

loop control laws can be designed separately. The control

structure for each channel can be found in Fig. 7 – 9 (the

longitudinal and the lateral channels share the same model

and control law). Except for the conventional state feedback

and reference feed-forward components, one special com-

ponent of this control structure is that the derivative of the

reference is also used. In this way, the UAV responds faster

to reference changes and the time factor is emphasized. This

is obviously an advantage for flying vehicle’s mission of

trajectory tracking, but the position reference needs to be

generated smooth enough for pragmatic implementation. By

tuning the controlled sub-system’s bandwidth and damping

ratio, the final gains are shown in Table I. The control

performance will be shown in section VI.

IV. STATE ESTIMATION WITH SENSOR FUSION

While angle and angular rate measurements required by

the inner-loop control law can be directly provided by

the onboard IMU, the outer loop’s position and velocity

measurements need to be estimated indirectly. Since dead

reckoning using IMU acceleration will face severe drifting
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problems, information from other sensors must be fused in

to cure the divergence and at the same time, to reduce noises.

The solution goes to the onboard camera and barometer.

Moreover, a Kalman Filter is formulated to fuse the infor-

mation from all sensors and provide a complete and smooth

UAV state estimation for control purposes.

A. Velocity Estimation by Vision Optical Flow

For many times, optical flow based vision algorithms

have been proposed by researchers to solve UAV GPS-

denied navigation problems. However, the camera mounting

direction is never unified. Some researchers mount the UAV

onboard camera pointing forward to do obstacle avoidance,

while some other researchers mount the camera pointing

sideward to navigate in indoor corridors or outdoor canyons.

For our case, since there is also information from the onboard

laser scanner, the frontal and sideward obstacles are already

detectable. It is preferable to mount the camera pointing

downward instead, so that the UAV body axis x, y direction

velocity can be better estimated (optical flow estimates

velocity more accurately in the direction perpendicular to the

camera axis). This configuration also takes great advantage

from the fact that the floor of an indoor environment is

usually flat and vision algorithms involving feature points

on the same plane can be largely simplified, thus easier to

be implemented onboard in real time.

In the robotics community, when a robot moves in an

indoor environment, simultaneous localization and mapping

+ 3.37025
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TABLE I

CONTROL GAINS USED ON THE QUADROTOR UAV

F1 F2 F3 F4 F5

−0.3059 −0.4614 −0.0509 0.0749 −0.4943

G1 G2 G3 G4 G5

0.3059 0.4614 0.0509 −0.0749 0.4943

(SLAM) aims to build the map of the environment and

localize the robot by analyzing information from various

sensors. In the computer vision society, this is largely known

as the problem of structure from motion (SFM), in which the

camera translation and rotation can be calculated by given

consecutive views of a scene. There are two fundamental

sub-problems from SFM:

1) Correspondence (2D motion of the image): Which

elements in this frame correspond to which elements

in the previous frame?

2) Reconstruction (3D motion of the camera): Given a

number of correspondences, and possibly the knowl-

edge of camera’s intrinsic parameters, how to recover

the 3D motion and structure of the observed world?

The first problem is commonly known as the optical flow

problem. It requires the knowledge of spatial and temporal

image intensity derivatives. Let the grey-level intensity of a

pixel on the image be E(x,y, t). It is a continuous and differ-

entiable function of space and time. Suppose the brightness

pattern is locally displaced by a distance dx, dy over time

period dt, the intensity of the displaced pixel should be the

same as the original pixel:

E(x,y, t) = E(x+ dx,y+ dy, t+ dt). (6)

In other words, the total derivative of E w.r.t. time is zero.

δE

δx

dx

dt
+

δE

δy

dy

dt
+

δE

δ t
= 0. (7)

If we denote

Ex =
δE

δx
, Ey =

δE

δy
, Et =

δE

δ t
, vx =

dx

dt
, vy =

dy

dt
,

then the equation can be rewritten as:

Exvx +Eyvy +Et = 0. (8)

The above is known as the Brightness Constancy Equation

(BCE). In BCE, Ex, Ey and Et are measurable, while vx

and vy are the unknown 2D flows. One individual BCE

is not enough to estimate the 2D flows. Solutions to this

normally involve considering a small window of adjacent

pixels. Among all these solutions, the Lucas & Kanade

algorithm is the most classical and elegant one. It assumes

that the motion field at a given time is constant over a

block of pixels. For that particular block of n number of

pixels, there are n BCEs. They form a linear over-determined

equation set. Least square estimation can be used to obtain

a reliable vx, vy over that region.

The above optical flow calculation can be carried out

at any pixel locations on the image. However, some loca-

tions are more stable and reliable for the calculation, while

others are not. First of all, if an image region is almost

homogeneous, then Ex, Ey, Et are near zero. This leads

to numerical problems and will even result in an under-

determined equation set. Second, even if the region is not

homogeneous, there is the well-known aperture problem. 2D

motion flow is ambiguous if only one-directional intensity

change can be observed. In general, corner-like feature points
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Fig. 10. The 2D optical flow implementation result

are more suitable to be set as the center of optical flow

calculation. Therefore, high quality feature detection usually

needs to be done before optical flow calculations are carried

out at these feature locations.

To implement this 2D optical flow algorithm, the well-

known OpenCV library from Intel can be used. OpenCV

library also provides the ‘goodFeaturesToTrack’ function

which is able to find predefined number of feature points

on an image and these feature points are selected particu-

larly suitable for the later ‘calcOpticalFlowPyrLK’ function,

which calculates the optical flow for a sparse feature set

using the iterative Lucas-Kanade method with pyramids. The

implementation result can be found in Fig. 10(a) - 10(d).

The next step is to estimate the camera 3D motion from the

2D optical flow mentioned above. One of the most elegant

methods relies on an important concept called ‘homography’.

‘Homography’ is a well-known term in the computer vision

society in describing the linear position relationship between

feature points on two different (image) planes. Suppose a

downward-looking camera on the UAV takes image of the

ground during flight. Given two consecutive images taken

at time t1 and t2, the corresponding visual features’ pixel

positions in the 1st and 2nd images are related by a 3 by 3

matrix H, provided that the ground scene is within a level

plane [12]. This H is called the ‘homography’ matrix. The

level plane assumption is quite reasonable for any indoor

environment as the floor is usually manmade, thus flat. H

carries useful information about the UAV motion from t1 to

t2. If R and T are the inter-frame rotation and translation of

the UAV from t1 to t2, N is the unit-length normal vector of

the ground plane resolved in the camera frame at t1, and d

is the UAV altitude with respect to the ground plane, then

the homography matrix H can be expresses as [13]:

H = R+
1

d
TNT. (9)

The decomposition of H into R, T and N is doable but quite

complicated and it usually results in large numerical errors

in practice. Fortunately, R and N are known in our case since

the IMU will give Euler angle information at every moment.

If we have UAV attitude angles φ1, θ1, ψ1 at t1 and φ2, θ2,

ψ2 at t2, then

N =





−sinθ1

sinφ1 cosθ1

cosφ1 cosθ1



 , (10)

and

R = Rb/n(t2)Rn/b(t1), (11)

where Rb/n is the rotational matrix to convert 3D points from

the inertia frame to the UAV body frame and Rn/b is vice

versa and they are transpose of each other. Hence, with H, R,

d and N known, the translational motion, T can be calculated

as:

T = d(H−R)N. (12)

B. Height Measurement from Barometer

As mentioned previously, indoor UAV height measurement

can be from various sensors. Using range sensor is one of

most direct ways to measure the distance from the UAV

body to the ground. However, to obtain the UAV absolute

height with respect to its initial position, this range sensor

approach has to assume that the ground is without any

altitude variations. Moreover, if the UAV is required to

go through windows, this measurement will be inaccurate

when the UAV is directly above the windowsill. In view of

this, a more robust choice would be the barometer, as its

measurement is independent of the environment’s physical

shape. If a reference pressure (usually the pressure right

before taking off), P0, is selected, then the z direction position

of the UAV at any moment after can be calculated by the

following equation:

zg =−44307

[

1−

(

P

P0

)0.1902
]

, (13)

with P being the present pressure sensor output in Pascal.

C. Data Fusion by Kalman Filter

The Kalman filter framework describes a discrete-time

linear system as follows,

x(k+ 1) = Ax(k)+B(u(k)+w(k)),

y(k) = Cx(k)+ v(k), (14)

where x, u and y are the state, input and measurement vectors

respectively. A, B, C are system matrices with appropriate

dimensions. w and v are input and measurement noises,

which are assumed to be Gaussian with zero means. The

main objective of Kalman filter is to estimate x̂(k|k) at the

time step k with the measurement y(k), input u(k− 1) and

the previously estimated state x̂(k|k − 1). If system 14 is

observable, then the statistically optimal estimator is given

as follows,



Time Update:

x̂(k|k− 1) = Ax̂(k− 1)+Bu(k− 1),

P(k|k− 1) = AP(k− 1)AT +BQBT,

Measurement Update:

H(k) = P(k|k− 1)CT(CP(k|k− 1)CT +R)−1,

x̂(k) = x̂(k|k− 1)+H(k)(y(k)−Cx̂(k|k− 1),

P(k) = (I−H(k)C)P(k|k− 1),

To apply Kalman filter in this indoor UAV state estimation

problem, the motion model and the measurement model need

to be first defined. For the motion model, the simple point

mass kinematics model can be used, that is, in the NED

frame, position can be integrated by velocity and velocity

can be integrated by acceleration. The discrete representation

of this motion model with a sampling frequency of 50 Hz is

shown below:

x =
(

xg yg zg ug vg wg

)T
,

u =
(

axg ayg azg

)T
,

y =
(

zg ug vg

)T
,

A =

















1 0 0 0.02 0 0

0 1 0 0 0.02 0

0 0 1 0 0 0.02

0 0 0 1 0 0

0 0 0 0 1 0

0 0 0 0 0 1

















,

B =

















0.0002 0 0

0 0.0002 0

0 0 0.0002

0.02 0 0

0 0.02 0

0 0 0.02

















,

C =





0 0 1 0 0 0

0 0 0 1 0 0

0 0 0 0 1 0



 .

While the above system matrices have been numerically

defined, the input noise and measurement noise matrices Q

and R, being both diagonal, can be selected by logging real

flight test data; the non-zero elements in Q represent the

acceleration measurement noises and the non-zero elements

in R represent the noise of z direction position measurement

from barometer and velocity measurements from vision

optical flow.

V. THE WALL FOLLOWING PATH PLANNING STRATEGY

Classical UAV path planning algorithms require the UAV

to know the global map, i.e., its own position, the target’s

location, and all obstacles’ positions presented in the global

frame. However, the environment is usually unknown in

practice and the exploration mission may not involve a well

defined target. In these cases, two approaches are usually

used. One is to build the unknown map through SLAM,

so that all the conventional path planning algorithms can

be applied afterwards. However, this kind of methods suffer

from the problem of huge computational burden, and it is so

far difficult to be implemented onboard and executed in real

time on a miniature indoor UAV. The second approach is to

use UAV local information only and dynamically calculate

the tracking reference of the UAV, that means the reference

generation is contemporary and only one step ahead. In this

paper, the path planning strategy proposed follow the second

approach, i.e. no global map or self-location information

is needed. It is a fairly universal strategy for any indoor

enclosed environment with regular walls. First of all, this

algorithm utilizes the concept of artificial potential field. All

measurements from the laser scanner are treated as obstacles

and they exert a repulsive force on the UAV body. Besides,

to let the UAV keeps moving forward, there is a constant

attractive force coming from a virtual target two meters ahead

from the UAV body. If the UAV is ordered to follow the wall

on its left, then this virtual target is placed at the left-front

of the UAV heading. If the the UAV is order to follow the

right side wall, then the target is placed at the right-front of

the UAV heading. The followings are the formulation:

F = Fatt −Frep, (15)

where

Fatt = e
−

|T|2

2σ2
1 T, (16)

and

Frep =
n2

∑
k=n1

e
−

|W(k)|2

2σ2
2

W(k)

σ2K
(17)

Above, F is the resultant force of the artificial potential field,

Fatt is the attractive force coming from the virtual target and

Frep is the repulsive force generated by the wall obstacles. T

and W(k) are the vectors pointing towards the virtual target

and the points measured by the laser scanner. σ1 and σ2

represent the stiffness of the Gaussian-like potential fields

which can be tuned for different indoor situations. In Eqn.

17, all laser scanner measurements indexed from n1 to n2

will be examined one by one. Invalid measurements (in case

of out of range) will be dropped, and K is the total number

of valid measurements being used.

Although we call F a ‘force’, it can be interpreted as other

physical entities in practice. In this implementation, we let

the UAV 2D velocity reference be proportional to F, and by

integration, it also forms the 2D position reference. For the z

direction, the UAV is ordered to maintain a predefined height

with respect to the flat indoor floor. In addition, to determine

the UAV heading reference, another algorithm is running at

the same time to determine the UAV yaw angle reference at

every scan moment, and it runs as follows:

1) If the UAV is to fly along the wall on its left, then omit

the scanned points on the right side. If the UAV is to

fly along the right side wall, then omit the scanned

points on the left side.



Fig. 11. Wall following strategy simulation result

2) For all remaining scanned points, calculate the best

straight line fit using the least square optimization

method.

3) The UAV heading reference deviates from the UAV

current heading direction by a fraction (a%) of the

difference between the fitted line gradient and the

current UAV heading (a can be tuned for different

indoor environments).

By combining the potential field algorithm with the line

fitting algorithm, the UAV outer-loop references can be

completely set up. Before any real implementations or actual

flight tests, a Matlab program is written to simulate the

capability of the aforementioned wall-following algorithm.

A virtual map and a virtual laser scanner sensor, both to

real life scale, are established for the purpose of navigation

simulation. In Fig. 11, the sub-figure on the left is the global

view of the indoor environment, which includes the walls,

pillars and the UAV position and heading information. The

sub-figure on the right shows the laser scanner measurements

in the UAV body frame. The control reference to the UAV

are purely calculated from the information in the right sub-

figure, while the contents in the left sub-figure are only for

display purpose and not available to the navigation algorithm.

The result of one run of the simulation is shown. This

time, the UAV is ordered to follow the wall on its left. The

configurations of this simulation is: (σ1 = 2, σ2 = 1, a = 5).

The green dotted line is the flight path of the UAV.

VI. THE IMPLEMENTATION RESULTS

Real-life flight tests have been carried out to verify the

performance of the UAV position and velocity state estimator

as well as the control law. An autonomous hover test via

the estimated position and velocity feedback is carried out.

For the whole time duration, from t = 210 to t = 250,

the UAV is at autonomous position hold mode, while one

intentional push is given to the UAV as disturbances to

see how it recovers (see Fig. 16(a) - 16(d)). The outer-

loop position and velocity tracking performance is illus-

trated in Fig. VI. Position (xg,yg,zg) and heading angle (ψ)

signals are all controlled within small errors with respect

to their respective references, which means control law is

appropriate. Besides, the on-site position hold performance

according to several observers at different viewing angles
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Fig. 16. Indoor autonomous hover with disturbances

are all superior. That means the state estimator is working

properly, and surprisingly, the position estimation is with

very little drift. In addition, the wall following algorithm

mentioned in section V has also been implemented onboard.

Verification flight tests have been carried out. Our quadrotor

platform, equipped with the 30 m’s Hokuyo laser scanner,

has performed an autonomous wall following flight in an

indoor hall successfully. Fig. 17 sequentially show the 8

instances of the flight, with the left sub-figure showing the

real-life flying condition and the right sub-figure showing the

body-frame laser scanner data at that instant.

VII. CONCLUSIONS

In conclusion, this paper has proposed a complete control

and navigation scheme for an indoor quadrotor UAV system

by selecting, customizing, and combining some suitable

existing algorithms. Innovations have been focussing on

improving algorithm efficiency and system integration. Real-

life flight tests have been carried out to verify the applica-

bility and performance of the overall system. The greatest

advantage of this scheme is its minimal requirement on the

computational power. Hence, pure onboard processing can

be realized. The UAV, after being issued the main navigation

command, does not need to maintain any wireless link to the

Ground Control Station. Furthermore, although the testbed

platform is a quadrotor UAV, the proposed scheme is also

applicable to other miniature UAV platforms as long as they

have IMU, mono-camera and scanning laser range finder

mounted onboard.
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