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Abstract—In this paper, we present a vision-based relative
sensing system for UAVs to realize leader-follower formation
flight without inter-vehicle communication. A monocular camera
is mounted on the follower to detected the leader and measure
the relative distance by using the geometry information of the
leader without artificial markers. The measured relative distance
is utilized to estimate the velocity and acceleration of the leader
under the quasi-steady states assumption. Experimental results
show that the proposed sensing system is capable of achieving
the vision-based leader-follower formation flight.

I. INTRODUCTION

There is a boom in vision sensing in academic research
and industrial applications, since it is able to provide human-
like perception, such as geometry of the scene, photometry
of objects, and dynamics of the environment. By integrating
vision sensors with other avionic sensors, unmanned systems
can autonomously perform a variety of applications. The
vision-based leader-follower formation is focused in this paper
(see Figure 1), which has arouse great interests recently (see
[10], [11], [13], [14]). It can also be considered as an air-to-air
target problem that an aircraft tracks a target in the sky in a
pre-defined relative distance and orientation.

Typically, the displacement between the tracker and the
follower can be measured by using radars [4]. Such radar
measurement is effective in long distance, but it becomes
ineffective in short distance. In contrast to radars, the visual
measurement is effective in short distance measurement [15],
[9]. Stereo vision is a straightforward solution that can easily
provide direct depth measurement. Its computation, however,
is too intensive to be implemented easily in airborne com-
puters. In [12], the vision-based localization for the formation
flight was presented by using a monocular camera, and known
artificial markers on the target are assumed. However, the
vision-based target detection and the orientation tracking is
ignored.

This motivated us to use a monocular camera to realize
detection and 3D relative measurement based on the shapes
and sizes of the leader. In this paper, a vision algorithm will be
developed to detect a leader UAV without artificial markers.
The relative distance and bearing are determined based on
the image measurement with the geometry information of the
leader. Although the relative distance cannot be measured ac-
curately yet, it is well enough for the leader-follower formation
in steady level flight. It is noted that the formation performance

Fig. 1. Illustration of the vision-based formation.

becomes worse to track a maneuvering leader if the relative
distance is applied as the only reference to the follower UAV.
Thus, it needs to construct the high-order derivatives of the
reference such as the target velocity and acceleration, and to
design a tracking and following control law applicable to track
the reference with the high-order derivatives. The velocity
and acceleration of the target will be estimated by using a
novel algorithm in which the smooth flight trajectory of the
leader is considered. The algorithm is developed based on the
extended Kalman filtering and under assumption of the quasi-
steady states. The resulting closed-loop system is verified in
experiments to follow a leader UAV.

II. 3D MEASUREMENT WITH A MONOCULAR CAMERA

The machine learning approach is taken to identify the
leader UAV. The relative distance is measured with a monoc-
ular camera with known geometry information of the leader.
Pan/tilt camera orientation control is utilized to keep the leader
in the center of the image in spite of the maneuvering of both
the leader and follower.

A. Target Detection

There were a lot of techniques published for the target
detection such as Haar wavelet based AdaBoost cascade,
Histogram of oriented gradient features and others [2], [1].
Among them, the first method is more applicable to our
scenario and real-time processing. The principle idea for the
target detect is to combine a set of the Haar wavelet features
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to separate a specific target from background. To realize real-
time operation, the set of the features have been formed in
a cascade manner to reduce the computation cost. The Haar
wavelet features are employed here due to their rich image
representation and very fast computation by using the integral
image [19], which is suitable for the onboard processing.

Normally, more than one hundred of thousands of such
features can be extracted from a small image sub-window
(e.g. 24 × 24 pixels) by varying the scale and location of the
feature. Each Haar wavelet feature can be used to construct a
weak classifier to identify the target.

hj(x)

{

1 if pjfj(x) < pjθj
0 otherwise

, (1)

where x is a sampled sub-window in an image. θj is a
threshold to achieve minimal misclassification. pj ∈ {−1, 1}
is used to define the direction of inequality.

A single weak classifier cannot perform very well. Fortu-
nately, as proved in [18], it is theoretically possible to combine
multiple weak classifiers to be a better classifier, namely strong
classifier. In [3], the AdaBoost algorithm is proposed to form
a strong classifier by selecting a small set of weak classifiers
and calculating their corresponding weight based on training
samples. The detailed procedure and statistical behavior of the
final strong classifier can be found in [3], [20]. The final strong
classifier H(x) is formed as a linear combination of selected
n weak classifiers.

H(x) =

n
∑

j=1

αjhk(x) , (2)

where αj is a weight to minimize the exponential loss of
the classifier. If H(x) ≥ ηt, ηt = 1

2

∑n

j=1 αj , the target is
identified. The strong classifier will have better performance
than each weak classifier.

Additionally, we can sort the weak classifiers according to
the weight αj and compute the strong classifier iteratively.

Hm(x) = Hm−1(x) + αmhm(x), αm < αm−1 , (3)

where Hm−1(x) =
∑m−1

j=1 αjhj(x), and H0 = 0. In each
iteration, if Hm(x) +

∑n

j=m+1 αj < ηt, we can conclude
that the target is not in the sampled sub-window, and the
rest weak classifiers (Hj,m < j ≤ n) do not need to be
checked in the sampled sub-window. Thus, the computational
cost can be reduced significantly and this is the principle idea
of the cascade of the classifiers. This structure is suited to the
scenario that there is an overwhelming majority of negative
sub-windows in an image and the negative sub-windows have
less pattern than the target that can be identified by using less
features.

In order to train the classifier proposed, we need to collect
training and testing images. Although we can synthesize such
images using OpenCV utilities, we still prefer to collect natural
images of the leader UAV in ground and flight tests. The
positive images are taken under different situations, such as
lighting, view angle, depth, background, and so on. The images

Fig. 2. Positive images.

of the target have been extracted from the collected images,
and resize to 24× 24 pixels shown in Fig. 2.

We also collect negative images that do not contain the
objects of interest. We use both the on-line image database
and images collected during the flight tests as the negative
images. The number of negative images is at least twice large
than that of positive images. We train the classifier using
the haartraining utility provided by OpenCV libraries, and
obtain the cascade classifier. According to the created the
receiver operating characteristic (ROC) curve, the threshold
(minimum number of windows in the neighbour) of the final
layer classifier is selected. For the cascade classifier train, it
should be noted that:

1) To reduce false alarm rate in the detection, we need to
increase the stages of the classifier, but computation cost
will increase in the target detection;

2) To increase the hit rate, we must increase the training
samples. It will not affect the target detection time, but
it will increase the training time.

When the training process is over, the cascade strong
classifier is determined. The target detection will repeat the
feature recognition with the known parameters to identify the
target. The location of the target in the image will be applied
to determine the relative displacement.

B. Relative Displacement

The relative distance and orientation of the leader with
respect to the follower can be computed by using the known
camera model and geometry information of the leader when it
is identified and its location is determined in the image. The
camera model is given below







xi = f
xc

zc
yi = f

yc

zc

, (4)
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where f is the focus length of the camera. (xc, yc) and (xi, yi)
are the coordinates of a point in the camera and image frame
respectively.

Since the geometry information of the leader is known,
the maximal width, ymax,i, of the leader at Y axis of the
image frame is used to determine the relative distance to
the camera. However, the corresponding real width of the
leader is not easy to be known. A nominal width, ynorm,c,
is approximately regarded as the corresponding real width. In
such approximation, the distance of the leader to the camera
can be calculated as follows,

λ = f
ynorm,c

ymax,i

= f
ynorm,c

|yL,i − yR,i|
, (5)

where λ denotes the distance of the leader to the camera. yL,i
and yR,i are the Y coordinates of the left and right extreme
points of the leader detected from on its contour in the image.

The required relative distance is the distance of the leader’s
mass center to the follower’s mass center. Unfortunately, it
is impossible to measure and/or calculate the coordinates of
the leader’s mass center in the camera frame with the visual
measurement. Thus, a coordinate average of the points on the
leader contour is adopted as the center of the leader in the
camera frame. The relative distance in the camera frame, pt,c,
can be determined as follows,

pt,c =
1

N

N
∑

k=1

λCapk,i , (6)

where Ca = Diag[f−1, f−1, 1] is the camera parameter
matrix. pk,i denotes the coordinates of the k-th point in the
image frame. N denotes the total number of the chosen points.
The relative distance of the leader with respect to the follower
in the North-East-Down (NED) frame, ∆pgt, can be given as
follows,

∆pgt = B′

gb(B
′

bcpt,c + cb) , (7)

where Bgb denotes the transformation matrix from the NED
frame to the body frame. Bbc denotes the transformation
matrix from the body frame to the camera frame. cb denotes
the coordinates of the camera in the body frame.

C. Next Camera Direction

In order to hold the leader appearing in the images, the
camera is controlled to point to it. The next camera direction
needs to be estimated to drive the pan/tilt camera. Such
estimation is available as the future relative motion between
the leader and follower can be predicted under the quasi-steady
states seen in Section III. If the next displacement of the leader
relative to the tracker is predicted as ∆p̂gt in the NED frame,
we can compute the pitch angle θb and azimuth angle ψb of
Z axis in camera frame with respect to the body frame.

θb = arctan





−dz
√

d2x + d2y



 , ψb = arctan

(

dy

dx

)

,





dx
dy
dz



 =
∆p

‖∆p‖
, ∆p = Bgb∆p̂gt − cb,

(8)

Note that the Z axis of the camera framework is align with
X axis of the body frame. The camera can be driven to
the predicted direction to detect the leader. Eventually, the
determined relative displacement will be applied to estimate
the velocity and acceleration of the leader.

D. Motion Compensation

The motion compensation has been realized by virtually
simulate a pan/tilt servo base frame and remove the pitch angle
of the UAV platform.

θ̄b = θb − θ . (9)

The tilt servo control of the pan/tilt camera is illustrated In
Fig. 3. In Fig. 3, θtarget is the azimuth angle of the target with
respect to the UAV.

PID

θuav θb0

Ktilt Tilt Servo
θtarget θcam

-

-

Fig. 3. The vision-based control of the tilt servo.

E. Image Tracking

The target detection methods mentioned above are normally
used to initialize image tracking in many vision applications.
An effective combination of detection and motion estimator
is able to speed up the processing, as well as deal with
moving targets and uncertainties of outdoor environments,
such as variations in lighting, background, etc. Image tracking
typically involves mathematical tools such as the Kalman filter,
Bayesian network [6], [5], [21]. This image tracking method
can be referred to as Filtering and Data Association approach,
considered as a top-down process.

To predict the target location in the image, a motion model is
required. It is well known that the motion of a point mass in the
two-dimensional plane can be defined by its two-dimensional
position and velocity vector. Let x = [x, ẋ, y, ẏ]T be the state
vector of the centroid of the tracked target in the Cartesian
coordinate system. Non-maneuvering motion of the target is
defined by it having zero acceleration: [ẍ, ÿ]T = [0, 0]T.
Strictly speaking, the motion of the intended targets may be
maneuvering with unknown inputs. Nevertheless, we assume
the standard 4-th order non-maneuvering motion model by
setting the acceleration as [ẍ, ÿ]T = w(t), where w(t) is a
white noise process [8], which should be sufficient for the
target tracking in the image.

In addition, it is necessary to consider the motion of the
pan/titl camera, which can be compensated using its steady
state value, since it normally has higher bandwidth than the
dynamics of the UAV. The discrete-time model of the target
motion can be expressed as
{

x(k|k − 1) = Φx(k − 1) + Fcam∆ucam + Λw(k − 1),
z(k) = Hx(k) + v(k),
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where

Φ =







1 Ts 0 0
0 1 0 0
0 0 1 Ts

0 0 0 1






, Λ =

















T2
s

2
0

Ts 0

0
T2

s

2
0 Ts

















,

H =

[

1 0 0 0
0 0 1 0

]

,

ucam =

(

∆φb
∆θb

)

, Fcam =







fx 0
0 fy
0 0
0 0







Ts is the sampling period of the vision software. A Kalman
filter can then be designed based on the above motion model
to estimate the states of the target in the image plane. Based
on the motion mode, we can predict the possible location of
the target in the next frame, and also define the region of
interest Ns(k) as a neighbourhood of the predicted location
of the target in the image I(x, y), which is given below.

Ns(k) = {I(x, y) | x ∈ [x1, x2], y ∈ [y1, y2]} , (10)

where

x1 = x̂(k|k − 1)− 0.5× (wt(k − 1) + εσx(k|k − 1)) ,

x2 = x̂(k|k − 1) + 0.5× (wt(k − 1) + εσx(k|k − 1)) ,

y1 = ŷ(k|k − 1)− 0.5× (ht(k − 1) + εσy(k|k − 1)) ,

y2 = ŷ(k|k − 1) + 0.5× (ht(k − 1) + εσy(k|k − 1)) ,

wt and ht are the width and height of the target detected in
the previous frame. σx and σy are the standard deviation of
the estimation of x and y, given by the Kalman filter. ε is
a coefficient. We can also reduce the probability of the false
alarm by using the motion estimator.

F. Data Fusion

In the vision aided detection and tracking, we will obtain
the different outputs from the detector, motion estimator and
tracker. In order to achieve a robust results, we make the
decision in terms of the following rules.

1) If an object has been continuously identified by the
detector more than a certain frames, we will define it
as the target.

2) Once the target is identified, the motion estimator will
predict the region where the target will appear in the
new image.

3) We will adopt the target’s location given by the detector
in first priority, as long as this location is in the predicted
region by the motion estimator. That is because the
detector has already considered both of the geometry and
intensity information. Otherwise, if the detector cannot
find the target, we will select the output of the image
tracker as the target.

4) In rare case, if both detector and tracker cannot give the
target location, we will use the predicted location by the
Kalman filter as the location of the target. That is mainly
caused by the distorted or corrupted image.

5) If the target has been lost in a certain frames, the
algorithm will switch to the detection mode to search
the target.

After the target has been detected, we will find the contour
of the target first and calculate the geometry center of the
target. We will also update the target template, including the
histogram and the threshold values accordingly.

III. ESTIMATION OF TARGET VELOCITY AND

ACCELERATION

It is useful to estimate the leader’s velocity and acceleration
with the measured relative displacement to realized perfect
formation. The algorithm is developed with the extended
Kalman filtering in a class of target motion such as the quasi-
steady states (QSS). Such QSS was proposed in the wind
frame for the flight control design [16] and was defined in the
NED frame to describe a class of the practical flight motions
for estimation of target motion [17]. The definition of QSS is
introduced below.

Definition 3.1: The quasi-steady states are the flight states
in which the derivatives of the aircraft ground speed, flight
path angle and azimuth angle are constant.

Remark 3.1: The definition of QSS implies the classifica-
tion of the steady, maneuvering and super maneuvering states.
The steady states are the flight states in which the derivatives
of the aircraft ground speed, flight path angle and azimuth
angle are zero. The maneuvering states are QSS. The super-
maneuvering states are the flight states in which the derivatives
of the aircraft ground speed, flight path angle and azimuth
angle are not constant.

The estimation algorithm developed based on the assump-
tion of QSS is applicable to the steady maneuvering motions
of the target, which include the main motion of the target.
Based on the definition of QSS, we proceed to formulate the
extended Kalman filtering.

A. Kinematical Models of Target

In QSS, the kinematical models of the target can be pre-
sented as follows,

ṗgt = Vgt





CθstCψst

CθstSψst

−Sθst



 ,





V̈gt
θ̈st
ψ̈st



 = 0, (11)

where Cθst = cos θst, Cψst
= cosψst, Sθst = sin θst and

Sψst
= sinψst. pgt denotes the displacement of the target in

the NED frame. Vgt, θst and ψst denote the ground speed,
flight path angle and azimuth angle of the target respectively.
The extended Kalman filtering (EKF) based estimation algo-
rithm will be developed by using those kinematical models.
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B. Formulation of EKF

A formulation of the extended Kalman filtering can be
written to estimate the velocity and acceleration of the target
as follows,

{

x(k + 1) = f [x(k)] + w(k),

y(k) = Cx(k) + v(k),
(12)

where

x :=





∆pgt
Vtpt
V̇tpt



 , Vtpt =





Vgt
θst
ψst



 , w :=





wpgt

wVtpt

wV̇ tpt



 , y := ∆pgt,

∆pgt denotes the displacement of the target with respect to
the tracker in the NED frame. w and v denote the system
and measurement noises respectively. They are zero-mean
Gaussian noises. We need to present the related items for
computation of EKF such as

f,
∂f

∂x
, C.

The function f can be presented as follows,

f = Ax(k) +B∆V (k), (13)

where

∆V (k) = Vgt(k)





CθstCψst

CθstSψst

−Sθst



− Vg(k)





CθsCψs

CθsSψs

−Sθs



 ,

A =





I 0 0
0 I T I

0 0 I



 , B =





TI

0
0



 ,

T denotes the sampling period. I denotes the identity matrix
with appropriate dimensions. Vg, θs and ψs denote the ground
speed, flight path angle and azimuth angle of the tracker. The
partial derivative of f to x is given as follows,

(

∂f

∂x

)

′

= A+B [ 0 BVtpt 0 ] , (14)

where

BVtpt =





CθstCψst
−Vgt(k)SθstCψst

−Vgt(k)CθstSψst

CθstSψst
−Vgt(k)SθstSψst

Vgt(k)CθstCψst

−Sθst −Vgt(k)Cθst 0



 .

The matrix C is constant and is presented as follows,

C = [ I 0 0 ] . (15)

Remark 3.2: In the EKF formulation, the derivatives of the
target ground speed, flight path angel and azimuth angle are
assumed subject to the Gaussian-Markov process even though
they are defined to be constant in QSS. The physical constraint
can be imposed to the state equation, such as the target ground
speed being more than zero, the maximal/minimal derivatives
of the target ground speed, flight path angle and azimuth angle.

IV. INTEGRATED SIMULATION

Although each proposed algorithm, such as vision process-
ing and formation control, has been tested separately, it is still
useful to test them in an integrated simulator which simulates
dynamics of the UAVs and generates the synthetic images for
the vision processing. The simulation is to check the data flow
of the algorithms and verify the performance of the whole
system before flight tests. As illustrated in 4, the integrated
simulation includes the following key components

1) Plant model: simulate 6 degree of freedom (DoF) dy-
namic model of the UAVs;

2) Flight control: simulate the inner-loop and outer-loop
control of the UAVs;

3) Image simulation: generate the synthetic images based
on the camera model and relative pose between the
leader and the follower;

4) Vision processing: execute the proposed the vision-based
relative sensing algorithms;

5) Motion estimation: execute the prosed EKF based mo-
tion estimation algorithm;

6) Pan/tilt control: execute the proposed pan/tilt camera
control algorithm.

Fig. 4. Block diagram of the integrated simulation.

In Fig. 4, x = [x, y, z, u, v, w, φ, θ, ψ] is the state of the
UAV. xf is the estimated target states, φb and θb is the servo
control input for the pan/tilt camera.

V. EXPERIMENTAL RESULTS

In this section we present flight experimental results to
evaluate the proposed vision-based formation algorithms. The
flight experimental platform is an autonomous quadrotor UAV
constructed by NUS UAV Team. The flight and formation
control law is designed with the dynamic inversion and RPT
techniques [17], and the online path planning is realized using
the reflexxes motion libraries presented in [7]. The proposed
vision-based formation algorithms have been implemented in
the onboard system of the UAV.

The leader-follower formation has been conducted with
the leader flying at the speed of 2 m/sec. The follower was
controlled to keep a pre-defined relative distance to the leader,
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i.e. 6 m in x-axis and 1 m in z-axis in the tracking frame. The
flight trajectories and the tracking errors have been shown
in Fig. 5 and 6. During the flight, the target detection is
running in 5 Hz. In Fig. 6, it is observed that the tracking
errors are converged to zero. The flight test has shown the
robustness and effectiveness of the proposed vision-based
formation algorithms.
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Fig. 5. The position of the leader and follower in the NED frame.

300 320 340 360 380 400
0

5

10

x 
(m

)

Tracking errors in the tracking frame

300 320 340 360 380 400

0

1

2

3

y 
(m

)

time (s)

Fig. 6. The tracking error in the tracking frame.

VI. CONCLUDING REMARKS

The development of the vision-based leader-follower forma-
tion system has been presented in this paper. The system has
been verified in simulation and flight experiments. A monocu-
lar camera is applied to implement the 3D measurement with
the learning technique. The target velocity and acceleration can
be estimated with the measured relative displacement under
assumption of the quasi-steady states. The autonomous for-
mation control law is successfully designed with the dynamic

inversion and the robust perfect tracking technique together.
Such techniques are also applicable to the other flight vehicles.
How to handle the non-smooth flight trajectory of quadrotor
UAVs will be investigated in future work.
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