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Abstract: This paper presents a novel robust visual tracking framework, based on discrimi-
native method, for Unmanned Aerial Vehicles (UAVs) to track an arbitrary 2D/3D target at
real-time frame rates, that is called the Adaptive Multi-Classifier Multi-Resolution (AMCMR)
framework. In this framework, adaptive Multiple Classifiers (MC) are updated in the (k-
1)th frame-based Multiple Resolutions (MR) structure with compressed positive and negative
samples, and then applied them in the kth frame-based Multiple Resolutions (MR) structure to
detect the current target. The sample importance has been integrated into this framework to
improve the tracking stability and accuracy. The performance of this framework was evaluated
with the Ground Truth (GT) in different types of public image databases and real flight-
based aerial image datasets firstly, then the framework has been applied in the UAV to inspect
the Offshore Floating Platform (OFP). The evaluation and application results show that this
framework is more robust, efficient and accurate against the existing state-of-art trackers,
overcoming the problems generated by the challenging situations such as obvious appearance
change, variant illumination, partial/full target occlusion, blur motion, rapid pose variation
and onboard mechanical vibration, among others. To our best knowledge, this is the first work
to present this framework for solving the online learning and tracking freewill 2D/3D target
problems, and applied it in the UAVs.

Keywords: Unmanned Aerial Vehicles(UAVs), Discriminative Visual Tracking(DVT),
Hierarchical Tracking Strategy(HTS), Online Appearance Learning(OAL), Compressive Visual
Sensing(CVS), Adaptive Algorithm, Robot Navigation.

1. INTRODUCTION

Visual object tracking has been researched and developed
fruitfully in the robot community recently. However, real-
time robust visual tracking for arbitrary 2D/3D targets
(also referred to visual model-free tracking), especially in
Unmanned Aerial Vehicle (UAV) control and navigation
applications, remains a challenging task due to signifi-
cant appearance change, variant illumination, partial/full
target occlusion, blur motion, rapid pose variation, and
onboard mechanical vibration, among others.

The typical visual tracking system/framework consists of
three components (Babenko et al. (2011), Yilmaz et al.
(2006)): (I) the appearance model, which can evaluate the
likelihood that the target is at some particular locations;
(II) the motion model, which relates the locations of the
target over time; (III) the search strategy, which is applied
for finding the most likely location in the current frame.
This paper proposes a new system/framework in order to
provide the stable and accurate visual information to con-

trol and navigate the UAVs in the civil applications, e.g.
autolanding, power tower and offshore floating platform
inspection, volcano monitoring, people and car following
et al, as shown in the Figure 1.

In the literatures, many visual trackers have obtained
the promising tracking performances for specific/arbitrary
objects. Considering on their appearance model repre-
sentation schemes, they can be generally categorized as
either generative or discriminative-based visual trackers.
Generative tracking method (Felzenszwalb et al. (2010),
Ramanan et al. (2007), Ross et al. (2008), Balan and Black
(2006)) typically adopts a static model that is manually
selected or trained only on the first frame to represent
the target, and then obtains the target location based
on the minimal reconstruction error in the current frame
region. Martinez et al. (2013) utilized the direct method
(i.e. directly represent the target using all the pixels in
the selected and fixed image template) to track target.
Mejias et al. (2006) selected the target model on the first
frame using Lucas-Kanade tracker. Mei and Ling (2011)
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Fig. 1. Visual Object Tracking using AMCMR-CT Framework, where, each image represents the different inspection
task: (I) Power Tower; (II) Volcano; (III) Helipad; (IV) Pedestrian; (V) Window; (VI) Car; (VII) Sensor; (VIII)
Mast.

modeled the target as a sparse linear combination of target
and trival templates, i.e. l1- tracker. But these feature
and direct method-based algorithms are unstable to track
the targets with obvious appearance changes and other
challenging factors mentioned above, and they did not
use the valuable background information to improve the
tracking performances (Wang et al. (2011)).

While discriminative algorithms (also called visual tracking-
by-detection methods (Avidan (2004))) employ an adap-
tive binary classifier to separate the target from back-
ground during the frame-to-frame tracking (Zhang et al.
(2013), Collins et al. (2005), Grabner and Bischof (2006),
Kalal et al. (2012)). The important stage for discriminative
visual tracking is classifier update using online selected fea-
tures, many works update their classifiers using only one
positive sample and some surrounding negative samples,
but this method often causes the tracking drift (failure)
problem becasue of noisy and misaligned samples. Re-
cently, both multiple positive samples and negative sam-
ples are used to update classifier, the location of sample
with maximum classifier score (i.e. most correct/important
sample) is the new target location at current frame, this
method can even solve significant appearance changes in
cluttered background. However, these discriminative algo-
rithms did not take into account the information about
the importance of the sample, i.e. classifier score for each
sample, to improve the tracking stability and accuracy.

Although many discriminative approaches often achieve
superior tracking results, and tolerate the motions in
the range of search radius, but in the tracking on-board
UAV for control and navigation, we have observed that
discriminative visual tracking algorithms are sensitive to
strong motions (e.g. onboard mechanical vibration) or
large displacements over time. Therefore, we adopt Multi-
Resolution (MR) strategy to cope with these problems.
Additionlly, this strategy can help to deal with the prob-
lems that are the onboard low computational capacity
and information communication delays between UAV with
Ground Station. Thus, this paper proposes to address the
UAV tracking problem using discriminative visual tracker
named Compressive Tracking (CT), and extending it in
a hierarchy-based framework with different image reso-

lutions and adaptive classifiers applied to estimate the
motion models in these resolutions: the Adaptive Multi-
Classifier Multi-Resolution framework (AMCMR). Using
this strategy, especially in the Adaptive Multi-Classifier
structure, the importance of the sample has been used
to reject samples, i.e. the lower resolution features are
initially applied in rejecting the majority of samples (called
Rejected Samples (RS)) at relatively low cost, leaving a
relatively small number of samples to be processed in
higher resolutions, thereby ensuring the real-time perfor-
mance and higher accuracy.

To the author’s best knowledge, this framework has not
been presented for solving the online learning and tracking
freewill 2D/3D target problems in the UAV. The proposed
AMCMR-CT framework runs at real-time and performs
favorably on challenging public and aerial image sequences
in terms of efficiency, accuracy and robustness. For this
reason, the intention of this paper is also to expand this
discriminative method-based framework in more real-time
UAV control and navigation applications.

The outline of the paper is organized as follows: In Sec-
tion 2, we introduced the Discriminative Visual Track-
ing (DVT) concept and the Compressive Tracking (CT)
algorithm. Section 3 proposed the details of AMCMR-
CT visual tracking framework and its configurations. The
evaluation performance results are presented in Section 4
using public image datasets and aerial image databases.
Then, a UAV application using this proposed framework is
shown, and its performance results are given and discussed
in Section 5. Finally, the concluding remarks and future
work are presented in the Section 6.

2. DISCRIMINATIVE VISUAL TRACKING

2.1 Preliminaries

Discriminative Visual Tracking (DVT) takes the tracking
problem as a binary classification task to separate target
from its surrounding background, as shown in Figure 2.

It trains a classifier in an online method using positive
and negative samples extracted from the current frame.
When the next frame is coming, the samples around the
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Fig. 2. Discriminative visual tracking, where, tracking on-
board UAV for the sensor at real-time, the image with
green rectangle represents the positive sample, while
the one with blue rectangle is the negative sample.

old target location are extracted at this frame, and then
the afore-trained classifier is applied to these samples. The
location of the sample with the maximum classifier score
is the new target location at this frame. A generic process
of the DVT is presented in the Algorithm 1.

Algorithm 1 Discriminative Visual Tracking.

Input: the k-th frame

1. Extract a set of image samples:
Sα={S|‖l(S)− lk−1‖ < α}, where, lk−1 is the target
location at (k-1)th frame, and online select feature
vectors.
2. Use classifier trained in the (k-1)th frame to these
feature vectors and find the target location lk with the
maximum classifier score.
3. Extract two sets of image samples:
Sβ={S|‖l(S)− lk‖ < β} and Sγ,δ={S|γ < ‖l(S)− lk‖ <
δ}, where, β < γ < δ.
4. Online select the feature using these two sets of
samples, and update the classifier.

Output: (1) Target location lk
(2) Classifier trained in the kth frame

In the Algorithm 1, the parameter α is called search radius,
which is used to extract the test samples in the k-th frame,
the parameter β is the radius applied for extracting the
positive samples, while the parameter γ and δ are the inner
and outer radii, which are used to extract the negative
samples.

2.2 Compressive Tracking (CT)

As introduced in above sections, updating classifier de-
pends on online selecting features, Collins et al. (2005)
demonstrated that the most discriminative features can
be learned online. In this paper, we adopt an effective and
efficient DVT-based Compressive Tracking (CT) algorithm
proposed by Zhang et al. (2012), which selects the features

in the compressed domain, as shown in the Figure 3. The
CT runs at real-time frame rates and outperforms the ex-
isting state-of-art visual trackers. In addition, the positive
and negative samples are compressed with the same data-
independent sparse measurement matrix discriminated by
a simple naive Bayes classifier.

The CT mainly contributes three aspects, as shown in
Figure 3: (I)Selecting : select image feature vector from
each positive/negative sample; (II)Compressing : compress
these feature vectors to the low-dimensional feature vec-
tors; (III) Updating : update classifier with these low-
dimensional feature vectors.

1. Selecting As the Part 1 and 2 in the dash line
rectangle, for each sample S ∈ Rw×h, it is processed with
a set of rectangle filters at multiple scales,

{
h1,1, ..., hw,h

}
defines as

hi,j(x, y) =

{
1, 1 6 x 6 i, 1 6 y 6 j
0, otherwise

(1)

where i and j are the width and height of a rectangle
filter, respectively. Then, each filtered image is represented
as a colum vector in Rw×h, and then these vectors are
concatenated as a very high-dimensional multi-scale image
feature vector x = (x1, ..., xm)T ∈ Rm, where m = (w ×
h)2. The dimensionality m is typically in the order of 106

to 1010.

2. Compressing After obtained the high-dimensional
multi-scale image feature vector x ∈ Rm, as shown in Part
3 and 4, the random matrix R ∈ Rn×m is used to compress
it to a lower-dimensional vector v ∈ Rn

x
×R−−→ v, i.e.v = Rx (2)

where n � m. In the Equation 2, a very sparse random
Gaussian matrix R ∈ Rn×m, where rij ∼ N(0, 1), with
entries is defined as

rij =
√
s×


1 with possibility

1

2s

0 with possibility 1− 1

s

−1 with possibility
1

2s

(3)

where, when s = 3, it is very sparse where two thirds of
the computation can be avoided.

From Equation 3, it is only necessary to store the nonzero
entries in R and the positions of rectangle filters in an
input image corresponding to the nonzero entries in each
row of R. Then, v can be efficiently computed by using
R to sparsely measure the rectangle features which can
be efficiently computed using the integral image method,
where, the compressive features compute the relative in-
tensity difference in a way similar to the generalized Haar-
like features. The compressive sensing theories ensure that
the extracted features of CT algorithm preserve almost all
the information of the original image.

3. Updating For each sample S ∈ Rw×h, its low-
dimensional representation is v = {v1, ..., vn} ∈ Rn with
m� n. All elements in v are assumed to be independently
distributed and modeled with a naive Bayes classifier,
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Fig. 3. Compressive Tracking (CT). The adaptive classifier is updated with compressed image feature vectors in the
(k-1)th frame, and then applied to estimate the target location in the kth frame.

H(v) = log

(∏n
i=1 p(vi|y = 1)p(y = 1)∏n
i=1 p(vi|y = 0)p(y = 0)

)
=

n∑
i=1

log

(
p(vi|y = 1)

p(vi|y = 0)

)
(4)

where, uniform prior are assumed: p(y = 1) = p(y = 0),
and y ∈ {0, 1} is a binary variable which represents the
sample label.

The conditional distributions p(vi|y = 1) and p(vi|y =
0) in the classifier H(v) are assumed to be Gaussian
distributed with four parameters (µ1

i , σ
1
i , µ

0
i , σ

0
i ) where

p(vi|y = 1) ∼ N(µ1
i , σ

1
i ), p(vi|y = 0) ∼ N(µ0

i , σ
0
i ) (5)

The scalar parameters in Equation (5) are incrementally
updated

µ1
i ← ηµ1

i + (1− η)µ1

σ1
i ←

√
η(σ1

i )2 + (1− η)(σ1)2 + η(1− η)(µ1
i − µ1)2 (6)

where, 0 < η < 1 is a learning parameter,

σ1 =
√

1
n

∑n−1
k=0|y=1(vi(k)− µ1)2 and

µ1 = 1
n

∑n−1
k=0|y=1 vi(k).

The update schemes for µ0
i and σ0

i have similar formations.

3. HIERARCHY-BASED TRACKING STRATEGY

3.1 Hierarchy-based Tracking

In the UAV tracking applications, as mentioned in the Sec-
tion 1, compressive tracking is also sensitive to the strong
motions or large displacements. Although the search radius
for extracting test samples can be set to be larger, as shown
in Algorithm 1, to get more tolerance for these problems,
however, more test samples will be generated, which influ-
ence the real-time and accuracy performances. Therefore,
Multi-Resolution (MR) approach was proposed to deal
with these problems, as shown in Figure 4. Nevertheless,
there must be a compromise between the number of levels
required to overcome the large inter-frame motion and

the amount of visual information required to update the
adaptive multiple classifiers for estimating the motions.

3.2 Configurations

1. Number of Pyramid Levels (NPL) Considering the
images are downsampled by a ratio factor 2, the Pyramid
Levels of the MR structure are defined as a function below:

NPL = blog2
min{TW ,TH}
minSizes

c (7)

where, b∗c is the largest integer not greater than value ∗,
TW , TH represent the width and height of target T in the
highest resolution image (i.e. the lowest-level of pyramid: 0
level), respectively. And minSizes is the minimum size of
target in the lowest resolution image (i.e. the highest-level
of pyramid: pmax level, pmax = NPL-1), in order to have
enough information to estimate the motion model in that
level. Thus, if the minSizes is set in advanced, the NPL
directly depends on the width/height of tracking target T.

2. Motion Model (l) Propagation Taking into account
that the motion model estimated by CT in each level is
used as the initial estimation of motion for the next higher
resolution image, therefore, the motion model propagation
is defined as follows:

lp−1k = 2lpk (8)

where, p represents the pth level of the pyramid, p =
{pmax, pmax − 1, ..., 0} = {NPL − 1, NPL − 2, ..., 0}, and
k is the kth frame.

3. Number of Rejected Sample (NRS) In the Adaptive
Multi-Classifier structure, since the MR approach provides
the computational advantage to analyze features and up-
date classifiers in low resolution images, the majority of
samples will be rejected based on their classifier scores
(i.e. sample importances) in the lower resolution image,
leaving a fewer number of samples to be processed in the
higher resolution image. Thus, the AMC structure obtains
higher tracking speed, better accuracy than a single full
resolution-based adaptive classifier, the rejected sample
number is defined as:

Np
RS = ξpNp

S (9)
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Fig. 4. AMCMR-CT visual tracking framework. The kth frame is downsampled to create the MR structure. In Adaptive
Multi-Classifier structure, lower resolution features are initially used to reject the majority of samples at relatively
low cost, leaving a relatively small number of samples to be processed in higher resolutions. The Cpk−1 represents
the adaptive classifier updated in the pth level of pyramid of (k-1)-th frame.

where, p represents the pth level in the pyramid, ξp is the
reject ratio (0 < ξp < 1), and Np

S is the number of test
samples. Especially, the sample with maximum score in
the rejected samples is the Critical Sample (CSpk).

4. Search Radius Propagation The euclidean distance
between the location of CSpk and lpk is the Critical Distance
(CDp

k), which will be propagated to next higher resolution
image as the search radius:

αp−1k = 2CDp
k (10)

where, p represents the pth level in the pyramid, and k is
the kth frame.

4. EXPERIMENT EVALUATION

In this section, we compared our AMCMR-CT tracker
with 2 latest state-of-art trackers (TLD(Kalal et al.
(2012)) and CT) on two different types of challenging
image data: (I) Public Image Datasets, which are used
to test and compare visual algorithms in computer vi-
sion community; (II) Aerial Image Databases, which are
captured from our former vision-based UAV inspection
projects. The evaluation measure (Bai and Li (2012)) is
the Center Location Error (CLE), which is defined as the
Euclidean distance from the detected target center to the
(manually labeled) ground truth center at each frame.

4.1 Test 1: Comparision with Public Image Datasets

The most challenging public image datasets have been
applied. The total number of evaluated frames is more
than 104. Here, the tracking performance of Girl image
dataset released by Birchfield 1 is shown below. This
sequence contains one main challenging factor that is full
360-degree out-of-plane rotation.
1 http://www.ces.clemson.edu/∼stb/

During the tracking process, as shown in Figure 5 and 6,
although TLD tracker is able to relocate on the target,
it is easy to lose the target completely for many frames.
For the CT, it can track its target, but the tracking drift
generates easily in some frames when the target is out
of plane, changing scale , jumping suddenly and occluded
by other people. However, the AMCMR-CT outperforms
these two trackers.

Fig. 5. Tracking Girl using TLD (Pink), CT (Blue) and
AMCMR-CT (Red) algorithms.
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Fig. 6. The Performances of Visual Tracking for Girl,
where, the Grey Shadow Area represents the lost
measurements using TLD tracker.

4.2 Test 2: Comparision with Real Flight-based Aerial
Image Databases

The real flight-based aerial images captured by different
UAVs are processed. The evaluated frame number is more
than 8000. Here, one aerial image database for tracking
window recorded by CVG-UPM 2 is tested. This database
includes one obvious challenging factor that is the strong
motion or large displacements over time.

For the tracking performances, as shown in Figure 7 and
8, TLD can finish its tracking task in this sequence, and
sometimes relocate its target when the appearance of
target is similar to the initialized target appearance, but
it often misaligns its target, and the misaligned error is
larger than those generated by the CT and AMCMR-CT.
Although the CT can tolerate the motions to some extent
based on the range of searching radius, its tracking perfor-
mance is not superior to the AMCMR-CT’s performance.

5. VISUAL INSPECTION APPLICATION

The different evaluations described in the Section 4 have
shown that the proposed AMCMR-CT framework is able
to track arbitrary 2D/3D targets under different challeng-
ing conditions and obtains the better performances. In this
section, this new algorithm is used in a real application, i.e.
OMNIWORKS Project 3 , to control and navigate UAV.

5.1 Offshore Floating Platform (OFP) Inspection

Offshore Floating Platform (OFP) and its sensors are the
targets for UAV inspection in this application. It aims
to replace the Engineer to check OFP and its sensors to
reduce the risks, time, equipments, inspection costs and
et al. Figure 9 shows the simulation platforms near the
harbour, where, the Left OFP in image I is the static
platform to simulate the sea without (or with small) wave,
while the right OFP is the moving platform to simulate the
2 http://www.vision4uav.com
3 http://www.echord.info/wikis/website/omniworks

Fig. 7. Tracking Window using TLD (Pink), CT (Blue)
and AMCMR-CT (Red) algorithms.

Fig. 8. The Performances of Visual Tracking for Window.

ocean with different wave levels. Different types of sensors
should be inspected as shown in image II and III. And
the Asctec Pelican 4 is used to track these targets using
AMCMR-CT.

5.2 Tracking Performance Analysis

In this subsection, the TLD and CT trackers are applied
to compare with our AMCMR-CT tracker in two different
inspection tasks for OFP, the tracking targets inlcude: (I)
Anemometer; (II) Moving mast.

1. Anemometer Tracking The anemometer is used to
measure the speed of wind. The main challenging factors
for anemometer tracking in UAV are obvious appearance
change and strong motions.

In the anemometer tracking, the TLD completely lose its
target from the 2nd frame. Although the CT tracks its
4 http://www.asctec.de/
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Fig. 9. One UAV application: Offshore Floating Platform
(OFP) Inspection.

target well at the beginning, the drift problem occurs from
the 51th frame, and then lose its target, as shown in Figure
10. While the AMCMR-CT obtains the best performance.

Fig. 10. Tracking Sensor using TLD (Pink), CT (Blue)
and AMCMR-CT (Red) algorithms.

2. Moving Mast Tracking The mast is applied to fix the
different sensors. This aerial image dataset includes one
main challenging factor that is strong motions or large
displacements.

For the moving mast tracking, from the 4th frame,
the TLD completely lose its target again. The CT and
AMCMR-CT both can finish their mast tracking, however,
the CT still has the drift problem, its tracking accuracy is
worse than the one AMCMR-CT obtained.

Fig. 11. The Performance of Visual Tracking for Sensor,
where, the Grey Shadow Area represents the lost
measurements using TLD tracker.

Fig. 12. Tracking Mast using TLD (Pink), CT (Blue) and
AMCMR-CT (Red) algorithms.

The Center Location Error (CLE)(in pixels) for these four
image datasets in this paper is shown in the below Table:

Sequences-Trackers TLD CT AMCMR-CT

Girl NaN 25 11

Window 21 13 6

Sensor NaN 127 8

Mast NaN 18 5

The related videos and more information of these tests
and UAV application can be found at CVG-UPM and
ColibriProjectUAV 5 websites.

6. CONCLUSIONS AND FUTURE WORKS

Previous works in the UAV visual tracking and control
have often adopted the generative-based method, due to
5 http://www.youtube.com/colibriprojectUAV
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Fig. 13. The Performance of Visual Tracking for Mast,
where, the Grey Shadow Area represents the lost
measurements using TLD tracker.

the tracking targets always change their appearances, and
most of the targets are in 3D shape, these kinds of methods
are not widely applied in many real-time applications.
While multiple positive and negative samples-based Dis-
criminative Visual Tracking (DVT) works better in arbi-
trary 2D/3D target tracking.

The proposed AMCMR-CT algorithm is compared with
existing state-of-art trackers (this paper presented two
trackers: TLD and CT) in different kind of challenging
image sequences (the total number of evaluated frames
is more than 1.8 × 104) and real UAV navigation tasks,
the tracking results show that this new framework is
more robust, efficient and accurate under the challenging
situations.

In the future works, we will provide the detailed analy-
sis for this new framework, and add more comparisons
with other existing state-of-art trackers and IMU/GPS
obtained from these AMCMR-CT based UAV flight tasks.
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