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Robust Visual Detection–Learning–Tracking
Framework for Autonomous Aerial

Refueling of UAVs
Yingjie Yin, Xingang Wang, De Xu, Senior Member, IEEE, Fangfang Liu, Yinglu Wang, and Wenqi Wu

Abstract— In this paper, we propose a robust visual
detection–learning–tracking framework for autonomous aerial
refueling of unmanned aerial vehicles. Two classifiers (D-classifier
and T-classifier) are defined in the proposed framework. The
D-classifier is a robust linear support vector machine (SVM)
classifier trained offline for detecting the drogue object of aerial
refueling and a low-dimensional normalized robust local binary
pattern feature is proposed to describe the drogue object in
the D-classifier. The T-classifier is a state-based structured SVM
classifier trained online for tracking the drogue object. A com-
bination strategy between the D-classifier and the T-classifier
is proposed in the framework. The D-classifier is used to assess
if some positive support vectors in the T-classifier are required to
be replaced by positive examples with density peaks. The exper-
imental results on several challenging video sequences validate
the effectiveness and robustness of our proposed framework.

Index Terms— Aerial refueling, linear support vector
machine (SVM), structured SVM, unmanned aerial
vehicles (UAVs), visual detection, visual tracking.

I. INTRODUCTION

AERIAL refueling is an operation where fuel is
transferred from the tanker aircraft to the receiver aircraft

during flight. Autonomous aerial refueling is very important
in the flight endurance of unmanned aerial vehicles (UAVs).
There are currently two hardware configurations (boom-and-
receptacle refueling system and probe-and-drogue refueling
system) used for aerial refueling. In the boom-and-receptacle
refueling system, the fuel receptacle of receiver aircraft is
connected to the refueling boom maneuvered by a boom
operator in the tanker during aerial refueling. In the probe-and-
drogue refueling system, the probe installed in the receiver
aircraft is docked into the drogue disposed at the end of a
flexible hose trailed behind the tanker during aerial refueling.
Three key technologies such as target detection, tracking, and

Manuscript received March 2, 2015; revised September 10, 2015; accepted
November 1, 2015. Date of publication January 5, 2016; date of cur-
rent version February 5, 2016. This work was supported in part by the
National Natural Science Foundation of China under Grant 61573349, Grant
61227804, and Grant 61421004, in part by The Innovation Fund Project of
the Chinese Academy of Sciences under Grant CXJJ-14-M08, and in part
by the National High Technology Research and Development Program of
China (863 Program) under Grant 2015AA042308. The Associate Editor
coordinating the review process was Dr. Amitava Chatterjee.

The authors are with the Research Center of Precision Sensing and Control,
Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China
(e-mail: sdxude@yahoo.com).

Color versions of one or more of the figures in this paper are available
online at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TIM.2015.2509318

measurement are essential for the autonomous aerial refueling
system to achieve robust and safe approach and coupling.
Machine vision methods used for autonomous aerial refueling
of UAVs are increasingly popular [1]–[6]. Valasek et al. [7]
developed vision-based navigation sensor called VisNav sen-
sor for probe-and-drogue autonomous aerial refueling tasks.
The VisNav sensor works in the endgame docking phase of
automation aerial refueling of aircraft. A set of LED beacons
is mounted on a drogue trailed from a tanker aircraft and
the VisNav sensor is mounted on a receiver aircraft. The
6-DOF position and attitude of the receiver aircraft with
respect to the drogue can be computed by the VisNav sensor.
Mammarella et al. [8] used the extended Kalman filter to
combine the position data from a global positioning system
and a visual system for obtaining a reliable estimation of
the relative position between a tanker aircraft and a UAV in
the boom-and-receptacle refueling system. Martínez et al. [9]
proposed a vision-based strategy for probe-and-drogue
autonomous aerial refueling tasks. The proposed strategy
contains four stages: detection, initialization, tracking, and
3-D position estimation. An edge-image template matching
based on the normalized cross correlation method is used in the
detection stage. The tracking strategy is based on a hierarchical
multiparametric multiresolution inverse compositional image
alignment method [10]. Gao et al. [11] proposed a method
based on low rank and sparse decomposition [12] with multi-
ple features for drogue detection and Yin et al. [13] designed
a visual detection and tracking algorithm based on the shape
feature of the drogue in the probe-and-drogue aerial refueling
system.

The effort described in this paper is to provide a robust
visual detection and tracking framework for the probe-and-
drogue autonomous aerial refueling. There are two classifiers
in the proposed framework. One classifier called D-classifier is
used to verify the presence of a drogue object in the image and
possibly locate it precisely. The support vector machine (SVM)
classifier is widely used for detection and recogni-
tion [14]–[16]. The deformable part model (DPM) [15], [17]
is one of the most popular visual detection methods and has
an advantage in detecting objects against large appearance
variations and noisy backgrounds. In the DPM, a semicon-
vex latent SVM classifier is trained offline to detect visual
object. In our D-classifier, the semiconvex latent SVM in
the DPM is simplified to a linear SVM with slack vari-
ables. Stochastic gradient descent (SGD) methods and data
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mining methods [15] are used to optimize the D-classifier.
Local binary pattern (LBP) is the most popular feature
for texture classification [18]–[20]. Nguyen et al. [21] pro-
posed robust LBP (RLBP) [22] to map a LBP code and
its complement to the minimum of both to solve the prob-
lem of brightness reversal of object and background. In the
D-classifier, a low-dimensional normalized RLBP (LNRLBP)
feature whose dimensions are a quarter of normalized RLBP’s
is proposed to describe the drogue object without losing the
detection accuracy.

The other classifier called T-classifier is used to track the
drogue object detected by the D-classifier. Adaptive tracking-
by-detection methods are widely used to design robust trackers
in computer. The discriminative tracker [23]–[28] is a typical
tracking-by-detection method and it treats object tracking as
a classification problem and aims to find a decision bound-
ary that can best separate the object from the background.
Hare et al. [29] proposed a discriminative tracker based on
structured output SVM to predict the 2-D translation trans-
formation during tracking. Different from Hare’s method, a
state-based structured SVM [30] classifier called T-classifier is
trained online to predict object’s states directly in the proposed
tracker.

Combining detector and tracker is important for a long-term
tracking task. Kalal et al. [31] proposed a tracking–learning–
detection (TLD) framework to decompose the long-term track-
ing task into three subtasks: tracking, learning, and detection.
Each subtask is addressed by a single component and the
components operate simultaneously. The TLD framework is
designed for long-term tracking of unknown object in a video
stream and the initial bounding box of a tracking object should
be given manually in the first frame. The tracking object is
known in the probe-and-drogue autonomous aerial refueling
task, so a DLT framework is proposed to combine a detector
with a tracker. The DLT framework decomposes the detection
and tracking processes of autonomous aerial refueling task into
three subtasks: detection, learning, and tracking. The detector
localizes the drogue object in the first frame or when the
object reappears in the camera’s field of view (FOV) and it is
also used to assess the positive examples or positive support
vectors during learning. The learning trains the T-classifier of
the tracker online to handle the drifting problem. A clustering
method based on density peaks [32] is adopted to mine some
reliable positive examples in the learning. The reliable positive
examples mined by the clustering method are used to replace
some unreliable positive support vectors in the T-classifier. The
tracker follows the object from frame to frame.

The main contributions of this paper are as follows.
1) A robust DLT framework is proposed to detect and track

the drogue object in the probe-and-drogue autonomous
aerial refueling task. A combination strategy between
D-classifier and T-classifier is proposed in the
framework.

2) An LNRLBP feature is proposed to describe the
drogue object. A linear SVM with slack variables is
used as a D-classifier in the detector. SGD methods
and data mining methods are used to optimize the
D-classifier.

Fig. 1. Process of generating a feature pyramid with the parameter λ = 2.
The value 2−k/λ is the ratio between the resolution of the image in current
level and the resolution of the input image. Vi j is an original feature vector

of a cell at location (i, j) and Nα,β
i j with α, β ∈ {−1, 1} are normalization

factors for an original feature vector.

3) A discriminative tracker based on state-based structured
SVM (T-classifier) and clustering-based data-mining
method is proposed to track the drogue object.

This paper is structured as follows. Section II describes the
LNRLBP feature and D-classifier of the detector in the DLT
framework. In Section III, we present the T-classifier of the
tracker in the DLT framework. In Section IV, the combination
strategy between D-classifier and T-classifier is introduced.
The experimental results are shown in Section V. Finally,
Section IV is devoted to conclusions.

II. LNRLBP FEATURE AND D-CLASSIFIER

IN THE DLT FRAMEWORK

In the detector, an input image is transformed into a feature
pyramid. In practice, a standard image pyramid is computed
via repeated smoothing and subsampling and then a feature
pyramid is generated by computing a feature map from each
level of the image pyramid. The image in each level of an
image pyramid is divided into small spatial regions (cell) [33]
and a feature vector is calculated in every cell to form a feature
map. A parameter λ defining the number of levels in an octave
determines the scale sampling in a feature pyramid and it is
the number of levels we need to go down in the pyramid to get
to a feature map computed at twice the resolution of another
one [15]. The process of generating a feature pyramid with
the parameter λ = 2 is shown in Fig. 1. The object’s feature
vector is obtained by concatenating the feature vectors in the
W × H subwindow of the feature pyramid.

A. LNRLBP Feature

The RLBP feature [21], [22] of an M × N cell in the image
space is as follows:

hrlbp( j) =
M−1∑

x=0

N−1∑

y=0

ωx,y[δ(LBPx,y, j)+δ(LBPx,y, 2B −1−j)]

0 ≤ j < 2B−1, δ(m, n) =
{

1, m = n

0, otherwise
(1)

where ωx,y in (1) is the gradient magnitude at location (x, y)
computed as ωx,y = (I 2

x + I 2
y )1/2, where Ix and Iy are the
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Fig. 2. PCA of the normalized RLBP features. Each eigenvector is displayed as a 4 × 30 matrix so that each row corresponds to one normalization factor.
The eigenvalues are displayed on top of the eigenvectors.

first-order derivatives in the x and y directions. LBPx,y in (1)
is the LBP [34] code at location (x, y) shown as follows:

LBPx,y =
B−1∑

b=0

s(pb − pc)2b, s(z) =
{

1, z ≥ 0

0, z < 0
(2)

where pc is the pixel value at (x, y), pb is the neighboring
pixel value estimated using bilinear interpolation around pc,
and B is the total number of neighboring pixels. For B = 8,
the dimension of an RLBP feature of the cell is 30 when
uniform codes [34] are used.

As shown in Fig. 1, four different normalization

factors [15], [33] Nα,β
i j with α, β ∈ {−1, 1} are used for

an original feature vector Vij of a cell at location (i, j )
to eliminate large variation of gradient strengths owing to
local variations in illumination and foreground–background
contrast. Normalization factors Nα,β

i j are defined as follows:
Nα,β

i j = (‖Vij ‖2 + ‖Vi+α, j ‖2 + ‖Vi, j+β‖2 + ‖Vi+α, j+β‖2)
1
2

α, β ∈ {−1,+1}. (3)

The normalized RLBP feature map Fij of a cell at
location (i, j ) is obtained by concatenating four RLBP features

normalized by normalization factors Nα,β
i j with α, β ∈ {−1, 1}

Fij =
(

V T
i j

N−1,−1
i j

V T
i j

N+1,−1
i j

V T
i j

N+1,+1
i j

V T
i j

N−1,+1
i j

)T

. (4)

The dimension of an original RLBP feature Vij is 30,
so the dimension of a normalized RLBP feature map Fij

is 120. The normalized RLBP feature is a high-dimensional
feature vector that leads to high computational complexity
of a detector. Principal component analysis (PCA) is widely
used for dimensional reduction and to reveal hidden simplified
dynamics in high-dimensional data by throwing out the less
important axes.

A large number of 120-D normalized RLBP features were
collected from a large number of images (including object
images and background images), and then, we performed PCA
on these feature vectors. The principal components are shown
in Fig. 2 and a 120-D eigenvector is viewed as a 4×30 matrix.
As shown in Fig. 2, the sum of eigenvalues of the

top 17 eigenvectors is 91.30% of the sum of all the eigenval-
ues. An interesting phenomenon similar to [15] exists in the
top 17 eigenvectors: the eigenvectors are each approximately
constant along each column of their 4×30 matrixes. Therefore,
we can get an LNRLBP feature whose dimension is 30 by
taking the dot product of a 120-D normalized RLBP feature
with each 120-D vector pk where

pk(i) =
⎧
⎨

⎩
1, if

i − k

30
= 0 or 1 or 2 or 3

0, otherwise
1 ≤ k ≤ 30. (5)

The 30-D LNRLBP feature can speed up the learning and
detection for a detector because it has fewer dimensions and
there is no need to perform a relatively costly projection step
used in the dimensional reduction process of PCA.

B. D-Classifier

The D-classifier for the detector in the proposed DLT frame-
work is a linear SVM with slack variables. The discriminant
function of D-classifier is fw,b(x) = w · x + b and the
optimization problem is as follows:

min
w,b,ξ

1

2
‖w‖2 + C

N∑

i=1

ξi

s.t. yi (w · xi + b) ≥ 1 − ξi , i = 1, 2, . . . , N

ξi ≥ 0, i = 1, 2, . . . , N. (6)

Let w̃ = (w, b) and x̃ = (x, 1), then the discriminant
function fw,b(x) is converted into fw̃(x̃) = w̃ · x̃ and the
optimization problem (5) is transformed into

min
w̃,ξ

1

2
‖w̃‖2 + C

N∑

i=1

ξi

s.t. yi (w̃ · x̃i ) ≥ 1 − ξi , i = 1, 2, . . . , N

ξi ≥ 0, i = 1, 2, . . . , N (7)

where w̃ is the parameter vector, {x̃1, . . . , x̃i , . . . , x̃N } are
the feature vectors for training examples, yi ∈ {−1,+1}
is the label for x̃i , ξi is the slack variable, and C is a
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Algorithm 1 SGD for Linear SVM
Input: A training set T , the maximum iterations M and
initial parameter w̃
Output: the parameter w̃
1. Let i := 1.
2. Let αt be the learning rate for iteration t .
3. Let 〈x̃i , yi 〉 be a random example.
4. if yi w̃ · x̃i ≥ 1 then
5. w̃ := w̃ − αt w̃, i := i + 1.
6. else
7. w̃ := w̃ − αt (w̃ − C Nyi x̃i ), i := i + 1.
8. end if
9. if i < M then
10. return to step 2.
11. end if
Return the parameter w̃

penalty coefficient. The optimization problem (6) can be
converted into its equivalent form as follows:

min
w̃

1

2
‖w̃‖2 + C

N∑

i=1

max(0, 1 − yi fw̃(x̃i )). (8)

The optimization problem (8) can be optimized by both the
standard gradient descent algorithm and the SGD algorithm.
An obvious advantage of the SGD is that it is very effective
in the case of large-scale machine learning problem [35].

The objective function of the optimization problem (8) is

L(w̃) = 1

2
‖w̃‖2 + C

N∑

i=1

max(0, 1 − yi fw̃(x̃i)) (9)

and we can compute the gradient of the objective function as
follows:

∇w̃ L(w̃) = w̃ + C
N∑

i=1

l(yi , x̃i )

l(yi , x̃i ) =
{

0, if yi fw̃(x̃i) ≥ 1

−yi x̃i , otherwise.
(10)

The massive summation C
∑N

i=1 l(yi , x̃i ) (N is the number of
training samples) has to be calculated per step of the standard
gradient descent, so the standard gradient descent becomes
time consuming and inefficient. In this paper, the SGD
method [35] is used to optimize the parameter vector w̃. In the
SGD method,

∑N
i=1 l(yi , x̃i ) in (10) is approximated with

Nl(yi , x̃i ) for a single random example 〈x̃i , yi 〉 at every step,
so we do not need to calculate the massive summation. The
SGD for linear SVM is shown in Algorithm 1. In practice, a
training framework based on data mining algorithm (DM) [15]
shown in Algorithm 2 is used to mine the training set T in
Algorithm 1 and generate a final parameter vector w̃.

III. T-CLASSIFIER IN THE DLT FRAMEWORK

Yin et al. [30] proposed an online state-based structured
SVM for visual tracking. In the DLT framework, we propose
a new T-classifier for visual tracking by combining online

Algorithm 2 Training With DM Method
Input: positive examples SP , negative examples SN , maxi-
mum iteration n_max and initial parameter w̃
Output: the parameter w̃
1. for i := 1 to n_max do
2. add examples with yi fw̃(x̃i) < 1 in SN to TN until the
cache of TN reach a memory limit
3. train the parameter w̃ using T = SP ∪ TN with
Algorithm 1
4. remove examples with yi fw̃(x̃i ) > 1 from TN

5. end for
Return the parameter w̃

state-based structured SVM with a clustering method based
on density peaks.

A. State-Based Structured SVM Model

In the online state-based structured SVM model, the object
is described by the state and the object’s state can be defined as
its position, posture, scale, or a more sophisticated model. The
optimization problem of the state-based structured SVM model
is as follows:

max
β

− 1

2

n∑

i=1

n∑

j=1

∑

si∈
{

S̄i∪s
ui
i

}
∑

s j∈
{

S̄ j∪s
u j
j

}

× β
si
i β

s j
j

〈
�

(
x

s j
j

)
,�

(
xsi

i

)〉

−
n∑

i=1

∑

si∈
{

S̄i∪s
ui
i

}
β

si
i 	

(
x

s
ui
i

i , xsi
i

)

s.t. ∀i ∀si ∈ {
S̄i ∪ sui

i

} : β
si
i ≤ δ

(
si , sui

i

)
C

∀i :
∑

si∈
{

S̄i∪s
ui
i

}
β

si
i = 0

∀ j ∀s j ∈ {
S̄ j ∪ s

u j
j

} : β
s j
j ≤ δ

(
s j , s

u j
j

)
C

∀ j :
∑

s j ∈
{

S̄ j∪s
u j
j

}
β

s j
j = 0 (11)

where xsi
i is a feature vector corresponding to the state si in

the i th example set, S̄i ∪sui
i is the i th state set, x

s
ui
i

i is a virtual
feature vector corresponding to the virtual state sui

i that is the

most confident state of the object in S̄i ∪ sui
i , 	(x

s
ui
i

i , xsi
i ) is

the loss function between x
s

ui
i

i and xsi
i , and �(xsi

i ) is a kernel
map that maps xsi

i into another suitable feature space, and
δ(si , sui

i ) = 1 if si = sui
i and 0 otherwise.

The discriminant function is

F(xs) =
n∑

i=1

∑

si∈
{

S̄i∪s
ui
i

}
β

si
i

〈
�

(
xsi

i

)
,�(xs)

〉
(12)

where xsi
i for which β

si
i �= 0 is a support vector and the set

Xsp
i = {xsi

i }, where si ∈ {S̄i ∪sui
i }, which includes at least one

support vector, is called a support pattern set. The sequential
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minimal optimization (SMO) algorithm [36] is used as an
elementary step for monotonically improving (9) with respect
to a pair of model parameters β

si+
i and β

si−
i . The parameters

β
si+
i and β

si−
i for which {s+

i , s−
i } ⊂ {S̄i ∪sui

i } are modified by
opposite amounts are given by β

si+
i = β

si+
i + λ and β

si−
i =

β
si−
i − λ because there is the constraint

∑
si∈{S̄i∪s

ui
i } β

si
i = 0

in (9). Note that for a given support pattern set Xsp
i , only the

support vector x
s

ui
i

i will have β
s

ui
i

i > 0, while any other support
vectors xsi

i , si �= sui
i will have β

si
i < 0. These are referred

to as positive and negative support vectors, respectively.
Three selection strategies (PROCESSNEW, PROCESSOLD,
and OPTIMIZE) [29], [36], [37] for β

si+
i and β

si−
i are used

for SMO. PROCESSNEW selects β
s

ui
i

i as β
si+
i and β

si−
i is the

one with the lowest gradient of the objective function in (9).
PROCESSOLD selects β

si
i < δ(si , sui

i )C with the largest
gradient as β

si+
i and the one with the lowest gradient as β

si−
i in

a random support pattern set. OPTIMIZE chooses β
si+
i as for

PROCESSOLD and selects β
si
i �= 0 with the lowest gradient

as β
si−
i in a random support pattern set. In practice, these

selection strategies are scheduled as follows [37]: given a new

training example (x
s

ui
i

i , sui
i ), we call a single PROCESSOLD

step followed by ten REPROCESS steps. A REPROCESS step
is defined as a single PROCESSOLD step followed by ten
OPTIMIZE steps.

B. T-Classifier

During tracking, we can get a real feature vector xr
i corre-

sponding to the object’s real state sr
i in every frame. In the

T-classifier, we use a simple incremental learning to update
the mean of object’s real feature vectors. The updated mean
of object’s real feature is referred to as a virtual feature

vector x
s

ui
i

i corresponding to the virtual state sui
i . The updated

mean is obtained as follows:

x
s

ui
i

i = fgn1x
s

ui−1
i−1

i−1

fgn1 + n2
+

∑n2
j=1

B xr
j

fgn1 + n2
(13)

where fg is a forgetting factor, x
s

ui−1
i−1

i−1 is the mean in frame
i , B = {B xr

1, . . . ,
B xr

nb
} is the cumulative real feature vectors

from the time of last update to now, n2 is the threshold of
cumulative real feature vectors’ number, and n1 is the effective
size of the observation history. After updating the mean, the
new effective size of the observation history is computed as
n1 = fgn1 + n2.

Partial occlusions and changing illumination may result
in the drift problem during tracking. We can find essential
reasons for the drift problem by analyzing the optimization
strategies for the optimization problem (11). In the strategy

PROCESSNEW, the parameter β
s

ui
i

i is selected as β
si+
i and

this means that the object’s feature vector in a new frame
is selected as a positive support vector for the state-based
structured SVM. When the object is partially occluded in a
new frame, the obtained positive support vector may not be
accurate for the state-based structured SVM, so we should

Fig. 3. Two points in C corresponding to the top two data in dϒ are
selected to replace two bad positive support vectors in the T-classifier. The
images surrounded by green boxes stand for positive support vectors and the
images surrounded by red boxes stand for negative support vectors.

use another more confident feature vector to replace the bad
positive support vector.

In the T-classifier, a clustering method based on density
peaks [32] is used to mine confident feature vectors from the
observation history to replace bad positive support vectors.
Let C = {cxr

1, . . . ,
cxr

nc
} to be object’s real feature vectors in

the observation history. For each data point cxr
i in the set C ,

its local density ρi and its distance δi from points of higher
density are computed as follows:

ρi =
nc∑

j=1

χ(di j − dc) (14)

and

δi =

⎧
⎪⎨

⎪⎩

min
j :ρ j >ρi

(di j ), if min
j :ρ j >ρi

(di j ) �= null

max
j

(di j ), otherwise
1 ≤ j ≤ nc (15)

where di j is the distance between the
point cxr

i and the point cxr
j , χ(x) = 1 if x < 0 and

χ(x) = 0 otherwise, and dc is a cutoff distance. δi is equal
to the minimum distance between the point cxr

i and any
other point with higher density when the point cxr

i do not
have the highest density and δi is equal to the maximum
distance between the point cxr

i and any other point when
the point cxr

i owns the highest density. Then γi = ρiδi for
each point cxr

i in the set C is calculated to obtain the set
ϒ = {γ1, . . . , γnc } and the data in ϒ are sorted in decreasing
order to form the set dϒ = {dγ1, . . . ,

dγnc }. We select
nr points in C corresponding to the top nr data in dϒ to
replace nr bad positive support vectors in the T-classifier, and
the replacement process is shown in Fig. 3. The clustering
method based on density peaks can mine confident feature
vectors faster because it just needs 0.5nc(nc − 1) operations
for calculating di j , 0.5nc(nc − 1) comparison operations
for ρi , and 0.5nc(nc − 1) comparison operations for δi and n
multiplication operations for γi .

IV. THE DLT FRAMEWORK

In the DLT framework shown in Fig. 4(a)–(h), the
tracker includes steps. In frame i , the sampling state set
S̄i = {s1

i , . . . , s j
i , . . . , sm

i } shown in Fig. 4(a) is generated by
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Fig. 4. Proposed DLT framework. 1–3 are the three joint points between the detector and the tracker. (a) State transition. (b) Feature vectors in frame i
and virtual feature vector in frame i − 1. (c) Finding the real state of the object in frame i . (d) Object’s real feature vectors for incremental learning.
(e) Virtual feature vector in frame i . (f) Object’s real feature vectors for clustering. (g) Set dϒ for obtaining cluster centers. (h) Optimization parameters in
the T-classifier.

the Gaussian distribution around its counterpart in sr
i−1

p
(
si |sr

i−1

) = N
(
si ; sr

i−1,�ST
)

(16)

where the state s is denoted as six parameters (xT , yT , θ, sc, r ,
and ϕ) of affine transformation and xT and yT are the
2-D translation parameters, θ is the rotation angle, sc denotes
scale, r denotes the aspect ratio, and ϕ denotes skew direction.
�ST is a diagonal covariance matrix whose diagonal elements
are the corresponding variances of affine parameters and sr

i−1
is the object’s real state in frame i -1. Then the feature vectors
corresponding to sampling states are extracted as shown in
Fig. 4(b). The discriminant process shown in Fig. 4(c) is
to find the most confident state sr

i of the object from the

sampling state set S̄i . The feature vector x
sr

i
i corresponding

to the real state sr
i accumulates in B shown in Fig. 4(d).

A threshold n2 decides whether to update the virtual feature
vector by incremental learning or not. We also accumulate the

feature vector x
sr

i
i in another set C shown in Fig. 4(f) and

the clustering method based on density peaks is used to mine
confident feature vectors of the object in set C .

There are three joint points (1–3 in Fig. 4) between the
detector (D-classifier) and tracker (T-classifier) in the DLT
framework. In joint point 1, the D-classifier is used to detect

the object in the first frame or when the tracker fails to track
the object. A threshold T1 is defined in joint point 1 and we
think the object is detected if the value of the discriminant
function fw,b (x) = w · x + b is greater than or equal to T1.
In joint point 2, the D-classifier is used to determine whether
the tracker tracks the object accurately or not. A threshold T2
is defined in joint point 2 and we think the tracker fails to track
the object if the value of the discriminant function fw,b (x)
is less than T2. The threshold T1 is greater than T2 because
the T-classifier detects the object in a smaller area and it has
a greater probability to detect the object accurately. In joint
point 3, the detector is used to evaluate the positive support
vectors in the current T-classifier and find the bad positive
support vectors.

V. EXPERIMENTS

A. Experiments for Detection

A data set including 20 042 images is used to train and
evaluate our proposed detector. In the data set, there are
5081 images called positive images of which each includes
one drogue object and 14 961 images called negative images,
which do not include drogue objects. All the positive images in
the data set are collected in the ground simulation environment
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Fig. 5. Precision/recall curves for DRLBP, LNDRLBP, RLBP, and LNRLBP.
In parentheses, we show the AP score for each feature.

and the drogue is made according to the real 3-D model of
drogue. The ground-truth bounding boxes for positive images
are obtained by manual. The negative images are obtained
from the PASCAL data set [38], which does not include drogue
objects. There are pose variety (in the plane or out of plane),
illumination changes, scale changes, occlusion, and cluttered
background in the positive images. The negative images are
used to generate negative samples for training or testing.

At test time, the goal is to predict the bounding box of
the drogue in an image (if any). In practice, the detector will
output a set of bounding boxes with corresponding scores that
can be separated at different points to obtain a precision–
recall curve across all test images. Precision is the fraction
of the reported bounding boxes that are correct detections
for a particular threshold, while recall is the fraction of the
objects found. During testing, a predicted bounding box is
considered correct if it overlaps more than 50% with a ground-
truth bounding box; otherwise, the bounding box is considered
a false positive detection. Only one prediction is considered
correct if several bounding boxes that overlap with a single
ground-truth bounding box are predicted by the detector.

We use 2525 positive images and 10 000 negative images
as the training set and the other 2556 positive images and
4961 negative images as the testing set. The parameter λ (the
number of levels in an octave in Section II) is 10 in training
and 5 at the test time. The cell size is 8×8 and the object size
W × H in the feature pyramid is 9 × 9 in the Section II. The
precision/recall curve for our detector using LNRLBP feature
is shown in Fig. 5 and the average precision (AP) is 0.9814.
We also use normalized RLBP [21] feature, normalized dis-
criminative RLBP (DRLBP) feature [22], and low-dimensional
normalized DRLBP (LNDRLBP) feature to train the detector,
and the precision/recall curves are shown in Fig. 5. The
LNDRLBP uses the same dimension reduction strategy in
LNRLBP. The AP of LNRLBP is slightly higher than the AP
of RLBP possibly because the process of dimension reduction
reduces the interference from the noise and improves the

TABLE I

DIMENSIONS FOR DIFFERENT FEATURES

TABLE II

RUN TIMES (MEASURED IN SECONDS) OF DIFFERENT
FEATURES FOR A 512 × 384 IMAGE

accuracy of the prediction. Though the dimensions of the
normalized DRLBP and LNDRLBP are much higher than
the dimensions of LNRLBP, the AP of LNRLBP is slightly
higher.

The dimensions of DRLBP, LNDRLBP, RLBP, and
LNRLBP are shown in Table I. The proposed method is
implemented using C++, on a PC with an Intel Core i7-4790
CPU and a 3.6-GHz clock. The run time of different features
for a 512×384 image with the parameter λ = 5 in the feature
pyramid is shown in Table II. The run time of LNRLBP is the
fastest because the dimension of LNRLBP is the lowest.

B. Experiments for DLT

We evaluate our algorithm on four challenging video
sequences G1, G2, A1, and A2. The challenges of the four
video sequences are listed in Table III, including pose variation
(in the plane or out of plane), occlusions, scale changes,
cluttered background, and the process of the drogue leaving
or coming into the camera’s FOV. The sequences G1 and G2
are collected in the ground simulation environment and the
sequences G1 and G2 are not included in the data set in
Section V-A. The sequences A1 and A2 are the real aerial
refueling videos.

In all the four sequences, we use the same parameters for
the proposed DLT method. As in Section IV, the state in the
tracker is denoted by six parameters (xT , yT , θ , sc, r , and ϕ) of
affine transformation. Raw pixel features obtained by resizing
an image patch to 16 × 16 pixels and taking the grayscale
values (in range [0, 1]) are used in the tracker in experiments,
so the feature vector is 256-D. The forgetting factor fg is set
to 0.25 in Section III-B. The threshold T1 is 0 and T2 is −0.5
in Section IV. The proposed method is implemented by C++
on a PC with an Intel Core i7-4790 CPU and a 3.6-GHz clock.

Five state-of-art trackers are tested on same video sequences
for comparison. They are online AdaBoost (OAB) [39],
multiple instance tracker (MIL) [23], structured output
tracking (Struct) [29], the incremental visual tracker (IVT)
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TABLE III

CHALLENGES OF THE TEST SEQUENCES

TABLE IV

PERFORMANCE EVALUATION MEASURED BY PRECISION/RECALL/F-MEASURE/AVERAGE OVERLAP SCORE

[40], and TLD [31]. The codes of all those trackers are publicly
available and we keep the parameter setting provided by the
authors for all the test sequences. The trackers OAB [39], MIL
[23], Struct [29], and IVT [40] are general-purpose object
tracking algorithms and there are not detectors in them to
decide whether the object is in the camera’s FOV or not during
tracking. To be fair, the tracking part (DLT_T) of our proposed
DLT method is compared with these competitive object track-
ing methods. DLT is also compared with the DLT framework
without clustering method (DLT_NC) to confirm that the clus-
tering method based on density peaks can improve the robust-
ness of the state-based structured SVM tracker (T-classifier)
in DLT.

In experiments, the object is initialized according to the
ground truth in the first frame for OAB, MIL, Struct, IVT,
DLT_T, and TLD and the object is detected automatically in
the first frame in our proposed DLT method.

The performance is evaluated using precision P , recall R,
F-measure F , and average overlap score. P is the number of
true positives divided by the number of all responses and R is
the number of true positives divided by the number of object
occurrences that should have been detected. F combines these
two measures as F = 2P R/(P + R). A location output by

the detector is considered to be correct if its overlap with the
ground-truth bounding box is larger than 50%. The overlap
score [41] is defined as S = (|rt ∩ ra |/|rt ∪ ra |), where rt is
the tracked bounding box, ra is the ground-truth bounding
box, ∩ and ∪ represent the intersection and union of two
regions, respectively, and | · | denotes the number of pixels
in the region. The quantitative results are shown in Fig. 6 and
Table IV. The overlap scores for all test sequences are shown
in Fig. 6. In Table IV, each row represents four performance
indicators’ values of the eight comparison algorithms tested
on a certain video sequence and the number shown in bold
indicates the best performance in a certain testing video.
As shown in Table IV, our method achieves the best results
in all the sequences. More details of experiments will be
discussed in the following.

1) G1 and G2 Videos: The video sequences G1 and G2
(the resolution is 512 × 384 pixels) include cluttered back-
grounds, severe occlusion, large-scale variety, and pose variety.
The average number of frames per second is 15 for an
unoptimized C++ implementation of our DLT method
in sequences G1 and G2. The process of the drogue leav-
ing or coming into the camera’s FOV occurs 28 times in
the sequences G1 and eight times in the sequences G2.
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Fig. 6. Overlap score plots for sequences G1, G2, A1, and A2 (the red curve denotes the proposed method).

The illumination between G1 and G2 is different, and the light
is gentle in G1 and strong in G2.

In Section III-B, we simply analyze the reason why a
clustering method based on density peaks is used in DLT to
mine confident feature vectors from the observation history to
replace the bad positive support vectors. DLT is compared with
DLT_NC to confirm that the clustering method based on den-
sity peaks can improve the robustness of T-classifier in DLT.
As shown in Table IV, the performance of DLT is better than
that of DLT_NC. The video sequences G1 and G2 include
cluttered backgrounds, severe occlusion, large-scale variety,
and pose variety, which result in the drift problem during
tracking. As introduced in Section IV, the D-classifier is used
to detect the object in the first frame or when the tracker fails
to track the object in joint point 1 (shown in Fig. 4) between
the detector (D-classifier) and tracker (T-classifier) in DLT.
In short, we detect the object in the whole image when the
tracker does not work well because of the drift. The number of
global detection of D-classifier in video sequences G1 and G2
is counted. The number of global detection of D-classifier
(joint point 1 in Fig. 4) in sequence G1 is 454 for DLT and
475 for DLT_NC. The number of global detection of
D-classifier in sequence G2 is 278 for DLT and 342 for
DLT_NC. The number of global detection of D-classifier
in DLT is lower than that in DLT_NC, so a clustering

method based on density peaks can improve the robustness of
T-classifier in DLT.

Our tracker can handle multiscale case (see the red boxes
in frames #2343 in G1 and #2159 in G2 in Fig. 7) in
comparison with Struct, MIL, and OAB. Though IVT and
TLD can also handle multiscale case, it cannot track object
in the case of challenging pose variety and severe occlusion
(see frames #3154 in G1 and #2159 in G2 in Fig. 7). The
trackers Struct, MIL, OAB, and IVT fail to work in the
process of the drogue leaving or coming into the camera’s
FOV because there are not effective mechanisms for them
to make sure whether the object is in the camera’s FOV or
not. This is also the reason why the values of performance
evaluation in Table IV for Struct, MIL, OAB, and IVT are low.
To be fair, the tracking part (DLT_T) of our proposed DLT
method is compared with those of Struct, MIL, OAB, and IVT.
Though the DLT’s detection part that is trained offline is not
used in DLT_T, the performance of DLT_T is better than those
of Struct, MIL, OAB, and IVT. The performance of TLD is
better than that of DLT_T because there is a detector that is
trained online in TLD. TLD uses a detector trained online to
make sure whether the tracker tracks the object successfully or
not; however, the detector in TLD cannot be effectively trained
online sometimes because some wrong positive examples may
be used to train the detector during the process of the drogue
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Fig. 7. Screenshots of tracking results on sequences G1, G2, A1, and A2 (the red box denotes the proposed method).

leaving or coming into the camera’s FOV. In our proposed
DLT method, the robust detector is trained offline and it is not
only used to determine whether the tracker track the object
accurately or not but also used to modify the tracker online,
so DLT is not much affected by the process of the drogue
leaving or coming into the camera’s FOV. The overlap scores
of some frames in G1 and G2 are 0 (red bars in Fig. 6) just
because only a small part of the drogue is in the camera’s
FOV (see frame #1371 in G1) and the DLT thinks that there
is not an object in the image. As shown in Table IV, the
performance of our DLT method is superior to those of other
trackers.

2) A1 and A2 Videos: The sequences A1 and A2
(the resolution is 720×450 pixels) are the real aerial refueling
videos. The average number of frames per second is 13.6 for
an unoptimized C++ implementation of our DLT method in
sequences A1 and A2. The positive examples in the training
set in Section V-A include only the drogue images collected
in the ground simulation environment and the appearance of
the drogue in A1 and A2 is somewhat different from the
appearance of the drogue in the training set in Section V-A,
but DLT can also work effectively in A1 and A2.

The challenges in A1 are pose variations, partial, and also
full occlusion for longer periods of times (see frames #0, #11,
and #47 in A1 in Fig. 7) in the first several frames. The trackers
Struct, MIL, OAB, IVT, and TLD fail to work after frame #11
in A1 because there are not enough effective positive examples
used to update the discriminative models in Struct, MIL,
OAB, and TLD, and the generative model in IVT. As shown
in Fig. 6 and Table IV, DLT is not much affected by these
challenges and it can track the object effectively in A1. There
is not much challenge in A2 and most of trackers can track
the object effectively, but DLT has the higher accuracy.

VI. CONCLUSION

In this paper, a robust visual detection–learning–tracking
framework called DLT is proposed for autonomous aerial
refueling of UAVs. The D-classifier and T-classifier are defined
in the proposed framework. The D-classifier is a robust linear
SVM classifier using the proposed LNRLBP feature trained
offline for detecting the drogue object of aerial refueling.
The T-classifier is a state-based structured SVM classifier
combined with clustering-based data mining method trained
online for tracking the drogue object. An effective combina-
tion strategy between the D-classifier and the T-classifier is
proposed in the framework. The experimental results compared
with some state-of-the-art methods validate the effectiveness
and robustness of our proposed framework.

The frame rate of the proposed framework is not fast
enough for control loops in real-time systems for navigating
autonomous vehicles now because the algorithm is essentially
serialized in the PC. In the future, hardware acceleration tech-
niques such as acceleration on field-programmable gate arrays
(FPGAs), GPUs, multicore processors, or dedicated hardware
will be used to accelerate the algorithm with parallelization
strategies. The proposed framework can be implemented with
parallelization strategies such as computing a feature pyramid
in parallel, detecting the target in different levels of the
feature pyramid in parallel during detection, extracting features
of different states in parallel, and computing the scores of
different states in parallel during tracking. We believe that the
frame rate of the proposed framework can be improved to meet
the real-time requirement. Future directions of this paper will
also try to measure the position and posture of the drogue
by monocular vision and construct the detection-learning-
tracking-measurement (DLTM) framework for autonomous
aerial refueling of UAVs.
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