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Abstract: The accurate detection of cooperative targets plays a
key and foundational role in unmanned aerial vehicle (UAV) land-
ing autonomously. The standard method based on fixed thresh-
old is too susceptible to both illumination variations and interfe-
rence. To overcome issues above, a robust detection algorithm
with triple constraints for cooperative targets based on spectral
residual (TCSR) is proposed. Firstly, by designing an asymmet-
ric cooperative target, which comprises red background, green H
and triangle target, the captured original image is converted into
a Lab color space, whose saliency map is yielded by constructing
the spectral residual. Then, the triple constraints are developed
according to the prior knowledge of the cooperative target. Finally,
the salient region in saliency map is considered as the cooperative
target, and it meets the triple constraints. Experimental results in
complex environments show that the proposed TCSR outperforms
the standard methods in higher detection accuracy and lower false
alarm rate.
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1. Introduction

Computer vision, as a cheap, passive and information-rich
source, has been used for different purposes such as col-
lision avoidance [1], aerial refueling [2], spacecraft ren-
dezvous and docking [3] and autonomous landing [4]. In
this paper, we focus on how to guide unmanned aerial
vehicle (UAV) landing on aircraft carrier autonomously
by using vision. This approach firstly uses camera to ac-
quire environment images. Then, we calculate the relative
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position and attitude between the cooperative target and
UAV by applying image analysis techniques and transfor-
mation between different coordinate systems. Finally, it
conducts UAV and flight guidance during the landing pro-
cess by using the calculated flight parameters [5].

It is a critical step to detect cooperative target accurately
and robustly when UAV lands on the cooperative target by
using vision. Researchers usually tend to design the coop-
erative target whose color is different from the background.
Then they can use the color information of the cooperative
target to segment it from the background easily.

The conventional detection method of the cooperative
target is the fixed threshold method [6 – 9]. According to
the prior color information, a fixed color threshold is cho-
sen to segment the image. Those image areas which meet
the threshold condition are considered to be the candi-
date cooperative targets, vice versa. Then other prior in-
formation of the cooperative target, such as the shape
and size information, is used to determine which candi-
date cooperative target is our desired one. However, the
method of setting a fixed color threshold is susceptible
to illumination variations and interference. It is not ro-
bust and easily makes mistakes in the following image
processing. To address this problem, Bi et al. [10] de-
signed an RGB three-channel filter and Hao et al. [11]
proposed an adaptive threshold method. The experimen-
tal results showed that their methods were superior than
the fixed threshold method. However the accuracy of their
methods is still dependent on the color threshold selec-
tion, and they are not tested in complex environments,
such as under the environment of illumination variations.
Thus the robustness of their methods has not yet been ve-
rified.

In the principle of cooperative target design, it is re-
quired that the designed cooperative targets have unam-
biguous and easy detection characteristics. In other words,
the cooperative target should have higher saliency than
the background. In computer vision analysis, the saliency



Shuai Hao et al.: Robust detection algorithm with triple constraints for cooperative target based on spectral residual 655

is also called as visual attention mechanism. Then if the
saliency of the cooperative target is higher than the sur-
rounding environment, we can detect the cooperative tar-
get accurately even if there are illumination variations and
the interference in the captured image.

Visual saliency has recently drawn great interests be-
cause of its usefulness in many applications, such as target
detection [12,13], image segmentation [14], target recogni-
tion [15] and target tracking [16,17]. Viewed from the in-
formation processing perspective, saliency detection meth-
ods can be generally divided into two categories [18 –
21]: top-down (target-oriented) methods and bottom-up
(data-driven) methods. Top-down models are slow, atten-
tive, task-dependent and based on prior knowledge. These
methods are considered to be a supervised process which
utilizes the prior information from the training data, i.e.,
Yang et al. [22] proposed a saliency model that jointly
learned a conditional random field and a discriminative
dictionary. However, Cui [23] pointed out that the detec-
tion accuracy of the algorithms was mainly decided by
the completeness of the selected training samples and they
were usually time-consuming. However, the samples are
usually not sufficient for training in practical applications.
Therefore, considering the complexity of the landing envi-
ronment and the requirement of real-time, top-down mo-
dels would not work well. In contrast, bottom-up mo-
dels are rapid, scene-dependent and based on mathematical
methods, which are based on kinds of low-level visual fea-
ture and are usually thought to be an unsupervised process.
The representative models are Itti [24], graph-based visual
saliency (GBVS) [25] and spectral residual (SR) [26], etc.
Although the bottom-up models are effective for highlight-
ing the informative regions of images, they may miss the
targets which we are interested in due to lack of the top-
down prior knowledge.

In general, it is an effective way to identify the coope-
rative target based on visual attention mechanism. How-
ever, the existed models cannot simultaneously meet
the detection accuracy, robustness and real-time. In or-
der to solve this problem, a robust detection algorithm
with triple constraints for the cooperative target based
on spectral residual (TCSR) is proposed, which is ro-
bust or insensitive to illumination variations and inter-
ference. First, the original image is transformed into
a Lab color space. Subsequently, the saliency map of
a channel in the Lab color space is obtained by us-
ing the spectral residual algorithm. Then, triple con-
straints are developed according to the prior knowledge
of the cooperative target. Finally, the salient region in the
saliency map which meets the constraints is the coope-
rative target. Experiment results in complex environments
show that the proposed method has higher detection accu-

racy and lower false alarm rate compared with other three
state-of-the-art methods. In this paper, there are two con-
tributions. First, prior knowledge of the cooperative tar-
get is integrated into the bottom-up model in the proposed
model. It not only has the high detection accuracy and ro-
bustness, but also meets the real-time requirement. Second,
we provide a fresh thought of detecting the interesting tar-
get in complex environments.

The reminder of this paper is structured as follows. Sec-
tion 2 describes the proposed method with more details.
Experimental results and the performance analysis are re-
ported in Section 3. Finally, Section 4 concludes the paper
and presents future work.

2. Proposed method

The schematic diagram of the proposed method is shown
in Fig. 1.

Fig. 1 Schematic diagram of the proposed method

2.1 Cooperative target model

A color cooperative target is designed in this paper, which
comprises the red background, a green H and a triangle
target, as shown in Fig. 2.

Fig. 2 Cooperative target

2.2 Saliency map generation in a channel

In the Lab color space, a channel represents a color change
from magenta to green. In order to enhance the saliency of
the cooperative target, the original image is firstly trans-
formed into the Lab color space. Its conversion formula
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[27] is as follows:⎧⎨
⎩

X = 0.49R + 0.31G + 0.2B

Y = 0.177R + 0.812G + 0.011B

Z = 0.01G + 0.99B

(1)

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

L = 116f(Y ) − 16

a = 500
[
f

(
X

0.982

)
− f(Y )

]

b = 200
[
f(Y ) − f

(
Z

1.183

)] (2)

f(ε) =
{

7.787ε + 0.138, ε � 0.008 856
ε1/3, ε > 0.008 856

(3)

where ε is the independent variable, R, G and B denote
the gray value in red, green and blue respectively, X , Y

and Z are intermediate variables, L, a and b respectively
denote the corresponding gray value of the three channels
in the Lab color space. The saliency map of the channel
calculated steps as follows:

Step 1 The input image I(x, y) is converted to Lab
color according to (1), (2) and (3), and a channel image in
the Lab space is recorded as Ia(x, y).

Step 2 Ia(x, y) is transformed into frequency domain
F (u, v) through a two-dimensional discrete Fourier trans-
form. Then the amplitude spectrum A(f) and phase spec-
trum p(f) can be obtained, and the calculating formulas
are

A(f) = |F [Ia(u, v)]| (4)

P (f) = ϕ(F [Ia(u, v)]) (5)

where F [•] denotes the two-dimensional discrete Fourier
transform, | • | denotes amplitude, ϕ(•) denotes phase.
Then we take the logarithm of A(f) and L(f) can be ob-
tained as follows:

L(f) = ln(A(f)). (6)

Step 3 The spectrum residual R(f) is defined as

R(f) = L(f) − hn(f) ∗ L(f) (7)

where hn(f) is an n × n matrix defined by

hn(f) =
1
n2

⎛
⎜⎜⎜⎝

1 1 · · · 1
1 1 · · · 1
...

...
. . .

...
1 1 · · · 1

⎞
⎟⎟⎟⎠ . (8)

Step 4 The saliency map of a channel is given as

S(x, y) = g(x) ∗ F−1[exp(R(f) + P (f))]2 (9)

where g(x) is a Gaussian filter and σ = 5, F−1 denotes the
inverse Fourier transform.

2.3 Triple constraints strategy

After obtaining S(x, y), it can be inferred that the higher
the value is, the more possible the cooperative target is.
Thus we consider those areas in S(x, y) with high saliency
value as candidate cooperative targets. Due to the in-
fluence of illumination variations and interference, some
background image areas show high saliency and they are
needed to be further identified. Therefore, according to
the prior knowledge of the cooperative target, a triple con-
straints strategy is developed.

2.3.1 Size constraint

The airborne camera is adjusted to down view when cap-
turing images. The height of the UAV from the ground
could be gotten by an airborne altimeter, such as radio al-
timeter, which is considered to be the distance between air-
borne camera and the plane of the cooperative target. On
the premise that we have known the size of the coopera-
tive target and the distance between the airborne camera
and the plane of the cooperative target, the occupied area
of the cooperative target in the image, which is denoted
as A, can be calculated based on the principle of pinhole
imaging. Assume the camera resolution is m × n, focus
is f , horizontal field of view is α, vertical field of view is
β, length and width of cooperative target are l and w re-
spectively, and the distance between airborne camera and
plane of cooperative target is d. Based on the principle of
pinhole imaging, pixel numbers of the cooperative target
along the horizontal (denoted as u) and vertical (denoted
as v) coordinates in the image coordinate are defined as

u =
wm

2d tan
(α

2

) (10)

v =
ln

2d tan
(

β

2

) (11)

and the circumradius of the cooperative target occupied
pixel number (denotes as r) are defined as

r =
√

u2 + v2/2. (12)

2.3.2 Saliency constraint

It can be assumed that the cooperative target image region
has the higher saliency than other image regions. However,
due to the complexity of the landing environment, there
may be other regions which show strong saliency in the
saliency map. In this paper, the first three maximum ar-
eas in S(x, y) are considered to be the candidate coopera-
tive targets. And the coordinate positions of three candidate
cooperative targets are denoted as Mi(x, y) (i = 1, 2, 3).
Then we truncate three circular regions in S(x, y), where
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Mi(x, y) is the center, r is the radius and the saliency map
of the three circular regions is denoted as S i(x, y) (i =
1, 2, 3). We calculate the mean values of the three circu-
lar regions, arranged in descending order and recorded as
Ni (i = 1, 2, 3).

2.3.3 Shape constraint

As seen from Fig. 1, the cooperative target shows the ob-
vious shape characteristics. Considering that Hu moments
have good real-time property and are suitable to describe
the target’s shape characteristics, we use them to deter-
mine which candidate cooperative target in N i is our de-
sired one. In order to improve the real-time of the proposed
algorithm, we just calculate the first three Hu moments.
Considering that Hu moments may be negative and have
different orders of magnitude in the moments, we take the
absolute value of Hu moments and take the logarithm of
them.

Euclidean distance of Hu moments between the candi-
date cooperative target and the real one is defined as

d = sqrt((φ1 − ϕ1)2 + (φ2 − ϕ2)2 + (φ3 − ϕ3)2) (13)

where φ1, φ2 and φ3 denote the first three Hu moments
of the candidate cooperative target, ϕ1, ϕ2 and ϕ3 denote
the first three Hu moments of the real cooperative target.

When the calculated d of candidate cooperative target sa-
tisfies the threshold condition, we can assume that it is our
desired cooperative target.

In addition, in order to ensure the integrity of the coo-
perative target structure when detecting, radius of the can-
didate cooperative target is selected a little bigger than the
calculated value.

3. Experiments and analysis

To demonstrate the effectiveness and robustness of the pro-
posed method, the proposed method is tested in the three
types of complex environments, and the proposed method
is compared with three existing representative models, in-
cluding the Itti, GBVS and SR.

3.1 Weak illumination

The size of the cooperative target used in the experiment is
2 m×2 m. When the camera is 35 m away from the cooper-
ative target, we acquire the original image under the weak
illumination condition, as is shown in Fig. 3(a). Saliency
maps are generated respectively by GBVS, Itti, SR and
the proposed method in this paper (abbreviated TCSR) are
shown in Figs. 3(b) – (e). In saliency maps, image colors
are the more “red”, the higher saliency. Then we respec-
tively extract the salient target and the results are shown in
Figs. 3(g) – (j).

Fig. 3 Detection results of different methods under weak illumination conditions

It can be seen from Fig. 3 that the proposed method
can extract the cooperative target accurately. However, it
should be noted that in order to ensure the integrity of the
detected cooperative target, we use a circular area to ex-
tract the cooperative target. Compared to the actual target
area, the cooperative target in the saliency map is slightly
larger than the actual one.

3.2 Strong light

The size of the cooperative target used in the experiment is

5.5 cm×5.5 cm and it is placed on the aircraft carrier

model. When the camera is 1.5 m away from the coo-

perative target, we acquire the original image under strong

light.

Fig. 4(a) shows the original image of the cooperative tar-

get under the strong illumination condition. Figs. 4(b) – (e)

are the saliency maps generated by GBVS, Itti, SR and

TCSR respectively. Fig. 4(f) is the corresponding ground

truth mask of the original image. The final detection re-



658 Journal of Systems Engineering and Electronics Vol. 28, No. 4, August 2017

sults of above four methods are shown in Figs. 4(g) – (j).
As can be seen from Fig. 4, similar to the strong illumi-

nation condition, the cooperative target shows the highest
saliency in the proposed model.

Fig. 4 Detection results of different methods under strong light conditions

3.3 Presence of interference

In order to verify the robustness of the proposed method, a
red background which has the same size with the coope-

rative target is added based on the weak illumination
condition, and related experimental results are shown in
Fig. 5.

Fig. 5 Detection results of different methods in the presence of interference conditions

As seen from Fig. 5, in the presence of interference con-
ditions, although two part image regions show the higher
salient in the proposed model, we can accurately extract
the cooperative target with the triple constraints strategy.

As seen from the cooperative target detection experi-
ments under three complex environments, the proposed
method has strong robustness and high accuracy.

3.4 Performance comparison

In order to evaluate the detection performance, we adopt
the commonly used performance measures, i.e., false

alarm rate (FAR), precision and recall, which are defined
as follows:

FAR = E

(∏
k

(1 − Ok(x))Sk(x)

)
(14)

Precision =
∑

k

Ok(x)Sk(x)/
∑

k

Sk(x) (15)

Recall =
∑

k

Ok(x)Sk(x)/
∑

k

Ok(x) (16)

where Ok(x) denotes the kth binarized image of a real
target, Sk(x) denotes the saliency map after binarization,
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(•) denotes even multiply. One hundred cooperative

target images which are obtained in complex environments
are selected to be tested. The performance comparison of
four methods is shown in Fig. 6.

Fig. 6 Performance comparison of different algorithms

In Fig. 6, compared with the other three algorithms, the
propose method has the lowest FAR, the highest precision
and recall. We have also tested the average running time of
the four algorithms on a computer with Inter Core 2 Duo
2.13 GHz CPU and 2 GB RAM, as reported in Table 1.

Table 1 Average running time of different methods on source ima-
ges with sizes of 640×480

Algorithm Time/s Code

Itti 0.424 4 MATLAB
GBVS 1.312 7 MATLAB

SR 0.083 6 MATLAB
TCSR 0.352 1 MATLAB

In Table 1, the SR algorithm has the best real-time, and
the real-time performance of our proposed algorithm is
better than the other two algorithms. Overall considering
the detection accuracy and real-time, the proposed has the
best real-time, and the real-time performance has more ad-
vantages and is more attractive. Experimental results under
complex environments show that the proposed method not
only has strong robustness and high accuracy, but also has
a good real-time property.

4. Conclusions

In this paper, a novel cooperative target detection algorithm
is proposed. In the proposed algorithm, the original image
is first converted into the Lab color space and a channel
saliency map is generated based on SR, then a triple con-
straint strategy is developed according to the prior know-
ledge of the cooperative target. Finally, the image region
in the saliency map which meets the triple strategy is con-
sidered to be the desired cooperative target. Experimental
results in complex environments demonstrate that the pro-
posed method can outperform other three state-of-the-art

methods. This research provides a new idea for how to de-
tect the cooperative target accurately and robustly in com-
plex environments by using vision.

In future work, we intend to incorporate the structure in-
formation of the cooperative target to further improve the
detection accuracy.
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