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Abstract Target detection for SAR images has many important applications; however there is
a challenge that inherent speckle noise in SAR images may cause serious interference. Beamlet
transform is a multi-scale image analysis method to extract line features in an image with
strong anti-noise capacity. In this paper a method based on Beamlet transform is proposed for
target detection for SAR images. It takes the advantage of Beamlet transform in feature
extraction. Firstly Beamlet transform is applied on a SAR image to obtain Beamlet
coefficients,which are then processed by a coefficient filtering algorithm to remove unreal
Beamlet features caused by noise. The remained Beamlet features are fed to the BD-RDP
(Beamlet-decorated recursive dyadic partition) algorithm for optimization and then clustered
by NEC (Nearest Endpoint Clustering) algorithm to detect targets. The experimental results
show that this method is able to detect target directly in a SAR image without pre-filtering.
Further more, it still works well under the background of strong speckle noise.
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1 Introduction

SAR (Synthetic Aperture Radar) has the advantages of high resolution, all-weather and strong
penetration. It has a wide range of applications in the field of remote sensing [9, 4, 15, 10] and
so on. In practice, target detection is usually conducted for specific goals, which may be larks,
coastline, roads, ships, trucks, tanks, bridges, buildings, airports, seaports,etc. They can be
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divided into two categories: natural targets (e.g., larks and coastline) and artificial targets (e.g.,
tanks and bridges).

For military, it’s very useful to automaticly detect artificial targets such as tanks and
convoys on the ground in real time, which may provide crucial information for battlefield
command.

In general, there are two kinds of methods for target detection. The first one is the family of
CFAR (Constant False Alarm Rate) detection methods [1, 14, 16, 3, 5, 8, 2]. It’s based on the
statistical feature of the background region in a SAR image. A self-adaptive threshold is
calculated according preset constant false alarm rate and the statistical model of background
regions. And then the SAR image can be segmented to target regions and background regions
by the threshold. The other kind of methods are based on special features of targets. A SAR
image is processed to extract a certain kind of target feature such as local texture feature [20],
fractal feature [12, 11], linear feature [21] and multi-resolution feature [17, 18], etc. And then
the regions with these features can be regard as targets.

Due to the inherent speckle noise, features of background regions or target regions in a SAR
image may be covered by noise. Therefore SAR images usually need time-consuming pre-
filtering before target detection. But it’s still hard for the above-mentioned methods to detect
targets accurately when the noise is too strong. The main reason is that all these features are not
enough robust under noise. A kind of anti-noised feature is expected.

Beamlet transform [6, 7] is a multi-scale image analysis method. A kind of needle-like line
base is used to represent edges in an image. It has been confirmed that Beamlet transform is
validate and robust to extract line features in SAR images [22] . Beamlet feature has been
successfully used to detect linear targets such as road surface cracks in a road image [19, 13].
In this study, Beamlet feature is further used with a special cluster algorithm to detect non-
linear targets such as vehicles and helicopters. A target detection method for SAR images
based on Beamlet transform is proposed in this paper. It has a nice anti-noised capacity.

2 Beamlet theory overview

Beamlet analysis builds a Beamlet dictionary with line segments of different length and direction,
along which pixels are integrated to obtain coefficients. They are then organized to a pyramid
form andmay be further utilized. In the BD-RDP algorithm, Beamlet coefficients at each scale are
reorganized as a dyadic recursive tree in order to avoid crossed Beamlets at different scales.

2.1 Building beamlet dictionary

A Beamlet dictionary is a collection of line segments within certain locations, directions and
scales. It’s a dyadically organized and provides the basis of multi-scale approximation for line
segment collection. A n×n image can be mapped into a square of side length one and regarded as
an array of [0,1]2 consisting of n×n small boxes. Suppose n=2j and 0≤j≤J, every side of each
dyadic square is marked by points. They are called vertices and have a distance of δ=2−J−K from
each other. The line segment between two different vertices is Beamlet as shown in Fig. 1.

Then a Beamlet dictionary is build with the collections of Beamlets at every scale.

2.2 Beamlet transform

A Beamlet coefficient is obtained by integrated pixels along a certain Beamlet in the Beamlet
dictionary. Suppose the function f(x1,x2) is continuous on [0,1]

2, Beamlet transform is defined as:
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T f bð Þ ¼
Z

b
f x lð Þð Þdl; b∈Bn;δ ð1Þ

Where Bn,δ is the Beamlet dictionary, x(l) is a function for (x1,x2) along the
Beamlet b. A n×n image must be interpolated before Beamlet transform by a
interpolation function, which is usually a mean difference function, to get a contin-
uous function.

2.3 BD-RDP

The BD-RDP algorithm treats Beamlet coefficients as a dyadic recursive tree, and each dyadic
square can be represented by four dyadic squares at next scale, which is called recursive dyadic
partition (RDP). If all or parts of squares are decorated by Beamlet basis, the RDP is called
Beamlet-decorated RDP (BD-RDP).

For each dyadic square S, a quality function is defined as:

CS ¼ max
b∈S

Ty bð Þffiffiffiffiffiffiffiffiffi
L bð Þp ð2Þ

Where Ty(b) is the Beamlet coefficients of y, L(b) is the Euclid length of Beamlet
b. b∈S means Beamlet b is in the region S. There are the most dyadic squares at the
smallest scale, which are denoted as P={S1,S2,......,Sn}.A penalty energy function is
defines as:

J Pð Þ ¼
X
S∈P

C2
S−λ#P ð3Þ

Fig. 1 Beamlets at several scales
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Where λ is a penalty factor. #P is the number of dyadic squares in RDP. A key problem in
BD-RDP is to look for a target function J(P) so that the global optimal decomposition
satisfying maxp∈RDP J Pð Þ can be quickly solved.

J(P) is set as an additive function about BD-RDP

J Pð Þ ¼
X
S∈P

Γ S ð4Þ

Where ΓS=Cs
2−λ. A quickly solution for maxp∈RDP J Pð Þ is “down-top tree pruning”. The

algorithm starts at the smallest scale. For every 2×2 square S consisting of four squares Si(i=1,
2,3,4), ΓS is compared with ∑

i¼1

4Γ Si . If Γ S > ∑
i¼1

4Γ Si , S will be retained, or else S will be still

decomposed to four smaller squares. Γ*S is set as the greater of ΓS and ∑
i¼1

4Γ Si . The same

procedure will repeat at the greater scale until the top scale. The final Γ �
0;1½ �2 is the maximum

of the penalty energy J(P).

3 Target detection based on beamlet transform

Beamlet transform has a strong anti-noised capacity. It’s able to effectively extract line features
from an noised image [17] . In the SAR imaging procedure, echo signal comes from target
surface and from which radar backscatter coefficients are extracted. A SAR image reflects the
microwave scattering properties of the measured area. Artificial targets made by metal material
have strong backscatter properties, hence they always show as connected regions of lighter
pixels in a SAR image, from which regions more continuous Beamlet features can be extracted
and then used for target detection.

A target detection method for SAR images based on Beamlet transform is presented in the
following. Beamlet transform is employed to extract line features which are then clustered to
detect targets. Line features can be directly extracted from an original SAR image without pre-
filtering.

The algorithm contains four steps:

① Applying Beamlet transform on an original SAR image to obtain Beamlet coefficients.
② Filtering Beamlet coefficients to remove pseudo Beamlet features.
③ Processing the remained Beamlet coefficients by BD-RDP.
④ Clustering Beamlet features to detect targets.

3.1 Beamlet coefficient filtering

A Beamlet coefficient represents the summation of image pixels along the Beamlet.
Background regions of a SAR image always are dark, from which few Beamlet
features can be extracted. However, due to speckle noise, Some unreal Beamlet
features may also be obtained. They are called pseudo Beamlet features. Compared
with the Beamlet features of the same length extracted from target regions, pseudo
Beamlet features always have smaller coefficients. It’s feasible to distinguish them
out.

After Beamlet transform, A n×n image is converted to a N×N Beamlet coefficient matrix
and a N×N Beamlet length matrix, where N=n2log2n.
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The Beamlet Mean Intensity matrix is defined as:

I i; jð Þ ¼ E i; jð Þ
L i; jð Þ 1≤ i; j≤Nð Þ ð5Þ

Where E is a Beamlet coefficient matrix, and L is a Beamlet length matrix.
For every Beamlet coefficient E(i, j),Lower I(i, j) implies more possibility that the

Beamlet feature is pseudo. As a result Beamlet features are filtered with an appro-
priate threshold to remove pseudo ones. The rule for Beamlet coefficient filtering is
defines as:

E i; jð Þ ¼ E i; jð Þ; if I i; jð Þj j≥T
0 ; otherwise

�
1≤ i; j≤Nð Þ ð6Þ

Where T is a threshold greater than zero.

3.2 Beamlet clustering

For Beamlet feature clustering, an algorithm named NEC (Nearest Endpoint Cluster-
ing) is presented. It contains two phases. Firstly Beamlet features are clustered. Since
long Beamlet features represent the main properties of a target region, every non-
clustered Beamlet features which is longer than 3 will be classified to the nearest
cluster,or else it will be classified to a new cluster if it’s too far away from all
existing clusters. Secondly targets are recognized from clusters. Each target region has
certain area and definite shape, from which more Beamlet features can be extracted,
so none but the clusters which contain a certain number of Beamlet features may be
targets. The steps of NEC are as follows:

① Finding the longest Beamlet Bl.
If the length of Bl is shorter than 3,then the algorithm terminates.

② Finding the nearest cluster to Bl and the distance between them is expressed as distl
The distance between two Beamlet features, expressed as Ba and Bb, is defined

as:

BBdista;b ¼ min Dist va; vbð Þ
���va∈Va; vb∈Vb

n o
ð7Þ

Where Va and Vb are the endpoint collections of Ba and Bb independently,
The distance between a Beamlet feature Bk and a cluster Cm is defined as :

BCdistk;m ¼ min BBdist Bk ;Bhð Þ
���Bh∈Cm

n o
ð8Þ

distl is calculated by:

distl¼min BCdistl;˙
� � ð9Þ

③ Giving the threshold K, if distl>K then a new cluster Ct={Bl} is to be created ,or else Bl is
to be merged into the nearest cluster, that is Ck={Bl}∪Ck(BCdistl,k=distl)

④ Repeating the steps from ① to ③ until all Beamlet features have been clustered.
⑤ If a cluster contains more than P Beamlet features, that is |Ck|≥P, it’s regarded as an

independent target.
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4 Experimental result

4.1 Evaluation

A SAR image in the MSTAR database of American Sandia National Laboratories is used as
source, in which there are four M-47 tanks as targets. They are to be detected by this method.

(1) The First Experiment
Targets are detected in an original SAR image with T=0.05, K=10 and P=3. The detection

result is shown as Fig. 2
As we can see from Fig. 2, the four targets are accurately detected and located. Figure2a is the

original SAR image to be processed. Figure 2b shows Beamlet features after coefficient filtering
and BD-RDP. The green frames show dyadic square division result in BD-RDP. Beamlet features
are displayed as blue line segments. It can be seen that pseudo Beamlet features have been filtered
out correctly. Figure 2c gives the amplification of the region with red frames in Fig. 2b. It’s more
clearly that the main linear features of the target has been captured. In Fig. 2d, Targets have been
detected out by NEC algorithm . They are marked with red circles and labeled with numbers.
(2) The Second Experiment

For further evaluating, speckle noise with a uniform distribution of mean value 0 and
variance 0.05 is added to the original SAR image in Fig. 2a. Targets are detected in the image
with T=0.05, K=10 and P=3. The detection result is shown as Fig. 3

Figure 3 illustrates that targets are still be accurately detected and located even if the SAR image
has degraded due to speckle noise. Figure3a is the noised SAR image. It’s obviously that the image
has been seriously impacted by the strong noise, which covers the background and the target to some
degree . As a result it’s more difficult to distinguish the targets from the background. Figure 3b and c
shows that useful Beamlet features can also be obtained from target regions. Compare to Fig. 2c, it
can be seen fromFig. 3c that there aremore Beamlet features extracted out from the target due to the
noise. The most important thing is that the main linear features of the target have still been captured.
The four targets have been detected out accurately as shown in Fig. 3d.

4.2 Parameter analysis

(1) Parameter T
Speckle noise with a uniform distribution of mean value 0 and variance 0.2 is added to the

original SAR image in Fig. 2a. Providing K=10 and P=3, T is set independently as
0.05,0.1,0.15,0.2 and 0.25. The detection results are displayed in Fig. 4.

(a) original SAR image (b) Beamlet features 
after coefficient 

filtering and BD-RDP 

(c) amplification of the
region with red frames

in Fig.3(b)

(d) detection result

Fig. 2 Detection result in an original SAR image
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Figure 4 presents that the SAR image has been drastically contaminated by speckle noise
and gravely degraded. There are lots of false alarms when T=0.05, due to a great many pseudo
Beamlet features caused by noise, which are not effectively removed in Beamlet coefficient
filtering. The four targets are correctly detected out when T=0.1 and T=0.15. It means that the
Beamlet features from target regions have been distinguished from pseudo ones. However, two
targets are missed when T=0.2 and four targets are missed when T=0.25. Because T is so great
so that even the Beamlet features from target regions are filtered out. The greater T is, the more
targets are missed. So it can be inferred that the optimal T has a positive correlation with noise
level. T must be set according to noise. The more severe the noise is, the greater T must be. So
that pseudo Beamlet features will be better removed.
(2) Parameter K

Targets are detected directly in the original SAR image. Providing T=0.05, K is set as
integers every 5 in the range of [0,100]. The relationship between K and the number of clusters
obtained is illustrated in Fig. 5.

It’s obvious in Fig. 5 that the number of clusters is decreasing while K is increasing. Since
K decides the compactness of Beamlet features in each cluster. It’s tend to generate more

(a) noised SAR image (b) Beamlet features 
after coefficient 

filtering and BD-RDP 

(c) amplification of the 
region with red frames 

in Fig.3(b) 

(d) detection result 

Fig. 3 Detection result in an original SAR image

(a) noised SAR image(noise 
variance 0.2) 

(b) detection result with T=0.05 (c) detection result with T=0.1 

(d) detection result with T=0.15 (e) detection result with T=0.2 (f)detection result with T=0.25 

Fig. 4 Detection result under speckle noise
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massive clusters with greater K while clustering Beamlet features. If K is too small, Beamlet
features from the same target region may be classified to different cluster so that the target will
be split. On the contrary, If K is too great , Beamlet features from different target regions may
be classified to the same cluster so that independent targets will be merged together. Therefore

Fig. 5 Relationship between K and the number of clusters (T=0.05,0.1,0.15)

Fig. 6 Relationship between P and the number of targets (T=0.05, K=0,5,10,15,20,25)
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source 

image

(a) original SAR image (b) noised SAR image 

(noise variance: 0.1)

(c) noised SAR image 

(noise variance: 0.2)

Method 

A

(d) detection result for (e) detection result for (f) detection result for 

Method 

B

(g) detection result for (h) detection result for (i) detection result for 

Method 

C

(j) detection result for (k) detection result for (l) detection result for 

this 

method

(m) detection result for (n) detection result for (o) detection result for 

Fig. 7 Comparison of detection results

Multimed Tools Appl (2016) 75:2189–2202 2197



K must be set as the maximum distance between target regions. It’s notable that the number of
clusters is less than the number of targets when K≥35. In that case not all targets will be
detected out regardless of T and P.
(3) Parameter P

Targets are detected directly in the original SAR image . Providing T=0.05,K is set
independently by 0,5,10,15,20 and 25. P is set as integers in the range [0,10]. The relationship
between P and the number of targets detected out with different K is illustrated in Fig. 6.

As shown in Fig. 6, under the precondition of Beamlet features having been divided into
several clusters, the number of targets detected out is decreasing while P is increasing. Every
target region has certain area and definite sharp, from which relatively more Beamlet features
can be extracted out. As a result, the clusters which contain too few Beamlet features may be
not target regions. If P is too small, some background regions containing much detail
information may be mistaken for target regions. On the contrary, if P is too great, little targets
may be missed due to too few Beamlet features extracted from their regions. Therefore, it can
be inferred that the optimal P has a positive correlation with resolution of the image. The
higher the resolution is, the greater P must be. It’s remarkable that the curves of K=10, K=15
and K=20 fully coincide. The four targets are all correctly detected out when 10≤K≤20 and
1≤P≤4. That means Beamlet features are best clustered.

4.3 Comparison

The methods proposed in Ref.12, Ref.15 and Ref.17 are represented as Method A, Method B
and Method C. They are compared with this method as shown in Fig. 7.

As seen from Fig. 7 and Table 1, targets have been missed in the result of Method A, B and C
when noise enhanced. The strong noise seriously cover targets and background, the statistical
characteristic of target regions and background regions are all become similar to that of the noise. So
it’s hard for Method A to distinguish targets from background only according to local statistical
characteristic. At the meantime, the linear feature used by Method B and multi-resolution feature
used by Method C both received severe negative impact. In contrast, this method is able to extract
authentic line features from the noised image thank to the anti-noised capacity of Beamlet transform.
Further more, Beamlet coefficient filtering algorithm can effectively remove pseudo line features.
Detection accuracy has been signally improved without false alarm increasing.

More experimental results are displayed in Fig. 8. A military vehicles image and a military
helicopters image are tested. There are five military vehicles in Fig. 8a whose optics photos are
illustrated in Fig. 8b. And there are two military helicopters in Fig. 8b whose optics photos are

Table 1 Detection accuracy of the four methods

Number of accurately detected targets Computing time

Original SAR image Noised SAR image
(noise variance: 0.05)

Noised SAR image
(noise variance: 0.2)

Method A 4 3 1 3.56

Method B 4 3 2 4.21

Method C 4 2 0 3.22

this method 4 4 4 3.65
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(a) military vehicles image (b) military helicopters image 

(c) five targets in military vehicles image (d) two targets in military helicopters image 

(e) detection result for original military 

vehicles image 

(f) detection result for original military 

helicopters image 

(g) detection result for noised military 

vehicles image (noise variance: 0.2) 

(h) detection result for noised military 

helicopters image (noise variance: 0.2) 

Fig. 8 Detection results by this method for two SAR images
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illustrated in Fig. 8d. As we can see from Fig. 8e, f, g, and h, all targets in the two SAR images
can be detected accurately in the original images or even in the noised images.

5 Conclusions

Beamlet transform has a powerful anti-noised capacity. It’s able to extract line features from a
noised image. This study takes the advantage of Beamlet transform in feature extraction. A
target detection method for SAR images based on Beamlet transform is proposed. Beamlet
features are extracted from a SAR image. However, noise may cause pseudo Beamlet features.
So the extracted Beamlet features are then filtered to remove pseudo ones according to
Beamlet Mean Intensity. Next the remained Beamlet features are optimized by BD-RDP.
Beamlet features from target regions are more agminated than those from background regions.
And the NEC (Nearest Endpoint Clustering) algorithm detects the regions in which a certain
number of Beamlet features are gathering. Target detection is achieved.

The experimental result shows that this method is able to detect targets accurately for a
SAR image without pre-filtering even if the SAR image is drastically noised. It’s more robust
than the three other methods.

However, this method leaves much to be improved. It has too many parameters. And the
optimal value of each parameter is still determined by testing. Self-adaptive parameters are
needed to study in the future.
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