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Abstract: The proposed method exploits monogenic signal theory, a multidimensional generalization of 

the analytic signal, to capture the characteristics of SAR image, e.g., broad spectral information and 

simultaneous spatial localization. The components derived from the monogenic signal at different scales 
are then applied into a recently developed framework, sparse representation-based classification (SRC). 

Moreover, to deal with the data set, whose target classes are not linearly separable, the classification via 

kernel combination is proposed, where the multiple components of the monogenic signal are jointly 
considered into a unifying framework for target recognition. The novelty of this paper comes from: 1) the 

development of monogenic feature via uniformly down sampling, normalization, and concatenation of the 

components at various scales; 2) the development of score-level fusion for SRCs; and 3) the development 
of composite kernel learning for classification.  

Index Terms— The monogenic signal, sparse representation, SAR target recognition, composite kernel 

learning, score-level fusion, monogenic scale-space. 

------------------------------------------------------------------------------------------------------------------------ 

I. INTRODUCTION 
Due to the capability to produce all-weather, 24-hour a day, high-resolution images with quality 

quickly approaching that of optical imaging sensors, Synthetic Aperture Radar (SAR) has been used in 
many fields. Automatic target recognition (ATR) is an essential topic for SAR image interpretation. In 

the past several decades, SAR ATR has been studied pervasively, yet it is still a challenging problem, 

especially under the extended operating conditions (EOC) [1], [2], in which a single operational 

parameter is significantly different between the images used for training and those for testing. The 
baseline SAR ATR system comprises three separate stages: detection, discrimination, and classification 

[3]. The first stage roughly locates the candidate targets in a SAR image by examining the amplitude of 

the radar signal in each site of the image. The second stage rejects the natural-clutter false alarms with 
some discriminants (e.g., standard deviation, fractal dimension, and weighted-rank fill ratio [4]), 

followed by a classifier to reject the cultural clutter false alarms and predict the target type of the 

remaining detections [5]. This paper mainly focuses on classification. 
 SAR ATR has been once relying on the template-matching strategy [6]. It refers to defining a 

distance metric (e.g., mean square error) to quantify the similarity between the query and templates 

generated by various aspect view images of the objects. The decision is made by finding which template 

could match the query most closely. The identity is assigned as the target type to which the matched 
template belongs. Template matching method usually suffers the presence of coherent fading (speckle) as 

well as misalignment. To cover the drawback, a family of methods named correlation pattern recognition 

has been presented [7]. Different from the conventional strategies, these methods perform the matching 
procedure in the frequency domain with a certain metric (e.g., peak-to-sidelobe-ratio [8]), rather than in 

the spatial domain. Despite of achieving shift and distortion-invariance, it is needed to estimate the pose, 

from which a specific classifier can be selected. However, pose estimation from SAR image is very 
difficult, due to the mutability of the scattering phenomenology. In addition, the computational cost is 

unattractive because of the repetitious convolution with the templates. Another widely used family of 

approach to SAR ATR is the statistical model-based method [9], [10]. It relies on representing the 

intensity of SAR image with a parameterized statistical distribution model (e.g., conditionally Gaussian 
model [11]) and reaching the inference by evaluating which class of parameters could maximize a 

posterior probability. However, it easily fails when strong statistical relationship does not exist between 
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the training and the query, due to the problem of parameter estimation under limited statistical samples. 

Furthermore, the feature-based methods have also been popularly studied [5]. Since the target chip image 

usually composes of three different kinds of scattering phenomena (target, shadow, and background 
clutter), it is typically nonstationary. Thus, it is needed to separate the target and shadow beforehand, and 

hence enslaved to the accuracy of image segmentation. As widely reported, SAR image segmentation is 

still an open problem now.  

 

II. CLASSIFICATION ON THE MONOGENIC SCALE-SPACE  
The monogenic signal is a vector-valued generalization of the analytic signal. It could capture the broad 

spectral information and simultaneous spatial localization with compact support [31]. Thus, it is used to 

characterize SAR image in this paper. Points in  is notated as  in the spatial domain, and 

in the frequency domain. 

A. The Monogenic Scale-Space  

The analytic signal is defined as a combination of the signal and its Hilbert transformed one. Denote by 

 the Hilbert transform. For a 1D real valued signal , the analytic signal is defined as  

(1) 

where  and denote local amplitude and local phase. In the polar-coordinate representation, 

local amplitude refers to a local quantitative measure of a signal, while local phase provides a local 

measure for the qualitative information of a signal. The monogenic signal is a multi-dimensional 
generalization of analytic signal [26]. It has been built around the Riesz transform, a scalar-to-vector 

extension of Hilbert transform [28]. For signal f (z) and its frequency spectra F(u), the Riesz transform 

can be expressed as 

(2) 

Where,  is the Riesz kernel  are the first and second-order Riesz kernel. 
Correspondingly, the Riesz transform in the frequency domain can be shown as 

(3) 

The linear combination of signal and the Riesz transformed one  yields a sophisticated 2D 

analytic signal namely the monogenic signal,  

(4) 

where i, j are the imagery units and {i, j, 1} is an orthonormal basis of  . Then, it is capable to 
decompose the original signal into three components, real part, i-imaginary part, and j-imaginary part. 

As an extension of analytic signal, the monogenic signal could preserve the properties of the analytic 

signal concerning symmetry, doubling energy of the original signal, all pass transfer function, as well as 
the invariance-equivariance property of signal decomposition [26]. Since the practical signal is of finite 

length, it has broad Fourier spectra [43], [44], and hence needs infinite extension with a band-pass filter 

before applying the Riesz transform. Then, the monogenic representation of a given signal is the process 

of computing multiple components of a band pass version of the signal, whose expression will be 
expressed as 

(5) 

where hbp denotes the kernel of bandpass filter. The property of Riesz transform requires that hbp should 
be symmetric to maintain the odd character of Riesz kernels and with null DC component [45]. 

Considering the mathematical, computational, and empirical reasons, this paper employs log-Gabor filter, 

whose expression in the frequency domain is 
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(6) 

where ω0 is the center frequency, and σ is the scaling factor of the bandwidth. Usually, the ratio 

is kept as a constant. The log-Gabor filter could capture the broad spectral information of the 

signal with compact spatial filter, as recommended in the preceding works [46]–[48]. To fully exploit the 

characteristics of a signal, the multi scale representation strategy is required. The popularly used approach 
to realize multistage log-Gabor filters is to tune the scaling factor σ and center frequency ω0, 

(7) 

where λmin is the minimal wavelength; μ is the multiplicative factor of wavelength; s is the scale index. 
Then, the monogenic signal is embedded in the log-Gabor scale-space by convolving its components with 

the bandpass filter , and hence the monogenic scale-space can be formed [27]. Suppose S-scale log-

Gabor filters are built, the monogenic signal at different scales can be shown as , with 
the corresponding components expressed as, 

 

Where, denote real part, i-imaginary part, and j-imaginary part of the monogenic signal at the 
kth scale. To illustrate the multiscale monogenic signal representation, an example for SAR image is 

given in Fig.1. Obviously, it is able to generate a set of functions that gives a good coverage of the 

frequency domain with the log-Gabor filters. 

 
Fig.1.Illustration of 3-scale monogenic representation for SAR image; (a) log-Gabor filters; (b) real part; 

(c) i-imaginary part; (d) j-imaginary part. 

B. Classification via Score-Level Fusion  
As pointed in Section II-A, sparse signal representation builds on the assumption that samples from a 

single class approximately lie on a linear subspace. In addition, sufficient training samples should be 

available for each class. Unfortunately, these prior assumptions are easily violated for SAR target 
recognition. SAR image reflects the fine target structure (point scattering distribution on the target 

surface) at a certain pose. Parts of the target structure will be occluded when illuminated by the radar 

from another pose, and hence results in dramatic differences of characteristics from image to image 
taken with angular increments of only a few degrees. In other words, SAR images of the same target 

taken at different aspect views show great difference of scattering phenomenology. Furthermore, the 

training resource available for radar target recognition is scarce. To cover these shortages, this paper 

adopts the monogenic signal, which is capable to capture broad spectral information and simultaneous 
spatial localization, into the framework of sparse signal representation.  

Since the components of the monogenic signal are of high-dimension, it is unrealistic to be directly 

utilized. To address the problem, the preceding works [23], [24] derive a single feature descriptor from 
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the components of the monogenic signal at different red scales. This method can be viewed as the data 

fusion in feature-level. Since various kinds of information are roughly concatenated, it may result in 

some information loss. To improve the performance further, this paper introduces the score-level fusion 
to combine various kinds of information contained in the monogenic signal for target recognition. The 

details on the proposed method are described as follows. 

 First, three monogenic features are derived from real part, i-imaginary part, and j-imaginary part of the 

monogenic signal at different scales. Specifically, the components of the monogenic signal at various 
scales are first uniformly down-sampled by a factor of ρ, followed by normalization and concatenation 

to form the feature vectors, as expressed by 

(8) 
where (:) reshapes a matrix to be a single vector. To make the subsequent optimization problem (1-norm 

minimization) computationally tractable, the data dimensionality of the monogenic features is further 
reduced using principal component analysis transform. Have defined the feature descriptors, the 

remaining problem is how to reach the decision based on these features. Different from the preceding 

works [23], [24], this paper constructs three component-specific classifications via sparse signal 
representation. Specifically, the monogenic features of training samples are used to build a redundant 

dictionary, for example,  Then, the counterpart of the new 

query sample can be represented as a linear combination of atoms in  

 
Similar to (4), the most compact representation can be obtained by 

(9) 

from which the residual  

 

can be computed. Correspondingly, it is able to build the other two classifications by features  and

, from which the residuals  and  can be obtained accordingly. 
 

 In the framework of sparse signal modeling, the entry of residual reflects the distance from the 

query to the manifold formed by a certain class, and hence is used to decide the class membership of the 
query. The smaller the minimal residual is, the more reliable the decision is, and the more believable the 

classifier is. Therefore, it is reasonable to quantify the classification power of each classifier according to 

its residual. To make fair comparison, the residuals derived from each classifiers are normalized into a 

certain range, e.g., (0,1). Though various approaches to normalization have been presented in the 
preceding works [33], [49], the detail comparison on which one outperforms the others beyond the scope 

of this paper. Here, the summation normalization,  

is used to make the residual energy to be unit. 
 To combine the benefit of the individual classifier and tackle their drawback, two simple yet effective 

strategies, summation rule and Bayes decision, are proposed as follows. The flowchart of the proposed 

classification via score-level fusion is pictorially demonstrated in Fig.2. [Summation] An intuitive idea to 
combine the residuals from the individual classifiers is to produce a global residual by summing their 

values, 

(10) 
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The decision is then produced according to the global residual, mink ˜ek , as similar to (5). [MAP] 

Another approach for score-level fusion derives from the Bayesian theory. Let 

 be K target classes. Since the entry of residual provides the distance from the 

query to the manifold built by a certain class, this paper defines the conditional probability associated 

 
 

Fig. 2. The block diagram of classification via score-level fusion. 

 

Three classifications are formed by real part, i-imaginary part, and j-imaginary part of the monogenic 

signal. The results are combined by performing score-level fusion (Bayesian inference). with hypothesis 

to be inversely proportional to the residual committed to the k-th class, 

.                 (11) 

According to the Bayes theorem, a posterior probability associated with the hypothesis Hk can be 

computed by 

(12) 

 

where is the prior probability. Since  is of constant, the maximum of (21) can be 

approximated to max . By assuming the prior probability 

 to be equiprobable, , the maximum of a posterior 

probability can be further simplified as max . It should be noted that the 

prior probability can be also task-specific if some prior knowledge’s are available.  
Here, it is assumed that the decision derived from a monogenic features are conditionally statistically 

independent to the one derived from the others [33]. Then, the maximum of a joint posterior probability 
can be approximated as 

 

(13) 
According to the maximum a posterior probability criteria, the final inference can be reached by 

(14) 
To delineate the proposed method, an example is given in Fig.3. There is a total of four target classes 

(TG1, TG3, TG5, and TG7). The detail description on the dataset can be found in Section IV. The query 
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sample is chosen from TG1 set. Though real and j -imaginary -specific classifications recognize the query 

as TG7 and TG3, the proposed method correctly infers the class membership of the query. The 

classification via summation rule generates the minimum global residual to TG1 class, while the 
classification via MAP criteria produces the maximum posterior probability associated with the 

hypothesis that the query belongs to TG1. 

 

 
 

Fig. 3. Example of classification via score-level fusion. The first row shows the components of the 

monogenic signal at different scales. The second and third rows draw the representations and the 

corresponding residuals resulting from sparse signal modeling. The last row paints the resulting global 
residual (or posterior probability). 

 

III. RESULTS 

 
Fig 4: target recognition scanning radar 

 

 
Fig 5:SAR radar scanning for targets 
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Fig 6:Targets Detected by the SAR radar 

 
Fig 7:Received Signal thresholding and target range estimation using SAR radar 

 

 
Fig 8: Range Cell amplitude distribution. 
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Fig 9:Range Cell phase distribution. 

 
Fig 10: Detected Target indication pulse on range pulse. 

 
Fig 11: Linear Frequency Modulation Sweep signal. 

 
IV. CONCLUSION 

In this paper, we introduce a novel classification framework on the monogenic scale-space for target 

recognition in SAR image. The proposed method applies multiple linear regression models to the features 
derived from the components of the monogenic signal at different scales, and reaches the inference by 
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evaluating which class of samples could recover the query as accurately as possible. It is robust towards 

EOC difference on depression and configuration, as well as noise corruption. The feasibility of the 

proposed framework has been successfully tested on MSTAR database, which is a standard testbed for 
SAR image interpretation. From the experimental results on MSTAR database, we draw the following 

conclusions: 

(i) The monogenic signal could effectively capture the characteristics of SAR image, e.g., broad spectral 

information and simultaneous spatial localization, with compact support, and hence produce the 
excellent performance for target recognition.  

(ii) The classification via score-level fusion could combine the benefits of individual classification while 

tackling their drawbacks. Thus, the significant improvement in accuracy can be obtained. 
(iii) The classification via kernel combination could deal with the dataset whose target classes are not 

linearly separable, and hence improve the recognition accuracy. 

(iv)  The proposed classification framework is valid in the case of random noise corruption. The 
stronger the noise, the better the proposed method performs compared to the competitors. The 

proposed method could improve the recognition accuracy, especially under the extended operating 

conditions, e.g., structural modifications, variations in depression angle.  
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