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Abstract


Remote sensing image classification usually needs many labeled samples so that the target nature can be fully described. For synthetic aperture radar (SAR) images, variations of the target scattering always happen to some extent due to the imaging geometry, weather conditions, and system parameters. Therefore, labeled samples in one image could not be suitable to represent the same target in other images. The domain distribution shift of different images reduces the reusability of the labeled samples. Thus, exploring cross-domain interpretation methods is of great potential for SAR images to improve the reuse rate of existing labels from historical images. In this study, an unsupervised cross-domain classification method is proposed that utilizes the Gini coefficient to rank the robust and stable polarimetric features in both the source and target domains (GRFST) such that an unsupervised domain adaptation (UDA) can be achieved. This method selects the optimal features from both the source and target domains to alleviate the domain distribution shift. Both fully polarimetric (FP) and compact polarimetric (CP) SAR features are explored for crop-domain terrain type classification. Specifically, the CP mode refers to the hybrid dual-pol mode with an arbitrary transmitting ellipse wave. This is the first attempt in the open literature to investigate the representing abilities of different CP modes for cross-domain terrain classification. Experiments are conducted from four aspects to demonstrate the performance of CP modes for cross-data, cross-scene, and cross-crop type classification. Results show that the GRFST-UDA method yields a classification accuracy of 2% to 12% higher than the traditional UDA methods. The degree of scene similarity has a certain impact on the accuracy of cross-domain crop classification. It was also found that when both the FP and circular CP SAR data are used, stable, promising results can be achieved.
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1. Introduction


As a high-resolution active microwave remote sensing imaging system, polarimetric synthetic aperture radar (PolSAR) has all-day and all-weather working capability and provides abundant polarimetric scattering information for land cover interpretation [1]. In comparison to fully polarimetric (FP) SAR, compact polarimetric (CP) SAR not only retains polarization information to a certain extent but also offers a wider range of width and incident angle, catering to specific applications. At present, there exist three classical modes of operation for CP SAR, including π/4 mode [2,3], dual circular polarization (DCP) mode [4], and circular transmit and linear receive (CTLR) mode [5,6]. In theory, the change in transmitting wave can generate countless transmitting modes of CP SAR data. Suppose the scattering wave descriptor is utilized for modeling symmetric scattering. In that case, the models of different CP modes will not be uniform. They will rely on reflected wave parameters, which makes it difficult to develop unified feature extraction methods for an arbitrary CP mode [7]. Therefore, in one of the previous CP SAR works, we developed a unified representation method for an arbitrary CP mode [8,9]. Based on the general CP (GCP) SAR representation method, varieties of CP SAR-based decomposition algorithms, such as m-χ [10], m-δ [6,11], and m-αs [12] decompositions, can be extended to explore the potential of different CP modes in ground object recognition, classification, parameter inversion, etc. This will enable high-precision land cover classification. Referring to ground object classification as an example, there has been limited exploration of the utilization of multi-mode CP SAR in this field, which is currently a focal point and area of interest within CP SAR research [13,14].



At present, most of the classification tasks with CP SAR data rely on a large number of labeled training samples to extract the information in CP SAR. With the advent of various spaceborne sensors, such as ALOS-2, TerraSAR-X, RADARSAT-2, Gaofen-3, RISAT-1, RADARSAT Constellation Mission, and SAOCOM, abundant different frequency bands (X, C, and L bands) and multi-temporal PolSAR and CP SAR data can be acquired, which provides a large amount of SAR data support for land-cover classification. However, the characteristics of SAR data themselves, such as the ground object direction, incident angle, polarization frequency band, and other factors, vary greatly. This makes the different SAR data characterization of land-cover classes vary greatly; that is, there is a serious phenomenon of distribution shifts between training data (source domain) and test data (target domain) [15,16,17,18,19,20], which leads to the low reusability of the original large number of labeled samples. Moreover, the unique imaging characteristics of SAR data result in significant speckle noise, posing challenges for labeling and requiring substantial time investment [21]. Therefore, exploring cross-domain interpretation methods for GCP SAR data can address the issue of domain distribution shifts between CP SAR data and improve the reuse rate of the original large number of labeled samples. For the purpose of cross-domain applications, existing annotation information or training models can be transferred to newly acquired similar scene data through domain adaptation. This technique falls under the category of homogeneous transfer learning and provides an effective solution for cross-domain problems [22,23,24].



In the classification of remote sensing images, according to the presence or absence of labeled data in the target domain, domain adaptation can be categorized into supervised and unsupervised domain adaptation methods. When the target domain has a few labeled samples and distribution shifts of the source domain and target domain are unobvious, various forms of inductive transfer learning are proposed as a type of supervised domain adaptation method [25,26,27]. In addition, for the case where there are labeled samples in the target domain, supervised domain adaptation also includes classifier domain adaptation methods, mainly classifier domain adaptation based on active learning [28] and semi-supervised learning [29]. When the distribution shifts between the target and source domains are significant, especially when the target domain lacks labeled data, direct feature extraction from the source domain with labels provides a limited contribution to the target domain classification. Therefore, feature-level domain adaptation methods are proposed and belong to unsupervised domain adaptation methods [30,31,32]. The essence of this kind of method is to seek a special feature space and transform the source domain and the target domain into the same feature space to ensure that the features of the source domain and the target domain can suppress the domain distribution shifts in the special space. This enables stable transfer of the source domain to the target domain, thereby facilitating cross-domain classification. Additionally, this kind of method exhibits high flexibility and wide coverage, aligning well with actual application requirements. When source and target domain feature alignment is optimal, a significant number of labeled samples of the source domain can be effectively utilized, thereby improving the labeled sample reuse rate within the source domain. Given these advantages, it is unsurprising that this approach remains the most widely used in unsupervised cross-domain classification [16,33].



Compared with the unsupervised domain adaptation methods of optical remote sensing, the development of the methods of SAR and PolSAR is relatively limited. In terms of unsupervised cross-domain classification of SAR images, Qin et al. [34] proposed a transductive transfer learning method to achieve good cross-domain classification results in the land-cover classification of PolSAR. Zhang et al. [35] proposed a multi-level domain adaptation method for multi-band single-polarization SAR data. In addition, some scholars have recently proposed unsupervised domain adaptation methods for SAR data images based on adversarial learning [36,37,38]. In the unsupervised cross-domain classification of PolSAR images, Dong et al. [39] introduced unsupervised domain adaptation based on deep adversarial into PolSAR image classification and proposed a polarimetric scattering feature-guided adversarial network for unsupervised polarimetric image classification. Satisfactory results have been obtained. Hua et al. [40] proposed an unsupervised domain adaptation network based on coordinate attention and weighted clustering in PolSAR image classification and achieved high classification accuracy. However, the above research methods focus more on domain distribution alignment and ignore the important property of stable description of polarimetric features in PolSAR data for different domain targets. These methods based on deep learning lack the interpretability of polarimetric features and cross-domain classification results in terms of deep-domain adaptation networks.



At present, there are few investigations on the unsupervised cross-domain image classification of the CP SAR data, and the main difficulties lie in two aspects. The first aspect is eliminating redundant features and obtaining robust CP SAR features that achieve a stable description of objects in different domains. These features can effectively characterize various scattering characteristics in both the source and target domains, thereby mitigating the class distribution shifts. For GCP SAR data, which contain a lot of polarimetric information, the optimization of polarimetric features is particularly important for unsupervised cross-domain image classification based on GCP SAR data. The second aspect is to map the source and target domains onto a common feature space, achieving effective feature alignment between them. This enables the successful transfer of labeled samples from the source domain to the target domain [15]. Therefore, considering the challenges in the aspects above, we propose an unsupervised cross-domain classification method that utilizes the Gini coefficient to rank the robust and stable polarimetric features in the source and target domains (GFRST) such that an unsupervised domain adaptation (UDA) can be provided, named the GFRST-UDA method that effectively overcomes these difficulties.



Furthermore, based on this approach, we achieve unsupervised cross-domain image classification using GCP SAR data and obtain highly accurate results. The detailed procedure is as follows: Step 1 involves extracting the CP features, acquiring the polarization scattering feature information, and constructing a feature set for both source and target domains. Step 2: Due to the challenging nature of the first aspect of unsupervised cross-domain image classification, we propose the GFRST method. This involves selecting robust features that significantly contribute to both source and target domain classification through the feature optimization technique, which can be applied to tasks in both domains. Step 3: To address the second challenge, varieties of UDA methods are employed to accomplish the task of aligning features between source and target domains. By integrating with the GFRST method, we propose the GFRST-UDA method for accurately aligning CP feature parameters between source and target domains. Step 4: The labeled samples in the source domain are applied to the target domain after feature alignment, and the target domain classification task is realized based on the classical supervised classification methods. In detail, the contribution of our work is described as follows:




	(1)

	
We extend the polarimetric decomposition method of specific CP modes to that of GCP mode and extract the GCP decomposition parameters to provide more abundant CP information for CP SAR cross-domain classification.




	(2)

	
This study comprehensively explores the potential of multi-mode GCP SAR data in cross-domain classification and realizes the stable description of targets in different domains by GCP features. Furthermore, based on the proposed method, we extract optimal CP feature parameters that contribute to the feature classification effect of both the source and target domains and enhance the alignment effect of feature parameters in domain adaptation methods.




	(3)

	
Based on the proposed stable and robust method, four types of unsupervised cross-domain image classification are carried out. This includes cross-domain classification of GCP data from different sensors over the same area, GCP data acquired over different areas, FP + GCP data over different areas, and FP + GCP data over different crop types.




	(4)

	
In the land-cover classification of PolSAR, most of the studies only consider the FP information without considering the partial polarimetric information, such as the CP information. To the best of our knowledge, this is the first work in which we combine FP and CP features for cross-domain classification and realize high-precision cross-data source, cross-scene, and cross-crop type image classification based on the multi-mode GCP SAR and FP + GCP SAR features, respectively.










2. Study Area and Data Collection


2.1. Study Area


The study area includes four regions: San Francisco, USA; Qingdao, China coastal area; rice area in Jiangsu, China; and wheat area in Yellow River, China. For San Francisco, the area is roughly divided into water, vegetation, urban, etc., and there are distinct differences among various ground objects. For Qingdao, the area includes water, vegetation, and urban. This area is a coastal area similar to San Francisco and is an ideal research area for cross-domain classification research. For rice areas in Jiangsu, the vegetation in this area is mainly rice. Due to the different selection of rice varieties and planting methods by farmland operators, this area is mainly divided into two different types of rice, namely direct-sown japonica rice paddy (D-J) and transplanting hybrid rice paddy (T-H). And other ground objects include urban, shoals, and water. For the wheat area in Yellow River, the vegetation in this area is mainly wheat, and the wheat type is winter wheat. We selected the rice planting area and the Yellow River wheat area as the study area to study the cross-domain classification of crops based on GCP SAR data. Figure 1 shows the Pauli decomposition pseudo-color image of the study area.




2.2. Data Collection


For the study area, we acquired seven SAR images from seven radar satellites, where the SAR frequency band is the C or L band. For San Francisco, we selected FP SAR data of four radar satellites, including RADARSAT-2 and GF-3 C band, ALOS-1 PALSAR-1, and ALOS-2 PALSAR-2 L band (Fine-Quad) single-look complex (SLC) data, respectively. For Qingdao, we selected GF-3 C band FP SAR data. For the rice area in Jiangsu, we selected RADARSAT-2 C band FP SAR data. The data were acquired on 16 September 2015, and the phenological period of rice is the Heading–Flowering stage. Rice paddies in this period are in the growth stage, showing typical rice characteristics on radar images. For the wheat area in Yellow River, we also selected RADARSAT-2 C band FP SAR data. The image acquisition time is 31 March 2023, and the wheat phenological period is a regreening–elongation stage, which shows typical wheat characteristics on radar images. In particular, the SAR images covering rice and wheat regions during two phenological stages are suitable for cross-domain crop classification research. Table 1 shows the detailed parameter information of seven FP SAR data of multiple radar satellite data for the multi-study area.



For seven FP SAR data, based on the new method proposed in this study, four types of cross-domain classification include cross-domain classification of GCP data from different sensors over the same area, GCP data acquired over different areas, FP + GCP data over different areas, and FP + GCP data over different crop types. In addition, for Jiangsu, when the RADARSAT-2 satellite transits, field surveyors use the high-precision Global Positioning System (GPS) to obtain the boundaries of these five kinds of ground objects as ground truth data, including thirty-five rice sample parcels (twenty-four T-H plots and eleven D-J plots) and eight water, eight shoal, and ten urban plots. Figure 2 shows field investigation pictures of five kinds of ground objects in Jiangsu. Furthermore, for Yellow River, when the RADARSAT-2 satellite transits, we also conduct field experiments. We use GPS to obtain the boundaries of these three kinds of ground objects as ground truth data. Figure 3 shows field investigation pictures of three kinds of ground objects in the Yellow River.





3. Methodology


For the seven FP SAR data in the study areas, first of all, data preprocessing is carried out, including radiometric calibration, geometric correction, and speckle noise filtering. In particular, the parameters required for the radiometric calibration phase are provided by the original FP SAR data header file. And we resample the image to 10 × 10 m. In addition, the image is speckle-filtered using a 7 × 7 Lee filter. Then, the unified framework of GCP is constructed, and the source domain and target domain datasets are selected to extract GCP and FP feature parameters. Furthermore, based on the proposed novel GFRST-UDA method, the source and target domains are transferred to the same feature space. Finally, the supervised classification and validation of the cross-domain target domain are carried out based on the supervision classification method. Figure 4 shows the flow chart of the methodology. In addition, a detailed description of the GFRST-UDA method in the flow chart is presented in Section 3.2.



3.1. FP/GCP SAR Feature Extraction


3.1.1. GCP SAR Data


The electromagnetic field is often represented in the form of a transverse ellipse, which contains two parameters, namely the ellipse orientation angle θ and the ellipticity angle χ, as follows [7,8]:


     E →   i   (  θ , χ  )  =  [     a     b     ]  =  [      cos θ     − sin θ       sin θ     cos θ      ]   [      cos χ       j sin χ      ]  =  [      cos θ cos χ − j sin θ sin χ       sin θ cos χ + j cos θ sin χ      ]   



(1)




where a and b are the complex values of the transmitting wave and       a     2   +     b     2   = 1  . For an arbitrary scattering matrix S, the CP signal is totally dependent on θ and χ. For left circular, right circular, and linear   π / 4   transmitted waves, the values of        θ ,   χ        are          − π / 2   π / 2         ,   π / 4       ,             − π / 2   π / 2      ,   − π / 4       , and        π / 4 ,   0       . In addition, in this study, four typical GCP modes, including left circular, two elliptical polarizations, and linear   π / 4   transmitted waves, are discussed, respectively, with the values of        θ ,   χ        as     π / 4    ,   π / 4       ,        π / 4 ,   π / 6       ,        π / 4 ,   π / 8        and        π / 4 ,   0       . Then, for any transmitting wave       E  →    i        θ ,   χ       , the receiving wave       E  →    r        θ ,   χ        is as follows:


     E →   r   (  θ , χ  )  = S    E →   i   (  θ , χ  )  =  [       S  HH        S  HV          S  VH        S  VV        ]   [     a     b     ]  =  [      a  S  HH   + b  S  HV         b  S  VV   + a  S  VH        ]   



(2)




      E  →    r        θ ,   χ        in (2) is the representation of linear H/V polarization basis. Let       E  →    r        θ ,   χ      =          E   H C       E   V C          T    , where     E   H C   = a   S   H H   + b   S   H V    ,     E   V C   = b   S   V V   + a   S   V H    , and T denotes matrix transpose. When a and b are not 0,     E   H C     contains     S   H H    , and     E   V C     contains     S   V V    . The backscattering characteristics of the target are mainly retained in the co-polarization ratio. When   a ≠ 0   and   b ≠ 0  , the backscattering vector in (2) can be described by the formula as follows:


   [       E 1         E 2       ]  =  [       a  − 1      0     0     b  − 1        ]     E →   r   (  θ , χ  )  =  [       S  HH   +   b a    S  HV          S  VV   +   a b    S  VH        ]   



(3)




where E1 and E2 are the normalized elements of       E  →    r        θ ,   χ        to represent the characteristics of backscattering waves. From (3), two new CP vectors can be expressed as:


      k →  1  =   [       E 1       E 2       ]  T        k →  2  =   [       E 1  +  E 2       E 1  −  E 2       ]  T  /  2     



(4)







The corresponding second-order statistics, i.e., the compact polarization covariance matrix and coherence matrix of the normalized vector, are used to describe the partially polarized scattered wave as follows:


   C 2  =  〈    k →  1    k →  1  * T    〉  =  [       〈     |   E 1   |   2   〉       〈   E 1   E 2 *   〉         〈   E 2   E 1 *   〉       〈     |   E 2   |   2   〉       ]   



(5)






   T 2  =  〈    k →  2    k →  2  * T    〉  =  [         〈     |   E 1  +  E 2   |   2   〉   2         〈   (   E 1  +  E 2   )     (   E 1  −  E 2   )   *   〉   2           〈   (   E 1  −  E 2   )     (   E 1  +  E 2   )   *   〉   2         〈     |   E 1  −  E 2   |   2   〉   2       ]   



(6)




where *T represents matrix conjugate transpose, and     ·     represents the mean value. C2 and T2 are obtained from two new target CP scattering vectors (k1 and k2) constructed based on GCP theory. It is essentially two second-order statistics of CP SAR in the same space. The GCP SAR description operator vector, covariance, and coherence matrix in (3), (5), and (6) provide a unified method for the scattering analysis of CP SAR data.




3.1.2. GCP Decomposition Parameters


The outer product of the Jones vector and its conjugate transpose vector can have a 2 × 2 Hermitian matrix:


  E  E  * T   =  [       E x   E x *       E x   E y *         E y   E x *       E y   E y *       ]   



(7)







Stoke vector g can be defined as [5]:


  g =  [           g 0         g 1                 g 2         g 3           ]  =  [           E x   E x *  +  E y   E y *         E x   E x *  −  E y   E y *                 E x   E y *  +  E y   E x *        j  (   E x   E y *  −  E y   E x *   )           ]  =  [             |   E x   |   2  +    |   E y   |   2           |   E x   |   2  −    |   E y   |   2                2 Re  (   E x   E y *   )        − 2 Im  (   E x   E y *   )           ]   



(8)







Based on Equations (3), (5) and (6), the Stokes vector representing the target scattering in the GCP mode is as follows:


  g =  [           g 0         g 1                 g 2         g 3           ]  =  [             |   E 1   |   2  +    |   E 2   |   2           |   E 1   |   2  −    |   E 2   |   2                2 Re  (   E 1   E 2 *   )        − 2 Im  (   E 1   E 2 *   )           ]   



(9)







Based on the Stokes vector, various CP decomposition parameters in different modes can be obtained.



	(1)

	
GCP H/α decomposition







H/α decomposition is the eigenvalue decomposition of the coherence matrix or covariance matrix of the target, and then the target is decomposed into three scattering components, and the eigenvalue and eigenvector are used to express the polarization information [41]. Some researchers have converted the H/α decomposition method in FP SAR to the H/α decomposition of CP SAR, but it can only be applied in specific CP modes [42,43]. This section extends the H/α decomposition to GCP SAR. For the GCP SAR corresponding to two polarimetric channels, the coherence matrix T2 (Equation (6)) is a 2 × 2 nonnegative definite Hermitian matrix, and its eigenvalue decomposition is shown in Equation (10). In addition, Equation (11) is the corresponding unitary transformation matrix and the eigenvector.


   T 2  =  [       T  11        T  12          T  12  *       T  22        ]  = U  [       λ 1               λ 1       ]   U T  =  λ 1     u →   1     u →   1  * T   +  λ 2     u →   2     u →   2  * T    



(10)




where


    U =  [       u  11        u  12          u  21        u  22        ]  =  [         u →   1         u →   2       ]        u →  i  =  e  j  φ i      [      cos  α i      sin  α i   e  j  φ i   δ i         ]  T  ,   i = 1 , 2    



(11)







After eigen decomposition of the GCP coherence matrix T2, the polarization entropy HCP, the average scattering angle αCP, and the anisotropic ACP are shown in Equations (12), (13) and (15).


   H  CP   =   ∑  i = 1  2   −  P i    log  2   P i     



(12)






   α  CP   =   ∑  i = 1  2    P i  arc   cos   − 1    (   |   u  1 i    |   )     



(13)






   P i  =    λ i     λ 1  +  λ 2    ， i = 1 , 2  



(14)






   A  CP   =     λ 1  −  λ 2     λ 1  +  λ 2     =     P 1  −  P 2     P 1  +  P 2      



(15)




where λ is the eigenvalue of GCP coherence matrix T2, and the average scattering angle αCP is from the unitary eigenvector μi.



	(2)

	
GCP m-χ and m-δ decomposition







The three scattering components of the m-χ and m-δ decomposition, the physical meanings of which are similar to those of the Freeman–Durden decomposition [44] for FP SAR, are generated from the GCP SAR data as described by Equations (16)–(20) [10,11].


  m =    (   g 1 2  +  g 2 2  +  g 3 2   )    /  g 0   



(16)






  sin 2 χ = −  g 3  /  (  m  g 0   )   



(17)






  δ = arg (  g 2  + j  g 3  )  



(18)




where m is the degree of polarization, δ is the relative phase, and χ is the ellipticity angle of the Poincaré sphere. They are all the child parameters of the Stokes vector, which can be obtained based on the Stokes vector of GCP systems from Equation (9). The Stokes parameter g0, which is the total backscattered energy received by GCP systems, in combination with the GCP parameters m, δ, and χ, was used to generate the m-δ (as shown in Equation (19)) and m-χ decompositions (as shown in Equation (20)), respectively. Pd, Pv, and Ps correspond to double-bounce, the randomly polarized constituent (volume), and surface scattering.


     [       P d         P v         p s       ]    m − δ   =  [        m  g 0   (  1 + sin δ  )  / 2            g 0   (  1 − m  )            m  g 0   (  1 − sin δ  )  / 2        ]   



(19)






     [       P d         P v         p s       ]    m − χ   =  [        m  g 0   (  1 − sin 2 χ  )  / 2            g 0   (  1 − m  )            m  g 0   (  1 + sin 2 χ  )  / 2        ]   



(20)







	(3)

	
GCP m-αs decomposition







The m-αs decomposition method is similar to the m-δ method. The symmetric scattering type αs is closely related to the ellipticity of the compact scattered wave. αs is in the [0,   π / 2  ]. Here, 0 represents surface scattering, and   π / 2   represents double-bounce scattering. From the first Stokes component (g0), the symmetric scattering type (αs) and the degree of polarization (m) were used to generate the m-αs feature decomposition basis [12,45]:


   α s  =   1 2     tan   − 1    (        g 1 2  +  g 2 2      ±  g 3      )   



(21)






     [       P d         P v         p s       ]    m −  α s    =  [      m  g 0   (  1 − cos 2  α s   )  / 2        g 0   (  1 − m  )        m  g 0   (  1 + cos 2  α s   )  / 2      ]   



(22)







Finally, based on the aforementioned GCP SAR theory, we have extended the polarimetric decomposition method, originally designed for specific CP modes, to encompass the GCP mode as well. The 22 GCP feature parameter sets constructed in this study are shown in Table 2, including Stokes parameters, child parameters of the Stokes vector, and the GCP decomposition parameters.




3.1.3. FP SAR Feature Parameters


For FP SAR, we selected 22 FP SAR parameters. The 22 FP SAR parameters include the three components of the coherence matrix and five polarimetric decomposition parameters. In addition, we introduce the rotational domain polarimetric features. Finally, the 22 FP feature parameter sets we constructed are shown in Table 3.





3.2. GFRST-UDA Method


The Gini coefficient is an indicator used to describe the degree of confusion in the system and is less computationally intensive. It represents the probability that a randomly selected sample in the sample set is misclassified. The smaller the Gini coefficient, the smaller the probability that the selected sample in the set is misclassified; that is, the higher the purity of the set; otherwise, the lower the purity of the set. Therefore, when all the samples in the set are in the same category, the Gini coefficient is 0. Based on the idea of describing the set purity of the Gini coefficient and the physical structure of trees in random forests [49], we calculate the contribution of the Gini coefficient of each feature in each tree in random forest so as to evaluate the importance of the compact polarimetric feature.



Suppose that the feature set in the source domain or target domain data is   X =  {   x 1  ,  x 2  , ⋯ ,  x J   }   , J represents the number of features, and the number of classes is c. There are I decision trees in the random forest, then the Gini coefficient of the node q in the decision tree i is:


   G q i  =   ∑  c = 1  C     ∑   c ′  ≠ c     p q i   ( c )   p q i   (  c ′  )  = 1 −       ∑  c = 1  C      (   p q i   ( c )   )   2     



(23)




where    p q   ( c )    denotes the proportion of class c in node q.    p q   (  c ′  )    denotes the proportion that is not class c in node q. For feature j, the change in its Gini coefficient on node q can be obtained by calculating the difference between the Gini coefficient of the feature before and after branching of the node. The change in the Gini coefficient here is the importance of feature j in node q of decision tree i, and the formula is:


   V q i   ( j )  =  G q i  −  G r i  −  G s i   



(24)




where    G r i    and    G s i    represent the Gini coefficient of the two new nodes after the node q of the decision tree i is branched, respectively. From this, the importance of feature xj in decision tree i can be obtained:


   M j i  =   ∑  q ∈ Q     V q i   ( j )     



(25)




where Q denotes the set of nodes that feature xj appears in decision tree i. When the contribution of feature xj on each tree is obtained, the total contribution of xj in the random forest can be obtained:


   M j  =   ∑  i = 1  I    M j i     



(26)







To facilitate the comparison of the contribution between each feature, the values are normalized:


  V I  M j  =     M j      ∑  k = 1  J    M k        



(27)







By comparing the normalized contribution of each feature VIMj, the priority ranking of each feature can be obtained. In summary, in a random forest, the Gini coefficient is used to select the best feature when the decision tree nodes are split. By comparing the change in the Gini coefficient when splitting with different features, the contribution of each feature to the purity improvement of the model can be assessed. The smaller the Gini coefficient, the greater the contribution of the feature to the purity of the model and the greater its importance. Therefore, in the GFRST-UDA proposed in this study, we introduce the Gini coefficient to rank the SAR feature parameters so as to select the feature parameters that contribute greatly to the classification effect.



The essential principle of the UDA method is to convert the features of the source domain and target domain, which are not similar in different spaces, into the same feature space. The degree of feature alignment may be affected when the feature is insufficient or excessive. Therefore, this study considers taking the lead in ranking and optimizing the features of both the source and target domains and then introducing different UDA methods for feature transfer. Since there are class labels in the source domain, the features of the source domain can be directly sorted and optimized based on the Gini coefficient. However, its optimal feature parameters are not necessarily effective for the classification effect of the target domain. Therefore, we consider feature selection based on the Gini coefficient for both source domain and target domain features, that is, select the parameters that contribute greatly to the classification of the source domain and target domain and then perform feature transfer based on different UDA methods.



However, since there are no class labels in the target domain, it is impossible to sort and optimize the target domain features directly. Therefore, we consider the unsupervised classification of the target image, and then the classification results are visually interpreted to give a small number of pseudo-labels of the determined ground-object classes. Finally, polarimetric features are sorted and optimized based on the target domain with pseudo-labels. The specific GFRST-UDA method can be divided into four steps.



Step 1: Firstly, a random forest model is constructed on labeled source domain data, and then the Gini coefficient of each node in each decision tree in the source domain is calculated. The contribution VIM of each feature is obtained by Equations (24)–(27). Then, all the source domain features are ranked in order of contribution VIM, and then the features with the top 95% contribution VIM are selected to construct the feature subset of the source domain. Among them, 95% are empirical selection, and the features that contribute little to the classification effect of the source domain are eliminated; that is, most of the contributing features are retained to avoid feature redundancy.



Step 2: The features of the target domain are first classified based on the unsupervised classification method, and then the classification map is visually interpreted, and a few pseudo-labels are given. Next, a random forest model of the target domain is constructed on the target domain with pseudo-label data. Moreover, as in step 1, all the target domain features are ranked in order of contribution VIM, and then the features with the top 95% contribution VIM are selected to construct the feature subset of the target domain.



Step 3: If the optimal feature parameters have contributed to the feature classification effect of both the source and target domains, the feature alignment effect of the optimal feature parameters will also be improved after the source and target domains are converted into the same space. Therefore, this step is to obtain the intersection of the optimal feature subset of the source domain and the optimal feature subset of the target domain to obtain the GFRST feature subset, which has a high contribution to the classification effect of the source domain and the target domain.



Step 4: Based on the GFRST feature subset, varieties of UDA methods are introduced for feature alignment, and the source and target domains are converted to the same feature space. Finally, the target domain after feature alignment is classified based on the supervised classification method to achieve cross-domain image classification. When evaluating the feature alignment effect of source and target domains, we introduce the concept of discrete coefficients to calculate the intra-class and inter-class discrete coefficients of source and target domains before and after alignment. The dispersion coefficient represents the dispersion degree of overall unit values, and the smaller the value, the smaller the dispersion degree. When the difference between the dispersion coefficients of the source and target domains after feature alignment is small, it is considered that the feature alignment effect is satisfactory. Otherwise, the feature alignment effect is poor. Discrete coefficients Cv can be defined as:


   C v  =   σ μ    



(28)






  σ =       ∑    ( X − μ )  2     N      



(29)






  μ =        ∑  i = 1  N   X i    N      



(30)




where σ represents the standard deviation of the source or target domain, μ is the sample mean of the source or target domain, and N indicates the number of samples from the source domain or target domain.



In addition, in this study, we use seven UDA methods, including Subspace Alignment (SA) [50], Transfer Component Analysis (TCA) [30], Joint Distribution Adaptation (JDA), CORrelation Alignment (CORAL), Balanced Distribution Adaptation (BDA), Geodesic Flow Kernel (GFK), and Manifold Embedded Distribution Alignment (MEDA) methods, respectively [51,52,53,54,55]. In the feature alignment of domain adaptation, the construction of a domain adaptation optimization target is the key. For the SA method, the source domain is represented by the source subspace SXS and the target domain is represented by the target subspace TXT. S and T are the original data features of the source domain and the target domain, respectively. XS and XT are the eigenmatrices composed of the front D-dimensional eigenvectors after the transformation of the source domain and the target domain through principal component analysis, respectively. It is worth noting that in the experiment, D of D-dimensional eigenvectors is the number of optimal feature subsets based on the GFRST method. Furthermore, the linear transformation function M is obtained by minimizing the divergence of the Bregman matrix from XS to XT.


  F ( M ) =    ‖   X S  M −  X T   ‖   F 2   



(31)






   M *  =   a r g m i n ( F ( M ) )  M  =  X s T   X T   



(32)




where      ‖ ⋅ ‖   F 2    indicates the Frobenius norm. The subspace after source domain alignment is SXSM*, and the subspace after target domain alignment is TXT.



SA only performs first-order feature alignment between the source domain and the target domain, while CORAL performs second-order feature alignment between the two domains. In this study, CS and CT are defined as covariance matrices of source and target domains, respectively, and covariance alignment is to learn a second-order feature transformation A to minimize the feature distance between the source domain and the target domain. Its optimization objective function is as follows:


    min  A     ‖   C S  −  C T   ‖   F 2  =   min  A     ‖   A T   C S  A −  C T   ‖   F 2   



(33)






   z r  =  {       x r  ⋅   (  C S  +  E S  )   −  1 2    ⋅   (  C T  +  E T  )   −  1 2    , r = s        x r  , r = t        



(34)




where ES and ET are identity matrices with the same size of source and target domains, respectively.



In addition, TCA, JDA, BDA, and MEDA methods are used to construct optimization objective functions by calculating the maximum mean difference in the edge distribution, the maximum mean difference in the conditional distribution, and the maximum mean difference based on adaptive factors, respectively. Following the alignment of features through domain adaptation, supervised classification is subsequently performed using a typical supervised classifier. In this study, the supervised classifier we select is the K-Nearest Neighbor classifier.





4. Results and Discussion


Based on the methodology in Section 2, the cross-domain classification is carried out from four aspects, which include cross-domain classification of GCP data from different sensors over the same area, GCP data acquired over different areas, FP + GCP data over different areas, and FP + GCP data over different crop types. For the four aspects, we label the cross-domain classification groups as experimental transfer groups 1, 2, 3, and 4. Table 4 shows the experimental groups for different cross-domain classifications.



4.1. Cross-Domain Image Classification Based on the GCP SAR Images


4.1.1. Images from Different Sensors over the Same Area


As shown in Table 4, the experimental transfer group 1 includes 12 cross-domain image pairs involving four FP SAR data from different radar satellites in San Francisco. Based on GCP theory, 22 CP parameters are extracted from four FP SAR data, and then cross-domain classification is studied based on the GFRST-UDA method.



	(1)

	
GFRST feature selection







Taking the CP SAR data with circular polarization transmitting as an example, based on the GFRST method feature selection, the optimal feature subset that contributes to feature alignment is selected. Figure 5 shows the feature importance ranking for CP SAR data with circular polarization transmitting. There are obvious differences in feature importance ranking for the four CP SARs. The reason is that although the data are acquired in the same area, due to the different radar imaging frequency bands and imaging time, the differences in various scattering characteristics are obvious, so the ranking results are different. It can be seen from Table 5 that 22 CP parameters retain about half of the CP parameters after feature selection based on the GFRST method. The CP decomposition parameters, including the double-bounce scattering component (Pd_m-αs) and the volume scattering component (Pv_m-δ and Pv_m-χ), are selected for the optimal feature set in the six cross-domain image pairs. The main reason is that the decomposition parameters are significantly different in the source and target domains’ three types of ground objects. Two backscattering coefficients (σCR, σCH) and Stokes component g0 that represent the total power of the planar electromagnetic wave are also selected to the optimal feature set for each of the six cross-domain image pairs. These optimal features can describe the target stably under different scenes.



	(2)

	
Evaluation of cross-domain classification results based on the GFRST-UDA method







After feature selection based on the GFRST-UDA method, we use seven UDA methods to classify the target domains of 12 cross-domain image pairs, respectively. It can be seen from Table 6 that the GFRST-UDA method has the ability to achieve high cross-different sensors classification accuracy, and the overall accuracy can reach more than 80%. For various GFRST-UDA methods, the cross-domain classification results of each pair exhibit slight variations. Moreover, even under the same GFRST-UDA method, there are subtle differences in the classification results of cross-domain images from radar satellites. This is attributed to the varying performance of different methods and dissimilarities in the distribution of features between source and target domains.



It is evident from Figure 6 that the cross-domain classification accuracy between C-band radar satellite SAR data as the source domain and L-band radar satellite SAR data as the target domain achieves an overall accuracy of approximately 78%. However, when L-band radar satellite SAR data serve as the source domain and C-band radar satellite SAR data act as the target domain, the cross-domain classification accuracy surpasses 85%. The reasons primarily lie in two aspects. Firstly, in cross-domain classification, not all CP parameters contribute positively to the classification of ground objects, and feature redundancy exists. Secondly, multi-source CP SAR parameters exhibit diverse representations of scattering information for various ground objects in the cross-domain classification of multi-source SAR. The second reason lies in the inherent difficulty of improving cross-domain classification due to the heterogeneity of radar satellite sensors across different frequency bands. However, the GFRST-UDA method effectively extracts CP SAR parameters contributing to classification results in both source and target domains, thereby mitigating cross-domain imbalance to some extent (Figure 7a). Additionally, Figure 7b presents the classification accuracy of four methods for 12 cross-domain image pairs. The GFRST-UDA method exhibits higher classification accuracy than both the UDA and GFRS (Gini coefficient feature ranking only in the source domain)-UDA methods, with results closest to those obtained through supervised classification.



Using the ALOS1-Sanf→GF3-Sanf cross-domain pair as an example, Figure 8 displays cross-domain images (ALOS1-Sanf→GF3-Sanf) classification maps for CP SAR data. Comparing the results of Figure 8a–d, it can be observed that the GFRST-SA result (Figure 8c) significantly outperforms Figure 8a,b. Particularly in the black frame area where the ground truth is pure water, misclassification occurs in Figure 8a,b, while Figure 8c produces accurate classification results. The resulting map from Figure 8c is also closest to the supervised classification result map (Figure 8d).



To validate the efficacy of GFRST-UDA in feature alignment, Figure 9 illustrates the scatter plots of source and target domains’ feature alignment. It is evident from Figure 9 that the source and target domains do not share the same feature space. By applying the JDA method, we can align the features of both domains to a common space, denoted as Figure 9b,b1,b2 for the aligned source domain and Figure 9c,c1,c2 for the aligned target domain. From Figure 9b,c, it is evident that the feature alignment between source and target domains is highly effective after the process. Specifically, compared to Figure 9b,c, and Figure 9b1,c1 alignments, Figure 9b2,c2 alignments exhibit better results for water classes. Therefore, GFRST-JDA methods outperform JDA and GFRS-JDA approaches in terms of feature alignment. To quantitatively measure the impact of the GFRST-UDA on feature alignment, we computed the inter-class and intra-class dispersion coefficients for both source and target domains before and after feature alignment. The dispersion coefficient indicates the degree of discreteness in overall unit values, with smaller values indicating less dispersion. Figure 10 shows the histograms of the dispersion coefficient of source and target domains and aligned source and target domains. Compared to Figure 10a,b, the inter-class and intra-class dispersion coefficients of both source and target domains after alignment in Figure 10c are the most similar. Conversely, Figure 10a,b exhibit significant differences in these same coefficients between the two domains. Therefore, quantitative analysis of discrete coefficients can further verify GFRST-UDA’s efficacy in feature alignment.




4.1.2. Images Acquired over Different Areas


As shown in Table 4, the experimental transfer group 2 includes five cross-domain image pairs involving five FP SAR data from different radar satellites in San Francisco and Qingdao. Table 7 shows the overall accuracy of cross-different areas classification based on the GFRST-UDA method for CP SAR data. For various GFRST-UDA methods, the results of cross-domain classification may differ slightly but can achieve higher accuracy, with an overall accuracy exceeding 85%. The areas of Qingdao and San Francisco are both coastal areas, and the types of ground objects are similar, which is an important reason for the high accuracy of cross-domain classification. As shown in Figure 11, the cross-domain classification results based on the GFRST-UDA method outperform those based on the UDA and GFRS-UDA methods in all five cross-domain image pairs, approaching the accuracy of supervised classification results. Specifically, the GFRST-UDA method yields cross-domain classification results with an accuracy that is 3% to 5% higher than that of the UDA method.



Taking two cross-domain image pairs (GF3-Qingdao→RS2-Sanf and ALOS2-Sanf→GF3-Qingdao) as examples, Figure 12 displays cross-domain image classification results for CP SAR data. Comparing the results of Figure 12a–d, it can be observed that the GFRST-SA result (Figure 12c) significantly outperforms Figure 12a,b. Particularly in the black frame area where the ground truth is water class, misclassification occurs in Figure 12,b, while Figure 12c produces accurate classification results. The resulting map from Figure 12c is also closest to the supervised classification result map (Figure 12d). Comparing the results of Figure 12a1–d1, it can be observed that the GFRST-SA result (Figure 12c1) outperforms Figure 12a1,b1 significantly. Particularly in the yellow frame area where the ground truth is water class, there is a phenomenon that Figure 12a1,b1 are misclassified as vegetation class while Figure 12c produces accurate classification results. The resulting map from Figure 12c1 is also closest to the supervised classification result map (Figure 12d1). Therefore, the GFRST-UDA method demonstrates superior performance in cross-domain classification of GCP data acquired over different areas, resulting in higher accuracy for cross-domain classification.





4.2. Cross-Domain Image Classification Based on the FP + GCP SAR Images


4.2.1. Cross-Scene Image Classification


With the variation in θ and χ, numerous transmitting modes can be acquired from CP SAR data. In the cross-domain classification of FP + GCP data over different areas, we have selected four typical GCP modes, including left circular polarization, two elliptical polarizations, and linear π/4 transmitting polarization waves. In this section, FP SAR data serve as the primary component to construct 44 subsets of polarization feature parameters (FP SAR + GCP SAR) with four typical GCP SAR datasets. The aim is to investigate the potential of various GCP modes for cross-domain classification tasks. As shown in Table 4, the experimental transfer group 3 comprises eight cross-domain image pairs, including five FP SAR data from different radar satellites over the San Francisco and Qingdao areas. Table 8 shows the overall accuracy of the cross-domain classification based on the UDA and GFRST-UDA methods for the FP + CP SAR (θ = π/4, χ = π/4) data. The GFRST-UDA method yields higher accuracy in cross-domain classification results for each pair compared to the UDA method.



Figure 13 shows the scatter plots of source and target domain feature alignment. From Figure 13b,c, the JDA method enables the conversion of both source and target domains into the same space. Compared to Figure 13b,c alignments, Figure 13b1,c1 alignments exhibit better results for water classes. Therefore, the GFRST-JDA method outperforms the JDA method in terms of feature alignment. In Figure 14a–d, the cross-domain image classification of eight cross-domain image pairs is evaluated using FP + GCP SAR parameters with four CP modes, which demonstrated higher accuracy compared to the UDA method. And the overall accuracy is improved by 2–12%.



Figure 15 shows the cross-domain image classification results of eight cross-domain image pairs for the FP + CP SAR (θ = π/4, χ = π/4) data. Comparing Figure 15a,a1, it can be observed that the GFRST-SA result (Figure 15a1) outperforms Figure 15a significantly. When San Francisco is considered as the source domain and Qingdao as the target domain, the classification map depicted in Figure 15e1–h1 exhibits significantly superior performance compared to that of Figure 15e–h. Particularly in the yellow frame area where the ground truth is water class, there is a phenomenon that Figure 15e–h is misclassified as urban class while Figure 15e1–h1 produce accurate classification results. Moreover, Figure 16 shows the overall accuracy of cross-domain classification for four FP + GCP SAR and the FP SAR data, respectively. From Figure 16, it is evident that the classification accuracy of Figure 16b surpasses that of Figure 16a. In comparison to the classification accuracy of the five cases in Figure 16b, the FP + CP SAR (θ = π/4, χ = π/4) based on the GFRST-UDA method can achieve higher classification accuracy in eight cross-domain image pairs with greater stability. This indicates that the circular polarization mode’s CP parameter is advantageous for cross-domain classification.




4.2.2. Cross-Crop Type Image Classification


In the study of cross-domain classification of SAR images based on FP + GCP, this section presents detailed experiments on image classification across different crop areas based on the FP + GCP SAR data. As shown in Table 4, the experimental transfer group 4 includes four cross-domain image pairs involving four FP SAR data from different radar satellites in San Francisco, Qingdao, and Jiangsu. Figure 17 shows the overall accuracy statistics of cross-domain classification based on the UDA and GFRST-UDA methods for the FP + GCP SAR data. In Figure 17a–d, the cross-domain image classification of four image pairs is evaluated using FP + GCP SAR parameters with different CP modes based on the GFRST-UDA method, which demonstrated higher accuracy compared to the UDA method. And the overall accuracy was improved by 2–9%.



Comparing cross-domain image classification results maps of the UDA and GFRST-UDA methods, Figure 18 shows cross-domain image classification results. As shown in Figure 18, the classification results of Figure 18a2,a3 are significantly superior to those of Figure 18a,a1. The primary factor lies in the similarity between rice and wheat planting areas, while coastal vegetation exhibits distinct differences from those of wheat areas on radar imagery. Consequently, minimizing scene disparities in cross-domain image classification enhances feature alignment efficacy and elevates classification accuracy. Taking the RS-2 Jiangsu D-J→RS-2 Yellow River cross-domain pair as an example, this study compares the classification results of cross-domain images based on the GFRST-UDA method using four sets of the FP + GCP SAR data. The cross-domain image classification map for the FP + CP SAR (θ = π/4, χ = π/4) outperforms those for the FP + CP SAR (θ = π/4, χ = π/6), the FP + CP SAR (θ = π/4, χ = π/8), and the FP + CP SAR (θ = π/4, χ = 0), as illustrated in Figure 18a3–e3. Furthermore, the classification results are significantly better than the cross-domain image classification maps obtained by solely using the FP SAR data. Especially in the black frame area, the ground truth of the black frame is that it represents pure water. Figure 18a3 is correctly identified as water class. However, Figure 18b3–e3 are mistakenly classified as wheat instead of water.



Moreover, Figure 19 shows the overall accuracy of cross-domain classification for the FP + CP SAR and the FP SAR data, respectively. As depicted in Figure 19, the classification accuracy of Figure 19b surpasses that of Figure 19a. In comparison to the classification accuracy of the five cases in Figure 19b, the FP + CP SAR (θ = π/4, χ = π/4) based on the GFRST-UDA method can achieve higher classification accuracy in four cross-domain image pairs with greater stability. Similarly, this indicates that the circular polarization mode’s CP parameter is advantageous for cross-domain classification.



In addition, the RS2 Jiangsu D-J→RS2 Yellow River and RS2 Jiangsu T-H→RS2 Yellow River exhibit superior cross-domain classification accuracy compared to GF3 Qingdao→RS2 Yellow River and RS2 Sanf→RS2 Yellow River. Furthermore, the cross-domain classification accuracy of RS2 Jiangsu D-J→RS2 Yellow River is marginally higher than that of RS2 Jiangsu T-H→RS2 Yellow River. This is because the planting scene of D-J is more analogous to that of wheat. The radar image of the rice planting area was acquired on 16 September, during the Heading–Flowering stage of the rice phenological period, as depicted in Figure 2a,b. Moreover, D-J exhibited a longer growth cycle than T-H and had a shorter plant height than T-H. For the wheat planting area, we acquired an image on 31 March during the regreening–elongation stage of the phenological period. The plants were observed to be shorter, as depicted in Figure 3a. As a consequence of this, the planting scene of D-J rice is more akin to that of wheat, resulting in similar polarization scattering characteristics on radar images and promoting higher cross-domain classification accuracy. Therefore, the degree of scene similarity has a certain impact on the accuracy of cross-domain crop classification based on GCP SAR data. When the cross-domain scenes are more similar, higher accuracy can be achieved in cross-domain classification.



In this study, the feature contribution threshold employed in the GRFST method is selected based on empirical considerations. To investigate the generalizability of the feature contribution threshold on cross-domain classification results, we explore its impact on the accuracy of cross-domain classification by varying the size of the threshold. The study found that when the empirical contribution threshold is around 95%, the classification results of transferring from the source domain to the target domain are the best. At this threshold level, both domains retain the majority of relevant features while effectively eliminating redundant ones. Consequently, the proposed method finds efficacious features across domains, enhancing the overall performance of cross-domain classification.



In addition, we compared different feature alignment methods, as shown in Table 6. In general, GFRST-MEDA has the best classification effect after feature alignment. The reason is that the MEDA method uses manifold feature learning to solve the deteriorating feature representation problem. Then, it realizes dynamic distribution alignment; that is, the adaptation factor dynamically adjusts the weights aligned between the edge probability distribution and the conditional probability distribution. And MEDA also retains meaningful semantic relationships. One of this study’s important purposes is to use the GFRST method to optimize the polarization features and then classify the optimal features to obtain a better classification result.






5. Conclusions


This study proposes a novel unsupervised classification method with the aim to address two challenges in unsupervised cross-domain image classification, and for the first time, the performances of various CP SAR modes for cross-domain terrain type classification are evaluated. The method is validated from different cross-domain scenarios, including cross-data source, cross-scene, and cross-crop type on the GCP SAR data.



It is found that the optimal CP features (g0, σCR, σCH, Pd_m-αs, Pv_m-δ, and Pv_m-χ) can describe the target stably under different scenarios, thereby improving the cross-domain classification accuracy. In the cross-domain classification from images with different sensors over the same area, based on the proposed method, the classification accuracy is above 85%, which is 8% higher than that of the UDA method since the cross-domain feature distribution shift is much alleviated. Moreover, for the cross-domain classification from images acquired over different scenes, the proposed method yields classification results with an accuracy of 3% to 5% higher than that of the UDA method. In polarimetric SAR terrain type classification, most studies only consider the FP information and do not consider other partial polarimetric information, such as the CP information. By combining FP and CP features, especially the circular CP mode (θ = π/4, χ = π/4), the classification accuracy of cross-domain terrain type can be steadily improved. In addition, in cross-crop type image classification based on the FP + GCP SAR images, it is found that the degree of scene similarity affects the classification accuracy.
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Figure 1. The Pauli decomposition of FP SAR data ((a–d) are SAR images from four radar satellites (RADARSAT-2, ALOS-1, ALOS-2, and GF-3) of San Francisco, respectively. (e) is a SAR image from GF-3 of Qingdao. (f) is a SAR image from RADARSAT-2 of Jiangsu. And (g) is a SAR image from RADARSAT-2 of Yellow River). 
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Figure 2. Field investigation pictures of five kinds of ground objects in Jiangsu ((a) T-H. (b) D-J. (c) urban. (d) shoal. (e) water). 






Figure 2. Field investigation pictures of five kinds of ground objects in Jiangsu ((a) T-H. (b) D-J. (c) urban. (d) shoal. (e) water).



[image: Agriculture 14 01511 g002]







[image: Agriculture 14 01511 g003] 





Figure 3. Field investigation pictures of three kinds of ground objects in Yellow River ((a) wheat. (b) water. (c) urban). 
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Figure 4. Flow chart of the methodology. 
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Figure 5. Feature importance ranking for source and target domains for CP SAR data with circular polarization transmitting. 
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Figure 6. The overall accuracy of cross-domain classification from SAR satellites with different band channels based on the UDA method for CP SAR data with circular polarization transmitting ((a) SA result. (b) TCA result. (c) JDA result. (d) CORAL result. (e) BDA result. (f) GFK result. (g) MEDA result. (h) MEAN result). 
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Figure 7. The overall accuracy of cross-domain classification for CP SAR data with circular polarization transmitting ((a) mean accuracy of cross-domain image classification. (b) mean accuracy of different SAR frequency bands cross-domain image classification. All CP-UDA: cross-domain classification based on all CP features. GFRS-UDA: cross-domain classification based on Gini coefficient feature ranking only in the source domain. GFRST-UDA: cross-domain classification based on the proposed method. Supervision: supervised classification based on the K-Nearest Neighbor classifier). 
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Figure 8. Cross-domain images (ALOS1-Sanf→GF3-Sanf) classification maps for CP SAR data with circular polarization transmitting ((a) SA result. (b) GFRS-SA result. (c) GFRST-SA result. (d) Supervision result). 
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Figure 9. The scatter plots of source and target domains feature alignment (a–d) UJDA scatter plots. (a1–d1) GFRS-UJDA scatter plots. (a2–d2) GFRST-UJDA scatter plots. (a,a1,a2) scatter plots of the source domain. (b,b1,b2) scatter plots of the aligned source domain. (c,c1,c2) scatter plots of the aligned target domain. (d,d1,d2) scatter plots of the target domain.). 
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Figure 10. The histograms of the dispersion coefficient of source and target domains and aligned source and target domains ((a–c) are histograms of dispersion coefficient based on UJDA, GFRS-UJDA, and GFRST-UJDA methods, respectively). 
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Figure 11. The overall accuracy statistics of cross-domain image classification for CP SAR data with circular polarization transmitting. 
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Figure 12. Cross-domain image classification results for CP SAR data with circular polarization transmitting ((a–d) (GF3-Qingdao→RS2-sanf) and (a1–d1) (ALOS2-sanf→GF3-Qingdao) are cross-domain image classification maps based on SA, GFRS-SA, GFRST-SA, and supervision classification methods, respectively). 
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Figure 13. The scatter plots of source and target domain feature alignment ((a–d) JDA scatter plots. (a1–d1) GFRST-JDA scatter plots. (a,a1) scatter plots of the source domain. (b,b1) scatter plots of the aligned source domain. (c,c1) scatter plots of the aligned target domain. (d,d1) scatter plots of the target domain). 
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Figure 14. The overall accuracy of cross-domain classification based on the UDA and GFRST-UDA methods for the FP + GCP SAR data ((a–d) are overall accuracy for the FP + CP SAR (θ = π/4, χ = π/4), the FP + CP SAR (θ = π/4, χ = π/6), the FP + CP SAR (θ = π/4, χ = π/8), and the FP + CP SAR (θ = π/4, χ = 0), respectively). 
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Figure 15. Cross-domain image classification results for the FP + CP SAR (θ = π/4, χ = π/4) data (a–h) SA results. (a1–h1) GFRST-SA results. The results from (a–h) and from (a1–h1) correspond to eight cross-domain pair classification maps, respectively. 
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Figure 16. The overall accuracy statistics of cross-domain classification for the FP + CP SAR and the FP SAR data, respectively ((a) UDA result. (b) GFRST-UDA result). 
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Figure 17. The overall accuracy of cross-domain classification based on the UDA and GFRST-UDA methods for the GCP SAR data (a–d) are overall accuracy for the FP + CP SAR (θ = π/4, χ = π/4), the FP + CP SAR (θ = π/4, χ = π/6), the FP + CP SAR (θ = π/4, χ = π/8), and the FP + CP SAR (θ = π/4, χ = 0), respectively. 
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Figure 18. Cross-domain image classification maps for the FP + CP SAR (θ = π/4, χ = π/4), the FP + CP SAR (θ = π/4, χ = π/6), the FP + CP SAR (θ = π/4, χ = π/8), the FP + CP SAR (θ = π/4, χ = 0) and the FP SAR data based on the GFRST-USA method, respectively ((a–e,a1–e1,a2–e2,a3–e3) are cross-domain images (GF3 Qingdao, RS2 Sanf, RS2 Jiangsu T-H and RS2 Jiangsu D-J→RS2 Yellow River) results, respectively). 
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Figure 19. The overall accuracy of cross-domain classification for the FP + CP SAR and the FP SAR data, respectively ((a) UDA result. (b) GFRST-UDA result). 
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Table 1. FP SAR data parameters of multiple radar satellite data for the multi-study area.
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	Data Acquisition (D/M/Y)
	SAR Frequency Band
	Pixel Spacing (A × R, m)
	Center Incidence Angle (°)
	Study Area
	Satellite Sensor





	9 April 2008
	C band
	4.73 × 4.82
	28.92
	San Francisco, CA, USA
	RADARSAT-2



	11 November 2009
	L band
	9.37 × 3.54
	23.87
	San Francisco, CA, USA
	ALOS-1 PALSAR-1



	24 March 2015
	L band
	2.86 × 3.21
	33.88
	San Francisco, CA, USA
	ALOS-2 PALSAR-2



	27 March 2018
	C band
	2.25 × 5.79
	31.35
	San Francisco, CA, USA
	GF-3



	20 September 2017
	C band
	4.50 × 5.00
	48.75
	Qingdao, China
	GF-3



	16 September 2015
	C band
	5.20 × 7.60
	39.95
	Jiangsu, China
	RADARSAT-2



	31 March 2023
	C band
	4.73 × 4.74
	26.70
	Yellow River, China
	RADARSAT-2










 





Table 2. Feature parameters of GCP SAR data.
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	Parameter Extraction Method
	Feature Component
	Feature Number





	Stokes matrix
	g0, g1, g2, g3
	4



	Backscattering intensity
	σCV, σCR, σCH, σCL [14]
	4



	m-δ decomposition
	Ps_m-δ, Pd_m-δ, Pv_m-δ
	3



	m-χ decomposition
	Ps_m-χ, Pd_m-χ, Pv_m-χ
	3



	m-αs decomposition
	Ps_m-αs, Pd_m-αs, Pv_m-αs
	3



	H/α decomposition
	H, α, A
	3



	ΔαBCP/αBCP decomposition
	ΔαBCP, αBCP [8]
	2



	Total
	-
	22










 





Table 3. Feature parameters of FP SAR data.
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	Parameter Extraction Method
	Feature Component
	Feature Number





	H/α decomposition
	H_Full, α_Full, A_Full
	3



	Freeman decomposition
	Ps_F, Pd_F, Pv_F
	3



	ΔαB/αB decomposition [46]
	αB, ΔαB, Φ
	3



	Yamaguchi decomposition [47]
	Ps_Y, Pd_Y, Pv_Y, Ph_Y
	4



	Pauli decomposition
	Pauli_1, Pauli_2, Pauli_3
	3



	Polarization characteristics of the rotating domain [48]
	Re[T12(θnull)], Im[T12(θnull)], Re[T23(θnull)]
	3



	Polarimetric coherency matrix
	T11, T22, T33
	3



	Total
	-
	22










 





Table 4. Experimental groups for different cross-domain classification.
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Experimental Transfer Group 1

	
Experimental Transfer Group 2

	
Experimental Transfer Group 3

	
Experimental Transfer Group 4






	

	
Source Domain→Target Domain

	

	
Source Domain→Target Domain

	

	
Source Domain→Target Domain

	

	
Source Domain→Target Domain




	
a

	
ALOS1-Sanf→RS2-Sanf

	
a

	
GF3-Qingdao→RS2-Sanf

	
a

	
GF3-Qingdao→RS2-Sanf

	
a

	
GF3-Qingdao→RS-2 Yellow River




	
b

	
ALOS2-Sanf→RS2-Sanf

	
b

	
GF3-Qingdao→ALOS1-Sanf

	
b

	
GF3-Qingdao→ALOS1-Sanf

	
b

	
RS2-Qingdao→RS-2 Yellow River




	
c

	
GF3-Sanf→RS2-Sanf

	
c

	
GF3-Qingdao→ALOS2-Sanf

	
c

	
GF3-Qingdao→ALOS2-Sanf

	
c

	
Jiangsu T-H→RS-2 Yellow River




	
d

	
RS2-Sanf→ALOS1-Sanf

	
d

	
GF3-Qingdao→GF3-Sanf

	
d

	
GF3-Qingdao→GF3-Sanf

	
d

	
Jiangsu D-J→RS-2 Yellow River




	
e

	
ALOS2-Sanf→ALOS1-Sanf

	
e

	
ALOS2-Sanf→GF3-Qingdao

	
e

	
RS2-Sanf→GF3-Qingdao

	
-




	
f

	
GF3-Sanf→ALOS1-Sanf

	
-

	
f

	
ALOS1-Sanf→GF3-Qingdao

	
-




	
g

	
RS2-Sanf→ALOS2-Sanf

	
-

	
g

	
ALOS2-Sanf→GF3-Qingdao

	
-




	
h

	
ALOS1-Sanf→ALOS2-Sanf

	
-

	
h

	
GF3-Sanf→GF3-Qingdao

	
-




	
i

	
GF3-Sanf→ALOS2-Sanf

	
-

	
-

	
-




	
j

	
RS2-Sanf→GF3-Sanf

	
-

	
-

	
-




	
k

	
ALOS1-Sanf→GF3-Sanf

	
-

	
-

	
-




	
l

	
ALOS2-Sanf→GF3-Sanf

	
-

	
-

	
-











 





Table 5. Feature selection parameters based on the GFRST method for CP SAR data with circular polarization transmitting.
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	RS2→ALOS1
	RS2→ALOS2
	RS2→GF3
	ALOS1→ALOS2
	ALOS1→GF3
	ALOS2→GF3





	Feature Number
	13
	11
	13
	13
	11
	11



	Optimal parameters
	Pd_m-δ, g1, σCL, Pd_m-χ, Pd_m-αs, g0, αBCP, σCR, α, σCH, Pv_m-αs, Pv_m-δ, Pv_m-χ
	Pd_m-δ, g1, σCL, Pd_m-χ, Pd_m-αs, g0, σCR, σCH, Pv_m-αs, Pv_m-δ, Pv_m-χ
	g1, σCL, Pd_m-αs, g0, αBCP, σCR, α, σCH, Pv_m-αs, Pv_m-δ, Pv_m-χ, H, A
	Ps_m-αs, Pd_m-αs, Pd_m-χ, Pd_m-δ, g1, σCV, σCL, σCR, g0, Pv_m-δ, σCH, Pv_m-χ, Pv_m-αs
	αBCP, α, Pd_m-αs, g1, σCL, σCR, g0, Pv_m-δ, σCH, Pv_m-χ, Pv_m-αs
	Ps_m-δ, g1, Ps_m-χ, Pd_m-αs, Pv_m-αs. Pv_m-δ

σCR. Pv_m-χ, σCL, g0, σCH










 





Table 6. The overall accuracy of cross-different sensors classification based on the GFRST-UDA method for CP SAR data with circular polarization transmitting.
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ALOS1→RS2

	
ALOS2→RS2

	
GF3→RS2

	
RS2→ALOS1

	
ALOS2→ALOS1

	
GF3→ALOS1

	
RS2→ALOS2

	
ALOS1→ALOS2

	
GF3→ALOS2

	
RS2→GF3

	
ALOS1→GF3

	
ALOS2→GF3






	
GFRST-SA

	
0.938

	
0.961

	
0.935

	
0.832

	
0.958

	
0.821

	
0.895

	
0.948

	
0.726

	
0.945

	
0.914

	
0.804




	
GFRST-TCA

	
0.936

	
0.968

	
0.935

	
0.842

	
0.940

	
0.882

	
0.879

	
0.905

	
0.863

	
0.945

	
0.931

	
0.779




	
GFRST-JDA

	
0.943

	
0.963

	
0.949

	
0.847

	
0.947

	
0.835

	
0.953

	
0.951

	
0.926

	
0.940

	
0.917

	
0.940




	
GFRST-CORAL

	
0.922

	
0.956

	
0.934

	
0.793

	
0.957

	
0.807

	
0.797

	
0.959

	
0.795

	
0.950

	
0.921

	
0.782




	
GFRST-BDA

	
0.943

	
0.965

	
0.949

	
0.847

	
0.947

	
0.836

	
0.839

	
0.951

	
0.926

	
0.940

	
0.917

	
0.940




	
GFRST-GFK

	
0.940

	
0.956

	
0.940

	
0.831

	
0.959

	
0.822

	
0.894

	
0.949

	
0.728

	
0.942

	
0.914

	
0.803




	
GFRST-MEDA

	
0.944

	
0.968

	
0.970

	
0.841

	
0.946

	
0.930

	
0.967

	
0.942

	
0.960

	
0.937

	
0.921

	
0.939




	
Supervised classification

	
0.987

	
0.977

	
0.944

	
0.979











 





Table 7. The overall accuracy of cross-different areas classification based on the GFRST-UDA method for CP SAR data with circular polarization transmitting.
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	GF3-Qingdao→RS2-Sanf
	GF3-Qingdao→ALOS1-Sanf
	GF3-Qingdao→ALOS2-Sanf
	GF3-Qingdao→GF3-Sanf
	ALOS2-Sanf→GF3-Qingdao





	GFRST-SA
	0.913
	0.957
	0.884
	0.899
	0.908



	GFRST-TCA
	0.881
	0.942
	0.872
	0.851
	0.920



	GFRST-JDA
	0.937
	0.920
	0.914
	0.898
	0.935



	GFRST-CORAL
	0.839
	0.948
	0.896
	0.891
	0.524



	GFRST-BDA
	0.930
	0.934
	0.900
	0.901
	0.913



	GFRST-GFK
	0.878
	0.922
	0.879
	0.889
	0.867



	GFRST-MEDA
	0.901
	0.915
	0.869
	0.874
	0.914



	Supervised classification
	0.987
	0.977
	0.944
	0.979
	0.980










 





Table 8. The overall accuracy of the cross-domain classification based on the UDA and GFRST-UDA methods for the FP + CP SAR data with circular polarization transmitting.






Table 8. The overall accuracy of the cross-domain classification based on the UDA and GFRST-UDA methods for the FP + CP SAR data with circular polarization transmitting.
















	
	GF3 Qingdao→RS2 Sanf
	GF3 Qingdao→ALOS1-Sanf
	GF3 Qingdao→ALOS2 Sanf
	GF3 Qingdao→GF3-Sanf
	RS2 Sanf→GF3 Qingdao
	ALOS1 Sanf→GF3 Qingdao
	ALOS2 Sanf→GF3 Qingdao
	GF3 Sanf→GF3 Qingdao





	SA
	0.886
	0.948
	0.912
	0.874
	0.784
	0.958
	0.976
	0.795



	GFRST-SA
	0.972
	0.970
	0.962
	0.942
	0.970
	0.980
	0.980
	0.982



	CORAL
	0.831
	0.852
	0.897
	0.844
	0.794
	0.937
	0.949
	0.802



	GFRST-CORAL
	0.967
	0.937
	0.937
	0.942
	0.979
	0.980
	0.981
	0.984



	JDA
	0.933
	0.960
	0.932
	0.928
	0.885
	0.983
	0.980
	0.908



	GFRST-JDA
	0.967
	0.987
	0.985
	0.941
	0.979
	0.986
	0.985
	0.979



	GFK
	0.900
	0.930
	0.910
	0.868
	0.798
	0.953
	0.979
	0.768



	GFRST-GFK
	0.971
	0.958
	0.943
	0.952
	0.966
	0.979
	0.982
	0.983



	BDA
	0.931
	0.936
	0.939
	0.922
	0.958
	0.976
	0.978
	0.970



	GFRST-BDA
	0.973
	0.990
	0.987
	0.928
	0.975
	0.983
	0.990
	0.988



	MEDA
	0.912
	0.969
	0.935
	0.912
	0.923
	0.976
	0.991
	0.897



	GFRST-MEDA
	0.985
	0.995
	0.997
	0.957
	0.990
	0.986
	0.991
	0.993
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