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 Polarimetric Synthetic Aperture Radar (PolSAR) images are considered as an important 
data source for the crop mapping and monitoring especially for the time-critical 
agricultural applications. The objective of this paper is to evaluate the potential of a novel 
ensemble learning algorithm, Regularized Greedy Forest (RGF), for crop classification 
from multi-temporal quad-pol PolSAR data. For the classification of crops (maize, potato, 
wheat, sunflower, and alfalfa) in the study site, the polarimetric features of Cloude–
Pottier decomposition (a.k.a H/A/α decomposition) were used as the input data. The 
performance of RGF was compared to Random Forests (RF) and Support Vector 
Machines (SVM) in terms of overall accuracy and Kappa values. Our experimental results 
demonstrated that RGF can yield higher accuracy (with an overall accuracy of 0.78) than 
RF and SVM for crop classification using PolSAR images. Moreover, it can be concluded 
that polarimetric features of Cloude–Pottier decomposition are of efficient for the 
discrimination of crops using multi-temporal PolSAR data. 

 
 
 
 
 
 

1. Introduction  
 

Crop classification is one of the vital and important applications in remote sensing since this information could 
be used as an input data for crop yield estimation, agricultural planning as well as spatio-temporal monitoring of 
crops.  Spaceborne SAR images are usually preferred for the time-critical agricultural applications because SAR 
signals are sensitive to the crop structure and dielectric properties. In particular, PolSAR images provide more 
detailed information for agronomic characteristics as they record the complete characteristics of the scattering in 
each polarization for the natural targets [1-4]. 

Polarimetric target decompositions (or target decompositions) are used for easier understanding and simpler 
interpretation of the complex scattering characteristics of natural and man-made targets [3, 5-7]. In this 
experimental research, we implemented the Cloude–Pottier decomposition (a.k.a. H/A/α decomposition) that is a 
type of eigenvector-based decomposition.  

Over the last two decades, a wealth of ensemble learning algorithms has been utilized in remote sensing such 
as random forests [8], extremely randomized trees [9-10] (a.k.a. extra trees), canonical correlation forest [11-12], 
extreme gradient boosting (XgBoost) [13], Light Gradient Boosting Machine (LightGBM) [14] and deep forest [15]. 
We chose Regularized Greedy Forest (RGF) in this experimental research since the regularized greedy forest 
algorithm has not been fully explored yet for the crop classification using multi-temporal PolSAR data. 
Furthermore, we compared the classification performance of RGF with the two popular and well-established 
machine learning algorithms in remote sensing, namely RF and SVM. 
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In this paper, we consider the following questions. (1) Can RGF yield higher accuracy than RF and SVM for 
PolSAR image classification in our experimental research? (2) Are polarimetric features of Cloude–Pottier 
decomposition sufficient for crop discrimination from multi-temporal PolSAR data? The major contributions of 
our experimental study can be shortly summarized as follows. 

(1) We investigated the regularized greedy forest algorithm for the crop classification using the polarimetric 
features from Cloude–Pottier decomposition. 

(2) The performance of RGF in comparison to RF and SVM was evaluated for crop classification from multi-
temporal PolSAR images. 

The rest of the paper is organized as follows. Section 2 introduces the study area and data. PolSAR data 
processing and classification models are summarized in Section 3. The details of the experimental results and their 
discussion are presented in Section 4. And following in Section 5, the final conclusions and some important 
remarks are provided. 
 

2. Study area and data 
 

In this section, the study area site and the details of the multi-temporal PolSAR dataset will be presented. 
 

2.1. Study area 
 

The study site corresponds to the agricultural fields close the province of Konya, Turkey, illustrated in Figure 
1. The region has a flat topography and favorable climate conditions for precision farming. The main crop types 
covering the study site are alfalfa, maize, potato, summer wheat and sunflower. In-situ data was collected 
simultaneously at the acquisition dates of the PolSAR images. 
 

 
Figure 1. Study area [14] 

 

2.2. Multi-temporal PolSAR dataset  
 

The Multi-temporal quad-polarimetric RADARSAT-2 data (single look complex with fine quad-polarization 
acquisition mode) was used in our experimental study. The data was acquired for the key dates of the crops as 
follows: June 13, July 7, July 31 and August 24 of 2016. The data specifications are presented in Table 1. 
 

Table 1. PolSAR Data Specifications 

Specifications Description 

Wavelength C band - 5.6 cm 

Resolution (in m) 4.7 x 5.1 (rg x az) 

Incidence angle 400 

Pass direction Descending 

Acquisition type Fine quad pol 

Polarization Quad polarimetric 

Product type Single look complex 
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3. Methods 
 

3.1. PolSAR data processing 
 

Some pre-processing steps for PolSAR data processing are required in order to extract the relevant and proper 
polarimetric features from target decompositions. In our experimental study, the data pre-processing includes the 
following steps: (1) data calibration; (2) matrix generation (from coherency matrix); (3) extraction of polarimetric 
features from Cloude-Pottier decomposition; and (4) orthorectification. All pre-processing steps were 
implemented using open-source SNAP (The Sentinel Application Platform) v6.0 toolbox, provided by European 
Space Agency. The data processing steps were illustrated in Figure 2.  
 

 
Figure 2. PolSAR Data Processing and Classification  

 

The Cloude-Pottier decomposition (also known as H/A/α decomposition) is an eigenvector-based 
decomposition of coherency matrix and separates the total scattering mechanism into three polarimetric features 
(averaged parameters) which are entropy (H), anisotropy (A) and alpha angle (α). Each feature type provides 
different information regarding the scattering mechanism such as entropy measures the randomness level of 
scattering and the alpha angle defines the scattering type of targets (i.e., surface, double-bounce and volume 
scattering). And the latter parameter, anisotropy, is helpful to demonstrate the differences between the scattering 
mechanisms [4-5,14,16]. 
 
 
3.2. Image classification  
 

In this experimental study, three different machine learning algorithms were implemented for the crop 
classification from multi-temporal C-band PolSAR images. The details for training and testing samples were 
provided in Table 2. The brief summary of the classification models is provided in the following paragraphs.  
 

Table 2. Ground Truth Information 

Class Training Testing Total 

Alfalfa 1918 3542 5460 

Maize 5581 14217 19798 

Potato 2275 10604 12879 

Sunflower 3729 8915 12644 

Wheat 3524 6338 9862 
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Regularized Greedy Forest (RGF) is a type of tree-based ensemble learning algorithm, developed by [17]. RGF 
builds decision forests via fully-corrective regularized greedy search by using the underlying forest structure. 
Fully-corrective regularized greedy search algorithm recursively re-optimizes the coefficients of all decision rules. 
The novelty of this method is that it combines two ideas: (1) tree-structured regularization into the learning 
formulation and (2) fully-corrective regularized greedy algorithm. The classification was performed by using the 
python wrapper of RGF [18]. 

The Random Forest is one the most frequently used ensemble learning algorithms in remote sensing image 
classification. RF creates a set of decision trees to make a prediction and the final output of the classifier is 
determined by the majority voting of the trees [19]. Support Vector Machines are one of the popular kernel-based 
learning algorithms and based on statistical learning theory. SVM use the kernels to map the data into higher 
dimensional space for the linear separation of classes. Radial Basis Function kernel was used in our experiment 
[20-21]. SVM and RF classifications were performed using the open-source Scikit-learn (v 0.19) module in Python 
v3.6.4 [22]. 
 
4. Experimental results and discussion 
 

The classification performance of Regularized Greedy Forest in comparison to RF and SVM was analyzed in our 
experimental study for the classification of crops from multi-temporal PolSAR data. The overall accuracy of the 
classified images was derived from the error matrix and the comparison of the methods was assessed in terms of 
overall accuracy and kappa coefficients. Table 3 presents the overall accuracies and kappa coefficients for the 
classification algorithms. The highest classification accuracy (overall accuracy of 78.65% and kappa coefficient of 
0.72) was produced with RGF while lowest classification accuracy (overall accuracy of 75.08% and kappa 
coefficient of 0.67) was obtained by SVM. The classified images for each method were presented in Figure 3. 
 

Table 3. Classification Accuracies 

Methods Overall Accuracy (%) Kappa 

SVM 75.08 0.67 

RF 76.52 0.69 

RGF 78.65 0.72 

 

 
Figure 3. Classified Images 
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Individual class accuracies were assessed based on F1-score which is the harmonic mean of the user accuracy 
and producer accuracy values. Table 4 presents the individual class accuracies (based on F1-score) for each 
classification method. 

 
Table 4. Individual class accuracies (F1-score) 

Methods RGF RF SVM 

Alfalfa 0.26 0.26 0.28 

Maize 0.76 0.74 0.72 

Potato 0.70 0.63 0.66 

Sunflower 0.99 0.99 0.97 

Wheat 0.95 0.95 0.93 

 
Sunflower is the most accurate classified class (0.99) while alfalfa is the least accurate classified class (0.26) in 

which F1-score could not reach up to the 0.30. SVM predicted the alfalfa class more accurate than other methods 
though it yielded the lowest classification accuracy.  Moreover, SVM obtained higher F1-score than RF for potato 
and alfalfa classes. Wheat is the second most accurate predicted class in our experimental study where it was 
predicted above the F-1 score values of 0.90. 
 
 

5. Conclusion  
 

This research investigated the performance of a novel ensemble learning algorithm, RGF, in comparison to RF 
and SVM for the crop classification from multi-temporal PolSAR images. The Cloude-Pottier decomposition was 
implemented for the extraction of the polarimetric features. Our experimental results demonstrated the following 
conclusions: 1) RGF can yield higher classification accuracy than RF and SVM for the classification of multi-
temporal PolSAR images 2) the polarimetric parameters derived from Cloude-Pottier decomposition are suitable 
for the crop classification. Our future research will focus on the extensive analysis of the polarimetric features 
derived from incoherent polarimetric decompositions for the crop classification. 
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