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Abstract—This study evaluates the impacts of three booster 
types (two tree-based and one linear model) in extreme gradient 
boosting (XGBoost) for crop classification using multi-temporal 
PolSAR (Polarimetric Synthetic Aperture Radar) images. 
Ensemble learning algorithms have received great attention in 
remote sensing for classification due to their greater 
performance compared to single classifiers in terms of accuracy. 
Extreme gradient boosting is the regularized extension of 
traditional boosting techniques and could overcome the 
overfitting constrain of gradient boosting (a.k.a gradient 
boosting machine). Three types of booster which are linear 
booster, tree booster and DART (Dropouts meet Multiple 
Additive Regression Trees) booster were tested on XGBoost for 
crop classification. From the multi-temporal PolSAR data, two 
types of polarimetric dataset (linear backscatter coefficients and 
Cloude–Pottier decomposed parameters) were extracted and 
incorporated into the classification step. The impacts of 
polarimetric features for crop classification were also analyzed 
in detailed besides exploring the boosting types of XGBoost. Our 
experimental results demonstrated that tree booster and DART 
booster were found to be superior compared the linear booster 
in terms of overall classification accuracy for both polarimetric 
dataset. The highest classification accuracy (87.97%) was 
achieved by tree booster with linear backscatter coefficients. 
Furthermore, linear backscatter coefficients achieved higher 
performance with respect to Cloude–Pottier decomposition in 
terms of classification accuracy. 
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I. INTRODUCTION 
Crops, by their nature, are significantly affected by climate 

change and accordingly have very dynamic and 
heterogeneous pattern in terms of spatio-temporal domain. 
These changes requires the mapping of the crop distribution 
and changes over time for the sustainable management and 
development of croplands [1,2]. For this matter, remote 
sensing technology provides unique advantages with its cost-
effective solutions and synoptic viewing capability in 
temporal domain. In particular, Synthetic Aperture Radar 
(SAR) images could be of service for timely monitoring of 
croplands when cloud-free optical sensors are limited to be 
operational [3]. SAR signals are sensitive to crop structural 
characteristics and dielectric properties, and hence SAR 
images could provide unique textural and geometric 
information for crops. PolSAR images, with respect to single 
or dual polarized images, provides richer information content 

in terms of different types of scattering since crops are 
polarization-dependent [4,5].  

 PolSAR images are complex-valued data where each pixel 
has complex-valued vectors, required to be projected (or 
converted) to the real domain [6]. Such projection makes the 
interpretation and analysis of PolSAR data more 
comprehensible and transferable. For this purpose, 
polarimetric target decompositions or PolSAR-spesific 
feature extraction methods (radar vegetation index, total 
scattering power, pedestral height, polarimetric discriminators 
etc.) are commonly used [7,8]. In this study, we chose the 
polarimetric target decomposition for this analysis.  

 Polarimetric target decompositions are grouped into two 
subcategories: (i) coherent and (ii) incoherent 
decompositions. Coherent decompositions based on Sinclair 
scattering matrix while incoherent decomposition based on 
coherency/covariance matrix. For distibuted targets (i.e. 
natural targets), incoherent target decompositions are more 
suitable to characterize the complex scattering mechanism. 
Incoherent decompositions are divided into two 
subcategories: (i) model-based (e.g., Freeman---Durden or 
Yamaguchi) and (ii) eigenvalue-eigenvector-based 
decompositions (Cloude–Pottier or Touzi). In this study, we 
implemented Cloude–Pottier (a.k.a H/A/� where H: entropy, 
A: anisotropy and �: alpha angle) decomposition that provides 
unique mathematical outputs to be interpreted for 
understading the complex scattering mechanism. Cloude–
Pottier decomposition do not provide the direct features 
representing the different scattering types for targets however 
extracted polarimetric features have to be analysed and 
interpreted. The entropy measures randomness degree of the 
scattering and varies between 0-1. The alpha angle indicates 
the scattering types for the target and values from 0 to 90 
degrees. The anisotropy describes the relative importance 
between second and third eigenvalues [7,9]. 

Ensemble learning algorithms (a.k.a multiple classifiers) 
have been of great interests by data scientists because of their 
superiority compared to single classifiers in terms of 
classification performance and computational time [10,11]. In 
the last few year, recently developed ensemble learning 
algorithms have been tested in remote sensing image 
classification, such as canonical correlation forest (CCF), 
extreme gradient boosting (XgBoost), Light Gradient 
Boosting Machine (LightGBM), ForestPA and deep forest 
[12-17].  



In this study, we preferred the XgBoost for classification 
since XgBoost gained the great popularity in data science and 
found to be the winning solutions of many machine learning 
competitions [18]. 

 This study investigates the impacts of three booster types 
(two tree-based and one linear model) in extreme gradient 
boosting (XGBoost) for crop classification using multi-
temporal PolSAR images. Furthermore, extracted two 
polarimetric features (linear backscatter and polarimetric 
decomposed features) were compared in terms of overall 
classification accuracy. 

The remainder of this article is organized as follows. Section 
2 describes the study area, data characteristics and 
classification algorithm. Section 3 presents and discusses the 
experimental results. Conclusions and future research topics 
are provided in Section 4. 

II. METHODOLOGY 

A. Study area and Data  
The study area is located in Konya, Turkey and 

approximately situated approximately 65 km north of Konya 
city center (see Figure 1). The study area is flat and favorable 
for precision agriculture, that is covered from only with 
croplands including maize, potato, wheat, sunflower and 
alfalfa . RGB composite image of the study area can be seen 
in Figure 1. 

 
Figure 1: Study area 

A total of four fine-quad polarimetric mode (FQW) 
RADARSAT-2 PolSAR images were acquired from June 13 
to August 24 in 2016 for the study site. The data were acquired 
in single look complex data format to able to generate 
polarimetric features using decomposition methods. The 
resolution of the imagery is 4.7 m × 5.1 m in the range and 
azimuth direction, respectively. The specifications of the 
RADARSAT-2 images are presented in Table 1.  

TABLE I.  IMAGE SPECIFICATIONS 

Image Specifications 
Sensor Type RADARSAT-2 

Wavelength C band- 5.6 cm 

Resolution 4.7 m × 5.1 m  
(range × azimuth) 

Incidence Angle 400 

Pass Direction Descending 

Acquisition Type Fine Quad Pol 

Polarization Full Polarimetric 

Nominal Scene Size 25 km × 25 km  

Acquisition Times June 13, July 7, July 31 
and August 24 in 2016 

Product Type Single Look Complex 

 

For each data acquisition time, field work was carried out 
and ground truth information was collected. Table II shows 
the ground truth information (incl. training and testing data) 
and crop type information for the study area.  

TABLE II.  GROUND TRUTH INFORMATION 

Class Training Set 
(in pixel) 

Testing Set 
(in pixel) 

Alfalfa 1918 3542 

Maize  5581 14217 

Potato 2274 10604 

Sunflower 3524 6338 

Wheat 3729 8915 

 

RGB composite images of the study area for each 
acquisition time could be seen in Figure 2. These images are 
the final product of pre-processed data from the linear 
backscatter. 

 
Figure 2: Study area 



B. Extreme Gradient Boosting 
XgBoost received the great popularity and attention 

recently in data science since it was the first choice of teams 
winning the many machine learning competitions at 
Kaggle[18]. It is an optimized distributed gradient-boosting 
machine learning library that was developed by Tianqi Chen 
and Carlos Guestrin from University of Washington [19]. 
XgBoost is also called as a scalable end-to-end tree boosting 
system where developers proposed a novel sparsity-aware 
algorithm and weighted quantile sketch for the learning 
process[19]. The popularity of XgBoost comes from its faster 
processing time and higher performance compared to existing 
boosting frameworks where the underlying factor is 
XGBoost’s scalability in all scenarios. The parameters of 
XGBoost used in our experiment are listed in Table III. 

TABLE III.  XGBOOST PARAMETERS 

Parameter Value 

nrounds 100 

learning_rate 0.05 

gamma 0 

max_depth 5 

min_child_weight 1 

subsample 0.8 

colsample_bytree 0.8 

 

XgBoost has been tested in only a few studies in remote 
sensing for the classification of SAR data. Dong et al. [20] 
tested the Chinese Gaofen-3 PolSAR images for land cover 
classification using polarimetric spatial information and 
XGBoost. In terms of polarimetric features, they also used the 
polarimetric features from Cloude–Pottier. They reached up to 
89% classification accuracy. Jiang et al. [21] investigated the 
Sentinel-1 and Sentinel-2 time series data for the early season 
mapping of sugarcane using random forest classification and 
XGBoost. Their experimental results demonstrated XGBoost 
showed greater performance than random forest classification 
in terms of computation speed. 

III. RESULTS AND DISCUSSION 
In this section, overall classification, kappa coefficient as 

well as class-based accuracies (based on F1-scores) are 
presented.  

TABLE IV.  OVERALL CLASSIFICATION ACCURACIES 

Classification Accuracy (%) 

Booster Type Linear 
Backscatter 

Cloude–Pottier 
decomposition 

Tree booster 87.97 78.72 

DART booster 87.89 78.78 

Linear booster 80.12 61.73 

Kappa coefficient 

Tree booster 0.8411 0.7178 

DART booster 0.8400 0.7187 

Linear booster 0.7345 0.4657 

The highest classification accuracy (87.97%) was 
achieved by tree booster with linear backscatter coefficients, 
followed DART booster (87.89%) linear booster (80.12%) for 
both with linear backscatter coefficients. For all booster types, 
linear backscatter coefficients achieved higher performance 
with respect to Cloude–Pottier decomposition in terms of 
classification accuracy. The classified images are depicted in 
Figure 3. 

 
Figure 3: Classified Images 

The class-based accuracies (based on F1-scores) for linear 
backscatter and Cloude-Pottier decomposition are listed in 
Table V and VI, respectively. 

TABLE V.  F1-SCORES FOR LINEAR BACKSCATTER 

Class Tree 
Booster 

DART 
Booster 

Linear 
Booster 

Alfalfa 0.37 0.36 0.00 

Maize 0.86 0.86 0.81 

Potato 0.94 0.93 0.80 

Sunflower 0.95 0.95 0.93 

Wheat 0.97 0.97 0.82 

TABLE VI.  F1-SCORES FOR CLOUDE–POTTIER DECOMPOSITION 

Class Tree 
Booster 

DART 
Booster 

Linear 
Booster 

Alfalfa 0.27 0.27 0.00 

Maize 0.76 0.76 0.63 

Potato 0.70 0.70 0.05 

Sunflower 0.99 0.99 0.93 

Wheat 0.95 0.95 0.85 

 

The linear backscatter outperformed the Cloude-Pottier 
decomposition in terms of the F1-score values for alfalfa, 
maize, potato and wheat whereas the Cloude-Pottier 
decomposition yielded higher F1-score value than for linear 
backscatter for sunflower. This contradiction shows that crops 
have various scattering characteristics and hence the impact in 
the classification accuracy. It was also noted that alfalfa could 
not be classified through linear booster for both linear 
backscatter and Cloude-Pottier decomposition. The reason of 
this failure might be the less number of training data for alfalfa 
compared to other crop types in our experimental study.  



IV. CONCLUSION 
This paper investigated the comparative performance of 

booster types for XGBoost classification for crop 
classification. Also, class-based comparative analysis was 
conducted to investigate how crops behaves for each booster 
types.  

Our experimental results demonstrated that tree-based 
booster types provided similar accuracies to each other and 
outperformed linear booster. The highest classification 
accuracy (87.97%) was achieved by tree booster with linear 
backscatter coefficients When F1-score values were 
investigated, it was concluded that linear backscatter 
outperformed the Cloude-Pottier decomposition except 
sunflower. The main drawback of the XGBoost algorithm is 
the high number of parameters and their optimization. Authors 
addresses the need of in-depth parameter analysis of XGBoost 
to determine the impact of each parameter on classification 
accuracy. Our future research will focus on testing the model 
based decomposition with XGBoost for crop classification 
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