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ABSTRACT 

Forest type mapping, is one the most necessary elements in the forest management and silviculture treatments. 
Traditional methods such as field surveys are almost time-consuming and cost-intensive. Improving on satellite data 
sources and classification methods are preparing new opportunities for obtaining the accurate forest biophysical 
attributes maps. This research compares performance of three non-parametric and tree-based algorithms i.e. the 
Classification and Regression Tree (CART), for general forest type mapping using semi-high resolution of SPOT-HRG data. 
Using systematic random sampling design in a small area of the Hyrcanian forests, tree and shrubs species in 150 sample 
plots were registered. Naming of the general forest types for sample plots were done based on frequency of dominant 
species. After geometric and atmospheric corrections of SOPT-HRG data, suitable image processing transformations was 
done on main bands to produce general vegetation indices and principal components. Results showed CART algorithms 
has overall accuracy 60% and kappa statistics 51%. Overall, using SPOT-HRG data is so appropriate in the studies, which 
the map type is considered as a base map with maximum number of existing type in the area. 
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INTRODUCTION 
The forest stand type map show spatial distribution of tree and shrub species as a group or stand in forest 
ecosystem, so the preparing a precise forest stand type map will be important for knowing of forest 
status. Traditional methods such as field surveys are almost time-consuming and cost-intensive. Satellite 
data and their potential are offering new tools for managing and mapping the forest-covered area. The 
advances in remote sensing technology together with improvements in estimation and classification 
algorithms, could prepared opportunities for improving the retrieval of on time information with 
increased efficiency. The remote sensing data are alternatively producing from fine to coarse spatial 
resolutions, which are generally grouped to low resolution (like MODIS), medium resolution (like TM or 
ETM+), and high resolution (like IKONOS) with different spectral wavelengths. Investigations on 
capabilities of these data for different applications are the main interesting for scientists and managers. 
To be or not be capable of these data for different subjects are relating to some factors such as forest 
condition i.e. structure and composition (homogenous or heterogonous) in together with topography 
conditions. The Hyrcanian forests have different compositions and structures that differentiate them with 
other forests in the world.  
In other hand, in the mixed hardwood of Hyrcanian forests, the previous studies [1-4] showed that 
medium resolution of ETM+/TM spectral data were not accurately sufficient to classify forest types due to 
be species heterogeneous of Hyrcanian forests. Generally, detailed and precise mappings can be improved 
by enhanced spatial and spectral resolution data sources [5]. One of the semiـhigh resolution remote 
sensing data are prepared by HRG subsystems of SPOT5 satellite. The HRG subsystem, provide images 
with ten meters resolution in three green, red and infrared spectral wavelengths and 20 meters in middle 
infra red spectral wavelengths.  
The conventional parametric statistical classification techniques that have been successfully used in 
remote sensing data analyses for over four decades are not appropriate for forest type classification [6]. 
In recent years, the non-parametric algorithms such as decision tree based algorithms [7] have been 
widely used due to their simple interpretation, high classification accuracy, and ability to characterize 
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complex interactions among variables [8]. Many studies have shown that non-parametric methods 
provide better classification results. In some studies such as Sarunas, it is demonstrated that even with 
small training samples, non-parametric classification algorithms provide better results than parametric 
ones. Classification tree analysis (CTA) is a rule-based technique that has produced highly accurate 
classifications using a variety of spectral and ancillary data sources [9].  
Therefore, the aim of this study was mapping forest type using SPOT -HRG data and CART algorithm in 
the Darabkola forest, located at the Hyrcanian forest in Mazandaran province, northern Iran.  
 
MATERIAL AND METHODS 
Study area  
The study area is located at the Hyrcanian forests, Mazandaran Province, district 1 of Darabkola’s forests, 
northern of Iran (Figure 1). The Darabkola’s forestry plan, with about 2500 hectare area, is a natural and 
mature forest with uneven age and dense to semi dense stands. Elevation is ranged from 140 to 920 
meters from free sea level and general aspect of study area is northern, but with some fine different slops 
aspects.  The forestry practices in this area are selective cutting and plantation establishment.  

 
Figure 1 Location of the study area in the Mazandaran Province (a), allocation of sample plots (b) in the 

study area. 
Field data 
In summer 2010, using a systematic aligned sampling design with 350*500 m intervals, the 150 sample 
plots with 3600 m2 area were allocated in the study area (Figure 1). The geographical center of plots was 
accurately registered using high quality handy GPS and averaging methods to get accurate positions. In all 
samples, tree and shrub species of all trees with DBH greater than 7.5 cm were registered. Determination 
and naming of forest types were done based on computing frequency of dominant species in each plot. In 
the study area four general forest stand types including pure Fagus (PF), mixed Fagus (MF), mixed 
Carpinus (MC) and mixed hardwood stands (MH) were recognized.  
Satellite data 
Corresponding to study area, a small window of the SPOT 5 HRG XS scene acquired on1 June 2009 was 
used for forest type classification. The HRG subsystem provides images with the pixel sizes of 10 meters 
in green, red and near infrared (VNIR) bands, and 20 meters in the shortwave infrared (SWIR) band.  
The SPOT-HRG data were accurately orthorectified by 10 meters spatial resolution DEM and 23 ground 
control points collected by handy GPS. The total root mean square errors (RMSE)  
Were 0.67 for the VNIR bands and 0.5 for the SWIR band using second polynomial equation? The SWIR 
bands were also resized 10 meters using nearest-neighbor resampling method. The geometric precision 
of images was also approved using road vector layer and GPS collected control points. 
Reflectance of the objects recorded by satellite sensors is generally affected by atmospheric absorption 
and scattering, sensor target illumination geometry and sensor calibration [5]. Processing of remote 
sensing data was performed by extracting different feature sets using some suitable band ratios to 
produce some famous vegetation indices as well as a standardized principal component analysis (PCA) 
transformation (Table1) due to their capabilities in exploring the forest biophysical attributes. 
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Table 1: Some used vegetation indices examined in this study. 
Reference Formula  Vegetation index 

Jiang et al, 2003 Red/ NIR Stress Index (SI)       

Tucker,1979 NIR-RED Differential Vegetation Index (DVI) 

Rouse et al 1973 NIR-Red/ NIR+Red NDVI 

Rock et al, 1986 SWIR/NIR Moisture Stress Index (MSI) 

Birth and Mcvey,1968 NIR/Red Simple Ratio (SR) 

Gao,1996 NIR-SWIR/NIR+SWIR Normalized Difference Water Index (NDWI) 

 
Methods   
Classification and regression tree (CART)  
Classification and regression tree (hear after CART) algorithm, is a statistical procedure introduced by 
Breiman et al. [10], is primarily used as a classification tool, where the objective is to classify an object 
into two or more populations [11]. The underlying principle behind CART is to identify increasingly 
homogeneous configurations of predictive variables that should lead to increasingly homogenous 
configurations of target variables. Different types of predictive variables (categorical and continuous) can 
be imported into CART model [12]. The CART methodology consists of three steps including tree growing, 
tree pruning, and selecting the optimal tree. Initially an over fitting tree is grown by recursive partitioning 
of the data. In the second step that is called tree pruning, the sequence of nodes that should be eliminated 
to obtain a set of smaller trees is found. The last step is selection an optimal tree from the pruned trees. 
CART builds an overgrown tree based on the node purity criterion that is later pruned back via cross 
validation to avoid over fitting. In this study, measure of Gini impurity was used for categorical target 
variables. 
Feature selection 
Although, feature selection is not necessary in RF [7] and BRT [13], but in some classification algorithms 
such as CART, high number of independent variables may be effect on the classification results and 
selection of the best variables for classification can be leads to produce the better results. In addition, in 
some feature selection algorithms, the variables can be sorted based on their importance in classification 
process. The variable importance enables us to determine what set of variables is deemed important for 
each of the three methods and to compare them to see whether the sets are similar. The importance 
values were calculated by following formula: 
 

I (j) =∑t ∆S (j, t)              (1) 
Where I (j) is the importance of variable xj and ∆S (j, t) is the reduction in mean squared error S that would 
be achieved if node t of the tree were split using xj (Breiman et al., 1984). 
Accuracy assessment  
To evaluate performance of a classifier using methods, which are mentioned in the preceding chapter, it 
requires that a randomly selected set of test or unused samples (pixels) for each type class be used for 
computing the classification accuracy [6]. In this study, accuracy assessment was performed using 50 test 
samples. The classified images were then crossed with the test data to generate error matrices and 
calculation of the various accuracies including overall accuracy and kappa coefficient statistics.  
  
RESULTS 
As the Table 2 shows, NIR band was one of the most important variables, together with SWIR band and 
MSI indices. 
Table 2: Variable importance for forest type mapping using CART algorithm 

index 
SWIR 

NIR MSI PCI4 SVR NDVI PCI3 

Importance 1.0000 0.987937 0.927903 0.902989 0.895310 0.830605 0.647921 

Classification performances  
Table 3 shows the summary of performance results including overall accuracy and kappa statistics of tree 
classification algorithms. Results CART method had overall accuracy of 60% and kappa coefficient of 0.51.  

Table 3: Summary of accuracy results of the three classifiers 
Classifier  Overall accuracy (%) kappa statistics 
CART                   0.60 0.51 
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Figure 2: Classification maps obtained by CART algorithm 
 
DISCUSSION 
Obtaining detailed information about the amount of forest type's area is an important issue for practical 
forest management. In a comparative study, capability performance CART algorithms was investigated for 
forest type mapping using semi high resolution imagery of SPOT-HRG satellite data in the Darabkola’s 
forest, as a case study area in the Hyrcanian forests. The classifications were performed using CART 
algorithms due to their advantages against parametric methods. Results were done using tow currently 
accuracy indices including overall accuracy and Kappa coefficient. The forest type maps generated by 
image classification will be applicable, if the classification accuracies are not known [14]. Thus, accuracy 
assessment is a fundamental principle in assuring the quality of thematic maps for their intended 
application [15].  
Results of feature selection and variable importance showed that NIR band was the important variable for 
mapping and separating the forest type. In this spectral wavelength, the reflections of tree species are 
more enhanced and distinguishable. These results are similar to other studies [4] where researcher 
demonstrated that NIR band has high importance for segregation forest types. 
In compare to studies that were done in the Hyrcanian forest, our results showed that overall accuracies 
obtained in this study were 60%, which are higher than previous studies that used parametric 
classification methods. For example, Abbasi [1] could mapped forest types with an overall accuracy of 
44.6%; Shataee [2] with overall accuracy of 54.8%; Darvishsafat et al, [3] with overall accuracy of 51% 
and Rashidi et al, [4] with overall accuracy of 53.22%. One of the reasons to obtain the better result in our 
study compared to previous study is referring to use the nonparametric tree classifier methods. When we 
use non-parametric classifiers, it is not required to assume that the data follow a normal distribution and 
no statistical parameters are needed to separate image classes [16].  
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