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ABSTRACT 

 

The potential of very high resolution Pléiades image texture 

for forest structure mapping was assessed on maritime pine 

stands in south-western France. A preliminary step showed 

that multi-linear regressions allow a reliable prediction of 

forest variables (such as crown diameter or tree height) from 

a set of features automatically selected among a huge 

number of Haralick texture features with various spatial 

parameterizations. In a second step, to assess Pléiades image 

texture contribution for classification, Random Forests (RF) 

classification was performed to discriminate four forest 

structure classes from recent reforestation to mature stand. 

Two texture feature selection strategies are compared: (1) 

the previous regression-based modelling using in situ tree 

measurements (2) the RF-variable importance using a visual 

photo-interpretation. Both methods produced comparable 

classification accuracies. The results highlight the 

contribution of processes automation and the need for using 

both Pléiades image resolutions (panchromatic and 

multispectral) to derive the best performing texture features. 

 

Index Terms—Forest, Texture, Feature Selection, 

Classification, Pléiades 

 

1. INTRODUCTION 

 

Very High resolution (VHR) images allows a detailed 

description of forest structure (tree distribution and size) at 

the stand level, by exploiting the strong relationship between 

tree spatial structure and image texture when the pixel size is 

smaller than the tree dimension. This expectation meets the 

strong need for spatial forest resources inventory at the stand 

level and its changes due to forest management, land use or 

catastrophic events. Our objective is to assess the potential 

of Pléiades images to map the forest structure. The approach 

was conducted in two complementary steps: 

 The first concerns the estimation of the main forest 

structure variables (crown diameter, stem diameter, height, 

density or tree spacing) from the image texture. On these 

bases, different forest structure classes could be considered 

and a pixel-based image classification could be processed in 

order to produce the finest possible spatial information on 

forest structure. 

 The second aims to classify these forest structure 

classes when no ground measurements are available. This 

issue is explored by proposing an alternative methodology. 

 

2. MATERIAL 

 

The study covers a 80-km² site located in south-western 

France (Tagon–Marcheprime, between Bordeaux and the 

Bay of Arcachon) within the largest European maritime pine 

(Pinus pinaster Ait.) forest. It was conducted using two 

Pléiades image sets in panchromatic (Pan, resampled spatial 

resolution= 0.50m) and multispectral bands in blue, green, 

red and near infrared (MS, 2m ), acquired on 26 June and 8 

August 2012.  

 

 

 

 

 

 

 

 

 
Figure 1: Forest image samples corresponding to ground 

measurements (ordered by structure class). Panchromatic Pléiades 

image, 26 June 2012. Class 2 = crown diameter < 1m, tree rows are 

visible ; Class 3 = crown diameter is between 1m and 2.5m, tree 

rows are visible ; Class 4 = crown diameter is between 2.5m and 

4.5m, tree rows are no more visible; Class 5 = crown diameter > 

4.5m. 
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Some forest structure variables were measured during 

summer 2012 on a large number of maritime pine stands 

(n=111) at the end of the tree pine growth time: tree height 

(varying from 1.7m to 26.2m), crown diameter (0.77m - 

10.69m), diameter at breast height (0.02m - 0.56m), density 

(150tree/ha - 6729tree/ha) and tree spacing (1.31m - 8.77m). 

The trees sampled in each stand were included in a 20m × 

20m square plot representative of the forest structure in the 

80m × 80m area that encloses it. 

For each sampled stand we considered an image sample 

covering a square area centered on a field measurement plot 

with a slightly larger width (60 meters, i.e. 120 pixels in Pan 

and 30 pixels in MS). Some image samples are given in 

figure 1 as a non-exhaustive illustration of the variability of 

forest structure and image texture. 

 

3. METHODS 

 

We used texture features derived from the co-occurrence 

matrices (GLCM): the eight most common Haralick's texture 

features [1], and also mean and variance (first order 

statistics). They are commonly used for forest studies 

[2,3,4]. An automatic modeling procedure based on multiple 

linear regression of each forest variable by the texture 

features [3] is proposed and evaluated based on image 

samples corresponding to the in-situ measurements. The 

approach consists in selecting as predictors the most 

efficient combination of texture features calculated in Pan 

(and then resampled to MS resolution) and MS bands: best 

R² and RMSE while ensuring a minimal collinearity and a 

balanced contribution importance [3]. This allowed us to 

explore a wide range of parameters of GLCM (window size, 

displacement and orientation) and thus to optimize them 

automatically.  

Five forest structure classes, representative of crown 

dimension and spatial distribution are defined. The first 

class, corresponding to clear cuts and stands with trees 

younger than 3 years is not treated in this study (as no 

measurements were done on these stands, where the pine 

trees are less tall than non-forest species). Classes 2 to 5 are 

defined in figure 1. 

For pixel-level classification, two feature selection 

methods were compared: the previous modelling-based 

approach using 111 stands and a Random Forest (RF) 

ranking using variable importance [5,6]. The latter, which 

could be proposed when no ground measurements are 

available, is based on 40 plots among 111 and their forest 

structure classes are recognized by visual photo-

interpretation of the Pan image. Then, all texture features 

with various parametrizations are put into the RF classifier, 

the best parameterizations are selected by RF variable 

importance [4]. 

Finally, the classification is processed by Random 

Forests [7,8] using 100 trees for the two sets of selected 

features. Two independent sets of image samples are used 

for learning (n=80) and for test (n=80). They are also 

independent of the samples used for feature selection and are 

selected by photointerpretation of the Pan image. The 

classification performances of both feature selection 

methods are compared. 

 

 

 
Table 1: Classification confusion matrix obtained with the texture features selected by RF variable importance. 

 

 
Table 2: Classification confusion matrix obtained with the texture features selected by the regression-based modelling of forest variables. 
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4. RESULTS AND DISCUSSION 

 

The modelling results show that the best performing 

regression models combine panchromatic and multispectral 

(different spatial and spectral resolutions) texture features. 

The prediction accuracies (RMSE) obtained using the five 

best performing texture features as predictors of forest 

variables are similar for both dates: ~1.1m for crown 

diameter, ~3m for tree height, ~0.9m for tree spacing, 

~586tree/ha for density and ~0.066m for diameter at breast 

height. These results are very satisfactory. Therefore we can 

expect to discriminate several forest structure classes from 

image classification. 

Both feature selection methods used for classification 

provide a subset of 50 texture features to which the four 

original spectral bands are added. The classification results 

are presented in Table 1 and Table 2. Only results from the 

June image are presented (they are similar to August image). 

The overall classification accuracy reaches 78.8% using the 

RF importance feature selection, improving the results by 

almost 4% with comparison to the modelling based feature 

selection. However, due to the complexity of forest structure 

and photo-interpretation labelling, these results are 

considered as similar. This indicates the potential of our 

methodology to identify forest structure classes when no 

ground measurements are available.  

We notice that the larger error rates (both in 

commission and omission) occur in the intermediate classes 

(3 and 4) for both feature selection methods. These 

confusions can be observed in Figure 2. They highlight the 

complexity of forest structure classification, as the class 

borders are fuzzy since forest variable distributions are 

continuous. Figure 2 also shows that most of the 

classification errors appear on stand borders which is 

inherent to a spatial descriptor such as texture. A 

regularization step should enhance the classification quality 

and it will be investigated in order to produce an operational 

forest structure map. 

The introduction of the class 1 (clear cuts and stands 

with trees younger than 3 years), which seems very different 

from others both in radiometry and texture, should increase 

the classification accuracy, and it will be done in further 

work. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2: Reference map (left) and classification map (right) obtained with the texture features selected by RF ranking of forest variables  

on a part of the study area. 

 

 

5. CONCLUSION 

 

In conclusion, the results show the potential of Pléiades 

image texture to estimate the main forest structure variables 

and to map forest structure. 

The proposed methodologies allow us to optimize the 

use of VHR Pléiades images, calculating texture features 

with various spatial parameterizations on both types of 

spatial and spectral resolution (50cm in Panchromatic, 2m in 

multispectral mode) before finding their best combinations 

for both forest variable estimation and forest structure 

classification.  

The texture features representative of forest variables 

allow us to classify forest structure with a satisfying 

accuracy into four classes from recent reforestation (>3 

years) to mature stand. When no ground measurements are 

available, the proposed methodology appears to be a 

satisfying alternative to drive a forest structure classification 

task. 

The robustness of the proposed methodologies will be 

assessed using a third Pléiades image, acquired in winter (20 

February 2013, i.e. with a lower sun and a dry understory 
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vegetation). In addition, their application to multi-annual 

images would allow us to assess their ability to detect and 

map strong forest changes such as forest cuts, urban sprawl 

or storm damage. 
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