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ABSTRACT

Vegetation is essential in urban environments since it provides significant services in terms of health, heat, 
property value, ecology ... As part of the European Union Biodiversity Strategy Plan for 2020, the protection and 
development of green-infrastructures is strengthened in urban areas. In order to evaluate and monitor the quality 
of the green infra-structures, this article investigates contributions of Pléiades multi-angular images to extract 
and characterize low and high urban vegetation. From such images one can extract both spectral and elevation 
information from optical images. Our method is composed of 3 main steps : (1) the computation of a normalized 
Digital Surface Model from the multi-angular images ; (2) Extraction of spectral and contextual features ; (3) a 
classification of vegetation classes (tree and grass) performed with a random forest classifier. Results performed 
in the city of Rennes in France show the ability of multi-angular images to extract DEM in urban area despite 
building height. It also highlights its importance and its complementarity with contextual information to extract 
urban vegetation.
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1. INTRODUCTION

Green frames and green-infrastructures are obviously credible answers to new challenges that cities have 
to face. Vegetation has now an important part in all recent urban plans. It has indeed been demonstrated 
that green areas provide numerous ecological services such as biodiversity conservation,1 heat island and air 
pollution reduction.2 It has also been highlighted that they contribute to human well-being3 and increase value 
of neighbored real estate.4 However urban vegetation is difficult to monitor and manage and local decision makers 
are still looking for an effective assesment of its functionalities. Indeed, the databases on urban vegetation are 
still limited and are primarily made from field mission. At the European scale for example, the Copernicus land 
services took the initiative to map urban vegetation for cities of more than 50,000 residents. However the minimal 
mapping unit is fixed to 500m2 patch whose width is greater than 10m.5 This data cannot be used to extract 
individual trees or small hedges network. Such small vegetated objects are visible on Very High Resolution (VHR) 
images with sub-metric spatial resolution and their automatic extraction processing has already been presented 
in numerous papers.6–9 These studies mainly focus on the contribution of the spectral and texture information 
of VHR images. However, few papers have evaluated the capabilities of some platforms, such as Pléiades, to 
generate Digital Elevation Model from multi-angular images and their contributions to extract urban vegetation.

This article investigates contributions of Pléiades multi-angular images to extract and characterize low and 
high urban vegetation. It is proposed to produce a normalized DSM (nDSM) and to combine it successively to 
well-know spectral and contextual features.
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2. MATERIALS AND METHODS

2.1 Study area and data

The study area is the city of Rennes in France. It is a mid-sized city of about 2,500km2 with over 200,000
inhabitants. The study focuses on 4 different urban landscapes (Fig.1) : public garden in the city center, university
campus, urban housing, suburban housing. This dataset was selected to reflect the heterogeneity of the urban
landscape. For example, the city center embeds small and connected buildings whereas university campus is
composed of large, individual and high buildings. As a consequence the vegetation organization is also different
and suburban housing is mainly composed of private backyard while city center includes more public tree lines
along the roads.

a. Public garden b. University campus c. Urban housing d. Suburban housing

Figure 1. Presentation of the 4 urban landscapes with combination Pléiades pan-sharpened bands (Green, Red, Near-
infrared).

The available data is a pair of Pléiades images acquired with PHR-1A platform at the 14th August 2013 at
AM 11 :10 :57 and AM 11 :11 :12. The incidence angles are presented in table 1. It can be notice that we gave
preference to low incidence angles to limit hidden surfaces by building frontages.

Table 1. Acquisition parameters of Pléiades data.

Name Time
Incidence Angles (degree)

Along Track Across Track Overall
Image 1 AM 11 :10 :57 -3.403 6.713 7.512
Image 2 AM 11 :11 :12 5.492 4.528 7.100

2.2 Features computation

2.2.1 Normalized Digital Surface Model

Among the numerous softwares and approaches to generate a DSM from Pléiades images,10,11 the ERDAS
eATE software was selected for its automatic processing and its reliability to process large scene. The elevation
information was computed with the panchromatic band of the Pléiades images.

To obtain a uniform information about height of urban objects (building, trees ..), it is necessary to create
a DSM that compensate the bare earth relief. The Normalized Digital Surface Model (nDSM) is then the
subtraction of the DSM and the Digital Elevation Model (DEM). To this end, generation of the DEM consists
in removing all objects (buildings, trees, bridges...) from DEM. This step was performed with slope based
algorithm.12 This method assumes that a large height difference (slope) between two nearby pixels is due to an
object and can then be removed. Fig. 2 provides an example of the result obtained.

2.2.2 Features based on spectral bands

All multispectral bands (blue, green, red, near-infrared) were used for classification. A pansharpening with
panchromatic band was performed with the substractive resolution merge method, which is relatively radiome-
trically accurrate.13

Proc. of SPIE Vol. 10008  100080H-2

Downloaded From: http://proceedings.spiedigitallibrary.org/ on 11/22/2016 Terms of Use: http://spiedigitallibrary.org/ss/termsofuse.aspx



E
!

a. 2D pansharpened image b. nDSM c. 3D reconstruction

Figure 2. Example of nDSM obtained with ERDAS eATE and slope based smoothing on the University Campus study
site.

In addition, the Normalized Difference Vegetation Index was used (Eq 1).

NDV I =
R−NIR
R+NIR

, (1)

where R is the red band and NIR the near-infrared. It is an essential information to extract vegetation and it
is also suitable to limit shadow effects.14

We also add the Normalized Difference Water Index (NDWI) is also used (Eq 2).

NDWI =
G−NIR
G+NIR

, (2)

where G is the red band and NIR the near-infrared. In contrary to the NDV I, this metric is usually used to
extract dark object such as water and shadow.15

2.2.3 Contextual features

A precise characterization and description of urban trees is a complex task. Trees can indeed be isolated,
organized as a line or grouped in patch. They can also be cut thinly or not. The multispectral information is
often insufficient and contextual features providing information on their shape, size and their organization is
mandatory. Thus, we selected contextual features based on texture analysis and granulometry.

Among the numerous texture analysis technique, we used the Grey Level Co-occurence Matrix (GLCM)
because of their efficiency in numerous characterization of remote sensing data.16 Any GLCM is associated with
a direction u. For a given pattern I(x) (with x = (x, y) the spatial coordinates), the approach consists in
computing a matrix Gu of size N ×N (with N the number of grey-levels) where each element g(i, j) = Gu(i, j)
is the number of pairs of pixels such that I(x) = i and I(x + u) = j. Several criteria can then be computed from
Gu to describe a texture pattern. Among them, we selected the contrast, the energy and the entropy respectively
defined in eq. (3), (4) and (5) where g(i, j) corresponds to the element (i, j) in matrix Gu :

Contrast =
∑
i,j

(i− j)2 · g(i, j), (3)

Energy =
∑
i,j

g(i, j)2, (4)

Entropy = −
∑
i,j

g(i, j) ln g(i, j)). (5)
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a. Contrast Minimum b. Contrast Maximum c. Energy Minimum d. Entropy Minimum

Figure 3. Example of texture features compute on the University Campus study site.

However, these features provide information in a given direction u and are then rotation sensitive.17 To be
rotation invariant, the descriptors are computed in 10 different directions and the minimum and maximum value
are kept,16,18 as shown in Fig. 3.

In addition to GLCM, we compute the granulometry which is based on successive openings (and closings)
by reconstruction with structuring elements (SE) of various size.19 We first compute Morphological Profile (MP ),
defined for a level ` as :

MPR
` (x) = φR(`)(I(x)) (6)

where x is a pixel of the image I and φR(`), with R = {o, c}, is the operation of opening (R = o) or closure (R = c)
using a structural element of size `. Such MP provide both spatial and radiometric information and are very
interesting for the contextual description of the image.20 A derived version, Differential Morphological Profiles
(DMP ), consists in the subtraction of MP for various scales of structuring elements :

DMPR
i (x) = MPR

N (i+1)(x)−MPR
N (i)(x) (7)

where N is a set of growing scales of SE (in practice we use N = {3, 7, 11, 15, 19}). The DMP have shown their
performance to extract green linear elements21,22 and also urban environment.23 As can be shown in Fig. 4,
DMP are very interesting since isolated trees appear in the first component and the large tree lines in the third
or fourth component.

a. SE : disk of radius 3 b. SE : disk of radius 7 c. SE : disk of radius 11 d. SE : disk of radius 15

Figure 4. Example of DMP on the University Campus of Rennes, France.

2.3 Classification of urban vegetation

GLCM and granulometry based on DMP are then used to describe green areas in cities. As for the classifi-
cation, the training dataset is composed of 6 thematic classes : Low vegetation (grass), High vegetation (tree),
Road network and Building. Samples was manually edited homogeneously on the Pléiades pan-sharpened images
on overall city. Classification was performed with the bagging trees algorithm which is part of ensemble methods
such as random forest and boosting.24 Ensemble methods are suitable to classify remote sensing image in urban
areas9,16 and is less sensitive to irrelevant features (in contrast to SVM or neural networks).
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2.4 Ground truth for validation

Two validation datasets were used. Both were edited manually on the Pléiades pan-sharpened images. Ho-
wever, samples were selected inside the extent of the 4 urban landscapes (presented in sec 2.1).

The first dataset consists in the selection of three thematic classes (Low vegetation, High vegetation, Mineral
objects) and is used to validate the overall accuracy of the classification. The second validation dataset has been
defined in order to understand the effect of the urban landscape on the misclassification of high vegetation. Five
thematic was selected : Isolated tree (> 10m), Isolated tree (< 10m), Tree lines (> 10m), Tree lines (< 10m),
Tree patch.

3. RESULTS AND DISCUSSION

A set of 4 classifications with different features combination was performed to evaluate the contribution of
the elevation information :

1. Spectral features (MS)

2. Spectral features + nDSM (MS +DSM)

3. Spectral features + Contextual features (MS + CON)

4. Spectral features + Contextual features + nDSM (MS + CON +DSM).

The classifications on the 4 urban landscapes are presented in Fig. 3 and their associated Kappa index in Fig.
6. A significant difference can be noticed between MS and other classifications. The nDSM improves the Kappa
index by 0.82 to 0.89 for all classifications. However this difference is less important compared to MS + CON
classifications. This highlights the importance of contextual features to extract urban vegetation. The nDSM
also improves the classification and allows to increase Kappa index by 0.94 to 0.95.

Visually, the results are consistent with the statistical analysis. MS classifications (first column of figure 5)
include a salt and pepper noise and the MS + CON classifications seem to provide a coarser result including
more commission errors for the tree class. It can be observed that some landscapes are easier to analyze than
others. For example, the Public Garden is composed of large compact surfaces of vegetation. Conversely, the
urban and suburban residential areas have a large number of private land where low vegetation and high are
heterogeneous and mixed. In these cases, the nDSM and contextual information is essential.

The Fig. 7 shows the rate of commission and omission errors for the tree class. The error rate decreases with
the addition of features. While one might think that MS + CON and MS + CON + DSM classifications are
similar, results show that MS + CON + DSM classifications have the advantage to reduce significantly the
commission errors. This result confirms the visual interpretation presented previously.

Finally, we analyzed the omission errors for the tree class. It can be noticed that classifications including
nDSM tends to omit small items such as tree lines (< 10m) and single trees (< 10m). Its combination with
contextual information is thus complementary. It detects smaller objects while limiting commission errors.

4. CONCLUSION

This article focuses on the extraction of urban vegetation from Pléiades multi-angular images. We evaluated
the contribution of the nDSM built with stereo-pair images to extract urban vegetation. Several sets of features
were computed and evaluated on different urban landscapes with the bagging tree algorithm. Results reveal
that stereo-pair images improve the extraction of vegetation whatever the cityscape. We also demonstrated that
contextual information (texture, granulometry) is complementary with elevation information. It allows to extract
small objects such as isolated trees or fine alignments and limit commission errors. Future works should attempt
to classify different vegetation classes and evaluate its contribution at the city scale to meet the needs of national
and European policy makers.
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Figure 5. Classifications on the four urban elements using four combinations of features.
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Figure 8. Omission errors for 5 high vegetation classes with different features selection.
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