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ABSTRACT

This study 1s part of a regeneration program of the coconut
grove of French Polynesia where most coconut palm trees
of the Tuamotu archipelago were planted in the 19807s fol-
lowing the various hurricanes that had struck islands. The
French Polynesia government acquired one-meter pansharp-
ened RGB Ikonos images over the Tuamotu archipelago. To
exploit these data, a pilot study 1s conducted on the 1sland of
Tikehau, well-known from the specialists and easily acces-
sible from Tahiti. A Maximum Likelihood (ML) classifica-
tion is performed to segment the high vegetation in images.
Thus, a Support Vector Machmes (SVM) classification al-
lows the high vegetation to be classified in different patterns.
And finally, a robust segmentation process based on markers
controlled watershed segmentation is proposed to extract tree
crows. Through the ground mission, the trees detection accu-
racy is estimated which is then used to compute the number
of trees the closest to the reality by applying a weighted factor
to the number of trees located in each class.

Index Terms— SVM, Maximum Likelihood, classifica-
tion, segmentation, watershed, texture.

[. INTRODUCTION

French Polynesia government wants to improve the coconut
tree field exploitation in order to develop the extraction of the
Coprah o1l as an alternative fuel and also the use of senile
trees wood. The Coprah oil exploitation already constitutes
one of the principal financial resources of the inhabited atolls.
Remote sensing technics minimize the cost of these studies
by automating this task and avoiding ground missions.

The aim of this work is to characterize the coconut field
type typology, i.e. the spatial distribution of coconuts. This
goal is reached by first segmenting the coconut trees and then
by classifving them according to their spatial distribution.
Several steps are required to perform the automatic enumer-
ation of coconut trees: a coconut field segmentation keeping
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the area of interest, a coconut field classification among a
set of classes describing the different type of coconut fields
encountered 1in Tuamotu using texture features and the SVM
classifier, and finally, a robust segmentation process of co-
conut trees crown. An enumeration 1s now possible and an
identification / segmentation of these trees according to some
objective criteria such as the size of canopy, the average
color, local density of the coconut trees field. A ground truth
validation 1s performed m order to estimate the detection
rate and error in each coconut trees class type leading to a
precise extrapolation of the global number of trees. The con-
vergence between results obtained with the proposed method
and ground truth mussions highlights the robustness of the
method and authorizes a large-scale production on all 1slands.

2. DATA AND SITE STUDY

IKONOS optical data is widely available through the whole
Tuamotu archipelago and its high spatial resolution (about
one-meter resolution at ground level) is sufficient to carry out
our objective. The study focuses on the atoll of Tikehau that
18 well-known from the specialists and easily accessible from
Tahiti as a validation study area before extending the method
to the rest of Tuamotu’s atolls. Tikehau data set was acquired
by IKONOS2 on July and August 2003 and is already ortho-
rectified and registered in the WG S84 projection. The atoll of
Tikehau 1s constituted of several 1slands called moru. As the
full mosaic of the atoll of Tikehau has a resolution of 28517
by 28617 pixels, the oniginal image is cut out into sub-images,
each one locating a motu.

3. TREE FIELDS CLASSIFICATION
METHODOLOGY

The coconut trees crown segmentation process must be ap-
plied in coconut fields areas to avoid false alarms and reduce
the number of pixels to classify. In images, several struc-
tures are distinguished such as the sea, the sand, the coral and
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some dwellings as well as the vegetation (coconut trees and
other atoll vegetation types). In a first step, it is necessary to
generate high vegetation masks before applying the segmen-
tation process. Due to the lack of the near infra-red (NIR)
band (not available in our database), it is not possible to com-
pute the well known normalized difference vegetation index
(NDVT) which is relevant for characterize the vegetation. An
alternative solution has been tested and chosen: a Bayesian
classification using a ML algorithm. However, this implies a
manual selection of the training sets for each different avail-
able structures in the image. Then, a texture analysis [1, 2] is
performed on the vegetation class to separate the high vege-
tation (which has been proved to be exclusively coconuts in
Tuamotu) from the low vegetation. Once the segmentation is
completed, areas are classified in three types of planting: nat-
ural (non spatial organization), artificial (trees are positioned
on a grid spaced by 8 meters) and mixed fields (artificial fields
where activities were dropped). The tree crown segmenta-
tion process depends on a pixel’s neighborhood to compute
the minimal network of the darkest pixels. The planting type
classification is needed to adjust the size of the research win-
dow. For this case, a supervised SVM classification is used to
segment these fields based on some training sets representing
each kind of these fields that were selected in order to extract
features like texture information [2, 3, 4, 5].

3.1. SVM Principle

The SVM classifier was introduced in 1995 by [6]. This Sub-
section briefly describes this classifier, details can be found
in [7]. The Figure 1 illustrates the principle of the optimal
hyperplan and the optimal margin used in the SVM classifier.

Support Vectors
A Optimal
A yperplan

/- optimal
Margin

Fig. 1. SVM Classifier principle

Let’s consider the case of a two-classe classification prob-
lem. A training set data is constituted of NV samples described
by data X; and the labels Y; take —1 or +1 as values. For the
linear separability data, the SVM classifier is defined as the
function

Ji(z) = sign({w, X;) +b) (D
which maximizes the margin between the optimal hyperplan
and the support vectors. The problem can be solved by using
the Lagrange multipliers

N
f(x) = sign <Z yi.oylx, x;) + b) @)

i=1

where «; are Lagrange multipliers.

In the case of nonlinear separable data, one possible
method to solve the problem is to use a kernel. This kernel is
a function which project the initial data into a higher dimen-
sion space feature, & : ™ — | in a such way that data are
now considered as linearly separable. In equation (2), the dot
product (z, z;) is replaced by the dot product associated to
the space feature  defined as:

Kz, ;) = ($(x), B(z:)) ©)

and then the function to classify data becomes

N
f(x) = sign <Z yi.oy K (x,2;) + b) )
i=1

In this study we use the Radial Basis Kernel (RBF) de-

. Cle—agl? . .
fined with K(x,2;) = ¢~ 2-2 . This kernel gives the best
results in our case compared to other kernels we have tested.

3.2. Application to Ikonos images

We use a modified ground truth made by Jacq [8] on the main
Motu to describe our classes. For each class, an equalized
random samples of 1100 pixels is taken for the training set
as described in [9]. The definition of training set classes is
listed in Figure 2. The SVM classification was performed
using [10, 11] available in ENVI Software on a stack com-
posed by the RGB components and the normalized Haralick’s
texture descriptors (with a total of 11 bands). The classifica-
tion result has been improved using a majority analysis with a
45x45 window size. The Figure 2 shows the final fields type
classification on the main moru of Tikehau.

Fig. 2. SVM classification result on the main moru and classes color.

4. TREE CROWN DELINEATION METHODOLOGY

The crown delineation method 1s based on [12] which uses a
watershed segmentation to extract tree crowns. However, sev-
eral modifications has been bring to take into account speci-
ficity of image and trees: after an anisotropic filtering [13]
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of high vegetation areas on the first PCA component [14]
of the RGB image, local maximums are detected and used
as markers for the watershed; these maximums are located
closed to the crowns center [15]. The assumption that there
are the darkest pixels between each crown is used to compute
a boundary crown network [16, 17]. This minimal network
of dark pixels is computed as the local minima of a search-
ing window which the size depends on the planting type. The
minimal network of dark pixels and markers are used as new
minimum for the watershed segmentation process and to com-
pute a topographic surface using the Lo distance map. To
avoid too small regions, we discriminate them according to
their area using a coconut tree crown approximation by a cir-
cle within a radius R. Once the crowns delineation is made,
the center of mass, weighted by the values of the pixels in
each RGB channel, is computed to estimate the center of
canopies. For details, the reader is referred to [18].

5. RESULTS, VALIDATION AND EXTRAPOLATION

In order to validate the whole method, some sample areas
characterizing various fields type are chosen. For each of
these sample areas, the segmentation process is executed and
all tree crowns are extracted. The validation is made using a
photo ground truth and a ground mission. The Figure 5 shows
a result of the crown segmentation on a small region and the
corresponding local density map.
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(b) Density Map

(a) Tree crown delineation

5.1. Validation

A first validation is performed on images (acquired in 2003)
by human interpretation (manual localization of the coconut
trees canopy) in order to estimate the detection error for each
kind of fields type. This validation provides a mean detec-
tion error of less than 10% (see table 1) which proves that
our method locates a majority of the coconut trees visible in
images.

A ground mission was planed in 2006 by Jacq [8] which
has counted coconut trees within 12m radius circular plots,
each plot being located by its GPS coordinates. Moreover,
the tree height had been recorded. This mission had covered
the entire atoll of Tikehau. To compare our results with the
ground mission results, the tree delineation process is used
to compute a local density map with the same radius circle

Table 1. Method accuracy using a photo interpretation ground truth
[ TdArea | #Method [ Photo [ accuracy |

1 908 818 9,91%
2 986 912 7,51%
3 495 450 9,09%
4 346 356 -2,89%
5 436 399 8,49%
6 1269 1198 5,59%
Total 4440 4133 6.81%

whose centers are given by GPS coordinates. Two similar
local density maps are build from the ground mission data
considering trees having more than 4-meter height and trees
having more than 5-meter height, these heights representing
trees likely visible on the remote sensed images. The Table 2
shows that our method detects between 66% to 89% (for H >
5m) of the visible trees according in which class the trees are.
In maintained fields, where trees density is the highest (dis-
tance between each tree is about 8m), the accuracy is closed
to 83%. The zeros values for classes 3 and 8 indicate that
no measurements have been made in this regions during the
different ground missions.

Differences between validations come from the fact that
the photo interpretation is done on the image taken in 2003.
The ground truth missions was planed in 2006, 3 years later.
During this period of 3 years, some trees not visible on the
image may have arrived to the top of the canopy, also other
trees may have been able to grow (especially in unmaintained
fields) and some may have died.

5.2. Trees Extrapolation

Once the method’s accuracy is estimated for each class, we
can estimate a number of coconut trees in each class and on
all over the atoll of Tikehau. We believe it is wise to take as
precision for each class an average accuracy from all trees,
those over 4-meter height and those over 5-meter height (see
the last column in Table 2). Excepted for classes 3 and 8
whose the accuracy can not be measured, we only keep the
same number of detected trees for those classes. The esti-
mated number 1s computed by applying a weighting factor to
the number of trees located in each class and summing them
to obtain a global estimation.

6. CONCLUSION

Despite of the lack of the NIR band, combining the use of
ML and SVM classification on Haralick’s texture descriptors
provides a good classification of various coconut field types.
The segmentation process based on a markers controlled wa-
tershed algorithm gives good results since that the photo in-
terpretation shows less than 10% of false detections. Our tree
crown segmentation method is robust and allows a production
on all atolls. The ground truth surveys in each class provides
an accuracy of good detection for each type of planting. Ap-
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Table 2. Ground truth accuracy on

the entire atoll

Class Id [ number of trees [ _ _Acouracy |
o [ all TH>3m [ H>35m [ Mothod | % Diffdm | % Dilf 5m | % Diff AIl | % Mean_|
1 73 30 48 51 102,00% 106,25% 69,56% 92,70%
2 228 206 185 132 64,08% 71,35% 57.89% 64,44%
3 0 ] Q Q 0,00% 0,00% 0,00% 0,00%
4 687 584 540 399 68,32% 73,89% 58,08% 66,76%
5 174 133 23 102 76,69% 82,93% 58,62% 72,75%
& 8 & [ 4 66,67% 66,67% 50,00% 61,11%
7 22 21 16 11 52,38% 68,75% 50,00% 57.04%
8 O 0 0 0 (,00% 0,00% (,00% 0,00%
Table 3. Final coconut trees estimation all over the island of Tikehau
Class Id
1 2 3 4 5 [ 7 5
Mean accuracy 92,70% 64,44% 0,00% 66,76% 72,75% 61,11% 57,04% 0.00% Total
Detected 13771 21735 650 87824 23438 1334 973 o04 150630
Extrapolated 14855 33728 650 131546 32220 2183 1706 o04 217792

plying different weighting factor according to a class, we ob-
tain an estimated number of coconut trees the closest o the
reality. A drawback of the classification method 1s its high
computational cost as the classification is directly performed
on pixel values leading to a big configuration space. To fix
this problem, we propose to perform the classification of co-
conut plantation type directly on the crown center coordinate
which is a small configuration space. A relevant representa-
tion of these coordinates using wavelet or Poisson process 18
probably required to obtain good classification results.

Acknowledgement

The authors would grateful to LIP6 for the available office,
GePaSud for the ground truth mission, Fred Jacq for its data
and would like to thank French Polynesia Gourvenment and
its Urbanism Department for providing Tkonos data on the Tu-
amotu’s islands.

7. REFERENCES

[1] H. Anys, H. Bannari, D.C. He, and I>. Morin, “Cartographie des zones
urbaines 4 I’aide des images MEIS-11.” International Journal of Remote
Sensing, vol. 19, no. 5, pp. 883-894, 1998.

[2] A. Puissant, J. Hirsch, and C. Weber, “The utility of texture analysis to
improve per-pixel classification for high to very high spatial resolution
imagery,” International Journal of Remote Sensing, vol. 26, no. 4, pp.

733-745, February 2005,

R. M. Haralick, K. Shanmugam, and L Dinstein, “Textural features
for image classification,” [FEE Transactions on Systems, Man, and
Cybernetics, vol. SMC-3, pp. 610-621, November 1973.

R. M. Haralick, “Statistical and structural approaches to texture,” Pro-
ceedings of the ILEE, vol. 67, pp. 786-804, 1979.

-

H. Anys, H. Bannari, D.C. He, and D. Morin, “Texture analysis for the
mapping of urban areas using airborne MEIS-II images,” Strasbourg,
France, 1994, number 3, pp. 231-245.

[6] C. Cortes and V. Vapnik, “Support-vector networks,” Machine Learn-

ing, vol. 20, no. 3, pp. 273-297, 1995.

7

C. J. C. Burges, “A tutorial on support vector machines for pattern
recognition,” Data Mining and Knowledge Discovery, vol. 2, no. 2, pp.
121-167, 1998.

[8] F. Jacq, “Evaluation quantitative et qualitative des peuplements de co-
cotiers sur tikehau,” Tech. Rep.. Service du Développement Rural -

Département FOGER. Avril 2006.

9

J. A Richards and X. Jia, Remote Sensing Digital Image Analysis:
An Introduction, Springer-Verlag New York, Inc., Secaucus, NJ, USA,
1999.

C.-C. Chang and C.-1. Lin, LIBSVM: a library for support vector
machines, 2001, Software available at http: //www.csie.ntu.
edu. tw/~cjlin/libsvm.

T.-F. Wy, C.-J. Lin, and R. C. Weng, “Probability estimates for multi-
class classification by pairwise coupling,” Journal of Machine Learning
Research, vol. 5, pp. 975-1003, 2004.

(o]

1]

[12] L. Wang, P. Gong, and G.8. Biging, “Individual tree-crown delineation
and treetop detection in high-spatial-resolution aerial imagery,” Pho-
togrammetric Engineering and Remote Sensing, vol. 70, no. 3, pp. 351-

357, March 2004.

P. Perona and J. Malik, “Scale-space and edge detection using
anisotropic diffusion,” JEEE Trans. Pattern Anal. Mach. Intell., vol.
12, n0. 7, pp. 629-639, 1990.

{13]

[14] C. Ricotta and C. Avena, “The influence of principal component anal-
ysis on the spatial structure of a multispectral dataset,” Tniernational

Journal of Remote Sensing, vol. 20, no. 17, pp. 3367-3376, 1999.

e
A
o

R.J. Pollock, The automatic Recogniiion of Individual frees in Aerial
Images of Forests Based on a Synthetic Tree Crown Image Model, Ph.D.
thesis, University of British Colombia, Vancouver, Canada, 1996,

[16] F.A. Gougeon, “Automatic individual tree crown delineation using a
valley-following algorithm and a rule-based systeny,” in Proceeding
of Int. Forum on Automated Interpretation of High Spatial Resolution
Digital Imagery for Forestry, D.A Hill and D.G Leckie, Eds., Victoria,

British Columbia, Canada, February 1998, pp. 11-23.

[17] D.S. Culvenor. “TIDA: an algorithm for the delineation of tree crowns
in high spatial resolution remotely sensed imagery,” Comput. Geosci.,

vol. 28, no. 1, pp. 33-44, 2002.

R.Teina, D. Béréziat, B. Stoll, and S. Chabrier, “Ftude pilote de la
cocoteraie de tikehau sur des images Ikonos.” Caen, 2007, MajecSTIC
07, vol. 2, pp. 265-269.

[18]

II - 800



