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The availability of re
Important contributio
an entire stand by e
and Hyperspectral images (HI). This study shows the preliminary results previous a fusion methodology between high-density LIDAR data - (45
pts/m2 minimum) and VNIR HI - (0.80 m spatial resolution) acquired on French Alpine forests along an altitude gradient. The methodology Is based

on the integration of

account spatial data

Interested on evaluating the effect of considering all the spectral information together with the AMS In the 3D segmentation which takes into

motely-sensed data with high spatial and spectral resolution are becoming more widespread in forestry management, having
ns In the development of new applications for monitoring these ecosystems. In particular, it Is possible to consider studies of
aborating findings at tree level. However, It raises the question about the data fusion from different sensors such as LIDAR

Hl and LIDAR data at low level of fusion by following the idea of non-parametric clustering based on Mean Shift (MS). We are

provided by the LIDAR data.

Mean shift algorithm finds the maxima of a
density function by applying an iterative
method for every observation, x. The re-

estimation of the

nearby observations

function, K(X, —X), to determine the weight of ( ,Y| |2) | . .
. . . k S S —_— -55.5
. The weighted mean is s(x; —x”) =e 3 H
given by :
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In [2,3], an adaptive mean shift is desighed
based on the following kernel criteria:
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where N(X) s the n.elgh.borhOOd of x. In [1]’ d’iSt(.’E?, .CET, hrr-) is the distance between the Fig. 1. Jaccard index reHsﬁthzt?%) as function of spatial
they propose a multivariate kernel point and the mask boundary of the bandwidth (radius rate) and range bandwidth (height rate)

O x5 — 28 2 Oy 2 cylindrical profile.
Kz — ) = h2hP Rs ( h. ) fr ( h, ) Spatial bandwidth: hy; = s x;
. : slope of the linear regression between the
k, :spatial kernel funcjclon crown radius and the tree height.
k. :range kernel fenctlon Range bandwidth: /. = 5"z
h, - spatia ba”dW'dth s": slope of the linear regression between the
h,. : range bandwidth crown height and the tree height. - _
a:f S * spatial distance s ——
33:' _ 2" :range distance Fig. 2. 3D point cloud segmentation

Spatial kernel functi

ks(w; —2°) =

(

circular profile.

Fig. 3. Left: RGB image representation. Right: Species  Fig. 4. Left: Modes distribution after performing mean shift
ground truth: Norway spruce in blue and Silver fir in red. with hs=4.8m and hr=0.018. R|ght Segmented regions.

Range kernel function

kr(x, —2") = e<_7|

cos_dist(x},z") is the cosine distance in a

* In LIiDAR and hyperspectral segmentation,
the modes are grouped based on spatial
criteria (nearest neighbor). A spectral
criteria for merging regions is being tested.

e The fusion strategy of LiDAR and
hyperspectral data is oriented for
discriminating species. A set of LiDAR
features based on point density will be
included in order to provide robustness to
the specie characterization.
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Fig. 5. Left: Modes distribution after performing mean shift
with range kernel only. Right: Segmented regions.
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