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ABSTRACT
It has been now widely assessed in the literature that both
multi/hyperspectral optical images and 3D lidar point clouds
are necessary inputs for tree species based forest stand detection. Nevertheless, no comprehensive analysis of the genuine relevance of each data source has been performed so far:
existing strategies are limited to a single spatial and spectral
resolution. This paper investigates which is the optimal combination of geospatial optical images and lidar point clouds.
A supervised semantic segmentation framework is fed with
various sources (multispectral satellite and airborne images,
hyperspectral airborne images, low, medium and high density lidar point clouds), ablation cases are defined, and the
discrimination performance of several fusion schemes is assessed under a challenging mountainous area in France.
Index Terms— Hyperspectral, high density lidar, fusion,
feature selection, supervised classification, regularization,
forest stand delineation, tree species.
1. INTRODUCTION
The fusion of multimodal data has been widely investigated in
the remote sensing literature in the two decades [1, 2, 3]. Data
fusion remains a major field of investigation with the spread
of satellite missions delivering complementary images in the
spectral, spatial and temporal domains. Recent surveys discuss the different levels of fusion (original measured domain,
feature spaces and/or classification level). They underline the
superior performance of the joint use of lidar and hyperspectral data for various classification challenges. While urban
areas are heavily documented, no genuine study has been carried out for forested environments so far.
The study of forested areas from a remote sensing point of
view can be operated at different levels: pixel, object (mainly
trees) or stand. Forest stands are among the basic units for
forest analysis. They can be defined in many different terms
(specie, age, height, maturity). Most of the time in national
forest inventories, for reliability purposes, each area is manually interpreted by human operators using Very High spatial
Resolution (VHR) geospatial images with an infra-red channel [4].
Airborne laser scanning (ALS) and optical images are both
well adapted remote sensing data for automatic stand segmen-

tation. ALS provides information about the vertical distribution of the trees (height, strata, penetration ratios), while optical images are useful for the tree species discrimination. Surprisingly, only a few methods have addressed the forest stand
segmentation issue. Most of the literature focus on the delineation of forest stands using only a low density lidar point
cloud (<5 pts/m2 ) and VHR multispectral images (4 channels) [5, 6, 7]. While such data combination corresponds to
current operational constraints, the emergence of new sensors
raises the question of their relevance in such a context:
• Hyperspectral images have shown to be relevant for
the classification of tree species at the tree level in [8]:
therefore it may be assessed how it can be beneficial
for forest stand segmentation. It may also be investigated whether a limited number of channels (e.g., 6,
corresponding to superspectral devices) is sufficient.
• In [9, 10], the high sampling of trees with lidar devices
allows to derive specific structural features for the discrimination of tree species. With the arrival of new
lidar devices (Single Photon Lidar, Geiger, multispectral linear systems), higher point densities (>10 pts/m2 )
should therefore be employed for enhanced classification results.
This paper will focus on the method proposed in [11]. It
already allows to accurately delineate forest stands, according
to the tree species. The method has been positively evaluated
over various forest compositions and tree species. Here, we
investigate the contribution of superior ALS density and spectral resolution of optical images. More specifically, the aim of
this paper is to determine if the use of data with higher resolution (spatial for ALS, and spectral for optical images) has a
significant impact on the accuracy of forest stand delineation.
2. METHODS
The investigated method is composed of three main steps
(Figure 1, more details in [11]). It mainly relies on a supervised classification step. Data fusion is performed both at the
feature and decision levels. Here, the strategy for assessing
the relevance of the data sources consists in feeding the process with various feature sets.
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The input data for the proposed method are lidar point clouds
and optical images. Data specifications are provided below.
Both sources were acquired simultaneously (October 2015),
and are perfectly co-registered, following a well-established
procedure [14]. The area of interest is a 2.5km×2.5km mountainous area in the East of France (Vosges mountains, see Figure 2). The vegetation is very varied due to the very heterogeneous environmental conditions (altitude, climate, topography, soil). 5 tree species co-exist ( Deciduous oaks,
Beech, Scots pine, Fir or Spruce, Douglas fir).
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Fig. 1. Method proposed for forest stand extraction, with the
various remote sensing inputs.
First, 25 features are derived from the airborne lidar point
cloud, whatever the point density. They are described in [11].
They are based both on 3D and intensity information, at three
different scales.
Then, features are extracted from one optical image.
• For the hyperspectral image, for computational issues,
the raw channels (416) are the sole features;
• For the superspectral image, 10 statistical features are
computed for each of the 6 raw channels;
• For the multispectral image, the same statistical features are computed for the 4 spectral bands and for 3
standard vegetation indices (NDVI, DVI and RVI).
All features are computed at the pixel level, at the spatial
resolution of the optical image, for the subsequent energy
minimization process. They are also generated at the object level (retrieved through superpixel computation [12] of
optical image). Indeed, the features are more consistent at
this scale which improves the discrimination process [13].
Then, a SFFS-based feature selection step is carried out for
a subsequent classification of the vegetation type (mainly tree
species), using a Random Forest classifier. Training samples
are automatically extracted from the existing French national
land-cover (LC) forest database [11]. Last, a smoothing regularization process based on an energy minimization framework is carried out in order to obtain the final segments.
Given the different input data (3 optical images × 3 lidar
point densities), 9 scenarii are investigated in order to assess
the contribution of these data sources. They correspond to
distinct feature sets and cardinalities (see Table 1).

3.1. Lidar
The lidar data has been acquired with a LEICA ALS 60 sensor with a very high point density (∼ 40 points/m2 ). With
such a high density point cloud, it is possible to artificially derive lower density point clouds by sub-sampling. The initial
dataset has therefore been reduced to a medium point density
(∼20 pts/m2 ), and a low point density (∼4 pts/m2 ). The density reduction is performed by exploring all the points. For
each point, a random number is generated according to a uniform distribution and the processed point is kept or removed
from the final points cloud, according to the value of the generated number.
3.2. Optical images
The optical images are all derived from the hyperspectral image, acquired with a HySpex device. It exhibits 716 spectral
bands (160 in the VNIR (400-1000 nm) domain and 256 in
the SWIR (1000-2400 nm) one), with a spatial resolution of
1.4 m. On the one hand, a simulation of a superspectral image with 6 spectral channels is derived: the channels are selected among the most relevant VNIR bands as a good compromise for multiple classification problems (both urban and
forested environment). Such image is targeted for the design
of a new camera in IGN where a trade-off between a very
high spatial sampling and a suitable spectral resolution has to
be found. On the other hand, a standard multispectral image
(red, green, blue, near infra-red bands simulating Pleiades’
spectral configuration) is also generated from the hyperspectral image. With a 1.4 m resolution, it can be compared to a
Lidar
Images
Hyperspectral VNIR+SWIR
Hyperspectral VNIR
Superspectral
Multispectral

Medium density

Low density

HS+MD : 416+25
HV+MD : 160+25
S+LD : 60+25
M+LD : 70+25

HS+LD : 416+25
HS+LD : 160+25
S+HD : 60+25
M+LD : 70+25

Table 1. Investigated fusion scenarii, with associated codes
and number of features fed into the segmentation framework.
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VHR satellite image such as SPOT6/7 ones.
4. RESULTS
The data set was processed for the 8 configurations and results were assessed before and after the regularization with
standard accuracy metrics : Intersection-over-Union (IoU), FScore, Overall Accuracy (OA), and κ. Results can be seen in
Tables 2 and 3. Obtained accuracies are very similar whatever
the configuration. They are generally slightly better when
medium points density Lidar is involved, especially for raw
classification. Considering spectral information, superspectral and hyperspectral VNIR data do not improve results compared to 4 band multispectral configuration. There are several
possible explanations to this. First, spectral information is
very redundant in the VNIR domain and the problem only
involves 5 classes. Thus, a 4 band configuration may be sufficient to sum useful information. Second, the image was acquired at the very end of summer and differences between
deciduous and evergreen species appear even in RGB images.
Thus, this period is not the best to assess the relevance of
enriched spectal data. On the opposite, accuracies increase
when using hyperspectral VNIR+SWIR data, while no texture information is derived from such data. Indeed, SWIR
contains useful non redundant information with VNIR. At the
end, results can only be evaluated on areas supposed to be
pure but only at 75%. Thus, obtained results are not sufficiently different to consider real differences from accuracies results. Results for 4 configurations (M+MD, HS+MD,
M+LD, HS+LD) are presented on Figure 2 before and after
regularization. Compared to the reference data, pure species
are correctly retrieved. Differences between results can be
observed in mixed forest areas, but remain quite slight.
5. CONCLUSION
Several sensor configurations involving images and Lidar
point clouds were simulated and compared for forest stand
extraction. At the end, all of them led to very similar results.
However, it must be taken into account that the classification
problem remained quite specific (small area, evaluation only
on 5 pure species areas, images captured at a specific season).

S+LD
S+MD
M+LD
M+MD
HV+LD
HV+MD
HS+LD
HS+MD

κ
96.4
96.7
96.6
96.9
96.7
96.6
97.2
97.3

OA
97.8
97.9
97.9
98.1
97.9
97.9
98.3
98.3

mean FScore
97.4
97.7
97.4
97.8
97.5
97.5
97.7
98.0

mean IoU
95.0
95.5
95.0
95.7
95.1
95.1
95.6
96.1

Table 2. Accuracies (%) for the raw classification results.
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