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ABSTRACT
Forest stands are a basic unit of analysis for forest inventory
and mapping. Stands are defined as large forested areas of homogeneous tree species composition and age. Their accurate
delineation is usually performed by human operators through
visual analysis of very high resolution (VHR) infra-red and
visible images. This task is tedious, highly time consuming, and needs to be automated for scalability and efficient
updating purposes. The most appropriate fusion of two remote sensing modalities (lidar and multispectral images) is
investigated here. The multispectral images give information
about the tree species while 3D lidar point clouds provide
geometric information. The fusion is operated at three different levels within a semantic segmentation workflow: oversegmentation, classification, and regularization. Results show
that over-segmentation can be performed either on lidar or optical images without performance loss or gain, whereas fusion
is mandatory for efficient semantic segmentation. Eventually,
the fusion strategy dictates the composition and nature of the
forest stands, assessing the high versatility of our approach.
Index Terms— Lidar, multispectral imagery, fusion, forest stands, classification, segmentation.
1. INTRODUCTION
The fusion of multimodal data has been widely investigated
in the remote sensing literature [1, 2, 3]. Recent surveys discuss the different levels of fusion (original measured domain,
feature spaces and/or classification level) and 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. It 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 VHR geospatial images
with an infra-red channel [4].
Airborne laser scanning (ALS) and VHR multispectral images are both well adapted remote sensing data for stand seg-

mentation. ALS provides information about the vertical distribution of the trees while multispectral images are useful for
the tree species discrimination. Surprisingly, only a few methods have addressed the forest stand segmentation issue.
The analysis of the lidar and multispectral data is performed
at three levels in [5], following the hierarchical nomenclature
of forest classes. The multi-scale analysis offers the advantage of alleviating the standard limitations of individual tree
crown detection, and of retrieving labels related to forest development stage. Nevertheless, the pipeline is highly heuristic, under-exploits lidar data, and significant confusions between classes are reported.
The automatic segmentation of forests in [6] is also performed
with lidar and VHR multispectral images. The idea is to divide the forests into higher and lower sections with the height
information provided by lidar point clouds. An unsupervised
classification process is applied and pre-defined thresholds allow to obtain the desired delineation of stands. The results
are improved using standard morphological operators. This
method is efficient if the canopy structure is homogeneous
and requires a strong knowledge on the area of interest. Based
on height information only, it cannot differentiate two stands
of similar height but different species.
In [7], a stand segmentation technique for a forest composed
of Scots Pine, Norway Spruce and Hardwood is defined. A hierarchical segmentation on the Crown Height Model followed
by region growing is performed on images composed of rasterized lidar data and colored infra-red images. The process
was only applied on a limited area, preventing from drawing
strong conclusions. However, the quantitative analysis carried out by the authors shows that lidar data can help to define
statistically meaningful stands and that multispectral images
are inevitable inputs for tree species discrimination.
This paper will focus on the method proposed in [8], as it already delineates accurately the forest stands, according to the
tree species, and investigates the possibilities to fuse ALS and
multispectral data at different levels (classification and regularization). Here, the approach has been improved in order
to experiment the fusion at the over-segmentation model (basic tree extraction being substituted by any kind of superpixel
segmentation technique). The aim of this paper is to determine which modality is the most relevant in each step, or if
both are needed.

2. METHODS
The investigated method is composed of three main steps
(Figure 1, more details in [8]). First, 25 features are derived
from the airborne lidar point clouds and 70 from the multispectral images. They are computed at the pixel level, for
the subsequent energy minimization process. They are also
generated at the object level (see below). Indeed the features
are more consistent at this scale which improves the discrimination process. Then, the classification of the vegetation type
(mainly tree species) is performed using a Random Forest
classifier. Training samples are automatically extracted from
the French national land-cover (LC) forest database [8]. Last,
a smoothing regularization process based on an energy minimization framework is carried out in order to obtain the final
segments.
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Table 1. The 8 scenarii investigated for optimal data fusion.
Four segmentation methods were tested:
SITC : A coarse 3D-based single tree extraction developed in
a previous study (for lidar only) [8];
SMSS : A hierarchical 2D multiscale segmentation approach
(applied on any rasterized lidar feature) [9];
SPFF : A standard graph-based image segmentation, restricted to optical images (PFF) [10];
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SSLIC : A widely-adopted superpixel segmentation method
(SLIC) on optical images [11].
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Fig. 1. Flowchart of the investigated method. The purple
numbers correspond to the scenarii investigated (Table 1), the
red boxes to the nodes where the fusion is operated.
In the investigated method, the two different data types
can be used together or separately at the three main steps;
1. Over-segmentation. It can be operated either on the lidar point cloud (individual tree crown extraction –ITC–
or any segmentation based on a rasterized lidar feature)
or on the image itself (superpixels). The aim is just
to efficiently reduce the spatial information. It is commonly assumed that ITC is mandatory. However, here,
we investigated whether it leads to superior accuracy
with respect to standard superpixel techniques.
2. Classification. It can be performed using only the lidar
features, only the spectral features or using both.
3. Regularization. Conversely to a standard Markov
Random Field, our smoothing procedure integrates
data features. The pixel-based features used in the regularization can also be only the lidar features, spectral
feature or both.
With regard to all the 18 possibilities, 8 scenarii are investigated in this work since they allow to determine efficiently
where the fusion is the most appropriate. They are summarized in Table 1.

The classification is carried out with the Random Forest (RF)
classifier, fed with features extracted from the 95 attribute set,
depending on the scenario. However, in order to reduce the
computation times and to validate the complementarity of the
data sources, a selection of 20 feature is carried out with the
SFFS algorithm [12] before the classification process.
3. DATA
The experiments are conducted over a mountainous forest in
the East of France, which exhibits a high diversity of landscapes and tree species. We focus on four areas of 1 km2 .
The airborne multispectral images were captured by the IGN
digital cameras [13]. They have 4 bands: 430-550 nm (blue),
490-610 nm (green), 600-720 nm (red) and 750-950 nm (near
infra-red) at 0.5 m ground sample distance. The airborne lidar
data were collected using an Optech 3100EA device (0.8 m
footprint). The point density ranges from 2 to 4 points/m2 .
Multispectral and lidar data fit with the standards used in
many countries for large-scale operational forest mapping
purposes [14]. Data were acquired under leaf-on conditions,
in May and June 2011 for the multispectral images and the
lidar data, respectively.
The forest LC geospatial database is composed of 2D polygons delineated by photo-interpreters. It is the French national LC datum for forests, available for any end-user1 . Four
training sets were generated, depending on the input of the
over-segmentation and classification.
1 http://inventaire-forestier.ign.fr/spip/?rubrique67

4. RESULTS

larization step does not significantly change the final results.
Same results are observed on the other zones.

The overall accuracy is computed by comparing each pixel of
the forest LC database with the classification results.
The segmentation results of the scenarii 5 and 8 over a single
zone are presented in Table 2. The lidar-based segmentation are SITC (performed on the lidar point cloud) and SMSS
(conducted on the lidar Digital Surface Model obtained).
SPFF and SSLIC are both applied on the three visible channels
of the multispectal image. The results show that the oversegmentation has a weak impact on the final result. A simple
superpixel approach is sufficient to have a good segmentation
and regularization accuracy. However, this step has a significant impact on the classification results (∼ +5% for the
spectral based over-segmentation). Same results are observed
on the other zones.

Classification
Regularization

Scenario 5
ITC
MSS
80.9%
81.8%
94.1%
95.8%

Scenario 8
PFF
SLIC
87.6%
86.5%
96.2%
95.7%

Table 2. Classification and stand segmentation accuracy with
different segmentation methods. The ground truth is provided
by the forest LC database.
The feature selection step confirms that both data are important for classification: over 40 runs of the SFFS algorithm
on the different areas, 60% of the selected features are derived
from the multispectral images and 40% are derived from lidar.
This shows the complementarity of the data sources. It is important to keep both in the subsequent classification task.
The results of the scenarii 1, 2, 5 and 8 over the 4 zones
are presented in Figure 2. From a visual point of view, the
results are satisfactory. Similar results are observed for the
other zones. The results of the 8 proposed scenarii over a single zones are presented in Table 3. In terms of performance,
lidar data provide worse results: the classification has an overall accuracy of 74.8%. The regularization step improves the
results, with an overall accuracy of 92.2%. Multispectral data
alone produce better results: the classification has an overall
accuracy of 79.1% and the regularization reaches 95.2%.
The fusion of the two data sources has a significant impact on
the classification step and on the final results (scenario 1 vs 3
and 2 vs 7). Adding the lidar data increases the classification accuracy of ∼ 8% (79.1% → 87.6%) and adding the
spectral data increases the classification accuracy of ∼ 7%
(74.8% → 81.8%). The gain is less significant for the final
results; + ∼ 2.5% (92.2% → 94.8%) when adding spectral
information and + ∼ 1% (95.2% → 96.1%) when adding
lidar information. These results confirm that it is meaningful
to use both data sources for classification. They provide complementary information for vegetation type discrimination.
The spectral information is more beneficial than the lidar information for the regularization step. Fusing the two data
sources or using only the spectral information in the regu-
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Overall accuracy (%)
Classification Regularization
74.8
92.2
79.1
95.2
94.8
81.8
95.8
95.8
96.0
87.6
96.1
96.2

Gain
17.4
16.1
13.0
14.0
14.0
8.4
8.5
8.6

Table 3. Classification and stand segmentation accuracies for
the 8 scenarii investigated.
5. CONCLUSIONS
The contribution of two major very high resolution remote
sensing data sources for forest analysis has been investigated
for the specific problem of forest stand segmentation. The
over-segmentation step can be carried out by any data type,
since the obtained objects are consistent for both scenarios
(individual tree crown extraction vs superpixels). No specific effort should be put on 3D analysis for tree extraction.
One should select techniques with limited parameter tuning. The classification must be carried out on both remote
sensing sources, otherwise, the segmentation quality greatly
decreases. The regularization can be operated with only one
data type or two. In both cases, segments are spatially consistent with the existing forest geodatabase. When using only
lidar data, the final stand will have an homogeneous vertical structure while inserting multispectral-based features will
lead to stands more homogeneous in term of species. Nevertheless, when using both remote sensing sources, the stands
are better delimited compared to the Forest LC map.
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