Knowledge and Management of Aquatic Ecosystems (2013) 410, 10
c ONEMA, 2013

DOI: 10.1051/kmae/2013068

http://www.kmae-journal.org

Monitoring restored riparian vegetation: how can recent
developments in remote sensing sciences help?
S. Dufour(1) , , I. Bernez(2,3) , J. Betbeder(1) , S. Corgne(1) , L. Hubert-Moy(1) ,
J. Nabucet(1) , S. Rapinel(1) , J. Sawtschuk(2) , C. Trollé(1,2)
Received December 17, 2012
Revised July 15, 2013
Accepted July 18, 2013

ABSTRACT
Key-words:
remote sensing,
riparian
vegetation,
UAV,
LiDAR,
radar

Riparian vegetation restoration projects require appropriate tools to monitor actions efficiency. On a large scale remote sensing approaches can
provide continuous and detailed data to describe riparian vegetation. In
this paper, we illustrated recent developments and perspectives for riparian vegetation monitoring purposes through three examples of image sources: Light Detection And Ranging (LiDAR), radar and Unmanned
Aerial Vehicule (UAV) images. We notably focused on the potential of such
images to provide 3D information for narrow strips of riparian vegetation
with high temporal resolution to allow fine monitoring following restoration
program. LiDAR data allows canopy structure identification with a high
accuracy level and automatic classifications for heterogeneous riparian
corridors. Radar images allow a good identification of riparian vegetation
but also of the structure and phenology of vegetation through time with an
analysis of the Shannon entropy of the signal. The UAV system used here
is a very flexible approach that can easily provide RGB mosaic but also
a local digital surface model with very high spatial resolution. Lastly, we
discuss the advantages and limitations of each approach from an applied
perspective, in terms of flexibility, resolution and technicality.

RÉSUMÉ
Suivre la restauration de la végétation riveraine : comment les développements récents
de la télédétection peuvent-ils aider ?
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Le suivi des projets de restauration de la ripisylve nécessite des outils spécifiques.
Dans cet article, nous illustrons et discutons comment les développements récents dans le domaine de la télédétection permettent une description détaillée,
continue et à large échelle des ripisylves restaurées à partir de trois exemples
d’images : laser (LiDAR), radar et drone. Nous analysons notamment la capacité et le potentiel de ces images à fournir une information volumétrique de ripisylves étroites avec une forte résolution temporelle afin de permettre un suivi fin
des actions de restauration. Les données LiDAR permettent une description de la
structure de la canopée avec une très bonne précision ainsi qu’une classification
automatique des ripisylves hétérogènes. Les images radar permettent une bonne
identification non seulement de la végétation riveraine mais aussi de sa structure
et de sa phénologie par analyse de l’entropie du signal. La technologie drone déployée ici est très flexible et facile à mettre en œuvre ; elle donne accès à des
mosaïques de photographie à très haute résolution spatiale et à faible résolution
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spectrale. Mais elle permet aussi de générer facilement un modèle numérique de
surface très précis. Les avantages et les inconvénients respectifs des différentes
approches sont finalement discutés dans une perspective opérationnelle. Il en ressort que le choix de l’une ou l’autre doit essentiellement être guidé par l’objectif
du suivi et les moyens disponibles.

INTRODUCTION
Riparian vegetation has central position in the river ecosystem. It stands at the interface of
terrestrial and aquatic environments and therefore plays a crucial role both for the ecological
integrity of river courses and for the social values of fluvial corridors (Malanson, 1993; Naiman
et al., 2005; Wasson et al., 2010; Feld, 2012). Over the last decades restoration has become
a complementary approach to conservation and protection practices (Ormerod, 2004; Dufour
and Piégay, 2009). However, if restoration principles are now quite well established, some
aspects of restoration projects still need improving (Palmer et al., 2005); the monitoring process is clearly one of these. Indeed, both scientists and managers need appropriate tools
to monitor riparian vegetation: the latter for a quantitative evaluation of funded action efficiencies and the former for a detailed understanding of vegetation pattern and dynamic
follow-up of restoration. Site or reach scale projects have numerous tools to assess riparian
vegetation response to restoration practices (Munné et al., 2003; Coroi, 2006; Brooks et al.,
2009). However, large scale projects need specific tools, capable of generating continuous
and detailed data set along several river segments or at network scale (Tormos et al., 2011).
It is thus a major challenge to describe large scale riparian vegetation (semi-)automatically in
terms of species and cover but also volume, structure and biomass. Recent developments in
remote sensing and geographic information systems (GIS) may offer a good opportunity to
provide useful information and indicators on such large scales (Goetz, 2006; Johansen et al.,
2007a; Yang, 2007; Johansen et al., 2010; Aguiar et al., 2011; Dufour et al., 2012). In a recent review, Carbonneau and Piégay (2012) clearly showed that in the area of fluvial remote
sensing radar, LiDAR and UAV approaches represent the most recent, and least used and
completed systems for applied uses in river environment. Thus in this paper, we illustrated
recent developments and perspectives for riparian vegetation monitoring purposes by means
of three examples of image sources: Light Detection And Ranging (LiDAR), radar and Unmanned Aerial Vehicule (UAV) images. The applications of LiDAR, radar and UAV systems are
numerous, including topographic mapping, surface movement detection, defense and security monitoring, as well as environmental monitoring... In this study, we specially focused on
the potential of such images to provide 3D information for narrow strips of riparian vegetation
with high temporal resolution to allow fine monitoring following the restoration program. We
discussed the advantages and limitations of each approach from an applied perspective.

AREAS UNDER STUDY
All images are about two small river systems located in the northwest of France: the Oir river
(for UAV images) and the Couesnon river (for LiDAR and Radar images) (Figure 1). The Oir river
is a 20-km long tributary of the Sélune river, on which ecological surveys have been carried
out for 20 years to restore the salmonid population quality regarding the quality of their habitat
(Forget et al., 2013). The Couesnon is a small 97-km long coastal river. In this work, we studied
a 17-km long, downstream section of the Couesnon, located in “Zone Atelier Armorique”
(Pleine-Fougères site), a site that is part of the ILTER multidisciplinary research network. In
this section, the Couesnon has an average width of 15 m and an average flow of 7.1 m3 ·s−1 . To
reduce flooding, this section was channelized and dammed in 1969, with steep 3-m banks.
Riparian woody vegetation consists mainly of woody vegetation trees or shrubs (Populus,
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Figure 1
Location of reaches under study: A) watershed location, B) studied site location, C) Oir river and
D) Couesnon river.

Salix, Alnus and Fraxinus). The Sélune river and the Couesnon river run into the Mont-SaintMichel Bay. Valley landscape is dominated by pasture and farming as regards both systems.

MATERIAL AND METHODS
> LIDAR IMAGES
Although conventional sensors have proven satisfactory for many ecological applications –
such as mapping land cover into broad classes and, in some biomes, estimating aboveground biomass and leaf area index (LAI) – they present significant limitations for some ecological applications (Lefsky et al., 2002). Their sensitivity and accuracy fall as aboveground
biomass and leaf area index increase (Turner et al., 1999). They also cannot fully represent the
three-dimensional spatial pattern of vegetation, because they produce only two-dimensional
(x and y) images.
Laser instruments such as LiDAR (Light Detection and Ranging) has been shown to be an
alternative remote sensing technology, especially in systems where biomass accumulation is
significant (Vierling et al., 2008). They increase the accuracy of biophysical measurements and
extend spatial analysis into the third (z) dimension, providing fine-grained information about
the 3-D structure of ecosystems across broad spatial extents. Indeed, aiborne LiDAR sensors
provide high-resolution topographic maps and accurate estimates of vegetation height, cover,
LAI, aboveground biomass as well as canopy structure (for riparian vegetation see Dowling
and Accad, 2003; Farid et al., 2006; Antonarakis et al., 2008a, 2008b; Geerling et al., 2009;
Arroyo et al., 2010).
Fine-scale identification and mapping of riparian vegetation was undertaken in the PleineFougères site using airborne Laser Terrain Mapper (ALTM) data captured in March 2009,
before leaves have grown, with an Optech Airborne Laser Scanner- Litemapper 5600. The
LIDAR data characteristics are described in Table I. The LiDAR data acquisition was performed in the near infrared band (1.064 µm), with a high spatial resolution and high accuracy,
with, respectively, an approximately 4-point per square meter density and a height accuracy
10p3
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Table I
Characteristics of image sources and processing (source: Géophénix, 2009; http://www.sensefly.com);
information about LiDAR differs according to each survey; here, we indicated the values for the studying
flight.
Spatial resolution
Horizontal and
Vertical accuracy
Spectral resolution
Polarization
Pulse Rate
frequency
Mode
Working area
Flying altitude
Cost

LiDAR
4 pts/m2

Small format RGB
digital camera

1064 Nm
Dual (HH/VV)
150000 Hz

2

130 km
1.3 km

20 000 euros

On-demand

Date

04/05/2009

Software
needed

Terra solid
eCognition

Critical step
or technical
requirement

UAV
0.02 to 0.5 m

0.3 and 0.12 m

Fly time
Scan or incidence
angle
Temporal resolution

Data processing
duration

Radar
Azimuth: 2.2 m
Range: 1.48–3.49 m

260 min
28◦

7 days

Technical skills
on ecognition
Computer memory

High resolution spotlight
100 km2
514 km
New acquisition: 8775 euros
Archive: 4390 euros
37◦
(Right Ascending)
11 days
2012: 19/04 – 30/06 –
12/07 – 03/08 – 15/09
PolSarPro; Nest (free)
PCI Geomatica
Pre-processing: 4 hours
Processing and validation:
6 hours

Up to 10 km2
0.1 m to 1.5 km
15 000 euros for the UAV
and software
30 min

<1 day
20/06/2012
Agisoft Photoscan
GIS software
Mosaicking 36 images =
0.5 to 1 day
Generating digital surface
elevation = 0.5 to 1 day

Technical skills for geometrical
correction and polarimetry
Computer memory
information extraction
increase with the number
Require theorical basis
of pictures
in radar and polarimetry

of about ±0.1 m. Forty-five lines were flown to cover the 150 km2 study area. LiDAR data
were georeferenced to Lambert-RGF93/IGN-69 coordinates, using differential GPS measurements. The laser points (X-, Y-, Z- coordinates) were then classified in ground and vegetation
points with TerraScan software (Axelsson, 1999). Ground and higher vegetation points were
used to derive respectively a high-accuracy Digital Terrain Model (DTM) and a Digital Surface
Model (DSM), using the Nearest Neighbors (NN) interpolation method. The height image is the
difference between DSM and DTM. The intensity image was calculated from mean intensity
point values within grids of 0.5 m × 0.5 m using nearest neighbor interpolation method.

> RADAR IMAGES
We used a series of five TerraSAR-X satellite images (Table I). TerraSAR-X is characterized
by an active phased array X-Band system, with a 9.65-GHz center frequency , a near-polar
orbit around the earth and is able to register images with a spatial resolution of approximately
one meter, regardless of weather conditions or absence of daylight. Data can be acquired
in numerous modes (SpotLight, StripMap and ScanSAR), depending on the spatial resolution
10p4
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Figure 2
The three major scattering mechanisms studied with polarimetric data: (1) Single bounce from a plane
surface backscattered towards the radar, (2) Double bounce from a flat surface that is horizontal with an
adjacent vertical surface and (3) Volume scattering from randomly oriented objects.

and polarization required (Fritz et al., 2007). TerraSAR-X appears very promising for monitoring
riparian vegetation because of its specificities (Lopez-Sanchez et al., 2009): shorter revisit
time than previous radar sensors (11 days), a frequency band (X) suited to the monitoring of
changes in vegetation phenology, a phase information preserved for dual-polarization data
acquired in single look slant range complex mode, which allows the extraction and use of
incomplete polarimetric decomposition and a very high spatial resolution (below 3 m), even
for dual-polarization images, which appears suited to identifying and characterizing riparian
vegetation.
Images were pre-processed in order to reduce speckle noise (Lee, 1981), and correct the topographic deformations using PolSARpro 4.2 (http://earth.eo.esa.int/polsarpro/) and Nest Dat
4C (http://nest.array.ca/web/nest) opensource software programs. Images were then georeferenced in the Lambert-RGF93/IGN-69 system, using 55 ground control points selected from
aerial photography.
Polarimetric images are sensitive to object orientation and scattering properties. In synthetic
aperture radar (SAR) polarimetry, the emitted and received states of polarization change during data collection (HH, HV, VH and VV for full polarimetric data), providing the phase and
magnitude of the backscattered signal that is related to the material properties of the studied
object (roughness, orientation, structure...). Although three major scattering mechanisms can
be studied (Figure 2), in our case we only investigated the single and double bounce scattering mechanisms. Considering the backscattering intensities of the five dual-polarization
TerraSAR-X images (HH/VV), we selected the real-valued intensity for each of the two scattering matrix elements. From these last two intensity images, we can only obtain an incomplete
covariance matrix, since the HV image is not available. Nevertheless, we extracted several
polarimetric parameters that are useful to characterize the vegetation structure, such as the
Shannon entropy, Alpha angle, ratios, etc... (Lee and Pottier, 2009).
The riparian vegetation was extracted using the Shannon Entropy (SE) parameter (Lee and
Pottier, 2009). SE is a measure of disorder encountered in polarimetric SAR images. SE can
be decomposed as the sum of two terms: the intensity contribution that depends on the total
backscattered power and the polarimetric contribution. In other words, the SE allows measuring the number of mechanisms that interact in a pixel and the power of each ones. Hence,
if riparian vegetation is quite developed and complex, the number of mechanisms and their
backscattering intensities are high and the entropy image values will also be high. In this
study, the riparian vegetation was automatically extracted by applying threshold segmentation on the SE image.

> UAV IMAGES
We used a series of UAV 36 RGB digital images taken in June 2012 over a 1.5 km long reach
by a UAV Swinglet CAM, marketed by senseFly and equipped with a 12 MP compact camera
with a 24 mm focal length (in 35-mm equivalent) (see http://www.sensefly.com) (Figure 3A).
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Figure 3
UAV A) accessories (model sensefly swinglet cam), B) take-off, C) screenshot of flight plan (e-mo-tion
software), D) screenshot of mosaicking process (Agisoft PhotoScan software).

Due to the recent development of UAV technology, a large range of systems is available
(see Hardin and Jensen, 2011 and Carbonneau et al., 2012 for recent reviews). We used a micro UAV well adapted to a monitoring program, notably because it is ready to deploy systems
with autonomous take-off, flight and landing. Flight elevation is between 0.1 and 1.5 km, with
respective spatial image resolutions between 0.02 and 0.50 m. We set the overlap between
pictures at 80% and the spatial resolution at 5 cm. From these 2 requirements, all flight characteristics (trajectory, altitude and number of images) are automatically managed in e-mo-tion
software (Figure 3C).
The mosaicking process and digital surface model (DSM) generation were performed with
the Agisoft PhotoScan software (http://www.agisoft.ru/) (Figure 3D). With no ground control
points, absolute accuracy is about 5 m, thus we orthorectified the mosaic with the ArcGIS
software based on orthophotograpies provided by the Institut Géographique National (IGN).

RESULTS
> LIDAR
Direct visualization of the 3D point cloud data-sets with color-maps can been used to enhance
visualization of the point cloud data for interactive inspection and initial understanding of
the spatial patterns of riparian vegetation. This provides a simple way to identify canopy
structure with a high accuracy level (Figure 4). The analysis of two simple canopy structure
10p6
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Figure 4
3D view of riparian vegetation derived from the LiDAR cloud points: top canopy in cyan, herbaceous
strata in purple and branches in yellow points correspond respectively to 1, 2 and 3 returns according
to vegetation structure (black areas correspond to no-return area, e.g. water bodies).
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Figure 5
Riparian vegetation map from LiDAR data: (a) height image; (b) intensity image; (c) vegetation map.

measurements, that is, canopy height and cover, highlights the position, extent, quantity, type,
and connectivity of the aboveground components of vegetation, which brings information
about canopy function, vegetation-related habitat conditions for wildlife (Hansen and Rotella,
2000), or bank erosion.
For monitoring restored riparian vegetation, accurate spatial information of riparian vegetation patterns needs to be derived in automatic fashion. Automatic classifications regarding
heterogeneous riparian corridors data can be performed at fine scales using LIDAR data. We
applied a supervised oriented-object classification on the LiDAR data acquired on the PleineFougères site, by considering seven land cover classes, including five vegetation classes,
roads and water (Figure 5). To that end, water bodies and roads were first respectively identified by applying a multi-threshold segmentation on the intensity image, and extracting the
road layer from the IGNR BD TOPO database. Then, vegetation strata were determined by
applying a multi-threshold segmentation from the height image. Classification results were
assessed using ground data collected over 215 field plots and height values estimated from
LiDAR data processed via photo-interpretation. Although the classification method produced
very good levels of accuracy (Global Kappa index = 0.93), results can be improved by using available object parameters that have not yet been exploited, such as spectral, texture,
context and shape information.

> RADAR
The first output (Figure 6) is a composite color derived from the incomplete covariance matrix
of the dual polarization (HH/VV) TerraSAR-X image acquired on 14 April 2012 at the study
area (Zone Atelier Armorique, France). Crops can be easily identified, because at this time of
year they are very sensitive to the |HH – VV| component (double bounce), due to their size
and structure (beginning of the vegetative growth with considerable contribution to ground
structure). Permanent meadows are also discriminated by mixing single and double bounce
mechanisms. Bare soils or soils with low vegetation cover, which are quite smooth and thus
associated to the single bounce mechanism, can be inventoried. Riparian vegetation is well
identified as its components are characterized by complex properties (Different sizes, orientations, structures, vegetation developments, etc.), hence different scattering mechanisms. For
example, a poplar grove, which runs along the river bank, looks white because backscattering
intensity values are high for both polarizations (HH and VV).
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Figure 6
Composite color of the TerraSAR-X image (HH/VV) acquired on 14 April 2012 (Blue: |HH + VV| component (single bounce); Green: |2VV| component; Red: |HH - VV| component (double bounce)). In red, we
can see crops, such as cereals; in magenta permanent meadows; and in blue and cyan, bare soils or
soils with low vegetation cover; here riparian vegetation appears in white and green (poplar grove and
shrubs).

The analysis of the Shannon Entropy (SE) image is not only interesting to extract riparian
vegetation but also to identify its vegetation structure (Figure 7). Riparian vegetation presents
high SE values, due to the high number of scattering mechanisms and their related intensities
(on tree structures). The vegetation structure is analyzed with an hemispherical photography
which characterizes plant canopy geometry and permit LAI (Leaf Area Index) extraction. SE
evolution could be related to the change in riparian vegetation phenology. Indeed, the SE
values increase with the complexity of the riparian vegetation structure. In the western part of
the river, shrubs appear on the SE image after leaves have grown (∼June).During the following
months, shrub vegetation becomes denser and more complex, which increases SE values,
allowing their being identified and extracted. Regarding the high repetitivity of TerraSAR-X,
this tool proves interesting to monitor the riparian vegetation and identify areas to restore.

> UAV
Based on a 15-min flight and 36 pictures captured by the micro UAV swinglet cam, we built
a RGB mosaic of a 1.5-km long reach of the Oir river (Figure 8A). Due to the flight altitude
(150 m) and mosaicking process, the spatial resolution of the mosaic is about 7 cm. The centimetric scale resolution gives access to numerous features of the riparian corridor (channel,
trees...). For example, pieces of wood that drop down in the channel after vegetation clearance can be accurately identified (Figure 8B). Some problems have been encountered during
mosaic generation. Indeed, the presence of clouds or small gaps between pictures can make
it difficult to automatically generate the mosaic. The Agisoft software deals properly with differences of brightness between pictures (contrary to what was observed by Lejot et al., 2007)
but some distortions were noticed on the mosaic margins (Figure 8A).
A digital surface elevation (DSM) has also been automatically generated using the Agisoft
software. The vertical resolution corresponds to the mosaic spatial resolution (see for example
the pile of wood on Figure 8C and 8D).
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Figure 7
Riparian vegetation monitoring, with the Shannon Entropy parameter derived from TerraSAR-X images
(Dual-polarization): a) Riparian vegetation extracted from the image registered in July and b) Evolution of
the intra-annual riparian vegetation during the year 2012.

DISCUSSION
Over the last few decades, image analysis of riparian vegetation has undergone a huge evolution due to an increase in sources and to the type of imagery (Yang, 2007; Dufour et al., 2012;
Fernandes et al., 2013). Very high resolution satellite images, such as IKONOS or GeoEye,
combine high spatial resolution with a broad areal coverage; and image analysis has made
great progress resulting in an increase in computing capacity, GIS techniques and advanced
image analysis software (Goetz, 2006; Johansen et al., 2007a; Tormos et al., 2011). The emergence of new technologies makes it possible to have access to new information, such as
forest stand structure, thus improving riparian description (Johansen et al., 2011). In this paper, we illustrated some recent developments in remote sensing tools that could be used to
monitor riparian vegetation in restoration context. We show that LiDAR, radar and UAV images notably allow a 3 dimension characterization of vegetation through digital surface model
regarding UAV, point cloud concerning LiDAR and Shannon entropy for radar.
Different systems obviously present different relative advantages/disadvantages (Table II). As
regards UAV and LiDAR, spatial resolutions, and thus the description of the structure, are very
fine (Johansen et al., 2011; Carbonneau et al., 2012). The revisit time of TerraSAR-X (11 days)
and the flexibility of UAV permit scheduling detailed post restoration surveys (Hervouet et al.,
2011; Carbonneau et al., 2012). The speed and flexibility of UAV deployment, besides its low
cost, makes this platform a potentially valuable tool in vegetation monitoring at reach scale
10p10
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Figure 8
A) mosaic built with UAV images (overlay with the IGN orthophotographies), B) Oir channel (see piles of
wood due to riparian vegetation clearance), C) cleared reach, D) DSM of the pile of wood automatically
generated by the Agisoft PhotoScan software.

(Lejot et al., 2007; Dunford et al., 2009; Carbonneau et al., 2012). At network scale, radar and
LiDAR provide wider scenes than UAV but data-treatment still needs high levels of technicality and access to specific software (Table I). The high cost of LiDAR data acquisition and
extensive preprocessing phases are the main limitations to using these remotely sensed data
extensively. In addition, LiDAR pulses emitted in the visible and near infrared ranges of the
spectrum do not penetrate surface water (Töyrä and Pietroniro, 2005) and have difficulty penetrating dense vegetation cover. Lastly, lasers used for vegetation studies generally measure
information in optical wavelengths in the range of 0.8−1.600 µm. The main limitation of working in these wavelengths is absorption by clouds, which impedes the use of these devices
during overcast conditions (Lefsky et al., 2002; St-Onge, 2004). Height and intensity images
derived from LiDAR data correctly map vegetation strata and broad vegetation types from
structural parameters, but do not succeed in discriminating species in heterogeneous riparian corridors. Data fusion of very high resolution remote sensing images and LIDAR data is
needed to achieve this (Forzieri et al., 2010). Different systems have a common disadvantage
because no (or few) historical data are available for retrospective studies.
To characterize ephemeral parameters along stream banks, optical remotely sensed data
(such as airborne or UAV images) are limited to cloud-free periods and to describing the top
layer of the vegetation strata because penetration depth is very small (Marechal et al., 2012).
Although radar is not sensitive to visibility conditions and can register information by day or
night and through smoke and cloud cover, the spatial resolution of radar imagery that has
been used until now was too low to investigate riparian vegetation with a sufficient level of
precision (Dufour et al., 2012). Fine resolution SAR datasets show great potential for riparian
mapping and monitoring in this respect.
To provide fully operational tools some progress is needed, notably in terms of data treatment
to develop more automatic procedures to extract information from images and to calculate
indicators (see for example: Carbonneau et al., 2009; Johansen et al., 2010; Wiederkehr et al.,
2010; Aguiar et al., 2011; Tormos et al., 2011). Moreover, the information collected by sensors
can be enhanced. For example, in the case of UAV, some developments can be expected
with infra-red (Lelong et al., 2008; Lobo, 2009), real-time generation of 3-D maps systems
10p11
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Table II
Main advantages and limitations of image sources.

LiDAR

Advantages
- 3D vegetation visualization and
mapping
- Enhancement of 2D riparian
vegetation mapping
- Separation of ground and
vegetation

radar (TerraSAR-X)

- Very High spatial and temporal
resolution
- Numerous data mode
acquisitions for multi-scale
analysis
- Non sensitive to clouds
- Large coverage area

UAV
(micro UAV
Sensefly model)

- Low cost
- Very good spatial resolution
- Flexibility (potentially very high
repetitiveness in acquisitions)
- Data processing relatively easy
(but need memory large data set)

Limitations
- Acquisition costs
- 3D mapping (still in progress)
- No penetration in dense
vegetation
- No penetration in water bodies
- Large data size (time computing)
- Historical data not available
- Full polarimetric data is not
available
- Studies in development (few investigations)
- Historical data only since 2007
- Radar signal saturation with dense
vegetation
- Acquisition costs
- Small cover area
- Poor spectral resolution
- Provide digital surface model but not
digital elevation model
- Historical data not available (but
aerial photographs with a lower resolution can be used)

(Stefanik et al., 2011) and species scale classification (Dunford et al., 2009; Laliberte and
Rango, 2011; Fernandes et al., 2013). Regarding LiDAR data, landscape features could be
identified, extracted and mapped more satisfactorily from LiDAR 3D point clouds than from
the 2D height and intensity images; however, 3D objects extraction based on object-oriented
approaches is still at an experimental stage, while early studies are currently focusing on the
segmentation of voxel (3D pixel) for the extraction of trees (Reitberger et al., 2009) or buildings
(Keller et al., 2011). Moreover, most studies focus on LiDAR data analysis for topography,
vegetation or built-up purposes, exclusively using the cloud points classified as “ground” and
“above-ground” as well as intensity images. Yet, the characteristics of laser returns are not
yet fully used, while intermediate returns contain useful information for vegetation structure
characterization (Wang et al., 2012).
In terms of articulation with ground based approaches (Raven et al., 1998; Munné et al., 2003;
Debruxelles et al., 2009), very few authors compared field based and geomatic based methods. However image analysis is not a way to replace field work. We believe it provides some
complementary sets of data (i) to combine with field information and (ii) to enlarge studied area
(Rheinhardt et al., 2007; Brooks et al., 2009; Dufour et al., 2012). Indeed, although we provide
illustrations that recent improvements in remote sensing science can provide 3D information
for narrow strips of riparian vegetation with high temporal resolution, some variables (e.g.
composition of understory layer, tree age, flood marks, presence of litter...) are still difficult
or impossible to collect through remote sensing. Thus a detailed assessment of specificities
and complementarities is still needed in terms of indicators available, method cost and results
accuracy. Considering the amount of time spent calibrating and validating the results, remote
sensing approach is notably valuable for large scale studies (Coroi et al., 2006; Johansen
et al., 2007b).
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