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a b s t r a c t

The invasion of the wild oyster Crassostrea gigas along the western European Atlantic coast has generated
changes in the structure and functioning of intertidal ecosystems. Considered as an invasive species and a
trophic competitor of the cultivated conspecific oyster, it is now seen as a resource by oyster farmers
following recurrent mass summer mortalities of oyster spat since 2008. Spatial distribution maps of wild
oyster reefs are required by local authorities to help define management strategies. In this work, visible-
near infrared (VNIR) hyperspectral and multispectral remote sensing was investigated to map two
contrasted intertidal reef structures: clusters of vertical oysters building three-dimensional dense reefs in
muddy areas and oysters growing horizontally creating large flat reefs in rocky areas. A spectral library,
collected in situ for various conditions with an ASD spectroradiometer, was used to run Spectral Angle
Mapper classifications on airborne data obtained with an HySpex sensor (160 spectral bands) and SPOT
satellite HRG multispectral data (3 spectral bands). With HySpex spectral/spatial resolution, horizontal
oysters in the rocky area were correctly classified but the detection was less efficient for vertical oysters
in muddy areas. Poor results were obtained with the multispectral image and from spatially or spectrally
degraded HySpex data, it was clear that the spectral resolution was more important than the spatial
resolution. In fact, there was a systematic mud deposition on shells of vertical oyster reefs explaining the
misclassification of 30% of pixels recognized as mud or microphytobenthos. Spatial distribution maps of
oyster reefs were coupled with in situ biomass measurements to illustrate the interest of a remote
sensing product to provide stock estimations of wild oyster reefs to be exploited by oyster producers.
This work highlights the interest of developing remote sensing techniques for aquaculture applications in
coastal areas.

© 2016 Elsevier Ltd. All rights reserved.
1. Introduction

Pacific oyster (Crassostrea gigas) is the main bivalve species
cultivated worldwide (FAO, 2006; Forrest et al., 2009). This species
was introduced into Europeanwaters in the seventies to replace the
Portuguese oyster (Crassostrea angulata) which had been greatly
reduced by a large-scale epizootia outbreak (Grizel and H�eral,
1991). With the increase of water temperature, spawning and
stitut Universitaire Mer et
, CNRS), Campus Tertre, BP
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larval survival were gradually observed toward northern latitudes,
and oysters progressively colonized intertidal areas, forming dense
reefs (Diederich, 2005; Dutertre et al., 2010). Feral C. gigas is now
considered as an invasive species with different impacts on
receiving communities (Troost, 2010). Among these impacts, the
most obvious is a direct spatial and trophic competition with local
species such as the blue mussel (Mytilus edulis) (Diederich, 2005,
2006; Schmidt et al., 2008; Troost, 2010; Markert et al., 2013;
Green et al., 2013). Wild oysters also became trophic competitors
with cultivated conspecifics causing slower growth and economic
losses for the oyster farmers (Cognie et al., 2006). In France, they
were considered as a pest by the oyster industry. However since
2008, recurrent mass summer mortalities of oyster spat were
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observed along the European coasts with a subsequent decline of
the cultivated stock (Cotter et al., 2010; Pernet et al., 2012; Girard
and P�erez Agúndez, 2014). As a consequence, the status of the
wild oyster changed radically and in some areas oyster producers
envisaged exploiting their population as a resource to compensate
for their losses. This situation induced conflicts with recreational
and professional fishermen generating a need to map and manage
wild oyster reefs. However, in many areas of the west European
Atlantic coast, these reefs grow in rocky areas within large inter-
tidal mudflats notoriously inaccessible and hard to sample. Tradi-
tional ground surveys are therefore time-consuming, expensive
and require a substantial human effort in these areas (Cognie et al.,
2006). Thus, there is a growing interest and need for the develop-
ment of reliable remote sensing tools to provide a synoptic view of
wild oyster reefs in coastal areas.

Aerial photography has been used to detect live and dead oyster
reefs using brightness differences (Grizzle et al., 2002; Kater and
Baars, 2004). However, the specific spectral properties related to
reflected electromagnetic radiations at different wavelengths
cannot be exploited with panchromatic photographs. A preliminary
investigation with a multispectral resolution was tested for oyster
mapping in South Carolina (NOAA, 2003). More recently, micro-
wave remote sensing with synthetic aperture radar (SAR) was used
to map bivalve beds (mussels and oysters) in intertidal areas (Choe
et al., 2012; Gade et al., 2014; Nieuwhof et al., 2015). Choe et al.
(2012) showed that polarimetric characteristics of SAR images
can be used to distinguish surface roughness of oyster reefs from
that surrounding mudflat. However, this technique did not permit
the discrimination of bivalve species (Gade et al., 2014; Nieuwhof
et al., 2015), and was not tested to discriminate distinct tridimen-
sional configuration (e.g. horizontally vs. vertically developed
oysters) as can be observed for oyster reefs. Additional optical data
in visible and near-infrared domains could improve classifications
of intertidal mudflats (Van der Wal and Herman, 2007) and oyster
reefs detection (Dehouck et al., 2011). Visible-near infrared (VNIR)
data are very useful to map intertidal vegetation such as seagrass
(Pasqualini et al., 2005; Barill�e et al., 2010) or microphytobenthic
biofilms (Brito et al., 2013; Benyoucef et al., 2014) but the richness
of absorption bands due to photosynthetic and accessory pigments
cannot a priori be exploited for bivalve beds. Moreover, the
broadband resolution of many multispectral VNIR sensors may be a
limit for their detection (Girouard et al., 2004). This restriction
could be overcome by using high resolution hyperspectral data.
Surprisingly, this technique has only been tested by Schill et al.
(2006) to map eastern oyster reefs (Crassostrea virginica) based
on their spectral reflectance. They suggested that hyperspectral
remote sensing could be useful for mapping shellfish resources but
observed a high spectral variability within the oyster habitat.
Therefore, evaluating the efficiency of hyperspectral data remains
to be assessed and generalized to different ecosystems, species and
reef typology. For instance, none of the studies previously cited
using radar data considered the common situation in western
Atlantic bays where oyster reefs can be found in intertidal flats but
also in adjacent rocky areas growing with a distinct configuration.

This study aimed to produce spatial distribution maps of wild
oyster reefs for two contrasted reef typologies found in mudflats
and rocky areas using hyperspectral data from the airborne sensor
HySpex. A comparison was performed between HySpex data and
SPOT satellite HRG multispectral data to evaluate the role of the
sensor's spectral resolution. HySpex maps were spatially and
spectrally degraded to compare overall accuracy at different reso-
lutions. In this study, spectral signatures of oyster shells have been
analyzed using in situ spectroradiometric measurements obtained
for different conditions. Finally, we propose a simple method using
reef distribution maps and in situ measurements of oyster biomass
to illustrate the interest of a remote sensing product for the man-
agement of this resource at the scale of a shellfish ecosystem.

2. Materials and methods

2.1. Study area

Bourgneuf Bay, located south of the Loire estuary on the French
Atlantic coast (47�020 N, 2�070 W) (Fig. 1), is a macrotidal bay with a
maximum tidal amplitude of 6 m. 100 km2 of the total bay area
(340 km2) is intertidal. It is a site of extensive aquaculture of the
oyster C. gigas (Thunberg), ranking fifth in France with a production
of 7000 metric tons on 1000 ha of on-bottom cultures. The inter-
tidal zone comprises large mudflats and rocky areas but smaller
rocky spots are found in the middle of the mudflat. Two types of
wild oyster reefs can be observed: reefs situated in rocky spots
within the mudflat which are hardly accessible (Fig. 1, Site 1) and
those found in the large rocky areas with a much easier access
(Fig. 1, Site 2).

2.2. Typology of wild oyster reefs

Two distinct forms of colonization can be observed: clusters of
vertical oysters building three-dimensional dense reefs in the
muddy area (Fig. 2A, B) and oysters growing horizontally creating
large flat reef structures in rocky areas (Fig. 2D, E). The first form is
very similar to the one described for South-Carolina's oyster reefs
(NOAA, 2003). A further distinction can be made according to the
mud deposition. In the muddy area, oyster shells were dark and
partially covered bymud, while in rocky areas, in the absence of any
mud deposition, oyster shells had a brighter color. Spectral re-
sponses of each reef were obtained with a field portable spectror-
adiometer ASD FieldSpec3®, measuring the radiance (mW
cm�2 nm�2 sr�1) between 350 and 2500 nm with a spectral sam-
pling interval of 1.4 nm up to 1050 nm and 2 nm up to 2500 and a
spectral resolution from 3 to 10 nm. Surface reflectance was
determined by measuring the light reflected by a ~99% reflective
Spectralon® reference panel (Fig. 2C, F).

2.3. Image pre-processing

Bourgneuf bay was imaged by a HySpex VNIR 1600 camera on
September 21st, 2009, during an airborne campaign. This sensor
provides a spectral resolution of 4.5 nm in 160 contiguous channels
between 400 and 1000 nm. A mosaic of around 20 flight lines over
the study areawas obtained for a high spatial resolution of 1 m2 per
pixel. A multispectral image was also acquired by the HRG sensor of
SPOT-5 satellite on September 8th, 2009. It is characterized by 4
wide bands (500e590; 610e680; 780e890; 1580e1750 nm) and a
spatial resolution of 100 m2 per pixel. Both hyperspectral and
multispectral images were acquired at low tide, in cloud-free
conditions (<10%). Images were calibrated to ground reflectance
using the FLAASH (Fast Line-of-sight Atmospheric Analysis of
Spectral Hypercubes) atmospheric corrections module, incorpo-
rating the MODTRAN4 transfer code (Matthew et al., 2000). For
Bourgneuf Bay, a middle latitude summer atmospheric model was
used combined with a maritime aerosol model. MNF (Minimum
Noise Fraction) transformations combined with a band-pass filter
of 9 nmwere applied to the images to remove noise and redundant
information. A geographical mask of the terrestrial part and a
radiometric mask of the water were applied to identify the inter-
tidal area. Within this area, another mask was applied to distin-
guish all rocky surfaces from themudflat itself sincewild oysters do
not develop directly in the mud, and are systematically associated
to a hard substrate. This mask was performed using an X-band SAR



Fig. 1. Bourgneuf Bay study area with sample site locations. 1: Muddy rocks mainly colonized by clusters of vertical oysters surrounded by mudflats (2�0203500W, 47�0103000N); the
dash rectangle corresponds to the map Fig. 4. 2: Large rocky areas mainly colonized by horizontal oyster reefs and surrounded by sandy-muddy substrates (2�0102000W; 47�0102100N).
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image (9.65 GHz) obtained from the TerraSAR-X sensor. These radar
data were acquired at low tide in HH and HV polarization with an
incident angle of 44.1� and a spatial resolution of 2.75 m. The
sensitivity of the backscattering coefficient (s�) to surface rough-
ness allowed the differentiation of roughened rocky areas from
smoother mudflat areas in the intertidal area (Fig. 5A and 6A). Only
rocks delimited by the radar imagewere used for hyperspectral and
multispectral classifications using HySpex and SPOT sensors.
2.4. Oyster mapping methodologies

2.4.1. Field spectroradiometry
Reflectance spectra of the main sediments and marine vegeta-

tion that can be present within a pixel were recorded in the field
using the ASD FieldSpec3®. Spectral responses of micro-
phytobenthos (benthic unicellular photoautotrophs typically
composed of diatoms, dinoflagellates, euglenoids or cyanobacteria),
baremud, macroalgae, and other targets found in the intertidal area
around or within oyster beds were measured in the VNIR range
between 400 and 900 nm, as absorption by the water is strong
beyond 900 nm. A spectral resampling was applied on the in situ
spectral library to match the specific spectral range of the hyper-
spectral or multispectral images. Spectral signatures were
measured along transects and averaged to calculate a mean spec-
trum for each surface. All spectroradiometer readings were taken
under clear sky conditions close to dates of image acquisitions. In
situ spectral signatures were also acquired in different seasons
(March, June, July and November), for spring and neap tides and
with acquisitions in a 2-h interval around the low tide to take into
account variations due to desiccation. This work also benefited
from a library of intertidal spectra collected during previous field
campaigns (Combe et al., 2005; Barill�e et al., 2010; Kazemipour
et al., 2012).
2.4.2. Spectral Angle Mapper
The supervised Spectral Angle Mapper (SAM) classification

(Kruse et al., 1993) was performed to identify wild oyster reefs,
using a spectral library obtained in situ with spectroradiometric
measurements (Fig. 3). This classifier was selected because it has
beenwidely applied for intertidal and marine benthic environment
(e.g. Belluco et al., 2006; Kutser and Jupp, 2006), and had been used
successfully in the studied site to map microphytobenthos (Kruse,
2003; Combe et al., 2005). In addition, classically supervised clas-
sification methods, more sensitive to solar illumination were tried.
For example minimum distance and maximum likelihood classifi-
cations or texture filters based on variance and entropy were tested
but did not give satisfying results. In the SAM method the spectral
angle is independent of the length of the two vectors, which has the
interesting property of removing albedo variations and topographic
effect (Kruse, 2003; Combe et al., 2005). Spectral the angle (q) be-
tween spectra for each band considering them as n-dimensional
vectors in space (where n equals the number of hyperspectral or
multispectral bands):

q
�
t
!
; r!� ¼ cos�1� t

!
$ r!��� t

!��$k r!k� (1)

Where t is the unknown spectrum from pixels of images and r
the reference spectrum from the field library. Small deviation in-
dicates strong similarity between the unknown spectrum and the
reference. Pixels were assigned to a determined class according to a
maximum threshold (in radians) above which they were not
classified.
2.4.3. Validation
Accuracy assessments of SAM classifications were performed

using a confusion matrix (Congalton, 1991). The Kappa coefficient
(K) and the overall accuracy (OA) were chosen as measures of
agreement between classification results and validation data



Fig. 2. Typology of wild oyster reefs; left: clusters of vertical oysters surrounded by mudflats (A), details of vertical oyster clusters (B) and their spectral signature (C) and right:
horizontal colonization of large rocky areas (D), details of horizontally-growing oysters (E) and their spectral signature (F). Gray areas around the mean values are delimited by min
and max spectrum.
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(Belluco et al., 2006). The latter is based on the comparison with
Regions Of Interest (ROIs) identified in situ with GPS for each class.
Each ROI was randomly selected and covered areas several times
larger than the coarser pixel size. Overall accuracy was computed
by dividing the number of validation pixels correctly classified by
the total number of validation pixels irrespective of the class,
whereas the kappa coefficient takes into account all the classes as
well as the pixels wrongly classified due to a random agreement:

K ¼ ðpo � pcÞ=ð1� pcÞ (2)

Where po represents the proportion of correctly classified vali-
dation sites andpc, the proportion of agreement occurring by chance.
The kappa interpretation is defined by means of ranks starting from
0 to 0.20 for a poor agreement up till 0.80e1 for an almost perfect
agreement. These indices were applied for both reef types in muddy
and rocky areas and for HySpex and SPOT-5 images. Spatial and/or
spectral degradations of the hyperspectral imagewere performed: 1)
to obtain a high spectral resolution (HySpex 160 bands) associated to
a lower spatial resolution (100 m2 of SPOT-5), and 2) a low spectral
resolution of 3 large bands of SPOT-5 associated to a high spatial
resolution (1 m2 of HySpex) in order to analyze the effect of the
spatial and spectral resolution on the classification results.
2.5. Estimation of wild oyster stock

Oyster biomass cannot be directly estimated by photointerpre-
tation or remote sensing (undetectable multi-layers) and to assess
wild oyster stock at the scale of an ecosystem, surface estimation
must be combined with biomass field measurements. A previous
estimation of wild oyster stocks had been performed in this study
site using aerial orthophotographs associated to a systematic field
sampling of oyster biomass using 0.25 m2 quadrats (Cognie et al.,
2006). Among the rocky areas, these authors did not discriminate
oyster reefs and macroalgal belts, and the sampling strategy was
applied to the total rocky surfaces. Field observations revealed that
there are oysters under the macroalgal cover even though the
density is much less important compared to oyster reefs. This
previous method proposed by Cognie et al. (2006) based on sam-
pling strategy applied to the entire rocky surface, was used as a
reference to compare the approach proposed in this study (Fig. 4).
For the estimation of rocky areas, we used TerraSAR-X sensor which
is sensitive to surfaces roughness. A systematic sampling was
applied to the total surfaces (rocky areas and rocks within the
mudflats) with 180 sampling points. This was considered as the
maximal sampling effort since for one point (one quadrat) it could



Fig. 3. Spectral signatures acquired by an ASD FieldSpec® spectroradiometer and used
in the spectral library (For clarity not all spectra are shown). Spectral resampling to the
HySpex resolution (A) and to the 3 spectral bands of SPOT-5 resolution (B). Black ar-
rows represent spectral absorptions of the chlorophyll c at 632 nm and chlorophyll a at
673 nm. Histograms represent the position and spectral width of SPOT bands.
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take up to half an hour to collect oysters tightly attached together
and to the substratum. For each 0.25 m2 quadrat, oyster biomass
(total weight) was measured with an electronic balance, and
expressed in kg.m�2. The stock was defined by the product of the
surface by the average oyster biomass per m2. For the estimation
based on HySpex data, 3 classes were used: horizontal oyster reefs,
vertical oyster reefs, and macroalgal belts. To sample the oyster
biomass a stratified random sampling was applied (Krebs, 1989),
and it was decided to reduce the sampling effort by three, with 60
sampling points, equally distributed (n ¼ 20 per class) since the
three classes covered approximately the same surfaces.

2.6. Statistical analysis

All statistical analysis were conducted using XLSTAT 10 software
(Addinsoft, France). The normality and heteroscedasticity of data
distributions were tested before each analysis using the Shapiro
test. Oyster biomass means were compared using the t-test. Man-
neWhitney tests were used to compare stock assessments between
a field systematic survey and a remote sensing estimation.

3. Results

3.1. Field spectral reflectance

The spectral shapes of the two types of oysters were generally
similar in the visible range (between 400 and 700 nm) with a
slightly steeper slope at blue-greenwavelengths for vertical oysters
(Fig. 2C, F). A striking common feature was an absorption band at
673 nm, characteristic of chlorophyll-a, and suggesting the per-
manent presence of photosynthetic organisms on the shells. This
absorption band is the fingerprint of marine vegetation as shown in
spectra of macroalgae and microphytobenthos (Fig. 3A). However,
there were no macroalgal epibionts visible at the surface of oyster
shells whatever their types (vertical. vs. horizontal). This suggests
that the 673 nm absorption band was associated to unicellular or-
ganisms that were not detected visually. The spectrum of micro-
phytobenthos, which develop biofilms on muddy sediments,
systematically showed another absorption band at 632 nm
(Fig. 3A). This absorption is due to chlorophyll c and identifies the
class of diatoms. This absorption, although less pronounced, could
be observed on the spectral response of horizontally developed
oysters (Fig. 3A). These spectral features could only be detected
with the hyperspectral resolution. After a spectral re-sampling at
the spectral resolution of the 3 large SPOT-HRG bands (Fig. 3B),
these pigment absorptions disappeared and spectral shapes tended
to be similar in the visible part. In the Near-Infra Red (NIR,
700e900 nm), spectral reflectance was clearly higher for horizontal
oysters than for those growing vertically (Fig. 2C, F). The flatter
surface of horizontal oyster reefs probably explains these NIR dif-
ferences. The vertical oyster reefs showed systematically a lower
NIR plateau and this difference could still be detected at lower
spectral resolution (Fig. 3B). In fact, vertical oysters often had a
spectral shape that resembles that of mud (Fig. 3A), which tends to
cover this type of reef.
3.2. Oyster identification

Two examples of maps obtainedwith the SAM classifications are
presented respectively a rocky zone within the muddy area where
oysters grow mainly vertically (Fig. 5) and a portion of the large
rocky areawhere oyster growmainly horizontally (Fig. 6). With the
hyperspectral resolution, it was possible to detect oysters on the
rocky zone within the muddy area as well as macroalgae and
microphytobenthos (Fig. 5C). The latter could even be observed on
the orthophotograph as brown-green biofilms covering most of the
mudflat (Fig. 5B). Consistent spatial variations of micro-
phytobenthos were identified (Fig. 5C), with higher biomass
detected in the vicinity of a channel next to the cultivated oyster
areas (see Combe et al., 2005). Biofilms of low biomass of micro-
algae were also detected within the rocky area delimited by SAR
processing (Fig. 5C). This was confirmed in situ, and corresponds to
muddy patches colonized by microphytobenthos, contributing to
the fragmented aspect of the vertical-oyster reef (Fig. 2A). With the
multispectral data, SAM did not correctly discriminate oyster
classes from microphytobenthos and most of the mudflat was
identified as oyster reefs (Fig. 5D). Macroalgae observable as dark
spots on the orthophotograph (Fig. 5B) was the only class that
showed a consistent distribution on the SPOT image (Fig. 5D).

For the rocky area, SAM maps obtained with HySpex images
identified large areas of horizontal-oyster reefs bordered by smaller
zones of vertical-oyster reefs in the lower intertidal area, in
accordance with field observations (Fig. 6C). Similarly, it was
possible to detect the many intertidal pools colonized by macro-
algae, which characterize this rocky area. That was not the case for
the multispectral image (Fig. 6D). Moreover, oyster reefs got
confusedwithmicrophytobenthos, whilemacroalgaewere the only
class consistently identified with SPOT-5 image (Fig. 6D). In addi-
tion to this general description, in situ GPS acquisitions were used
to quantitatively assess the accuracy of these SAM classifications.



Fig. 4. Methodologies for estimating wild oyster stocks based on surface estimations (systematic sampling applied to the total rocky areas delimited by SAR processing vs. stratified
sampling applied to classes identified by hyperspectral processing) coupled to field biomass measurements.
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3.3. SAM classification accuracy

The overall accuracy and kappa coefficient calculated from the
confusion matrices confirmed that the best results were obtained
using the HySpex image whatever the type of oyster reef (muddy
area with vertical oysters vs. rocky area with horizontal oysters)
(Table 1). The lower spectral (3 bands) and spatial (100 m2) reso-
lutions of SPOT-5 resulted in a significant decrease of accuracy, with
kappa coefficients between 0.23 and 0.31 compared to 0.59 and 0.68
for HySpex. When comparing the spatially or spectrally degraded
HySpex images, it was clear that the spectral resolutionwas greater
than the spatial resolution, to correctly identify the classes (Table 1).
ForHySpex spectrally degraded to SPOT bands, the kappa coefficient
dropped to 0.30 in themuddy area, close to the value obtained with
themultispectral image. Brownmacroalgae were the best classified
throughout the different resolutions, confirming that this type of
vegetation could be identified whatever the available number of
bands. The full confusion matrix for HySpex (Table 2) revealed that
horizontal oysters in the rocky areawere correctly classified at 78.1%
while 14.7% were assigned to the vertical-oyster class, such that
oyster reefs was generally identified at approx. 92.8%. However,
vertical oysters in themuddy areawere classified at 69.3%while the



Fig. 5. SAM classification based on a field spectral library and applied to muddy rocks mostly colonized by vertical oysters (Fig. 1 site 1 e dash rectangle). (A) Surface scattering of
the HH polarization on TerraSAR-X image. (B) The field sampling effort for biomass measurements is represented on an aerial photograph in true color. Comparison between
hyperspectral data (C) and multispectral data (D) acquired by HySpex and HRG SPOT5 sensors respectively.
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remaining pixels were misclassified as microphytobenthos (12.1%)
or mud (14.1%). Indeed, rocky patches in the muddy area are char-
acterized by frequent sub-pixel mixtures of oysters, mud and
microphytobenthos which were more difficult to discriminate
despite the high spatial and spectral resolutions of HySpex data.
3.4. Field biomass and stock assessments

The biomass of vertically growing oysters in muddy areas
reached an average of 42 kg.m�2, which is significantly higher than
the mean biomass of 16 kg.m�2 for horizontal oysters growing in
rocky areas (Fig. 7; t-test, p < 0.05). The average oyster biomass
found in macroalgal belts showed no significant difference (t-test,
p > 0.05) between muddy and rocky areas with 2.8 kg.m�2 and
1.8 kg.m�2 respectively. However, these oyster biomasses in areas
colonized by dense macroalgae were significantly lower (t-test,
p < 0.05) than those measured in oyster reefs regardless of the
vertical or horizontal configuration. These different biomasses were
subsequently used to compare oyster stock estimations in two test
areas (rocky vs. muddy) shown in Figs. 5 and 6, and using surfaces
based either on the total rocky areas or oyster classes identified by
hyperspectral images (Fig. 8). A stratified random sampling was
applied using HySpex surface estimations and compared to a
reference based on a systematic survey applied indistinctly to a
total surface area delimited by SAR images (e.g. Figs. 5B and 6B). In
the rocky area, there were no significant differences between the
two stock estimations, in spite of a sampling three times smaller
effort to estimate the biomass in the surfaces identified by HySpex



Fig. 6. SAM classification based on a field spectral library and applied to a large rocky area mostly colonized by horizontal oysters (Fig. 1 site 2). (A) Surface scattering of the HH
polarization on TerraSAR-X image. (B) The field sampling effort for biomass measurements is represented on an aerial photograph in true color. Comparison between hyperspectral
data (C) and multispectral data (D) acquired by HySpex and HRG SPOT5 sensors respectively.
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(vertical oyster reef, horizontal oyster reef, macroalgal belts) (Fig. 8.
ManneWhitney, p > 0.05). However, in the muddy test area, the
wild oyster stock estimated with hyperspectral data was signifi-
cantly lower than the one based on the traditional survey used as a
reference (Fig. 8. ManneWhitney, p < 0.05).
4. Discussion

The analysis of SAM classifications obtained from hyperspectral
processing revealed that itwaspossible todistinguishwild intertidal
oyster reefs, using an in situ spectral library, but variable accuracy
was obtained depending on the reef typology. Schill et al. (2006)
have done pioneering work showing the interest of VNIR hyper-
spectral remote sensing formapping intertidal shellfish resources in
the southeast US. However, the typology of wild reefs formed by the
American oyster C. virginica in Florida or Louisiana is more diverse
than those described in our study (Grizzle et al., 2002). Indeed, Schill
et al. (2006) observed a high degree of spectral variabilitywithin the
oyster habitat particularly with vertical standing oysters and sug-
gested that the interest of using an in situ spectral library was mar-
ginal. The automated techniques they used to extract endmembers
from images have been successfully applied in several studies
(Tompkins et al., 1997; Elmore et al., 2000; Quental et al., 2013), and
this technique is particularly useful when it is difficult to obtain
ground truth data (Purkis and Pasterkamp, 2004; Rosso et al., 2005).
In our case, the use of a classification method based on an in situ
spectral library gave better results than automatic endmember
extraction methods, and it can be applied retrospectively on multi-



Table 1
Overall accuracy of the SAM classification for hyperspectral and multispectral data. HySpex data was also degraded at SPOT spectral or spatial resolution. Values indicate the
percentage of correctly classified pixels relative to ground truth GPS data for each class. The kappa coefficient calculated with both correctly and wrongly classified pixels
relative to each class.

SAM classes HySpex SPOT HySpex HySpex

(Spatial degradation) (Spectral degradation)

Muddy area
(Site 1)

Horizontal oyster 40.2 23.6 30.5 24.6
Vertical oyster 69.3 40.0 63.3 32.1
Macroalgae 91.7 95.3 90.2 88.4
Microphytobenthos 91.1 22.6 80.4 14.0
Muddy substrate 53.2 0.3 44.0 52.2
Overall accuracy 71.7 47.5 65.9 44.3
Kappa coefficient 0.59 0.31 0.51 0.3

Rocky area
(Site 2)

Horizontal oyster 78.1 8.6 58.5 63.8
Vertical oyster 62.1 32.5 60.7 31.7
Macroalgae 97.5 92.6 98.3 95.6
Intertidal pool with macroalgae 63.8 0.4 54.7 18.1
Muddy substrate 49.5 28.0 49.5 49.1
Overall accuracy 75.5 32.6 67.4 54.8
Kappa coefficient 0.68 0.23 0.58 0.45

Table 2
Complete confusion matrix for hyperspectral data for both horizontal and vertical
reefs classes. Values indicate the percentage of correctly classified pixels. Lines
correspond to classes of the SAM classification while columns correspond to the
ground truth GPS acquisition.

Vertical oyster

Muddy area
(Site 1)

Horizontal oyster 3.4
Vertical oyster 69.3
Macroalgae 0.1
Microphytobenthos 12.1
Mud 14.1
Intertidal pool with macroalgae 0.1
Intertidal pool without
macroalgae

0.6

Horizontal
oyster

Rocky area
(Site 2)

Horizontal oyster 78.1
Vertical oyster 14.7
Macroalgae 1.0
Microphytobenthos 0.7
Mud 1.3
Intertidal pool with macroalgae 4.3
Intertidal pool without macroalgae 0

Fig. 7. Mean biomass of wild oysters Crassostrea gigas for both horizontal and vertical
reefs. Black histograms represent the oyster biomass within oyster reefs without
macroalgae while gray histograms present the oyster biomass under the macroalgal
canopy (Ascophyllum nodosum, Fucus vesiculosus). Bars represent confidence intervals
at 95%. Significant statistical analyses (p < 0.05) are indicated by *.
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temporal images characterized by different spectral or spatial res-
olutions (Purkis and Pasterkamp, 2004; Leiper et al., 2014). This
represents a minor technical divergence between our two studies,
and the hyperspectral data clearly offer possibilities for more accu-
rate large-scale mapping of oyster reefs compared to traditional
methods based on photointerpretation.
4.1. SAM classification accuracy

In this study, the accuracyof themethoddiffered according to the
reef type. It was lower for vertical reefs in themuddy area for which
the overall accuracy (OA) was 71% due to a misclassification con-
cerning mud and microphytobenthos. Oyster shells are character-
ized by intimate mixtures that are between the spectral responses
related to the shell mineralogy (Aragonite), to the presence of mud
and amicroalgal biofilm, and very often to several epibionts such as
cirripeds. Moreover, vertical oysters are characterized by a stronger
heterogeneity at the pixel scale, with clusters of oysters and mud
patches. Sub-pixel mixing is a recurrent constraint for class sepa-
ration (Mumby and Edwards, 2002; Yamano and Tamura, 2004;
Mishra et al., 2006) which can be overcome with linear unmixing
models (Byrd et al., 2014), but the latter are not adapted for the non-
linear processes inherent to intimate mixtures. Non-linear spectral
mixture analysis may be used in such situations but they are more
complex and the results can be difficult to interpret (Chen and
Vierling, 2006). To map vertical oyster reefs with a higher accu-
racywill be a challenge inmuddyareas for VNIR sensors. TheOAwas
higher in the rocky area with 78% of pixels correctly classified as
horizontal oysters and 93% of pixels correctly classified as oyster
reef. Interestingly, the two main types of intertidal vegetation,
macroalgae and microphytobenthos, were consistently well classi-
fied (from 91 to 97%) which is a real advantage of high resolution
VNIR data not provided by microwave remote sensing. The hyper-
spectral data has been applied successfully to map benthic vegeta-
tion by exploiting subtle spectral features due to phytopigment
absorption in the VIS (e.g. Phinn et al., 2008; Kazemipour et al.,
2012). Beyond the use of an oyster reef map for the management
of wild oyster stocks as a resource for aquaculture, our classification
method can be useful to simultaneously and accuratelymap benthic
vegetation. In fact, the influence of oysters on benthic primary
producers through top-down or bottom-up processes is an issue for
shellfish ecosystems (Newell, 2004).



Fig. 8. Wild oyster stocks calculated for the large rocky area (site 2) colonized by
horizontal oyster mapped Fig. 6 and rocky spots in the mudflat area (site 1) colonized
by vertical oysters (Fig. 5 represents one of six similar rocky spots used for this stock
estimation in muddy area). Two surface estimations have been used as explained Fig. 4,
coupled to field biomass measurements. One is based on a stratified sampling applied
to classes obtained by HySpex data and the other one is based on a systematic sam-
pling applied to the total rocky areas delimited by SAR processing. The sampling effort
was three times smaller for surfaces estimated with hyperspectral data (n ¼ 60 vs.
n ¼ 180; see material & methods). Significant statistical analyses (p < 0.05) are indi-
cated by *, while no significant difference are indicated by “ns” (not-significant).
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4.2. Comparison between hyperspectral and multispectral data

The analysis of SAM classifications obtained from SPOT-5 sat-
ellite data showed that the reduced dimensionality of multispectral
data combined with coarser pixels did not permit the identification
of wild oyster reefs based on spectral shapes made up of three large
VNIR spectral bands. Overall accuracies were below 50% for the two
reef types. Schill et al. (2006) similarly reported that broadband
sensors did not have the ability to map shellfish habitats. When
HySpex data were convolved to simulate degraded spatial (10 m
pixel with 160 spectral bands) or spectral (3 bands with 1 m pixel),
the result showed that a high spectral resolutionwas greater than a
high spatial resolution. This observation is shared by Underwood
et al. (2007) who compared AVIRIS and Landsat sensors, or
Girouard et al. (2004) for geological mapping. Many studies
emphasized the finer discrimination obtained for various envi-
ronments from narrow hyperspectral bands compared to a broad-
band resolution (e.g. wetlands vegetation Schmidt and Skimore,
2003; Zomer et al., 2009; benthic macroalgae Vahtm€ae et al.,
2006; coral reefs Kutser and Jupp, 2006; Botha et al., 2013).
Nevertheless in this study, for rocky areas better results were
observed for horizontal oysters detected using 1 m vs. 10 m pixels
with the same 3 broad spectral bands. The increased spatial reso-
lution probably reduced the number of mixed pixels that may be
responsible for misclassifications. For tidal marshes vegetation,
Belluco et al. (2006) indicated that spatial resolution affected
classification accuracy greater than spectral resolution. In fact, a
judicious choice of wavelengths can significantly improve the
capability of a multispectral sensor (Hochberg and Atkinson, 2003;
Hedley et al., 2004). Typically, three narrow bands in the visible
range (496 nm, 586 nm and 675 nm) can be used to identify
microphytobenthos (Combe et al., 2005). Although SPOT-5 data did
not enable the identification of oyster reefs, the macroalgal belts
were successfully classified (over 92%), and their spatial distribu-
tion was consistent with HySpex results. Guillaumont et al. (1993)
have used SPOT imagery to map the distribution of the main
intertidal macroalgae (Ascophyllum nodosum, Fucus vesiculosus;
Phaeophyceae, Fucales), which are the species found in our study
site. This means that reliable time-series of macroalgal distribution
can be produced using multispectral data as has already been done
for seagrass beds (Barill�e et al., 2010). Temporal variations of the
spatial distribution of macroalgae over the past 2 or 3 decades
would be useful to investigate if these variations can be related to
the invasion of intertidal areas by wild oysters in the early 1990's
(Dutertre et al., 2010).

4.3. Spectral signatures of wild oysters

Field spectroradiometric measurements of the two types of
oyster reefs - the first composed of vertical oysters growing on
rocks in themuddy area; the second constituted by oysters growing
horizontally on large rocky areas e revealed a surprising common
spectral feature. All oyster shells showed an absorption band at
673 nm characteristic of the chlorophyll a absorption (Fig. 2), but
there was no macroalgae colonizing the shells. This suggests the
systematic presence of unicellular photoautotroph organisms that
were not detectable visually. This explains why oyster shells colo-
nized by a microalgal biofilm display spectral shapes in the visible
wavelength range (400e700 nm) that resembles that of a micro-
phytobenthos biofilm (Fig. 3). In vertical oyster reefs, there is a
deposition of fine muddy particles on the shells and it is essentially
this fine mud layer which is colonized by microalgae. The situation
is different for the horizontal oyster reefs located on large rocky
areas with a stronger hydrodynamism. There was less mud on the
surface of the bright white shells which suggests that microalgae
are closely associated to the shell itself. It is however beyond the
scope of this work to elucidate this phenomenon, which is probably
more complex than expected, since signs of endolithic microalgae
were observed in some shells. In contrast to the similarities
observed for visible wavelengths for the two types of reefs, hori-
zontal oysters in rocky areas showed a higher reflectance at the NIR
plateau (700e900 nm). The upwelling radiance is very likely
stronger for the flat surfaces made up of horizontal shells. On the
contrary, the three-tridimensional structure of the vertical reef
creates shade and glint areas and a stronger bidirectional reflec-
tance distribution function (BRDF) effect. This structure is likely
characterized by multiple scattering. We tested a posteriori the ef-
fect of the sole geometric configuration (horizontal vs. vertical)
with an experimental reconstitution with cleaned shells, and a
higher NIR reflectance was indeed obtained with oysters organized
horizontally. In fact, a higher VNIR albedo was observed, but the
spectral shape was not modified. The presence of mud particles
deposited on vertical oyster shells also contributed to their lower
NIR spectral shape. Oyster signatures therefore share spectral
similarities with microphytobenthos and mud which explains why
confusion has arisen between these three classes. However, hori-
zontal oysters had a stronger spectral identity and this higher NIR
reflectance is never observed with mud and microphytobenthos
(M�el�eder et al., 2003; Barill�e et al., 2011).

4.4. Estimation of wild oyster stocks

Biomass estimation cannot be retrieved from remote sensing
data only and field measurements are necessary (Kater and Baars,
2004). A previous stock assessment of wild oysters was per-
formed in Bourgneuf Bay using photointerpretation and in situ
biomass sampling (Cognie et al., 2006). Rocky areas were only
analyzed generally, and neither oyster reefs nor macroalgal belts
were identified. In this work, the discrimination of these surfaces
with hyperspectral data was used to apply a stratified random
sampling for the three main classes (Fig. 4). Compared to a



A. Le Bris et al. / Estuarine, Coastal and Shelf Science 172 (2016) 1e12 11
systematic sampling strategy, similar mean stocks and confidence
intervals were obtained with a reduced sampling effort (Fig. 7). The
stock was however underestimated for wild reefs in the muddy
area due to the confusion previously described in spite of the high
spectral resolution of HySpex. For this type of reefs composed of
vertical oysters, it would be interesting to test radar data which
detect surface roughness variations (e.g. Van der Wal et al., 2005;
Gade et al., 2008). Dehouck et al. (2011) have shown the potential
of TerraSAR-X in Arcachon Bay to map oyster-farming racks and
oyster beds. Choe et al. (2012) used successfully multi-frequency
polarimetric SAR data to map oyster reefs established on two
mudflats in Korea from their particular texture. However, the
distinctionwas made between oyster reef areas and bare sediment,
and it would be interesting to see if their approach is effective for
intertidal rocks characterized by a higher roughness. Gade et al.
(2014) were also able to identify shellfish beds in the Wadden
Sea with SAR data (oysters and mussels combined), but they could
not reliably distinguish the two types of bivalve beds. From these
works, it was suggested to combine radar with optical data to
generalize oyster reef discrimination (Dehouck et al., 2011; Gade
et al., 2014), but to our knowledge radar and hyperspectral data
have not been associated yet. The limitation of hyperspectral data
to identify oyster reefs in muddy areas must however be put into
perspective. In Bourgneuf bay, this type of reef represents less than
2% (16 ha) compared to the rocky areas (1186 ha) where horizontal
oysters can be observed. Along the French coast, wild oysters
mostly colonized the lower part of rocky intertidal areas, often
competing for space with mussel beds, and hyperspectral surveys
should be adapted to map their spatial distribution.

5. Conclusion

Visible near-infrared remote sensing can be a useful tool for
mapping wild oyster distribution in large intertidal areas for which
it is difficult to obtain comprehensive ground data. However, as
stated by Gade et al. (2014) for SAR imagery, our study showed that
hyperspectral data could not solely be used to map the various
types of oyster reefs. A combination of SAR/hyperspectral should be
investigated. We must also remind the reader that there are sub-
tidal oyster reefs (Kater and Baars, 2004) which are not detectable
with these techniques in turbid coastal waters, and which would
require the use of acoustic methods (Twichell et al., 2007). The
intimate spectral mixtures observed at the level of oyster shells
with the phytopigment absorption bands was a characteristic
common to the two reef types (e.g. vertically and horizontally
grown oysters). This characteristic seems to be associated with the
amount of mud covering oyster reefs in varying degrees, condi-
tioning the presence/absence of different types of microalgal bio-
films: epipelic, epilithic or endolithic (Round et al., 1990). This
variability should be investigated at a finer scale and we plan to use
the HySpex camera in the laboratory to characterize these micro-
scale spectral features. This knowledge may be useful for opti-
mizing the spectral library of wild oysters and improving the
mapping of their habitat.
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