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We tested the utility of IKONOS satellite imagery to map seagrass distribution and
biomass in a 4.1 km2 area around Chumbe Island, Zanzibar, Tanzania. Considered
to be a challenging environment to map, this area is characterized by a diverse mix
of inter- and subtidal habitat types. Our mapped distribution of seagrasses corresponded well to field data, although the total seagrass area was underestimated due
to spectral confusion and misclassification of areas with sparse seagrass patches as
sparse coral and algae-covered limestone rock. Seagrass biomass was also accurately estimated (r2 ¼ 0.83), except in areas with Thalassodendron ciliatum (r2 ¼
0.57), as the stems of T. ciliatum change the relationship between light interception
and biomass from that of other species in the area. We recommend the use of
remote sensing over field-based methods for seagrass mapping because of the
comprehensive coverage, high accuracy and ability to estimate biomass. The
results obtained with IKONOS imagery in our complex study area are encouraging, and support the use of this data source for seagrass mapping in similar areas.

1.

Introduction

Seagrass beds can be found in most shallow nearshore areas around the world (den
Hartog 1970). Seagrasses are important for coastal processes because of their role as
ecosystem engineers (Jones et al. 1994), and because they provide nursery habitat for
numerous juvenile fish and invertebrates, feeding grounds for dugongs and sea turtles
and protection against coastal erosion (Orth et al. 1984, Bell and Pollard 1989,
Costanza et al. 1997, Nagelkerken et al. 2000). However, natural and anthropogenic
disturbances have led to a worldwide decline of seagrasses (Green and Short 2003),
and an associated loss of ecosystem services and functions in the coastal zone
(Hemminga and Duarte 2000). This problem is especially pressing in areas of the
Western Indian Ocean (WIO), where the livelihoods of local people are immediately
dependent on invertebrates collected from seagrass beds (Gössling et al. 2004).
Observations and concerns over current losses of seagrass areas around Zanzibar
are beginning to be voiced by local fishermen and park rangers, but the existing
knowledge of the distribution and biomass of seagrasses in the region is limited
(Dahdouh-Guebas et al. 1999, Gullström et al. 2002, 2006). With local seagrass
beds under increasing pressure from economic development and population growth,
there is a growing need to monitor changes in the distribution, biomass and species
composition of seagrass areas. Given that seagrasses may function as an indicator of
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anthropogenic disturbance, such monitoring may also provide useful information for
conservation of closely associated environments in the area, such as coral reefs.
A cost-effective approach to nearshore monitoring is essential in the region because
of the limited resources available for such monitoring. Remote sensing, with its large
spatial coverage, has been used effectively to create baseline maps and to determine
temporal change in the spatial extent of seagrass areas (Ferguson et al. 1993),
percentage cover (Gullström et al. 2006) and aboveground biomass (Mumby et al.
1997b). Individual seagrass species have even been identified spectrally and mapped
using hyperspectral data (Fyfe 2003, Dekker et al. 2005), albeit with low overall
accuracy (Phinn et al. 2008). High accuracy of remotely sensed maps of seagrasses
has been obtained in areas with clear and shallow water and large homogeneous
seagrass meadows (Robbins 1997, Mumby et al. 1997b). In contrast to such ideal
conditions, nearshore areas in the WIO region are often characterized by small and
patchy seagrass areas with a mix of dominant species, each patch sometimes only a
few metres across and reaching depths greater than 5 m in areas with limited visibility.
This kind of environment is challenging to map, but if remote sensing is to contribute
to seagrass monitoring in the wider region, it is essential first to determine the
accuracy with which it can be used to map seagrasses in such environments.
In this study, we used established methods (Mumby et al. 1997b) to investigate the
potential of mapping seagrass distribution and biomass using high-resolution satellite
remote sensing in a complex WIO nearshore environment. We used IKONOS data
(4 m multispectral resolution) because of their availability from the area and their
known ability to map nearshore environments (Andréfouët et al. 2003). We mapped
seagrass distribution and biomass in the area around Chumbe Island, Zanzibar,
Tanzania. Seagrasses here reach depths of 7 m in water with a typical visibility of
10–12 m. Seven different species of seagrass exist in the area, six of which can dominate
in any seagrass patch. We compare the results of imagery analyses with those of a
previous study (Hayford and Perlman 2006) that relied entirely on field observation,
and discuss the use of IKONOS imagery for mapping and monitoring seagrasses.
2.
2.1

Methods
Study area

Chumbe Island is located off southwestern Unguja, the main island of Zanzibar,
Tanzania (figure 1). An area of 0.3 km2 west of Chumbe Island has been formally
protected since 1994, when the Zanzibari government gazetted it as a no-take zone.
Effective management of the no-take zone is provided by Chumbe Island Coral Park
(Muthiga et al. 2000). The island is 1.1 km from north to south and 0.3 km from east
to west. It is composed of fossil coral rock, and the majority is covered by coral rag
forest. It is bordered on the western side by a fringing reef, and a shallow lagoon
extends east and south from the island. Coral cover ranges from very low on the inner
reef flat and in patches south and east of the island, to very high (. 90%) on parts of
the reef crest. Rocky substrates are common in the intertidal zone, with occasional
stands of erect brown macroalgae, mainly Turbinaria sp., Hormophysa sp. and
Sargassum sp. Seagrass patches vary in size all around the island. Of the 13 seagrass
species known from the region (Bandeira and Björk 2001), seven are found around
Chumbe Island: Cymodocea rotundata Ehrenb. & Hempr. ex Aschers, Halodule sp.
(Forsk.) Aschers. in Bossier, Thalassia hemprichii (Ehrenberg) Asherson,
Thalassodendron ciliatum (formerly Cymodocea ciliata) (Forskål) den Hartog,
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Figure 1.
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The location of Chumbe Island, Zanzibar.

Table 1. List of abbreviations of seagrass species used in this study.
Scientific name
Cymodocea rotundata
Halodule sp.
Thalassia hemprichii
Thalassodendron ciliatum
Halophila ovalis
Syringodium isoetifolium
Cymodocea serrulata

Abbreviation
Cr
H
Th
Tc
Ho
Si
Cs

Halophila ovalis (R. Br.) Hook. f., Syringodium isoetifolium (Ascherson) Dandy and
Cymodocea serrulata (R. Br.). Abbreviations for species names are used in the
remainder of this paper, as outlined in table 1.
2.2

Field methods

2.2.1 Seagrass data collection. Fieldwork was carried out from November to
December 2007, by both observers (AK and LN), in two parts: (i) development of a
visual scale of aboveground seagrass biomass (hereafter: biomass) and (ii) use of this
scale to collect biomass estimates along with depth and species composition data from
the areas around Chumbe Island. All data were collected while snorkelling.
(i) We developed a visual scale for biomass estimation by modifying the method
of Mumby et al. (1997b). For each calibration point, we placed a 0.25 m2
quadrat in a seagrass patch, and both observers visually estimated the amount
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of aboveground seagrass biomass inside the quadrat on a scale from 1 (only a
few blades present) to 6 (maximum biomass seen in the area). Because of the
large difference in biomass between species, and the species-dependent distribution of aboveground biomass into stems and leaves, we developed two
separate scales. The first scale was used when one of the six smaller seagrass
species, Si, Th, Cs, Cr, Ho and H, were dominant (i.e. when Tc was not
present); the second was used whenever Tc was present. Minimum increments
of 0.1 were used for both scales. When our estimates differed by more than 0.5,
we discussed the difference and reached a consensus value. At the end of the 2day calibration period, the average difference in estimates was 0.2, and no
estimates were more than 0.5 apart on either scale. We then collected 17
biomass samples, covering the range from , 1.5 to . 5.5 for each visual
scale, by harvesting all the aboveground seagrass biomass from a 625 cm2
quadrat placed in one corner of the larger quadrat. We cleaned the samples of
epiphytes and sediment with freshwater and oven dried them for a minimum of
48 h at 90 C until no further weight loss was recorded (method adopted from
Short and Coles (2001)). We then weighed each sample to the nearest 0.1 g on
an electronic scale.
We developed the visual scales without assumptions about the statistical
nature of the relationship between biomass and visual scale values. We therefore explored linear, power and exponential models, using half the data points
for model parameter calibration and the other half for accuracy assessment.
We chose the model with the lowest root mean square error (RMSE) as the
regression function for the given scale and repeated the calibration procedure
after data collection to check for ‘drift’ in the visual scales.
(ii) Using the visual scales, we then collected biomass data by snorkelling to areas
visually identified on the IKONOS image as probably containing seagrass
(figure 2). For each data point, each observer estimated the biomass, using
the appropriate visual scale, within a randomly thrown 0.25 m2 quadrat. If
estimates differed by , 0.5 we recorded the average estimate, otherwise the
point was discarded. We noted the dominant and additional species in order of
relative cover, location, time, depth, whether the area was near the edge of the
seagrass patch and proximity and direction to features potentially recognizable in the satellite imagery. We used the noted time to calibrate each depth
measurement to the tide height at the time of IKONOS image acquisition,
using local tide tables from Zanzibar Port. A total of 167 data points were
collected.

2.2.2 Non-seagrass data collection. To distinguish seagrass from non-seagrass
areas through an image-based classification, we also collected field data from nonseagrass areas (figure 2). These data were collected as georeferenced substrate photographs covering a minimum of 4 m2 (multiple photographs were taken if necessary),
processed in CPCe (Kohler and Gill 2006). Time and depth were again collected for
calibration of tide height.
2.2.3 Note on geolocation of field sites. Our Global Positioning System (GPS) had
an estimated horizontal accuracy of 7–8 m, typical of handheld GPS units. Many
substrate patches in the area are small compared to this accuracy. We therefore
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Figure 2. Median filtered surface reflectance data with field data, half of which are used for
classification, half for accuracy assessment. Seagrass sites dominated by Tc are indicated in the
figure.

assessed the GPS-based locations of all field sites against the true-colour composite of
the IKONOS image. We adjusted each location by no more than 8 m (two pixels) if an
error was clearly identifiable and a correction possible.
2.3

Image processing

2.3.1 Preprocessing and classification. The IKONOS scene used in this study was
acquired at 10:51 local time on 20 October 2007, at an off-nadir angle of 20 . The tide
height at image acquisition was 2.7 m above mean low sea level. An area of 4.1 km2
covering the inter- and subtidal areas immediately around Chumbe Island was
cropped from the scene and used in further processing. We atmospherically corrected
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the image using the Atcor2 algorithm in Geomatica 9 (PCI Geomatics 2003),
deglinted it using the algorithm of Hedley et al. (2005) and georectified it to , 2 m
RMSE. We then applied a 3  3 kernel median filter to eliminate image noise. Finally,
we calculated the depth-invariant indices of Lyzenga (1978), and estimated bathymetry using the method of Stumpf et al. (2003). We classified the image using supervised
Maximum Likelihood Classification on the three depth-invariant indices using nine
classes: deep water (negligible substrate reflectance), deep sand (. 5 m), shallow sand
(, 5 m), exposed sand (above water), pavement (hard substrate with a low density of
filamentous algae), sparse coral (, 40% coral cover), dense coral (. 40% coral cover),
sparse seagrass (, 250 g m–2) and dense seagrass (. 250 g m–2). The 250 g m–2
threshold for seagrass equals the value 4.5 on visual scale 1, and 3 on visual scale 2.
A total of 425 data points were available for the nine substrate classes (figure 2), half
of which we used to train the classifier, reserving the other half for accuracy assessment. We used contextual editing to relabel seagrass and coral classes in reef zones
where one or neither occurs (Mumby et al. 1998) and ultimately merged the separate
sparse and dense seagrass classes into a unique ‘seagrass’ class.
We compared our seagrass distribution map to the results of a purely field-based
study from November 2006 (Hayford and Perlman 2006). This study had initially
located all seagrass areas around Chumbe by systematically searching areas of less
than 10 m depth. A map of seagrass distribution had then been produced by walking,
snorkelling or boating around the perimeter of each patch with a GPS. For the
comparison we assumed that change in the distribution of seagrass had been insignificant in the period between November 2006 and 2007.
2.3.3 Biomass mapping. For each data point, we extracted a depth estimate and the
depth-invariant bottom index derived from bands 1 and 2 from the imagery. We then
developed two linear regression models, one for each visual scale (scale 1 used when
Tc was not present; scale 2 used when Tc was present). Estimated biomass was entered
as the dependent variable and the depth-invariant index as the independent variable.
We developed scale-specific regression models not only because of the different
relationships between visual estimates (1–6) and biomass for each scale but also
because of the different distribution of aboveground biomass in Tc and in the other
species. Tc is characterized by a long stem that reaches above ground, sometimes
approaching 1 m in height and more than 1 cm in diameter. This stem adds substantially to the aboveground biomass recorded for Tc, while contributing little to the
interception of light that influences the depth-invariant index. By contrast, the aboveground biomass of the other six species consists entirely of leaves. An illustration of
this important difference between Tc and the other species is given in figure 3.
As residuals from the linear regression model for scale 1 showed depth dependence,
we added depth as a second linear term in the model, and used the Akaike
Information Criterion (AIC; Akaike 1974) to ensure that this constituted a significant
improvement of the model. We used 10-fold cross-validation (Efron and Tibshirani
1993) to provide an estimate of prediction error. Finally, we produced a map of
seagrass biomass by applying the models to the depth-invariant index in the areas
classified as seagrass. To attempt mapping of individual seagrass species within the
area classified as seagrass, we applied a Maximum Likelihood Classification based on
seagrass species.
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Figure 3. Illustration of the difference between seagrass species without aboveground stems
(Th in the foreground), and Tc with its higher canopy (in the background). Although the stems
themselves are not visible in the image, the height of Tc plants, which they cause, is clearly seen.

3.
3.1

Results
Spatial distribution of seagrass areas

The result of the Maximum Likelihood Classification is shown in figure 4, depicting
seagrass areas in two shades of green. The user and producer accuracies of the
classification, for the two seagrass classes combined, were 93.5% and 57.0%, respectively, with an overall accuracy of 77.7%. This indicates a substantial underestimation
of the seagrass area. An investigation of the problematic seagrass areas revealed that
89% of the misclassified seagrass pixels were attributable to seagrass being classified
as either pavement or sparse coral. The complete confusion matrix is shown in table 2.
3.2

Biomass estimates based on the visual scales

Visual estimates and aboveground biomass (dry weight) are shown for each species in
figure 5. Based on our visual estimates and field samples, the range of aboveground
biomass found in the area around Chumbe Island is comparable with amounts in
seagrass meadows on northern Zanzibar (Nordlund, unpublished data). For scale 1
(all species except Tc), a power function produced the best fit for a regression function,
whereas an exponential function produced the best fit for scale 2 (used for Tc).
Biomass predictions based on the visual scales have RMSE values of 35.1 g m–2
2
(r ¼ 0.83) and 227.3 g m–2 (r2 ¼ 0.57) for scales 1 and 2, respectively. This corresponds
to a precision (SE/mean) of 0.24 and 0.41, respectively.
3.3

Biomass estimates based on the satellite imagery

Linear regression models proved useful for predicting biomass at scales 1 and 2 from the
depth-invariant index derived from IKONOS bands 1 and 2 (Lyzenga 1978). Visual

A. Knudby and L. Nordlund
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Figure 4.

The result of the Maximum Likelihood Classification.

biomass estimates at the two scales could be predicted from the depth-invariant index
with RMSE values of 52.5 g m–2 (r2 ¼ 0.47) and 136.2 g m–2 (r2 ¼ 0.56), respectively.
The residuals for scale 1 were depth dependent, and a multiple linear regression model
was therefore developed for this scale, adding remotely sensed depth as a second
independent variable, which reduced the RMSE value to 40.0 g m–2 (r2 ¼ 0.70).
Relationships between the depth-invariant index and biomass values support the
use of a separate biomass scale for Tc. The smaller seagrass species (all except Tc) fit
well in the same linear relationship between the depth-invariant index and biomass,
although, based on the limited amount of data available, Cr, Cs and Si individually
exhibit non-significant relationships. Tc, as expected, exhibits a very different relationship between the depth-invariant index and biomass compared to the other
species (figure 6).

Pavement
Exposed sand
Deep sand
Sparse coral
Dense seagrass
Sparse seagrass
Shallow sand
Dense coral
Deep water
Total
Producer accuracy
(%)

34
0
0
1
0
2
0
0
0
37
91.9

Pavement

0
7
0
0
0
0
0
0
0
7
100

Exposed
sand
0
0
22
0
0
0
0
0
0
22
100

Deep
sand
0
0
0
11
0
0
0
1
0
13
84.6

Sparse
coral
0
0
0
2
9
5
0
0
0
16
56.3

Dense
seagrass
12
0
0
10
2
23
2
1
0
50
46.0

Sparse
seagrass
0
0
0
0
0
0
24
0
0
25
96.0

Shallow
sand
0
0
1
4
0
0
0
9
0
14
64.3

Dense
coral

0
0
0
0
0
0
0
0
28
28
100

Deep
water

46
7
23
29
11
30
26
11
28
211

Total

79.1

73.9
100
95.7
37.9
81.8
76.7
92.3
81.8
100

User accuracy
(%)

Table 2. Confusion matrix for classification of nearshore habitats around Chumbe Island. Field data in columns, classification results in rows. Overall
classification accuracy is given in the bottom right corner.
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Figure 5. Data used for the development of regression functions for visual estimation of
biomass. See table 1 for species abbreviations.

Figure 6. Relationship between depth-invariant index and biomass. See table 1 for species
abbreviations.
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Figure 7. IKONOS-based estimation of seagrass biomass around Chumbe Island and fieldmapped seagrass areas (November 2006). Arrows indicate areas that are covered by seagrass
and correctly identified in the field-based study but misclassified as non-seagrass substrate by
the satellite imagery.

Because of the inability to separate the different species in the imagery, it was not
possible to determine which of the two regression models should be used for biomass
estimation in a given seagrass pixel. As Tc did not occur in a unique area or depth
zone, these characteristics did not enable separation either. The image-based biomass
estimation resulting from this study (figure 7) was therefore based on scale 1, and
interpretation must be made with the knowledge that large underestimates of biomass
exist in areas where Tc is the dominant species. Our field data suggest that this is
10.8% of the total seagrass area.
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Comparison with the field-based method

Results from the field-based study (Hayford and Perlman 2006) were overlaid on the
map of seagrass distribution obtained from the classification (figure 7). Some boundaries between seagrass areas and surrounding sandy substrates correspond well in the
two studies, but several differences were noted. Seagrass patches that were either small
or located far from the island were not mapped by the field-based study, and the large
polygon southeast of Chumbe was used to denote an area of many small seagrass
patches, too complex to map using the field-based method, but mappable with the
satellite imagery. For seagrass areas identified in the field study, the methods agreed
on the location of the seaward edges of most seagrass patches, but not the landward
edges (examples are indicated by arrows in figure 7). Our field data indicate that the
areas of disagreement were sparsely covered by seagrass and misclassified as pavement or sparse coral.
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4.
4.1

Discussion
Mapping seagrass distribution

Mapping the distribution of seagrasses around Chumbe Island is challenging for two
main reasons: spectral similarity between seagrasses and other substrates, and finescale spatial heterogeneity.
The area has seven seagrass species, six of which can dominate a given area, often
occurring in mixed-species meadows with densities ranging from a few Ho plants to
dense stands of Tc. This creates an environment where the ‘seagrass’ substrate is not
spectrally distinct, but rather displays a range of spectral responses. In addition,
seagrass meadows are located close to, sometimes directly bordering, other substrate
types. Like the seagrass itself, these substrates do not fit neatly into spectrally distinct
classes, but instead display a range of gradually changing and overlapping characteristics. This complexity is illustrated by aboveground seagrass biomass values ranging
from near 0 to more than 700 g m–2, coral-dominated areas ranging from just above 0 to
almost 100% coral cover and rocky substrates ranging from nearly void of algae to
supporting dense stands of erect brown macroalgae. Combined with the influence of a
light background (sand or coral rock) and reflectance spectra dominated by chlorophyll a
absorption from both the seagrass, corals and algae growing on the pavement, the
separation of these classes on a purely spectral basis is problematic. The influence of
seagrass biomass on misclassifications between these substrate types is illustrated by
our field data. The seagrass areas misclassified as pavement contained an average
biomass of 84.6  33.6 g m–2, compared to an average of 174.9  153.1 g m–2 for all
seagrass sites. This shows that it is the areas with low seagrass biomass that suffer from
this type of misclassification. In addition, the contextual editing was unable to separate
sparse seagrass from pavement as they rarely occur in separate reef zones. The seagrass
areas misclassified as sparse coral also contained biomass values lower than the overall
average: 128.5  102.7 g m–2. Contextual editing was able to separate these two classes in
areas with well-defined reef development. However, large areas around Chumbe Island
have no clear reef zones, and small patches of seagrass can occur in between coral
bommies of similar sizes, making any further contextual editing unfeasible.
Misclassification between sparse seagrass and sparse coral is most frequent in the area
immediately southeast of Chumbe Island, where the two substrate types are found
together (see figure 4). These misclassifications are reflected in the user and producer
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accuracies for seagrass areas (93.5% and 57.0%, respectively) and the overall accuracy of
77.7%. This indicates that the complexity of the environment directly affects map
accuracy.
Reliable comparisons with studies conducted in less complex environments are
complicated by differences in both the kind and spatial scale of field and remotely
sensed data, processing techniques used and the statistical treatment and reporting of
results. Nevertheless, a few studies clearly illustrate what can be achieved under more
favourable conditions. In a study of Tampa Bay, a shallow 1000 km2 estuary with no
other substrates spectrally similar to seagrasses, Robbins (1997) achieved user accuracies of 95–99% for two classes (patchy and continuous seagrass) using 1:24 000 scale
aerial photography. Similarly, Ward et al. (1997) used Landsat Multispectral Scanner
(MSS) data (resampled to 50 m pixel size) to map eelgrass (Zostera marina) in
Izembek Lagoon, a 340 km2 Alaskan lagoon with no other substrates spectrally
similar to eelgrass. Although Ward et al. (1997) did not quantify the resulting map
accuracy, they concluded that their classification, which used only three classes
(eelgrass, unvegetated and water) was ‘probably robust in Izembek Lagoon due to
good spectral distinction between the habitats’ (p. 237). Together these two studies
suggest that spatial and spectral resolution is of limited importance when mapping
seagrasses in environments with little potential for misclassification with spectrally
similar substrate types. High classification accuracies in similarly simple environments have also been reported from studies using IKONOS data (4 m pixel size) in
the Mediterranean (three classes) (Fornes et al. 2006) and in Japan (three classes)
(Sagawa et al. 2008). Other studies illustrate the challenges of mapping seagrasses in
complex environments. Working with Landsat Thematic Mapper (TM) data (30 m
pixel size) and three classes (dense seagrass, medium/sparse seagrass and other), using
a standardized methodology at multiple locations in the Caribbean, Wabnitz et al.
(2008) achieved the lowest classification accuracy (46%) at a site characterized by a
variety of spectrally similar habitats, while they achieved high accuracies (88%) where
the seagrass beds were found in geomorphologic zones that typically have few or no
spectrally similar substrate types. Dekker et al. (2005) applied advanced processing
methods to Landsat TM data, mapping a total of 15 substrate classes in Wallis Lake,
Australia (94 km2). Substrates here range from sparsely to densely vegetated patches
composed of three species of seagrass and several species of macroalgae, all occurring
in both mixed and monospecific stands. Classification accuracies depended on the
spectral similarity between substrate types at different densities; for example, sparse
stands of Posidonia were often misclassified as Ruppia, and Chara was often misclassified as macroalgae.
The issue associated with fine-scale spatial heterogeneity arises from the combined
errors in geolocation of field observations and individual pixels in remotely sensed
data, causing misregistration between the two data sets. If this misregistration is larger
than the typical patch size in the environment, this can drastically reduce map
accuracy. We addressed this issue by manually adjusting the GPS-derived location
of field sites if a misregistration was clearly identifiable and a correction possible. By
contrast, Dekker et al. (2005) addressed this problem by allowing neighbouring pixels
of the correct class to contribute towards the accuracy measure. The issue is also
illustrated in a study by Vela et al. (2008), focusing on El Bibane lagoon in northern
Tunisia (230 km2), which achieved higher classification accuracies for seagrasses with
fused Satellite Pour l’Observation de la Terre (SPOT) 5 data (2.5 m pixel size) than
with fused IKONOS data (0.6 m pixel size) (four classes). Vela et al. (2008) explained
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these counterintuitive results with the fact that the coarser spatial resolution of SPOT
5 masked the heterogeneous spatial structure of the seagrasses and sediments in the
lagoon. All studies highlight the need to match the spatial resolution of field and
remotely sensed data with their geolocation accuracy (Wabnitz et al. 2008), and in
turn match these with the spatial scale of heterogeneity in the environment.
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4.2

Mapping seagrass biomass

The accuracy of our in situ biomass estimates using the visual scales is comparable to
the r2 ¼ 0.94 found by Mumby et al. (1997a) in a two-species environment, and the
r2 ¼ 0.88 for subtidal and r2 ¼ 0.91 for intertidal seagrasses found by Mellors (1991) in
a five-species environment more similar to ours. Both of these studies dealt only with
small-leaved species similar to those comprising scale 1 in our study. However, the
presence of Tc caused two problems for accurate mapping of seagrass biomass in our
study area. First, the in situ biomass estimates for this species were less accurate than
for scale 1, which can probably be attributed to the distribution of biomass in Tc. In
Tc, a substantial part of the biomass is located in the stem, which is visually unassuming and partly hidden from the view of a snorkeler by the leaves of the plants. Second,
Tc has a markedly different relationship between biomass and the depth-invariant
index used for its estimation (figure 6), probably also due to long and heavy stems,
which strongly influence the biomass, but not the interception of light relevant to the
calculation of the depth-invariant index. The inability to distinguish Tc from the other
species in the imagery led us to estimate biomass exclusively using scale 1, which
markedly reduced the accuracy of biomass estimates in area dominated by Tc.
Considering only scale 1, the accuracy of our IKONOS-based biomass estimates are
comparable to those obtained with other multispectral sensors in simpler environments. Working in the Turks and Caicos, Mumby et al. (1997b) achieved coefficients
of determination of r2 ¼ 0.79 and r2 ¼ 0.74 with SPOT XS and Landsat TM,
respectively, and Armstrong (1993) achieved r2 ¼ 0.80 using Landsat TM data in
Bahamas. Phinn et al. (2008) suffered from insufficient geolocation accuracy of their
field sites while working in a highly complex environment, and obtained a coefficient
of determination of only r2 ¼ 0.35 using Quickbird imagery from Moreton Bay,
Australia.
An additional consideration in interpretation of seagrass biomass maps is that
biomass estimates are only produced for areas classified as seagrass. Misclassification
of sparsely vegetated seagrass areas as sparse coral or pavement in our study therefore
reduces the overall area where seagrass biomass was mapped around Chumbe. The
misclassified areas had low biomass values and thus only had limited influence on the
biomass maps. Nevertheless, the classification accuracy in itself is an important consideration when assessing the usefulness of seagrass biomass maps. Based on the
discussion above, it is clear that the presence of a seagrass species with a significantly
different structure limits the accuracy with which seagrass biomass can be mapped
using remote sensing. Accurate identification and mapping of such a species (Tc in our
study) would be necessary to improve biomass estimation. This problem is likely to exist
in other mixed species environments, where the different species have substantial
structural differences. Despite spectral differentiation being at least theoretically possible for some seagrass species (Fyfe 2003), a practical solution is not currently available,
even under the best possible conditions. Phinn et al. (2008), mapping seagrass species in
shallow areas (, 3 m) using airborne hyperspectral imagery at high spatial resolution
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(4 m), achieved an overall classification accuracy of only 28.1%, low even considering
the nine classes used in the classification. Dekker et al. (2005) achieved nominally higher
classification accuracies with species-based classes using Landsat TM data, possibly
because of the coarser spatial resolution, and the elevated accuracy measure. Better
mapping of seagrass biomass is likely to depend on further improvement in the
differentiation, spectral or otherwise, of species with substantially different structure.
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4.3

Remote sensing vs. field-based seagrass mapping

The field-based study showed each of the identified seagrass patches as larger than the
corresponding patches mapped with satellite imagery. This less-than-perfect accuracy
of the IKONOS-based maps is an obvious disadvantage compared to field-based
studies, and reduces the value of these maps as baselines for future comparison
studies. In addition, remote sensing requires a greater investment in terms of imagery,
hardware, software and technical expertise, all of which may be costly. In comparison,
low cost and little training are required to map seagrass beds using snorkelling and a
GPS, and field-based studies can therefore be the best option in some situations. The
advantage of the remote sensing approach lies in the cost-effectiveness it achieves
when used repeatedly or over large areas, but this is relatively poorly illustrated by the
one-off mapping of a relatively small area described in our study. Even so, the amount
of fieldwork for this study was limited to seven days, of which four were spent
calibrating the visual scales for biomass estimates and two were spent on image
processing. Importantly, extending this area to a full IKONOS scene (11  11 km)
would have taken no extra time. Compared to the three weeks of fieldwork used for
the field-based study that did not investigate biomass and achieved a smaller spatial
coverage, our comparison adds to the existing evidence of remote sensing’s utility for
seagrass mapping (Mumby et al. 1999, Phinn et al. 2008).
Seagrass maps produced with either method can provide an important baseline
against which to measure future changes in seagrass distribution. However, in the
absence of field data from the past, a historical perspective on seagrass cover
dynamics relies either on interpretable remotely sensed data from the past (Dekker
et al. 2005, Gullström et al. 2006) or on local knowledge. In the case of Chumbe
Island, the park rangers, some of whom have worked on the island since 1992, are the
best source of local knowledge. The general opinion of four park rangers interviewed
is that the total seagrass distribution around the island decreased from the time of the
park’s inception in 1992 to 1998, and has slowly recovered since then but not yet
reached the 1992 extent, particularly in the northern end of the protected area as well
as in the patchy areas south and southeast of the island. The cause of the initial
decline, mentioned by the rangers, was strong winds burying seagrass meadows north
of the island with sand, as well as a large number of sea urchins grazing on the
seagrass. The trajectory of decline and subsequent slow recovery is supported by
time-series analysis of Landsat TM imagery (Knudby et al. 2010), although the
satellite imagery suggests a rapid decrease in seagrass extent around 2001, rather
than a steady decline from 1992 to 1998.
5.

Conclusion

The nearshore environment around Chumbe Island is complex, with seagrasses, algae
and corals in different densities, patch sizes and at different depths. This kind of
environment presents a challenge for remote sensing of nearshore resources, but is not
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uncommon in Zanzibar or elsewhere in East Africa. Our results indicate that even in
this environment, maps of both seagrass distribution and biomass can be produced
with reasonable accuracy using IKONOS data. However, the presence of
Thalassodendron ciliatum and the inability to separate this species in the imagery
caused reduced accuracy of biomass estimates, although the limited extent of this
species around Chumbe Island reduces the problem in this study. Remote sensing is
the only feasible way to produce extensive maps of seagrass distribution and biomass,
and to discover seagrass meadows in areas not covered directly by fieldwork. It is also
the only feasible method for accurately quantifying change in seagrass distribution
and biomass over time. In an area where tourism development, increasingly unsustainable fishing pressure and population explosions of seagrass-consuming sea urchins put unprecedented pressure on seagrasses, such information can be crucial for
environmental campaigners and decision makers.
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P.A., 2008, Regional-scale seagrass habitat mapping in the Wider Caribbean region
using Landsat sensors: applications to conservation and ecology. Remote Sensing of
Environment, 112, pp. 3455–3467.
WARD, D.H., MARKON, C.J. and DOUGLAS, D.C., 1997, Distribution and stability of eelgrass
beds at Izembek Lagoon, Alaska. Aquatic Botany, 58, pp. 229–240.

