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ABSTRACT 

PROBA/CHRIS is one of the first satellite sensors to 
offer both high spatial and spectral resolutions. We 
explored the potential of this sensor to map the 
dynamics of seaweed and coral cover in an area 
influenced by seasonal upwelling in the Arabian Sea. 
Quantitative field assessments coincided with image 
acquisitions. After removal of sensor noise and 
atmospheric effects, maximum likelihood supervised 
classification yielded a tau accuracy of 64.09 for the 
summer monsoon dataset. Clearer waters and a lower 
spatial heterogeneity in the winter monsoon dataset 
resulted in a tau accuracy of 71.45. Post-classification 
comparison and vegetation indices illustrated the 
conspicuous turnover from dense macroalgal stands 
covering nearly all coral communities during summer to 
bare rock or turf communities during winter, with coral 
becoming the predominant bottom type. These results 
were further analysed using a novel maximum entropy 
sub-pixel approach and were shown to consistently 
outperform results from Landsat 7 ETM+ imagery.  
 
1. INTRODUCTION 

Competition between hermatypic corals and benthic 
macroalgae is widely believed to be a key process 
determining the composition and structural changes of 
coral reefs [1]. On most tropical coral reefs, a suite of 
interaction mechanisms between coral and algae often 
leads to either a complete dominance of coral in 
nutrient-deplete conditions within a limited temperature 
range, or, in stress conditions, to a decline in coral cover 
with a dominance shift towards algae [2]. Such 
interactions and eventually resulting phase shifts have 
mostly been studied in view of natural or human-
induced disturbances, but ephemeral or seasonally 
recurring macroalgal dominances on corals have 
remained largely understudied until recent years [3, 4]. 
However, the study of such naturally changing but 
healthy systems is vital to understand baseline processes 
affecting tropical and subtropical marine benthic 
communities and to assess the effectiveness of 
monitoring techniques to capture such processes.  
This study focuses on the seasonal dynamics of benthic 
communities along the Arabian Sea coast of southern 
Oman, in an area seasonally influenced by one of the 
world’s five strongest upwelling systems. Although no 

true coral reefs are present in this area, coral 
communities typically account for on average 20% of 
the benthic cover. During the southwest monsoon in 
July-August, warm oligotrophic surface waters are 
displaced by cold nutrient-rich waters, leading to a 
boost in algal production and diversity with up to 100% 
coverage in the intertidal and shallow subtidal while 
coral communities become overshadowed or overgrown 
by seaweed canopies [5, 6]. One of the most productive 
seaweeds during summer monsoon is the regional 
endemic kelp-like brown alga Nizamuddinia zanardinii 
(Schiffner) P.C. Silva. With temperatures increasing and 
nutrient levels dropping sharply by the end of 
September, the algae die back and accumulate in 
shallow decomposing packs in sheltered bays. Together 
with Nizamuddinia standing stock, these decomposing 
algae serve as major shelter and food sources for the 
Green turtle (Chelonia mydas) population in the region. 
During the rest of the year, the intertidal and shallow 
subtidal are devoid of algal growth or support only turf 
and small macroalgal assemblages. 
Seasonal monitoring efforts are traditionally carried out 
using in-situ quantitative assessments of fixed transects, 
which are very time and resource consuming for larger 
and remote areas. By contrast, satellite remote sensing 
has proven a valuable tool in repeatedly mapping 
coastal communities on a larger scale and over a wider 
range of variables than feasible by field research only. 
Although spaceborne remote sensing has been 
successfully used for monitoring coral reefs and 
seagrass beds in the last decade, macroalgae have often 
been overlooked or lumped into a single benthic class in 
many of these studies. This is mostly due to a lack of 
the combination of high spatial and spectral 
discriminating power of current satellite sensors, needed 
to cope with typically heterogeneous algae-dominated 
assemblages resulting in spectral mixing. For instance, 
according to [7], narrowband multispectral (hereafter 
called superspectral) spaceborne sensors are better 
suited to discern coral from algae than multispectral 
satellite sensors, even if the latter can have much finer 
spatial resolutions. 
Launched in 2001, the Compact High-Resolution 
Imaging Spectrometer (CHRIS) onboard the PRoject for 
On-Board Autonomy (PROBA) satellite offers up to 63 
programmable bands of 6 to 33 nm width at about 17 or 
34m spatial resolution (depending on the band 



 

configuration), with a 14 km swath. This sensor is 
therefore thought to be better suited for monitoring 
coral-algal dynamics than commonly used satellites. 
The aim of this study was to map seasonal coral-algal 
dynamics in the Arabian Sea, assessing the potential of 
the PROBA/CHRIS sensor to discern coral and several 
benthic macroalgal bottom types by means of 
supervised classification, and results were compared to 
those from the multispectral high resolution Landsat 7 
ETM+ sensor. Additionally, several spectral indices 
were used to visualise seasonal differences in intertidal 
and surfacing algal growth. Lastly, a maximum entropy 
approach was introduced to investigate sub-pixel class 
probabilities in order to produce abundance maps based 
on limited input data. 
 
2. MATERIALS AND METHODS 

2.1.  Study Area and Field Work 

The study area comprised a series of rocky bays 
stretching out 14 km east of Mirbat, a town about 64 km 
east of Salalah, Dhofar province, Sultanate of Oman 
(Fig. 1). Four of these bays have been extensively 
studied using GPS-located transects and quadrats on a 
near-seasonal basis from 2003 until 2006. Field work 
for this study coincided with PROBA/CHRIS 
acquisitions in late September 2005 and late March 
2006, representing summer and winter monsoon 
conditions, respectively. During each campaign, three 
0.25 m² quadrats spaced at least 30 m apart were 
exhaustively assessed for algal and coral cover 
percentages and fresh weights of macroalgae on the 
species level at three different depths (intertidal, ±5 m 
and ±10 m) in each of the 4 bays. Additionally, coral 
and algal cover percentages were assessed on the genus 
level along three 15 m long transects perpendicular to 
the coast at ±5 m depth, separated by at least 30 m, in 
each of the 4 bays. Finally, community cover 
percentages for the entire study bays were obtained 
using GPS-tracked video transects. Ground control 
points (GCPs) for georeferencing were acquired by 
tracking rocky shorelines of the study bays. GPS 
locations were logged using a buoy-mounted Garmin 
GPSMAP 76CSx, ensuring the continuous reception of 
at least 6 satellite signals to keep the accuracy below 
half a pixel on PROBA/CHRIS imagery. 
 
2.2. Remote Sensing Datasets 

Two cloud-free PROBA/CHRIS datasets were acquired 
on 27 September 2005 and 26 March 2006 at mid tide to 
low tide in mode 2 (water bands) configuration. These 
datasets consisted of 18 bands on average 11.3 nm wide 
in the VNIR spectrum with a ground sampling distance 
(GSD) of 17 m at 556 km altitude. Only nadir imagery 
was used for analyses. 

 
Figure 1. Situation of the study area with indication of 

the 4 study bays and the PROBA/CHRIS ROI (red). 
 
Additionally, two cloud-free Landsat 7 ETM+ SLC-on 
scenes from 19 October 2000 (summer monsoon) and 3 
April 2003 (winter monsoon) were downloaded from 
the USGS EROS archive, consisting of 4 bands on 
average 82.2 nm wide in the VNIR and  two additional 
on average 250 nm wide bands in the SWIR spectrum 
with a GSD of 30 m. The image acquisition time of the 
Landsat scenes coincided with mid to high tide. 
 
2.3.  Image Preprocessing 

PROBA/CHRIS 
Given the experimental character of the superspectral 
push-broom CHRIS sensor, raw imagery suffered 
heavily from noise in the form of drop-out pixels in 
some image rows and vertical striping across all bands. 
Because these effects are enhanced in latter processing 
stages, the imagery was corrected for these anomalies in 
a first step using an algorithm described in detail by [8]. 
Second, TOA radiance values expressed in 16-bit DN 
were converted to surface reflectance images using an 
automated image-based algorithm described by [9, 10]. 
Noise removal and atmospheric correction were carried 
out using the CHRIS/Proba tools at default settings 
implemented in BEAM VISAT 4.7.1 (Brockmann 
Consult). Due to the atmospheric correction, saturated 
pixels over extensive white desert sand areas were 
masked out, which had no effect on later processing 
steps in the marine environment. However, it appeared 
that over 95% of the sea area had zero reflectance 
values in band 1 of both summer and winter datasets, 
which were therefore excluded from further processing. 
Imagery was subsequently cropped to the coastline 
along the entire swath and exported to ITC ILWIS 3.7 
for further processing. Georeferencing was 
accomplished using 23 ground control points along the 
entire coastline and a first-order transformation, 
resulting in a RMS error of 0.29 pixels for the summer 
monsoon dataset and 0.38 pixels for the winter dataset 
at 17 m and 19 m GSD, respectively (resulting from 
different acquisition altitudes). Finally, a landmask was 
applied based on NIR thresholding and manual editing. 



 

An image-based bathymetric correction of these 
superspectral datasets was attempted based on 
Lyzenga’s method [11], but was abandoned because off 
erroneous results. 
 
Landsat 7 ETM+ 
Landsat scenes from the USGS EROS archive were 
downloaded at Level 1T (terrain corrected), meaning 
systematic and radiometric accuracy is derived from 
ground control points and DEM incorporation. The 
imagery was first converted from 8-bit DN to radiance 
values following [12]. Next, atmospheric correction was 
done using the cos (t) model developed by [13], 
accounting for haze removal by dark object subtraction 
while compensating for variations in solar output 
according to the acquisition time, and estimating 
atmospheric absorption and Rayleigh scattering based 
on the cosine of the solar zenith angle. This was 
accomplished using the ATMOSC module in Clark 
Labs IDRISI 15.0 (Andes). Subsequently, surface 
reflectance images were cropped to the study area and 
exported to ITC ILWIS 3.7 for further processing. 
Attempts to pansharpen the multispectral bands using 
the 15 m resolution panspectral band were abandoned 
because the stochastic noise in water areas in the 
panchromatic band degraded the image quality of 
pansharpened bands. Since errors in the Level 1T 
georeferencing were often significant and scenes did not 
accurately match GCPs measured in the field, Landsat 
imagery was master-slave referenced to the respective 
PROBA/CHRIS datasets using the respective GCPs as 
tie-points, resulting in RMS errors of 0.31 and 0.27 for 
summer and winter scenes. Lastly, a landmask was 
applied based on SWIR thresholding. 
 
2.4.  Image Processing 

Supervised bottom-type classification 
Based on the quantitative sampling results, a 
hierarchical classification scheme was adopted for 
supervised classification of PROBA/CHRIS and 
Landsat 7 ETM+ datasets (Tab. 1), in which pixels were 
assigned the class of the predominant bottom type in 
terms of percent cover. GPS-located quadrats and 
transects for quantitative analyses and the GPS-tracked 
video transects were digitised to a point file from which 
contiguous training pixels were added in a flood 
polygon within an empirical spectral tolerance. Half of 
the resulting pixels were used for training, while the 
other half was used as a post-classification test set. A 
specific deep-water mask was not applied; instead, deep 
water was included as a bottom type in the classification 
based on arbitrary training sites located at least 1 km 
off-shore. Additionally, since breaking waves are 
spectrally characterised by high reflectance values but 
could not be removed in preprocessing, whitecaps were 
included as a bottom type in the classification. 

 

Table 1. General bottom type classification scheme.  
Bare substrate Intertidal sand Sit 
 Subtidal sand San 
 Intertidal bare rock Rci (W) 
 Subtidal bare rock Rci (W) 
Biotic communities 
- algae-dominated 

 
Intertidal green algae 

 
Cit (S) 

 Intertidal red algae Rit (S) 
 Shallow brown algae Phe (S) 
 Accumulated dead algae Dma (S) 
 Subtidal mixed algal 

stands 
Div (S) 
Rdv (W) 

 Subtidal rocks with turf Trf (W) 
- coral-dominated Coral Cor 
Deep water  Dwa 
Whitecaps  Srf (S) 
(S) = only used in summer monsoon imagery; (W) = only used 
in winter monsoon imagery. 
 
To account for water column effects, bottom types that 
were encountered across the entire field study depth 
range were assigned to three different classes to be 
merged post-classification. Additionally, NIR band 
information was not included for classification of 
uniquely subtidal bottom types. 
Following [14], a maximum likelihood classifier was 
chosen as the most appropriate algorithm, which was 
implemented without assigning a threshold value. For 
an objective measure of classification accuracy 
incorporating the number of misclassifications, the tau 
coefficient was calculated besides the overall accuracy 
[14]. The bottom type maps of different seasons based 
on CHRIS bands were cross-combined to produce a 
change map. 
To assess whether different classification results 
between Landsat 7 ETM+ and PROBA/CHRIS datasets 
were mainly attributable to the difference in spectral or 
spatial resolution, the classification was also performed 
on simulated Landsat bands based on a weighted-
averaging aggregation of CHRIS bands following [15].  

 
Spectral indices 
Two kinds of spectral index maps were generated to 
explore intertidal and surfacing vegetation density based 
on both PROBA/CHRIS and Landsat datasets across 
seasons. For the NDVI, the most widely applied index, 
CHRIS bands 11 and 16 were chosen for red and NIR 
reflectance, respectively, based on the difference in the 
spectral response for intertidal vegetation (Fig. 2.). 
Second, the floating algae index (FAI), recently 
developed on MODIS datasets and applied to Landsat 
scenes by [16], was used to detect both surfacing and 
intertidal algae while eliminating anomalous values over 
open water caused by illumination effects as often seen 
in the NDVI. The FAI is defined by 
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where R stands for the Rayleigh-corrected reflectance 
images. To approximate the MODIS spectral response, 
Landsat band 5 and CHRIS band 18 (1019 nm) were 
designated for SWIR. Furthermore, CHRIS bands 10 
and 17 were used to represent R and NIR reflectances, 
respectively. Correlation analyses were performed for 
both FAI and NDVI with respect to total macroalgal 
fresh weight at the 9 intertidal quadrats during summer 
monsoon. 
 
Maxent sub-pixel modelling 
To investigate the feasibility of modelling the extent of 
coral communities covered by algae, resulting in mixed 
pixel spectra often dominated by algal characteristics, a 
maximum entropy approach was taken to model 
separate pixel probabilities. The Maxent algorithm as 
implemented by [17], freely available at 
http://www.cs.princeton.edu/~shapire/maxent, was 
developed for species’ distribution modelling based on 
known occurrence records (presence-only) and 
environmental raster data, and although hitherto not 
reported as a sub-pixel classifier to model bottom type 
probabilities across an image, the underlying reasoning 
is identical. The maximum entropy algorithm is a 
general-purpose machine-learning method to infer a 
probability distribution from incomplete information. 
This probability distribution is most uniformly spread 
out (showing the highest degree of entropy) given the 
constraints represented by the spectral data observed at 
the given training pixels. The resulting probability 
distribution is then translated from spectral space into 
geographical space. In the so-called logistic format, the 
output map shows pixel values ranging from 0 to 1, 
indicating bottom type probability. Five replicate 
Maxent runs with subsampling of a random 20% of the 
data for testing were carried out for the coral and 
shallow brown algae bottom types based on the 
PROBA/CHRIS summer monsoon dataset. Accuracy 
was assessed using the threshold-independent area 
under the receiver operating characteristics (ROC) curve 
(AUC). Ranging from 0 to 1, any value above 0.5 
means better prediction than random. 
 
3. RESULTS AND DISCUSSION 

Supervised bottom-type classification 
Overall, image classifications based on Landsat 7 
ETM+ data (Fig. 4) performed poor for the given 
classification scheme for both summer (tau = 21.51) and 
winter (tau = 33.12) datasets. While not surprising for 
intertidal bottom types given the mid to high tidal 
conditions, this resulted foremost from an 
overestimation of coral where this spectrum was close 
to deep water, brown algae and diverse subtidal 
seaweed stands (Fig. 2). This overestimation of coral 
and underestimation of algae by ETM+ was in line with 
the results reported by [7].  
 

 
Figure 2. Spectral signatures of the summer and winter 

bottom types based on PROBA/CHRIS data. Dotted 
lines represent abiotic bottom types; dashed lines 

represent algal bottom types and full lines represent 
coral. Spectra for exclusively subtidal bottom types 

exclude NIR bands. The approximate spectral coverage 
of Landsat 7 ETM+ bands is indicated by box outlines. 

 
By contrast, the image classification based on 
PROBA/CHRIS datasets performed well (Fig. 3), 
especially for the winter monsoon where case I waters 
facilitated the distinction between the more homogenous 
bottom types (tau = 71.45; Tab. 2b). More turbid waters 
during summer monsoon increased misclassifications 
between the more spectrally mixed and resembling 
corals and brown and diverse seaweed bottom types, 
while still yielding reasonably good results (tau = 64.09; 
Tab. 2a). The difference between the latter two 
classifications was very significant (Z = 3.24), and was 
mainly the result of 101 Ha of dense summer seaweed 
communities changing into bare substrates and another 
101 Ha being reduced to turf communities, while an 
additional 79 Ha of coral communities became apparent 
due to the die-off from overshadowing seaweeds from 
summer to winter. 
 

Table 2a. ML classification error matrix based on 
PROBA/CHRIS data for the summer monsoon. 

Class \ True Sit         San       Srf        Dwa      Rit         Phe       Cit        Div        Dma      Cor       total User acc.
Sit 34 0 0 0 0 0 0 0 4 0 38 0.89
San 0 50 0 0 0 0 0 10 6 0 66 0.76
Srf 0 0 40 0 10 0 8 0 0 0 58 0.69
Dwa 0 0 0 173 0 0 0 16 0 0 189 0.92
Rit 0 0 14 0 38 20 8 0 0 0 80 0.48
Phe 0 0 0 7 12 66 0 8 2 6 101 0.65
Cit 0 0 4 0 6 4 40 0 4 0 58 0.69
Div 0 12 0 20 0 6 0 62 4 18 122 0.51
Dma 6 10 0 0 9 0 8 10 42 0 85 0.49
Cor 0 0 0 1 0 10 0 18 0 32 61 0.52
total 40 72 58 201 75 106 64 124 62 56 858 66.02
Prod. acc. 0.85 0.69 0.69 0.86 0.51 0.62 0.63 0.50 0.68 0.57 65.98 67.25

Producer accuracy = 65.98; User accuracy = 66.02 Overall accuracy = 67.25; Tau-coefficient = 64.09  
 

Table 2b. ML classification error matrix based on 
PROBA/CHRIS data for the winter monsoon. 

Class \ True Sit            Snd          Rci           Trf            Rdv          Cor           Dwa         total User acc.
Sit 46 4 8 0 0 0 0 58 0.79
Snd 2 94 6 12 14 0 2 130 0.72
Rci 6 0 82 20 0 0 0 108 0.76
Trf 0 4 20 86 10 0 0 120 0.72
Rdv 0 14 0 0 86 12 3 115 0.75
Cor 0 0 0 0 6 78 15 99 0.79
Dwa 0 22 0 0 20 26 218 286 0.76
total 54 138 116 118 136 116 238 916 75.57
Prod. acc. 0.85 0.68 0.71 0.73 0.63 0.67 0.92 74.14 75.33

Producer accuracy = 74.14; User accuracy = 75.57 Overall accuracy = 75.33; Tau-coefficient = 71.45  
 



 

Thus, 33% of the bottom types excluding deep water 
and whitecaps suffered either a complete loss of 
seaweeds, a reduction to turf communities or a 
dominance shift towards coral communities from 
summer to winter. Also, it was apparent that an 
extended part of the seafloor could be mapped in the 
winter monsoon dataset due to clearer waters (Fig. 3). 
The image classification based on simulated Landsat 
bands for the winter monsoon (tau = 47.58) differed 
remarkably less from the PROBA/CHRIS winter 
classification than the original Landsat winter 
classification did (Fig. 4). The higher spatial resolution 
in the simulated Landsat bands likely allowed for a 
better classification result than the original Landsat 
bands could yield with the same multispectral 
resolution. 
 

 
 

Figure 4. ML classification results based on Landsat 7 
ETM+ data (left) and simulated ETM+ bands based on 
weighted-average aggregation of PROBA/CHRIS bands 

(right). 

This was in contrast with the summer monsoon 
classifications, where the simulated Landsat bands 
performed equally low (tau = 28.34) compared to the 
CHRIS bands as the original Landsat bands (Fig. 4). 
This was probably because the higher spatial resolution 
of simulated Landsat bands was not sufficient to cope 
with spectral information from mixed pixels consisting 
of coral and algal spectra in the broad multispectral 
bands. These results supported the idea that a higher 
spatial resolution is mostly beneficial in clear waters, 
and illustrated the role of environmental conditions in 
the need of a high spectral resolution to discern several 
algal and coral bottom types when dealing with a high 
habitat complexity [14, 18]. 
 
Spectral index maps 
Although the NDVI map for the summer monsoon 
based on Landsat imagery showed some positive values 
offshore, there were only slightly positive values 
apparent for the intertidal pixels (Fig. 5a). This was 
probably caused by the mid to high tide in combination 
with the spatial resolution of 30 m, which greatly 
affected the NDVI signal of the few emerged algal 
communities. As a result, there was a low overall 
correlation with intertidal summer biomass (R² = 0.333; 
Fig. 5a). Elevated offshore values were either due to a 
high surface water chlorophyll content or illumination 
effects caused by waves. The Landsat winter NDVI 
showed no positive values at all (Fig. 5b).  

 
Figure 3. ML classification results based on PROBA/CHRIS data for the summer and winter monsoon. The area 

surrounded by the red boxes is shown magnified to the right. A change map is shown to the left. 
 



 

 
 

Figure 5b. NDVI (left) and FAI (right) maps based on 
Landsat 7 ETM+ data (upper) and PROBA/CHRIS data 

(lower) for the winter monsoon. 
 
While also showing strong offshore effects 
characterised by a clear wave pattern, the 
PROBA/CHRIS-based NDVI map for the summer 
clearly indicated the presence of intertidal seaweeds, 
strongly correlating with intertidal biomass (R² = 0.927; 
Fig. 5a). The winter monsoon NDVI based on CHRIS 
datasets showed only very slightly elevated values along 
the coast, while suffering heavily from offshore effects 
caused by deviating illuminations (Fig. 5b). 
 

In contrast with the summer monsoon NDVI based on 
Landsat imagery, the Landsat FAI clearly detected the 
presence of intertidal seaweeds resulting in a very good 
correlation with intertidal summer biomass (R² = 0.921; 
Fig. 5a), regardless of the mid to high tide. This could 
probably be attributed to the higher sensitivity of the 
SWIR band to vegetation, while the ability to eliminate 
illumination effects would enable the detection of very 
shallow and surfacing seaweeds in the intertidal zone. 
The Landsat winter FAI showed no indication of 
intertidal seaweeds (Fig. 5b). Since the FAI showed no 
elevated values offshore, it could be assumed that 
increased NDVI values in both CHRIS- and ETM+ 
based maps were caused by wave illumination effects 
rather than floating algae or blooms. The correlation of 
the CHRIS-based FAI with intertidal biomass was 
extremely low (Fig. 5a), demonstrating the inability of 
CHRIS band 18 to substitute for SWIR wavelengths. 
The few elevated values along the coast were due to 
illumination effects caused by breaking waves. The 
winter FAI based on CHRIS bands lacked signal (Fig. 
5b). 
 

 
Figure 5a. NDVI (left) and FAI (right) maps based on Landsat 7 ETM+ data (upper) and PROBA/CHRIS data (lower) 
for the summer monsoon. The graphs below show the correlation between spectral index values and intertidal biomass 

for the respective indices. Squares represent ETM+; diamonds represent CHRIS data. 
 



 

Maxent sub-pixel modelling 
The Maxent model for the brown algal bottom type 
showed high probabilities along the entire coastline of 
the study area, mainly situated in the shallow subtidal 
areas, with near-zero probabilities for sandy areas and 
intertidal pixels (Fig. 6). This closely matched the 
brown algal areas as delineated by the CHRIS-based 
maximum likelihood classification. Consequently, the 
model showed an AUC for the test data of 0.976 (SD ± 
0.023). Correlation analyses between predicted 
probability and fresh weight data generally supported 
the strong model performance (Fig. 6), with a linear 
relation (R² = 0.949) for all the data points except the 
four highest biomass values. This was probably because 
the biomass values also correlated with cover percent, 
except for the highest biomass values where cover is 
100% but biomass can continue to increase by growth 
towards the surface. Brown algae in the area have been 
observed to reach the surface from 5 m depth. Based on 
the observed relation, a partly categorical biomass map 
could be calculated in the framework of resource 
conservation for the Green turtle. 
 

 
Figure 6. Potential distribution map of the brown algal 

and coral bottom types produced by Maxent. Values 
between 0 and 1 represent probability of occurrence. 
Diamonds represent coral; squares represent brown 
seaweeds. Filled squares show values that have not 

been incorporated in correlation analyses. 
 

The Maxent model for coral communities also showed 
probabilities along the entire coastline of the study area 
except for sandy areas. Generally, the suitable pixels 
were located in the deeper subtidal and showed overall 
lower probabilities, not exceeding 0.5 (Fig. 6). 
However, the model had strong support, with an AUC 
for the test data of 0.988 (SD ± 0.007) and a strong 
linear correlation (R² = 0.925) between predicted 
probabilities and coral cover (Fig. 6). This was a good 
indication that coral communities covered a far greater 
area than obvious from the maximum likelihood 
classification and were for the greater part 
overshadowed or overgrown by seaweeds during 
summer monsoon, which probably caused the lower 
predicted probabilities. Thus, when these probability 
maps would be combined in a post-modelling 
classification hardening operation, the outcome would 
mostly favour brown seaweeds, similar to the maximum 
likelihood classification outcome. 
 
4. CONCLUSION 

The recurring presence of two different benthic 
communities in different water column properties in one 
place over the course of a year offered a unique 
opportunity to pinpoint the difficulties of high 
resolution satellite monitoring of algae on coral reefs. It 
appeared that a broadband multispectral sensor such as 
Landsat 7 ETM+ was only able to perform well for clear 
waters and low habitat complexity situations. However, 
the availability of a SWIR band was beneficial to 
neutralise illumination effects in the detection of 
intertidal, surfacing and floating algae. A narrowband 
sensor such as PROBA/CHRIS outperformed ETM+ for 
benthic bottom type classifications across 
environmental conditions, showing an extensive 
seasonal turnover between coral and macroalgal 
dominance in the study area. This demonstrated the 
need for development of high resolution superspectral 
sensors to monitor algal dynamics on coral reefs. 
Additionally, a recently developed Maxent 
implementation was successfully used to calculate sub-
pixel bottom type probabilities from the superspectral 
information. 
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