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A B S T R A C T

Remote sensing offers a potential tool for large scale environmental surveying and monitoring. However, remote
observations of coral reefs are difficult especially due to the spatial and spectral complexity of the target
compared to sensor specifications as well as the environmental implications of the water medium above. The
development of sensors is driven by technological advances and the desired products. Currently, spaceborne
systems are technologically limited to a choice between high spectral resolution and high spatial resolution, but
not both. The current study explores the dilemma of whether future sensor design for marine monitoring should
prioritise on improving their spatial or spectral resolution. To address this question, a spatially and spectrally
resampled ground-level hyperspectral image was used to test two classification elements: (1) how the tradeoff
between spatial and spectral resolutions affects classification; and (2) how a noise reduction by majority filter
might improve classification accuracy. The studied reef, in the Gulf of Aqaba (Eilat), Israel, is heterogeneous and
complex so the local substrate patches are generally finer than currently available imagery. Therefore, the tested
spatial resolution was broadly divided into four scale categories from five millimeters to one meter. Spectral
resolution resampling aimed to mimic currently available and forthcoming spaceborne sensors such as (1)
Environmental Mapping and Analysis Program (EnMAP) that is characterized by 25 bands of 6.5 nm width; (2)
VENμS with 12 narrow bands; and (3) the WorldView series with broadband multispectral resolution. Results
suggest that spatial resolution should generally be prioritized for coral reef classification because the finer spatial
scale tested (pixel size< 0.1 m) may compensate for some low spectral resolution drawbacks. In this regard, it is
shown that the post-classification majority filtering substantially improves the accuracy of all pixel sizes up to
the point where the kernel size reaches the average unit size (pixel< 0.25 m). However, careful investigation as
to the effect of band distribution and choice could improve the sensor suitability for the marine environment
task. This in mind, while the focus in this study was on the technologically limited spaceborne design, aerial
sensors may presently provide an opportunity to implement the suggested setup.

1. Introduction

Coral reefs have been compared to tropical rain forests in their
importance as a primary habitat and as a framework for biodiversity
(Volkov et al., 2007). Monitoring coral reefs by remote sensing offers
great potential for conservation and management under current natural
stresses and anthropogenic disturbances (Nystorm et al., 2000; Loya,
2007; Xu and Zhao, 2014; Hedley et al., 2016). Currently, practical
satellite remote sensing of coral reefs is mostly confined to high to
medium resolutions (e.g., 2–20 m) and habitat-level surveying (e.g.,
Phinn et al., 2011; Collin and Planes, 2012; Zhao et al., 2013). The
primary limitation is that the coral reef benthos is often spatially het-
erogeneous at sub-meter scales (compared for example to trees in

forests or large shallow coral or algae beds). Additionally, the marine
environment imposes confounding factors not present in terrestrial re-
mote sensing, such as light absorption and scattering by water columns
as well as surface refraction and glint (Caras and Karnieli, 2013; Caras
and Karnieli, 2015). Sensor characteristics such as spatial, spectral and
temporal resolution as well as sensor driven noise are additional lim-
itations imposed by sensor design.

Sensor design generally results in a trade-off between spatial and
spectral resolution and is driven mainly by the desired output char-
acteristics. Most spaceborne sensors discussed in this study, are set on
polar orbiting platforms that has a 27 day revisit time (at the coral
growing latitudes but less in higher latitudes). However, revisit time is
improved markedly with the introduction of tilting abilities, where
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revisit time is as low as 4 days in the relevant latitudes, for both the
Environmental Mapping and Analysis Program (EnMAP) and the
WorldView-3 (WV3). These are flown at 28000 km/hr and have short
integration time limiting their light input. Therefore, theoretically, in
any remote sensing application, there is a choice to be made as to
whether the most suitable approach prioritises spatial resolution −
smaller pixels with fewer spectral bands (multispectral) − or prioritises
spectral resolution − larger pixels with data in many continuous wa-
velengths (hyperspectral). At the cost of reducing revisit time (therefore
lowering temporal resolution) it is possible to achieve scenes with
narrower track but with higher spectral and/or spatial resolutions (e.g.
Hyperspectral Imager for the Coastal Ocean − HICO). In turn this can
be somewhat compensated by sensor tilting (e.g. WorldView, Pleiades
or Venμs). Other sensor concept gaining popularity is the CubeSat
consolation solution. In this case, multiple sensors acquire a fraction of
the data that is amalgamated into one high resolution image.

More specifically, for coral reef mapping, hyperspectral data offers
the promise of discrimination between numerous benthic types and
complex habitat assemblages (e.g., Goodman and Ustin, 2002;
Hochberg and Atkinson, 2003; Botha et al., 2013). The modelling study
of Hedley et al. (2012) indicated that even with hyperspectral data, the
primary limiting factor for benthic discrimination is sub-pixel hetero-
geneity. Heterogeneity, in this case, describes the number of classes
within a given area. In turn, the number of classes to be detected, with
sufficient accuracy, within a given area, is a function of pixel size
(spatial resolution). In recent years, multispectral satellites have seen
significant improvements in spatial resolution, with pixel sizes less than
2 m now routinely available (Knudby et al., 2007). The potential and

applicability of these satellite sensors for coral reef surveys has been
tested (Hochberg and Atkinson, 2003; Purkis, 2005). However, the
trade-off between spectral resolution and spatial resolution is not ad-
dressed.

Airborne imagery is less affected by the spatial-spectral trade-off
limitation, by which the satellite sensors are constrained, because the
sensor can be flown closer to the surface at a much slower speed. These
capabilities surpass the limitations posed by the ground-mounted
sensor used in this study. Although not yet tested in the marine arena,
recent state-of-the-art hyperspectral cameras have crossed two key
barriers in sensor design: (1) they are small and independent, allowing
them to be carried on an unmanned aerial vehicle (UAV) such as a
quadcopter and an autonomous underwater vehicle (AUV); and (2) they
can capture an image in one frame like a reflex camera and sometimes
even as video. Airborne examples of finer spatial resolution remote
sensing of coral reefs have reached a resolution of 0.25 m2 (Hochberg
and Atkinson, 2000; Mumby et al., 2004). Mumby et al. (2004) con-
cluded that the difference between 1 and 2 m pixels and 0.25 m pixels
was not significant, but this should be interpreted in the context of the
fact that the site was dominated by large coral colonies (average cover
size was 0.73 m2).

This study aims to fill in the gap by determining the relative clas-
sification performance of spatial versus spectral resolution. To do so, a
hyperspectral camera was used above the water surface to produce
imagery with no resolution limitations − millimetre size pixels and 25
spectral bands (Caras and Karnieli, 2015). The objective was to sys-
tematically explore the spatial-spectral resolution trade-off for coral
reef mapping. Spatially, the resolution in the 1 m to 5 mm range was

Fig. 1. The study site at the coral Natural Reserve near Eilat, Israel (A) and
the study setup of the camera in place.(B).
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investigated and a spectral comparison between two multispectral re-
solution approaches–narrow band and wide band and hyperspectral
resolution was conducted. With this in mind, the novelty of this study
lies in the stepwise approach pinpointing accuracy limits for each re-
solution combination.

2. Methods

2.1. Image acquisition

The site at which the work was conducted was the Coral Reef
Marine Park (29°33′N 34°57′E) located 8 km south of the city of Eilat,
Israel at the northern end of the Gulf of Aqaba (Fig. 1A). The reef is of a
“fringing” type and forms a band of table reef along the coastline there
is a shallow (0.5–1.5 m) lagoon on one side and a sloping (from 4 m to
hundred and more) sandy bottom towards the end of the continental
shelf. Tidal range is approximately 1 m in which, rarely, the coral tops
get exposed. The coral table top, which the study focuses on, ranges
from 0.5 m to 1 m with scattered deeper sections (up to 2 m deep at one
corner). The imaging site was chosen because the coral table form a
relatively level surface which is approximately at the same depth. Ad-
ditionally, because the focus of the study was spectral analysis, deeper
sections of the reef were avoided − not to add an additional variable.
At the time of image acquisition wind speed was 5 m per second but
little ripples were visible at the image location. Some of those ripples
and waves were eliminated by the long exposure.

Ultra-high spatial resolution hyperspectral images were collected
with the Specim’s AISA Spectral Camera HS. A pushbroom camera fixed
on a boom that was installed on a jetty overhanging the reef as close as
possible to the nadir position (Fig. 2A). The camera’s 28° horizontal
field of view at 2.5 m above the water and the travel of the boom
captured an approximately 2-m wide by 3 m long image of the reef
table at an average resolution of 1.25 mm per pixel. Total acquisition
time was around 32 s. Spectrally, 849 bands were captured in the range
of 400–1000 nm with a 0.67–0.74 nm band width. Timed to provide the
best results, the image was acquired during the late morning when the
sun’s zenith angle of 20° to 30° minimised surface glint while retaining

good illumination through the water column. In addition, a digital still
camera was also attached to the boom and provided a near nadir Red-
Green-Blue (RGB) digital photograph of the same scene (Fig. 2B).

2.2. Hyperspectral image pre-processing

Image preparation is described in details in Caras and Karnieli
(2015) and included removing saturated pixels and dark value sub-
traction using a calibration image of an in situ black target (Lillesand
and Kiefer, 2003; Mather and Koch, 2004). Next, the image was spec-
trally resampled to 10 nm using the standard ENVI procedure and was
trimmed to 25 bands at the spectral range of 460–700 nm (Caras and
Karnieli, 2013). Correction of reflectance values was implemented by
dividing the whole image by the reflectance of an underwater reef-level
white referencing plate that was included in the image. Together with
the dark target subtraction, this procedure essentially comprised an
empirical line calibration (Karpouzli and Malthus, 2003). The resulting
image had approximately 2500 × 3500 pixels (each pixel covers ap-
proximately 0.5 × 0.5 mm of reef), hereafter denoted as the reference
hyperspectral image (Fig. 2A).

2.3. Reference map

The RGB image was clearer for visual interpretation than the push-
broom acquired hyperspectral image, enabling the identification of
benthic type, growth form and colour. A reference map was created by
manually digitising the 1-mm resolution hyperspectral image in order
to validate the classified images (Fig. 2C).

2.4. Spatial and spectral resampling treatments

To address the question of the effect of spatial resolution, the re-
ference hyperspectral image was resampled by pixel averaging to 12
resolutions with pixel sizes from 2.5 mm to 1 m (Table 1). To in-
vestigate the effect of different spectral band design choices, three
treatments of spectral resampling were performed for each spatial re-
solution (Fig. 3), corresponding to the bands of WorldView-2/3

Fig. 2. The image used for analysis. The frame is the geometric calibration of 1 m, and the white reference plates are in gray or black colour, in the bottom left and right corners of the
frame. (A) Reference hyperspectral image after geometrical registration (band combination approximately RGB); (B) digital photograph used for manual classification; (C) validation
reference map product digitised from A and B (black areas are ‘unclassified’ pixels); (D) example of classified image with 10 mm pixels and no filtering.
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(DigitalGlobe 2014), the VENμS sensor (Dedier et al., 2006; Herrmann
et al., 2010), and the EnMAP hyperspectral airborne instrument
(Specim 2013). These treatments were chosen because they correspond
to three distinct design philosophies, broad band (∼50 nm) “aerial
photography-like” (WorldView-2), narrow band (∼20 nm) targeted at
specific wavelengths relevant to photosynthetic targets (VENμS), and
continuous hyperspectral coverage (25 bands, ∼10 nm, EnMAP). In the
following text, these treatments are referred to as “broad band”,
“narrow band”, and “hyperspectral”, respectively.

2.5. Classification method

Classification was applied to each image treatment independently
and according to the same procedure detailed in Caras and Karnieli
(2015). To reduces the variability in the reflectance intensity and make
spectral features more pronounced, reflectance values were normalised,
(Westerhuis et al., 2008; Caras and Karnieli, 2015). Each pixel was
classified using the partial least square-discriminant analysis (PLS-DA)
method (Barker and Rayens, 2003; Westerhuis et al., 2008; Caras and
Karnieli, 2015). Finally, in line with much of the coral reef remote
sensing literature (Green et al., 1999), accuracy was assessed by overall
accuracy and Kappa coefficients calculated from the confusion matrix
(Foody 2002; Wise et al., 2006).

Image resampling and data extraction were implemented in ENVI
4.8 software (by Exelis Inc.) in an IDL 8.2 environment. All data ana-
lyses were undertaken using a PLS toolbox 6.7.1 by Eigenvector
Research, Inc. running on a MATLAB® platform 2011a, and outputs
were exported to Microsoft Excel (2010) for confusion matrix

calculation.

2.6. Classification scheme

Classes and class definition (Fig. 2C and D) were based on either
spectral features or substrate units that were visually observed in the
digital photograph (e.g., English et al., 1997). The class grouping fo-
cussed on the capability to differentiate between Scleractinian corals,
but also included soft corals, turf algae, shadow, and dead or bleached
corals as classes (Caras and Karnieli, 2015). Other researchers have
linked coral colour to genus or species (Botha et al., 2013) and these
studies increased the general identification accuracy of hard corals as a
group.

2.7. Filtering treatments

A problem occurring in the analysis of ultra-high spatial resolution
imagery, in which targets are larger than pixel sizes, is that pixel-to-
pixel variations within targets are transferred to undesirable noise in
the classified image (Fig. 4, top left). To assess the accuracy improve-
ment due to the noise filtering and to find the appropriate scale at
which to apply it, a low-pass majority filter (Lo, 1986; Lillesand and
Kiefer, 2003) was implemented. This type of filter is appropriate for
categorical data and is able to remove fine scale noise (Fig. 4), but
clearly will affect the accuracy if runs with windows larger than the
targets of interest (Fig. 4, bottom two rows). After running the classi-
fication, the majority filter was applied repeatedly and systematically,
for every resolution, each time with a larger kernel window size ranging
from 3 × 3 to 91 × 91 pixels (Table 1). The accuracy of the resulting
classification maps was retrieved from the confusion matrix derived
from comparison to the reference map at the ∼600 validation points.

3. Results

The classification model that was built from the image spectra
achieved an internal overall accuracy of 0.86 and a Kappa coefficient of
0.84 (Caras and Karnieli, 2015). Since the overall accuracy and the
Kappa coefficient were highly correlated (r2 > 0.8), the discussion
below will rely only to the former measure (Caras and Karnieli, 2015).
Accuracy of classification that was not subjected to post-classification
majority filtering peaked at a pixel size of 25 mm (overall accuracy of
62%, Fig. 5). The highest overall accuracy (67%) was achieved for
hyperspectral image at 2.5 mm pixels filtered with 21 × 21 kernel
window.

3.1. Spatial resolution

Visual interpretation of the classified hyperspectral images at dif-
ferent spatial scales (Fig. 6) revealed three distinct levels: (1) the finest
resolution images, up to 10 mm, were spatially noisy with many single
pixel misclassifications and percentage accuracy scores of 50–60%; (2)
the mid-resolution images, 25–100 mm, provided satisfactory visual
classification with considerably lower spatial noise and contained the
maximum accuracy attained overall of around 60%.; (3) the coarse
resolution images, 250–1000 mm, in which the large pixels blurred out
the spatial detail, resulted in lower classification accuracies, declining
to around 20% in the lowest resolutions.

3.2. Spectral resolution

The hyperspectral dataset consistently outperformed the narrow
band and wide band configurations that were remarkably similar
(Fig. 7). However, for pixel sizes up to 100 mm, the results show that
increased spatial resolution combined with majority filtering can re-
place hyperspectral processing in terms of accuracy. That is, the accu-
racy for the hyperspectral results with 25 cm pixels was 41% that was

Table 1
General overview of image treatment combinations: the pixel sizes and spectral bands
that the reference hyperspectral image was resampled to, and the window sizes of the
majority filter that was applied post-classification. Not all combinations of treatments
were performed, see text.

Pixel size
(mm)

Spectral bands Majority filter

2.5 WorldView 2/3, 5 bands ∼50 nm wide VENμS, 5
bands ∼20 nm wide EnMAP, 25 bands ∼10 nm
wide

3 × 3
5.0 5 × 5
7.5 7 × 7
10.0 9 × 9
25.0 11 × 11
50.0 21 × 21
75.0 31 × 31
100.0 41 × 41
250.0 51 × 51
500.0 61 × 61
750.0 71 × 71
1000.0 81 × 81

91 × 91

350 550450 650 750

2/3

Fig. 3. The three spectral treatments: WorldView 2/3, VENμS, and EnMAP camera. Only
the 460–700 nm range was used in spectral resampling; hence, the number of bands is 4,
5, and 25, respectively.

T. Caras et al. Int J Appl  Earth Obs Geoinformation 63 (2017) 68–77

71



also achieved by the multispectral data with 10 cm pixels (Fig. 7).

3.3. Majority filtering

The post-classification majority filter increased the accuracy of
classification (for all spectral resolution tested) at the low to mid-range
pixel size (Fig. 7). Accuracy at all pixel sizes up to 10 mm were con-
sistently improved by the majority filters up to a window size of
21 × 21 pixels (maximum window size ∼20 × 20 cm). Conversely, for
pixel size greater than 10 mm, majority filtering reduced accuracy.

4. Discussion

4.1. Spectral vs. spatial resolution

Coral reefs are typified by large spatial variation, but the results
presented here may be relevant to other environments where the in-
teraction of environmental complexity and imaging spatial resolution is
of interest. In particular, the study demonstrates what occurs in the
regime of ultra-high spatial resolutions of sub-meter pixels that future
generations of sensors will likely provide. With this in mind, all spatial
resolution definitions mentioned here should be considered with re-
spect to site complexity as the real spatial resolution factor is directly
related to substrate complexity or substrate unit size.

The results indicate that a medium spatial resolution, combined

Fig. 4. Examples of majority filtering for different pixel window sizes as applied to the classification of the 10-mm spatial resolution treatment.
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with filtering, is potentially as good as a fine spatial resolution with the
same treatment. The best achieving accuracy at our site, was the
combination of hyperspectral data, 10 mm pixels with a kernel window
of 7 × 7 that scored a 67% overall accuracy (Fig. 7). This is clearly
unlikely resolution combination for current airborne sensors. However,
accuracy starts deteriorating (< 55% accuracy) form pixel size greater
than 100 mm − and that is an achievable spatial resolution for current
airborne sensors technology.

The key differences between this work and other studies done with
fine spatial resolutions include the complexity of the substrate and
number of classes used. The stepwise systematic approach for resolu-
tion upscaling plays an important role in highlighting potential lim-
itations vs. technological limitations tested to date. Mumby et al.
(2004) presented a relevant comparison between images of the same
reef, evaluating spectral and spatial resolutions using 6 and 10 band
spectral resolutions with 0.25 and 1 m2 spatial resolutions, respectively.
They reported little differences in accuracy between the two ap-
proaches. Both these spatial resolutions are covered in this study, and
although a different classifier and a different classification scheme were
used, the results presented here support these findings.

The key conclusion is that relationship between the substrate unit
size and the spatial resolution plays a major role. Results at other sites
confirm this conclusion may be applicable at equivalent lower or higher
spatial resolutions (Lim et al., 2009). At all spectral resolutions, accu-
racy is maximized when pixel size is 10% of substrate unit. At higher
spatial resolution, majority filtering is effective in correcting the slight
deterioration in accuracy.

From the results of overall accuracy as a function combining pixel
size and spectral treatment (Fig. 7), four spatial regimes can be ob-
served (Table 2). In The following sections discuss the consequences of
these four spatial regimes in order of increasing pixel size.

4.2. Low spatial resolution: low classification accuracy

For pixels of 0.5 m and larger, the likely-achievable resolution by
spaceborne sensors, the pixels were at least two times bigger than the
mean feature size. Classification results were poor regardless of spectral
resolution, less than 30% overall accuracy (Fig. 7). At this scale, the
spatial complexity of the benthos introduces substantial within-pixel
mixing of targets. A potential solution may be spectral unmixing algo-
rithm (e.g., Hedley et al., 2004; Wettle and Brando, 2006; Hamylton,
2011) offering increased capability by quantifying the sub-pixel cover
of the different benthic classes. Typically, unmixing methods are con-
sidered to require hyperspectral data (Goodman and Ustin, 2007;
Bioucas-Dias and Plaza, 2010), an unlikely spectral-spatial resolution
for spaceborne imagery but can be achieved by airborne sensors.

4.3. Medium spatial resolution: spatial vs. spectral trade-off

While some modelling studies have concluded that hyperspectral
data is the key for accurate coral reef benthic classification (e.g.,
Hochberg et al., 2003; Karpouzli et al., 2004; Botha et al., 2013), others
have focussed on the inherently limiting problem of sub-pixel mixing,
implying that high spatial resolution is the primary requirement (Lim
et al., 2009; Dekker et al., 2011; Hedley et al., 2012). In a sense, our
results, based on actual image analysis, are consistent with both of these
opposite interpretations. The trade-offs existing at different spatial re-
solutions reaches a turn point in this resolution category, where spectral
and spatial reresolution play equal part in the final accuracy. This
means that based on the available technology we may change or
prioritise our resolution choices to fit the task at hand. In the inter-
mediate spatial regime, accuracy can be improved by increasing either
spatial or spectral resolution (Table 2, Fig. 7). In our imagery, for pixel
sizes of 1 m to 0.1 m, approximately halving the spatial resolution en-
abled the 5 band imagery (e.g., VENμS and WorldView 2/3) to achieve
equal accuracy to the 25 band hyperspectral imagery (e.g., EnMAP).
Therefore, in this spatial regime, corresponding to pixels around the
size of the substrate units up to a few times larger, neither hyperspectral
data nor spatial resolution held the key to accurate benthic classifica-
tion.

4.4. High spatial resolution: hyperspectral benefit regime

In the spatial regime of pixels from 10 to 100 mm, where benthic
substrate units are typically 2–25 pixels in diameter, hyperspectral data
offers accuracy advantages that cannot be compensated for by any
treatment of multispectral data (Fig. 7). Only in this regime is there
evidence that hyperspectral data offers unique advantages for coral reef
benthic mapping. While airborne imagery can provide imagery within
these specifications, current spaceborne multispectral sensors can
achieve resolutions of 0.3 m; there has yet to be launched a hyper-
spectral sensor with less than a 30 m resolution. In that respect, for the
foreseeable future, the medium resolution regime is the most relevant
for coral reef mapping. At the current state of spaceborne technology
and its inherent technological limitation (e.g., traveling speed, distance,
optics etc.), spatial resolution appears to be the primary factor to op-
timise. Other alternatives or sensor design approaches (e.g., reducing
strip size thus effectively increasing available acquisition time) may
support a higher resolutions combination or spatial versus spectral re-
solution trade-offs.

4.5. Ultra-high spatial resolution: noise filtering required

The final regime in our results is that of pixels 1 cm or smaller–-
equivalent to unit size over 25 times the size of a pixel. Interestingly,
the results show a decrease in accuracy in this ultra-high spatial re-
solution regime for all spectral treatments, but most conspicuously for
the hyperspectral treatment (Fig. 7). This decrease in accuracy must be
compensated for by majority filtering with window sizes up to 21 × 21
pixels. The need for spatial filtering supports the setting of the effi-
ciency limit for spatial resolution limits at 2.5 times the size of substrate
unit.

Normally, in coral reef remote sensing, spatial resolution is con-
sidered inadequate for the highly heterogeneous nature of the benthos
(Hedley et al., 2012). The spatial regime discussed here does not cor-
respond to satellite sensors likely to be available in the near future.
However, it might be relevant to automated digital images, video
analysis (Shihavuddin et al., 2013) and instrument carriers like AUVs
(Bryson et al., 2013). These results are relevant as they show for the
first time that when we progress to the finer limits of technological
capabilities resolution increase may be unnecessary or degrade accu-
racy.
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Fig. 5. Overall classification accuracy from the hyperspectral image as a function of
different pixel sizes, with and without majority filtering at various pixel window sizes.
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4.6. Spectral-spatial resolution balance and applicability

For airborne platforms (and to a certain degree spaceborne

platforms), the main implication of using a larger pixel is that the total
area covered by one image increases. If the deployment height above
the reef is not a limitation, this can be extended arbitrarily. For

Fig. 6. The classified hyperspectral images at different spatial resolutions. The pixel size and the overall percentage accuracy are presented, respectively, above each panel.
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example, using the specification of the hyperspectral camera used here
at a height of 4 m, the image acquired is approximately 2 × 3 m in
area. However, at 70 m, the sensor would give an approximately 10 mm
pixel size over an area of 800 m2 of reef, balancing and maximising the
quality and quantity of data collection. This extends to data collection
and analysis too. Using the same example, each image in a raw format
can be between 6 and 9 gigabytes of data. Even for a strong computer,
this is a considerable data file. Based on the above 800 m2 per image,
12–15 images are required to survey the 4 km reef in the Eilat Marine
Reserve (reef width approximately 35 m), with 135 gigabytes of ima-
gery to analyse. Combining the image spectral and spatial dimensions
recommended by this study, the same results and accuracy can be
achieved for the Eilat site with just 2 images (compared to the 15
images at the above configuration). The image dimensions for the es-
timate above is for a hyperspectral image with 25 bands and 100 mm
pixels. Applying the same approach to a spaceborne image, if VENμS
was capable of producing imagery of 100 mm pixels, it could cover an
area 10 times the size of the above reef. Other less common orbit
configurations (in speed and swath) may provide resolution choices not
covered here.

If the technology that is currently available is examined, the con-
clusion could be that aerial imagery can already meet the challenge
(Caras and Karnieli, 2015). Hyperspectral reflex type cameras, such as
CUBERT and Headwell (CUBERT; Headwall; Mosaicmill; Jung et al.,
2013), as well as a digital camera conversion as described by Habel
et al. (2012), are already on the market. In these cases, the natural
platform for airborne marine surveys would be a remote-controlled
quadcopter or a microlight (e.g., Cubert, 2017; Bryson et al., 2013).

Remote-controlled helicopters, together with single-frame hyperspec-
tral imagery, are not limited by height and thus provide tailored pixel
size images. Another option is water surface floats with subsurface
cameras. This means that while the sensor's vehicle is floating on the
water surface − the sensor's lens is below water surface. In this con-
figuration things like refraction, wave and wavelet noise, glint and
other water-air interface problems are avoided. There are considerable
technical benefits: imaging vehicle is a lot more versatile in equipment
carrying capacity, speed of passage, operational energy storage and
potentially operational autonomy. However, the fixed “altitude” of the
sensor from the target effects pixel size and the floating may add image
stabilisation parameters to be addressed.

The pixel-by-pixel analysis provides an important advantage that is
the natural progression from the aims of this study. However, a more
exciting avenue for progress is perhaps in the object based image
analysis (OBIA). This approach relies on reflection differences within a
single substrate unit that can be attributed to differences in growth
pattern, surface texture and represents contextual information. The
difference in approach is significant in terms of sensor design and image
acquisition because the spatial-spectral resolution trade-off suggested
by this paper is no longer relevant. OBIA is possible only if the image
spatial resolution is significantly finer than that of the substrate unit but
in the same time it can potentially be undertaken with one band only.
Previous work using regular digital camera imagery (similar to the one
used for the validation mapping) shows that even with one spectral
band, classification of growth forms is possible (Shihavuddin et al.,
2013). Although this spectral resolution is unlikely to be provided from
a spaceborne satellite, it is possible from aerial vehicles or AUVs.

Another element to consider is the analysis aim and goals. A mea-
sure of complexity can be achieved by a relatively coarser classification
and diversity can be estimated using undefined classes (Féret and
Asner, 2014). Additionally, the validation and accuracy for this study is
based on a confusion matrix that counts successful classification pixel
by pixel without considering the error “type”. Weighting system, des-
ignating different weight to small errors (e.g. brown coral vs yellow
coral) compared to bigger errors (e.g., coral vs algae or dead rock) may
be an alternative. Despite this being a more ‘relaxed' approach the final
goal (estimating the reef health) may not be compromised with the
available image specification. While these strategies and others are
valid for remote sensing of marine environment they deserve a more
comprehensive review that is outside the scope of this study.

4.7. Limitations of the study

Interpretation of the results should take into account the following
limitations of the study:

• The site studied here was shallow (< 2 m); hence, the red and NIR
bands above 600 nm carried more information than they would at a
deeper site, since water strongly attenuates these wavelengths.

• The study site was dominated by diverse coral cover, and so, the
classification by necessity focussed on discriminating between
corals. At another site with less substrate or coral diversity, the
limited spectral variation would result in a simpler classification
model. For example, brown algal and some of the brown-yellow
coral pigments are spectrally similar (e.g., Myers et al., 1999;
Hedley and Mumby, 2002; Hochberg et al., 2004).

• Capturing imagery is dependent on favourable environmental con-
ditions.

• One of the key sources of error is introduced by the validation’s
(reference map) inherent inaccuracies and the PLS-DA model use
(Caras and Karnieli, 2015).

5. Conclusions

Sensor design, in particularly the balance between spatial and
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Fig. 7. Overall percentage accuracy scores as a function of different pixel sizes, for the
three spectral treatments, with and without the post-processing filter of a 21 × 21 pixel
window.

Table 2
Four spatial regimes for benthic classification accuracy as a function of spectral config-
uration.

Pixel size
(m)

Feature size to
pixel size ratio

Consequence

> 0.5 < 0.5 Low accuracy for any spectral treatment
0.1–0.5 0.5 to 2.5 Spatial vs. spectral trade-off: the range where

increasing spatial resolution in a multispectral
image may compare to the lower spatial
resolution hyperspectral image

0.01–0.1 25 to 2.5 Hyperspectral benefit regime
<0.01 > 25 Noise filtering required

T. Caras et al. Int J Appl  Earth Obs Geoinformation 63 (2017) 68–77

75



spectral resolutions, effect on classification of marine substrates was
investigated. Although the study is primarily related to coral reefs, the
reported conclusions might also be relevant to other studies of complex
and heterogeneous images.

Three spectral resolutions and twelve spatial regimes were tested.
The review of these size classes was particular to the study site’s unit
size and heterogeneity, and hence, the pixel to unit size ratio is more
relevant for sensor design. In the study site, the average unit size is
0.25 m.

• For any given spatial resolution (except for an extremely fine spatial
resolution), hyperspectral imagery produces better accuracy.

• Majority filtering improves accuracy up to the point where the
kernel size × pixel size reaches the unit size (pixel< 0.25 m).

• The multispectral regime tested (narrow band and wide band ar-
rangements) returned similar accuracy. In that respect, although the
band distribution was aimed at vegetation and terrestrial target and
not marine substrates, the expected benefit of narrow band spectral
arrangement in signature identification was disappointing.
However, assuming coral reef elsewhere has similar spectral sig-
natures (based on the similar pigments combinations) coral-reef-
specific band choice may improve the performance of narrow band
sensors.

Camera and aerial sensor carriers have now reached a stage that
provides some of the above desired spectral and spatial. Satellite setups
such as WorldView-3 already reach a 1.2 m pixel size (multispectral
bands, panchromatic reach 0.3m) and may reach the 0.25 pixel size that
is the usable resolution for coral reef surveying. Under these specifi-
cations, they can potentially outperform a hyperspectral image
with> 0.5 m pixels.

The presented study suggests that the next step in satellite design
aimed at surveying coral reef should prioritise spatial resolution. This is
because substrate mixing is a major player in noise creation and a de-
crease in accuracy, something that is unlikely to change significantly
elsewhere (e.g., at a different reef location). Pixels about the size of
substrate units should be the goal and if we consider the test site to be
heterogeneous − 100 mm pixels is a good guideline. To compensate for
the inherently low radiance intensity, caused by reducing pixel size,
spectral resolution would have to be compromised. However, careful
investigation as to the effect of band distribution and choice could
improve sensor suitability. Coral-specific band location on the spectrum
should be identified and tested as this would have a marked effect on a
sensor’s suitability for this specific task. Another alternative in-
corporated in modern sensor design that could provide longer visit time
is the tilting sensor lens. Multiple visits, temporally close, each ac-
quiring a portion of the spectral range, could be amalgamated into a
single image with superior signal quality.

Currently, spaceborne design is limited by distance and speed, while
aerial sensors are fast improving. In spite of their limitations (cost, lo-
cation and range of acquisition), these sensors already provide an op-
portunity to implement the guidelines presented in this study. More
work is needed using these aerial sensors in a natural reef environment
and applying some of the insights from this study.
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