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Abstract: The use of marine spatial planning for zoning multi-use areas is growing in both
developed and developing countries. Comprehensive maps of marine resources, including
those important for local fisheries management and biodiversity conservation, provide a
crucial foundation of information for the planning process. Using a combination of field
and high spatial resolution satellite data, we use an empirical procedure to create a
bathymetric map (RMSE 1.76 m) and object-based image analysis to produce accurate
maps of geomorphic and benthic coral reef classes (Kappa values of 0.80 and 0.63; 9 and
33 classes, respectively) covering a large (>260 km2) traditional fisheries management area
in Fiji. From these maps, we derive per-pixel information on habitat richness, structural
complexity, coral cover and the distance from land, and use these variables as input in
models to predict fish species richness, diversity and biomass. We show that random forest
models outperform five other model types, and that all three fish community variables can
be satisfactorily predicted from the high spatial resolution satellite data. We also show
geomorphic zone to be the most important predictor on average, with secondary
contributions from a range of other variables including benthic class, depth, distance from
land, and live coral cover mapped at coarse spatial scales, suggesting that data with lower
spatial resolution and lower cost may be sufficient for spatial predictions of the three fish
community variables.
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1. Introduction
Many of the half a billion people worldwide who live within 100 km of a coral reef depend on small
scale reef fisheries to sustain their livelihoods [1,2]. As nearly 60% of reefs globally are imperiled by
human activities [1], protection of reef fish populations requires urgent and active management.
However, tools that have long been promoted by fisheries scientists for managing single species
fisheries (e.g., maximum sustainable yield) do not capture the ecosystem complexities of multispecies
coral reef fisheries [3]. Meanwhile, newer advanced models applied to coral reef fisheries,
e.g., Ecopath with Ecosim [4], require large amounts of data that are often resource intensive to acquire
and do not include spatially explicit outputs. Marine Protected Areas (MPAs) have emerged as an
alternative, widespread tool for coral reef fisheries management that have resulted in increases in
abundance and biomass of targeted species where successfully implemented and enforced [5]. To
optimally design networks or individual MPAs, coral reef managers could greatly benefit from
comprehensive fish resource maps. Maps of fish biomass can be used to guide placement of MPAs
towards naturally productive areas, a known driver of MPA success [6]. Further, in the absence of
accurate information on single-species distributions, maps of species richness and diversity can be used
to ensure coverage of local biodiversity hotspots.
Ecological field research has produced a large body of literature describing functional and statistical
relationships between variables quantifying aspects of the reef fish community and the local habitat.
For example, the positive effect of structural complexity on reef fish species richness and abundance
has been demonstrated experimentally [7], and areas of high structural complexity have been shown to
contain more species [8] and greater total biomass [9] compared to areas with less structure. Other
factors have shown similar correlations with one or more aspects of reef fish communities, such as
water depth [10], disturbance history [11], coral cover [12], location on the reef [9] and shelf [13],
presence of seagrass beds and mangroves [14,15], as well as benthic composition and patch
structure [16-18]. Such environmental variables, and the patch mosaic they create, interact with and
influence the local fish communities at a range of spatial scales.
Methods have been developed for mapping several of these key environmental variables using
remote sensing. The spectral reflectance characteristics of an area can be used to characterize the
dominant benthos [19], and estimate both live coral cover [20-22] and water depth [23-25]. The
location on the reef can both contribute to classification of the benthos and be used to map geomorphic
reef zones [26]. Spatial analysis of modeled depth estimates can be used to quantify structural
complexity, and maps of the benthos can be used to calculate indices of patch diversity, size and shape,
as well as distances to other marine and adjacent terrestrial and freshwater habitats [27].
The ability to map these environmental variables with remote sensing has in turn made it possible to
employ statistical models to produce spatially explicit predictions of fish community variables [28]. To
date, only a handful of studies have been published using this approach. Some rely solely on seafloor
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terrain models, typically derived from lidar data, from which metrics of the seafloor‘s
three-dimensional structure are calculated and used to produce predictions of fish community
variables [29-31]. These studies cover sufficiently large areas to have relevance in a management
context (e.g., ~200 km2 studied by Pittman et al. [30]), but the cost of acquiring lidar data necessary to
create seafloor terrain models at sufficient spatial resolution and extent makes the use of these models
prohibitive to most institutions. It is therefore important to explore the utility of less expensive data
sources from which predictions of fish community variables is also possible. In this study, we build on
work by Mellin et al. [32] and Knudby et al. [28], which successfully tested the application of optical
remote sensing data for predicting fish assemblage characteristics over small-scale coral reef sites
(<20 km2), by scaling the approach up to cover the reef complex in a Fijian fisheries management area
(>260 km2). We use object-based image analysis to create near-seamless classifications of reef benthos
and geomorphology from five high-spatial resolution optical satellite images captured over Kubulau
District‘s traditional fisheries management area in southwest Vanua Levu. We combine these
classifications with derived water depth, as well as measures of seafloor structure and substrate
diversity at varying spatial scales, to provide spatially explicit predictions of fish species richness,
diversity, and biomass. Lastly, we discuss how the results are being used to prioritize alternative
configurations for the Kubulau community managed MPA network to improve effectiveness for
increasing fisheries yields while reducing current conflict among resource users.
2. Study Area
Kubulau District, centered at 16°51′S and 179°0′E in south-west Vanua Levu, is located in one of
the least developed regions of the Fiji Islands. Approximately 1,000 residents of predominantly
indigenous origin rely heavily on marine resources for subsistence and cash income [33]. Given the
relatively low population density (~10 people km−2), Kubulau‘s terrestrial, freshwater and marine
ecosystems are still relatively intact, and outer reef areas support very high reef fish biomass and catch
rates on par with remote Pacific islands and atolls [6,34].
As market access increased over the past two decades, the chiefs of Kubulau undertook preventative
measures to maintain fish stocks for the future. In 2005, with the support of the Wildlife Conservation
Society (WCS) and partner NGOs, the chiefs established a network of 20 MPAs, combining 17 small,
periodically harvested closures (tabu areas) and three large no-take reserves covering mangrove,
seagrass and coral reef habitat within the 261 km2 traditional fisheries management area [33]
(Figure 1). They empowered the Kubulau Resource Management Committee with authority to make
recommendations for management of the network, which is regulated under Fiji's first ridge-to-reef
management plan [35]. To date, the effectiveness of the protected areas has varied, largely due to
challenges related to compliance and enforcement [6,33]. Given the mixed success, as well as more
recent conflict involving illegal fishing activity in the Namena Marine Reserve, WCS and research
partners are investigating alterative configurations for the MPA network to retain fisheries yields while
spreading costs more equitably [36].
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Figure 1. Overview of Kubulau fisheries management area (qoliqoli). (a) shows the
boundary of the management area, as well as its traditional village-managed tabu areas
(pink outline) and district-managed marine protected areas (diagonal lines, names next to
areas). Inset illustrates location within Fiji. (b) shows the extent of the Landsat TM data
(background) and IKONOS/Quickbird data (foreground), as well as sites where benthic,
fish and depth data were collected.

3. Methods
Data for this study fall in three categories: benthic field data, fish field data, and satellite data.
Collection and processing of each is described below. The flow of data processing and model
development is illustrated in Figure 2.
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Figure 2. Flowchart describing the development of initial and derived predictors from
source data, and their combination in predictive model development. Source data in boxes,
predictors in circles, response variables in the hexagon.

3.1. Field Data Collection and Processing
3.1.1. Benthic Field Data
We acquired benthic cover data using a georeferenced photo transect method [37] for 64 transects
throughout the study area (Figure 1). Towing a surface float GPS that logged its position every five
seconds and using a standard digital camera in an underwater housing, a snorkeler/diver swam over the
bottom taking photos of the benthos every 2–4 m, approximating the size of one pixel in the
high-resolution satellite data. At a height of 0.5 m above the benthos, the camera provided a footprint
of approximately 1 m × 1 m. The snorkeler/diver would occasionally take overview photos to aid in
subsequent interpretation. In order to ensure representative coverage over the major habitat types,
photo transect locations, direction and length had been selected prior to surveys by visual assessment of
the spatial pattern of benthic structures evident in each satellite image covering the study area,
following an approach applied in previous studies [37,38].
An interpreter then manually assigned each of the resulting 9,646 photos to a benthic community
cover category using Coral Point Count Excel® software [39]. We used a hierarchical benthic cover
scheme containing five first-level categories and 30 second-level categories (Table 1). The categories
are similar to those used in previous image-based coral reef mapping [37,40-42]. We then linked each
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photo to its geographic coordinates through time synchronization of the GPS and camera using the
GPS-Photo Link software. This allowed the photos, the corresponding benthic composition data and
benthic mapping category to be viewed at their position in the study area through a GIS interface.
Table 1. Hierarchical scheme used for benthic classification of the photo transect data.
First
Level

Description

Coral (C)

>10% coral cover

Soft
Coral
(SC)

>10% soft coral cover

Macroalg
ae (MA)

<10% live coral cover, macroalgal
cover >10% and dominant over
seagrass

Seagrass
(SG)

<10% live coral cover, seagrass
cover >10% and dominant over
macroalgae

NonLiving
Substratu
m (BS)

<10% live coral cover, <10% algal
cover, <10% seagrass cover, >70%
bare substratum

Second Level
Hard coral dominant
Hard coral and Macroalgae
Hard coral and seagrass
Hard coral and sand
Hard coral and rubble
Hard coral and reef matrix
Hard coral and less soft coral
Hard coral live and dead
Soft coral dominant
Soft coral and macroalgae
Soft coral and seagrass
Soft coral and sand
Soft coral and rubble
Soft coral and reef matrix
Soft coral and less hard coral
Macroalgae dominant
Macroalgae and Seagrass
Macroalgae and Sand
Macroalgae and Rubble
Macroalgae and Reef Matrix
Macroalgae and dead coral
Seagrass dominant
Seagrass and sand
Seagrass and rubble
Sand dominant
Rubble dominant
Reef matrix dominant
Mud/silt dominant
Sand/rubble dominant
Dead coral dominant

Description
>70% Coral
>10% Macroalgae
>10% Seagrass
>10% Sand
>10% Rubble
>10% Reef Matrix
>10% Soft Coral
>10% Dead Coral
>70% Soft Coral
>10% Macroalgae
>10% Seagrass
>10% Sand
>10% Rubble
>10% Reef Matrix
>10% Hard Coral
>70% Macroalgae
>10% Seagrass
>10% Sand
>10% Rubble
>10% Reef Matrix
>10% dead Coral
>70% Seagrass
>10% Sand
>10% Rubble
>70% Sand
>70% Rubble
>70% Reef Matrix
>70% Mud/Silt
>70% Sand/Rubble
>70% Dead Coral

3.1.2. Fish Field Data
We collected data on the reef fish communities at 110 representative forereef, backreef, patch reef,
seagrass and sand sites in Kubulau in April-May and September 2009 (Figure 1) using the underwater
visual census methods of Jupiter and Egli [6]. For each site, georeferenced by its central coordinate, we
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collected data from three to five replicate 5 m × 50 m belt transects at depths varying from 1 m to
13.5 m. We included the following families in the census: Acanthuridae, Balistidae, Carangidae,
Carcharhinidae, Chaetodontidae, Chanidae, Ephippidae, Haemulidae, Kyphosidae, Labridae,
Lethrinidae, Lutjanidae, Mullidae, Nemipteridae, Pomacanthidae, Scaridae, Scombridae, Serranidae
(groupers only), Siganidae, Sphraenidae, and Zanclidae. These families cover the large majority of
fishes in the region, and include those considered priorities for fisheries and conservation. For each
transect, we recorded the number of observed fish in each species in 5 cm length classes for fish less
than 40cm, and exact length for each fish over 40 cm. We then calculated the biomass of each fish
from the mean length of its size class and existing published values from Fishbase [43] used in the
standard length-weight (L-W) expression W = a*Lb, with a and b parameter values preferentially
selected from sites closest to Fiji. If no L-W parameters were available for the species, we used the
factors for the species with the most similar morphology in the same genus. If a suitable similar species
could not be determined, we used average L-W values for the genus. As many of the L-W conversions
required fork length (FL), we converted our observations from total length (TL) to FL when necessary
using a length-length (L-L) conversion factor obtained from Fishbase. For each site, we then quantified
three aspects of the fish community, all expressed as averages per transect to account for the variable
number of transects at each site. ‗Species richness‘ was calculated as the number of species, ‗species
diversity‘ was calculated as Shannon‘s diversity index [44] based on each species‘ biomass, and
‗biomass‘ was calculated as the total biomass of all fish, expressed as kg/ha.
3.2. Satellite Data
We combined three types of multi-spectral satellite data in this study: three Quickbird images, two
Ikonos images, and one Landsat Thematic Mapper (TM) image (Table 2). Prior to other processing, we
corrected all images for radiometric and atmospheric distortions to at-surface reflectance [37] and
created two image mosaics, one from the two overlapping Ikonos images, and one from two
overlapping Quickbird images.
Table 2. Attributes of satellite data sets used.
Attribute

Quickbird

Ikonos

Landsat 5 TM

Data provider

Digitalglobe

Geoeye

NASA

Spatial resolution

2.4 m

4m

30 m

Maximum extent

12 km × 12 km

12 km × 12 km

185 km × 185 km

Number of scenes

3

2

1

Acquisition year

2006

2007

2002

Mapping approach

Object based analysis

Object based analysis

Manual delineation

3.2.1. Object-Based Classification of Benthos and Geomorphic Zonation
For the areas covered by high spatial resolution data, we used object-based image analysis in
Definiens Developer 7.0 to create habitat maps at four hierarchical spatial scales: reef, reef type,
geomorphic zone, and benthic community (Figure 3). Object-based image analysis consists of two
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steps repeated across each mapping scale: (1) image segmentation, and (2) segment classification [45].
Starting at the coarsest spatial scale, segmentation rules are applied to divide the satellite image into
segments, and class membership rules are then applied to assign each segment to a reef class. A second
set of segmentation rules is then used to sub-divide each reef segment into smaller ‗sub-segments‘, and
a second set of membership rules is used to assign each of these to a reef type class. This process is
then repeated for the third and fourth spatial scales. Throughout the segmentation steps we also
homogenized the spatial resolution of the data to 4 m.
Figure 3. Example of a hierarchical class structure diagram of mapping categories at four
different spatial scales: reef, reef type, geomorphology zone, and benthic community. For
clarity, only a limited range of example classes at the geomorphology and benthic
community scales are shown, and only for the fringing reef type. Abbreviations at the
benthic community scale are: SD = sand, LCS = live coral and sand, LCR = live coral and
rock, RU = rubble, DC = dead coral, LCA = live coral and algae, SG = seagrass.

We developed both the segmentation and class membership rule sets from interpretation of the
satellite imagery. For the first three spatial scales, we relied on expert knowledge for image
interpretation, whereas we also used the benthic field data to aid interpretation for the benthic
community scale. After development of both rule sets for all spatial scales, we applied them to the full
extent of the satellite image data to produce the four habitat maps. We based segmentation rules on the
color and shape of groups of pixels as well as the spatial scale of the features to be mapped, and we
based membership rules on the color, shape, texture and position of each segment as well as the
biophysical properties of the individual mapping categories. We initially based our rule sets on those
developed for the same hierarchical scales in previous studies [37,46]. Although we left the basis of
many of the membership rules for individual classes unchanged, we modified thresholds used in the
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rules to account for differences in illumination conditions, water clarity, water surface and atmospheric
conditions. In some cases we created new membership rules to account for new benthic classes present
in Kubulau, e.g., the ―Algae/Cyanobacteria on Sand‖ that covered large areas of outer reef flat on
Cakaunivuaka Reef (Figure 1). Following application of the rule sets, we manually checked for errors
and assigned new class labels to erroneously classified and unclassified segments, which together
consisted of less than 1% of all segments. The manual labeling was primarily based on image
interpretation and expert knowledge for the reef, reef type and geomorphic zone scales, and assisted by
field data for the benthic community scale. For the 3% of the shallow reefs in the area not covered by
high resolution satellite data, we manually segmented the Landsat TM image and assigned reef, reef
type and geomorphic zone classes, but were unable to assign benthic community classes.
3.2.2. Accuracy Assessment of Benthic and Geomorphic Maps
To assess the accuracy of the habitat maps at the geomorphic scale (nine classes) and benthic
community scale (33 classes), we developed error matrices and calculated overall accuracies and
Kappa coefficients based on reference data for the individual map scales [47]. Based on previous
research [37,46], we developed the reference data sets for the geomorphic zone and the benthic
community scales using different approaches. For the geomorphic zones, we generated 15 randomly
distributed points within each class, for a total of 135 points, and manually assigned them to a
reference geomorphic zone class. For the benthic community classes, we selected all the
1,649 segments that contained at least one benthic photo. These segments were then manually assigned
a benthic community class by assessing the photo, its benthic community label, and the underlying
satellite image. We note that photos from ~30% of the 1,649 validation segments had also been used to
aid the image interpretation that we used to develop the class membership rules for the benthic
community scale, potentially resulting in a slightly optimistic assessment of accuracy for that scale.
3.3. Mapping of Additional Variables
3.3.1. Depth
We mapped bathymetry using the empirical approach developed by Lyzenga [23], calibrating the
model parameters with 24 depth data points from reef zones with homogenous high-albedo benthic
cover. Of the 24 depth points, we measured 12 in the field with a Vexilar® hand held digital depth
finder, and derived another 12 from bathymetric charts and first-hand knowledge. We then combined
the depth estimates from the five images into one layer, where depth values in areas covered by more
than one image were calculated with an inverse distance weighting function, calculating distance from
the border between overlap and non-overlap areas.
3.3.2. Structural Complexity
Based on the combined depth layer, we quantified the structural complexity of the seafloor using
five metrics: standard deviation of water depth, surface rugosity, the slope of slope measure used by
Pittman et al. [30], curvature, and absolute curvature. We calculated standard deviation of water depth
using the Neighborhood-Focal Statistics-STD function in ArcGIS‘s Spatial Analyst, and calculated
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surface rugosity as the ratio of surface area to planar area [30] with a customized script. We calculated
both metrics for circular areas around each pixel center using 10 different radii: 4, 10, 30, 50, 75, 100,
200, 300, 500 and 1,000 m. We calculated slope of slope with two applications of the Surface-Slope
function, and curvature using the Surface-Curvature function, both in ArcGIS‘s Spatial Analyst. We
also determined absolute curvature as the absolute value of the curvature metric in order to eliminate
the differentiation between convex and concave surfaces. In order to derive the slope and curvature
metrics at spatial scales comparable to those used for standard deviation of water depth and surface
rugosity, we resampled (nearest neighbor) the combined depth layer nine times to produce a total of 10
depth layers with cell sizes equal to the above list of radii. We then applied the slope and curvature
functions, calculated on the basis of 3 × 3 cell kernels, to each of the depth layers. We chose the list of
10 radii/cell sizes to cover a range spatial scales from the smallest possible given the spatial resolution
of the satellite data to very large radii when calculations for some metrics become computationally
demanding; the list of radii/cell sizes does not reflect an a priori judgment about the relevant
ecological scales. We masked out land prior to all calculations of structural complexity. Except for
curvature, all these measures were significantly collinear. In addition to curvature we therefore retained
only absolute curvature, which, of the four remaining structural complexity metrics, had the highest
individual correlations with the response variables. We eliminated all other variables from the
subsequent analysis.
3.3.3. Live Coral Cover Index
As a proxy for live coral cover, we generated a live coral cover index by assigning pixels with coral
as the dominant benthic class a value of 2, pixels with coral as a secondary benthic class a value of 1,
and remaining pixels a value of 0. In addition to the per-pixel values of this index, we calculated
average values using the same list of radii as was used for curvature, resulting in a total of 10 live coral
cover index layers.
3.3.4. Habitat Richness
We used two metrics to quantify the spatial heterogeneity of habitat types, both calculated on the
basis of the benthic community classes present within a radius around each pixel. We used the
Neighborhood—Focal Statistics—VARIETY function in ArcGIS‘s Spatial Analyst to calculate habitat
richness, quantified as the number of individual classes present within the radius, and a customized
script to calculate the Shannon diversity of classes based on the frequency of occurrence of each class.
We used the same list of 10 radii as for structural complexity and live coral cover index calculations.
Given high collinearity between the two measures, we retained the one with the highest individual
correlations with the response variables, habitat richness, while we eliminated the other, Shannon
diversity, from the subsequent analysis.
3.3.5. Distance from Land
We calculated the distance from land for each pixel using ArcGIS‘s Euclidian distance tool. We did
not include Namenalala Island as ―land‖ for this calculation; distances were calculated from Vanua
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Levu only. Namenalala Island has very limited freshwater input to the surrounding reefs because of its
small size and has no resident population besides a tourist resort. Not including the island as ―land‖ in
this calculation therefore allowed the ―distance from land‖ variable to also function as a proxy both for
the distance from freshwater inputs and for anthropogenic impacts (mainly fishing pressure).
3.3.6. Conservation Status
Finally, we generated a map layer describing the conservation status of each pixel based on
information from Kubulau District‘s management plan [35]. We used three classes in this layer:
unprotected, inside a village-managed tabu area (typically small, located on fringing reefs and/or reef
flats, and harvested between one and three times per year), and inside a district-managed no-take
marine protected area.
3.4. Modeling Methods
Using the suite of remote sensing-derived habitat variables as predictors and the fish species
richness, diversity and biomass data as response variables, we developed predictive models for each
response variable using the procedure described in Knudby et al. [28,48]. We developed six types of
predictive models, two parametric models (linear and generalized additive) and four non-parametric
models (bagging, random forest, boosted regression trees and support vector machine), all
implemented using R and its contributed packages [49,50]. We quantified the predictive performance
of each model type as the RMSE of its predictions, calculated using 10-fold cross-validation repeated
100 times. We considered the model type with lowest average RMSE to perform best, and used it to
produce spatially explicit predictions for each response variable. Prior to use in the models, we
log/power-transformed variables when necessary to approach normality. Semi-variograms were used to
check the level of spatial autocorrelation in model residuals; all were negligible. We also calculated a
measure of each predictor‘s importance for predictions, using a permutation-based approach where
importance is quantified as the increase in RMSE value caused by permutation of a given variable in
the test set [48]. This measure is considered an initial pointer to variables that were important for the
specific predictions made in our study, keeping in mind the known difficulties in objectively assessing
the importance of individual variables in multi-variable models [51-53].
4. Results
4.1. Geomorphic, Benthic and Depth Maps
The object-based image analysis produced maps of the Kubulau reef complex at four hierarchical
mapping levels: reef, reef type, geomorphic, and benthic community (Figure 4). The map of geomorphic
zones with nine classes had an overall accuracy of 82.1% and a kappa accuracy of 0.80, while the benthic
community map had overall and kappa accuracies of 66.6 % and 0.63 with 33 classes. The depth map had
an RMSE of 1.76 m. The accuracy of the derived variables (coral cover index, habitat richness and
curvature) could not be assessed as no reference data exist at corresponding spatial scales.
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Figure 4. Classification results from areas within Kubulau‘s traditional fisheries management
area: (a) reef type, (b) geomorphic zones, (c) benthic community, (d) subset showing
IKONOS true-color composite and transects used to collect benthic field data, (e) subset of
(b), (f) subset of (c). Subset areas outlined by black box in (a). Sed = Sediment.
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4.2. Predictive Models
Cross-validated RMSE values for predictions of the three response variables are listed in Table 3,
which shows that the Random Forest model type performed best regardless of response variable. The
predictive maps were therefore all produced using this model type. The Support Vector Machine model
performed almost as well for predictions of Shannon diversity, and the Bagging models also performed
well for all response variables.
Table 3. Average cross-validated RMSE values for each response variable and model type
(biomass and diversity variables were re-transformed prior to RMSE calculations).
Model type
Bagging
Boosted Regression Trees
Generalized Additive Model
Linear Model
Random Forest
Support Vector Machine

Species richness
6.395
6.713
7.283
7.545
6.371
7.434

Biomass
613.6
654.9
703.8
689.5
601.2
637.8

Shannon diversity
0.563
0.573
0.572
0.568
0.558
0.558

The three most important predictors for each response variable and model type are shown in
Table 4, which shows that the importance of individual predictors varied substantially between
response variables as well as between model types. For the random forest models used to produce the
spatial predictions geomorphic zone was the most or second-most important predictor for all response
variables, with other substantial contributions from a range of variables including benthos, which was the
most important predictor of fish diversity. For the support vector machine models, depth was the most
important predictor regardless of response variable, while curvature calculated at 4 m radius was important
for predictions of species richness and biomass in both the linear and generalized additive models.
4.3. Predictive Maps
The predictive maps of Shannon diversity and fish species richness indicate highest scores along the
outer barrier reefs of Kubulau, as well as notably high diversity within the patch mosaic of the
Cakaunivuaka reef complex. The predictions of fish biomass show a marked increase with distance
from land, with the greatest biomass found on the outer barrier reefs, particularly within the Nasue and
Namuri MPAs and the steep reef slopes within and adjacent to the Namena Marine Reserve (Figure 5).
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Table 4. The three most important predictors for each response variable and their importance value, listed in order of importance and by
model type. Cor = Coral, Geo = Geomorphology, Dist = Distance from land, Cur = curvature, A Cur = Absolute curvature. Numbers following
predictor name indicate radius of calculation.
Linear model

Generalized additive model

Bagging

Random forest Boosted regression trees Support vector machine

Species richness (ΔRMSE)
Cor 4

1.791

Benthos 1.374
Geo

1.215

Benthos

1.801

Benthos

1.424

Geo

0.656

Geo

0.639

Depth

0.772

Cor 4

1.678

Cor 500

0.178

Depth

0.183

Benthos

0.183

Cur 4

0.173

Geo

1.239

Depth

Depth

0.155

A Cur 4

0.132

0.127 Benthos 0.135
Biomass (ΔRMSE)

Cor 4

139.4

Benthos 112.8
Dist

42.1

Cor 4

98.8

Geo

46.6

Geo

44.3

Geo

44.2

Depth

67.1

Benthos

94.7

Cor 1000

22.3

Dist

25.2

Dist

39.0

Dist

45.2

Geo

32.6

Dist

17.0

Depth

15.1

Cur 300

24.0

A Cur 4

10.3

Shannon diversity (ΔRMSE × 10−3)
Geo

16.9

Geo

23.1

Geo

12.4

Benthos

8.46

Geo

10.3

Depth

6.55

Cor 200

10.7

Cor 1000

4.38

Benthos

10.7

Geo

7.38

Benthos

5.99

Cur 4

3.22

Cor 30

7.89

Dist

0.92

A Cur 10

5.39

Cor 500

5.64

Depth

4.20

A Cur 4

1.73
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Figure 5. Predictions of the three fish response variables: (a) Shannon diversity,
(b) biomass, and (c) species richness. Subset areas are outlined by the black box in (a), and
correspond to those shown in Figure 4.

5. Discussion
Predicted spatial inventories of coral reef fisheries resources have multiple advantages for fisheries
management and conservation [54], including improved information for prioritizing locations for
conservation and management through marine spatial planning and the ability to assess potential
changes to fish communities following large disturbances that alter reef habitat structure. However,
their utility depends on the accuracies of the model predictions, which themselves depend on the
accuracy of mapped predictor variables as well as the statistical relationships between predictors and
response variables.
The use of hierarchical spatial scales and object-based image analysis to map coral reef habitats in
this study is unique, and allowed a much greater level of thematic detail than is normally produced
with pixel-based approaches (33 benthic and nine geomorphic classes covering the entire Kubulau
fisheries management area). Our classification accuracies also compare favorably with pixel-based
classifiers given the number of classes [26,55,56]. As classification errors will propagate to the
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relevant derived predictor variables, in our case coral cover and habitat richness, this high accuracy
lends confidence that the derived predictors are also good reflections of the actual spatial distribution
of coral cover and habitat richness in the area. The depth map, on the other hand, was less accurate
than what has been achieved in other comparable studies (e.g., [25,57-59]). This was primarily due to
the limited number of in situ depth measurements available, particularly over high-albedo areas used to
optimize the depth model parameters. Some of this error will have propagated to the curvature and
absolute curvature variables, although spatial autocorrelation of errors as reported by Su et al. [57], if
also present in our data, will have limited the impact of imprecise depth estimates on these variables.
Nevertheless some reduction in prediction error would likely result from further improvements in the
derivation of habitat variables in general, and an improved depth map in particular.
Of the six model types developed, the random forest model produced predictions with the lowest
errors for all three response variables (Table 3). This differs from the result of Knudby et al. [28],
where the bagging model outperformed the other five model types. However, bagging and random
forest models are similar as both rely on ensembles of individual decision trees, the difference being
that the individual trees are decorrelated in random forests by randomly selecting a subset of predictor
variables to split each node in the tree [60]. Whether this randomization produces higher or lower
prediction errors thus depends on the structure of the particular dataset in question. A tentative
conclusion from the two studies is that an ensemble of decision trees is superior to the other tested
model types for predictions of fish community variables, although a functional explanation for this
superiority would be largely speculative without further investigation.
Apart from comparisons with the results from other model types, interpretation of the RMSE values
obtained by the random forest models is not straight-forward as there is little to compare them with.
They can be judged in the context of the range of values each response variable has in the field data,
where species richness ranges from 1.0 to 38.2 species per transect, biomass from 0 to 5,374 kg/ha, and
diversity from 0 to 3.09 (unitless). The RMSE values thus correspond to 17% of the range of species
richness values, 11% of the range of biomass values, and 18% of the range of diversity values.
Although this measure is sensitive to extreme values in the field data (e.g., the maximum biomass
observed), it gives a quantitative indication that all models performed well. In addition, a subjective
evaluation of the predictive maps, given our knowledge of the area, shows a very reasonable spatial
distribution of predicted values for all response variables. However, these evaluations do not answer
the important question, in the management context, of whether the maps are sufficiently accurate to be
used in conservation planning. The answer to this question will depend on numerous factors not related
to the maps themselves, including what alternative sources of comparable information are available
and the acceptance of the modeling process by stakeholders.
As shown in Table 4, variable importance differed substantially depending on model type. Although
the higher predictive power of the random forest models does not guarantee that this model type better
reflects the complex functional relationships between predictors and response variables, it is more
likely to do so than a model type with lower predictive power. However, the differences between the
RMSE values of most model types are small, and none of the other models perform so poorly as to be
discounted completely. This situation, which reflects the multi-collinearity of our set of predictors,
makes it difficult to draw ecologically relevant conclusions from the reported variable importances.
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With this in mind, the following discussion is based on variable importance results from the random
forest model.
In the random forest models, the high importance of geomorphic zone for predictions of all response
variables is interesting because this predictor has been investigated by very few studies [13], including
several that have explored the use of a large variety of metrics for quantifying the seascape
(e.g., [16-18,32,61]). The importance of geomorphic zone in our study may be a function of the spatial
extent of our study area, a function of the high accuracy with which this variable was mapped, a
function of its collinearity with another predictor, and/or a true description of the importance of reef
geomorphology for structuring the spatial distribution of the three response variables in our study area.
More detailed research would be needed to draw firmer conclusions. Other predictors of importance in
the random forest models include depth and benthos, which echoed findings from Friedlander et al. [62]
and Knudby et al. [28]. Of note, ‗distance from land‘ was found important for predictions of fish
biomass. The importance of ‗distance from land‘ may partially come from its function as a proxy
variable for fishing pressure, known to decrease with distance from local villages in Kubulau [36].
Meanwhile, the variable ‗conservation status‘ was striking for its lack of importance in all three models
of fish assemblage characteristics. This may be attributed to the mixed effectiveness of the MPAs
surveyed during 2009, which is partly due to illegal fishing from both traditional fishing rights owners
and poachers coming from adjacent districts [6]. In cases where protection has been strongly enforced,
such as the Chumbe Island MPA in Tanzania, the variable has had much greater importance in model
outputs of fish biomass [28]. Habitat richness was also of low importance, regardless of model type
and spatial scale. Although this corresponds to findings from other studies (e.g., [16,17]), the question
remains whether other measures of the spatial composition of habitats, e.g., taking into account
functional differences or complementarities between habitat types [63], would contribute more to
predictions of the fish community variables. The success of landscape composition metrics in
terrestrial spatial ecology [64] suggests that this is an important avenue for future research.
None of the three most important predictors in the random forest models (Table 4) were directly
calculated at fine spatial scale, which suggests that high spatial resolution satellite data may not be
crucial for accurate predictions of our response variables. Although predictors calculated at a fine
spatial scale had high importance in several other model types, these models produced relatively poorer
predictions of the response variables, and their important variables can therefore not be regarded as
essential. Any substantial gain from high spatial resolution satellite data would thus have to come
primarily from its influence on the accuracy of the geomorphic and benthic classifications [56] and the
depth estimation, and the propagated influence on predictors derived from these three variables. This
suggestion stands in contrast to results reported elsewhere. Pittman et al. [30] found that structural
complexity calculated at 15–25 m radii were the most important predictors in models of a variety of
fish community metrics, Purkis et al. [65] found rugosity calculated at an 8 m radius to have the
highest correlations with fish species richness and abundance, and Knudby et al. [28] found rugosity
calculated at a 6 m radius to have the highest importance for predictions of fish species richness,
diversity, and biomass. Meanwhile, Wedding et al. [66] found that slightly higher correlations with fish
species richness, abundance and biomass were obtained with rugosity calculated at a 25 m radius,
compared to similar rugosity calculations at 4 m, 10 m and 15 m radii. However, comparisons between
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these studies are complicated by several factors. Study sites vary between the Caribbean and the
Indo-Pacific, with associated differences in environment and species composition. The species
composition can impact the predictability of fish community variables, as illustrated by the differences
in predictability between functional groups shown by Pittman et al. [30]. The specific fish survey
method may also play a role. Both Purkis et al. [65] and Knudby et al. [28] used 5 m radius point
counts while Pittman et al. [30] and Wedding et al. [66], as well as this study, used belt transects. Point
counts cover a smaller area, but give the observer more time to search for shy and cryptic species, a
greater proportion of which are therefore recorded. The impact of survey method on the predictability
of fish community variables is likely to be greater for species richness and diversity than for biomass,
but has not been tested. In addition, the metric used to quantify structural complexity differs between
studies, as does the way in which the spatial scale of its calculation is varied; while Purkis et al. [65]
and Pittman et al. [30] used a fixed terrain model with 4 m cell size and varied the window size used to
calculate their structure metrics (as for standard deviation of water depth and surface rugosity in this
study), Wedding et al. [66] used terrain models of varying cell size and a fixed 3 × 3 cell window to
calculate rugosity (as for the slope and curvature metrics in this study). Another reason why variables
at fine spatial scales have limited importance in our results may be the spatial coverage represented by
each data point in the fish survey. As opposed to the 3–5 transects each covering 250 m2 used in our
study, the other studies surveyed their fish community data at a single 100 m2 transect [30], four
replicate 79 m2 point counts [65], a single 79 m2 radius point count [28], and a single 125 m2
transect [66]. Given the ambiguity of results from individual studies, focused investigation of the
predictions that could be produced on the basis of coarser scale satellite data is important because its
use would enable predictive models to cover much larger areas at a reduced cost, using e.g., free
Landsat Thematic Mapper data or maps of areas already classified and available from the Millennium
Coral Reef Landsat Archive [67]. Landsat data have already been used extensively to map reef
geomorphology at a near global scale [68] and predict biomass of giant clams [69], another important
reef resource for livelihoods.
We speculate that rather than the spatial resolution of the satellite data, a more significant obstacle
to improved predictions is the uncertainty surrounding how well fish data from one-off underwater
visual censuses represent the true means of the fish community variables at each site. The
presence/absence of large individuals or schools of transient species during the time of a particular survey
introduces substantial noise in the data, particularly influencing the fish biomass variable. Although we
used 3–5 replicate transects per site to reduce this source of error, natural near-instantaneous differences
in fish biomass has been shown elsewhere be greater than between-observer variation and similar to
between-site variation [70]. However, given a fixed time and budget for field work, it will always be
necessary to strike a balance between the number of sites surveyed versus replication at the site and
transect levels to optimize habitat representation while minimizing noise.
In addition to the substantial difference between the importances of individual predictors depending
on model type, there are several other caveats related to the interpretation of the variable importance
results. Highly correlated predictor variables, most clearly exemplified by the same variable calculated
at neighboring spatial scales, can substitute for one another in the random forest models, and therefore
both be given lower importance than if only one had been present in the data set. In addition, variable
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importance depends on the spatial extent of the study, e.g., the ―distance from land‖ variable would
have been less important if the study site had been limited to areas close to the mainland of Vanua
Levu. Similarly, variable importance depends on the data coverage of the parameter space, e.g., if only
a narrow range of coral cover values were sampled, the importance of coral cover in the resulting
model would be reduced. Furthermore, as suggested above, variable importances depend on the detail
and error with which each variable is mapped. A poorly estimated variable, or a variable that has been
mapped at a coarse thematic resolution, will, regardless of its theoretical importance, be unable to
contribute to predictions of the response variable and will therefore have low importance. This is also
the case if an important ecological factor (e.g., structural complexity) has been quantified using an
inappropriate metric (e.g., standard deviation of depth). These issues may contribute to the high
importance of geomorphic zone, an accurately mapped variable in our study, as well as the low
importance of curvature and absolute curvature at fine spatial scales, variables that were expected from
other studies to have substantial importance for all response variables [28,65,66] but in our study were
calculated on the basis of a depth map with relatively high associated errors. In addition, variable
selection in the individual decision trees that comprise the random forest is known to be biased,
e.g., for categorical variables those with a greater number of categories (e.g., benthos, geomorphology)
are chosen more frequently than those with fewer categories (e.g., conservation status) regardless of
information content [52]. Given these numerous caveats, conclusions about variable importance from
multi-variable models should be cautious, and variables with higher importance should primarily be
seen as relevant variables to target for further investigation in future studies.
The predictive maps of fish biomass, species richness and diversity represent an improvement over
previous spatial modeling of fish abundance and biomass in Kubulau, which only considered three
habitat classes (fringing reef, patch reef, barrier reef) as well as other binary predictor variables
(exposure to tides, exposure to waves, depth <10 m) and distance from land, within Poisson,
negative-binomial and zero-inflated count models [36]. In order to translate the results into
management implementation, biomass and species diversity targets for the Kubulau fisheries
management area will be developed and weighed against prior calculations of opportunity costs to
fishers [36], enabling revision of recommendations for MPA network configuration in Kubulau before
these are presented to stakeholders for consultation. The communities of Kubulau will then have the
option to adapt their MPA boundaries to reduce internal conflict among resource users [33] and
foregone revenue [36] while maximizing diversity and fish biomass within protected areas to promote
ecosystem function, resilience and fisheries benefits from spillover. Incorporating knowledge of each
variable‘s associated prediction errors in the planning process will be crucial in order to balance model
predictions optimally with other information sources; this is an area of ongoing research.
6. Conclusion
The work described in this paper has demonstrated the feasibility of producing spatially explicit
predictions of fish species richness, biomass and diversity, at the spatial extent of the fisheries
management area in Kubulau, Fiji. The object-based approach to classification of the IKONOS and
Quickbird data produced accurate maps at hierarchical spatial scales of the geomorphology and
benthos, both of which were important for predictions of the response variables. Of the six predictive
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model types investigated, random forests produced lowest cross-validated errors for all response
variables. Predictions errors are reasonable considering the range of values for each response variable
in the data set, and the resulting maps show a spatial distribution of the response variables that is in
accord with our knowledge of the area. Although this approach can theoretically be applied to any reef
system in the world, major obstacles to its replication include lack of technical expertise and funding
for data and software in relevant organizations. However, free open source software packages are
available for both image segmentation and object-based classification (e.g., GRASS GIS) and
traditional pixel-based image processing and classification (e.g., Opticks, ILWIS), as well as for
statistical modeling (e.g., R). In addition, there is an increasing number of options available for
medium/high resolution satellite data, some free (e.g., Landsat), and many commercial (e.g., Alos,
GeoEye-1, WorldView-2, RapidEye). Future efforts should attempt to quantify the influence on
prediction errors of both the spatial resolution of the satellite data and the classification approach—if
comparable results could be achieved with free data and free software the development and application
of maps such as those produced here would have great potential to improve marine spatial planning in
other managed coral reef areas.
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