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a b s t r a c t
Accurate mapping and effective monitoring of benthic habitat in the Florida Keys are critical in developing management strategies for this valuable coral reef ecosystem. For this study, a framework was
designed for automated benthic habitat mapping by combining multiple data sources (hyperspectral, aerial photography, and bathymetry data) and four contemporary imagery processing techniques (data
fusion, Object-based Image Analysis (OBIA), machine learning, and ensemble analysis). In the framework,
1-m digital aerial photograph was ﬁrst merged with 17-m hyperspectral imagery and 10-m bathymetry
data using a pixel/feature-level fusion strategy. The fused dataset was then preclassiﬁed by three
machine learning algorithms (Random Forest, Support Vector Machines, and k-Nearest Neighbor). Final
object-based habitat maps were produced through ensemble analysis of outcomes from three classiﬁers.
The framework was tested for classifying a group-level (3-class) and code-level (9-class) habitats in a
portion of the Florida Keys. Informative and accurate habitat maps were achieved with an overall accuracy of 88.5% and 83.5% for the group-level and code-level classiﬁcations, respectively.
Ó 2014 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier
B.V. All rights reserved.

1. Introduction
1.1. Importance of Florida Keys and benthic habitat mapping
The Florida Keys, a delicate chain of islands extending from the
southern tip of Florida, are the third largest barrier reef ecosystem
in the world. The keys and their marine environment support a series of natural habitats including coral reefs, seagrass, and mangroves, which attract many recreational, commercial, and
scientiﬁc activities. The ecosystem in the Florida Keys has long been
threatened by global climate change (e.g., ocean warming), human
activities (e.g., ﬁshing and pollution), hurricanes, and tropical
storms (Rohmann and Monaco, 2005). The preservation of the Florida Keys ecosystem has become a national priority (Rohmann and
Monaco, 2005).
Benthic habitats are places on or near the sea ﬂoor where aquatic
organisms live. These beds of seagrass, coral reef, areas of mud, and
sand provide shelters to a rich array of animals. It is widely recognized the need to map benthic habitats for the reef environment
in order to provide rapid assessment of health and stress response
of these vulnerable ecosystems. A range of research projects has
⇑ Tel.: +1 561 297 2648.
E-mail address: czhang3@fau.edu

been conducted in the conservation and management of the Florida
Keys (Florida Keys National Marine Sanctuary, <http://ﬂoridakeys.noaa.gov/>), many of which need the benthic habitat information of this area. Precise mapping of benthic habitats in the Florida
Keys is critical for developing management strategies that balance
the protection of these habitats with their use (Rohmann and
Monaco, 2005).
1.2. Application of hyperspectral systems in benthic habitat mapping
Major mapping efforts of benthos in the Florida Keys have
focused on the visual interpretation of ﬁne scale aerial imagery
with assistance from other data sources such as bathymetry data
(Rohmann and Monaco, 2005). With the emergence of hyperspectral systems, it has been anticipated that this procedure can be
superseded by automated digital image analysis. Hyperspectral
sensors collect data in hundreds of relatively narrow spectral
bands throughout the visible and infrared portions of the electromagnetic spectrum. They are more powerful than traditional multispectral sensors in habitat discrimination due to their rich
radiometric contents. The application of hyperspectral systems
has become an important area of research in characterizing benthos in the past decade (e.g., Mishra et al., 2007; Lesser and
Mobley, 2007; Phinn et al., 2008; Bertels et al., 2008; Fearns
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et al., 2011; Pu et al., 2012; Botha et al., 2013; Zhang et al., 2013).
However, most of the available hyperspectral sensors such as EO1/Hyperion and Airborne Visible/InfraRed Imaging Spectrometer
(AVIRIS) collect data with a relatively coarse spatial resolution
(i.e. 4 m or larger). This may limit their broad applications over
regions where the distribution of benthos is highly heterogeneous
or communities are present in the form of small patches or linear/
narrow shapes (Zhang et al., 2013). Such limitations may be overcome by data fusion techniques, which integrate data and information from multiple data sources to achieve reﬁned/improved
information. With the increasing availability of multi-sensor and
multi-resolution images, data fusion has become a valuable tool
in image interpretation (Solberg, 2006; Zhang, 2010). Many
researchers have combined hyperspectral imagery with Light
Detection and Ranging (LiDAR) or Synthetic Aperture Radar (SAR)
data to improve land characterization (Zhang and Xie, 2013a).
However a synergy of hyperspectral data with ﬁne spatial resolution optical imagery has not been well explored for the same purpose. Fusion of hyperspectral imagery, ﬁne spatial resolution aerial
photography, and bathymetry data for mapping and monitoring
habitats in an aquatic environment is even scarcer.
1.3. Classiﬁcation algorithms in benthic habitat mapping
Image classiﬁcation is a crucial stage in remote sensing image
analysis and the selection of classiﬁers may largely impact the ﬁnal
result (Benﬁeld et al., 2007). Previous benthic habitat mapping
studies most commonly applied the traditional image classiﬁers
such as Maximum Likelihood (ML) (e.g., Mumby and Edwards,
2002; Andréfouët et al., 2003; Benﬁeld et al., 2007; Pu et al.,
2012; Zapata-Ramírez et al., 2013). ML method requires the spectral response of each class to follow a Gaussian distribution, which
is not guaranteed for hyperspectral data. Contemporary machine
learning techniques have received little attention in benthic habitat mapping, although they can produce higher accuracies than
ML classiﬁer, especially in classifying hyperspectral data (Zhang
and Xie, 2012; 2013a,b). There is a need to expand machine leaning
techniques into benthic habitat mapping as an alternative to ML
algorithm.
Previous studies have shown that three machine learning algorithms Random Forest (RF), Support Vector Machines (SVMs), and
k-Nearest Neighbor (k-NN) are promising in classifying hyperspectral imagery (e.g., Ham et al., 2005; Chan and Paelinckx, 2008;
Waske et al., 2009; Mountrakis et al., 2010; Zhang and Xie,
2013a,b; Zhang et al. 2013). For this study, the performance of
RF, SVMs, and k-NN was evaluated to classify a fused dataset from
hyperspectral imagery, aerial photography, and bathymetry data.
The classiﬁcation results from RF, SVMs, and k-NN may be different
for each class. A combination of the strengths of each classiﬁer may
have the potential to achieve a better mapping result through
ensemble analysis techniques. Thus, classiﬁer ensemble techniques were also evaluated.
1.4. Mapping methods
Most researchers mapped the benthos at the pixel level, which
may lead to the ‘‘salt-and pepper’’ effect if the mapping area has
diverse habitats with high spatial heterogeneity. It has been well
documented that this issue can be overcome by Object-Based
Image Analysis (OBIA) techniques which ﬁrst decompose an image
scene into relatively homogeneous areas and then classify these
areas instead of pixels. OBIA has been well developed and applied
in terrestrial studies, as evidenced by a review paper from Blaschke
(2010). However, such methods have not been utilized sufﬁciently
in benthic habitat mapping. Benﬁeld et al. (2007) compared the
object- and pixel-based methods in mapping coral reefs and

associated sublittoral habitats using multispectral imagery. They
found that object-based classiﬁcations can produce more accurate
results than pixel-based approaches. Phinn et al. (2012) applied the
OBIA techniques for mapping geomorphic and ecological zones of
coral reefs. They found that OBIA is effective to explicitly map
regional scale benthic community composition from ﬁne spatial
resolution satellite imagery. To produce informative (i.e. without
salt-and-pepper effect) habitat maps, the object-based mapping
methods are desirable.
1.5. Objectives of this study
Data fusion, OBIA, machine learning algorithms, and ensemble
analysis have been extensively applied in terrestrial remote sensing studies (Waske et al., 2009; Zhang, 2010; Blaschke, 2010; Du
et al., 2012), but a combination of these techniques for habitat
characterization in aquatic environments are limited. For this
study, a framework was designed to combine these techniques
for object-based benthic habitat mapping in the Florida Keys. In
this framework, a pixel/feature-level fusion strategy was developed to merge 1-m aerial photograph, 17-m AVIRIS imagery, and
10-m bathymetry data. Three popular machine learning classiﬁers
RF, SVMs, and k-NN were examined to pre-classify the fused dataset. Final classiﬁed habitat maps were produced through ensemble
analysis of outcomes from three machine learning classiﬁers. The
main objective of this study is to explore whether data fusion techniques can improve benthic habitat classiﬁcation accuracy in a
coral reef ecosystem the Florida Keys.
2. Study site and data
2.1. Study site
The study area, with an approximate size of 40 km2, is located
in the lower Florida Keys (Fig. 1). The Florida Keys are a coral cay
archipelago beginning at the southeastern tip of the Florida peninsula and extending in a gentle arc south-southwest and then westward to the inhabited islands known as Key West. The study site
has a tropical climate and its environment is similar to the Caribbean. This area is characterized by spectacular coral reefs, extensive seagrass beds, and mangrove-fringed islands. It is one of the
world’s most productive ecosystems with more than 6000 species
of marine life and 250 species of birds nesting in this region. The
water depth in the study area varies from 0 meter to 6.4 m. The
substrate consists of hardbottom, continuous seagrass, and patch
seagrass for the selected region.
2.2. Data
Data sources used in this study include AVIRIS hyperspectral
imagery, aerial photography, bathymetry data, and benthic habitat reference maps. AVIRIS collects calibrated hyperspectral data
in 224 contiguous spectral channels with wavelengths from
0.4 lm to 2.5 lm. AVIRIS data over the study area were collected
on November 19, 1992 with a spatial resolution of 17 m. Fine spatial resolution aerial photographs were collected on January 15,
1994 by the National Aerial Photography Program (NAPP). The
U. S. Geological Survey (USGS) orthorectiﬁed these aerial photographs into data products known as Digital Orthophoto Quarter
Quads (DOQQs). The accuracy and quality of DOQQs meet
National Map Accuracy Standards. DOQQs with a spatial resolution of 1 meter were used for this study. DOQQs also provide a
base to georeference the hyperspectral data. The bathymetry data
are from the National Geophysical Data Center (NGDC) of National
Oceanic and Atmospheric Administration (NOAA). The NGDC
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Fig. 1. Maps of the Florida Keys and study area shown in a color composite generated from AVIRIS data.

produced a Digital Elevation Model (DEM) with a spatial resolution of 1/3 arc-second (10 m) for the Florida Keys by combining
many available elevation data sources (Grothe et al., 2011). The
benthic habitat reference data were produced through a sevenyear project cooperatively conducted by the National Ocean
zService of NOAA and the Florida Fish and Wildlife Research Institute. In this project benthic habitats were visually interpreted
using stereo analytical plotters from a series of aerial photographs
collected between December 1991 and April 1992. Final benthic
habitat maps were produced and calibrated through extensive
ﬁeld data. This dataset was released to the public in 1998
(Benthic Habitats of the Florida Keys, <http://ﬂkeysbenthicmaps.noaa.gov/>). Habitats were classiﬁed into 4 major categories
(referred to as the group-level classes) and 24 subcategories
(referred to as the code-level classes) based on a classiﬁcation
scheme developed in the project. This dataset is currently serving
as the baseline in the management of Florida Keys. Updating these
maps is difﬁcult because manual interpretation procedure is time
consuming and labor intensive.
Fig. 3a (top two panels) shows the group- and code-level reference maps for the study site. Three group-level communities were
found: hardbottom, continuous seagrass, and patchy seagrass. Six
code-level habitats were observed: HC (soft coral, hard coral,
sponge, and algae hardbottom), HS (hardbottom with perceptible
seagrass (<50%)), SD (moderate to dense, continuous beds of seagrass), SDB (moderate to dense nearly continuous beds (seagrass > 50%), with blowouts and/or sand or mud patches), SPH
(dense patches of seagrass (>50%) in a matrix of hardbottom), and
SS (sparse continuous beds of seagrass). The code-level habitats
located over the banks have distinctive signatures on the aerial
photographs, thus they were separately denoted in the reference
map, resulting in three extra codes: HSb, SDb, and SDBb. Descriptions of these habitats in the project are listed in the Appendix
Table. A total of 786 sample objects were spatially randomly
selected by following a stratiﬁed random sampling strategy in
which a ﬁxed percentage of samples are selected for each class.
The number of samples for each class was roughly estimated
based on the image segmentation result and reference maps.

The image segmentation procedure is detailed in the Methodology
section. The selected sample data were split into two halves with
one used for calibration (training) and the other used for validation (testing).

3. Methodology
3.1. Data preprocessing
Spectral channels with a low signal-to-noise ratio and strong
water absorption were dropped from the AVIRIS imagery, leading
to 30 visible bands for further analysis. An image to image rectiﬁcation was employed to georeference AVIRIS data with the use of
the aerial photograph. Non-water areas were masked out using
the bathymetry data. Hyperspectral data contains a tremendous
amount of redundant spectral information. The Minimum Noise
Fraction (MNF) method (Green et al., 1988) is commonly used to
reduce the high dimensionality and inherent noise of hyperspectral
data. It applies two cascaded principal component analyses, with
the ﬁrst transformation decorrelating and rescaling noise in the
data, and the second transformation creating coherent eigenimages that contain useful information and generating noise-dominated
eigenimages. The transformation generates the eigenvalues and
corresponding eigenimages, both of which are used to determine
the true dimensionality of the data. The MNF transformation was
conducted in ENVI 4.7 and the most useful and spatially coherent
eigenimages were selected. Recent study from Zhang et al.
(2013) shows that the MNF transformed data of hyperspectral
imagery can signiﬁcantly increase accuracy of benthic habitat classiﬁcation. Thus only the MNF imagery was considered in further
analysis. In benthic habitat mapping, researchers most commonly
conducted three image preprocessing procedures (atmospheric,
sun-glint, and water-column corrections) to predict the reﬂectance
from the water bottom. Zhang et al. (2013) systematically evaluated the impact of three corrections on benthic habitat classiﬁcation in the Florida Keys. They found that these three
preprocessing procedures are unnecessary for benthic habitat
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Fig. 2. The designed framework to combine hyperspectral imagery, aerial photography, and bathymetry data for benthic habitat mapping.

mapping in the Florida Keys. Thus for this study, three corrections
were not carried out.

3.2. A framework to fuse hyperspectral imagery, aerial photograph,
and bathymetry data
Data fusion methods can be grouped into three categories:
pixel-level fusion, feature-level fusion, and decision-level fusion
(Zhang, 2010). Pixel-level fusion combines raw data from multiple
sources into single resolution data to improve the performance of
image processing tasks. Information may be lost during the data
resampling procedure if the spatial resolution of input data sources
is different (Solberg, 2006). Feature-level fusion extracts features
(e.g., edges, corners, lines, and textures) from each individual data
source and merges these features into one or more feature maps
for further processing. Combination of these features consists of
complex procedures. Decision-level fusion commonly conducts a
preliminary classiﬁcation for each individual data source ﬁrst,

and then combines the classiﬁcation results into one outcome
based on a decision fusion strategy.
For this study a framework is designed to combine all three data
fusion methods to fuse three data sources, as shown in Fig. 2. In the
framework, 1-m aerial photograph is segmented ﬁrst to generate
image objects and extract object features (i.e. textures). The
extracted features are then combined with pixel-level values of
hyperspectral data to generate a fused dataset. This is achieved
by calculating a mean spectrum of hyperspectral pixels which
are geographically within an image object. The mean spectrum is
then integrated with the extracted aerial textures of this image
object. For the bathymetry data, descriptive statistics (minimum,
maximum, mean, and standard deviation) of water depth are calculated for each image object. All the derived bathymetric features
are then combined with textures of aerial photograph and mean
spectrum of hyperspectral imagery, leading to a ﬁnal fused dataset
from three data sources. The entire fusion procedure is conducted
at the object level. Since the ﬁnal fused dataset is from features of
aerial photography (i.e. textures), bathymetry data (i.e. descriptive
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Fig. 3. Habitat maps from (a) reference data and (b) classiﬁcation results of the fused dataset (hyperspectral imagery, aerial photography, and bathymetry data) and ensemble
analysis of RF, SVM and k-NN.

statistics), and pixels of hyperspectral imagery, the fusion strategy
is referred to as a pixel/feature-level fusion scheme. Four advantages are expected from this scheme: (1) no information is lost to
combine three data sources because there is no data resampling
in the procedure; (2) additional object-based texture information
can be extracted from the aerial photography, which is useful in
habitat classiﬁcation; (3) small patches and linear/narrow shape
habitats may be delineated due to the ﬁne spatial resolution of aerial photography; and (4) classiﬁcation uncertainties caused by the
errors in the georeference procedure can be reduced. Uncertainties
and errors in the georeference procedure are unavoidable, which
may impact the classiﬁcation results if the pixel-level data fusion
scheme is adopted and classiﬁcation is carried out pixel by pixel.

When the object-based fusion scheme is used here, misaligned
hyperspectral pixels occur at the boundary of each object. This
can help reduce the classiﬁcation errors because the information
from the entire object is used in the classiﬁcation, rather than
any individual pixel. Three machine learning algorithms (RF,
SVM, and k-NN) are used to pre-classify the ﬁnal fused dataset.
The ultimate outcome is derived through ensemble analysis of
three classiﬁcation results using a decision-level fusion strategy.
Note that the decision-level fusion strategy is based on classiﬁcation results of the fused dataset, rather than making a decision
from classiﬁcation results of the individual data sources. Consequently, an object-based habitat map is generated and evaluated
based on conventional accuracy assessment approaches.
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3.3. Image segmentation
Image segmentation is an important step in the framework. The
multiresolution segmentation algorithm in eCognition Developer
8.64.1 (Trimble, 2011) was used to generate image objects from
the aerial photograph. The segmentation algorithm starts with
one-pixel image segments, and merges neighboring segments
together until a heterogeneity threshold is reached (Benz et al.,
2004). The heterogeneity threshold is determined by a userdeﬁned scale parameter, as well as color/shape and smoothness/
compactness weights. The image segmentation is scale-dependent,
and the quality of segmentation and overall classiﬁcation are largely dependent on the scale of the segmentation. In order to ﬁnd
an optimal scale for image segmentation, an unsupervised image
segmentation evaluation approach (Johnson and Xie, 2011) was
used. It begins with a series of segmentations using different scale
parameters, and then identiﬁes the optimal scale using an unsupervised evaluation method that takes into account global intrasegment and inter-segment heterogeneity measures. A global score
combining a normalized weighted variance and Moran’s I value is
used to determine the optimal scale for the segmentation. A series
of segmentations were thus carried out with the scale parameter
ranging from 2 to 20, at an interval of 2. A scale parameter of 12
was found to be optimal for the study site. The weights of the
MNF layers were set based on their eigenvalues. Color and shape
weights were set to 0.9 and 1.0 so that spectral information would
be considered more heavily for segmentation. Smoothness and
compactness weights were set to 0.5 and 0.5 so as to not favor
either compact or non-compact segments.
Following segmentation, object-based texture features were
extracted. Object-based texture measures from ﬁne spatial resolution imagery have been proved valuable for habitat classiﬁcation
(Andréfouët et al., 2003). Conventional kernel-based texture methods often utilize a ﬁxed-size moving window over which to calculate texture measures for each pixel. It is challenging to determine
the appropriate window size. OBIA offers the capability for identifying relatively homogeneous regions of varying shapes and sizes
in an image. Texture extraction from image objects is more reasonable (Warner, 2011). Such object-based texture measures were
thus used in this study. Both ﬁrst-order and second-order metrics
for each band of the aerial photography were extracted including
mean, standard deviation, contrast, dissimilarity, homogeneity,
entropy, and angular second moment. The Grey Level Co-occurrence Matrix (GLCM) algorithm was used to extract the
second-order texture measures. The directionally invariant texture
measures were produced by calculating the mean of the texture
results in all four directions (0°, 45°, 90°, and 135°). Detailed calculations of these texture measures can be found in Trimble (2011).
3.4. Classiﬁcation algorithms: RF, SVM, and k-NN
RF, SVM, and k-NN algorithms were employed to pre-classify
the fused dataset. RF is a decision tree based ensemble classiﬁer.
To understand this algorithm, it is helpful to ﬁrst know the decision tree approach. The decision tree splits training samples into
smaller subdivisions at ‘‘nodes’’ using decision rules. For each node,
tests are performed on the training data to ﬁnd the most useful
variables and variable values for split. The RF consists of a combination of decision trees where each decision tree contributes a single vote for assigning the most frequent class to an input vector. RF
increases the diversity of decision trees to make them grow by
changing the training set using the bagging aggregating
(Breiman, 2001). Bagging creates training data by randomly resampling the original dataset with replacement. Data selected from the
input sample for generating the next subset is not deleted. Different algorithms can be used to generate the decision trees. The RF

often adopts the Gini Index (Breiman, 2001) to measure the best
split selection. More descriptions of RF can be found in Breiman
(2001) and in remote sensing context in Chan and Paelinckx
(2008). Two parameters need to be deﬁned in RF: the number of
decision trees to create (k) and the number of randomly selected
variables (m) considered for splitting each node in a tree.
SVM is a non-parametric supervised learning classiﬁer. The aim
of SVMs is to ﬁnd a hyperplane that can separate the input dataset
into a discrete predeﬁned number of classes in a fashion consistent
with the training samples (Vapnik, 1995). Research of SVMs in
remote sensing has increased in the past decade, as evidenced by
a review in Mountrakis et al. (2010). Detailed descriptions of SVMs
were given by Huang et al. (2002) in the context of remote sensing.
Kernel based SVMs are commonly used for remote sensing image
classiﬁcation, among which the radial basis function (RBF) and
the polynomial kernels are frequently employed. RBF needs to
set the kernel width (c), and polynomial kernel needs to set the
degree (p). Both kernels need to deﬁne a penalty parameter (C) that
controls the degree of acceptable misclassiﬁcation. The setting of
these parameters can be determined by a grid search strategy
which tests possible combinations of them in a user-deﬁned range
(Hsu et al., 2010). The SVM classiﬁer was implemented using a
SVM library (LIBSVM) developed by Chang and Lin (2011). Both
kernels were tested to ﬁnd the best model for the fused dataset.
k-NN is another supervised classiﬁer which identiﬁes objects
based on the closest training samples in the feature space. It
searches away from the unknown object to be classiﬁed in all
direction until it encounters k user-speciﬁed training objects. It
then assigns the object to the class with the majority vote of the
encountered objects. The algorithm requires all the training data
participate in each classiﬁcation, thus has a slow speed of execution for pixel-based classiﬁcation (Hardin, 1994). However, for
the object-based classiﬁcation used in this study image objects
are minimum classiﬁcation units, i.e., classiﬁcation primitives,
instead of individual pixels. The amount of classiﬁcation primitives
is greatly reduced through the segmentation process. Therefore
computation complexity is not a problem for implementing this
algorithm.

3.5. Ensemble analysis
The ﬁnal classiﬁcation was conducted through an ensemble
analysis of the outputs from RF, SVM, and k-NN. An ensemble analysis approach is a multiple classiﬁcation system with the aim to
obtain better classiﬁcation by combining the outputs of several
classiﬁers. The classiﬁers in the system generally should produce
accurate results but show some differences in classiﬁcation accuracy (Du et al., 2012). A range of strategies have been developed
to combine the outputs from multiple classiﬁers, such as the
majority vote, Bayesian average method, and fuzzy integral
approach. Among these strategies, the majority vote (each individual classiﬁer votes for an unknown input object) is straightforward.
The ﬁnal class label for an input object is determined by the majority votes of classiﬁers. A key problem of the majority vote is that all
the classiﬁers have equal rights to vote without considering their
performances on each individual class. A weighting strategy may
mitigate this problem by weighting the decision from each classiﬁer based on their accuracies obtained from the reference data
(Moreno-Seco et al., 2006). In the framework, the majority vote
and the weighting strategy is combined to fuse the outputs from
three classiﬁers. If three votes are different, then the unknown
object will be assigned to the class which has the highest accuracy
among the classiﬁers. If two or three classiﬁers vote the same class
for an input object, then the object will be assigned to the same
voted class.
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3.6. Accuracy assessment
The error matrix and Kappa statistic (Congalton and Green,
2009) has served as the standard approaches in accuracy assessment. I constructed the error matrix and calculated the Kappa statistics for the classiﬁcations. The error matrix can be summarized
as an overall accuracy and Kappa value. The overall accuracy is
deﬁned as the ratio of the number of validation samples that are
classiﬁed correctly to the total number of validation samples irrespective of the class. The Kappa value describes the proportion of
correctly classiﬁed validation samples after random agreement is
removed. To evaluate the statistical signiﬁcance of differences in
accuracy between different classiﬁcations, the nonparametric
McNemar test (Foody, 2004) was adopted. The difference in accuracy of a pair of classiﬁcations is viewed as being statistically signiﬁcant at a conﬁdence of 95% if z-score is larger than 1.96.

of 0.78 (Experiment 2). The highest accuracy was achieved by integrating hyperspectral data, aerial photograph, and bathymetry
data (Experiment 3). An overall accuracy of 88.5% with a Kappa
value of 0.82 was yielded. Kappa statistical tests illustrate that all
the experiments produced signiﬁcantly better results than a random classiﬁcation. McNemar tests demonstrate that inclusion of
hyperspectral imagery in the framework signiﬁcantly improved
the classiﬁcation accuracy, but the contribution of bathymetry data
was marginal. For the code-level classiﬁcation, similar results were
generated. Fusing hyperspectral imagery and aerial photograph
increased the accuracy from 57.0% to 79.9%. Inclusion of bathymetry data further improved the accuracy to 83.5% with a Kappa value
of 0.79. Kappa statistical tests show that three experiments produced signiﬁcantly better results than a random classiﬁcation.
McNemar tests illustrate that the improvements from hyperspectral imagery and bathymetry data were signiﬁcant. Comparison
between group-level and code-level results shows a decreasing
accuracy with increasing habitat complexity.

4. Results
4.2. Results from different classiﬁers and ensemble analysis
4.1. Results from experimental analysis
To examine whether data fusion can increase habitat classiﬁcation accuracy, three experiments were designed. Experiment 1
used the features derived from aerial photography alone; Experiment 2 used the fused dataset from hyperspectral imagery and aerial photography; and Experiment 3 used the ﬁnal fused dataset
from hyperspectral imagery, aerial photography, and bathymetry
data. Random Forest (RF) classiﬁer was employed in the experiments. The number of randomly selected variables for splitting
node (m) was set to 3 after several trials. A number of tests using
different number of trees (50–300 at an interval of 50) revealed
that k = 150 resulted in the highest accuracy. The ﬁnal classiﬁcation accuracies from these three experiments are listed in Table 1.
To examine the statistical signiﬁcance, the Kappa z-score statistical
tests were conducted based on the error matrix. The z-score values
are also displayed in Table 1.
For the group-level classiﬁcation, an overall accuracy of 63.6%
with a Kappa value of 0.42 was obtained using aerial photography
alone (Experiment 1). Fusion of hyperspectral imagery and aerial
photography increased the accuracy to 86.3% with a Kappa value

From the above experimental analysis, we can see that a combination of hyperspectral imagery, aerial photograph, and bathymetry data achieved the best result. Thus the SVM and k-NN
algorithms were only applied to the fused dataset of three data
sources. For the SVM algorithms, after a number of trials using
polynomial and RBF kernels, the polynomial kernel with the degree
parameter (p) set to 2 and penalty error parameter (C) set to 2.0
generated the best result. For the k-NN method, k was speciﬁed
to 3 after several trails. The ﬁnal results from these two classiﬁers
are also listed in Table 1 as Experiments 4 and 5 for SVM and k-NN
respectively. SVM produced a relatively lower accuracy and k-NN
generated the same overall accuracy as the RF classiﬁer for both
level classiﬁcations. Kappa statistical tests show that SVM and kNN were signiﬁcantly better than a random classiﬁcation. McNemar tests reveal that RF was signiﬁcantly better than SVM. There
was no signiﬁcant difference in accuracy between RF and k-NN.
The per-class accuracy from RF, SVM, and k-NN are shown in
Tables 2 and 3. For the group-level classiﬁcation (Table 2), SVM
produced the same accuracy as the RF classiﬁer in identifying hardbottom and continuous seagrass, but yielded a lower accuracy in

Table 1
Classiﬁcation accuracies and statistical tests using different datasets and classiﬁers.
Experiment #

Overall accuracy (%)

Kappa value

z-Score (Kappa)

z-Score (McNemar)

Group-level classiﬁcation
1
2
3
4
5
6

63.6
86.3
88.5
82.2
88.5
89.6

0.42
0.78
0.82
0.72
0.82
0.84

11.3
29.2
32.8
24.3
32.8
34.6

NA
8.30
1.88
3.43
0.00
1.07

(1/2)
(2/3)
(3/4)
(3/5)
(3/6)

Code-level classiﬁcation
1
2
3
4
5
6

57.0
79.9
83.5
79.4
83.5
85.0

0.44
0.74
0.79
0.74
0.79
0.81

14.3
29.5
33.6
29.6
33.5
35.9

NA
8.15
2.65
2.00
0.00
1.22

(1/2)
(2/3)
(3/4)
(3/5)
(3/6)

Notes:
Experiment 1 used DOQQ alone and RF classiﬁer.
Experiment 2 used fused hyperspectral and aerial photograph data and RF classiﬁer.
Experiment 3 used fused hyperspectral, aerial photograph, and bathymetry data and
Experiment 4 used fused hyperspectral, aerial photograph, and bathymetry data and
Experiment 5 used fused hyperspectral, aerial photograph, and bathymetry data and
Experiment 6 used fused hyperspectral, aerial photograph, and bathymetry data and
The critical value of z-score is 1.96 at a conﬁdence level of 0.95.

RF classiﬁer.
SVM classiﬁer.
k-NN classiﬁer.
ensemble analysis of three classiﬁers.
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Table 2
Group-level per-class accuracy from different classiﬁers.
Group

Table 4
Error matrix for the group-level classiﬁcation.

Accuracy (%)

Hardbottom
Continuous seagrass
Patchy seagrass

RF

SVM

k-NN

95.6
77.6
87.6

95.6
77.6
63.8

95.4
80.4
86.7

HC
HS
HSb
SD
SDb
SDB
SDBb
SPH
SS

1

2

3

Row total

PA (%)

1
2
3
Col. Total
UA (%)

177
14
9
200
88.5

3
86
7
96
89.6

1
7
89
97
91.6

181
97.8
107
80.4
105
84.8
Overall accuracy: 89.6%
Kappa value: 0.84

UA: User’s Accuracy; PA: Producer’s Accuracy.
Classiﬁcation result is displayed in row, and the reference data is displayed in
column.
Groups 1–3 represent for hardbottom, continuous seagrass, and patchy seagrass
respectively.

Table 3
Code-level per-class accuracy from different classiﬁers.
Code

Group #

Accuracy (%)
RF

SVM

k-NN

88.9
92.0
76.0
89.9
50.0
25.0
92.9
67.5
33.3

94.4
86.2
60.0
86.1
57.7
62.5
89.3
55.0
33.3

88.9
92.0
56.0
87.3
61.5
62.5
92.9
70.0
33.3

discriminating patchy seagrass. RF produced a higher accuracy
than k-NN in discriminating hardbottom and patchy seagrass, but
generated a lower accuracy in classifying continuous seagrass.
Similarly, the accuracies were different among three classiﬁers
for the code-level classiﬁcation (Table 3). SVM produced a higher
accuracy than RF in classifying HC and SDB. k-NN yielded a higher
accuracy than RF in identifying SDb and SPH. This suggests that
combining three methods may improve the classiﬁcation for their
complementary strength in classifying different habitats. In fact,
the difference in outputs from multiple classiﬁers is an assumption
of classiﬁer ensemble techniques. The ensemble analysis result is
shown as Experiment 6 in Table 1. It indeed increased the accuracy
for both level classiﬁcations, although the improvements were
marginal. For the group-level classiﬁcation, the overall accuracy
was increased from 88.5% to 89.6% with a Kappa value of 0.84,
while for the code-level classiﬁcation the overall accuracy was
increased from 83.5% to 85.0% with a Kappa value of 0.81. But
McNemar tests show that these improvements were not signiﬁcant
with a z-score of 1.07 and 1.22 for group-level and code-level classiﬁcation respectively.
4.3. Object-based habitat mapping
According to Fleiss (1981) Kappa values larger than 0.75 suggest
strong agreement. Landis and Koch (1977) suggest that Kappa values larger than 0.81 indicate an almost perfect agreement. The
designed framework produced the Kappa values of 0.84 and 0.81
for the group-level and code-level classiﬁcations respectively, indicating it is effective for benthic habitat mapping in the Florida
Keys. Object-based habitat maps were thus produced using the
ﬁnal fused dataset and ensemble analysis of RF, SVM, and k-NN,
as shown in Fig. 3b (bottom panels). The object-based habitat maps
are more informative and useful than a traditional pixel-based one
that may be noisy if the study area has a high degree of spatial and
spectral heterogeneity. For comparison, the reference maps are
shown as Fig. 3a (top panels). There is a general agreement on
the spatial distribution of habitat types between the reference
and classiﬁed maps, with many regions accurately denoted. Further examination reveals some areas were misclassiﬁed, such as
the southeast corner in the code-level maps (right panels). It is difﬁcult to determine which map is better given the fact that the reference map was generated by manual interpretation and

compilation of aerial photos. Errors and uncertainties are also
unavoidable in the interpretation procedure. The error matrixes
for the classiﬁed maps are displayed in Tables 4 and 5. For the
group-level classiﬁcation, the producer’s accuracies (PA) changed
from 80.4% to 97.8% and the user’s accuracies (UA) varied from
88.5% to 91.6% (Table 4). For the code-level classiﬁcation, the PA
varied from 33.3% to 94.4% and the UA changed from 58.8% to
100% (Table 5).

5. Discussion and summary
5.1. Beneﬁts of data fusion in benthic habitat mapping
Most benthic habitat mapping studies examine single data
source or compared the applicability of multiple data sources.
Examples include the application of ﬁne spatial resolution satellite
imagery collected from IKONOS or QuickBird (e.g., Mumby and
Edwards, 2002; Andréfouët et al., 2003; Mishra et al., 2006;
Phinn et al., 2012; Zapata-Ramírez et al., 2013). Few attempts have
been made to combine multiple data sources in the mapping
efforts. Using very high spatial resolution aerial imagery (4 m or
smaller) alone could not produce adequate accuracy for a ﬁne
descriptive detail (Benﬁeld et al., 2007). This is also conﬁrmed by
this study. High spectral resolution hyperspectral imagery is useful
in discriminating habitat communities at a ﬁner detail, but its
moderate spatial resolution may limit its broader application. To
mitigate this problem, a combination of two data sources was
examined. Hyperspectral imaging relies primarily on spectral features to discriminate covers, whereas very ﬁne spatial resolution
imagery relies more on spatially invariant features to identify targets (Shaw and Burke, 2003). A combination of two sources should
have better performance in habitat mapping. The study illustrates
that the integration of very high spatial resolution aerial imagery
and hyperspectral data has a good performance in habitat classiﬁcation. Water depth is believed to be an important factor that inﬂuences benthic covers in a reef environment (Bertels et al., 2008)
and has been frequently included in the manual mapping procedure (e.g., Rohmann and Monaco, 2005). This drives the inclusion
of bathymetry data in the framework. The study indicates that
the contribution of bathymetry data is statistically signiﬁcant for
the code-level classiﬁcation, but not signiﬁcant for the group-level
classiﬁcation. The fused dataset from three data sources has been
proved more powerful for habitat classiﬁcation. The designed data
fusion scheme is able to complement the shortages and take
advantage of the beneﬁts of each individual data source. The developed pixel/feature-level fusion strategy successfully combines the
spatial features of aerial photograph, spectral contents of hyperspectral imagery, and elevation information of bathymetry data
at the object level. Small patches and habitat types with linear/
narrow shapes could be better discerned with the fused data.
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Table 5
Error matrix for the code-level classiﬁcation.
Code

HC

HS

HC
HS
HSb
SD
SDb
SDB
SDBb
SPH
SS
Col. Total
UA (%)

17
1
1

1
127
3
5
2

7
1
20
85.0

145
87.6

HSb

SD

7
20
5

2
34
58.8

SDb

SDB

SDBb

2
71
3
3
2
3
82
86.6

SS

Row Total

1
1
100.0

18
94.4
138
92.0
25
80.0
79
89.9
26
57.7
8
37.5
56
94.6
40
67.5
3
33.3
Overall accuracy: 85.0%
Kappa value: 0.81

1
2
1
2
53

15
3
1
1
19
79.0

SPH

1
1

27
3
100.0

1
60
88.3

29
93.1

PA (%)

UA: User’s Accuracy; PA: Producer’s Accuracy.
Classiﬁcation result is displayed in row, and the reference data is displayed in column.

5.2. Advantages of machine learning classiﬁers and ensemble analysis
Previous benthic habitat mapping research focuses on the application of Maximum Likelihood method which could not produce
high accuracy, especially in classifying the fused dataset from multiple data sources. A recent study from Zhang et al. (2013) illustrates that RF is able to produce higher classiﬁcation accuracy
than Maximum Likelihood in benthic habitat mapping using
hyperspectral imagery. The RF classiﬁer was adopted for this study
to further examine its performance. Another two machine learning
algorithms, SVM and k-NN, was also explored here. All three classiﬁers had a good performance. The RF and k-NN achieved the
same classiﬁcation accuracy and the SVM present a comparable
result with RF and k-NN. Three classiﬁers showed a diversity in
per-class accuracy, which is primarily caused by the discrepancies
in concepts of three methods. RF looks for optimal decision trees to
group data, whereas SVMs look for the optimal hyperplane to categorize data and k-NN searches for the best match to denote
inputs. Note that the classiﬁcation diversity is the basic assumption of ensemble systems, which drives me to explore the potential
of an ensemble analysis. Indeed the ensemble approach achieved
higher classiﬁcation accuracy than three classiﬁers used. The
improvement, however, was marginal and insigniﬁcant. Although
the difference in accuracy was not statistically signiﬁcant, the
ensemble approach can provide some complementary information
to the error matrix of the classiﬁed maps (Zhang, 2014). An index
of classiﬁcation uncertainty can be derived based on the votes of
the classiﬁers. For example, if three votes are same for an input
image object, a value of 3 will be assigned to this object. Conversely
a value of 2 or 1 will be assigned to an input image object when
two votes are same or three votes are completely different. This
type of uncertainty maps is useful when there is a desire to minimize the omission or commission errors. It also can be used to
guide the post-classiﬁcation ﬁeldwork (Foody et al., 2007).
5.3. Summary
In summary, a framework was designed to combine three data
sources (hyperspectral, aerial photography, and bathymetry data)
and four data processing techniques (data fusion, Object-based
Image Analysis, machine learning, and ensemble analysis) for benthic habitat mapping in a coral reef ecosystem. A pixel/featurelevel fusion strategy was developed to integrate three data sources.
The framework was applied to map the benthic habitats in the
Florida Keys. An overall accuracy of 89.6% and 85.0% was achieved
at the group-level (3 classes) and code-level (9 classes) classiﬁcations. The designed framework has potential to map habitats over
larger areas, because the spaceborne hyperspectral sensors (e.g.,

EO-1/Hyperion) and very ﬁne spatial resolution multispectral sensors (e.g., QuickBird and IKONOS) have similar spatial and spectral
characteristics as the data used in this study (i.e. AVIRIS and aerial
photography). Bathymetry data is also available for the Florida
Keys as well as many other coral reef areas. The in-orbit EO-1/
Hyperion is providing 30-m hyperspectral imagery with 220 bands
to the public at no cost. NAPP collects ﬁne spatial resolution aerial
photos at the national level with an approximate time frequency of
ﬁve years, and also provides free high quality DOQQ data to the
public. Local government agencies frequently collect large-scale
aerial photography in the Florida Keys for coral reef protection
and conservation. The framework is assumed to be useful for monitoring coral reefs, building or updating benthic habitat maps at
reduced expenses using multiple data sources.
The framework can be also applied for the land cover classiﬁcation with minor modiﬁcations to combine very high spatial resolution aerial photography, high spatial resolution (20–30 m)
hyperspectral imagery and other data sources such as LiDAR,
DEM, and geo-environmental data. A recent study from Zhang
and Xie (2013a) ﬁnds that fusing hyperspectral imagery with
DOQQ data can increase mapping accuracy of vegetation in a heterogeneous wetland environment. For benthic habitat mapping,
inclusion of water quality parameters in the framework may further improve the classiﬁcation accuracy. Similarly, combining
more advanced classiﬁers such as neural networks may be helpful
as well. In addition, considerable additional work is needed to
investigate whether the developed framework can be used in other
shallow waters. These will be major dedications in the future work.
It is anticipated that this study can beneﬁt the global coral reef
monitoring and mapping in general, and the Florida Keys in
particular.
Appendix A
Descriptions of the habitats found in the selected study area (from
Benthic Habitats of the Florida Keys, <http://ﬂkeysbenthicmaps.noaa.gov/>).
Groups

Codes

Hardbottom

HC: Soft coral, hard coral, sponge, algae
Benthic community (no perceptible seagrass)
is variable and typically a function of
sediment, water, depth, and exposure to wind
and current. It may also include solitary hard
(continued on next page)

222

C. Zhang / ISPRS Journal of Photogrammetry and Remote Sensing 104 (2015) 213–223

Appendix A (continued)
Groups

Codes
corals, Porites sp., Sideratrea sp., and Manicina
sp. Shallowest zones (<1 m) may include only
attached or drift algae; soft corals are usually
more common in deeper zones
HS: Hardbottom with perceptible seagrass
(<50%)
Usually in patches, seagrasses occur in
depressions and basins where adequate
sediment has accumulated, but constitute
<50% bottom coverage. Hardbottom may
include solitary hard corals and soft corals,
but most often sponges and benthic algae
(attached or in draft)

Continuous
Seagrass

SD: Moderate to dense, continuous beds
Solid, continuous Thalassia, Syringodium, and
Halodule, individually or in mixed beds.
Widespread in occurrence with range in
depth from intertidal (bank) to approximately
10 m
SDB: Moderate to dense, nearly continuous beds
(seagrass >50%), with blowouts and/or sand or
mud patches
Solid, continuous Thalassia or Syringodium,
rarely Halodule, individually or in mixed beds.
Widespread in occurrence with range in
depth from intertidal (bank) to approximately
10 m. Moderate to high energy regimes. Here,
blowouts or patches are dispersed as holes in
otherwise continuous seagrass beds. Usually
found on reef tract and near entrances to tidal
channels and passes. A common habitat in
back country of middle keys with large water
movements between the Gulf of Mexico and
Atlantic Ocean
SS: Sparse, continuous beds
Areas where seagrasses occur in low density.
Typically in shallow protected bays where
physical conditions or substrate limits
development. It may be hard to distinguish
signature on aerial photographs from barren
bottom, requiring ground truthing

Patchy
Seagrass

SPH: Dense patches of seagrass (>50%) in a
matrix of hardbottom
One of the most common habitat types;
patches occur in areas where a thin sediment
layer over ﬂat natural rock precludes
development of seagrasses. Often numerous
in number, highly visible on aerial
photographs

Notes: A special modiﬁer ‘‘b’’ is attached to a speciﬁc code type to indicate banks
when applicable. For example HSb, SDb, and SDBb. Description: Intertidal seagrass
and some hardbottom communities, even if only intertidal at spring low tides, often
open water features or extending out from a shoreline. Distinctive signature on
aerial photography is compared to surrounding bottom. Sometimes burned off
patches are present on bank top. If these patches become large enough, they are
mapped as separate bare areas.
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