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Abstract

Detailed mangrove species maps are often required for proper management of mangrove forests. Recent
reports on tropical mangrove species classification based on modern earth observation satellite data strongly
support the potential use of remote sensing technology in mangrove forest management. Nevertheless,
difficulty has remained in distinguishing between two dominant species, Rhizophora apiculata and Rizophora
mucronata. The aim of this study is to improve the discrimination accuracy between these two species using
an object-based classification method along with very high resolution, Quickbird images. Texture analyses
and object-based classification were applied to the indistinguishable areas. The results showed an
improvement in overall accuracy from 92% to 97%. Moreover, the producer’s accuracy of Rhizophora
apicularta and Rizophora mucronata increased from 68% to 94% and from 94% to 95%, respectively. This
outcome supports the use of the proposed method for resolving confusion between the two species. Additional
data such as physiological parameters and vegetation indices may also be integrated in future studies for

more accurate resulls.

1. Introduction

Mangroves are mainly populated in the coastal areas
in the tropical zone (Green, 1998) encompassing
both marine and coastal ecosystems. Mangrove
forests play an important role in both ecology (e.g.,
reducing the shoreline erosion rates and providing
habitats for aquatic animals) (Heumann, 2011b) and
supporting local economies (e.g., fisheries and
tourism) (Green, 1998, Wang et al., 2004a, Huang et
al., 2009). Knowledge of the composition and
distribution of the mangrove varieties is important
for sustainable management of these areas. Remote
sensing is a method widely used for monitoring and
mapping mangrove composition and distribution
because of its cost-effectiveness (Green, 1998,
Heumann, 2011b, Wang et al., 2004a, Wang and
Sousa, 2009, Vaiphasa et al., 2006 and Koedsin and
Vaiphasa, 2013). Moderate spatial resolution
sensors such as SPOT (Green, 1998, Tong et al.,
2004, Gao et al., 2004, Chauvaud et al., 2013, Thu
and Populus, 2007, Almeida-Guerra, 2002 and Gao,
1999), Landsat (Green, 1998, Kovacs et al., 2001,
Manson et al., 2001, Muttitanon and Triphati, 2005,
Sirikulchayanon et al., 2008 and Alsaaideh et al.,

2013) and Aster (Vaiphasa et al., 2006, Giri and
Muhlhausen, 2008 and Saito et al., 2003) provide an
effective tool for mapping the mangrove forests and
tracking their changes (Kuenzer et al., 2011). So far,
however, there has been little success in using these
moderate resolution images to differentiate
mangrove forests at the species level (Vaiphasa et
al., 2006, Kuenzer et al., 2011, Koedsin and
Vaiphasa, 2013, Myingt et al., 2008).

Very high resolution (VHR) satellite images that
provide a clearer view of mangrove textures have
been tested a number of times in past studies
(Kuenzer et al.,, 2011). Specific image analyzing
techniques such as neural network (Wang et al.,
2008), texture analysis (Wang et al., 2004b), and
fuzzy (Neukermans et al., 2008) were integrated in
these studies so as to exploit the high resolution
image information. Some methods have even
incorporated VHR reflectance with Light Detection
And Ranging (LiDAR) (Chadwick, 2011).
Unfortunately, these studies were conducted on sub-
tropical and high latitude zones that comprised only
2-3 mangrove species (i.e., Black, Red and White
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mangroves) (Wang et al., 2004a, Wang et al., 2008,
Wang et al, 2004b and Neukermans et al., 2008).
Additional species varieties as found in the tropical
zones would lead to more confusion in the spectral
reflectance and result in lower classification
accuracy (Vaiphasa et al., 2006 and Neukermans et
al., 2008). There has been one recent study which
attempted to deal with the complexity of five
tropical mangrove species (Koedsin and Vaiphasa,
2013). The overall classification accuracy of the
study reached 92% when using complex image
processing techniques on hyperspectral satellite
imagery (Koedsin and Vaiphasa, 2013). However,
results regarding separability between two dominant
species (Rhizophora apiculata and Rizophora
mucronata) was inconclusive (Koedsin and
Vaiphasa, 2013).

Fortunately, the two mangroves species in
question have different leaf shapes (Tomlinson,
1995). It can therefore be hypothesised that leaf
texture information may be extracted and utilized
via a process of object-based classification (Li et al.,
2010). Thus, the aim of this study is to incorporate
leaf information into the classification process for
improving mangrove classification accuracy,
specifically, for the two species which are
indistinguishable using cutrent methods
(Rhizophora apiculata and Rizophora mucronata).
The study area is the Pak Phanang mangrove forest
of Southern Thailand which is densely covered by
five different tropical mangrove species (4Avicennia
alba, Avicemnia marina, Bruguiera parviflora,
Rhizophora apiculata and Rhizophora mucronata).
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The Quickbird high-resolution image was chosen
for this study. The final classification results were
statistically tested against an independent testing
data set using a data rotation method.

2. Materials and Methods

2.1 Study Area

The study area is the Pak Phanang District, Nakorn
Sri Thammarat Province in southern Thailand as
shown in Figure 1. Its mangrove forests comprise
five dominant species including Avicennia alba
(Aa), Avicennia marina (Am), Bruguiera parviflora
(Bp), Rhizophora apiculata (Ra) and Rhizophora
mucronata (Rm) (Koedsin and Vaiphasa, 2013). Ra
is the most dominant species in the area as it covers
around one third of the entire bay area followed by
Rm (Vaiphasa et al.,, 2006 and Koedsin and
Vaiphasa, 2013).

2.2 Data

2.2.1 Classified image

The most recent study cited earlier (Koedsin and
Vaiphasa, 2013) utilized the potential of
hyperspectral satellite imaging algorithms and the
Spectral Angle Mapper (SAM) classifier to map
mangrove tree species of the Pak Phanang area. In
the current study, masked areas covered by the two
species indistinguishable (Ra and Rm) using
Hyperion image were created from the previously
classified map derived by (Koedsin and Vaiphasa,
2013). These masked areas were used for object-
based classification in the following sections. See
the masked areas in Figure 2.

b)

Figure 1a: Pak Phanang District, Nakorn Sri Thammarat Province, Thailand b) Quickbird image of the study

area
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Figure 2: Mask areas displayed as a white polygon

2.2.2 Quickbird image

The Quickbird image was acquired on 13 October
2009 (See Figure 1). It consists of 4 multispectral
bands with 2.4 meters spatial resolution. The image
was radiometrically corrected and recorded at level
2A, in a 16-bit format. Then, the image was
transformed to spectral radiance for atmospheric
correction through MODTRAN4 incorporating
FLAASH using ENVI 4.7 software. The data was
orthorectified and resampled with a nearest neighbor
method. The positional error of the resampling
process was less than 1 pixel. Finally, the coverage
of the two indistinguishable species, Ra and Rm,
was masked at this stage using the previously
classified image derived by (Koedsin and Vaiphasa,
2013).

2.2.3 Field data

The field data were collected from the study area
between February and March 2011. A total 402
plots of mangrove trees were recorded for training
and testing samples. Each field plot size was chosen
at 30 x 30 meters according to the spatial resolution
of the EO-1 Hyperion. The dominant tree species
name and coordinates in the UTM system of each

plot were recorded. Then, all plots were grouped
into 5 classes by the dominant tree species in each
plot as Aa, Am, Bp, Ra and Rm. The field samples
were finally divided in half for the purpose of image
classification and validation in the following stage
(See Table 1).

Table 1: Amount of training and testing samples for
each mangrove species

Mangrove Species Train | Test
Avicennia alba (Aa) 44 44
Avicennia marina (Am) 30 30

Bruguiera parviflora (Bp) 38 38
Rhizophora apiculata (Ra) 51 51

Rhizophora mucronata (Rm) | 38 38
Total 201 201

To prevent data bias, the training and testing
samples were randomly divided 30 times (e.g., data
rotation). The time difference between the
acquisition of the image and the collection of the
field data should be noted. This 16 month difference
is deem to be of little significance to the
successional process of the tropical mangroves
(Hogarth, 1999 and Tomlinson, 1995).

2.3 Object-Based Classification
Given the selected areas of the indistinguishable
species (See § 2.2.2), the following 3 steps of image
classification (e.g., segmentation, object features
and classification) were utilized.

2.3.1 Segmentation image

The Quickbird image was separated into segments
by clustering adjacent pixels with similar reflectance
and spatial characteristics (Heumann, 2011b and
Almeida-Guerra, 2002). Thus, using commercial
software (ENVI EX), the homogeneous area was
represented by the large objects in the image,
whereas the smaller objects represented the
heterogeneous areas. The edge-based algorithm was
chosen in this study which guaranteed that all
objects were closed without losing any small
patches. The trial and error scheme had to be
applied because of the difficulty of defining the
actual size of the mangrove canopies. The scale
parameters were therefore adjusted starting from 50
to 100 per each training data set under a data
rotation scheme.

2.3.2 Attributes
Three attributes including spatial, spectral, and
texture were applied to the derived objects under
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study. The spatial attribute included area, perimeter,
and convexity. The spectral attribute included mean,
minimum, maximum and standard deviation
computed for each of the Quickbird bands (Saito et
al., 2003). The four texture features were range,
mean, variance and entropy. The texture filter of 13
x 13 pixels was used for moving window size (i.e.,
equal to the size of a field plot). All attributes were
then combined in various ways to create six
different combinations: 1) Spatial & Spectral &
Texture; 2) Spatial; 3) Spectral; 4) Spatial &
Texture; 5) Spatial & Spectral; and 6) Spectral &
Texture.

2.3.3 Classification

The K-Nearest Neighbor (KNN) classifier (Hardin
and Thomson, 1992) was applied through the
segmented image which set parameter k to 1. The
classification was done for 30 training sets for each
scale and attribute factors to find the optimal results
(i.e., data rotation). It should be noted that the
proposed object-based techniques were only aimed
at reducing the confusion between the two
problematic classes (Ra and Rm). Then, at the final
stage, the classified results were to be combined
with the other three species for the purpose of
validation (Koedsin and Vaiphasa, 2013).

2.4 Accuracy Assessment

The overall accuracy was calculated by comparing
the classification results with the independent
ground truth data of five mangrove classes. In
addition, the quantity and allocation disagreement
values were derived from the confusion matrix.
Despite the redundancy and misleading concepts of
the classical Kappa statistics (Pontius and Millones,
2011), a Kappa was calculated, because of its
popularity, for measuring statistical agreement of
classification results outside the diagonal line of the
confusion matrix.

2.5 Statistical Analysis

2.5.1 One-way ANOVA analysis

Analysis of variance (ANOVA) is the technique
used for determining the difference between means
of multiple experiment groups (Gray and Kinnear,
2012). The null hypothesis states that there is no
difference in any of the experiment’s means (Ho:p,=
M2 =us=... Ma). Therefore, rejecting the null
hypothesis proves at least a couple of means to be
different. If the null hypothesis is rejected, the
Tukey’s HSD (post-hoc) will be carried out to judge
which groups of the experiment are the cause of
rejection. In this study, the means of the overall
classification accuracy were tested via ANOVA.

2.5.2 Z-test

Despite the criticism (Allouche et al., 2006 and
Foody, 2004, 2008), the Z-test was conducted so as
to compare between the kappa statistics extracted
from the confusion matrices calculated in the
previous classification section. The kappa values
were compared, given the null hypothesis Ho :(K; —
K )=0 and the alternate hypothesis H; :(K| — K3) #
0, where Hp is rejected if Z > 1.96 (i.e., at the 95%
confidence level) (Congalton and Green, 2009). The
Z statistic was calculated as shown in the following

equation.
IX; - K3l

z= JVar(K) + Var(Ky)

Equation 1
3. Result
After computing with different segmentation scales,
it was found that the scale factor 80 gained the
highest overall classification accuracy. This scale
level was therefore selected for the following
operations. Six different attribute features at this
scale factor were extracted and -classified as
displayed in Figure 3. The highest classification
accuracy was reported when the spectral and texture
features were combined together. It should be noted
that a data rotation scheme was applied at this stage
(i.e., repeating the calculation for 30 times with
rotated samples). The influence of the data rotation
can be noticed as error bars in Figure 3. The
ANOVA test indicated that there were significant
differences in at least one pair of six attribute
features (p-value < 0.05). The superiority of the best
combination (i.e., spectral and texture features) was
also supported by the post-hoc test (p-value < 0.05)
which revealed that the spectral and texture attribute
feature combination was different from other
combinations. For the purpose of visualization, the
detailed classification results of the best feature
combination are shown in Table 3.

Again, it should be noted that the classification
preforming at this stage was designed to distinguish
between the two indistinguishable classes, (Ra and
Rm). Thus, Table 2 displays only the classification
results between the two classes. The classification
results of the two classes were to be re-combined
with the other three classes (4a, Am and Bp) in the
next stage of the experiment. The other three species
were then re-combined so as to produce confusion
matrices. The best overall accuracy was found at
97%. This best confusion matrix (Table 3a) is
shown in comparison with the earlier confusion
matrix in Table 3b (i.e., the classification results
produced by the use of the reflectance data of the
Hyperion image alone (Koedsin and Vaiphasa,
2013).
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Table 2: Classification records of the two indistinguishable classes when the best feature combination
(spectral and texture features) was used in the data rotation process (i.e., 30 runs). The 26® iteration gained the
highest classification accuracy of 95% (highlighted in grey).

Iteration OA-Test (%) Kappa | Iteratio | OA-Test (%) Kappa
1 88% 0.76 16 90% 0.80
2 90 % 0.81 17 90% 0.80
3 87% 0.74 18 92% 0.84
4 92% 0.84 19 89% 0.78
5 91% 0.82 20 91% 0.82
6 87% 0.76 21 92% 0.83
7 88% 0.77 22 93% 0.85
8 86% 0.75 23 91% 0.82
9 87% 0.76 24 91% 0.82
10 91% 0.83 25 88% 0.76
11 88% 0.77 26 95% 0.90
12 89% 0.78 27 89% 0.78
13 88% 0.76 28 92% 0.83
14 88% 0.76 29 88% 0.76
15 88% 0.77 30 88% 0.77

Table 3a: Confusion matrix of the re-combined class information and (b) the confusion matrix of the original
pixel-based classification

(@ survey (b) survey

Rm | Ra | Am | 4a | Bp | PA UA Rm | Ra | Am | Aa | Bp | PA UA
Rm (36 |1 0 1 0 95% 95% | Rm |26 |2 0 1 0 | 68% 90%
Ra |2 49 96% 9% |Ra [12 |48 | O 0 0 | 94% 80%
Am | 0 0 |4 |0 1 100% | 98% | Am | 0 0 |4 |0 1 100% | 98%
Aa | O 1 0 29 |0 97% 97% |Ada |0 1 0 29 {0 | 97% 97%
Bp |0 0 |0 0 37 | 97% 100% | Bp | O 0 0 0 37 | 97% 100%
Overall accuracy = 97% kappa = 0.96* Overall accuracy = 92% kappa = 0.89
* statistic significant PA=Producer’s Accuracy, UA=User’s Accuracy

Accuracy
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Figure 3: Bar charts of the average overall classification accuracy and standard deviation (small black error
bars) of six different attribute features using the segmentation scale factor 80
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Figure 5: Classified map of original hyperspectral treatments (a) and the classified map of the proposed
object-based method (b). The Magnified views show the two indistinguishable classes which were noticeably
changed
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The improvement can be marked in the producer
accuracy of Ra and Rm. The producer accuracy of
Rm improved from 68% to 94%. In addition, the
producer accuracy of Ra improved from 94% to
95%. Next, the Z-test results of kappa statistics
supported the improvement of the accuracy (p-value
< 0.01). The classified maps of the re-combined
object method and the original one are displayed in
Figure 5a and 5b, respectively. Finally, the quantity
and allocation disagreement values of both methods
have been measured and reported in Figure 4.Please
note that this study focuses on the outcome of the
quantity and allocation disagreement computation
rather than the result of Kappa statistics due to the
warnings (Pontius and Millones, 2011). It was found
that the re-combined object based method gained
more agreements than the pixel-based method. The
quantity disagreement was improved from 2% to
1%, and the allocation disagreement was reduced
from 3% to 2%. The three boxes in Figure 5 indicate
the areas where the two indistinguishable classes
were noticeably changed. For the purpose of
visualization, magnified views of the three boxes are
displayed below of Figure 5.

4. Discussion and Conclusion

The results in Table 3 and Figure 3 and the
statistical tests confirm that the combination of the
spectral and texture features can be used for
improving the class separability between the two
mangrove species (Ra and Rm). The overall
accuracy improved from 92% to 97%. The producer
accuracy of Ra significantly improved from 68% to
94% and the producer accuracy of RA improved
from 94% to 95%. The quantity and allocation
disagreement values (Figure 4) also confirmed this
findings. The disagreement was reduced in both
cases. It can thus be concluded that this study
provides the first accurate method for differentiating
between the two species using remote sensing
technology (Vaiphasa et al, 2006, Koedsin and
Vaiphasa, 2013). In the existing literature, a similar
object-based method was used for mapping
mangroves in other weather zones (Wang et al,
2004a).

The current study reports that reclassification in
the specified undifferentiated areas can help resolve
the mixed class problem. The correlation between
this study and a past study (Wang et al., 2004a)
suggests that the proposed method may be extended
for refining mangrove mapping accuracy at the
species level in complex mangrove communities in
other areas. The edge-based segmentation method
was chosen for this study because the edges of the
small objects always connected and closed (Jin,
2012). However, there are other alternative

segmentation methods such as the point-based and
growing-region methods. The point-based technique
is not suitable for remote sensing data because it
does not consider the surrounding pixels (Schiewe,
2002). On the other hand, the growing-region is a
standard method (Schiewe, 2002) that can substitute

for the edge-based segmentation method.
Unfortunately, the performance of different
segmentation methods for mangrove species

discrimination has never been tested in the existing
studies (Wang et al., 2004a, Myingt et al., 2008 and
Heumann, 2011a) and such a comparative test
would be exhaustive and is beyond the scope of this
study. Only multispectral bands were analyzed in
this study because object-based classification cannot
be processed on the difference spatial resolution
without extra data transformation processing (i.e.
fusing, resampling). The transformation of the
image data could lead to errors the information and
shape of the objects in segmentation (Schiewe,
2002). The panchromatic band, on the other hand, is
undergoing investigation for canopy extraction
methods (Zhang and Hu, 2012) to increase the
species discrimination potential.

Furthermore, the use of ancillary data such as
physiological parameters and vegetation indices are
also underway. Detailed mangrove species mapping
can provide useful information for mangrove forest
management and recent trials on modern earth
observation satellites have demonstrated the
potential of remote sensing technology for
mangrove species discrimination. Nevertheless,
existing methods have been unable to differentiate
between two dominant species, Ra and Rm. The
method contained in this study effectively resolves
this problem. The proposed object-based
classification method provides accurate mangrove
species discrimination of the two previously
indistinguishable species and can be used for
mangrove species classification in other Ra and Rm
dominated areas. Additional data such as canopy
shapes, physiological parameters, and vegetation
indices may be integrated in the future studies to
further improve the accuracy of results.
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