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Abstract: The potential of recent advances of remote sensing technique which is decision-tree learning method
was applied for classifying and detecting the rapid changes in Mengkabong mangrove forest area. The multi-
temporal of Landsat series (TM, ETM+ and OLI_TIRS) from the year 1990, 2000, 2005, 2010, and 2013 were used
in this study. The result of this study showed the use of decision-tree learning method combining with the data
set of multi-temporal Landsat series and GIS data can be effective in delineating spatial and temporal change
of the mangrove forest. Seven land cover classes were classified in the Mengkabong area. Integrated tasseled
cap transformation (TCT) index in Landsat data has improved the classification accuracy of mangrove due to
the similarity of the spectra mangrove, forest and water-vegetation mixed pixels. The selection of good attributes
from spectral features of Landsat data, topographic data and GIS database have promoted the high accuracy
of mangrove classification result with 90.8%. In conclusion, the decision-tree learning method was successfully
classified and detects the mangrove forest in the Mengkabong area.
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INTRODUCTION sets can ensure the classification results are comparable

The machine learning techniques have been advantageous than traditional methods for monitoring
increasingly used in remote sensing applications related mangrove forest change from time series of remote
to wetlands research. Recent research has demonstrated sensing data [6, 7]. Application remote sensing
that the decision-tree learning, one of the most popular technology in mangrove studies promotes many
machine learning approaches, can be accurate and advantages such as a very cost-effective technique, time-
efficient in land cover classification based on remotely saving and can provide a long-term data access [8].
sensed data [1-3]. The decision-tree learning algorithm Therefore, the objectives of this study is to
can create classification rules directly from the training investigate the capability of the decision tree-learning
data without human intervention. In addition, unlike many method to classify and detecting the changes of
other statistical analysis approaches, such as maximum mangrove forest land cover in Mengkabong area
likelihood classification, the decision tree does not integrating of multi-temporal Landsat data series (TM,
depend on assumptions about value distribution or the ETM+ & OLI_TIRS). The rule set derived from the data of
independence of the variables from one another [4]. 2013 to the date of 1990, 1995, 2000 and 2005 in order to

This is important for incorporating ancillary GIS data, detect changes of the mangrove forests over the period.
because they usually have various value distributions We anticipated that the decision-tree method would be
and may be highly correlated [5]. Rule sets can be applied able to improve the performance mangrove forest
to classify of multi-temporal images after they have been monitoring with multi- temporal Landsat data and GIS
acquired from decision-tree learning. Using the same rule ancillary data.

between different temporal images, which should be more
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Fig. 1: Decision-tree learning classification method. Mengkabong area were classified by decision tree-

MATERIALS AND METHOD were included mangrove, open water, built-up, water-

Study Area: Mengkabong mangrove forest is located in Spectral profile of each land covers were produced
Tuaran district which is placed in west coast of Sabah. significant differences in spectral profile characteristics
The Mengkabong mangrove forest is a major of the and  the  result   presented   in Figure 2. According to
mangrove forest in this district and dominated by previous studies [15, 16] spectral profile of remote sensing
Rhizophora apiculata species, which is a healthy and data could be useful to identify the specific features of the
dense mangrove. Conversions to the aquaculture area and land covers types.
land reclamation for house settlement have been a major Result of NDVI attributes analysis presented in
factor that effects on degradation of Mengkabong Figure 3 was useful to differentiate the different classes of
mangrove forest area [9]. vegetation and non-vegetation classes. The negatives of

Acquisitions Satellite Images and References Data: The bare soil areas. The mangrove and secondary forest in
Landsat data series (TM, ETM+ & OLI/TRS) were this study shows a high of NDVI values which are 0.08
selected and were downloaded freely from Earth Explorer and  0.06,  respectively.  Previous  study   suggested   that

US Geological Survey (USGS) website
(http://earthexplorer.usgs.gov/).The multi-temporal of
Landsat data series (TM, ETM+ & OLI_TIRS) that were
used in this study were covering from year 1990, 1995,
2000, 2005, 2010 & 2013. The references data mainly
include field data, topography data and vegetation map.

Satellite Image Analysis: The Landsat data that were
selected for this study were analyzed for pre-processing
analyses. The pre-processing analyses were analyzed in
the Environment for Visualizing Images (ENVI) 5.1
software and MS-Excel-2010.

Applying a Decision Tree-Learning Method: All the
multi-temporal Landsat data that were used in this study
were processed for the features extractions using tasseled
cap transformation (TCT) index [10-12], normalize
vegetation index (NDVI) and band ratio [13, 14]. Then, all
the satellite data were processed of decision tree-learning
method, which knowledge rule exhibited. The extracted
classification rules that contain two types of data: 1)
remote sensing data, including: reflectance value of
Landsat data of each band and the NDVI value 2) GIS
data, including elevation and distance to the coastline.
The classification results were overlaid to detect the
mangrove change. Figure 1 show the decision tree-
learning procedure applied in this study.

RESULTS AND DISCUSSION

Decision-Tree Learning Classification of Mengkabong
Mangrove Land Cover: Seven land cover classes of

learning method. The land covers types in these areas

vegetation, secondary forest, grassland and bare soil area.

NDVI values were represented the water, built-up and
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Fig. 2: Spectral characteristics of mangrove and non-mangrove land cover types using Landsat data series.

Fig. 3: Spectral characteristics of mangrove and non-mangrove land cover types using NDVI value.

the standard of high NDVI values from 0.4 to 1 were of error in mangrove identification was very small (7.5% in
corresponded to the  density  of  vegetated  area  [17]. 0.90 of kappa coefficients) resulted from adequately
This can   be  supported  that  the  Mengkabong considering the particular growth environment of
mangrove  forest  was dominated by Rhizophora mangrove and extracted moisture and greenness feature.
apiculata species, which is a healthy and dense The decision-tree classification in this study was
mangrove.Thus, the thresholds of NDVI values used in demonstrated that selection of good attributes for
this study were useful to identify the different vegetation mangrove classification was promoted on high accuracies
classes. of the result.

The attributes of greenness and the moisture of TCT
indexes were used to recognize of mangrove classes and Results of Change Detection: Details of detecting change
if moisture between -0.04 and 0 and greenness was greater of mangrove forest and other land cover in the study area
than 0.6 at the same time, the pixel belongs to mangrove. were summarized in Table 1. Results shows the mangrove
Both of these TCT indexes are very useful for mangrove forests were extensively distributed in the Mengkabong
identification [18, 19]. area. There was a significant decrease from 1995 to 2000

A total of 519 validation samples of mangrove and and slightly increased from 2010 to 2013. Generally, the
4443 validation samples of non-mangrove which included total area of mangrove forest was declining (a reduction
water, secondary forest, water-vegetation, bare soil and of 40 ha from 1990 to 2013) and fragmentation was
built-up area were used for this analysis. The commission obvious.
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Table 1: Changes in mangrove forest and other land cover types from 1990 to 2013

1990 1995 2000 2005 2010 2013

----------------------- ----------------------- ----------------------- ---------------------- ---------------------- --------------------------

ha % ha % ha % ha % ha % ha %

Open water 1531.26 30.74 1555.20 31.22 1593.81 31.99 1616.67 32.45 1549.80 31.11 1536.84 30.85

Mangroves 1145.16 22.99 1024.20 20.56 945.72 18.98 872.82 17.52 997.20 20.02 1185.12 23.79

Secondary forest 846.90 17.00 826.20 16.58 780.12 15.66 627.21 12.59 518.40 10.41 499.14 10.02

Built-up 921.42 18.50 1037.34 20.82 1142.19 22.93 1186.83 23.82 1309.05 26.28 1048.50 21.05

Bare soil 342.00 6.87 253.17 5.08 198.72 3.99 266.85 5.36 246.33 4.94 270.54 5.43

Grassland 132.75 2.66 238.77 4.79 277.38 5.57 371.52 7.46 324.18 6.51 407.16 8.17

Water-Veg. 62.19 1.25 46.80 0.94 43.74 0.88 39.78 0.80 36.72 0.74 34.38 0.69

Table 2: Error matrices of decision-tree learning classification for 1990, 1995, 2000, 2005, 2010 and 2013.

Reference Data

-------------------------------------------------------------------------------------------------------------------------------

Classified Data Non-Mangrove Mangrove Total Accuracy (%) Kappa Coefficient

TM1990 Non-Mangrove 234 16 84 0.68

Mangrove 64 186

TM1995 Non-Mangrove 221 29 82 0.64

Mangrove 61 189

TM2000 Non-Mangrove 226 24 87.2 0.74

Mangrove 40 210

ETM+2005 Non-Mangrove 230 18 89.6 0.79

Mangrove 32 218

ETM+2010 Non-Mangrove 238 12 90.8 0.82

Mangrove 34 216

OLI-TIRS2013 Non-Mangrove 218 24 89.2 0.78

Mangrove 22 228

Field  investigation   has  shown  that  most accuracy of mangrove identification were 0.82 and 90.8%,
mangrove forest have been lost in the Mengkabong area. respectively.
Most of mangrove areas were converted to the shrimp
pond and house reclamations. The shrimp pond activity CONCLUSION
in this area has been started since year 2000 [20].

Thus, the result of this study can be supported the In conclusion, this study successfully classified
report of the Fisheries Sabah Department. Only certain mangrove and non-mangrove areas in the Mengkabong
areas have been well protected.  Others land covers area area by integrating the decision-tree learning method with
had a similar trend over the study period and changes in multi-temporal Landsat series and GIS ancillary data. The
these land covers areas were linear. Specifically, built-up selection of good attributes, from the spectral features of
areas continually expanded while the secondary forest Landsat data and from topographic data (DEM and
and water-vegetation mixed areas  continually  shrank. distance to coastline) from the GIS database, for the
The open water, bare soils were showing an increasing- mangrove classification promoted the high accuracy
decreasing pattern. ofresult of 90.8%.
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years and their corresponding kappa values are listed in
Table 2. The result of the classification assessment of the This research was supported by the Ministry of
decision-tree learning method with GIS ancillary data Education, Culture, Sports, Science and Technology
shows that the highest kappa coefficient and the total (MEXT) Japan Scholarship. Special gratitude goes to



World Appl. Sci. J., 35 (9): 1821-1825, 2017

1825

Universiti Sultan Zainal Abidin (UniSZA) for providing 10. Zhan,  X.,  R.A.    Sohlberg,     J.R.G.   Townshend,
research publication financial support. C.  DiMiceli, M.L. Carroll and J.C. Eastman, 2002.

REFERENCES data. Remote Sensing of Environment, 83: 336-350.

1. Li, P., X. Wu, X. Hu, Q. Liang and Y. Gao, 2010. A Derivation of a tasseled cap transformation based on
random decision tree ensemble for mining concept Landsat-8 at- satellite reflectance. Remote Sensing
drifts from noisy data streams. Applied Artificial Letters, 5(5): 423-431.
Intelligence, 24(7): 680-710. 12. Huang,  C.,   B.   Wylie,   L.   Yang,   C.   Homer  and

2. Colstoun,    E.C.B.,     M.H.     Story,     C.   Thompson, G. Zylstra, 2010. Derivation of a tasseled cap based
K. Commisso, T.G. Smith and J.R. Irons, 2003. on Landsat 7 at- satellite reflectance. International
National park vegetation mapping using Journal of Remote Sensing, 23(8): 1741-1748.
multitemporal  Landsat   7   data    and   a  decision 13. Green, E.P., P.J. Mumby, A.J. Edwards, C.D. Clark and
tree  classifier.  Remote Sensing of Environment, A.C. Ellis, 1997. Estimating leaf area index of
85(3): 16-27. mangroves  from   satellite  data.  Aquatic  Botany,

3. Hansen,  M.C.,   R.S.   DeFries,   J.R.G.  Townshend, 58: 11-19.
R. Sohlberg, C. Dimiceli and M. Carroll, 2002. 14. Green, E.P., C.D. Clark, P.J. Mumby, A.J. Edwards and
Towards an operational MODIS continuous field of A.C. Ellis, 1998. Remote sensing techniques for
percent tree cover algorithm: using AVHRR and mangrove mapping. International Journal of Remote
MODIS  data.  Remote  Sensing of Environment, Sensing, 19(5): 935-956.
83(2): 303-319. 15. Morel, A.C., J.B. Fisher and Y. Malhi, 2012.

4. Huemann, B.W., 2011.  An  object-based Evaluating the potential to monitor above ground
classification of mangrove using a hybrid decision biomass in forest and oil palm  in  Sabah,  Malaysia
tree-support vector machine approach. Remote for 2000-2008 with Landsat ETM+ and ALOS-
Sensing, 3: 2440-2460. PALSAR. International Journal of Remote Sensing,

5. Jensen, J.R.., 2005. Introductory digital image 33: 3614-3639.
processing: a remote sensing perspective. 2  ed. 16. Rahman, M.M., 2013. Temporal change detection ofnd

New Jersey: Prentice Hall, pp: 526. vegetation coverage in Patuakhali coastal area of
6. Lee, T.M. and H.C. Yeh, 2009. Applying remote Bangladesh using GIS & remotely sensed data.

sensing techniques to monitor shifting wetland International Journal of  Geomatic  and  Geoscience,
vegetation: a case study of Danshui river estuary 4: 36-46.
mangrove communities, Taiwan. Ecological 17. Karaburun, A., 2010. Estimation C factor for soil
Engineering, 35: 487-496. erosion modeling using NDVI in Buyukcekmece

7. Horssen, P.W., V.E.J. Pebesma and P.P. Schot, 2002. watershed.  Asian  Journal  of  Applied  Sciences,
Uncertainties in spatially aggregated predictions 3(1): 1943-2429.
from a logistic regression model. Ecological 18. Razali, S.M. and  A.A.  Nuruddin,  2012.  A  method
Modelling, 154: 93-101. of  mapping  forest  fuel  types   in  peat swamp

8. Wang, Y.,  G.  Bonynge,   J.  Nugranad,  M.  Traber, forest.  African Journal of Agricultural Research,
A.  Ngusaru,   J.   Tobey,   L.   Hale,  R.  Bowen  and 7(12): 1901-1909.
V. Makota, 2003. Remote sensing of mangrove 19. Zhang,  C.,   J.M. Kovacs,   M.P.   Wachowiak  and
change along the  Tanzania  coast.  Marine  Geodesy, F. Flores-Verdugo, 2013. Relationship between
26: 35-48. Hyperspectral measurement and mangrove leaf

9. Sabah  Forestry   Department.  2012.  Mangrove nitrogen concentration. Remote Sensing, 5: 891-908.
forest management &  restoration.  Annual  Report, 20. Sabah Department of Fisheries. 2012. Series of
23: 223-226. Fisheries Statistics. Annual Report, 1: 14-16.

Detection of land cover changes using MODIS 250m

11. Ali Baig, M.H., L. Zhang, T. Shuai and Q. Tong, 2014.


