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Abstract 
 

The major setback of mapping forest cover using optical imagery for tropical countries is 

persistent cloud cover, which is also the case for Leyte Island, Philippines. Thus, Synthetic 

Aperture Radar (SAR) data acquired by the Advanced Land Observing Satellite (ALOS) Phased 

Array type L-band Synthetic Aperture Radar (PALSAR) sensor system was used to produce forest 

cover and forest cover change for years 2007 and 2010. Coconut palm, forest and non-

forest/agriculture were the target classes classified to further explore separating coconut palm 

from forest, which is usually difficult for the said study area. Three different supervised 

classification algorithms were tested namely: Maximum Likelihood (MLC), Neural Network 

(NNC) and Support Vector Machine (SVM). The overall accuracies of the forest cover maps for 

2010 using MLC, NNC and SVM were 75.63% (κ=0.63), 89.45% (κ=0.84) and 88.27% (κ=0.82), 

respectively.  
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1 Introduction 

Under the United Nations Framework Convention on Climate Change (UNFCCC) Conference of 

the Parties (COP) 12 in Bali on December 2007, the international community has called upon 

countries to explore the concept of reducing emissions from deforestation and forest degradation 

(REDD) as a new mechanism to combine forest protection with objectives of climate protection, 

biodiversity conservation and improvement of local livelihoods. Agreements were negotiated to 

reward tropical countries for their reduced emission from deforestation and forest degradation. 

This also includes the conservation and sustainable management of forests and the enhancement 

of forest carbon stocks in developing countries (REDD-plus) (UNFCCC, 2008). Clear, robust and 

long-term monitoring systems would be needed in the successful implementation of initiatives, 

thus the technology of satellite remote sensing will be useful. It will be part of a broader context 

of monitoring, assessment, reporting and verification (Holmgren, 2008). The major problem 

though of forest/land use/cover mapping in tropical countries is the persistence of cloud cover, 

thus radar satellites, which are able to penetrate clouds, would serve as an alternative to usually 

cloud-covered optical imagery. 

The International Climate Initiative of the German Federal Ministry for the Environment, Nature 

Conservation and Nuclear Safety (BMU) funded the “Climate-relevant Modernisation of the 

National Forest Policy and Piloting of REDD Measures in the Philippines” project to support the 

country’s effort to protect the forest and climate, as well as develop appropriate instruments and 

policies. “National REDD+ System Philippines” is the successor project which supports the up 

scaling of technical solutions toward a national system for measuring, reporting and verification 

(MRV) of REDD+ results.  

Southern Leyte was selected as one of the pilot sites for REDD+ under the Philippines National 

REDD-Plus Strategy (PNRPS) after discussions with the country’s Department of Environment 

and Natural Resources (DENR) back in 2009. The processing of multispectral optical data (see 

Truckenbrodt, 2013) and radar data to detect deforestation patterns in the pilot site needs to be 

integrated into a consistent workflow covering multiple reporting periods (GIZ, 2012). This will 

inform a forest and land use change assessment for the establishment of data on preparing 

reference emission levels for REDD+ implementation at a sub-national level, i.e. Leyte Island. 

The Landsat classification performed in Truckenbrodt’s (2013) study is part of the effort to 

achieve the highest possible temporal coverage (1989-2001) of satellite images for the island and 

quantify land cover changes. Since Landsat images did not have Scan Line Corrections starting 

year 2003, other available data were sought as alternative for the time frame beyond 2003. In 

ALOS PALSAR’s case, it covers the time frame of year 2007 to 2010. Both researches on the optical 

and radar processing can therefore be seen in conjunction with the forest resources assessment 

(FRA) on Leyte Island (DfS Deutsche Forstservice GmbH, 2013) for elaboration of an 

internationally compliant system for REDD MRV as outlined in the conceptual approach to REDD+ 

MRV in the Philippines (Seifert-Granzin, 2013). 
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1.1 Study Area 
 

Leyte Island is part of the Eastern Visayas group of islands in the Philippines and its geographic 

coordinates are 10˚50’N and 124˚50’E. The island is about 180 km from north to south and 65 km 

from east to west at the widest point, with an area of 7,367.6 sq. km. It is politically divided into 

two provinces – Leyte and Southern Leyte, where on the north-eastern part of the island are 

heavy agricultural areas, while the rest of the island is heavily forested (Wikipedia, 2013) 

especially on the mountainous areas, but with lots of coconut and tree plantations in various 

areas. 

 
Figure 1 Location of the REDD+ Pilot Area (Southern Leyte) 
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1.2 Data 
 

A total of twelve (12) ALOS PALSAR 25 meter mosaic scenes for years 2007 and 2010 (six scenes 

per year) were used to generate mosaics for Leyte Island. The scenes had the following northing 

and easting values: N10-E124, N10-E125, N11-E124, N11-E125, N12-E124 and N12-E125. All 

scenes were provided by the Japan Aerospace Exploration Agency (JAXA), who applied pre-

processing methods such as antenna pattern correction, radiometric calibration and 

terrain/slope correction. For further details on pre-processing methods, please refer to Shimada 

(2010). The focus of the study is on years 2007 and 2010 and the changes in land cover for the 

Island of Leyte during this time period. The final pre-processed mosaics for the island were used 

for classification and change detection analysis. 

 
Figure 2 Six ALOS PALSAR 25 meter mosaic scenes composing the Island of Leyte 
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Using EarthExplorer (http://earthexplorer.usgs.gov/) from the United States Geological Survey 

(USGS), both ‘SRTM Water Body Data’ and a ‘Landsat 7 ETM+’ image were downloaded. Six scenes 

composed the ‘water body data’ of Leyte Island, which was used for an initial land/sea masking. 

The panchromatic band (band 8) of the Landsat image (Figure 3), with a resolution of 15 meters 

was used for registering the ‘ALOS PALSAR’ images. 

 

 
Figure 3 Band 8 of Landsat 7 ETM+ image of Leyte 

2 Methodology 

1.  

2.  

3.  

The workflow found below presents the updated flow of processes used in the methodology 

applied in this study. The blue parallelograms represent initial inputs. Yellow and purple 

rectangles are processes while green parallelograms are outputs of intermediate processes. The 

http://earthexplorer.usgs.gov/
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yellow rectangles are the same processes found in the original methodology. The purple 

rectangles are the additional and/or updated processes used in the most recent methodology. 

Note that the “radiometric enhancement” step, which was part of the original methodology, has 

been eliminated. There are four main procedures in this workflow: pre-processing, classification, 

accuracy assessment and forest change detection. 

 
Figure 4 Workflow of the Methodology 

2.1 Image Pre-processing 

Since the ALOS PALSAR 25 meter slope-corrected mosaic data has undergone initial pre-

processing steps – antenna pattern correction, radiometric calibration and terrain/slope 

correction – these pre-processing methods were not applied anymore. Rather, the following were 
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applied and are discussed in more detail below: data import and mosaicking, registration, 

land/sea & radar effects masking, speckle reduction, calculation of indices, calculation of radar 

cross-section, layer stacking and final radar effects masking. 

2.1.1 Data Import & Mosaicking 

Each ALOS PALSAR scene has two polarization bands (HH and HV) and one mask band to remove 

radar effects such as layover, shadow and foreshortening. These were imported into ENVI© using 

their respective header parameters that are found in the JAXA documentation (JAXA-EORC, 

2012), which accompanied the ALOS PALSAR mosaic data. Table 1 reiterates the said parameters. 

Table 1 File Header Parameters 

 HH polarization band HV polarization band Radar Mask 
Samples 4,500 4,500 4,500 
Lines 4,500 4,500 4,500 
Bands 1 1 1 
Data Type Unsigned Integer Unsigned Integer Byte 

 

Once the header parameters have been correctly inputted, the files can be immediately viewed in 

ENVI©. Six scenes for each band type were subject to pixel-based mosaicking to produce three 

separate mosaics – HH mosaic, HV mosaic and the radar mask mosaic. This was done separately 

for years 2007 and 2010, thus a total of six mosaics were generated (see Figure 5). 
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Figure 5 Mosaics of the island for years 2007 and 2010 

2.1.2 Registration 

Although the ALOS PALSAR scenes have been orthorectified by JAXA, each mosaic was still 

registered to the 15 meter panchromatic band (band 8) of a Landsat 7 ETM+ image to further 

refine its georeferencing and to fully match the datum (WGS 84) and projection (UTM Zone 51) 

of succeeding data used in the processing. Another reason for the georeferencing of the ALOS 

PALSAR image to the Landsat image is that the ROIs used to train the PALSAR images were taken 

from Google Earth, which generally uses Landsat as base maps. Also, upon close inspection, the 

panchromatic band of Landsat 7 ETM+ matches well with the images of Google Earth. 

The Landsat image, with path 113, row 53 and image acquisition date of 09/29/1999, was 

downloaded from USGS. Careful selection of 20 ground control points (GCPs) were used to 

register the ALOS PALSAR mosaics to the Landsat image. This lead to a total root mean square 

error (RMSE) of less than 0.5 (see Figure 7). For consistency purposes, only one set of GCPs was 

used to register all six mosaics to the Landsat image. 
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Figure 6 Registration of ALOS PALSAR to Landsat 7 ETM+ Band 8 

 

2.1.3 Land/Sea and Radar Effect Masking 

The water body data, which was generated from the 90 meter Shuttle Radar Topography Mission 

(SRTM), was downloaded from USGS in ESRI 3-D Shapefile format. The Shapefiles were pre-

processed and used to mask out water bodies surrounding and within the Island of Leyte (see 

Figure 7). 
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Figure 7 SRTM water body data downloaded from USGS (Left – raw data, Right – processed and final data) 

 

The radar effects mask mosaics contain information regarding radar effects such as layover, 

shadow and foreshortening. Its pixels only have the following values: 0, 50 (sea/water), 100, 150 

and 255 (land) (see Figure 8). To generate a binary mask (0, 1), the data needed to be “rebuilt” 

such that land areas, with pixel value of 255, remain unmasked and pixels with values other than 

255 are masked out. The new mask will then be used to remove all areas with radar effects while 

retaining all pixels pertaining to land. This also served as a secondary mask for the ocean. 

 
Figure 8 Pixel values present in the Mask band of ALOS PALSAR 
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2.1.4 Speckle Reduction& Edge Enhancement 

In radar data, speckle noise is assumed to be of a multiplicative model and must be reduced before 

the data can be utilized. Speckle reduction will not only improve the quality of the radar image 

but will also permit better distinguishing of targets and features (Mansourpour, et.al, 2006). In 

Mansourpour’s (2006) paper, Frost, Gamma-MAP and Lee filters with a kernel size of 5x5 

produced better results for their chosen dataset. In this research, Lee with a filter size of 3x3 was 

chosen because upon visual comparison to the results of the other filters, it was able to produce 

a sharper image, which may imply better edge preservation while still removing speckle noise 

(see Figure 9). 

 
Figure 9 Lee-filtered HH and HV bands of ALOS PALSAR data 

2.1.5 Index Calculation & Radar Cross Section Calculation 

From the original HH and HV bands, the following indices were calculated using Band Math of 

ENVI©: 𝐻𝐻 𝐻𝑉⁄ , 𝐻𝑉 𝐻𝐻⁄ , 𝐻𝐻_𝐻𝑉𝑎𝑣𝑒 , Normalized Difference Index [NDI] (Almeida-Filho, et.al, 

2000), and NL (Li, et.al, 2012), where the equations of the last three indices are as follows: 

𝐻𝐻_𝐻𝑉𝑎𝑣𝑒 =  
𝐻𝐻+𝐻𝑉

2
     (1) 

𝑁𝐷𝐼 =  
[𝐻𝐻−𝐻𝑉]

[𝐻𝐻+𝐻𝑉]
     (2) 

𝑁𝐿 =  
𝐻𝐻∗𝐻𝑉

𝐻𝐻+𝐻𝑉
      (3) 

Radar cross-section calculation converted the Digital Number (DN) amplitude values of both HH 

and HV bands into decibel (dB) values using the equation: 

 𝐵𝑎𝑛𝑑(𝑑𝐵) = 10 ∗  𝑙𝑜𝑔10(𝐷𝑁)2 + 𝐶𝐹 (4) 

where CF is a Calibration Factor provided by JAXA and is equal to -83.0 dB (JAXA-EORC, 2012; 

Almeido-Filho, 2009). The input values used in all the calculations were in float values to achieve 

output values other than integers. All derived indices should not undergo radar cross-section 

calculation. 
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2.1.6 Layer Stacking and Final Masking 

All indices discussed in the previous section were used to create a layer stack: HH (dB), HV (dB), 

𝐻𝐻 𝐻𝑉⁄ , 𝐻𝑉 𝐻𝐻⁄ , 𝐻𝐻_𝐻𝑉𝑎𝑣𝑒, NDI and NL (see Figure 10). This 7-layer stack was again masked for 

radar effects to remove null and/or infinity values produced by speckle filtering, index and radar 

cross-section calculation. 

 
Figure 10 Band names/equation of each band of the 7-layer stack 

2.1.7 ROI Selection & ROI Separability Check 

Regions of interest (ROI) were selected using Google Earth since it provided high-resolution 

satellite images (Zhou, et. al, 2008) in selected portions of the study area. Three ROI classes were 

selected, namely: forest, palm and non-forest/agriculture. 

 
Figure 11 Samples of the selected regions of interest in Google Earth 

 

No sampling scheme was undertaken because the high-resolution images taken on year 2010 

were available only on selected portions of Leyte Island. The 40 polygons that were selected for 

each ROI were equally divided for either training or for accuracy assessment using a random 

generator code. Still, the ROIs selected were evenly spread throughout the Island, as much as the 
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available high-resolution data could possibly allow. Each polygon’s area was measured close to 4 

hectares each to get approximately equal total area for each ROI at any randomly selected 

combination of polygons. This was also done in other literature mainly focusing on Neural 

Network Classification (Zhou, et. al, 2008 and Tiwari, 2001). 

 
Figure 12 Distribution of selected Regions of Interest in Leyte Island 

 

ROI separability, ranging from 0.0 to 2.0, indicate how statistically and spectrally separate a pair 

of ROI is for a specific image. Basically, the goal was to acquire good separability whose values 

are close to the value 2.0, for all ROI pairs. ROI pairs with very low separability values (less than 

1) had to be improved or combined into a single ROI (Richards, 2006). In this study, box plots 

were used to visualize the separability of the available bands and indices. 
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2.2 Supervised Image Classification and Post-Classification 

Three supervised classification algorithms were used to classify the 7-layer stack, namely: 

Maximum Likelihood Classification (MLC), Neural Network Classification (NNC) and Support 

Vector Machine (SVM) Classification. The classification was aimed to separate coconut palm and 

forest areas. Post-classification, specifically majority analysis and clumping of classes, was 

applied afterwards. 

2.3 Accuracy Assessment 

As mentioned in the ROI selection section, half of the selected polygons of each ROI were reserved 

for accuracy assessment. A confusion/error matrix was generated using the “Confusion Matrix 

tool (using ground truth ROIs)” of ENVI 5.0 classic view wherein statistics of correctly or 

incorrectly classified pixels were automatically calculated. Figure 13, from Strahler’s (2006) 

paper, shows the layout of a confusion matrix and how to manually compute statistics such as 

overall accuracy and the producer’s and user’s accuracy. 

 
Figure 13 Confusion/Error Matrix with computation of user’s and producer’s accuracy (Strahler, 2006) 

2.4 Forest Change Detection 

To quantify the changes from year 2007 to year 2010 and to determine the locations where the 

changes occurred, change detection from one thematic class to another (e.g. forest to non-forest, 

forest to palm, etc.) was done to the post-classified results.  
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3 Experimental Results and Discussion 

1.  

3.1 ROI Selection 

The approximately equal total area of each ROI was not only aimed at training the Neural Network 

Classifier, but also the Support Vector Machine. Though, the SVM classification is supposedly not 

sensitive to the training sample size (Mountrakis, et. al, 2010), in the case of this study, it was 

noticed to behave differently when one class has approximately 50% more pixels for one ROI. To 

avoid getting large unequal total areas for the training ROIs at some random combination selected 

by the random generator code, it was then decided that each polygon will have approximately 

equal areas to always end up with approximately equal total areas for each ROI (i.e. 159 ha for 

Coconut Palm, 156 ha for Forest, 158 ha for Non-Forest, etc.). 

3.2 ROI Separability 

The spectral separability of the selected ROIs was determined using boxplots (Figure 14). The 

training ROIs for non-forest are very separable from forest for all bands, since their backscatter 

information is very different. The HH (dB) band is strongly interactive with the horizontal 

branches and soil surface, thus for a forest area and a clear cut non-forest area this band will be 

very separable (Dobson, et. al., 1992). It would also be discrete for the co-polarised HV (db) band 

as it is responsive in terms of volumetric scattering of canopy (Saatchi and Rignot 1996), which 

is the case for the forest areas. It will then have low volumetric scattering for the soil surface. 

As for the non-forest and palm ROIs, they are highly separable for the following bands: HH (dB), 

HV (dB), 𝐻𝐻_𝐻𝑉𝑎𝑣𝑒and NL for the same reasons that forest and non-forest are separable. Though, 

low separability is noted for 𝐻𝐻 𝐻𝑉⁄ , 𝐻𝑉 𝐻𝐻⁄  and DVI, unlike that of the forest and non-forest 

ROIs. This could be due to the higher volumetric scattering of forest areas as compared to palm 

areas. This difference in volumetric scattering may be the same reason why the same 3 bands, 

including the HV (dB) band, are separable for forest and palm areas. On the other hand, the not 

so distinct backscatter information for the HH (dB) band (horizontal branches, etc.) may be the 

reason why they are not separable for HH (dB), 𝐻𝐻_𝐻𝑉𝑎𝑣𝑒 and NL bands. 

 
Figure 14 Spectral separability of the seven bands with respect to the three ROIs 
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3.3 Supervised Classification 

Maximum Likelihood Classification 

Different probability thresholds (PTs) were assigned for each training class. These thresholds 

allowed the algorithm to keep pixels unclassified if they were not similar to those of the supplied 

training pixels (ENVI HELP 5.0). It was observed that when PTs were close to the value of 1.0, 

which indicated to the algorithm to be strict in terms of classifying, almost 30% of the image 

remained unclassified. Using different combinations of PTs, different classification results were 

produced (see Figure 15). 

For the specific ROIs used in this classification, it was seen that not using any probability 

thresholds actually resulted to the highest accuracy. Table 2 illustrates how the PTs affect the 

overall accuracy and the kappa coefficient (κ) values (last 2 rows of Table 2). Both accuracy 

measurements lowered drastically when the PT for the Forest ROI was given a value close to 1.0. 

Figure 15 illustrates how the classification results change depending on the PT values used.  

Table 2 Accuracies using different Probability Thresholds for MLC 

PT Values No PTs with PTs with PTs 
Forest 0.0 0.5 0.9 
Non-Forest 0.0 0.0 0.0 
Coconut Palm 0.0 0.1 0.2 
Overall Accuracy* 75.6318% 65.0593% 58.5611% 
Kappa Coefficient* 0.6341 0.5049 0.4491 

* No Post-Classification 

 
Figure 15 Various classification results using MLC at different probability thresholds 

 

Support Vector Machine Classification 

The SVM classification had varying user-defined parameters depending on the kernel type 

chosen. Through experimentation by using different input values for each parameter, the 

optimum setting for each kernel type was determined and is shown in Table 3. A sample of the 

classification results using different Kernel Types are found in Figure 16. 

Table 3 Parameter settings for Support Vector Machine classification 

Parameter 
Kernel Type 

Radial Basis Function Polynomial Sigmoid 
Degree of Polynomial n/a 2.0 n/a 
Bias in Kernel Function n/a 1.0 1.0 
Gamma in Kernel Function 1/7 1/7 1/7 
Penalty Parameter 100.0 100.0 100.0 
Pyramid Levels 6.0 6.0 6.0 



17 
 

Pyramid Reclassification Threshold 0.9 0.9 0.9 
Classification Probability Threshold 0.3 0.3 0.3 
Overall Accuracy* 81.3564 % 81.3306 % 81.7174 % 
Kappa Coefficient* 0.7204 0.7200 0.7258 

* No Post-Classification 

 
Figure 16 Various classification results using SVM at different parameter settings 

 

Neural Network Classification  

The NNC had ten user-defined parameters and the optimum setting was determined through trial 

and error, as was done in SVM classification. Table 4 shows the parameter setting which lead to 

the highest accuracy results. It also shows how the results vary at different activation settings 

selected and Figure 17 is a visualization of the classification results. 

 

Table 4 Parameter settings for Neural Network classification 

Parameter 
Activation 

Logistic Hyperbolic 
Training Threshold Contribution 0.0 0.0 
Training Rate 0.1 0.1 
Training Momentum 0.9 0.9 
Training RMS Exit Criteria 0.0 0.0 
Number of Hidden Layers 2.0 2.0 
Number of Training Iterations 1000 1000 
Minimum Output Activation Threshold 0.5 0.5 
Overall Accuracy* 78.0041 % 75.2192% 
Kappa Coefficient* 0.6765 0.6324 

* No Post-Classification 

 
Figure 17 Various classification results using NNC at different parameter settings 
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3.4 Post-Classification 

Different combinations of post-classification steps were applied and tested on the classification 

results. It was observed that any generalization process such as “majority analysis” and “clump 

classes” significantly improved the accuracy measurements. The higher the kernel size used and 

the more repetition for the generalization process, the better the accuracy (see Table 11). This 

could be due to the large homogenous area (~4 ha/polygon) selected as ROIs used for accuracy 

check. The more generalized the classification results, the better it matches the homogenous ROIs. 

In order to achieve a fair accuracy assessment without too much generalization, only a 5x5 kernel 

was used for the majority analysis followed by clumping of classes at a default setting (center 

image of Figure 18). Figure 18 illustrates how the raw classification result changes upon applying 

two different post classification settings. 

Table 5 Different post classification settings applied to the NNC (Logistic) classification result and its accuracy 

Post Classification Test 0 Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 

Majority Analysis 

- 5x5 5x5 5x5 5x5 7x7 7x7 7x7 
- - - 5x5 5x5 - 7x7 7x7 
- - - - 5x5 - - 7x7 

Sieve Class - Default - - - - - - 
Clump Class - Default Default Default Default Default Default Default 

Overall Accuracy 78.0041% 89.4791% 89.4533% 90.7169% 91.7741% 91.7483% 92.6509% 93.1150% 
Kappa Coefficient 0.6765 0.8427 0.8423 0.8612 0.8770 0.8764 0.8900 0.8969 

 

 
Figure 18 Different Post Classification results using different post classification methods and settings 

 

Figure 19 illustrates how the results differ when “Sieve Classes” is included in the post 

classification processing, as was done in the original methodology. It shows how the said post 

classification “forces” unclassified pixels to become one of the available classes (forest, coconut 

palm or non-forest). For this reason, “Sieve Classes” was omitted from the post classification 

processing. 

 
Figure 19 Different post classification results where one used 'Sieve Classes' 
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The post classification settings selected, Majority Analysis with 5x5 kernel and clump classes,  was 

then applied to the different classification results (MLC, SVM and NNC). Table 5 is a summary of 

the accuracy measurements of the different classifiers upon applying the selected post 

classification. It was then noted that all SVM results at different kernel type setting (not yet post 

classified) were higher (>81.0%) than those of the NNC at different activation settings (<79.0%). 

But upon the use of the selected post classification, it was seen that the NNC at the activation 

setting of ‘Logistic‘ (89.45%) performed better than any of the kernel type of SVM (<89.0%). Also, 

it was noted that the kernel types of the SVM classifier that obtained better accuracy 

measurements than the kernel RBF processed longer than the NNC (< 6 minutes). 

Table 6 Summary of Accuracy Measurements of SVM and NNC 

 MLC SVM NNC 
No PT RBF Polynomial Sigmoid Logistic Hyperbolic 

No Post-Classification 
Overall Acc. 71.8154 81.3564 81.3306 81.7174 78.0041 75.2192 
Kappa 
Coefficient 

0.5768 0.7204 
0.7200 0.7258 0.6765 0.6324 

W/ Post-Classification* 
Overall Acc. 75.6318 87.9061 87.9061 88.2671 89.4533 84.1671 
Kappa 
Coefficient 

0.6341 
0.8186 0.8186 0.8240 0.8423 0.7631 

Processing Time: 16GB RAM, Core i7@3.40 GHz 1’22” 5’30” 8’05” 13’05” 5’30 5’35” 

* Post Classification: Majority Analysis (5x5), Clump Classes (default) 

 

3.5 Accuracy Assessment 

The last two rows and columns of Tables 6-8 shows the overall accuracies and kappa coefficient 

values for the three classifiers tested on the 2010 radar image. For MLC, the overall accuracy 

reached only 75.63% (κ=0.63) while better values were observed for NNC (89.45%, 0.84) and 

SVM (88.27%, 0.82). The tables also show the producer’s (PA) and user’s accuracies (UA) of each 

classifier. Generally, an erratic behaviour is observed for both PA and UA of MLC. For the forest 

class, a very high PA is seen at 97.38%, while its UA is very low at 63.53%. This combination of 

high PA and low UA indicates over-mapping, where more pixels (than it should have) are included 

in the class (Rossiter, 2004). The opposite is observed though for the non-forest class – high UA 

at 96.11% and low PA at 85.33%. For the palm class, UA is only at 76.16% but its PA is even worse 

– 43.71%. This really low PA could be attributed to under-classification, where actual palm areas 

must have been omitted (Bangko, 1998). A much more subtle difference in values of the PA and 

UA is observed for both NNC and SVM. As for the non-forest class of SVM, the discrepancy is 

almost 9%, but the difference in the accuracies for the forest and palm classes is less than 5%. 

The difference in PA and UA for NNC is even better, less than 3% for palm and forest classes and 

less than 6% for the non-forest class. These much lower differences in PA and UA values may 

indicate lesser over-mapping and/or under-classification, as compared to MLC. 

Clearly, referring to the statistics found in Table 6, it is seen that MLC over-classifies the forest 

class, wherein most of the supposed palm pixels were classified as forest. As for SVM (Table 7), 

PA for all bands are all high, 85% or better, and errors of commission and omission are drastically 

lowered (less than 18%), as compared to the errors of MLC, which reach a maximum of up to 

56.29%.  

Table 7 Complete error matrix for the MLC 

Class Forest [%] Non-Forest [%] Palm [%] Total [%] User’s Accuracy [%] 
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Forest 97.38 1.38 55.28 51.26 63.56 

Non-Forest 2.47 85.33 1.02 29.81 96.11 

Palm 0.15 13.29 43.71 18.93 76.16 

Error of Omission 2.62 14.67 56.29 Overall Accuracy 75.6318 

Error of Commission 36.47 3.89 23.84 Kappa Coefficient 0.6341 

 

Table 8 Complete error matrix for the SVM classification 

Class Forest [%] Non-Forest [%] Palm [%] Total [%] User’s Accuracy [%] 

Forest 91.67 0.15 13.45 35.15 87.23 

Non-Forest 2.54 87.63 1.09 30.63 96.04 

Palm 5.78 12.21 85.46 34.22 82.37 

Error of Omission 8.33 12.37 14.54 Overall Accuracy 88.2671 

Error of Commission 12.77 3.96 17.63 Kappa Coefficient 0.8240 

The errors of omission and commission are even more improved with the NNC (Table 8). Not only do 

all the PAs and UAs of all classes reach at least 88%, but also, the errors of commission and omission 

are at a maximum of 15% only. This is the reason why the NNC was the chosen classifier for the 2007 

radar image, which was able to reach an overall accuracy of 83.96% (κ=0.76) as seen in Table 9. This 

lowered accuracy could be because the ROIs used to classify the 2007 radar image and ROIs used to 

check its results were selected during the year 2010. This is, as I have mentioned previously, because 

high resolution images for year 2007 were very limited in Google Earth. 

Table 9 Complete error matrix for the NNC for the 2010 radar image 

Class Forest [%] Non-Forest [%] Palm [%] Total [%] User’s Accuracy [%] 

Unclassified 0.69 0.84 0.31 0.62  

Forest 90.98 0.00 10.71 33.96 89.60 

Non-Forest 3.62 89.32 0.94 31.51 95.17 

Palm 4.70 9.83 88.04 33.91 85.63 

Error of Omission 9.02 10.68 11.96 Overall Accuracy 89.4533 

Error of Commission 10.40 4.83 14.37 Kappa Coefficient 0.8423 

 

Table 10 Complete error matrix for the NNC for the 2007 radar image 

Class Forest [%] Non-Forest [%] Palm [%] Total [%] User’s Accuracy [%] 

Unclassified 0.69 1.15 10.16 3.97  

Forest 91.83 0.54 9.23 33.94 90.50 

NF 4.01 87.17 7.90 33.21 88.12 

Palm 3.47 11.14 72.71 28.88 83.04 

Error of Omission 8.17 12.83 27.29 Overall Accuracy 83.9608 

Error of Commission 9.50 11.88 16.96 Kappa Coefficient 0.7640 

 

3.6 Post-Classification Change Detection 

Change detection between the 2007 and 2010 post-classified results (see Figure 20 for the change 

detection map) was applied and its statistics is found below in Table 10. Reforestation, probably due to 

reforestation efforts all over the island, occurred in around 2,700 ha of land. Almost 41,700 ha of non-

forest areas were converted to palm plantations, which were most likely agriculture turning to palm 

plantations. A complete deforestation, where forest and palm areas were completely turned to non-forest 

(agriculture or urban area), occurred in almost 3,300 ha and 16,300 ha, respectively. Degradation, 

wherein forest areas turned to palm areas, occurred in an enormous amount of almost 60,000 ha. A 

doubtful change is observed in the statistics, where palm areas changed back to forest (33,000 ha) in 3 

years’ time. 
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Table 11 Thematic Change Detection Statistics (land cover) 

Change Area (ha) Percentage 

Non-Forest to Forest 2,678.19 0.38 

Non-Forest to Palm 41,656.50 5.88 

Forest to Non-Forest 3,251.25 0.46 

Forest to Palm 59,091.38 8.34 

Palm to Non-Forest 16,272.56 2.30 

Palm to Forest 33,094.88 4.67 
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Figure 20 Change Detection Map of Leyte Island from year 2007 to year 2010 

Though it is doubtful, this changing of palms to forest actually occurs especially if the palms are left 

and not taken care of by farmers, as relayed by locals in Leyte. Another chance of this happening is if 
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trees planted around 10 years ago in these palm areas have become fully grown within the said 3 years. 

But the doubtful part about this is the very large expanse of where this change occurs. Thus, the more 

plausible reason for this improbable occurrence might be due to the misclassification of palm areas in 

the 2007 forest cover map, as indicated by the low PA (72.71%) and high errors of commission 

(16.96%) and omission (27.29%) as found in Table 9. These misclassifications could be because the 

ROIs used to generate the said map were of year 2010. Thus, in order to get better change detection 

analysis/result, better classification would be required for year 2007. 

Some field data, around 10 polygons of around 1 hectare each, were gathered last July 2013 to check if 

the change detection result of this study was consistent with ground data. With the help of local 

knowledge from a number of residents of Southern Leyte, who also served as field guides, the said 10 

polygons were delineated depicting areas that have been consistently coconut palm, forest, or 

mahogany/auri plantations for the past 10 years or so. Since the guides who accompanied the field team 

were scarce and mostly located only in Southern Leyte, the field data gathered was limited to the said 

area, thus not well/randomly distributed all over Leyte Island. Most of the other polygons delineated 

from the field, aside from the indicated 10, were estimated and may not be a good reference for accuracy 

assessment, thus they were not included for validation. 

Still, the data was useful in terms of giving information to check whether the 2007 and 2010 forest 

cover maps, in those 10 selected polygons changed or not. Most of the 1-hectare plots agreed well with 

the 2010 forest cover maps, while some plots, specifically the 30-60 year old palm areas, were classified 

as forest in the 2007 forest cover map. Though, it cannot be generalized for the entire island, it is seen 

that there is a disagreement in the field data with the 2007 forest map, which could also explain the 

dubious changing of palm areas back to forest areas. 

4 Conclusion and Recommendations 

With an overall accuracy of 89.45% for the 2010 forest cover map (κ =0.84) and 83.96% (κ=0.76) for 

the 2007, it can be concluded that the classification was able to achieve a result that is fairly consistent 

with reality. Unfortunately, no accuracy assessment for the change detection was conducted but as Stow 

(1980) stated, the change map will generally be as accurate as the accuracies of the individual 

classification results. With that, it may also be concluded that the change detection map achieved from 

these individual classification results may also have good accuracy. 

In order to achieve better accuracy for the classification of the 2007 radar image, ROIs used to classify 

it should be from the same year and not the ROIs selected in year 2010. Though, this might be a 

challenge as older high resolution images, which easily depict palms from forest, are rarely available in 

Google Earth. However, if very high resolution optical satellite imagery for both years 2007 and 2010 

are available, assuming they are cloud free, then these can be used to further improve the classification 

maps and/or be used as valid reference data, which are required in quantifying the accuracy of the 

change detection maps (Congalton and Green, 2006). On the other hand, the method used in this study, 

is backed by the conclusion in the paper of J.-F. Mas (1999), that post-classification comparison is the 

most accurate way of detecting change. 
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Annex: Classification Maps 
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Figure 21 Maximum Likelihood Classification with No Probability Thresholds assigned 

(Legend: Green - Forest, Red - Coconut Palm, Yellow - Non-Forest) 

 

 
Figure 22 Support Vector Machine with Sigmoid Kernel 

(Legend: Green - Forest, Red - Coconut Palm, Yellow - Non-Forest) 
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Figure 23 Neural Network Classification with Logistic Activation 

(Legend: Green - Forest, Red - Coconut Palm, Yellow - Non-Forest) 
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Figure 24 Final Forest Cover Map for Leyte Island for year 2007 using the best parameter setting found for 

Neural Network Classification 
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Figure 25  Final Forest Cover Map for Leyte Island for year 2010 using the best parameter setting found for 

Neural Network Classification 


