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Abstract. Individual extraction of single tree remained as a challenging process in remote sensing using 
high resolution multispectral images. In this paper, a combination of pixel-based masking and 
object-based segmentation has been successfully presented for the individual delineation of oil palm 
(Elaeis guineensis) tree. The study site area is situated at FELCRA Berhad Estate Sungai Ruku-Ruku in 
the Beluran district of Sabah (North Borneo). A total of sixteen plots were surveyed based on strata 
random pattern within the 166 hectares area of an old oil palm plantation aged between 24 to 25 years. 
Every plot has a radius of 15 meter which consists of approximately eight to thirteen trees inside it. In the 
analysis, relative position of each surveyed trees taken using a moderately accurate handheld GPS has 
been spatially corrected. Three pansharpened multispectral bands were regularly used in this approach 
that were the red, red edge and also near infrared. Further manipulations were carried out using the 
vegetation indices such as the normalized difference vegetation index (NDVI), normalized difference 
infrared index (NDII) and differential vegetation index (DVI) as a masking filter layer. Finally, the 
segmentation process was then carried out using the watershed technique before it was assessed using the 
modified Moller�s area and location based for segmentation goodness measures. Parameter setting 
analysis was also provided to search out the best threshold values used to segment each individual tree. 
Result from the analysis shows a good segmentation rate up to 100% percent from the total evaluated 
trees that were successfully segmented. On the other hand, the oversegmentation and undersegmentation 
coefficient calculated for the segmentation product were 0.3161 and 0.1882 respectively approaching the 
zero value for perfect shape matching condition. In terms of centroid gap distance, the value of goodness 
measure is 0.4010. Lastly, the global performance was evaluated as 0.3142. 
 
 

1. INTRODUCTION 

Geographic Object-Based Image Analysis (GEOBIA) approach in analyzing the high resolution images 
are evolving faster in recent years. (Blaschke 2010, Hay and Blaschke 2010, Addink, Van Coillie et al. 
2012) cover vast research area such as urban structure identification (Agüera and Liu 2009), landslide risk 
evaluation (Aksoy and Ercanoglu 2012), landscape identification (Akbari, Shea Rose et al. 2003), coastal 
zone management (Fornes, Basterretxea et al. 2006, Krause, Bock et al. 2010), health monitoring (Addink, 
De Jong et al. 2010), riparian vegetation mapping (Akasheh, Neale et al. 2008), rainfall estimation 
(Anagnostou, Kalogiros et al. 2010), for military purposes (Chang, Eo et al. 2011), Lidar individual tree 
delineation (Kwak, Lee et al. 2007, Wang, Birt et al. 2011), forest canopy gap estimation (Zhang 2008, 
Hu, Gong et al. 2009) and tree species identification (Koukoulas and Blackburn 2005, Leckie, Gougeon et 
al. 2005, Bunting, He et al. 2009). Along the path of GEOBIA chronologies, it has shown that technology 
enhancement, satellite improvement, sensor refinement as well as the availability of commercial software 
and the success of previous conferences have all contributed to the field (Blaschke 2010, Addink, Van 
Coillie et al. 2012). Nowadays, the GEOBIA research development is still evolving to find a better way 
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towards the further exploration of a high resolution data.   
 
Previously, a pixel-based classification was often used to classify feature objects on the images. In 
environmental studies, it is very useful to extract information based on the spectral signature of the 
corresponding object on earth (Foody, Boyd et al. 2003, Thenkabail, Stucky et al. 2004, Morel, Fisher et 
al. 2012). Throughout the remote sensing development more advance analysis, the object-based 
classification, is able to detect additional information such as the size, shape, texture and also nearby 
object occurrences related to the other. Obviously, object-based approaches have an advantage over the 
pixel-based in terms of object recognition where spatial information was able to be used as medium of 
interpretation. Back to basic, it is all about interpreting a segment polygon that is extracted from the 
images. Perceptibly, behind all the efforts, the object segmentation is the primary base work. 
 
In this paper, we studied the best usage of vegetation indices to improve the segmentation algorithm for 
individual tree using a submeter resolution Worldview02 multispectral satellite data. The subject of 
interest in this paper is the oil palm or its scientific name is Elaeis guineensis. A semi-automatic 
segmentation algorithm had been applied unto the satellite image which was divided into two main parts; 
the image filtering process and object-based segmentations. The aim of object-based segmentation part is 
to delineate every single unit of tree inside the oil palm plantations. Afterwards, an accuracy assessment 
was then carried out unto each successfully segmented oil palm trees with regards to their respective 
collected ground plot data. The results are presented and discussed in detail in the following pages. 
 
 

2. STUDY AREA  

The study site is situated in the district of Beluran at about 120 km to the west of Sandakan city, the second 
largest town in Sabah (North Borneo), Malaysia. Three blocks (A8, A9 and A10) covering an area of 166 
hectares located at FELCRA Berhad Estate Sungai Ruku-Ruku, Beluran had been chosen for ground plot 
data collections as shown in Figure 1. The surrounding is an undulating terrain with an elevation ranging 
from 60 to 138 meter from sea mean level. The Ruku-Ruku river crossed right through the middle of the site 
flowing from South heading to the West which provides the estate enough quantities of water supply to 
irrigate the palms during the dry season in May-September. The river also helps to flow out excess water 
runoff during the rainy season in November-March. The whole estate has been in operation since the year 
1985 operated by its two former owners, Sri Ranau Sdn Bhd and Ladang Sugut Sdn Bhd, before it was sold 
to a government link company, the Federal Land Consolidation and Rehabilitation Authority or FELCRA in 
year 2000. Most of the oil palms in this estate are in their matured phase and now replanting is ongoing to 
replace the old and over matured trees. During the data collection period, about 20% of the area was cleared 
up for the transplanting of new young palms. 
 

 
 
 
 

Figure 1: Study site 
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Worldview02 satellite image 
 
Image was obtained from Worldview02 satellite which was captured on May 10, 2010 over an extending 
area from top (612310) to bottom (607188) and left (530143) to right (535157) according to map datum 
Universal Transverse Mercator (UTM) Zone 50N. This image has been radiometrically corrected and 
geometrically orthorectified using DEM data of SRTM 30 meter before hands over to the customer. 
However, about 10% from the total area of whole image was covered by the clouds. 
Worldview02 consist two types of high resolution data images that are panchromatic and multispectral. 
Each of these data layers has a resample spatial resolution of 0.5 meter and 2 meter respectively. Based on 
the present spatial resolution of colour multispectral data, it is insufficient to detect the tree object 
efficiently. A better result in object identification was obtained after the fusion of the multispectral data with 
finer panchromatic image layer (Ardila, Tolpekin et al. 2011). Same approach has been applied unto the 
Worldview02 data image in this study. 
 
DATA COLLECTION  
 
Data was collected from sixteen (16) plots in stratify random way. Each plot is a circular shape with a 
radius of 15 meter consisting of eight to thirteen trees inside it. All the confined trees are going to be used 
to verify the existence and location of a successfully segmented tree object later on. The locations of all 
these trees were relatively calculated based on the GPS midpoint of the plot. An average time around 20 
minutes was spent to take a GPS reading of the plot�s midpoint.  
 
GPS data corrections 
 
Correction must be done before the GPS data can be utilized to verify each respected segment. A pair 
matching identification technique has been applied here to find connectivity between the uncorrected GPS 
tree point and manually detected tree. The plot�s midpoint location was previously taken using the 
handheld GPS Garmin which possesses accuracy about ±10 meter thus there is a tendency that the GPS 
reading can deviate from its true location. The reading needs to be corrected accordingly before being 
used in the segment verification process. Here, two guidance criterions were used to perform the 
correction that are the nearest position and distributed pattern of each highlighted tree. Connectivity 
between the uncorrected GPS tree point and the manual detected tree was explored this way as illustrated 
in Figure 2. 
 

 
Figure 2: Pair matching identification of GPS point 

 
The distribution patterns of trees inside the plot were easily understood using ArcGIS query function. A 
circular plot�s line drawn in the figure, which enclosed around eight to thirteen trees, was averagely 
shifted a little bit after the deviated distance and direction was determined. The layer of manually detected 
trees was used to steer in the process of tracking back the GPS deviation�s distance and direction by 
applying a buffer at increase interval using the function of select-by-location. It was found out from the 
process that error associated with the GPS data point is ranging from 2.5 to 9 meter with mostly the error 
have occurred at the centre of 5 meter from the overall accuracy limit of ±10 meter. Additionally, this 
direction error can also be determined based on the most similar pairs pattern between uncorrected GPS 
tree point and highlighted manual tree point, as in the above Figure 2 it is heading west (red colour arrow) 
about 3 to 5m distance and not to the east (yellow colour arrow) direction.  
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3. INDIVIDUAL DETECTION ALGORITHM 

The crown component of oil palm images appear to be scattered rather than forming a nicely bounded 
crown due to its pinnate-leaved stand structure which is a bit lower at the columnar stem centre compare 
to the surrounding crown perimeter ((FAO) 1970). Morphologically, looking on the image, this crown 
shape has created a dark-bright fluctuation like salt and pepper appearances that make it difficult to build 
a single segment to represent a single object. Previously, the object-based analysis on oil palm was 
classified only at the general level rather than individual object (Morel, Saatchi et al. 2011, Santoso, 
Gunawan et al. 2011).  
 
Some object classification works were based on the idea of manipulating a spectral band for vegetation 
indices (Peña-Barragán, Ngugi et al. 2011, Santoso, Gunawan et al. 2011). Our studies also have 
similarities with their work where certain bands were manipulated as vegetation index for better 
visualization and interpretation. These layers were then used in smart algorithm to recognize the pattern 
of oil palm object as intelligently as human interpret it (Tansey, Chambers et al. 2009, Santoso, Gunawan 
et al. 2011). Therefore, in this paper, three basic steps were brought up in dealing with a multispectral 
dataset that are: a) image preprocessing, b) image segmentation, and c) segmentation assessment (Korom 
and Phua 2011).  
 
Worldview02 dataset consists of eight bands namely coastal (C: 400-450nm), blue (B: 450-510nm), green 
(G: 510-580nm), yellow (Y: 585-625nm), red (R: 630-690nm), red edge (RE: 705-745nm), near infrared 
1 (NIR1: 770-895nm) and near infrared 2 (NIR2: 860-1040nm). Each band combinations are very useful 
to study on particular applications such as bathymetry, vegetation health and biomass studies. However, 
in these study only three bands, the red, red edge and near infrared were used in the algorithm 
development phase. These are the bands that are useful to generate vegetation indices such as NDVI, 
NDII and DVI. The formula for each index is stated in Table 1 as follows: 

 
Table 1: Vegetation indices (equation; copied and modified from (Gonsamo and Pellikka 2012)) 
 
Vegetation Index (VI) Formula Value range Reference 
Normalized Difference 
Vegetation Index (NDVI)  -1 to +1 (Rouse, Haas et al. 1974) 

Normalized Difference 
Infrared Index (NDII)  -1 to +1 (Hardisky, Klemas et al. 

1983) 
Differential Vegetation Index 
(DVI)   (Richardson and Everitt 

1992) 
 
Pixel-based masking 
 
Under this procedure, one layer mask is needed to filter the unwanted pixels which belong to other object 
other than the oil palm. Thus it enables the next procedure just to concentrate only on individual 
segmentation of the oil palm tree. In order to do so, there are two phases of task involved in the algorithm 
procedure which is manipulating the vegetation index as a filter layer. Firstly, three types of land object 
which were categorised as the barren surface, vegetations and other object such as metal and rock mineral. 
Here, a technique of boosting up the DVI layer by multiplying it with (NDVI + 1) layer was introduced at 
the early step. The major impact of this technique is that it has brought down the brightness of pixel value 
at places which have low quantities of vegetation and yet, has boosted up those pixels with high quantities 
of vegetation. Such an effect enables a fine parameter setting for the determination of more accurate 
threshold value to separate between the three on-land objects based on its pixel brightness criteria. This 
process we referred to as Threshold Filter 1 (TH1) parameter setting as summarized in Table 2.  
 
The next task is dealing with the further sub classification of the vegetation class. Here, the oil palm was 
separated from other types of vegetation such as the shrubs, grasses and different tree species with the 
helps from NDII layer as filter. And again, the threshold lower and upper limit values were strategically 
determined which we referred to as Threshold Filter 2 (TH2) parameter setting. Through this way we 
managed to differentiate each pixel whether it belong to the oil palm or shrubs and grasses. But one has to 
be extra careful during selection of the correct lower and upper limit of the threshold brightness value 
because there is no clear cut where the value can really clarify a transition between oil palm and the other 
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vegetation objects. Furthermore, the threshold value is very much subjected to the quality of satellite 
images which is affected by ground atmosphere-environment conditions and camera sensor efficiency 
during the time the data was captured. Thus, for high accuracy purposes, it is recommended to assess the 
local parameter setting whenever doing a segmentation project at a particular region which involves 
tedious work.  
 
Table 2: Analysis range for threshold lower and upper limit value 
 

Classification region: Entire image Class 2 
Threshold filter: TH1 TH2 

Categories: 
min > Class 1 > TH1low min >= SubClass 1 > TH2low 
TH1low >= Class 2 >= TH1up TH2low >= SubClass 2 > TH2up 
TH1up > Class 3 > max TH2up >= SubClass 3 > max 

 
In trying to get the best segmentation for each oil palm tree, we discovered one problem associated with 
the algorithm. For pixel-based masking, picking the unwanted pixels out of the entire data layer is a 
challenging process where it requires perfect definitions of threshold value setting. In fact we have to 
admit that it is very difficult to get a perfect setting for the threshold. It is a rare case when the isolated 
null pixel did occur within the object bodies caused by the imperfect filtering of the high resolution image 
but it does create such a problematic segmentation during the algorithm implementation.  
 
Object-based segmentation 
 
Our aim is to get a better segmentation for high resolution images based on single-object level rather than 
a multi-object level. And of course, in this paper, the idea behind of the overall effort is to reduce the 
complexity of image into a single-object level before performing the segmentation task. Through this 
approach, it is easier to focus on the single-object rather than trying to do segmentation for multi-object at 
one time. There are many types of segmentation methods that can be implemented to achieve the final 
objective of individual tree delineation such as the region growing, top-down contour, edge detection and 
watershed transformation. 
 
In this case, watershed segmentation looks good for the task which was successfully proven when applied 
unto various applications such as forest tree individual identification, building rooftop delineation, road 
mapping and many more. In watershed transformations, the gradient magnitude of an image will be 
treated as a topographic surface where a high contrast of intensities corresponds to watershed lines or 
region boundaries. In doing so, the image will undergo processes: a) reverse a maximum to minimum 
value, and b) delineate the watershed lines after virtually pouring water on it. Through this method, water 
flows from uphill to downhill which refer to as the common local minimum point and act as an individual 
catchments basin.  
 
 
IMAGE SEGMENTATION GOODNESS MEASURES 
 
Moller (2007) has suggested an object metrics validation to assess the performance of image 
segmentation algorithm. Later it was then modified by Clinton (2010) which specifically developed an 
assessment procedure for object-based segmentation problem. Their method has been adapted in this 
paper to assess the individual delineated oil palm tree extracted from a submeter resolution images. Only 
a successfully matched pair between the manual digitized training object and auto developed segment 
objects was considered in this paper. 
 
The success rate was calculated using below equation (1).  

 (1) 
It was believed that the imperfect pixel masking is the reason behind why full capacities of segment 
generation cannot be achieved. Subsequently, the remaining trees are then evaluated accordingly based on 
their coincided area and centroid gap distance between the manual digitized training object and auto 
developed segment object. The technical explanations about the theories are provided on the next 
subsections. 
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Formula for area-based goodness measures 
 
Let the polygons of manually digitized training object is represent by  and the auto 
developed segment object is represent by . Oversegmentation formula for each 
successfully matched pair  between manual digitized training object and auto developed segment object 
is stated as below: 

where   = manual digitized training object, 
 (2) 

  = auto developed segment object, 
 = union of all possibilities matching cases, and 

  = coincide area between  and . 
And the same happens to the undersegmentation case with formula below: 

 (3) 

 
For both oversegmentation and undersegmentation cases, the scale range is (0, 1) where 0 represents 
perfect condition and vice versa. However, entire evaluations for the segments are crucial. So in global 
terms, the average sum of all matched pairs is stated as below: 

 (4) 

 (5) 

where  is the total number of matched pair between manually digitized training object and auto developed 
segment object. 
 
Formula for location-based goodness measures 
 
The gap distance between the centroid of training object and segment object was used to define a 
mismatch location between them. Let say, if centroid of  is  and centroid of  is  then 
their gap distance can be written as follow: 

 (6) 

If term  is simplified to  then its relative position can be calculated using below 
formula: 

 (7) 

where  is the largest gap distance from the total matched pair. Thus, similar case with 
area-based goodness measures then the overall segment�s location-based evaluation was calculated based 
on formula below. 

 (8) 

The scale range for relative position is also (0, 1) with 0 reflects unto the most perfect cases and vice versa. 
 
Formula for combined goodness measures 
 
Finally, the area-based and location-based goodness measures were then combined to get the overall 
assessment for segmentation accuracy using formula below:   

 (9) 

Bear in mind, statistically, the equation 9 is an average of square root value of the global variance 
segmentation goodness measures. 
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4. RESULTS 

Parameter Setting Analysis 
 
There is no baseline on how and where to initiate a starting point for threshold lower and upper limit. But 
first, it is suggested at least to do some exploration on the pixels at the edge line of an object. A strategic 
iterative analysis was performed in this paper for both threshold filters, TH1 and TH2, in Table 2. After 
examined some object�s edge line, below specifications was suggested for testing: 
TH1: i=0 to 6; TH1low=50 to 650, low=100 and TH1: j=0 to 4; TH1up=600 to 1400, up=200 
TH2: i=0 to 3; TH2low= -0.1 to 0.3, low= 0.1 and TH2: j=0 to 5; TH2up= 0.2 to 0.45, up= 0.05 
Each low and up is the iteration interval for a lower and upper limit. Apply them into the newly 
developed algorithm then we managed to get some results which are presented below. 
 

(a) TH1 change TH2 constant 

(b) TH1 constant TH2 change 
Figure 3: Graph performance of each succeeded iteration, i-th and j-th 

X-axis: Iteration number; and Y-axis: Moller�s coefficient 
 
A total about 148 trees from sixteen plots of ground survey have been used in the evaluations. Success 
rate for segmentation was calculated based on the successfully matched pair between the extracted tree 
segment and GPS corrected tree. Each of polygon goodness measures were calculated using a previous 
mentioned equations and then the sum of all measures which resulted in global assessment are put in 
illustrative figure for better analysis. 
 
Simple analysis by plotting a performance graph to envisage the calculated result can be seen in Figure 3. 
Two types of settings were analyzed by changing the threshold lower limit while putting the upper limit at 
constant to see the changes in their respective global performance and vice versa. It was then increased 
slowly based on preset interval value for each lower and upper limit level. The first filter, TH1, shows 
about four iterations were enough for the result to converge at 95.27% successful rate. Where else, for 
second filter, TH2, the fourth iteration give a reasonable converged result at around 96.62% but next 
iteration will result in 100% successful segmentation rate. 
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Segmentation Algorithm 
 
In general, the final result of the overall task is the individual segment of each oil palm trees which 
extracted from the images. An intelligent but yet simple and easy to follow algorithm are tried to be 
developed which accurately and robustly perform the segmentation task using an input of submeter high 
resolution Worldview02 satellite images. It started with the three original multispectral bands and the 
image was then pan sharpened using the panchromatic layer with finer resolution at 0.5 meter to improve 
the image visuals. Next, vegetation indices were then formed and used to filter out the unwanted object 
classes such as the barren surface, metal or rock mineral and other vegetations (grasses, shrubs and 
bushes). The processes left only the oil palm object to remain in the final output image for input to 
watershed segmentation. Besides detecting the three land objects, the normalized difference vegetation 
index or NDVI also is very useful in separating the clouds and its ground shadow. The infrared vegetation 
index or NDII was then used in further detecting the small portions of grasses and shrubs. Therefore, the 
results of the major algorithm processes are shown in sequence at Table 3. 
 
Table 3: Example of segmentation algorithm results  
 

Step Images Explanations 
1.  RGB display mode: NIR 1, Red Edge and 

Red 
 
A view of Worldview02�s satellite image of 
Block A8, A9 and A10. This pansharpened 
image possesses a good visual for normal 
human eye detection of spatial stratum 
which was used for locating ground plots. 
A presence of about 30% coverage of cloud 
and its shadow will be discarded at the next 
filtering step. 

2.  Pixel-based Masking Process 
 
TH1: Constant 
Filtered region: Black area  
Class 1: min to TH1low (discarded) 
Class 2: TH1low to TH1up (accepted) 
Class 3: TH1up to max (discarded) 
 
 
TH2: Change (i=1, j=4) 
Filtered region: Light green area 
Subclass 1: min to TH2low (discarded) 
Subclass 2: TH2low to TH2up (accepted) 
Subclass 3: TH2up to max (discarded) 
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3.  Individual Tree Segment Extraction 
 
rsuc = 100.00% 
GOSeg = 0.3161 
GUSeg = 0.1882 
GapD = 0.4010 
CSGM = 0.3142 
 
Focus area (yellow colour rectangle box) 
was presented in Figure 4 to larger 
illustration of the individual extraction�s 
result. 

 
 
Individual Delineation Results 
 
Figure 4 is the enlarged result of the above algorithm which shows every individual oil palm trees are 
nicely delineated and represented by one polygon. We provide manual tree delineated segments, 
represented by pink colour irregular shape, as a comparison to show the difference of the segments from 
auto-generated one. Subjected upon a personal judgement, different person may digitize a tree differently. 
So it is good if a second opinion is gathered regarding the digitized layer before proceeding to the next 
evaluation step. Based on the above figure, the light blue line represents each individually 
auto-segmented oil palm tree. Notice that each segment is having a significant area and perimeter 
approaching the size and dimension of the manually digitized oil palm object. However, the segmentation 
procedure was not perfect and is still associated with some errors. It can be seen from the figure that some 
polygons at boundaries are quite small and does not represent a size of one mature or old palm tree 
(purple circle). And furthermore, some oil palm objects are shown divided into two or more polygons 
which should not be happened (yellow circle).  
 

 
Figure 4: Individual delineation result 

 
Generally, the assessment is about a shape comparison between the auto-generated segment and personal 
digitized segment. It is not about how accurate the segment is because a true shape of oil palm tree is not 
available. It is difficult to get a perfect true shape of oil palm from the satellite images. However, 
approximating true shape evaluation still can be applied unto the segments. 
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General comparison 
 
Apparently, compare to a common tropical tree, the oil palm has a different crown shape and texture 
which makes it a little bit difficult to be segmented individually. Meanwhile, the crown of a coniferous 
tree is the easiest shape to be detected and segmented by using the multispectral images based on 
manipulation of the local maximum characteristics (Leckie, Gougeon et al. 2005). In standard practice, 
the peak of tree will be represented by a local highest brightness pixel and this can be easily detected 
using the water basin technique (Wulder, Niemann et al. 2000).  
 
Here, a direct general comparison has been made between our newly developed segmentation algorithm 
and the standard RGB segmentation to investigate the difference between them. Usually, procedure for 
automatic individual segmentation using a normal RGB band is difficult due to the natural shape and 
morphological form of the oil palm tree as can be seen in Figure 5. Basically, the figure is about the same 
image but showing different results produced from two different algorithms using same ArcGIS software 
with segmentation watershed technique. The yellow line indicates an automatic segmentation and the 
pink line indicates a manually digitized palm tree inside one plot. We can conclude that the newly 
developed algorithm provides a quite good segmentation quality compare to over segmented result in 
Figure 5a.  
 

 
Figure 5: Segmentation results 

 
 

5. DISCUSSIONS 

The algorithm presented in this paper was indeed successful using three vegetation indices to improve 
segmentation of an individual oil palm trees. Amongst the vegetation indices that are used as pixel filter 
are the NDVI, NDII and DVI. Although not something new, the idea to reduce a multi-object into 
greyscale single-object level through a pixel filtering before performing the watershed segmentation, has 
shown good result where it can achieve up to 100% detection of total trees inside the plantation area. In 
fact, it was efficiently applied in some previous work where a homogeneous images were individually 
detected and segmented using watershed technique segmentation (Jing, Hu et al. 2012). Xia et al (2007) 
presented an image analysis where objects were efficiently segmented based on the point of viewing it�s 
mean clustered spectral value, which having a similarities with our work but only the scope was more 
focused to a single-object greyscale layer. In parallel to that situation, we also implemented a strategic 
threshold parameter tuning where the solution was easily converged.  
 
However, it is always difficult to get a perfect segment for the objects. The algorithm�s challenge is to 
predict between the line of vegetation biomass level where other vegetations must be clearly 
differentiated from the oil palm biomass such as the grass and shrubs. Imperfections during filter phase 
often occurred during the pre-processing step where the isolated extreme value pixel inside object bodies 
was also filtered out. This event leaves a pixel�s hole within the object bodies which was difficult to be 
segmented later and thus resulted in under segmentation cases. In contrast, over segmentation did also 
occur during the segmentation process where in some consideration needed a post-segmentation efforts 
(Freddrich and Feitosa 2008). Here, an evaluations up to certain extend might be involved in the post 
segmentation process which was a hanky-panky efforts. A simple algorithm without post-segmentation 
are preferred because it is easy, less complicated and also time efficient process which become a priority 
in this paper. What�s next? As a recommendation, manual interruptions should be avoided in the middle 
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of the detection process which is going to be a smart and intelligent algorithm. 
 
It is very important to get a reliable result out of the segmentation algorithm above. Outcome from the 
suggested segmentation algorithm in this paper has been proven as reliable and robust which produces a 
stable result although repeated many times with different threshold values. Although the success 
segmentation rate is good but it is not yet being tested on a various age stages of the oil palm. For the time 
being we are restricted to test the algorithm only on old palm plantation area which in the future we may 
further extend our research unto a younger oil palm. The assessment method suggested in this study also 
depended too much on the human observation which may often be subjected to changes. Besides, it needs 
a red edge band which is usually not available in most high resolution satellite images such as SPOT, 
Ikonos, QuickBird and digital aerial photo. In terms of price, a Worldview02 image is normally a little bit 
expensive compare to the others in its class.  
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