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 The availability of high and very high-resolution imagery is helpful for forest 

inventory, particularly to measure the stand variables such as canopy 

dimensions, canopy density, and crown closure. This paper describes the 

examination of mean shift (MS) algorithm on wetland lowland forest. The 

study objective was to find the optimal parameters for crown closure 

segmentation Pleiades-1B and SPOT-6 imageries. The study shows that the 

segmentation of crown closure with the red band of Pleiades-1B image 

would be well segmented by using the parameter combination of (hs: 6, hr: 5, 

M: 33) having overall accuracy of 88.93% and Kappa accuracy of 73.76%, 

while the red, green, blue (RGB) composite of SPOT-6 image, the optimal 

parameter combination was (hs:2, hr: 8, M: 11), having overall accuracy of 

85.72% and kappa accuracy of 68.33%. The Pleiades-1B image with a spatial 

resolution of (0.5 m) provides better accuracy than SPOT-5 of (1.5 m) spatial 

resolution. The differences between single spectral, synthetic, and RGB does 

not significantly affect the accuracy of segmentation. The study concluded 

that the segmentation of high and very high-resolution images gives 

promising results on forest inventory. 
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1. INTRODUCTION 

The extensive and intensive use of satellite remote sensing data in Indonesia to support natural 

resource management, especially forest monitoring has been started since 1990 using low spatial resolution 

Landsat imagery (30-80 m) [1]. Since the advent of high spatial resolution imageries such as IKONOS (1 m 

panchromatic) image in 1999, followed by QuickBird (0.6 m) band panchromatic in 2001, OrbView (1 m) 

band panchromatic in 2011, SPOT-6 (1.5 m) band panchromatic, and Pleiades-1B (0.5 m) band 

panchromatic, there had been a shift in the use of imagery towards operational practical activities such as 

forest inventory to assess the timber standing stock [1], [2]. In 2016, the Ministry of Environment and 

Forestry has issued a regulation to formalize the use of high- and very-high resolution imageries for periodic 

comprehensive forest (PCFI) performed by each concession holder. The image analyses for the PCFI were 

mostly done by using visual interpretation. 

Forest inventory is an activity to collect information about forest conditions [3]. Inventory of 

wetland lowland forest ecosystems is quite challenging and not efficient, if all done by terrestrial methods. 

Therefore, a combination of methods between terrestrial surveying and remote sensing techniques utilizes 

https://creativecommons.org/licenses/by-sa/4.0/
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Pleiades-1B and SPOT-6 imagery to measure stand dimension variables such as crown diameter, crown 

closure and percentage of crown closure. 

The main challenge in using high-resolution and very-high resolution imageries with visual method 

were the consistency and accuracy on measuring stand dimensions such as measuring the percentage of 

crown closure, number of trees and crown diameter [4]. To date, there is no practical algorithm available for 

measuring the percentage of crown cover automatically. In these challenges, the authors try to evaluate the 

segmentation technique to obtain information of crown cover consistently with accurate assessment. In 

tropical forest, particularly, each forest ecosystem type has various characteristics of canopy size, canopy 

layer and stand density. In this study, the segmentation analysis was evaluated on low land forest.  

To analyze high spatial resolution images, the commonly used image analysis method is object-

based image analysis (OBIA), where the homogeneity of an object segmentation does not solely rely on 

spectral variations, but also considers the shape and size of the object [5]. The object-based method of 

interpreting objects considers color (spectral), size, and shape [2], [6]-[8]. Several studies have concluded 

that object-based methods have higher accuracy than pixel-based methods [2], [8], [9]. The weakness of the 

pixel-based image analysis method only considers the color (spectral) of the object that describes the 

brightness value (digital number) [10], [11]. 

The OBIA begins with a segmentation process that aims to divide the image into several 

homogeneous areas that do not overlap [12], [13]. The mean shift (MS) algorithm is an object-based 

segmentation algorithm that consists of three parameters, namely: spatial radius (hs), range radius (hr), and 

minimum region size (M) [14]. Several studies have used the MS algorithm in identifying land use in the 

optimal GeoEye-1 composite image parameter combination (hs: 30, hr: 35, M: 85.2) [7], the segmentation 

studies detect forest changes due to storms on Formosat-2 red band images with optimal parameter 

combinations (hs: 17, hr:2) [15], the segmentation studies of pine, deciduous, and spruce trees on light 

detection and ranging (LiDAR) with optimal parameter combination (hs: 50, hr: 50, M: 200) [16], the 

segmentation study of crown closure on the Nipah ecosystem used composite images of RGB unmanned 

aerial vehicle (UAV) with optimal combination parameters (hs: 10, hr: 10, M: 50) [17], the segmentation 

studies of crown closure for the development of a stand prediction model in the SPOT-6 RGB composite 

image for optimal segmentation combination (hs: 5, hr: 21, M: 4) [4]. The determination of this parameter is 

very important because it affects the segmentation results [5], [18], [19]. 

Although several previous studies have been carried out in order to determine the optimal 

parameters for the mean shift algorithm, information on optimal parameters for wetland lowland forests is not 

yet available. In this study, the main objective was to find out the optimal parameters of the MS algorithm for 

the detection of crown closure on wetland lowland forests ecosystems using images of Pleiades-1B spatial 

resolution of 0.5 m and SPOT-6 spatial resolution of 1.5 m. 

 

 

2. RESEARCH METHOD 

2.1.   Site description 

The research was conducted within the concession area of Tunas Timber Lestari  TTL  In   s p rm t 

  o r p    lly lo  t     tw  n                     Sout  L t tu    n    tw  n                        E st 

Longitude, Boven Digoel Regency, Papua Province as shown in Figure 1. Field observation and field 

measurements were conducted in 2018. 
 

 

 
 

Figure 1. Map of the study site  
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2.2.   Data and software 

The main data used in this study were SPOT-6 dan Pleiades-1B imagery October 11th, 2018 

recording consisting of: blue, red, green, near infrared (NIR), and panchromatic bands. The tools used were 

global positioning system (GPS), compass, tally sheet, and camera. ERDAS Imagine 2014 version software 

was used for image processing, image classification and quantum geographic information system (QGIS) 

version 3.4.0 installed Orfeo toolbox plugins version 6.6.1 were used for image segmentation. 

 

2.3.   Field measurement 

Field data collection used a purposive sampling method based on the percentage of canopy closure 

and accessibility availability. 83 sample plots in Pleiades 1B image and 49 plots were taken in the SPOT-6 

image. Plot size (50x50m) of four sample trees measured the diameter of the crown, with the minimum 

diameter of a crown was of 4 meters, maximum diameter was of 10 meters, and an average diameter was of 6 

meters. The size of the crown diameter became the basic knowledge to visually delineate the crown diameter 

above 1: 150 scale imagery. 

 

2.4.   Pre-processing 

Preprocessing imagery consisted of (1) geometric correction (2) sharpening of Pleiades-1B and 

SPOT-6 multispectral images using the Brovey method [20] (3) image cropping based on area of interest 

(AOI) (4) RGB stacking layer Pleiades-1B images (R: green, G: red, and B: NIR) and SPOT-6 imagery (R: 

green, G: red, and B: blue) (5) the making of principal component analysis (PCA). 

 

2.5.   Segmentation 

Image segmentation is the process of dividing an image into non-overlapping areas [11], [12]. The 

MS Algorithm is a technique of grouping images based on an iterative scheme to detect peak density (mode) 

using an empirical probability density function [14], [21]. This algorithm consists of three parameters (1) 

spatial radius (hs) is the spatial radius of the object which functions to control the distance (2) radius range 

(hr) is the spectral value range which functions as a grouping of several homogeneous pixels in one segment, 

(3) Minimum region size (M) is the number of object pixels, the minimum size of the number of pixels to 

form a segment [17]. This research conducted delineation of the tree crown to determine the value (hs) of the 

tree crown radius, (hr) the spectral standard deviation of the tree crown, (M) the number of pixels of the tree 

crown. In Tables 1 and 2 the threshold value for the combination of parameters is the minimum pixel value, 

maximum pixel and average pixel input parameters (hs, hr, and M). Thus this study tested 27 combinations 

of MS algorithm parameters on the blue (B), red (R), green (G), NIR bands, principal component analysis 

(PCA) image transformation, and Pleiades-1B composite RGB (R: green, G: red and B: NIR) and SPOT-6 

RGB composite (R: green, G: red, and B: blue). 

 

 

Table 1. Combination of Pleiades-1B image segmentation parameters 

Code hs 
hr 

M Code hs 
hr 

M 
B R G NIR PCA RGB B R G NIR PCA RGB 

K-01-P 4 10 5 7 21 12 7 33 K-15-P 6 31 14 26 74 42 28 123 
K-02-P 4 10 5 7 21 12 7 68 K-16-P 6 53 23 47 158 72 58 33 

K-03-P 4 10 5 7 21 12 7 123 K-17-P 6 53 23 47 158 72 58 68 

K-04-P 4 31 14 26 74 42 28 33 K-18-P 6 53 23 47 158 72 58 123 
K-05-P 4 31 14 26 74 42 28 68 K-19-P 10 10 5 7 21 12 7 33 

K-06-P 4 31 14 26 74 42 28 123 K-20-P 10 10 5 7 21 12 7 68 

K-07-P 4 53 23 47 158 72 58 33 K-21-P 10 10 5 7 21 12 7 123 
K-08-P 4 53 23 47 158 72 58 68 K-22-P 10 31 14 26 74 42 28 33 

K-09-P 4 53 23 47 158 72 58 123 K-23-P 10 31 14 26 74 42 28 68 

K-10-P 6 10 5 7 21 12 7 33 K-24-P 10 31 14 26 74 42 28 123 
K-11-P 6 10 5 7 21 12 7 68 K-25-P 10 53 23 47 158 72 58 33 

K-12-P 6 10 5 7 21 12 7 123 K-26-P 10 53 23 47 158 72 58 68 

K-13-P 6 31 14 26 74 42 28 33 K-27-P 10 53 23 47 158 72 58 123 
K-14-P 6 31 14 26 74 42 28 68          

Note: K denotes combination; the two digit number (e.g., 22) denotes the number of combinations; P express Pleiades-1B; while B, R, 

G, NIR, PCA and RGB are expressing blue, red, green, near infrared, principal component, and composite of RGB; hs express 
spatial radius; hr express range radius; M express minimum region size 
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Table 2. Combination of SPOT-6 image segmentation parameters 

Code hs 
hr 

M Code hs 
hr 

M 
B R G NIR PCA RGB B R G NIR PCA RGB 

K-01-S 2 4 4 2 13 6 8 11 K-15-S 3 11 12 6 43 18 17 56 
K-02-S 2 4 4 2 13 6 8 27 K-16-S 3 25 25 14 92 37 29 11 

K-03-S 2 4 4 2 13 6 8 56 K-17-S 3 25 25 14 92 37 29 27 

K-04-S 2 11 12 6 43 18 17 11 K-18-S 3 25 25 14 92 37 29 56 
K-05-S 2 11 12 6 43 18 17 27 K-19-S 4 4 4 2 13 6 8 11 

K-06-S 2 11 12 6 43 18 17 56 K-20-S 4 4 4 2 13 6 8 27 

K-07-S 2 25 25 14 92 37 29 11 K-21-S 4 4 4 2 13 6 8 56 
K-08-S 2 25 25 14 92 37 29 27 K-22-S 4 11 12 6 43 18 17 11 

K-09-S 2 25 25 14 92 37 29 56 K-23-S 4 11 12 6 43 18 17 27 

K-10-S 3 4 4 2 13 6 8 11 K-24-S 4 11 12 6 43 18 17 56 
K-11-S 3 4 4 2 13 6 8 27 K-25-S 4 25 25 14 92 37 29 11 

K-12-S 3 4 4 2 13 6 8 56 K-26-S 4 25 25 14 92 37 29 27 

K-13-S 3 11 12 6 43 18 17 11 K-27-S 4 25 25 14 92 37 29 56 

K-14-S 3 11 12 6 43 18 17 27          

Note: K denotes combination; the two digit number (e.g., 22) denotes the number of combinations; S express SPOT-6; while B, 

R, G, NIR, PCA and RGB are expressing blue, red, green, near infrared, principal component, and composite of RGB; hs 

express spatial radius; hr express range radius; M express minimum region size 

 

 

2.6.   Segmentation classification  

This research combined an object-based MS and pixel-based multileaf collimator (MLC) algorithm. 

The MS algorithm produced object segmentation or polygons, while the MLC algorithm was used to classify 

images of crown closure class and gap class. Crown closure was the topmost part (branches, twigs, and 

leaves) of the stand, while the gap is the empty area or shadow between the branches, branches and leaves of 

the stand, the forest floor, and the ground surface. The results of the MLC classification were used for 

labeling, segmentation classification labeling process as shown in Figure 2.  

 

 

    
(a) (b) (c) (d) 

 

Figure 2. The steps of the segmentation classification process: (a) MS segmentation results, (b) MCL 

classification results, (c) The MLC and MS results overlap, and (d) segmentation classification results;  

( ) crown closure and ( ) gap 

 

 

2.7.   Accuracy assessment 

The accuracy assessment compared reference data in the form of visual delineation interpretation 

data on a scale of 1: 150 with segmentation data. Accuracy assessment used the area approach method [22]. 

The accuracy assessment procedure was reference data overlapping with segmentation data to obtain overall 

accuracy (OA) and kappa accuracy (KA). Accuracy assessment used the formula overall accuracy (OA) and 

kappa accuracy (KA) [23]:  

 

    
∑    
 
   

 
      

 

    
  ∑      ∑         

 
   

 
   

  ∑       
      

 

where: 

Xii  : Coincided value (number of pixel) 

X+1  : The sum of column j 

Xi+  : The sum of row i  

N  : Total pixel 
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2.8.   Evaluation of z test 

The z test aims to determine whether segmentation accuracy affects band differences (red, blue, 

green, near infrared reflectance (NIR), principal component analysis (PCA), and RGB) and spatial images of 

Pleiades-1B (0.5 m) and SPOT-6 (1.5 m), the hypothesis of this study: 

 Ho: The insignificant difference on the segmentation accuracy of the bands (red, blue, green, NIR, 

PCA, and RGB and spatial resolution of Pleiades-1B and SPOT-6 images 

 H1: The significant difference on segmentation accuracy (red, blue, green, NIR, PCA, and RGB and the 

spatial resolution of Pleiades-1B and SPOT-6 images. 

Two classification accuracy kappa values are significantly different from the criteria for a z score 

greater than z table of 1.96. z test used the formula [23]: 

 

  
      

√  
    

  

  

 

where: 

z : Score z 

  : Kappa accuracy 

   : Kappa accuracy variance  

 

 

3. RESULTS AND DISCUSSION 

3.1.   The optimal combination of parameters 

 The study found the best combination parameters in the Pleiades-1B and SPOT-6 images for each 

band as shown in Tables 3 and 4. It was found that the best parameter combination of the red band of 

Pleiades-1B is K-10-P-R (hs: 6, hr: 5, M: 33) having overall accuracy (OA) of 88.93% and kappa accuracy 

(KA) of 73.76%. The second-best combination was provided by the green band, i.e., K-13-P-G (hs: 6, hr: 26, 

M: 33) with OA of 88.92% and KA of 73.55%. For SPOT-6 images, the best segmentation was derived from 

K-01-S-RGB (hs: 2, hr: 8, M: 11) giving OA of 85.72% and KA of 68.33%. From the OA perspective, the 

OA accuracies provided by both the Pleiades and SPOT-6 images were belonged into good category [24], 

since theirs OA values larger than 80%. From the KA or Kappa value index perspective, the KA values 

obtained could be categorized into the moderate level, within the range of 60%-79%) [25]. 

 

 

Table 3. The optimal combination of parameters for the Pleiades-1B image 

Combination (hs, hari & m) 
Accuracy 

OA KA 

K-22-P-B ( hs: 10, hari: 31, M: 33) 88.69% 72.91% 

K-10-P-R (hs: 6, hari: 5, M: 33) 88.93% 73.76% 
K-13-P-G (hs: 6, hari: 26, M: 33) 88.92% 73.55% 

K-10-P-NIR (hs: 6, hari: 21, M: 33) 88.56% 72.90% 

K-01-P-PCA (hs: 4, hari: 12, M: 33) 87.50% 70.31% 

K-13-P-RGB (hs: 6, hari: 28, M: 33) 88.67% 73.08% 

Note: K denotes combination; the two-digit number at the third and fourth characters (e.g., 22, 

  ,  ,  ,           not s t   num  r of  om  n t on; L tt r “P”  xpr ss s t   Pl     s-1B image; 
while the characters B, R, G, NIR, PCA and RGB are expressing the wavelength and /or band 

combination, namely, blue, red, green, near infrared, principal component, and composite of RGB  

 

 

Table 4. The optimal combination of parameters for the SPOT-6 images 
Combination 

(hs, hr & m) 

Accuracy 

OA KA 

K-22-S-B (hs: 4, hr: 11, M: 11) 85.43% 66.58% 

K-13-S-R (hs: 3, hr: 12, M: 11) 85.39% 67.22% 
K-04-S-G (hs: 2, hr: 6, M: 11) 85.81% 67.39% 

K-01-S-NIR (hs: 2, hr: 13, M: 11) 84.78% 66.15% 

K-10-S-PCA (hs: 3, hr: 6, M: 11) 85.58% 68.05% 

K-01-S-RGB (hs: 2, hr: 8, M: 11) 85.72% 68.33% 

Note: K denotes combination; the two-digit number at the third and fourth characters (e.g., 22, 

10,13,11,01 &       not s t   num  r of  om  n t on; L tt r “S”  xpr ss s t   SPOT-6 image; 
while the characters B, R, G, NIR, PCA and RGB are expressing the wavelength and /or band 

combination, namely, blue, red, green, near infrared, principal component and composite of RGB. 
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3.2.   Evaluate variations of parameter values (hs, hr, and M) 

From the analysis of both the Pleiades-1B and SPOT-6 images, it was shown that variations of spatial 

radius hs parameter from 2 to 4 did not significantly change the accuracy, either OA or KA (Figures 3 and 4). 

The Figure 3 shows that the accuracies of natural forest crown closure segmentation derived from Pleiades 

images, while Figure 4, is showing the accuracies derived from SPOT-6 images. It is shown that the 

accuracies do not vary at all between different hs values, either within the same images, or different images, 

for both the Pleiades-1B and SPOT-6 images. These findings are in line with the findings of some previous 

studies [4], [14], [17], where the variation in hs parameter values did not change the classification accuracy 

of segmentation significantly.  

Visually, the comparison between the crown closure at the original Pleiades-1B and SPOT-6 images 

with the segmented polygons, there is no significant difference between the segmentation results using 

different hs parameter values. As depicted in Figure 5, the polygons of the segmentation of crown closure in 

the Pleiades image show that the polygons of segmentation that are the most similar in size and shape to the 

size dan shape of crown closure and stand gap in the original image Figure 5(a) are those generated by the hs 

parameter with a range of values 4 and 6 Figures 5(b) and (c). Segmentation using the hs parameter value of 

10 tends to produce overestimated crown closure (Figure 5(d)). While the crown closure segmentation in the 

SPOT-6 images, the obtained polygons of the segmentation that is most similar to the size dan shape of 

crown closure condition in the original image Figure 5(e) is the polygon obtained using hs values ranging 

between 2 and 3 Figures 5(f) and (g). The SPOT-6 image segmentation with a value of hs 4 tended to 

produce underestimated crown closure Figure 5(h). 

 

 

 
Figure 3. Variation of spatial radius (hs) parameter in Pleiades-1B image 

 

 

 
 

Figure 4. Variation of spatial radius (hs) parameter in SPOT-6 image 
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(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

 

Figure 5. Display of segmentation of Pleiades-1B and SPOT-6 images using different spatial radius (hs) 

parameter values: (a) Original Pleiades-1B image, (b) Segmentation Pleiades-1B parameter (hs: 4),  

(c) Segmentation Pleiades-1B parameter (hs:6), (d) Segmentation Pleiades-1B parameter (hs:10), (e) Original 

SPOT-6 image, (f) Segmentation SPOT-6 parameter (hs:2), (g) Segmentation SPOT-6 parameter (hs:3), and 

(h) Segmentation SPOT-6 Segementasi (hs:4); ( ) crown closure and ( ) gap 

 

 

Figure 5 describes how the segmentation results obtained using the Pleiades-1B and SPOT-6 

images. Visually, the results of segmentation using Pleiades-1B provided more detailed canopy detection 

(better precision) than the results using SPOT-6 imageries. The results of stand crown closure segmentation 

using SPOT-    v      t “rou    s  m nt t on r sult  omp r   to t os  prov      y Pl     s,  t looks l k  

there is a "gap" generalization process. This is an indication that the detail of spatial resolution plays a 

significant role in gap detection, especially in detecting crown closure. 

From the perspective of range radius hr parameter, it was found that variations of the hr parameter 

had been causing the high variety of both the overall and kappa accuracies Figures 6 and 7. As the hr is greater, 

then the accuracy of OA and KA decreases, either at the Pleiades-1B or SPOT-6 images Figures 6 and 7. The 

OA and KA accuracy values of segmentation are strongly affected by the parameter of range radius. As 

shown in Figures 6 and 7, the greater the hr, the less accurate the segmentation. In line with previous studies, 

the variation in the hr values causes the segmentation accuracy to be low [4], [7], [15], [26], [27]. In this 

study, the accurate of segmentation of crown closure using Pleiades-1B were provided by hr values between 

7 and 42 Figure 6; while for the SPOT-6, the accurate segmentation were provided by hr values ranging from 

4 to 18 (Figure 7). In line with previous studies, the variation in the hr values causes the segmentation 

accuracy to be low [4], [7], [15], [26], [27].  
 

 

 
 

Figure 6. Variation of range radius (hr) parameter in Pleiades-1B image 
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Figure 7. Variation of range radius (hr) parameter in SPOT-6 image 

 

 

Figure 8 shows that there is a significant spatial difference between the values of the different radius 

range parameters. Figure 8(a) the original Pleiades-1B image, hr with a value of 21 Figure 8(b) provides the 

best segmentation accuracy, then the accuracy will slightly decrease when the hr value is increased to 74 

Figure 8(c). Furthermore, detection will be inaccurate if the hr value is 158 (Figure 8(d)). Figure 8(e) the 

original SPOT-6 image, the best hr parameter value is obtained when the hr value of 13 Figure 8(f), better 

than the gap generated by the hr parameter value of 43 Figure 8(g) as well as hr value of 92 Figure 8(h). In 

the image, the segmented SPOT-6 using an hr value of 92 Figure 8(h) show that many gaps were detected as 

stand crown closures. 
 
 

    
(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

 

Figure 8. Display of segmentation of Pleiades-1B and SPOT-6 images using different range radius (hr) 

parameter values: (a) Original Pleiades-1B image, (b) Segmentation Pleiades-1B parameter (hr: 21),  

(c) Segmentation Pleiades-1B parameter (hr: 74), (d) Segmentation Pleiades-1B parameter (hr:158),  

(e) Original SPOT-6 image, (f) Segmentation SPOT-6 paramater (hr: 13), (g) Segmentation SPOT-6 

parameter (hr: 43), and (h) Segmentation SPOT-6 parameter (hr: 92); ( ) crown closure and ( ) gap 

 

 

This study shows that variation of the minimum area M had been caused the variation of overall 

accuracy (OA) and kappa accuracy (KA) (Figures 9 and 10). As shown in Figure 9, better segmentation 

accuracy in Pleiades-1B images is provided by M value of 33, while in SPOT-6, the better accuracy was 

provided by M value of 11. The greater the M parameter value, the less accurate the segmentation was 

obtained. In line with research on crown closure segmentation in the Nipah ecosystem, parameter variations 

M lead to low segmentation accuracy [17], segmentation on land cover parameter variations M has low 

segmentation accuracy [28]. The study results indicate that the minimum region size M parameter is one of 
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the key variables to successful segmentation. In this study, the M parameter is very dependent on the spatial 

resolution of the segmented image. In the canopy closure segmentation on the Pleiades-1B image which has a 

spatial resolution of 0.5 x 0.5 m, it is found that the best M parameter is around 33 pixels, equivalent to 8.25 

m
2
. If the measure of M is increased to 68 or 123, the accuracy value will get worse (Figure 9). As for the 

segmentation of the canopy cover on the SPOT-6 image with a spatial resolution of 1.5 x 1.5 m, the best 

value of the M parameter is 11 pixels, or equivalent to 24.75 m
2
, almost 3 times the size of the minimum area 

of the region size in Pleiades-1B. If the value of M used is increased to 27 and 56, the overall accuracy value 

and Kappa accuracy will decrease. In the canopy cover segmentation using SPOT-6, many small canopy gaps 

were not detected by the SPOT-6 image, so the percentage of canopy cover became overestimated. 

Spatially, the polygon variations obtained from the Pleiades-1B image segmentation are presented in 

Figures 11(a) to (d). From the visual comparison results, the segmentation polygon generated by parameter M 

with a value of 11 obtained the most accurate estimation of canopy cover. If the M value is further increased, 

the estimated canopy cover will become increasingly overestimated. For SPOT-6 images, the optimum M 

size value is 11, whereas if the M value is increased to 27 or even 56, the accuracy value will decrease. 

Spatially as shown in Figures 11(a) to (h), the results of segmentation using an enlarged value will decrease 

the accuracy value. 

 

 

 
 

Figure 9. Variation of minimum region size (M) parameter values in Pleiades-1B image 

 

 

 
 

Figure 10. Variation of minimum region size (M) parameter values in SPOT-6 image  
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(a) (b) (c) (d) 

    
(e) (f) (g) (h) 

 

Figure 11. Display of segmentation with different parameter values (M) of Pleiades-1B and SPOT-6 images: 

(a) Original Pleiades-1B image, (b) Segmentation Pleiades-1B parameter (M: 33), (c) Segmentation Pleiades-

1B parameter (M: 68), (d) Segmentation Pleiades-1B parameter (M: 123), (e) Original SPOT-6 image,  

(f) Segmentation SPOT-6 parameter (M: 11), (g) Segmentation SPOT-6 parameter (M: 27),  

and (h) Segmentation SPOT-6 parameter (M: 58); ( ) crown closure and ( ) gap 

 

 

3.3.   Comparison of segmentation accuracy between the Pleiades-1B and SPOT-6 images 

The best three of OA and KA derived from both the Pleiades-1B and SPOT-6 images, namely, K-

10-P-Red, K-13-P-Green, K-13-P-RGB, K-01-S-RGB, K-10-S-PCA, K-04-S-Green, we examined their 

significant difference by using z-test (Table 5). It is shown that there is no significant difference among the 

best three of segmentation derived from Pleiades. This means that the combination of K-10-P-Red, K-13-P-

Green, K-13-P-RGB provide comparable results. Segmentation accuracy using the red band or the green 

band as well as the RGB combination is giving almost the same accuracy. This might be due to the fact than 

wavelength among the visible bands, where they have remarkably close inter-band correlation. Vegetation 

still has a relatively low reflectance in the blue and red channels compared to the green and near infrared 

channels [29]. The study results show that very high-resolution of Pleiades images can provide a detailed 

crown characteristic, such as crown closure and gap objects, even though it was segmented using only a 

single band such as red or green band as mentioned before. 

In contrast, the study found that there are significant differences between the results obtained using 

very high resolution of Pleiades and high-resolution images of SPOT-6. Kappa accuracy derived from 

Pleiades is significantly better than those obtained from SPOT-6. The better the spatial resolution of Pleiades-

1B (0.5 x 0.5 m) provide significantly better segmentation than those from SPOT-6 image with 1.5 x 1.5 m 

spatial resolution (sees Table 5 at the rows and column of SPOT-6). Thus, the very high-resolution images of 

Pleiades-1B (0.5 m) produce better detection of crown closure and gap classes than the SPOT-6. The z-values 

with asterisk marks in Table 5 are expressing that those pairs are significantly different. In contrast, the z-

values with no asterisk mark means that those pairs have significant difference in accuracy. This study 

concluded that the spatial resolution affects the segmentation accuracy. Previous studies of differences in 

spatial resolution showed significant differences in accuracy [30]-[32]. 

 

 

Tabel 5. Comparison of kappa accuracy of Pleiades-1B and SPOT-6 image segmentation 

Images 

 Pleiades-1B SPOT-6 

 Kappa Variance K-10-P-
Red 

K-13-P-
Green 

K-13-P-
RGB 

K-01-S-
RGB 

K-10-S-
PCA 

K-04-S-
Green 

Kappa   73.72 73.55 73.08 68.33 68.05 67.39 

Variance   0.12 0.12 0.12 0.23 0.23 0.23 

    The z-values 

Pleiades-
1B 

K-10-P-Red 73.72 0.12  0.44 1.38 9.09* 9.57* 10.67* 

K-13-P-Green 73.55 0.12 0.44  0.95 8.73* 9.20* 10.31* 

K-13-P-RGB 73.08 0.12 1.38 0.95  7.94* 8.42* 9.52* 

SPOT-6 

K-01-S-RGB 68.33 0.23 9.09* 8.73* 7.94*  0.42 1.38 

K-10-S-PCA 68.05 0.23 9.57* 9.20* 8.42* 0.42  0.96 

K-04-S-Green 67.39 0.23 10.67* 10.31* 9.52* 1.38 0.96  

Note: *) There is a significant difference in the value of z value > z table 1.96 
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As presented in Table 5, it is shown that the highest Kappa value is obtained from the K-10-P-Red 

combination, with a KA value of 73.72%. This study also shows that there is no significant difference in 

accuracy between K-10-P-Red and K-13-P-Green and K-13-P-RGB. The segmentation accuracy will have 

significantly lower accuracy if the source of segmented images has lower spatial resolution. The best 

parameter for detection of crown closure and gap from segmented SPOT-6 images, is K-01-S-RGB with KA 

68.33%. In general, it is concluded that the spectral and spatial resolution of images affect the success of the 

results segmentation. 

The study also noted that the integration between the mean shift segmentation method and pixel-

based maximum likelihood classifier (MLC) algorithms could improve the accuracy of the crown closure and 

gap classes detection. This is because the most critical step in segmentation is in the labelling process [17], 

[33]. The MLC algorithm is a pixel-based classification based on spectral responses taken from the training 

area [11]. However, since high-spatial resolution imagery could has higher spectral variation in a object, then 

it will reduce the accuracy, when the classification is solely based upon the pixel-based algorithms alone [8]. 

Thus, the interactive hybrid between the object-based and pixel-based approach is recommended.  

 

 

4. CONCLUSION 

From the foregoing discussion, the study concluded that the most accurate combination of 

segmentation parameters for detecting crown closure using Pleiades-1B image in wetland forest ecosystems 

is a combination of parameters of (hs: 6, hr: 5, M: 33) with an OA of 88.9% and KA of 73.8%. For 

segmenting crown closure using SPOT-6, the best combination of parameters is (hs: 2, hr: 8, M: 11 with an 

accuracy of 85.6% OA and 68.3%. It is also concluded that there is no significant difference between the 

segmentation using single band, composite, or synthetic principal component analysis (PCA) for each image 

using either Pleiades-1B or SPOT-6 images. Pleiades-1B with has a very high spatial resolution provide 

higher segmentation accuracy, better than the SPOT-6 (with 1.5 m spatial resolution). In general, the 

application of MS algorithm for detecting crown closure in Pleiades provides good overall accuracy of 85%. 

The study still leave a future work for evaluating various spatial and spectral resolutions including the images 

derived from UAV with sub-meter spatial resolution. Verification of models in diverse types of ecosystems 

also needs to be continued to examine its stability and measure whether this model could be generalized. 
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