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Abstract  

This study used a watershed algorithm to detect canopy cover in dryland forests. The objective of this 

study was to determine the best parameters of the watershed segmentation algorithm to obtain 

information on crown closure from filtered and unfiltered high- and very-high-resolution images. The best 

performance of each parameter combination of the tolerance value (T), mean value (M), and variance 

value (V), which is written as C:[T]-[M]-[V], is determined based on the level of accuracy. This study used 

Pleiades-1B and SPOT-6 images as primary digital data. The results showed that the low-pass filtered 

Pleiades-1B image showed the best performance with a combination of parameters C6-MF:[10]-[0.7]-

[0.3], with an overall accuracy (OA) of 91.0% and an accuracy Kappa (KA) of 83.2%. The low-pass filtered 

Spot-6 image shows a combination of parameters C7-MF:[10]-[0.8]-[0.2], which has an accuracy of 90.6% 

OA and 65.4% KA. This study concludes that the filtered image with a low-pass filter always yields more 

accurate results than the original data (without a filter) for both Pleiades-1B and SPOT-6 images. The very 

high spatial resolution provides better accuracy than the high spatial resolution.  

Keywords: Low-pass filter, Pleaides-1B, Spot-6, Superpixel, Watershed Algorithm

1. Introduction  

Satellite imagery with high and very high spatial resolution has presented enormous 
opportunities and challenges for forest inventories, where image classification can no longer 
rely on a pixel-based approach. The object-based approach is more effective when the image 
has a high spatial resolution, with a pixel size of less than 1.5 m. The watershed algorithm is 
one of the simplest algorithms that has not been widely used for canopy-closure 
segmentation. This algorithm provides an excellent perspective to detect canopy cover semi-
automatically, which is one of the key variables in estimating stand volume and forest carbon 
stock. Mathematical models for estimating stand stocks often use variable canopy cover as 
the most applicable variable for forest inventories.  The crown closure variable is the most 
practical visual interpretation variable commonly used in predicting either the timber 
technique or biomass stock using high and very high spatial resolutions.  In practice, 
estimating stand volume using the variables of crown closure (canopy cover), number of 
trees, and tree crown diameter may result in an average error of < 10%. However, this level 
of accuracy can generally be achieved only by experienced foresters with skillful knowledge 
of image analysis. Crown closure can be obtained quickly, accurately, and consistently using 
high- and high-resolution imagery. Object-based methods for dealing with objects consider 
the color, size [1], shape, and texture of the analyzed object [2]. Therefore, it is necessary to 
examine a more quantitative approach that applies automatic or semiautomated methods 
to obtain crown closures. The quantitative approach tested here combines both pixel- and 
object-based algorithms. 

The watershed algorithm considers the mean and variance of the bands that are used to 
determine the segmentation of each class. The watershed algorithm shows perfect accuracy 
in hyperspectral images[3]. In addition, a segmentation method using the watershed 
algorithm shows that this method is very effective for image segmentation[4]. Using the 
watershed algorithm for boreal forest classification has also shown excellent results[5]. There 
is still no research on watershed algorithms, especially for canopy and slit classification; 
therefore, there is a need for research using watershed algorithms for canopy closure 
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segmentation. Watershed algorithms classify land use and cover [6], settlement extraction 
[7], and satellite-based rainfall forecasts [8]. Studies on very high spatial resolution image 
segmentation for tropical forest classification using watershed algorithms have not yet been 
conducted. The objective of this research was to find the best segmentation parameters 
using the watershed algorithm for classifying tree canopies in tropical forests using Pledes-
1b images, both with and without filters. 

2. Research Methodology 

2.1 Research Area 

The study site was located in a concession area in the Bulungan Regency, North Kalimantan 
Province. Geographically, the study site is situated between 20°09'199″–30°34'48"″ S and 
116°04'41″–117°57'56″ East Longitude (Figure 1). Data were collected from December 23 to 
28, 2020. The data were analyzed at the Remote Sensing and GIS Laboratory, Department of 
Forest Management, Faculty of Forestry, IPB University. 

 

Figure 1. Sampling sites in the anchialine habitat of red shrimp at Koguna Beach area, Buton Island 

2.2 Material 

Segmentation in research using software TerrSet Geospatial and Modeling 18.31. This study 
uses ArcMap 10.3 for spatial analysis, while ERDAS Imagine was used for image filtering. In 
addition, the research is equipped with measuring tape, phi-band, clinometer, compass, GPS, 
camera, tally sheet, and other stations for land data collection. The image data were high-
resolution images (Pleiades-1B Image) and high-resolution images (Spot-6). 
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Table 1. Data characteristics (Pleiades 1B image) 

Band Wavelength Spatial Resolution 

Band 1 (Blue) 430 nm 2 m 

Band 2 (Green) 490 nm 2 m 

Band 3 (Red) 600 nm 2 m 

Near Infrared 750 nm 2 m 

Pancromatic 480 nm 0.5 m 

Table 2. Data characteristics (Spot 5-6 image) 

Band Wavelength Spatial resolution 

Band 1 (Blue) 485 nm 6 m 

Band 2 (Green) 560 nm 6 m 

Band 3 (Red) 660 nm 6 m 

Near-infrared 825 nm 6 m 

Panchromatic 597,5 nm 1.5 m 

 

2.3 Method 

A sample plot was developed by considering the representativeness of the forest conditions 
and road networks for accessibility. The plot size was 50 m × 50 m.   Thirty samples were 
taken for each image, either on the Pleiades 1 B image or the spot-6 image. Trees were 
measured in all quadrants I-IV, but the poles were measured only in a 10 m × 10 m subplot 
of quadrants II and IV (see Figure 2).  Image preprocessing involves data format conversion, 
geometric correction, image mosaic, and image cropping. In this study, the original image 
format was Geotiff and was then converted into the Terrset ASCII format. Before the 
mosaicking process, the study carried out histogram equalization. This study also crops the 
area of interest to be fully processed in this study. 

 

Figure 2. Research sample plot design 

Filtering satellite images is necessary to remove unwanted interference. This activity aims to 

smoothen the image by removing unnecessary small blotches caused by canopy shadows and small 

gaps in the tree branches or twigs. Some researchers used median and mean filters[9]. Mean filtering 

is part of the low-pass filter used for image refinement and aims to reduce the spatial frequency of 

the data.  weakness of watershed segmentation is its sensitivity to noise disturbances. Higher pixel 
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variations often cause excessive segmentation; therefore, filtering and smoothing techniques[10] 

are required to minimize this interference with a 3 × 3 width to smooth the images[11]. The 

parameter values used in this study are listed in (Table 3). 

Segmentation divides a digital image into several regions to be analyzed and used to 
distinguish different objects in an image. Watershed algorithm is a segmentation technique 
that combines edge and region-based information[12]. Watershed segmentation relies on 
the principle that a grayscale image can be viewed as a topographic surface, where the digital 
value for each pixel can be considered the elevation at that point[13]. The parameters used 
in the watershed algorithm were the window width, mean weight factor, similarity tolerance, 
and weight variance factor. 

Table 3. Combination of watershed algorithm segmentation parameters on very  high-resolution satellite imagery (Pleiades-

1b image) and high-resolution satellite imagery (SPOT-6) 

No 
Combination  
 Code 

Similarity 
Tolerance 

Mean 
Factor 

Variance 
Factor 

Combination 

1 C1 10 0.2 0.8 [10]-[0.2]-[0.8] 
2 C2 10 0.3 0.7 [10]-[0.3]-[0.7] 
3 C3 10 0.4 0.6 [10]-[0.4]-[0.6] 
4 C4 10 0.5 0.5 [10]-[0.5]-[0.5] 
5 C5 10 0.6 0.4 [10]-[0.6]-[0.4] 
6 C6 10 0.7 0.3 [10]-[0.7]-[0.3] 
7 C7 10 0.8 0.2 [10]-[0.8]-[0.2] 
8 C8 20 0.2 0.8 [20]-[0.2]-[0.8] 
9 C9 20 0.3 0.7 [20]-[0.3]-[0.7] 
10 C10 20 0.4 0.6 [20]-[0.4]-[0.6] 
11 C11 20 0.5 0.5 [20]-[0.5]-[0.5] 
12 C12 20 0.6 0.4 [20]-[0.6]-[0.4] 
13 C13 20 0.7 0.3 [20]-[0.7]-[0.3] 
14 C14 20 0.8 0.2 [20]-[0.8]-[0.2] 
15 C15 30 0.2 0.8 [30]-[0.5]-[0.5] 
16 C16 30 0.3 0.7 [30]-[0.4]-[0.6] 
17 C17 30 0.4 0.6 [30]-[0.3]-[0.7] 
18 C18 30 0.5 0.5 [30]-[0.2]-[0.8] 
19 C19 30 0.6 0.4 [30]-[0.6]-[0.4] 
20 C20 30 0.7 0.3 [30]-[0.7]-[0.3] 
21 C21 30 0.8 0.2 [30]-[0.8]-[0.2] 

A Super pixel is a collection of pixels, based on their intensity values [14].The use of primarily Cluster-
based super pixels has been widely used in previous research studies, such as those by Tang et al. 
[15], for labeling [16] and detection [17]. In this study, labeling was performed on superpixels or 
regions resulting from segmentation. This is more effective than labeling pixels [18] because the 
superpixel can carry more information from the segmentation results than the information from the 
pixels. In addition, super pixels can maintain object boundaries well; labeling the segmentation 
results is performed using segment ID or training sample to determine the canopy and gap the values 
in the superpixel class, in which the training area used is based on the superpixel results from 
segmentation and field validation (ground truth). The pixel-based category provided superpixel 
clusters in highly similar segments. Training sample selection must consider the spatial resolution 
and availability of remote sensing data. 

 

 

Figure 3 (a). Object classification using the watershed algorithm (b) pixel classification (c) the object classification and pixel 
classification result intersect (d) segmentation classification; canopy and gap 

(a) (b) (c) (d) 
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To determine the reliability of the segmentation results, the authors tested the accuracy of several 
combinations of segmentation parameters in the watershed algorithm and evaluated the overall 
accuracy (OA) and kappa accuracy (KA). Accuracy was considered good if it had an overall accuracy 
value above 85%. 

                                      Overall Accuracy (OA) =
Σ𝑖=1
𝑟 𝑥𝑖𝑖

𝑁
100                                                          (1) 

                                                             Kappa Accuracy (KA) =
𝑁Σ𝑖=1

𝑟 𝑥𝑖𝑖−Σ𝑖=1
𝑟 𝑥𝑖+𝑥+𝑖

𝑁−Σ𝑥𝑖+𝑥+𝑖
100                                                               (2) 

3. Results  

3.1. Development of Optimal Segmentation Parameters for Pleiades-1B and SPOT-6 images 

The optimal parameters for Pleaides-1B and SPOT-6 images were determined by evaluating 
the overall and kappa accuracy results. The accuracies of all parameter combinations were 
compared. Tables 4–7 summarize the OA and KA of the selected combinations tested on the 
filtered and unfiltered images. This study shows that filtered images, both Pleiades-1B and 
SPOT 6 images, always produce better accuracy than unfiltered images. Unfiltered images 
(with a low-pass filter) tend to contain false (salt-and-pepper), which causes many 
misclassifications. In the Pleiades 1 B image, the best parameter combination was C6-MF 
from the filtered image in the combination [10]-[0.7]-[0.3] with a Kappa Accuracy (KA) of 
83.2% and Overall Accuracy (OA) of 91% (Table 4), which is better than the best combination 
of unfiltered images on C7-UF, the combination [10]-[0.8]-[0.2] with a Kappa accuracy of 
80.5% and an overall accuracy of 88.9% (Table 5). The same result was also found in the SPOT 
6 image, which produced the best combination of the C7-MF combination [10]-[0.8]-[0.2] 
with OA 90.6% and KA 65.4% (Table 6), which is better than the SPOT 6 image unfiltered 
(Table 7) with OA 988.9% and KA 76.4%. This study also proves that the spatial resolution of 
the Pleiades with a spatial resolution of 0.5 m produces better accuracy than SPOT 6 imagery. 

Table 4. The results of the combination of parameters using filtered Pleiades 1B image 

Code Combination of parameters*) 
Accuracy measure (%) 

KA OA 

C2-MF [10]-[0.3]-[0.7] 82.0 89.8 
C3-MF [10]-[0.4]-[0.6] 81.0 90.2 
C4-MF [10]-[0.5]-[0.5] 82.4 90.3 
C5-MF [10]-[0.6]-[0.4] 73.0 87.0 
C6-MF [10]-[0.7]-[0.3] 83.2 91.0 

Notes: *) the combination of parameters [T]-[M]-[V] referred to in this table is a combination of tolerance values (the number on the far left), the 
mean (the number in the middle), and variance (the number on the far right) 

Table 5.  The results of the combination of parameters of unfiltered Pleiades 1B image 

Code Combination of parameters *) 
Accuracy measure (%) 

KA   OA 

C1-UF [10]-[0.2]-[0.8] 73.0 86.6 
C3-UF [10]-[0.4]-[0.6] 73.5 86.8 
C4-UF [10]-[0.5]-[0.5] 73.5 86.4 
C5-UF [10]-[0.6]-[0.4] 73.2 86.6 
C7-UF [10]-[0.8]-[0.2] 80.5 88.9 

Notes: *) the combination of parameters [T]-[M]-[V] referred to in this table is a combination of tolerance values (the number on the far left), the 
mean (the number in the middle), and variance (the number on the far right) 
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Table 6.  The results of the combination of parameters of filtered Spot-6 image. 

Code Combination of parameters *) 
Accuracy measure (%) 

KA OA 

C1-MF [10]-[0.2]-[0.8] 64.6 90.1 
C2-MF [10]-[0.3]-[0.7] 65.2 90.4 
C3-MF [10]-[0.4]-[0.6] 64.6 90.2 
C4-MF [10]-[0.5]-[0.5] 62.8 89.9 

C6-MF [10]-[0.7]-[0.3] 65.2 90.4 
C7-MF [10]-[0.8]-[0.2] 65.4 90.6 

Notes: *) the combination of parameters [T]-[M]-[V] referred to in this table is a combination of tolerance values (the number on the far left), the 
mean (the number in the middle), and variance (the number on the far right) 

 

Table 7.  The results are the combination of parameters unfiltered Spot-6 image 

Code Combination of parameters *) 
Accuracy measure (%) 

KA OA 

C3-UF [10]-[0.4]-[0.6] 73.5 88.6 
C4-UF [10]-[0.5]-[0.5] 76.4 88.9 
C7-UF [10]-[0.8]-[0.2] 65.6 88.3 

Notes: *) the combination of parameters [T]-[M]-[V] referred to in this table is a combination of tolerance values (the number on the far left), the 

mean (the number in the middle), and variance (the number on the far right) 

3.2. Pleiades-1B Image Segmentation Using Filter (Lowpass) and Unfiltered 

The study examined various combinations of parameter values and found that low-pass-
filtered Pleiades-1B image segmentation yielded the best five combinations of parameters. 
The combinations provided Kappa Accuracy (KA) values greater than 80%, namely C2-MF, C3-
MF, C4-MF, and C6-MF (Figure 4). The study also found that the original Pleiades 1 B image 
(without a filter) obtained combinations with high accuracy, namely C1-UF, C3-UF, C4-UF, C5-
UF, and C7-UF (Figure 4). The level of accuracy of OA and KA obtained on the Pleiades-1B 
image using a low-pass filter and without a filter was in the excellent category. 

 

Figure 4. Combination of Pleiades 1b image parameters using filtering and unfiltering 
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Figure 5. Combination of parameters of Pleiades-1B; (a) C6-MF image using filtering technique, (b) C7-UF image unfiltered, (c) 
sample field image 

This study showed a difference in accuracy between segmentation using the original 
Pleiades-1B image and the filtered image. There were general differences in segmentation 
accuracy between segments using different tolerances (T). Tolerance (T) with a value of 10 is 
better than T values of 20 and 30, and the graph in Figure 4 shows that the accuracy at C1–
C6 is relatively high. A lower accuracy at C7–C14 was found at a tolerance of 20. The study at 
C15–C21, with a tolerance of 30, provides a less accurate assessment. In general, the 
tolerance value tends to be small (T) 10, which provides better accuracy than the immense 
tolerance value (values 20 and 30). In this study, the tolerance value (T) 10 was the best 
measure of the value of the T parameter for distinguishing between the canopy and gap. In 
the unfiltered Pleiades-1B image, there is almost no change in accuracy, although there is a 
change in the T value from 0.4 to 0.6 (see Table 5). The segmentation accuracy is also strongly 
influenced by variations in the mean (M) and variance (V) values, as shown in Figure 5. The 
changes in  M and V affect the accuracy (as shown in Figure 5). Mean value (M) with a value 
of 0.7 (filtered image with low pass/MF) and 0.8 in the unfiltered image (UF) gives the highest 
accuracy value. For the parameter value, the variance (V) is 0.3 for the MF image (filtered 
with low pass) and the variance (0.2) for the unfiltered (UF) image. The changes in the 
accuracy with different values of M and V are summarized in Tables 4 and 5. 

3.3. Spot-6 Image Segmentation Using Filter (Lowpass) and Unfiltered 

In contrast to the Pleiades-1B image, the filtered SPOT-6 image provided six optimal 
combinations with KA (Kappa Accuracy) of more than 61%, namely C1-MF, C2-MF, C3-MF, 
C4-MF, C6-MF, and C7-MF (Figure 6). The unfiltered SPOT-6 images received three 
combinations: C3-UF, C4-UF, and C7-UF. 

 

 

 

 

 

(a) (b) (c) 
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Figure 6. Combination of Pleiades 1b image parameters using filtering and unfiltering 

Figure 7 Combination of parameters of Spot-6; (a) C7-MF image using filtering technique, (b) C2-UF image unfiltered, (c) sample 
field foto 

In this study, Spot-6, the tolerance parameter (T) value for the filtered and unfiltered Spot-6 
images, showed a significant difference in accuracy (differences in OA and KA values). This 
study found that the best tolerance (T) parameter value in SPOT-6 image segmentation is the 
tolerance value (T),10 which gives a better level of accuracy than the tolerance value (20 and 
30) (see Figure 6). Differences in accuracy also occurred in the mean (M) and variance (V) 
parameters. The Mean (M) values were 0.8-MF and 0.7-UF, while the variance (V) 0.2-MF and 
0.3-UF values provided better accuracy in detecting crowns and gaps. 

3.4. Parameters of Segmentation on Filtered and Unfiltered Images of Pleides-1B 

From the data analysis, it was found that the low-pass-filtered Pleiades images consistently 
provided better accuracy than the infiltered images. This study found that noise from branch 
gaps (dark pixels) and bright pixels at the top canopy or branches should be eliminated. The 
study found that the low-pass filtered Pleiades-1B image provided the highest accuracy, with 
an overall accuracy of 91% and a kappa accuracy of 83.2%. Unfiltered images only provided 
overall accuracy of 88.1 % and a kappa accuracy of 80.15%. According to[19], a kappa 
accuracy index value of 40% was considered low, 40-80% was considered moderate, and 80% 
was very high. Using filtered images in the watershed segmentation algorithm can reduce 
over-segmentation. [20] the use of low-pass filters is very effectively applied to the 
watershed algorithm to segment broad-leaved and needle-leaved tree species with an 
accuracy of 80 to 90% using high-resolution imagery. Based on trial and error, the watershed 
algorithm's optimal similarity or scale parameter value was shown at a tolerance (T) value of 
10. The object size resulting from the segmentation process is based on the value of the 
similarity parameter, which has been determined and defined. The larger the similarity value, 
the lower is the number of segments. The best mean and variance factor values for the 
filtered Pleiades-1B image are MF-[0.2], [0.3], [0.4], [0.5] [0.6], and [0.7], whereas for the 

(a) (b) (c) 
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unfiltered Pleiades-1B image, the optimal mean and variance are UF-[0.2], [0.4], [0.5], [0.6], 
and [0.8]. The variance parameter is closely related to the data diversity. A variance value 
close to zero indicates that the data in each segment are increasingly homogeneous, with 
mean and variance parameter values of 0.5 for boreal forest ecosystems [5]. The greater the 
variance, the more significant the heterogeneity [12]. 

3.5. Segmentation Parameters on the Low-pass filtered and Unfiltered Spot-6 images. 

The study showed that the segmentation of the filtered and unfiltered images provided 
different accuracy levels when identifying canopy and non-canopy cover. The low-pass 
filtered Spot-6 had an overall accuracy rate of 90.6% and kappa accuracy of 65.4%. The 
unfiltered Spot-6 image had an overall accuracy rate of 88.9% and a kappa accuracy rate of 
76.4%. Based on a set of evaluated parameter combinations, this study found that the 
optimal tolerance parameter on the spot-6 image is the same as that on the Pleiades 1 B 
image, which is a scale of 10, while the mean and variance parameters are [0.3], [0.4], [0.5], 
and [0.7]. While the unfiltered Spot-6 image has a similarity tolerance value parameter of 10, 
the mean and variance factor values have only three optimal combinations, namely [0.3], 
[0.4], and [0.7]. The Pleiades-1B Image with a spatial resolution of 0.5 m provides better 
segmentation accuracy than the Spot-6 image with a 1.5 m spatial resolution. Thus, Iskandar 
et al. (2021),  a very high spatial resolution image (Pleiades-1B Image) with a spatial resolution 
of 0.5 m provides better segmentation accuracy than a high spatial resolution image (Spot-
6) with a 1.5 m spatial resolution, both on filtered and unfiltered images. 

4. Conclusion 

This study concluded that the best parameter combination of the watershed algorithm for 
detecting crown closure in Pleaides-1B is C6-MF [10]-[0.7]-[0.3], with an overall accuracy level 
of 91.0% and a Kappa accuracy of  83.2%. In  the Spot-6 imagery, the best parameter 
combination was C7-MF[10]-[0.8]-[0.2], with a 90.6% overall accuracy rate and 65.4% kappa 
accuracy. The study also concluded that low-pass filtered images provided better accuracy 
than unfiltered images for both Pleiades-1B and SPOT-6 images. The very high spatial 
resolution Pleiades-1B Image of 0.5 m provided better segmentation accuracy than  the high-
spatial-resolution image (SPOT-6 Image) with a 1.5 m spatial resolution.  
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