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Abstract 

ABSTRACT of thesis entitled “Ecological Mapping in Hong Kong with Fine Spatial 

Resolution, IKONOS Satellite Images” submitted by Wong Man Sing for the degree of 

Master of Philosophy at the Hong Kong Polytechnic University in 2005. 

 

Ecological mapping in the tropics is difficult due to the heterogeneity of the vegetation, 

the nature of the terrain which is often highly dissected, and general problem of 

determining ecological boundaries which may be indistinct, even to a field observer. 

There are no studies in the literature discussing the successful mapping of vegetation or 

habitats over large areas. In the last 20 years, two habitat surveys in the form of 

vegetation maps have been completed by Hong Kong government departments and 

private consultants, with inadequate accuracy and poor results. Since these previous 

projects used only medium spatial resolution sensors: Landsat and Satellite pour 

l'Observation de la Terre (SPOT), it may be possible to produce more accurate ecological 

maps using the new generation of Very High Resolution (VHR) satellite sensor images. 

 

Traditionally, habitat mapping has used Aerial Photographic Interpretation (API). 

However, forty-five air photos are required to cover the study area, Shing Mun and Tai 

Mo Shan country parks in Hong Kong, compared with a single IKONOS scene. 

Additional advantages of IKONOS include spatial, spectral and temporal consistency. 

Therefore, if a suitable methodology for automatic habitat mapping can be developed, 

reduced costs and less processing time would be required. 

 

This study attempts to develop a methodology for detailed ecological mapping based on a 

suite of integrated image processing techniques, and with stated accuracy levels, for 

IKONOS images. Three different methodologies were chosen for evaluation; they are 1. 

Manual Aerial Photographic Interpretation, 2. Automated per-pixel Maximum Likelihood 

Classification (with texture measures) and 3. Automated “Multi-scale object-oriented 

segmentation with decision tree classification” (MOOSC). These three methodologies are 

evaluated by comparing them with GPS field points. During the study, a series of image 

processing techniques were investigated for their usefulness in ecological mapping. 
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Abstract 

These include image fusion, spatial autocorrelation, vegetation indices and texture 

analysis.  

 

Habitats were mapped at two levels of detail. The most general level is the vegetation 

structure, or life form level which additionally includes the plantation of Melaleuca 

quinquenervia since in the winter time of the study and image, it is leafless and therefore 

structurally different from the other evergreen woody vegetation. The more detailed 

mapping level is termed “hybrid” since it includes both structural types and species. 

 

The results show that above 76 percent overall accuracy at general life form level and 

above 71 percent at detailed hybrid level were achieved using the automatic object-based 

approach (MOOSC) when the results were referenced to GPS field data. This finding was 

similar to that obtained from aerial photographic interpretation. 

 

Since GPS data collection was restricted to accessible roads and footpaths, the air photo 

mapping was used for further checking for more remote areas. This second method of 

accuracy testing between API and MOOSC is only relative. However, since 

approximately 90% accuracy was achieved at both general and detailed levels from 

MOOSC, when the air photo mapping was used as reference, this further confirms the 

similarity of the air photos and IKONOS –based methods. 

 

Considering both the absolute and relative accuracies together, the study indicates that 

the MOOSC can be used for rural habitat mapping, at an acceptable level of accuracy. 

This method is demonstrated to give far superior accuracy to the results from medium 

resolution satellite sensors and it is a viable alternative for replacing the traditional 

manual aerial photographic interpretation method for mapping large areas. 
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Chapter 1: Habitat mapping in Hong Kong  

CHAPTER 1. 

HABITAT MAPPING IN HONG KONG 
 

 

1.1. Habitat mapping by Remote Sensing 

 

Satellite remote sensing can be utilized to estimate and monitor the variety, type and 

extent of land cover for ecological applications. Using traditional field ecology surveys, 

only a limited amount of data for a local area can be obtained. Therefore, ecologists and 

biologists are turning to remote sensing satellite datasets such as Very High Spatial 

Resolution (VHR) imagery: IKONOS, Quickbird and SPOT5 or airborne hyperspectral 

imagery for ecological analysis (Clark et al., 2004), resources management (Goetz et al., 

2003), habitat mapping (Mehner et al., 2001) and wildlife modeling (Nichol and Wong, 

2005a). 

 

In the last few years, there have been many attempts to develop efficient and accurate 

habitat mapping methods. Barrett and Curtis (1999) proposed using aerial photographic 

interpretation for ecological mapping and found that it was extremely time-consuming 

and expensive especially when ground checking is included. Mehner et al. (2001) 

required 717 person-working-days for habitat mapping in the United Kingdom using 

SPOT and Landsat imagery and concluded that the main reason for obtaining inaccurate 

results was the inadequate spatial resolution of these sensors.  

  

On the other hand, the use of high spatial resolution images such as IKONOS has its own 

problem of classification due to the high variation of spectral values within a class. For 

example, Mehner et al. (2001) found that the spectral values of canopies and those of 

shadow are significantly different, but they belong to the same class “trees”. Wulder et al. 

(2001) found that the variability of pixels within a class can be very high and they found 

a mis-match between forest inventory information and remotely sensed spectral values 

within a class. Therefore, to reduce the intra-class variability, Smith et al. (2002) 
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Chapter 1: Habitat mapping in Hong Kong  

recommended hybrid approaches such as per-parcel classification, segmentation, image-

based classification with texture, and external and contextual information. 

 

Recently there has been a large amount of work on the ecological applications of satellite 

remote sensing. Examples include habitat classification, biomass estimation, and change 

detection by habitat loss such as deforestation and hill-fire. In areas where the vegetation 

is uniform, it is possible to map wildlife habitats at the species level using satellite images 

with adequate spatial and thematic resolution. Detailed habitat maps provide valuable 

information for urban planning and sustainable development, and site selection for 

plantation, reafforestation etc. Additionally, such maps are in raster form, and they can be 

used for the raster modeling of wildlife patterns. For example, Saveraid et al. (2001) 

predicted the occurrences of 11 bird species in montane meadows from SPOT images 

using multiple stepwise regression techniques. Seto et al. (1994) stated that a species-area 

model of bird and butterfly species estimation from remote sensing data could be 

implemented successfully using coarse resolution Landsat images. Since animals use 

vegetation as their food sources, temporal and spatial trends in vegetation distribution can 

represent the extent of their habitat. Habitat maps from remote sensing can also be 

utilized by Geographic Information System (GIS) systems with other environmental 

factors such as climate, geology, soils and watersheds for further ecological study and 

modeling. 

 

1.2.  Habitat mapping in Hong Kong 

 

Hong Kong is a developed world city which is still undergoing constant change. In order 

to ensure its sustainable development with sensitivity to the environment such as wildlife 

protection and conservation, a set of complete and accurate habitat maps is needed. In the 

last 20 years, habitat surveys and vegetation maps have been completed by several 

government departments and private consultants.  
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1.2.1. World Wildlife Fund project 

 

In 1993, the Hong Kong Ecological Database and corresponding vegetation maps by the 

World Wildlife Fund (WWF) were completed. It was the first systematic habitat survey 

and mapping covering all of Hong Kong. Aerial photographs, GIS and site surveying 

were integrated for this habitat mapping project. The methodology was to manually 

interpret medium scale aerial photographs by stereoscopic viewing. Boundaries of land 

cover types were drawn onto trace overlays of the stereopairs and then onto a map base, 

then scanned into the GIS.  

 

1.2.2. SUSDEV 21st project 

 

The Sustainable Development 21st project was carried out in 1998 for the Planning 

Department of Hong Kong SAR by Environmental Resources Management (ERM) Hong 

Kong Limited. This was an environmental baseline survey study including Terrestrial 

Habitat Mapping and Ranking Based on Conservation. As well as the basic mapping, a 

comprehensive GIS database was developed containing evaluations such as ecological 

value and habitat mapping categories. The habitat maps were produced based on a 

combination of imagery including Landsat and SPOT images, aerial photographs and 

existing data. Habitat verification and accuracy assessment were also performed and 

listed in the report. This project was the first use of satellite imagery for habitat mapping 

in Hong Kong. In the light of modern techniques and technologies, these maps are 

considered as poor in spatial and class accuracy, which may be due to the low spatial 

resolution images used as well as inappropriate image rectification techniques in 

mountainous terrain. For example, the category pure grassland is stated to be only 27% 

accurate and the overall accuracy for all 25 categories is only 50% accurate. 

  

 

 

 

 

  Page 3  



Chapter 1: Habitat mapping in Hong Kong  

1.3. Structure vs Species mapping 

 

Very High Resolution (VHR) IKONOS satellite imagery has recently been utilized for 

structural habitat and forest mapping in Amazonia and Costa Rica (Clark et al., 2004). 

IKONOS imagery provides unique information for forestry research such as tree size, 

location, mortality and growth. For structural habitat mapping or growth form mapping 

(eg. forest, shrub or grass), IKONOS and Quickbird data may be superior to coarser 

resolution data, and may be used for detecting structural differences by change detection 

if more research can be done on the methodologies involved. However, for habitat 

mapping approach at species level, satellite imagery is generally ineffective due to 1. the 

similarity of the spectral reflectance of different species, 2. the existence of mixed pixels 

in non-pure stands, even using 4m resolution data. Therefore, airborne hyperspectral 

imagery (eg. CASI) with more than 100 spectral bands and fine spatial resolution may be 

more appropriate for mapping at the species level. 

 

IKONOS imagery was chosen for this study due to its high spectral and spatial 

resolution, and its availability. An integrated methodology for structural vegetation 

mapping was devised, based on a range of image processing algorithms and using 

IKONOS multispectral images as the data source.    

 

1.4. Objectives   

 

The ultimate objective of this study was to develop a methodology for detailed ecological 

mapping based on a suite of integrated image processing techniques, and with stated 

accuracy level. This involved a comparison of (i) aerial photographic interpretation, (ii) 

automated pixel-based classification method (with texture), and (iii) a proposed method 

of automated object-based segmentation and classification (section 5). In the process of 

this, the following secondary objectives were investigated for their relevance to the 

ecological mapping:-       
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• Image fusion as a means of enhancing the image spatial and spectral content 

(Section 4.1);  

 

• The optimum scale lengths of the major vegetation types (Section 4.2) in order to 

select an appropriate kernel size for texture analysis and for designing 

segmentation parameters; 

 

• Ancillary supportive spatial and spectral information such as texture and band 

ratio analysis as potential additional inputs to the habitat classification (Section 

4.3); 

 

The study also intends to:-  

 

• Demonstrate how the resulting mapped habitat classes may be input to ecological 

modeling, using a study of urban vegetation and habitats (Appendix I). 

 

 

Since this study uses a suite of image processing techniques, the literature review and 

methodology will be discussed in the different relevant sections. Figure 1.1 illustrates the 

work flow of the entire project. 
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Figure 1.1  Work flow of this study 



Chapter 2: Study site and data used 

CHAPTER 2. 

STUDY SITE AND DATA USED 
 

 

2.1.  Study area 

 

A site was selected from the Shing Mun and Tai Mo Shan country parks, Hong Kong, for 

this study. The Shing Mun and Tai Mo Shan areas correspond to mountainous terrain and 

rise steeply from sea level to 900 meters. Figure 2.1 illustrates the rugged landscape and 

country park boundaries in Hong Kong which are overlaid on a false color Landsat 

image. The study site covers an area of 51.12 km2 comprising Tai Mo Shan and Shing 

Mun country parks. According to AFCD (2004), due to deforestation during the Japanese 

occupation of Hong Kong in World War II, most of the trees were cut down, and 

extensive reafforestation was carried out after the war. Many species such as Pinus 

elliottii, Lophostemon confertus, Melaleuca quinquenervia and Acacia confusa were 

planted. This area has now become one of the major areas for forest plantations in Hong 

Kong. Together with the existing species of shrubland such as Ficus hirta Vahl, 

Melastoma candidum D. Don, Castanopsis fissa, Ilex asprella Champ., Schefflera 

heptaphylla (L.) D.G. Fordin (for more detailed information and locations, see Appendix 

III), this area is known to be the most bio-diverse among the country-parks of Hong 

Kong. Figure 2.2 shows the location of these species in the study area. The figure also 

demonstrates that the IKONOS unprocessed image, even after image fusion by pan-

sharpening, cannot differentiate these species spectrally. As discussed in section 1.3, 

habitat mapping at species level is impossible using IKONOS images except for the 

plantations of Melaleuca quinquenervia because being deciduous, this species is 

structurally distinctive compared to the evergreen lowland forest. Therefore the structural 

habitat mapping approach is adopted for automated image classification.  

 

In this study, habitat types were mapped at structural (life form) level instead of species 

level. After consulting with a local ecologist and studying previous survey reports, it was 
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found that 1. the structure of the vegetation is actually more important for wildlife, for 

example, birds often use patches of shrubland in a grassy landscape, thereby the location 

of shrubland rather than the species of shrub is more valuable for bird analysis, 2. it is 

impossible to map vegetation at species level, because of its mixed nature and the 

spectral similarity. Therefore, a trade-off was undertaken between ecological importance 

and the probability of successful mapping. It was therefore decided that structural 

vegetation types as well as Melaleuca quinquenervia because it is structurally distinctive, 

would comprise the basic general mapping level. 

 

Thus, two sets of habitat classes were established for two different levels of detail (LoD): 

general life form level with Melaleuca quinquenervia and detailed hybrid level. The term 

“hybrid” level was defined to include both structural types and species. Fifteen classes 

are mapped by using aerial photographic interpretation method (See section 5.2), and ten 

classes mapped by using the proposed automated method (See section 5.4.2). Some of 

these types are illustrated in Figure 2.3, they are: water/reservoir, grassland, shrubland, 

lowland forest and Melaleuca quinquenervia plantation. 

 

2.2.  Satellite data 

 

IKONOS satellite imagery was acquired on 14 January 2001, with 4 meters spatial 

resolution, in four narrow spectral bands extending from the blue to near-infrared 

portions of the electromagnetic spectrum (Table 2.4). In addition, the panchromatic band 

with a spatial resolution of 1 meter was obtained for the same scene. The images are of 

approximately 7.2 x 7.1 km and cover the whole of Tai Mo Shan and Shing Mun country 

parks. Winter time imagery was chosen for baseline habitat mapping because of its 

availability as well as providing sufficient separability among vegetation structural types 

in winter.  
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2.3. Aerial photographs 

 

Large-scale habitat mapping and management is traditionally based on aerial photographs 

as base maps. Now the new generation of VHR satellite imaging systems, such as 

IKONOS and Quickbird, may be able to replace aerial photographs. The relative strength 

of airborne imagery is the high spatial resolution, but they are spectrally inferior. Image 

fusion is one of the means to enhance the spatial resolution of VHR satellite imagery 

close to air photos, Nichol and Wong (2005c) found that a fused IKONOS image was 

better to detect and identify landslides than air photos, both spectrally and spatially. 

 

A total of thirty-eight aerial photographs were acquired and utilized for baseline habitat 

mapping in the study area, of Shing Mun and Tai Mo Shan country parks (Table 2.5) - 

using stereoscopic air photo interpretation. The photos were both true and false color 

ranging from 1:6000 to 1:14000 scales. 

 

2.4. Ground survey data 

 

GPS field points were used for verifying the accuracy of the habitat maps. A total of 353 

sample points were collected from September 2003 to May 2004 in the Tai Mo Shan and 

Shing Mun country parks. The sampling points were widely distributed to ensure the 

reliability and integrity of the digitized maps (Figure 2.6). Sampling points were placed 

on the dominant vegetation stands along the accessible roads and footpaths (For more 

detail, see section 5.1). These points were checked in the field against mapped classes. A 

Trimble model GS5 Global Positioning System (GPS) with 2-3m accuracy was used to 

locate the vegetation points. 

 

2.5. Topographic maps 

 

For image orthorectification, digital topographic maps of 1:5000 scale covering the entire 

study area were acquired from the Hong Kong Lands Department. Topographic layers 

such as roads and buildings were used as reference geocoded vector layers. A Digital 
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Elevation Model (DEM) of 2m pixel size was interpolated from digital contour lines and 

spot heights. 

 
 

 
 
Figure 2.1 Hong Kong country parks overlaid with false color Landsat image 
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a. 

 
b. 
 
Figure 2.2 Locations for particular species of plantation and 

area (for more detailed, see appendix III).  

a. False color IKONOS raw image; b. False colo

fused image by pan-sharpening 

  
Melaleuca quinquenervia 
 
Casuarina equisetifolia L. 
 
Eucalyptus citriodora Hook. f.
 
Lophostemon confertus  
 
Eucalyptus robusta Sm. 
 
Acacia confusa Merr. 
 
Melastoma candidum D. Don 
 
Schefflera heptaphylla 
 
Ilex asprella Champ. 
 
Castanopsis fissa 
 
Ficus hirta Vahl 
 

shrub in study 

r of IKONOS 
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a. b. 

  
c.                                            d. 

  
        e.        

 
Figure 2.3  Field photos for specific habitat classes 

a. water/reservoir; b. grassland; c. shrubland; d. lowland forest; e. 

Melaleuca quinquenervia (captured in summer). 
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Band Spectral range (µm) Bandwidth (nm) Center (nm) 
Blue 0.45-0.52 71.3 480.3 

Green 0.52-0.60 88.6 550.7 
Red 0.63-0.69 65.8 664.8 
NIR 0.76-0.90 95.4 805.0 
Pan 0.45-0.90 403 727.1 

  
Table 2.4  IKONOS bandwidth characteristics 
 
 
 
Number Date Flying height Color composition 
CW44270-CW44273 7-10-2002 4000 ft True color 
CW42556-CW42557 15-8-2002 4000 ft True color 
CW35608-CW35610 20-11-2001 8000 ft True color 
CW42647-CW42651 15-8-2002 4000 ft True color 
CW33328-CW33333 20-9-2004 4000 ft True color 
CW33260-CW33264 20-9-2004 4000 ft True color 
CW42604-CW42606 15-8-2002 4000 ft True color 
CN29824-CN29825 15-2-2001 8000 ft True color 
RW00111-RW00113 27-9-2001 5500 ft False color 
RW00131-RW00135 27-9-2001 5500 ft False color 
 
Table 2.5  Background information of air photos 
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Figure 2.6  GPS locations in the study area 
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CHAPTER 3. 

IMAGE PREPROCESSING 
 

 

Image preprocessing including radiometric calibration, geocoding and topographic 

correction was critical to the whole process. The steps are described in the following 

sections.  

 

3.1. Atmospheric correction 

 

Atmospheric correction is often applied on multiple image analysis (Fraser and Kaufman, 

1985) and the images which should correspond with a field spectral library (Wong et al., 

2004). In the current study, one IKONOS image is sufficient to cover the entire study 

area, thus the atmospheric correction is not applicable. If the results of this study were to 

be extended over the whole of Hong Kong, atmospheric correction may be required to 

normalize the radiance values of all IKONOS images. 

 

3.2. Geometric correction 

 

Previous habitat mapping projects in Hong Kong have been inaccurate (discussed in 

section 1.2.1 and 1.2.2), partly due to inadequate geometric correction of images. 

Therefore, great care was taken in this project. Geometric correction is needed to remove 

the effect of 1. angular tilt, 2. earth curvature, 3. atmospheric refraction, 4. surface 

topography, 5. errors and relief displacement in the mountainous study area (Guienko, 

2001). The rigorous (or parametric) model was selected for orthorectifing the image to 

the Hong Kong 1980 grid coordinate system. Since the planimetric accuracy of the 

orthoimages is highly dependent on the accuracy of Ground Control Points (GCPs) and 

DEM, the creation of the DEM and selection of GCPs are critical. In IKONOS imagery, 

the DEM accuracy is less important due to the small Field of View (FOV), while GCP 

accuracy becomes more important due to the small pixel footprint (Baltsavias et al., 
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2001). Therefore, in this study, high contrast GCPs, such as building corners and road 

intersections were selected. Root Mean Square error was limited to subpixel level during 

GCP selection. The IKONOS images (both panchromatic and multispectral) were 

orthorectified with 61 GCPs (Figure 3.1). The Root Mean Square (RMS) error was 

calculated from these GCPs and results are shown in Table 3.2. Theoretically, three GCPs 

are sufficient for orthorectification using the rigorous model if they are very accurate. 

However 61 GCPs were used in this study because of the rugged terrain. The image 

comprises both flat urban areas and rugged terrain where the elevation rises from mean 

sea level to 900 meters. Thus, to improve the data redundancy and the RMS error 

reliability, more GCPs are needed.  

 

To evaluate the accuracy of the orthorectified images, check-points were placed 

randomly on both orthorectified images and the georeferenced topographic vector 

database. All these points were carefully selected and located in the study area and can be 

clearly identified on both the images and vector database. A total of 20 check-points were 

selected on clear features such as intersections of roads, bends of roads, and building 

corners. The RMS errors were also calculated and listed in Table 3.2. The results show 

that the accuracy of multispectral imagery is at half-pixel level and that of panchromatic 

imagery is less than one-pixel. 
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Figure 3.1  GCPs on Tai Mo Shan IKONOS multispectral image  

 

 

 

 

 

 Multispectral image Panchromatic image 
 X RMS (m) Y RMS (m) X RMS (m) Y RMS (m) 

GCPs 1.88 2 0.87 0.91 
Check points 2.21 2.09 0.81 0.85 

 

Table 3.2 RMS errors of GCPs and check points 
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3.3.  Topographic correction 

 

Local variations in the spectral values over the entire image may be caused by 

topographic effects due to illumination differences on sunny and shady slopes. Thus, 

topographic correction is essential for successful classification. In this study, these effects 

were highly accentuated in the original image due to the high relative relief and low sun 

angle (40 degrees) of the winter time image. Therefore, methods of topographic 

correction were investigated. 

 

In order to normalize the spectral characteristics between sunny and shady slopes, several 

correction methods have been developed in the last twenty years. Image band ratioing 

such as NDVI is the traditional approach for normalizing the topographic effect, but it 

only provides one supplementary band for analysis, which does not provide for detailed 

classification. The Cosine approach (Smith et al., 1980) is the most simple correction 

method based on the illumination angle and uses a Lambertian assumption. Law (2005) 

demonstrated the limitations of the Cosine approach and found that most of the shaded 

area was over-enhanced. Aspect partioning is another method for increasing the overall 

classification accuracy by separating all classes into sunny and shady sub-types. 

However, the number of classes is doubled and this makes the scenario complicated. 

Also, aspect partioning is not an actual topographic correction because it only considers 

“sunny” and “shady” slopes. Thus, Civco (1989) developed a regression method for 

normalizing the image. This method reduces within-class variance due to the topographic 

effect by 69 percent. The rationale is first to construct an illumination model based on 

slope and aspect. Correction is then implemented based on normalizing the training 

classes between slopes. For application in this study, the Civco method was not 

successful and did not completely eliminate dark shadows on shady slopes (See figure 

3.3c). Therefore, a modified Civco topographic correction was specially designed for the 

rugged terrain of the study area. Using this method, the automatic classification accuracy 

was significantly increased by 7 percent. For more detailed explanations, please refer to 

the article Nichol et al. (2005b). 
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 Figure 3.3 (c) shows the Civco corrected image. The sunny slope was under-normalized 

whereas the shady area was over-normalized, which illustrates the normalization was not 

complete. Figure 3.3 (d) shows the modified Civco corrected image, whereby the 

illumination differences caused by terrain effect were removed.  

 
 
 

  
              (a)              (b) 

  
         (c)               (d) 
 
    

Figure 3.3 Topographic correction of the image   

a. Original image; b. DEM with 2m resolution; c. Civco corrected image; 

d. modified Civco corrected image (Nichol et al., 2005b). 
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CHAPTER 4. 

PRELIMINARY IMAGE ANALYSIS 
 

 

Several preliminary investigations were undertaken to enhance, test and develop the 

research direction. They are: image fusion, optimal spatial resolution, vegetation indices 

and texture analysis. 

 

4.1. Image fusion 

 

Image fusion was undertaken to obtain higher spatial resolution imagery in this study. It 

was used for two applications which required a high spatial resolution image, they are: 1. 

spatial autocorrelation (Section 4.2), 2. to assist on aerial photographic interpretation 

(Section 5.2).  

 

Nichol and Wong (2004a) found that pan-sharpening was the best fusion method among 

IHS, Brovey, Smoothing filter-based modulation method (SFIM) and pan-sharpening 

image fusion methods, for preserving the spectral and spatial content in landslide studies. 

Table 4.1 shows the correlation coefficient among several fused spectral bands against 

the original (un-fused) bands. The SFIM and pan-sharpening methods have higher 

correlation coefficient values compared to original image, indicating that they were more 

able to preserve the spectral contents. Additionally, they also preserved the spectral color 

whereas the IHS and Brovey methods have significant color distortion problems in visual 

analysis (Figure 4.2). Overlaying the vectors of buildings and roads on top of the fused 

images shows that the spatial distortion in the SFIM is greater than that in pan-

sharpening. The reason is due to the smoothing pixel concept in SFIM. The purpose of 

this smoothing process is to enhance the edges for edge detection. This edge detection 

method is always under-smooth or over-smooth if the kernel size is not appropriate, 

whereas the pan-sharpening method avoids this limitation and provides sharper contents 

based on its least-square algorithm. In the following analysis, the pan-sharpened image 
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was used to assist the aerial photographic interpretation because of its superior spatial 

content. The SFIM fused image was used in autocorrelation analysis because of its 

superior spectral content. 

 
  Correlation Coefficent   
  Red Green Blue NIR Sum 
IHS 0.61 0.6 0.5 --- 1.71 
Brovey 0.62 0.51 0.53 --- 1.66 
SFIM_7 0.94 0.91 0.91 0.86 3.62 
SFIM_9 0.93 0.9 0.9 0.85 3.58 
Pan-sharpening 0.74 0.73 0.72 0.67 2.86 
 

Table 4.1 Correlation coefficient table for fused bands correlated against the 

original un-fused wavebands 
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Figure 4.2 Fused images; a. raw multispectral imagery; b. raw panchromatic 

imagery; c. IHS fused imagery; d. Brovey fused imagery; e. 

SFIM_7 fused imagery; f. Pan-sharpened fused imagery 
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4.2.  Optimal spatial resolution 

 

There are two main objectives of analyzing the optimal spatial resolution: 1. to define the 

appropriate kernel size for the Grey Level Co-occurrence Matrix (GLCM) to be used in 

texture analysis of the habitat types. The resulting optimal resolution is the best scale for 

feature identification. The dependence and relation between pixels can be easily analyzed 

using texture analysis based on these optimal sizes. 2. to understand with the size and 

scale of vegetation structures for designing the segmentation parameters (section 5.4.2). 

 

In the rural landscape, the different sizes and structures of different species of vegetation 

complicate the task of habitat mapping. To simplify this complexity, we first need to 

know the relationship between the remote sensing datasets and the characteristics of 

vegetative features – one of these issues is called “optimum scale length”. Optimum scale 

length means the appropriate size of a feature detectable by remote sensing data. 

Actually, there is no unique spatial resolution appropriate for detection and 

discrimination of all vegetated classes in a complex landscape such as forested 

environment (Marceau et al., 1994). Miranda et al. (1992) found that semivariance 

calculation was useful for determining the size of convolution filter window in texture 

analysis. Cohen et al. (1990) evaluated the optimal tree canopy sizes of conifer stands by 

semivariogram analysis. Marceau et al. (1994) used MEIS-II data with 0.5m resolution 

and progressively degraded the resolution into 29.5m. Then the optimal resolution was 

identified using the minimum variance value. They found that the optimal resolution was 

significantly affected by the spatial and structural parameters of the stands. Small (2003) 

found that this optimal scale determination is sensitive to the waveband used.  

 

Nichol and Wong (2005a) found that the characteristic spatial scale lengths of tree 

canopies and urban structures in Hong Kong are 7 to 9m, and 16 to 18m respectively (See 

Appendix I). They were thus able to judge the suitability of the resolution of different 

sensors used for mapping them.  
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In this study, major vegetation types were evaluated separately to find out their 

characteristic scale lengths according to Moran’s I (Moran, 1950). Moran’s I is one of the 

autocorrelation technique for computing the local spatial dependency among the entire 

image (Equation 4.3). 

 

ij i j
i j

2
i

i

n  z
I(d) = 

W z

w∑∑
∑

 z
          Equation 4.3 

 
where  is the weight at distance d, for instance,  is 1 if the point j is within certain 

distance from point i and belong to class d. z’s are the deviations, for instance, 

ijw ijw

iz iy= − y  where is the value of each pixel. W is the sum of all weighting. Moran’s I 

only varies between –1 to +1 and positive autocorrelation means the pixels have similar 

spectral value to their adjacent pixels. A negative value means this is unlikely.   

y

 
In order to increase the data reliability, six different sites (Figure 4.4) were chosen for 

investigating the optimum spatial scale of each ecological type such as grassland, forest 

and plantation over the entire imagery.  

 

The NIR fused band, the raw NIR and the panchromatic bands in IKONOS were 

analyzed by firstly re-sampling from 4m to 1m, then each of these three test bands were 

incrementally re-sampled from 1m to 20m. This resampling process was carried out by 

the RESAMPLE module in IDRISI and each resampled image was input to Moran’s I. 

The results are shown in Figure 4.5. 

 

The six sites corresponded to different proportions of certain vegetation types (Table 4.6). 

Site 1 and Site 4 were selected for evaluating the optimum scale of grassland with 

different proportions of shrubland. Site 2 and Site 5 were chosen to examine the optimum 

scale of two different plantations - Melaleuca quinquenervia and Acacia confuse. Site 3 

and Site 6 were selected to investigate the optimum scale of lowland forest with different 

proportions of plantation.  
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Optimal size - Grassland 

 

In Figure 4.5 (a), site 1, the range is achieved at a lag distance of 11-12m and is saturated 

at lag distance 19-20m. The same lag distances can be found similarly among the three 

test bands as the shape of these three lines are similar. In Figure 4.5 (d), site 4, the range 

is 12-13 m, and is saturated (little variation) at 20m. These two figures suggested that the 

optimum scale of grassland is around 11 to 13 meters. This is close to the findings from 

Rahman et al. (2003), who found that the optimum scale of chaparral and grassland in 

California was approximately 11m.  

 

Optimal size - Plantation 

 

Figure 4.5 (b) shows that the range of plantation is 14-15m spatial resolution, and the 

curve fluctuates between 16-19m since at 20m spatial resolution, it has the same Moran’s 

I as that in 14-15m, so, an optimum scale of 14-15m was determined for Melaleuca 

quinquenervia. In Figure 4.5 (e), the optimum scale of plantation Acacia confuse is found 

at 14m.  

 

Optimal size - Forest 

 

The most difficult task is to evaluate the optimum scale length of lowland forest because 

it is at different growth stages due to continuous and periodic seeding after the 1950s. 

Currently, this secondary forest has been invaded by plantation species in a random 

fashion. Additionally, secondary forest often grows together with the original forest 

(Fung Shui forest), which makes the lowland forest structurally and specifically diverse. 

The optimum scale of forest appears to be 13-15m and 15-16m (Figure 4.5c and 4.5f). 

Table 4.6 shows that the percentage of lowland forest in site 6 is larger than that in site 3. 

The variance is more fluctuating in Figure 4.5c (site 3) than Figure 4.5f (site 6) because 

the plantation Melaleuca quinquenervia is more dominant in site 3. This explains the 

difficulty of determining the scale length of forest. 
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Summary 

 

Jarvis and McNaughton (1986) maintained that the extraction of ecological information 

depends on the spatial scale of the collected data. In Hong Kong, the ecological 

environment is complex and fragmented, therefore analyzing all vegetated features 

individually is impossible. The examination of optimum scale was only conducted for 

grassland, forest and plantation. Since shrubland is transitional between grassland and 

forest, and it is fragmented over the entire area, occurring in variable patch sizes, the 

optimum scale was not tested for shrubland. 

 

The results show that the optimum scale of grassland is 11-13m. This is close to the 

findings from Rahman et al. (2003), who found that the optimum scale of chaparral and 

grassland in California was approximately 11m. In addition, the optimum scales of 

plantation and forest are between 14-15m and 13-16m respectively, whereas Coburn and 

Roberts (2004) showed the optimum scale of Douglas-fir and pine trees in British 

Columbia of Canada was between 11 to 14m. Furthermore, Menges et al. (2001) found 

that those of Eucalyptus tetrodonta woodland, Mature pine plantation, Erythrophleum 

chlorostacys open forest and Eucalypyus tetrodonta open forest were 23, 25, 19 and 27m 

respectively. The findings for lowland forest and plantation in this study are reasonable 

and acceptable after the site reconnaissance ie. they should logically be between the range 

of pine trees and mature open forest, since the lowland forest and plantation in Hong 

Kong country parks only started seeding after the 1950s. Thus the forests are relatively 

young compared those in Australia (Menges et al., 2001). Moreover, the results show the 

optimum scales of different plantation species are similar, and the scale length of forest is 

very close to that of plantation. 
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Figure 4.4  Locations of six testing sites 
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   (a)       (b) 

 
  (c)       (d) 

 
   (e)       (f) 
 
Figure 4.5  Correlograms: a. Site 1; b. Site 2; c. Site 3; d. Site 4; e. Site 5; f. Site 6 
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 Grassland Shrubland Lowland 
forest 

Plantation 
(Melaleuca 

quinquenervia) 

Plantation 
(Acacia 
confuse) 

Total 
Area 

Site 1 89.7% 10.3% --- --- --- 191800m2

Site 2 --- --- 39.9% 60.1% --- 88088m2

Site 3 --- --- 73.7% 26.3% --- 173720m2

Site 4 69.3% 30.7% --- --- --- 154089m2

Site 5 --- --- 34.3% --- 65.7% 81000m2

Site 6 --- --- 87.4% 12.6% --- 223300m2

 
Table 4.6 Details of six test sites derived from aerial photographic 

interpretation under stereoscopic view. The differing proportions in 

each site influence the within-site variance and the determination 

of scale length. 
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4.3.  Vegetation indices and texture analysis 

 

Vegetation indices and textural information are considered in this study as a means of 

increasing the class accuracy because many of the target classes are observed to be 

spectrally similar in some, or all bands, but their different physical structure suggests they 

may be texturally distinctive. Alternatively, slight differences between bands may be 

accentuated by texture measures. The resulting ratio and textural bands will be input to 

the automated habitat classification for increasing the dimensionality of information (See 

section 5).   

 

4.3.1. Vegetation indices 

 

In remote sensing, vegetation indices have long been used for forest management, 

vegetation mapping and habitat mapping. However, Asner et al. (2003) pointed out that it 

was difficult to use vegetation indices to separate the vegetation variable of interest (eg. 

species, biomass, productivity, habitats etc.) from other vegetation properties. The most 

common vegetation indices are the Normalized Difference Vegetation Index (NDVI) 

(Tucker, 1979), Atmospherically Adjusted Vegetation Index (ARVI) (Kaufman and 

Taure, 1992), Soil Adjusted Vegetation Index (SAVI) (Huete, 1988) and ChlorophyII 

Index (Kanemasu, 1974). These indices are based on a band ratio and thereby remove the 

illumination problem caused by topographic effects. Obviously, vegetation indices can be 

treated as an alternative or supplementary approach to vegetation classification. However, 

Nichol and Wong (2005a) found that NDVI and chlorophyII Index were not approximate 

for urban vegetation mapping and for differentiating between grass and trees due to the 

similarity of spectral values. Wong (2003) used NDVI mapping for landslide detection, 

and noted that there is no objective way to set an appropriate threshold. Therefore, in this 

project, since vegetation indices suffer from these problems, they can only be used as 

supplementary to other methods of habitat classification. 

 

The vegetation index images for the NDVI and chlorophyII index are shown in Figure 

4.7. Since grassland is not evergreen vegetation, and in winter, it will die and turn to 
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brown, there is a significant spectral difference between grassland and forest. Figure 4.7 

(a) shows that NDVI is an effective index for separating grassland from forest in winter. 

In this figure, the darker tone is grassland and it is located on the upland. Figure 4.7 (b) 

also shows that the deciduous plantation area of Melaleuca quinquenervia is detectable by 

NDVI because its reflectance is different to other evergreen plantation types in winter. 

Figure 4.7 (c) also suggests that the chlorophyll Index is useful to separate 

grassland/shrubland from forest area. Grassland/shrubland is a much darker tone in 

Figure 4.7 (c) and it has a more significant color difference from forest than the NDVI. 

Although chlorophyll Index can separate grassland from forest, the plantation area 

Melaleuca quinquenervia is not separable. Therefore, NDVI is an effective tool to 

identify the deciduous plantation Melaleuca quinquenervia and chlorophyll Index can 

separate the grassland from evergreen forest. 
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      (a)                   (b)         (c) 
 
Figure 4.7. NDVI and chlorophyII images; a. NDVI for study area; b. NDVI of the plantation Melaleuca quinquenervia (dark 

area); c. Chlorophyll Index for study area
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4.3.2.  Texture measures 

 

Franklin et al. (2000) state that Very High Resolution images do not facilitate spectral-

based classification due to high spectral variance within one class, especially in the rural 

environment. In the description of images, pixel color and brightness are commonly used 

parameters and they are highly variable even within a single cover type in VHR image 

such as IKONOS. However, Zhang (2001) found that higher classification accuracy of 

urban trees can be achieved by combining the Maximum Likelihood Classification 

(MLC) with texture measures. Coburn and Roberts (2004) also found that texture 

information can increase overall accuracy by 4 to 8% when combined with MLC for 

forest stand classification. 

 

Texture describes the average tonal variation within moving kernels in several bands of 

an image. Texture features contain the spatial information on tonal variations output as a 

grey level image. Kayitakire et al. (2002) found that a grey level co-occurrence matrix 

(GLCM) which combined three measured parameters: contrast, correlation and standard 

deviation, was the most powerful texture method for forest stand type mapping. Franklin 

et al. (2000) found that a spatial co-occurrence homogeneity texture measure operating 

with larger window size was the most effective for distinguishing tree stands of different 

age classes.  

  

Working principle of texture analysis 

 

The basic principle of GLCM is to evaluate the occurrence of pixel values within a 

moving window in certain directions (PCI, 2004). It considers two pixels separated by 

(D, θ) in the image where D is the distance and θ is the angle between two pixels. For 

example, 5 x 5 pixel window with (0, 1) (i.e. Neighbour pixel is one pixel below the 

Reference pixel) is selected for image processing (Figure 4.8). 
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Window of imagery   Resulting co-occurrence matrix 
    

   Pixel value 

  Pixel val
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N-1
2

i,j=0

Standard Deviation_i = P(i,j)  (i - Mean_i)∑ i      Equation 4.11 

 
N-1

i,j=0
Dissimilarity = P(i,j)  | i - j|∑ i        Equation 4.12 

 
N-1

i,j=0

Mean_i = i  P(i,j)∑ i          Equation 4.13 

 
Where  is the normalized grey level co-occurrence matrix (GLCM) of dimension   

N * N such that . 

P(i,j)
N-1

i,j=0

P(i,j)∑
 
Bhattacharya et al. (2001) believed that determination of window size was critical during 

texture analysis, since the optimum scale length of each vegetative feature (found in 

section 4.2) was utilized, and could influence the result of texture analysis.  

 

Findings 

 

Window sizes of 3 x 3 (12m x 12m) and 4 x 4 (16m x 16m) were selected. It was found 

that the size of 3 x 3 was more appropriate after visual investigation and supported the 

findings in Section 4.2 (optimum scale of grassland, forest and plantation). 

Omnidirectional texture analysis was implemented due to no strong directional patterns 

being observed. Two sets of GLCM functions were utilized; the first set is contrast, 

correlation, standard deviation and the second set is standard deviation, dissimilarity, 

mean.  

 

Figure 4.14 shows the texture bands by set 1 and set 2 texture analysis functions with Red 

Green Blue color representation. In set 1, Red color represents correlation, Green color 

represents contrast, and standard deviation is represented by Blue color. In set 2, Red 

color represents dissimilarity, Green color represents mean, and standard deviation is 

represented by Blue color.  
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However, Mean function (Green color) in Figure 4.14 (b) works well for grassland; 

which is smooth. In this figure, the Green area is very distinct and the user can easily 

separate grassland from forest. Additionally, the plantation area of Melaleuca 

quinquenervia (dark grey color) is detectable. This information (grassland in green color, 

Melaleuca quinquenervia in dark grey color) will be integrated with the pixel-based and 

object-based automatic classification analysis (Chapter 5).  
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(a)                               (b) 

 

Figure 4.14  Texture information from winter IKONOS image 

a. Set 1 with texture measure; b. Set 2 with texture measure. 
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CHAPTER 5. 

HABITAT MAPPING METHODS 
 

 

In this chapter, evaluations taken several approaches to habitat mapping at detailed level 

compared with reference field measurements. These are 1. Manual aerial photographic 

interpretation, 2. Pixel-based automatic classification (Maximum Likelihood 

Classification with texture measurement), and 3. our proposed methodology - Object-

based automatic classification (Multi-scale object-oriented segmentation with decision 

tree classification).  

 

5.1. GPS points with field investigation 

 

“A classification is not complete until its accuracy is assessed” (Lillesand and Kiefer, 

2000). Accuracy assessment is a necessary part of automated classification. Traditionally, 

reference or preliminary maps are used for verification. In this study, the previous habitat 

maps such as WWF and SUSDEV 21st cannot be used as reference maps. The reasons 

are 1. both previous surveys, WWF survey and SUSDEV 21st survey, were done several 

years ago, and successional changes may have occurred, 2. low resolution satellite 

images and small scale aerial photographs were utilized in these two previous projects. 

There is no logical reason to use low resolution maps to evaluate the accuracy of the high 

resolution maps produced in the study from IKONOS images. Therefore, field work with 

GPS was undertaken to assess the accuracy of the air photo interpreted vegetation maps 

and thereby the maps derived from automated classification.  

 

Traditionally, field investigation is the most reliable habitat mapping method, because it 

provides an on-site map with detailed habitat types and their current growing stage, with 

precise locations from a GPS receiver. In this study, all structural types and plantation 

species were recorded with accurate GPS field locations using a “constraint-random 

sampling” approach. This means all the survey points are randomly distributed but 

  Page 38  



Chapter 5: Habitat mapping methods 

limited to accessible roads or footpaths. Accessibility is a serious problem, therefore it is 

impossible to have truly random sampling in a mountainous rural environment. The GPS 

points were selected following two criteria, 1. the places must be homogenous, with the 

same species in a 16 * 16 m2 area; 2. more than 10 GPS epochs must be collected for 

each point in order to ensure reliability and repeatability of positioning. Fifteen 

vegetation communities or species types were recorded, they are: 1. Baeckia shrubland, 2. 

Shrubland, 3. Melaleuca quinquenervia, 4. Lophostemon confertus, 5. Acacia confusa, 6. 

Mixed plantation, 7. Pure grassland, 8. Shrubby grassland, 9. Lowland Forest, 10. 

Montane forest, 11. Rock/soil, 12. Urban, 13. Water course, 14. Fung Shui forest and 15. 

Bamboo. A total of 353 field points were recorded by field GPS technique. 

 

For the accuracy validation, detailed hybrid level and general vegetation life form level 

were examined. The detailed hybrid level contains 15 and 10 classes (listed as above), 

and they were examined with manual aerial photographic interpretation and multi-scale 

object-oriented segmentation and classification techniques respectively. For the general 

life form level, regrouping was performed and six general classes were formed, they are 

1. shrubland, 2. grassland, 3. rock/soil, 4. water, 5. forest and 6. plantation (Melaleuca 

quinquenervia). All three mapping techniques including aerial photographic 

interpretation, pixel-based automatic classification and object-based automatic 

classification were investigated at this level. The selection of these six general classes are 

based on vegetation structure and Melaleuca quinquenervia plantation, as mentioned in 

section 2.1, since Melaleuca quinquenervia is spectrally and structurally distinctive. This 

is the only observable plantation species on satellite images, and ecologists believe that 

its ecological importance is different from other plantation types and from lowland forest.  

 

5.2. Manual aerial photographic interpretation 

 

The fifteen vegetation types (Figure 5.1) for the whole of Shing Mun and Tai Mo Shan 

country parks (the same as the classes from GPS) were interpreted manually by 

stereoscopic viewing and digitizing onto the photos instead of digitizing manually on-

screen. The definitions of these classes are listed in Table 5.2. Stereoscopic viewing can 
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provide extra three dimensional (3D) information and contextual perspective over 2D 

mapping. This is essential for habitat mapping since tree heights are valuable information 

for recognizing distinct communities. For example, a plantation normally has similar tree 

heights due to the same tree ages, therefore the interpreter can easily group the species 

with the same tree height, pattern and texture using stereoscopic viewing. Additionally, 

the very steep terrain, shadowing effect, and relief displacement on the photos require the 

interpreter to consider these 3D factors in the identification. The pan-sharpened IKONOS 

image was also used manually by the interpreter to assist the API. This provides 

additional information from the NIR waveband, since some of the areas are only covered 

with true color air photos. During the API, boundaries were placed wherever significant 

colour and/or textural difference were observed and the minimum mapping unit was 

approximately 5 to 10 meters on the ground. The boundaries were drawn onto digital 

orthophoto which produced in year 1998.  

 

Accuracy assessment 

 

Two different levels of assessment were obtained from the confusion matrix. A fairly low 

overall accuracy of 73 percent was achieved at detailed hybrid level. This is not 

surprising for two reasons: 1. the complex vegetative environment in rural country parks: 

for example, within the lowland forest, up to 30 species of trees can be found which 

makes mapping difficult. Dudgeon and Corlett (2004) found that forest plots of 100m2 

contain approximate 30 species in the lowland forest in Hong Kong. 2. the inconsistency 

in color and spectral range of the air photos, because the air photos from Lands 

Department have no standard color range. Although we could perform “color-matching” 

techniques for each photo after scanning them, the work load would be prohibitive. These 

two reasons suggest that the overall accuracy of 73% from air photo mapping may be 

difficult to improve upon. The overall accuracy at general life form level is 80%. It is 

much higher than that at detailed hybrid level. The confusion matrices are given in 

Appendix II. 
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In order to evaluate the probability of random assignment in the confusion matrix, the 

Kappa values (KHAT) were also computed. Results of 0.70 at detailed level and 0.73 at 

general level were obtained. These are in the range of “Substantial”, according to the 

suggested indicators for determining the Kappa value (Landis and Koch, 1977), (below). 

 

Below 0.00 – Poor 
0.0 to 0.20 – Slight 
0.21 to 0.40 – Fair 
0.41 to 0.60 – Moderate 
0.61 to 0.80 – Substantial 
0.81 to 1.00 – Almost perfect 
 
 

 
 
Figure 5.1 Fifteen classes digitized by Aerial Photographic Interpretation 

(area covered is equal to 80% of the areas of Shing Mun and Tai 

Mo Shan country parks) 
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Habitat Type Definitions 

Fung Shui Forest 
Native forests over 60 years old, often located behind villages, in valleys or near 
water 

Lowland Forest  Natural forests located below 600m sea level (mainly secondary forest)  
Montane Forest (Highland, Camellia oleifera) Natural forests located above 600m sea level  (mainly secondary forest) 
Melaleuca quinquenervia Land cover with (species) dominant (>75%) Melaleuca quinquenervia plantation 
Lophostemon confertus Land cover with (species) dominant (>75%) Lophostemon confertus plantation 
Acacia confusa Land cover with (species) dominant (>75%) Acacia confusa plantation 

Mixed Plantation 

Plantation area with mixed species (at least three species) and cannot easily separate 
them from “bird view”, but they are recognizable and have different pattern, color 
and texture against with lowland forest 

Pure Grassland  Open grassland spaces with few bushes, land cover dominated by grass (>90%)  
Shrubland Land cover with dominant (>80%) shrub 

Shrubby Grassland 
Land cover predominantly grassland and shrubland (as transition zone between both) 
with around 30% of shrubland and 70% of grassland 

Baeckia Shrubland Land cover with Baeckia (Myrtaceae) dominant (>70%) and rare shrubland 
Bamboo Land cover with (>80%) Bamboo dominant 
Water Course (Reservoir) Reservoir, natural waterbodies 
Rock 

 
“Badland”, unconsolidated rock, open rock, disturbed land 

Urban Residential, cultivation, artificial urban structure area 
 
Table 5.2  Definitions of fifteen selected vegetative classes 
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5.3. Pixel-based automatic classification (Maximum Likelihood 

classification) 

 

For automatic pixel-based image classification, Maximum Likelihood Classification 

(MLC) was selected. Its rationale is based on the probability of each pixel belonging to a 

training class. The pixel will be assigned to the class with the highest probability. Since 

this method is calculated for each pixel individually, coarse scale trends and local spatial 

dependencies among pixels are not considered. However, Zhang (2001) and Wang et al. 

(2004) used MLC with texture measures for classifying urban trees and mangrove forest, 

and achieved higher accuracy. Franklin et al. (2000) found that texture measures were 

also applicable to forest species mapping with high resolution airborne imagery and a 

range of accuracy from 60 to 65 percent for forest inventory was achieved. Coburn and 

Roberts (2004) found that texture information can improve the overall accuracy of MLC 

for forest stand classification by 4 to 8%. 

 

There is a need to perform unsupervised classification to evaluate the spectral 

characteristics of the image and to define the number of classes before supervised 

classification. The ISODATA unsupervised classification result with 7 classes is 

illustrated in Figure 5.3. Since urban areas were already masked using GIS data (green 

color), six classes remain. These should be water, soil, grassland, shrubland, plantation 

(Melaleuca quinquenervia) and forest. In fact the results provide an exact match with this 

expectation which was initially mentioned in section 5.1. 

 

To assist the selection of training areas for supervised classification and to ensure 

representativeness and separability among classes, spectral plots and Bhattacharya 

Distance (BD) were used. Figure 5.4 illustrates the spectral plots (mean +/- 1 sd) for the 6 

structural vegetation classes based on the original 4 IKONOS bands and vegetation 

indices. It was found that grassland has some overlap with shrubland in the blue band and 

green band, whereas there is a little or no overlap for the vegetation indices, as well as the 

red and NIR bands. Also, there is some overlap between plantation (Melaleuca 
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quinquenervia) and forest in blue, NIR and NDVI bands, but not in the other bands. Thus, 

some of the bands show spectral separability between all the classes. 

 

Bhattacharya Distance (BD) is an alternative way of measuring between-class 

separability (Richards, 1986). The rationale of this method is to compute the mean and 

variance between two classes assuming a Gaussian distribution (PCI, 2004). The BD 

ranges from 0 to 2, and the following are the rules for determining class separability. 

 

0.0 < x < 1.0   (very poor separability) 

1.0 < x < 1.9   (poor separability) 

1.9 < x < 2.0   (good separability) 

 

Table 5.5 shows the BD matrix among six classes. Only forest and plantation (Melaleuca 

quinquenervia) have poor separability. The confusion between these is not surprising due 

to the nature of these two classes, which are both trees. There is also some overlapping in 

the spectral plots. 
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               (a) 

 
               (b) 
 
Figure 5.4 Spectral plot of training areas 

a. spectral plot of original four bands; b. spectral plot of vegetation indices 
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BD matrix water soil shrubland

plantation 
(Melaleuca 

quinquenervia) grassland forest 
water ---      
soil 2 ---     

shrubland 2 2 ---    
plantation 

(Melaleuca quinquenervia) 2 2 1.9979 ---   
grassland 2 1.9998 1.99071 1.99999 ---  

forest 2 2 1.98184 1.4129 1.99998 --- 
 
Table 5.5 BD matrix 
 
 
 
The classification results are illustrated in Figure 5.6. Figure 5.6 (b) shows the MLC 

result using the 4 original IKONOS bands and two additional vegetation indices: NDVI 

and chlorophyII index. An overall accuracy of 62% and KHAT of 0.49 were achieved. 

Also, there are many “salt and pepper” pixels in the plantation and forest classes when 

examined visually. The accuracy was significantly improved by adding ancillary texture 

measures with set 2: standard deviation, dissimilarity, mean (discussed in Section 4.3.2) 

together with the four original bands, NDVI and chlorophyII bands, making a total of 9 

bands. The improvement is significant and this is shown in Figure 5.6(c). The forest and 

plantation have now been differentiated using texture measures, because Melaleuca 

quinquenervia plantation is distinctive due to its smooth pattern and its spectral 

compactness. Accuracy assessment with GPS reference points was also carried out on 

this MLC together with texture measures. It was found that overall accuracy increased by 

8% (70%), and KHAT of 0.60 was obtained. The producer’s and user’s accuracy for 

Melaleuca quinquenervia is significantly increased by 18% and 21%, and those for forest 

increased by 15% and 12% respectively. 
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Figure 5.3 Unsupervised classification with 7 classes 
 

  
 
Figure 5.7 Melaleuca quinquenervia, digitized polygons are from API and the 

classified image is from MLC with texture measures.
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             (a) 
 
Figure 5.6 Maximum L

  a. original tru

 
 
 
 

   
     (b)      (c) 

ikelihood Classification results 

e color image; b. MLC with 6 bands, c. MLC with 9 bands (including texture measures) 
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5.4.  Object-based automatic classification (Segmentation with classification) 

 

Segmentation is a complementary classification method based on parcels rather than 

pixels. It creates regional patches that represent one class within a patch. Such per-parcel 

segmentation algorithms seek to divide an image into different homogenous and 

continuous regions (Pekkarinen, 2002), and are more similar to the human mind. 

Traditional per-pixel classifications such as Maximum Likelihood Classification are only 

based on the similarity of the spectral value to training datasets, and usually result in 

many misclassified “salt and pepper” pixels.  

 

Recently, segmentation has been successfully applied in landslide scar detection (Barlow 

et al., 2003), flood analysis (Van der Sande et al., 2003) and forestry mapping 

(Pekkarinen, 2002). For the forest inventory, Tomppo (1987) stated that there is a need to 

develop segmentation for stand-level forest inventories for satellite imagery. Parmes 

(1992) has successfully used segmentation for forest inventories with SPOT and Landsat 

imagery. In this study, segmentation is proposed for regional habitat mapping with 

IKONOS images at detailed level, using spectral, textural, ancillary and DEM data. It is 

likely that segmentation can give a better description and classification of rural vegetation 

since it groups the pixel patch by patch and minimizes the internal variance within 

classes, thus, the variability of pixels within a class can be reduced. In addition, the 

rationale of segmentation classification is similar to how the human-mind classifies, 

because it groups similar and spectrally close pixels into definable objects. It can 

significantly reduce the “salt and pepper” pixel problem from pixel-based classifiers. The 

following is a brief introduction to several segmentation types, including point-based, 

edge-based and region-based approaches.  

 

Point based approach 

 

The point based approach is the fundamental segmentation algorithm and it groups 

regions with the same spectral value using a spectral threshold. The grouped patches are 

  Page 49  



Chapter 5: Habitat mapping methods 

“patches by patches” without considering any connection between patches and pixels. It 

is the first stage of segmentation (Haralick and Shapiro, 1985). 

  

Edge based approach 

 

The edge based approach creates the regions by outlining their edges and forming 

patches. Edge detection algorithms such as Sobel filtering (Jain et al., 1995) and the 

watershed algorithm are used (Wegner et al., 1996). However, it does not work well with 

satellite images due to their high variety of spectral content and it is highly affected by 

noise. 

 

Region based approach 

 

The region based approach is the most appropriate method for segmentation of satellite 

imagery. It works on the whole scene and creates regions based on two sub-approaches: 

1. bottom-up (data driven methods) and 2. top-down (knowledge driven methods). The 

top-down approach works well since the user knows what to extract, but they do not 

know how to extract. The bottom-up approach applies statistical parametric algorithms to 

the entire image and groups the pixels into clusters which meet certain criteria of 

homogeneity and heterogeneity (eCognition, 2003).  

 

The bottom-up segmentation approach was utilized with eCognition software in the 

current study. Meinel et al. (2004) evaluated several commercial softwares for image 

segmentation including eCognition, Data Dissection Tools, CAESAR, InfoPACK, Image 

Segmentation module from Erdas, Minimum Entropy Approach and SPRING. They 

found that eCognition performed the best. The basic operation and methodology of 

eCognition is to group the pixels as objects based on parameters 1. color, 2. shape, 3. 

compactness and 4. smoothness (Benz et al., 2004). In addition, scale determination is 

critical because it controls the size of the objects (segments). 
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5.4.1. Segmentation in eCognition 

 

Segmentation in eCognition works with five input parameters: color, shape, compactness, 

smoothness and scale. Weights are needed for each band and “seed growing”/“pixel 

growing” may start at any pixel. Regions may be grown from seeds and the process stops 

after some criteria are met or the threshold is exceeded. A “scale” parameter controls the 

size of the regions and is optimized by the user. Equation 5.8 defines the basic formula 

for image segmentation (Baatz and Schape, 2000). 

 
color shapef = w h + (1-w) h⋅ ⋅

⋅

          Equation 5.8 
 
where f is the overall fusion value (outcome), w is the weight for each color (between 0 

and 1), hcolor and hshape are the spectral and spatial heterogeneity which are described in 

the following equations: Equation 5.9 and 5.10. 

 
merge obj1 obj2

color c merge c obj1 c obj2 c
c

h = w (n σ -(n σ +n σ ))⋅ ⋅ ⋅∑       Equation 5.9 

 
Equation 5.9 describes the spectral heterogeneity, wc is the weight for color, n is the 

object size (number of pixels). From this equation, we notice that seed growing on the 

spectral content is controlled by the outcome hcolor, and hcolor is controlled by f (in 

Equation 5.8).  

 

Equation 5.10 shows that spatial heterogeneity is combined with compactness and 

smoothness. Equation 5.11 and 5.12 show the formula for compactness and smoothness 

respectively.  

 
shape cmpct cmpct cmpct smoothh =w h +(1-w ) h⋅       Equation 5.10 

 

merge obj1 obj2
smooth merge obj1 obj2

merge obj1 obj2

l l
h =n -(n +n

b b
⋅ ⋅ ⋅

l
)

b
                Equation 5.11 
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merge obj1 obj2
cmpct merge obj1 obj2

merge obj1 obj2

l l
h =n -(n +n

n n
⋅ ⋅ ⋅

l
)

n
    Equation 5.12 

 

where l is the object parameter, and b is the perimeter of the bounding box. 

 

Throughout the process of segmentation, five parameters should be defined by the user 

and scale is the controller of segment size. The user can optimize the size (scale) for 

achieving the most appropriate segments. Wulder et al. (2004) suggested using the 

following settings for forest mapping: scale (10), color (0.6), shape (0.4), smoothness 

(0.5) and compactness (0.5).  

 

5.4.2. Multi-scale object-oriented segmentation with decision tree classification 

(MOOSC) 

 

Arising from the literature review of segmentation techniques, multi-scale object oriented 

segmentation with decision tree classification has been developed in this study. This 

permits classification decisions to be made, based on the nature and characteristics of the 

habitats in the study area. The strategy of this mapping is first to create a five-level scale 

of segmentation. Since there is no absolute correct parameter for segmentation, a trial and 

error approach is needed for investigating the appropriate parameters. Table 5.13 shows 

the optimum parameters in five levels which were selected out of 50 trials. The 

weightings of color, shape, smoothness, compactness and scales were decided for 

segmentation at different levels of detail (LoD). To define the reliability of the selected 

parameters, several sub-scenes were examined and the fitness and effectiveness was 

judged visually, by comparison with the air photo digitized polygons. In order to increase 

the band dimensionality, the original four multispectral bands, two vegetation indices, 

one DEM raster band, and five texture measured bands (a total of 12 channels) were input 

to the segmentation process. Following this, a decision tree classification was applied to 

the segmentation results, with reference to the spectral, shape and texture information of 

the segments. Figure 5.14 illustrates five scales of segmented polygons over the entire 
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area. The level of detail increases as the level number decreases. In other words, Level 5 

was used for mapping coarse features and Level 1 was designed for mapping the finest. 

    
 
 Scale Color Shape Smoothness Compactness 
Level 5 500 1 0 - - 
Level 4  100 1 0 - - 
Level 3  50 0.8 0.2 0.8 0.2 
Level 2  20 0.8 0.2 0.8 0.2 
Level 1  10 0.8 0.2 0.8 0.2 
 
Table 5.13 Optimum parameters for segmentation 
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(a)                                                              (b) 

  
(c)            (d) 

 (e) 

 
Figure 5.14  

Polygon segmentation illustrating five 

different scales  

a. Level 5; b. Level 4; c. Level 3;  

d. Level 2; e. Level 1 
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Figure 5.15 Chart for multi-scale object oriented segmentation with decision 

tree classification for mapping at detailed hybrid level.
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After segmentation, all objects contained their own spectral, hierarchical and shape 

attributes, and these were input to the decision tree classification. This was done semi-

automatically by the user, based on the observations of spectral characteristics in section 

4, plus a DEM. Level 5, the coarsest scale was designed to differentiate between “land” 

and “water”, thus largest objects were mapped. The “water” is only described as inland 

reservoir since the image does not cover any sea area. A threshold in the NIR band was 

identified by sampling, in order to separate “land” and water” (see Figure 5.16). Values 

of between 170 and 180 in the NIR band were defined as “water” and the remainder as 

“land”. The sampling histograms and the classified map are illustrated Figure 5.16. 

 
 
 

  
 
Figure 5.16 Classified map at segmentation Level 5 and sampling histograms 

(Black color represents water and Blue color represents land) 
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At Level 4, “impervious land” and “rural area” are the sub-classes of “land” from Level 

5. They are separated by thresholding in the blue band. The six sampling histograms in 

Figure 5.17 indicate that the blue band is the most compact, with the smallest standard 

deviation, and little overlap between impervious land and rural areas. Thus, a threshold 

from 309 to 500 on blue band was defined as “impervious land” and the remainder as 

“rural area”. The sampling histograms and the classified map are illustrated in Figure 

5.17. 

 
 
   

   
 
Figure 5.17 Classified map at segmentation Level 4 and sampling histograms 

(Black color represents impervious area and Blue color represents 

rural area)  
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At Level 3, two main branches remain from Level 4, they are “impervious land” and 

“rural area”. From the “impervious land”, “urban” and “bare soil” are the sub-classes and 

they can be separated by using DEM. An assumption is made that urban areas are situated 

on flat land (with elevation below 200m) and “bare soil” is located above 200m. On the 

other branch, “pure grassland” and “woody vegetation” (woody vegetation is defined as 

woody plants comprising lowland forest, montane forest, Melaleuca quinquenervia and 

shrubland in latter level) are mapped as sub-classes of “rural area”, and the chlorophyII 

index was selected for threshold setting since pure grassland and woody vegetation are 

distinctly separated by the chlorophyII index, with a low standard deviation for each class 

(see section 4.3.1 and figure 5.18). Therefore, a threshold of between 1146 and 1357 on 

the chlorophyII index was defined as “pure grassland” and the remainder as “woody 

vegetation”. The sampling histograms and the classified map are illustrated in Figure 

5.18.  

 
 

 
 
Figure 5.18 Classified map at segmentation Level 3 and sampling histograms 

(Black color represents pure grassland and Blue color represents 

woody vegetation)  
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Level 1 and 2 are the most critical mapping levels since they control the final results at 

detailed level. At level 2, woody plants including Melaleuca quinquenervia plantation, 

montane forest, lowland forest and shrubland were mapped. Assumptions were also made 

that 1. the major difference between “montane forest” and “lowland forest” is from the 

elevation. Forest is regarded as montane forest if it is above 600m mean sea level (Corlett 

R.T., personal comment); 2. Melaleuca quinquenervia is also planted in lowland. 

Therefore a constraint with elevation below 600m mean sea level was constructed. To 

identify and map the plantation of Melaleuca quinquenervia plantation, texture 

measurement (mean GLCM) and NDVI vegetation index are the most useful (see section 

4.3.1 and 4.3.2). Thus, four constraints 1. DEM less than 600m, 2. threshold between 148 

and 176 for red band, 3. threshold between 1374 and 1449 for NDVI band, 4. threshold of 

GLCM mean between 4.2 and 6.5, were set for mapping Melaleuca quinquenervia. For 

lowland forest, three constraints were set, 1. DEM less than 600m, 2. threshold between 

1557 and 1670 for chlorophyII index, 3. threshold of GLCM standard deviation between 

1.5 and 2.6. After Melaleuca quinquenervia plantation and lowland forest had been 

identified and isolated using the above constraints, areas still unidentified were presumed 

to be shrubland and it was thus classified by default. Figure 5.19 shows the classified 

map. The black area represents level 3 to 5 which had been identified and masked 

previously. Therefore, four classes are represented. These are montane forest, lowland 

forest, Melaleuca quinquenervia plantation and shrubland. Histograms of the relevant 

channels for Melaleuca quinquenervia and lowland forest are illustrated on the same 

figure.  
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Figure 5.19 Classified map on Level 2 and sampling histograms  
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In the field, shrubland exists in differing proportions among grassland and indicates 

succession to forest. These proportions are important ecologically due to the food and 

cover provided to wildlife by shrubs within the more exposed grassland environment. 

Therefore it is important to include sub-classes and mixtures of shrub, as it occurs in the 

field, in the classification. At level 1, shrubland was sub-classified as three shrubby 

classes based on 1. the proportion of shrubs and 2. how close it was spectrally to pure 

grassland and lowland forest respectively. Figure 5.20 is a spectral plot of these three 

classified features for six spectral channels. It was constructed with the training areas 

taken from unsupervised classification results which were tested using Bhattacharya 

Distance, and assumed to be “pure” and homogenous. The plot indicates that the 

chlorophyII index is the ideal channel for threshold placement since pure grassland and 

lowland forest are spectrally at the extreme tails of shrubland in this band. Therefore, it 

was decided to sub-divide shrubland into three classes based on standard deviation 

thresholds. For shrubland 1 (shrubby grassland), the threshold was “mean – 0.5sd” for 

chlorophyII index. For shrubland 3 (shrubby forest), the threshold was “mean + 0.5 sd”. 

The threshold between “mean – 0.5sd” and “mean + 0.5sd” was assigned for shrubland 2 

(shrubland). 

 

In order to test these threshold placements, the Linear Spectral Unmixing (LSU) concept 

was implemented on the level 1 shrubland area with only the chlorophyII index band. 

Three virtual scenarios were constructed and modeled (table 5.21), they are: “25% 

lowland forest + 75% grassland”, “50% lowland forest + 50% grassland”, “75% lowland 

forest + 25% grassland” and they were presumed to be “shrubby grassland”, “shrubland” 

and “ shrubby forest” respectively. It should be noted that these are spectral mixtures 

only and do not reflect real mixtures on the ground. For example, in reality, grassland 

does not grow within forest, so “25 % lowland forest + 75% grassland” is only a spectral 

mixture and it is a virtual scenario. 

 

Pure pixels of each class were taken from the training sites (those for constructing the 

plot in Figure 5.20). The LSU values for the three scenarios were achieved. They are 

1366.973 for scenario 1, 1442.725 for scenario 2 and 1518.478 for scenario 3 
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respectively (Table 5.21). These three computed LSU values were then used to assess the 

reliability of the threshold placement. For example, the median value of shrubland 2 (by 

threshold placement) is 1447, and the LSU value for scenario 2 is 1442. This similar 

finding indicates that the class shrubland 2 represents a scenario of “50% lowland forest 

+ 50% grassland” and it should be shrubland. The same approach was also implemented 

on the classes shrubland 1 and shrubland 3. The results show that all the threshold 

placements correspond well with this LSU cross checking method and the resulting level 

1 classified map is shown in Figure 5.22. The resulting and enlarged MOOSC classified 

images are shown in Appendix II (Figure A.15 and A.16). 

 

 
 
Figure 5.20 Spectral plot of classified features in six spectral bands (the range 

was defined by “mean + 2sd” and “mean -2sd”) 
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 Mean (DN value) s.d. (DN value) 
Shrubland 1447.05 98.9302 
Lowland forest 1594.23 43.3197 
Pure grassland 1291.22 48.4341 
   

 Threshold with 0.5 s.d.  
Linear Spectral 
Unmixing   

Shrubland 1 <1397.585  

25% lowland 
forest + 75% pure 
grassland 1366.973

Shrubland 2 
<1496.5151 and 
>1397.585  

50% lowland 
forest + 50% pure 
grassland 1442.725

Shrubland 3 >1496.5151  

75% lowland 
forest + 25% pure 
grassland 1518.478

Table 5.21  Details of classes at Level 1 
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Figure 5.22 Classified map at Level 1 (the black area has already masked in 

upper levels) 
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5.4.3.  Validation of segmentation and classification results 

 

There are two methods for validating the accuracy for MOOSC. These are, 1. field points 

with GPS locations (absolute checking approach), 2. check points derived from the API 

mapping (relative checking approach). The second approach is necessary because data 

points are mainly located along the accessible footpaths and roads. Since as explained in 

section 5.2, the API cannot be assumed to be completely accurate especially near polygon 

boundaries, the points for relative checking were located away from boundaries. 

 

GPS field validation (absolute checking approach) 

 

A total of 10 classes were mapped using automatic segmentation and classification 

techniques at the detailed hybrid level. These are: water, urban, bare soil, pure grassland, 

lowland forest, montane forest, Melaleuca quinquenervia, shrubby grassland, shrubland 

and shrubby forest. The GPS field points were overlaid onto the classified habitat 

polygons. However, this is not just a point-checking approach, since small homogenous 

areas (16m * 16m) were verified during the fieldwork. Thus, areal coverage information 

was also validated. For the shrubby forest class, there is no field data for absolute and 

relative accuracy checking, so this depended only on the LSU technique (described 

above) and shrubby forest was not shown in the confusion matrices. 

 

Table 5.23 summarizes all the accuracy validation results by using API, MLC, MLC with 

texture measures and MOOSC, for both general and detailed levels. It suggests that the 

MLC classification approach is not suitable for rural environmental mapping since each 

pixel is classified based on its pixel spectral value only, with no recognized connection to 

the neighboring pixels. When texture measures together with MLC were introduced to 

enhance contextual factors, classification accuracy was significantly increased by 8 

percent. When the object-oriented MOOSC automatic classification was performed with 

the objective of improving the accuracy further, accuracy at the general life form level 

was increased by 6% compared with MLC with texture, and 14% compared with MLC. 

Specifically the accuracy of Melaleuca quinquenervia has been increased by ca. 42% in 
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both the producer’s and user’s accuracies compared with conventional MLC, and 

increased by ca. 21% in both accuracies compared with MLC with texture. Forest has 

also sharply increased by 25.7% in producer’s accuracy and 30.8% in user’s accuracy 

compared with conventional MLC, and by 10.6% and 11.3% compared with MLC with 

texture (See table 5.25). Generally, this table indicates that producer’s and user’s 

accuracies are both significantly increased compared with the conventional MLC and 

MLC with texture measures, for the four classes at the life form level.  

 

Moreover, the absolute overall accuracy of MOOSC at detailed hybrid level is almost as 

accurate as API (Table 5.23). For detailed comparison, table 5.25 illustrates that 

producer’s accuracy of shrubland are 29.4% higher than using API. The producer’s and 

user’s accuracies of lowland and montane forest are also higher than using API. 

Certainly, the findings in table 5.23 and table 5.25 suggest that MOOSC can perform 

similarly in overall accuracy, producer’s accuracy and user’s accuracy to API. Therefore 

MOOSC can provide an accurate and acceptable method for habitat classification of 

different structural vegetation types using satellite images. 

 

Check points derived from API (relative checking approach) 

 

Relative accuracy testing between API and MOOSC was carried out for validating the 

accuracy in remote areas, to solve the problem of accessibility. Because the API derived 

polygons were digitized from both summer and winter air photos, and these were 

interpreted manually without orthorectification or even geo-referencing, direct 

comparison between API and MOOSC may not be relevant except as a general guideline. 

In the view of these problems, areal and boundary comparison between API polygons and 

MOOSC was not performed, but the currently described approach of random check 

points was implemented. 

 

Figure 5.24 illustrates the distribution of the 215 check points together with the 353 GPS 

points. These check points were selected in remote areas on the air photo mapped 

categories and well away from polygon boundaries. Congalton and Green (1999) found 
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that ca. 50 samples of each vegetation or land cover category is sufficient for sampling 

and checking, and this is the empirical guideline derived over many projects. In our 

study, most of the classes contain more than 50 check-points which combine both GPS 

points and API derived points. 

 

Accuracy validation was made by comparing the check points with MOOSC results, and 

the confusion matrices are shown in Appendix II (Table A.13 and A.14). Approximately 

90% overall accuracies were achieved both at general life form level and detailed hybrid 

level (Table 5.23). These high accuracies are not surprising since the absolute accuracy 

examination obtained similar results for the air photos and MOOSC respectively when 

each was compared to field data. The combined findings from both accuracy tests 

indicate that MOOSC automatic mapping with IKONOS images can perform at a similar 

accuracy level to manual aerial photographic interpretation. More comparisons including 

cost-benefit analysis are listed in section 6. 

  
 
 
 
 
 
 
GPS (absolute accuracy 
validation) 

Overall 
accuracy 
(general 
level) 

KHAT 
(general 
level) 

Overall 
accuracy 
(detailed 
level) 

KHAT 
(detailed 
level) 

API 80% 0.728 73% 0.696 
MLC 62% 0.493 --- --- 
MLC (texture measure) 70% 0.597 --- --- 
MOOSC 76% 0.682 71% 0.655 
     
     
Air photo check pts 
(relative accuracy 
validation) 

    

MOOSC 90% 0.877 88% 0.860 
 

Table 5.23 Accuracy validation of different techniques: GPS field collection 

(absolute checking) and air photo check points (relative checking)
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Figure 5.24  Check points and GPS field points in the study area 
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General life form level 
 API MLC MLC with texture MOOSC 
Classes Producer’s

accuracy 
 User’s 

accuracy 
Producer’s 
accuracy 

User’s 
accuracy 

Producer’s 
accuracy 

User’s 
accuracy 

Producer’s 
accuracy 

User’s 
accuracy 

Shrubland         55.9% 70.4% 73.5% 33.8% 70.6% 38.1% 70.6% 43.6%
Melaleuca 
quinquenervia

 
   

      

        
         

 

78.6% 91.7%
46.9% 40.5% 65.6% 61.8% 87.5% 82.4%

Grassland 89.3% 83.8% 65.6% 87.9% 72.1% 87.1% 74.6% 85.8%
Forest 75.4%

 
59.8%

 
48.5%

 
58.3%

 
63.6%

 
77.8%

 
74.2%

 
89.1%

 

Detail hybrid level 
API MOOSC

Classes Producer’s
accuracy 

 User’s 
accuracy 

Producer’s 
accuracy 

User’s 
accuracy 

Shrubland     41.2% 46.7% 70.6% 43.6%
Melaleuca 
quinquenervia 

84.4%    

    

    

    

    

93.1% 87.5% 82.3%

Pure 
grassland 

77.1% 68.5% 77.1% 64.9%

Shrubby 
grassland 

79.7% 77.6% 54.1% 81.6%

Lowland 
forest 

74.5% 58.6% 70.9% 84.8%

Montane 
forest 

72.7% 54.1% 81.8% 100%

         

  

 
Table 5.25 Producer’s accuracy and User’s accuracy of some habitat classes mapped by several techniques (absolute 

accuracy validation)
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CHAPTER 6. 

DISCUSSION AND CONCLUSION 
 

 

6.1.  Discussion 

 

The categories selected for mapping in habitat classification are ideally based on the 

classes which are most significant in ecological terms, ie. their distinctive wildlife value 

for the variety of the plants and animals which they contain. In this study, selection of 

mapping classes was based on previous studies which had been influenced by these 

considerations, as well as by advice from an expert ecologist, Richard Corlett. However, 

in reality, classes which are ecologically significant may not be physically distinct and 

therefore a trade-off between what is desirable and what is possible must be made when 

mapping large areas using remote sensing. For example in this study, structural 

vegetation habitats were mapped instead of detailed species mapping. This study has 

followed this approach using several classification techniques starting with the 

ecologically desirable classes at more detailed level, but finding higher accuracy with 

simpler classes at structural level. 

 

The band dimensionality is also critical when the target objects are not totally spectrally 

separable among the original bands, such as in this study. The number of final mapping 

classes is ten and the original spectral channels is four. Therefore increasing the band 

dimensionality by adding ancillary data such as vegetation indices and texture measures 

is the only method for achieving greater spectral separability. Thus, a total of 12 bands 

provided the spectral redundancy and capability for mapping a further ten classes, and 

this worked especially well in the automatic (hierarchy/decision tree based) MOOSC 

method. Certainly, the currently developing hyperspectral sensors will be able to provide 

informative data where the band number is at least four times that provided by 

multispectral images, such as IKONOS used in this study. However, a trade-off must also 

be made between the spatial resolution and the spectral resolution and a “win-win” 

  Page 70  



Chapter 6: Discussion and conclusion 

situation is not always possible. Light detection and ranging (Lidar) sensing platforms 

can also be implemented for habitat mapping since the structure of major vegetation 

habitats and plantations can be identified using heights from the 3-D data. However, the 

limitation of this sensor is the carrying machine – airborne. This limitation is the same as 

air photos where the areal coverage of each image is limited, and mosaicing is needed. 

Based on cost-benefit analysis and the availability of the sensors, the author believes that 

VHR multispectral satellite sensor is the appropriate choice for habitat mapping now and 

in the future.      

 

In this study, the decision tree based classifier (MOOSC) was demonstrated to have 

superior mapping ability and to provide higher accuracy both at general and hybrid level 

than a “one-stage” classifier such as MLC. This is not surprising because hierarchical 

classifiers always provide more detailed information by breaking the target objects into 

levels. In this study, the conventional hierarchical classifier was modified in advance, by 

involving a multi-scale object-oriented concept, ie. segmentation, and this gave superior 

results for complex rural areas. The map objects at each of five levels were ecologically 

significant and provided an independent map. Additionally, these five maps can also be 

interactively joined or mixed together according to user requirements. However, the 

drawback of this classifier is that it is sequential. Thus the user cannot skip any 

level/scale. For example, the user cannot skip level 2 to approach level 1 from level 3 as 

he/she will miss the information and decisions at level 2. Therefore, a trade-off between 

the steps of process and the required levels of detail must be made.   

 

Topographic correction of the images was implemented in the pre-processing stage. The 

approach based on Civco‘s (1989) method increased the class accuracy by 7 percent 

using MLC. This technique still needs some improvement because: 1. the quality of DEM 

is critical, 2. the modeled regression has some uncertainties which may not totally reflect 

the reality. Therefore the Melaleuca quinquenervia and lowland forest classes (see 

confusion matrix in appendix II) were confused. This may be caused by the imperfect and 

only partial topographic correction. It is thought that improvements of the topographic 

correction can improve the overall accuracy, and this image preprocessing step is proved 
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to be necessary (Nichol et al. 2005b). However most of the previous researches have 

omitted.   

 

When considering costs and benefits of the proposed MOOSC technique against manual 

interpretation methods, MOOSC is definitely more cost-effective. Table 6.1 shows that 

only one-tenth the cost was invested in MOOSC compared with API, but the overall 

accuracies at each level are similar. This viewpoint is further supported by table 6.1 

which indicates that previous habitat surveys in Hong Kong, requiring approximately 3 to 

4 times the cost of the presently proposed MOOSC method have obtained much lower 

accuracy. In order to extend the habitat mapping to the entire territory of Hong Kong 

(both rural and urban areas), twenty two IKONOS scenes would be required compared 

with hundreds of air photos. Since the IKONOS sensor maintains the spectral and 

radiometric consistency of each image, only atmospheric correction would be required, if 

the images are not taken on the same day. The topographic correction, orthorectification 

and the following segmentation with classification are routine processes, if the training 

areas, GPS field collection and check points are already available. Therefore, IKONOS 

satellite imagery is now a viable alternative to air photos for detailed habitat mapping at a 

range of scales.   

 

In order to complete the objective of this project “Ecological Mapping in Hong Kong 

with Fine Spatial Resolution, IKONOS Satellite Images”, which includes both rural and 

urban habitat mapping, a mixture model (Linear Spectral Unmixing) has been suggested 

for urban habitat mapping in Kowloon Peninsula (see appendix I). The findings show that 

much higher absolute accuracy of 85% was obtained in “tree” and “grass” classes 

because the urban vegetation is less mixed, less fragmented and only four homogenous 

classes were mapped. This part of the study also indicates that the mixture model is more 

suitable in urban areas since most green areas are fragmented and discontinuous, whereas 

segmentation is more appropriate for rural areas or the habitats are compact and 

continuous.    
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This study illustrates the rationales and applications of three kinds of remote sensing 

mapping technologies, they are: per-pixel classification (MLC), subpixel classification 

(LSU) and per-parcel classification (MOOSC). These classifiers were implemented and 

their suitability was evaluated in different mapping scenarios: rural and urban. When 

implementing a project, consideration should be given to 1. spectral characteristics of the 

vegetation, 2. the distribution of the vegetation, 3. desired scale of mapping, and 4. the 

selected imaging sensors. As an example in this study, per-pixel and sub-pixel classifiers 

did not work well in rural habitat mapping because of the combination of the selected 

sensor- IKONOS having 4m resolution, with the typical scale lengths of grassland and 

forest (11-13m and 13-16m respectively). Pure pixels are often found in the image and 

users are mostly concerned with “boundaries” of larger blocks rather than “fractions”. 

Moreover, spectral overlap between the target classes is another problem which seldom 

happens in urban vegetation mapping. Thus, a per-parcel classifier proved to be superior 

in this study, and the rationale is more suited to ecologists who are the end users.   

 

There is a wide range of applications for the resulting habitat maps including wildlife 

modeling, urban planning, sustainable development and environmental protection. In the 

field of wildlife modeling, the diversity of flora and fauna, faunal migration routes and 

bird fly ways can be constructed and measured by making use of the polygons in the GIS 

database. Furthermore, the database can also be used as supplementary information for 

air quality modeling of CO2 emissions, BVOCs and aerosols since each vegetation type 

may have a different influence on these constituents. The habitat maps may also provide 

vital information for sustainable development and urban planning since biodiversity in 

urban areas depends on proximity of the rural source areas. A trade-off between 

preserving ecology and urban development can be made, and the resulting maps can 

provide the useful locations of low, medium and high ecological value vegetation in a 

comprehensive database. 
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6.2.  Conclusion 

 

In the complex rural environment, especially in the case of Hong Kong country parks, 

ecological mapping is more difficult than in temperate regions since the natural 

vegetation is mixed, cross-invaded and in different stages of succession. A simple 

spectrally-based classification is not an ideal mapping approach because of the serious 

mixed-pixel problem, even at the relatively high resolution of 4m, and the only feasible 

mapping method is based on continuity between pixels: a segment-based approach. In the 

present study, several mapping methods including manual interpretation, pixel-based, 

pixel-based with texture measures and segment-based methods were investigated and 

their accuracy was validated. It was found that the automated segment-based approach 

(MOOSC) and the manual aerial photographic interpretation approach (API) performed 

with similar accuracy at both general and detailed mapping levels. Both of them achieved 

above 75% accuracy at general life form level and above 70% at detailed hybrid level 

when compared with field surveyed GPS points. Additionally, this study also proves that 

object-oriented MOOSC automatic classification performed with superior mapping 

ability, with an increase of 6% accuracy at the general life form level compared with 

MLC with texture, and 14% compared with MLC. The producer’s and user’s accuracy of 

Melaleuca quinquenervia and forest were significantly improved by at least 20% 

compared with conventional MLC and at least 10% compared with MLC with texture 

measures, at general life form level. Moreover, the study found that the overall accuracy 

of MOOSC at detailed hybrid level is almost as accurate as API, and some of the classes 

such as lowland and montane forest have greater accuracy than those from API. This 

suggests that MOOSC is an accurate and acceptable method for habitat mapping.  

 

The study also obtained a relative accuracy of ca. 90% from MOOSC when the air photo 

mapping was used as a reference, both at general life form and detailed hybrid levels. 

These latter findings suggest the similarity of the remotely sensed view of vegetation 

classes, whether using airborne or satellite sensor images. In other words, although the 

final mapping accuracies appear relatively low, there is agreement between manual and 

automated methods and these two have similar accuracy when compared independently 
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with GPS field data. Therefore, this study concludes that the inability to achieve higher 

accuracy in ecological mapping is not due to the methodologies used, but to the difficulty 

of the task itself, in terms of the ecologically desirable classes, the vegetation 

characteristics and the study area. In spite of these constraints, the results indicate that the 

automated MOOSC approach can be used for mapping rural ecological environments at 

similar accuracy to manual aerial photographic interpretation.  
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 Our study (MOOSC) Our study 
(Manual Aerial Photographic 

Interpretation) 

SUSDEV 21st project 

Manpower 1 research person 2 research  people Team of survey officers 
Time taken 20 days 90 days (40 days field work) 150 days 
Image cost HK$11500 HK$17200 HK$28350 
Image used IKONOS (1) IKONOS (1), air photos (38) Landsat (2), SPOT (1), air photos 

(59) 
Study area Shing Mun and Tai Mo Shan country 

parks (51km2) 
Shing Mun and Tai Mo Shan 

country parks (51km2) 
Hong Kong Territories (1095km2) 

Manpower cost 
(HK$80 per hour, 

8 hr per day) 

HK$12,800  HK$115,200 HK$480,000 (for five people) 
 

Overall Accuracy Absolute accuracy (with GPS): 
76% - general life form level 
71% - detailed hybrid level 

 
Relative accuracy (check pts): 
90% - general life form level 
88% - detailed structural level 

Absolute accuracy (with GPS): 
80% - general life form level 
73% - detailed hybrid level 

Around 50% 
 

Classes Accuracy Detailed hybrid level:  
Grassland – 77% 

Lowland forest – 75% 
Montane forest – 72% 

Melaleuca quinquenervia – 84% 
Shrubby grassland – 80% 

Shrubland – 41% 

Detailed hybrid level:  
Grassland – 77% 

Lowland forest – 71% 
Montane forest – 82% 

Melaleuca quinquenervia – 88% 
Shrubland – 71% 

Shrubby grassland – 54% 

Grassland – 27.3% 
Lowland forest – 69.9% 
Montane forest – 41.3% 

Shrubby grassland – 25.1% 
Baeckia Shrubland – 38.1% 
Plantation – 100% (only one 
location has been checked) 

Soil – 44.8% 
Habitat Categories 10 15 25 
 
Table 6.1 Comparison between our project and SUSDEV 21st project by ERM Ltd
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APPENDIX I. 

URBAN HABITAT MAPPING 
 

 

In the view of sustainable development, urban planning, and urban ecological 

preservation, urban habitat mapping provides the unique source for vegetation location, 

extent, and spatial distribution. In the sense of biodiversity, urban area can be treated as 

the extent of the rural source area, several flora and fauna move from rural countryside 

across urban area for seasonal migration, seeking foods and water sources. A systematic 

and comprehensive ecological mapping in urban area is needed for preserving and 

conserving them. In this part, we will briefly introduce 1. the mixture model - Linear 

Spectral Unimixing (LSU) for applying in urban habitat mapping, 2. the optimize sizes of 

vegetative features in urban, 3. the fuzzy application by simulating the bird habitat flying 

routes.    

 

Rationale 

 

Since band ratio (NDVI and chlorophyII Index) and texture information cannot 

successfully separate grassy from treed area due to their similarity spectral values in 

urban, traditional classification and interpretation also cannot be implemented for urban 

habitat mapping. Therefore, mixture model is the other approach for detail classification. 

In this project, only treed area and grassy area were selected as interesting vegetative 

features. Together with low albedo and high albedo urban infrastructure, there are totally 

four classification types. Small (2003) has used three endmembers: low albedo, high 

albedo and vegetation by Linear Spectral Unmixing Model with Landsat imagery for 

urban mapping. In this project, IKONOS images with 4 meters resolution and digital 

orthorectified air photos with 0.35m resolution were decided for classification and for 

accuracy assessment respectively. Further fuzzy decision-making and fuzzy application 

had also been developed based on the resulting fraction maps.   
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Optimal scales of vegetative features 

 

Optimal characteristic scale lengths of treed area and urban infrastructures were also 

investigated in this project by using panchromatic channel, NIR channel of IKONOS 

imagery and aerial photographs. To increase the reliability, accuracy and integrity of the 

findings, four different sites were selected, they are: Ho Man Tin, Kowloon Tong, Tsim 

Sha Tsui, Mong Kok. Spatial autocorrelation by Moran’s I method had been utilized for 

every spatial resolution on these testing sites. Figure A.1 shows the correlograms of 

Moran’s I on several testing sites, it was found that the scale lengths of tree canopies and 

urban features were 7-9m and 16-18m respectively. After site investigation and analysis, 

the results were proved as correctly and logically. 

 

Linear Spectral Unmixing model 

 

Around 85% accuracy of the resulting fraction maps (grass and tree) can be obtained by 

comparing with the higher resolution air photos within 10% confidence level to the actual 

value. Figure A.2 shows a quadrat for the comparison between fraction image and digital 

orthophoto. Seventy quadrats had been established for accuracy assessment and Figure 

A.3(a and b) demonstrates the fraction of checking quadrats on the fraction images 

against with those in reference images. Figure A.4 shows the fraction images of “grass” 

and “tree” classified endmembers. These show that even VHR imagery such as IKONOS 

can be applied by mixture model for detailed mapping, and the results can be modeled by 

further fuzzy analysis. 

 

Fuzzy decision making and fuzzy application 

 

In Hong Kong, some forest birds such as the Japanese White-eye, Great Tit and Light-

vented Bulbul are widespread in urban treed parks, moreover, species such as the Black-

collared Starling, Crested Mynah and Black-billed Magpie dominate in grassland (Lock, 

2000). Figure A.5 shows the bird flying route simulation with the resulting fraction image 

for three kinds of bird habitat. As defining the source area is on rural countryside (top of 
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the image), simulation of bird routes from rural country park to Kowloon Park was 

carried out, three bird flying routes (A, B, C) were modeled by least cost path simulation 

method. The model A describes the birds favorite to higher percentage tree cover and the 

weights were set to gradually increase as the percentage of tree cover decreased. Model B 

demonstrates the birds only prefer the high dense (thick) tree cover. Model C shows the 

bird has no special favorite on the percentage of tree cover, so, equal weights were set to 

treed area, and the weighting table is listed in Table A.6. These results demonstrate the 

ability of fuzzy applications on wildlife habitat modeling, further fuzzy query or fuzzy 

decision-making can also be based on the resulting fraction imagery. 

 

Summary 

 

This study demonstrates habitat mapping in Kowloon Peninsula, the application of the 

mixture model (Linear Spectral Unmixing), the optimal characteristic scale lengths of 

vegetative features, and the simulation models of bird habitats – fuzzy application. For 

more detailed descriptions and explanations on this project, please refer to the article 

Nichol and Wong (2005a). 
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Figure A.1  Correlogram of Moran’s I on several testing places. 
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Figure A.2 The test plot on both the orthophoto and fraction images, the table gives the fraction values computed from 

each.
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a. 

 
 
b. 

 
 

Figure A.3 Scatter plots of fraction values from IKONOS image against 

reference data (orthophoto) (a) Grass and (b) Tree. 
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Figure A.4 Grass and Tree Fraction image from IKONOS. Grass is displayed 

as Red color and Tree is displayed as Blue and Green colors.
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Figure A.5 Simulated least cost routes. Model A is represented by Continuous 

line, Model B is represented by Thick Continuous line and Model 

C is represented by Dotted line. 
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a.  
Fraction (From) Fraction (To) Friction Value 
0.8 1 5 
0.6 0.8 10 
0.4 0.6 20 
0.2 0.4 50 
0 0.2 100 

 
 b. 

Fraction (From) Fraction (To) Friction Value 
0.8 1 5 
0.6 0.8 50 
0.4 0.6 50 
0.2 0.4 50 
0 0.2 50 

 
 c. 

Fraction (From) Fraction (To) Friction Value 
0.8 1 10 
0.6 0.8 10 
0.4 0.6 10 
0.2 0.4 10 
0 0.2 100 

 
Table A.6 Weighting for three simulated routes  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

  Page 95 



Appendix II: Confusion matrices and MOOSC results 

APPENDIX II. 

CONFUSION MATRICES FOR API, MLC, MLC WITH TEXTURE AND MOOSC, AND MOOSC 

RESULTS 
 

Table A.7  API - accuracy assessment (detailed hybrid level) 

GPS/API
Baeckia 

Shrubland     Shrubland
Melaleuca 

quinquenervia 
Lophostemon 

Confertus 
Acacia 

Confusa 
Mixed 

Plantation 
Pure 

Grassland 
Shrubby 

Grassland 
Lowland 
Forest 

Montane 
forest 

Rock 
 

Fung 
Shui 
forest Water Urban Bamboo

Row 
Total 

Baeckia 
Shrubland                 12 0 0 0 0 0 0 0 0 0 0 0 0 0 0 12
Shrubland                 0 7 1 0 0 0 0 1 6 0 0 0 0 0 0 15
Melaleuca 

quinquenervia 0                0 27 0 0 0 0 0 2 0 0 0 0 0 0 29
Lophostemon 

Confertus                 0 0 0 7 2 0 0 2 0 0 0 0 0 0 1 12
Acacia 

Confusa                 0 0 0 0 28 0 0 0 2 0 0 0 0 0 0 30
Mixed 

Plantation 0                0 0 2 5 6 0 0 1 0 0 0 0 0 0 14
Pure 

Grassland                 0 4 0 0 0 1 37 5 1 3 3 0 0 0 0 54
Shrubby 

Grassland                 3 2 0 0 0 0 8 59 2 0 2 0 0 0 0 76
Lowland 
Forest                 2 3 4 3 8 4 0 5 41 0 0 0 0 0 70

Montane 
forest                 0 1 0 0 0 0 3 2 0 8 0 0 0 0 0 14
Rock                 0 0 0 0 0 0 0 0 0 0 4 0 0 0 0 4

Fung Shui 
forest                 0 0 0 0 0 0 0 0 0 0 0 3 0 0 0 3
Water                 0 0 0 0 0 0 0 0 0 0 0 0 9 0 0 9
Urban                 0 0 0 0 0 0 0 0 0 0 0 0 0 9 0 9

Bamboo                 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 2
Column Total                 17 17 32 12 43 11 48 74 55 11 9 3 9 9 3 353
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Overall accuracy 73.3711  KHAT 0.696 

Producer's Accuracy   User's Accuracy  
     

Baeckia Shrubland 70.5882  Baeckia Shrubland 100 
Shrubland     

   

     

     
     
     

41.1765 Shrubland 46.67

Melaleuca quinquenervia 84.375  Melaleuca quinquenervia 93.1 

Lophostemon Confertus 58.3333  Lophostemon Confertus 58.33 

Acacia Confusa 65.1163  Acacia Confusa 93.33 

Mixed Plantation 54.5455 Mixed Plantation 42.86

Pure Grassland  77.0833  Pure Grassland  68.52 

Shrubby Grassland 79.7297  Shrubby Grassland 77.63 

Low Land Forest  74.5455  Low Land Forest  58.57 

Montane forest 72.7273  Montane forest 57.14 
Rock 44.4444 Rock 100

Fung Shui forest 100  Fung Shui forest 100 
Water 100 Water 100
Urban 100 Urban 100

Bamboo 66.6667 Bamboo 100
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Table A.8  API - accuracy assessment (general life form level) 
 

GPS/API Shrubland        Plantation Grassland Forest Rock Water Urban Row Total
Shrubland         19 1 1 6 0 0 0 27
Plantation         0 77 2 5 0 0 0 84
Grassland         9 1 109 6 5 0 0 130

Forest         6 19 10 52 0 0 0 87
Rock         0 0 0 0 4 0 0 4
Water         0 0 0 0 0 9 0 9
Urban         0 0 0 0 0 0 9 9

Column Total 34 98 122 69 9 9 9 350 
 
 

Overall accuracy 79.71429  KHAT 0.727787576 

Producer's Accuracy  User's Accuracy 
     

Shrubland     
     
     

     
     
     
     

55.88235 Shrubland 70.37037037
Plantation 78.57143 Plantation 91.66666667
Grassland 89.34426 Grassland 83.84615385

Forest 75.36232 Forest 59.77011494
Rock 44.44444 Rock 100
Water 100 Water 100
Urban 100 Urban 100
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Table A.9  MLC - accuracy assessment (general life form level) 
 

MLC/GPS Shrubland 
Melaleuca 

quinquenervia Grassland   Forest Rock Water
Row 
total 

Shrubland     25 5 29 15 0 0 74
Melaleuca quinquenervia 0 15 5 17 0 0 37 

Grassland     7 0 80 2 2 0 91
Forest      2 12 3 32 0 0 49
Rock      0 0 5 0 7 0 12
Water      0 0 0 0 0 9 9

Column total 34 32 122 66 9 9 272 
 

Overall accuracy 61.76471  KHAT 0.4927    
 

Producer's Accuracy 
 

 User's Accuracy 
 

   
      

Shrubland       

    
      

       
      
    

73.52941 Shrubland 33.78378

Melaleuca quinquenervia 
 

46.875  
Melaleuca 

quinquenervia 40.54054
Grassland 65.57377 Grassland 87.91209

Forest 48.48485 Forest 65.30612
Rock 77.77778 Rock 58.33333  
Water 100 Water 100   
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Table A.10  MLC with texture - accuracy assessment (general life form level) 
 

MLC(texture)/GPS Shrubland 
Melaleuca 

quinquenervia Grassland   Forest Rock Water Row total
Shrubland     24 5 23 11 0 0 63
Melaleuca 

quinquenervia        0 21 3 10 0 0 34
Grassland        8 0 88 3 2 0 101

Forest        2 6 4 42 0 0 54
Rock        0 0 4 0 7 0 11
Water        0 0 0 0 0 9 9

Column total 34 32 122 66 9 9 272 
 

Overall accuracy 70.22059  KHAT 0.597133    
        

Producer's Accuracy 
 

 User's Accuracy 
 

   
      

Shrubland        

       
        

        
        
        

70.58824 Shrubland 38.09524
Melaleuca 

quinquenervia 65.625
Melaleuca 

quinquenervia 61.76471
Grassland 72.13115 Grassland 87.12871

Forest 63.63636 Forest 77.77778
Rock 77.77778 Rock 63.63636
Water 100 Water 100

       

   Page 100 



Appendix II: Confusion matrices and MOOSC results 

Table A.11  MOOSC - accuracy assessment (detailed hybrid level) 
 

MOOSC/GPS Shrubland 
Melaleuca 

quinquenervia 
Pure 

Grassland 
Shrubby 

Grassland 
Lowland 
Forest 

Montane 
forest    Rock Water Urban

Row 
Total 

Shrubland       24 2 3 20 5 1 0 0 0 55

Melaleuca 
quinquenervia           0 28 0 0 6 0 0 0 0 34

Pure Grassland           5 0 37 10 2 0 3 0 0 57
Shrubby Grassland         2 1 4 40 1 0 1 0 0 49

Lowland Forest         3 1 1 0 39 1 0 0 1 46
Montane forest           0 0 0 0 0 9 0 0 0 9

Rock           0 0 3 4 0 0 5 0 0 12
Water           0 0 0 0 0 0 0 9 0 9
Urban           0 0 0 0 2 0 0 0 8 10

Column Total           34 32 48 74 55 11 9 9 9 281
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Overall accuracy 70.8185053  KHAT 0.65471356 

Producer's Accuracy 
 

 User's Accuracy 
    

Shrubland     

   

     
     
     

70.58823529 Shrubland 43.63636364
Melaleuca 

quinquenervia 87.5 Melaleuca quinquenervia 82.35294118

Pure Grassland 77.08333333  Pure Grassland 64.9122807 

Shrubby Grassland 54.05405405  Shrubby Grassland 81.63265306 

Lowland Forest 70.90909091  Lowland Forest 84.7826087 

Montane forest 81.81818182  Montane forest 100 
Rock 55.55555556 Rock 41.66666667
Water 100 Water 100
Urban 88.88888889 Urban 80
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Table A.12  MOOSC - accuracy assessment (general life form level) 
 

MOOSC/GPS Shrubland 
Melaleuca 

quinquenervia Grassland     Forest Rock Water Urban
Row 
total 

Shrubland       24  2 23 6 0 0 0 55
Melaleuca 

quinquenervia         0 28 0 6 0 0 0 34
Grassland         7 1 91 3 4 0 0 106

Forest         3 1 1 49 0 0 1 55
Rock         0 0 7 0 5 0 0 12
Water         0 0 0 0 0 9 0 9
Urban         0 0 0 2 0 0 8 10

Column total 34 32 122 66 9 9 9 281 
   
         

        

      

Overall accuracy 76.1566 KHAT 0.681772
         

Producer's Accuracy  User's Accuracy 
  

    
       
Shrubland       

      
       

       
       
       
       

70.58824 Shrubland 43.63636
Melaleuca 
quinquenervia 87.5

Melaleuca 
quinquenervia 82.35294

Grassland 74.59016 Grassland 85.84906
Forest 74.24242 Forest 89.09091
Rock 55.55556 Rock 41.66667
Water 100 Water 100
Urban 88.88889 Urban 80
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Table A.13  MOOSC – relative assessment (detailed hybrid level) 
 

MOOSC/API Shrubland 
Melaleuca 

quinquenervia
Pure 

Grassland
Shrubby 

Grassland 
Lowland 
Forest 

Montane 
forest Rock Water Urban Row Total 

Shrubland     16 0 4 1 2 0 0 0 0 23

Melaleuca quinquenervia 0 17 0 0 2 0 0 0 0 19 
Pure Grassland 1 0 34 1 0 0 1 0 0 37 

Shrubby Grassland 1 0 2 17 0 0 0 0 0 20 
Lowland Forest 2 3 0 1 41 2 1 1 1 52 
Montane forest 0 0 0 0 0 18 0 0 0 18 

Rock       0 0 0 0 0 0 8 0 0 8
Water       0 0 0 0 0 0 0 19 0 19
Urban       0 0 0 0 0 0 0 0 19 19

Column Total 20 20 40 20 45 20 10 20 20 215 
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Overall accuracy 87.90697674  KHAT 0.86012761 
     

Producer's Accuracy 
 

 User's Accuracy 
    

Shrubland     

  

     
     
     

80 Shrubland 69.5652174
Melaleuca 
quinquenervia 85

Melaleuca 
quinquenervia 89.4736842 

Pure Grassland  85  Pure Grassland  91.8918919 

Shrubby Grassland 85  Shrubby Grassland 85 

Lowland Forest  91.11111111  Lowland Forest  78.8461538 

Montane forest 90  Montane forest 100 
Rock 80 Rock 100
Water 95 Water 100
Urban 95 Urban 100
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Figure A.15  MOOSC classified image
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Figure A.16  MOOSC classified segments with part of the study area (zoom-in) 
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APPENDIX III. 

INFORMATION ABOUT COMMON TREES IN STUDY 

AREA (AFCD, 2004) 
 
 
 
 

 
 
 

Acacia was 
found on this 
path  

 
 
Scientific Name Acacia confusa Merr. 
Synonym (s) Acacia richii A. Grey 
Common Name (s) Taiwan Acacia , Acacia 
Chinese Name (s) 臺灣相思 
Plant Family Name Mimosaceae 
Habit Tree 
Flowering Period Mar to Oct 
Fruiting Period Aug to Dec 
Native to HK No (i.e. Exotic) 
Remarks With round crown 
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Mini Bus 
Station 

Walking along and looking upward, 
there is a plantation of mainly 
Brisbane Box 

 
 

 

Scientific Name Lophostemon confertus (R. Br.) P. G. 
Wilson & J.T. Waterhouse 

Synonym (s) Tristania conferta R. Br. 
Common Name (s) Brisbane Box 
Chinese Name (s) 紅膠木 
Plant Family Name Myrtaceae 
Habit Tree 
Flowering Period May to July 
Fruiting Period Nil 
Native to HK No 
Remarks Under the plantation area, it is natural 

forest. The leaves of this plant are in dark 
color (not suitable for young plant). 
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Paper- bark tree is found in this area 
and appeared in plain texture  

 
 
Scientific Name Melaleuca quinquenervia (Cav.) S.T. Blake 
Synonym (s) Melaleuca leucadendron auct. non L. 
Common Name (s) Paper-bark Tree , Cajeput-tree 
Chinese Name (s) 白千層 
Plant Family Name Myrtaceae 
Habit Tree 
Flowering Period November 
Fruiting Period Nil 
Native to HK No 
Remarks Plantation area of paper-bark tree is near to 

both the power site and dam of the 
reservoir. 
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Walking along and looking upward, there is a plantation 
area of mainly Swamp Mahogany and Brisbane Box 

 
 
Scientific Name Eucalyptus robusta Sm. 
Synonym (s)  
Common Name (s) Swamp Mahogany 
Chinese Name (s) 大葉桉 大葉有加利 ,  
Plant Family Name Myrtaceae 
Habit Tree 
Flowering Period April to September 
Fruiting Period Nil 
Native to HK No 
Remarks The leaves of this plant are in plain texture 
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Horsetail Tree is found on 
this path 

 
 
Scientific Name Casuarina equisetifolia L.  
Synonym (s) Casuarina stricta auct. non L 
Common Name (s) Horsetail Tree 
Chinese Name (s) 木麻黃 , 牛尾松 
Plant Family Name Casuarinaceae 
Habit Tree 
Flowering Period April to May 
Fruiting Period July to October 
Native to HK No 
Remarks With long needle leaves  
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Lemon-scented Gum is 
found on this path 

 
 
Scientific Name Eucalyptus citriodora Hook. f. 
Synonym (s)  
Common Name (s) Lemon-scented Gum 
Chinese Name (s) 檸檬桉 
Plant Family Name Myrtaceae 
Habit Tree 
Flowering Period April to September 
Fruiting Period Nil 
Native to HK No 
Remarks Tree trunk is similar to a lamp post 
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Ivy tree is found 
on this path  

 
 
Scientific Name Schefflera heptaphylla (L.) D.G. Fordin 
Synonym (s) Schefflera octophylla (Lour.) Harms. 
Common Name (s) Ivy Tree 
Chinese Name (s) 鵝掌柴 鴨 木腳 ,  
Plant Family Name Araliaceae 
Habit Tree 
Flowering Period November to December 
Fruiting Period Nil 
Native to HK Yes 
Remarks The leaves are whorled from the center 
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Rough-leaved 
Holly is found on 
this path  

 
 
Scientific Name Ilex asprella Champ. 
Synonym (s)  
Common Name (s) Rough-leaved Holly , Plum-leaved Holly 
Chinese Name (s) 梅葉冬青 
Plant Family Name Aquifoliace 
Habit Shrub 
Flowering Period June to August 
Fruiting Period October  
Native to HK Yes 
Remarks Small and delicate leaves  
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Castanopsis is 
found on this 
path  

 
 
Scientific Name Castanopsis fissa (Champ. ex Benth.) 

Rehder & E.H. Wilson 
Synonym (s)  
Common Name (s) Castanopsis 
Chinese Name (s) 黧蒴錐 裂斗錐粟 ,  
Plant Family Name Fagaceae 
Habit Tree 
Flowering Period April to May 
Fruiting Period October to December 
Native to HK Yes 
Remarks Big leaves 
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Common Melastoma is found 
on this path 

 
 
Scientific Name Melastoma candidum D. Don 
Synonym (s)  
Common Name (s) Common Melastoma 
Chinese Name (s) 野牡丹 
Plant Family Name Melastomataceae 
Habit Shrub 
Flowering Period May to July 
Fruiting Period October to December 
Native to HK Yes 
Remarks Fur texture on the leaves, parallel leaf 

veins. Common Melastoma grows in open 
sunny places. Indicates early succession to 
shrubland.   
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Hairy fig is found on this 
path 

 
 
Scientific Name Ficus hirta Vahl 
Synonym (s)  
Common Name (s) Hairy Fig , Hairy Mountain Fig 
Chinese Name (s) 粗葉榕 牛奶仔 ,  
Plant Family Name Moraceae 
Habit Shrub or Small Tree 
Flowering Period January to December 
Fruiting Period January to December 
Native to HK Yes 
Remarks Coarse leaf surface 
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