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1 Object-based, multi-sensor habitat mapping of successional age classes for 

2 effective management of a 70-year secondary forest succession

3 Abstract: Multi-temporal change detection over decades including the pre-satellite era is 

4 challenging due to the different image types available over time, and this explains the scarcity 

5 of long-term studies of vegetation succession which can play a pivotal role in the restoration 

6 of biodiversity in regenerating forests. This study describes a semi-automated, object-based 

7 habitat classification method for change detection of tropical forest succession since 1945. The 

8 study uses a set of black and white aerial photographs and high-resolution satellite images 

9 which differ in quality and resolution, to investigate forest successional patterns and their 

10 implications for informed ecosystem and land rehabilitation management. For optimized 

11 habitat boundary delineation from black and white aerial photographs and panchromatic 

12 satellite images, three levels of hierarchical image object primitives were created. The 

13 minimum object sizes of 50 m2, 500 m2, and 1000 m2 maximized inter-object and minimized 

14 intra-object variability according to the scale of habitat patches and imagery used.  Object-

15 Based Image Analysis (OBIA) provided additional Grey-Level Co-occurrence Matrix (GLCM) 

16 textural features of segmented objects which helped to incorporate knowledge-based rule-sets 

17 into the final habitat classification which was done manually by an experienced interpreter. 

18 Results show accuracies for grassland greater than 94 %, monoculture plantations were 

19 distinguished from natural forest with 95 % accuracy, and isolated mature stands of natural 

20 forest achieved 75 % accuracy. Consideration of multi-date images increased the accuracy of 

21 distinguishing between mixed plantations and natural forest as well as between shrubland and 

22 young secondary forest. The resulting maps of vegetation structure at five time periods from 

23 1945 to present gave new insights into the ecological processes of secondary forest succession. 

24 These include the surprising rapid rate of natural forest regeneration, at an annual rate of 7.7 % 



25 from 1945 to 2014, and an even faster rate of 11 % during a period when hill fires were 

26 controlled. The last areas to succeed to forest are those which are still, or at some time have 

27 been under exotic mono-cultural plantations. This suggests that long term protection from hill 

28 fire would be a better option for assisting natural succession in the landscape than plantations, 

29 which are both costly, and act as barriers to natural succession. Overall, with more than 92% 

30 mapping accuracy, the method can be adapted for other multi-temporal, multi-sensor studies 

31 as it enables inclusion of spatial theories by dividing the satellite image into time-consistent 

32 geographic entities according to the scale of target objects and image resolution. The accurate 

33 maps of forest cover patches at different successional stages can also help in site specific 

34 management of the recovering forest, such as introduction of shrub seedlings to bridge 

35 bottlenecks in seed dispersal according to shrub density and dispersal distances for forest birds. 

36 Late successional tree species can also be introduced in areas where only early successional 

37 species are present after 50 years of succession.

38 Key Words: temporal mapping; forest succession; aerial photograph; Hong Kong

39



40 1. Introduction 

41 Deforestation is occurring at an alarming rate in tropical forests and therefore is one of the 

42 primary threats to biodiversity (Sodhi and Brook, 2008; Turner and Corlett, 1996). Despite the 

43 large scale exploitation of these tropical resources, a few small areas, such as in Brazil (Kim et 

44 al., 2015; Perz and Skole, 2003) Puerto Rico (Grainger, 1988), Costa Rica (Hartshorn, 1980; 

45 Helmer, 2000), Mexico (Guevara and Laborde, 1993), Colombia (Faber-Langendoen, 1992), 

46 Venezuela (Saldarriaga et al., 1988), Myanmar (Sann et al., 2016), Singapore (Turner et al., 

47 1997) and Hong Kong, have been given chance to regrow as a result of natural regeneration or 

48 large scale afforestation programs (Grainger, 1988; Perz and Skole, 2003). Although many 

49 governments expend large resources on afforestation projects, natural succession may be 

50 equally effective if informative data on rates and pathways of secondary forest succession can 

51 be provided. Knowledge of recovery rates, variation in regrowth rates across time and space, 

52 and the responses of post-disturbance regeneration of tropical forest to environmental gradients 

53 are vital to facilitate biodiversity conservation and management of these recovering 

54 ecosystems. 

55 Remote sensing provides an indispensable source of information for observing spatial and 

56 temporal patterns of forest ecosystems and conservation planning. However, satellite remote 

57 sensing-based mapping of spatial and temporal patterns of forest cover change is temporally 

58 limited from 1972 to present, while utilizing the data of the long running Landsat earth 

59 observation program (Vogeler et al., 2018). But, longer time series analysis (e.g., more than 

60 70-years) of habitat mapping of successional age classes of recovering tropical forest is vital 

61 for effective management of secondary forest succession. In addition to limited temporal range, 

62 these data sets are relatively coarse in spatial resolution (~ 80 m to 30 m) which might not be 

63 sufficient for fine scale characterization of pathways and spatio-temporal patterns of recovering 

64 tropical forest. 



65 On the other hand, black and white aerial photographs provide the earliest temporal record of 

66 remote sensing data and therefore are invaluable sources for studies of change in ecosystem 

67 dynamics over time (Allard, 2003; Dissanska et al., 2009; Pellerin and Lavoie, 2003; Pringle 

68 et al., 2009; Rabia and Terribile, 2013). It has been widely used by ecologists for fine scale 

69 mapping of tropical forest to assist conservation planning and management (Etter et al., 2005; 

70 Galo, 2016; Turner et al., 1996). However, multi-temporal change detection from aerial 

71 photographs over the past decades including the pre-satellite era (i.e. before 1970s) is still 

72 challenging due to the different image types available over time, and this explains the scarcity 

73 of long-term studies of vegetation succession which can play a pivotal role in the restoration 

74 of biodiversity in regenerating forest.

75 Nonetheless, delineation of habitat patches from high-resolution remote sensing data is 

76 difficult, especially when consistency among different image types is required. The tonal and 

77 structural complexity of habitat patches exhibit differently between black and white aerial 

78 photographs and multispectral satellite images. The image interpretation requires theories and 

79 methods to identify, and abilities to link the landscape components or objects at their respective 

80 scales, within hierarchical mapping structures (Hay et al., 2003). Moreover, these structures 

81 must be consistent over time, even as the landscape is changing over multiple mapping periods. 

82 However, how the spatial patterns in the landscape change over time depends on the scale of 

83 observation, and this invokes the modifiable areal unit problem (MAUP) (Marceau et al., 

84 1994), because mapped units merging or separating may form a different class according to 

85 their scale. This problem is compounded when using multi-source data of differing scales and 

86 resolutions. Therefore, considering, the subjectivity of determining the boundary between the 

87 habitat classes, and the different types and scales of imagery used, a multiscale object-based 

88 paradigm of habitat delineation is required to segment the image into multiple object primitives 

89 according to both spatial and spectral characteristics. 



90 As in many developed countries, Hong Kong's natural vegetation is confined to steeply sloping 

91 mountainous areas, and 40% of Hong Kong's land area is reserved in Country Parks, where 

92 natural regeneration is evident. These changing patterns of landscape, with vegetation 

93 succession from open ground to forest, are indicative of changing ecological processes 

94 operating along the successional gradient, and can be informative for devising realistic 

95 conservation policies. The situation of recovering secondary forest in Hong Kong, coupled with 

96 post World War II aerial photographs since 1945, and recent high-resolution satellite imagery, 

97 provides an opportunity to monitor and assess natural structural succession of regenerating 

98 vegetation. Each structural stage exhibits different canopy structures and stand heights that 

99 produce distinctive tone and texture on aerial photographs and satellite images (Geri et al., 

100 2010; Munsi et al., 2010; Song and Woodcock, 2002; Teferi et al., 2013). Therefore, succession 

101 in structural stages can be mapped visually using high resolution historic aerial photographs 

102 and recent satellite images (Lucas et al., 2002; Qi et al., 2013).

103 In this study, a semi-automated, object-based habitat classification methodology was used for 

104 change detection using a set of black and white aerial photographs and high-resolution 

105 panchromatic satellite images with different qualities and resolutions. The aim is to investigate 

106 vegetation successional patterns and their implications for forest restoration and biodiversity 

107 conservation. The study developed a methodology for change detection of a 70-year secondary 

108 forest succession using multi-sensor images. Additionally, the results would suggest how the 

109 findings may be used to inform restoration of landscapes degraded following shifting 

110 cultivation, which is widespread in the Asian sub-tropics. 

111 2. Study Area

112 Hong Kong is a special administrative region of Mainland China, is situated between 22 º 09 

113 ˊ to 23 º 37 ˊ latitudes and 113º52ˊ to 114º30ˊ longitudes on the northern margins of the 

114 Asian tropics (Figure 1). The study area extends over ~2800 ha comprising the Tai Mo Shan 



115 and Shing Mun country parks in the New Territories of Hong Kong (Figure 1). The topography 

116 is rugged, characterized by convex slopes rising to Hong Kong’s tallest peak Tai Mo Shan (957 

117 m), and steep-sided slopes around Shing Mun reservoir. 

118 The climate of Hong Kong includes features of both the tropics and subtropics with highly 

119 seasonal rainfall and temperature. Despite being located 100 km south of the Tropic of Cancer, 

120 the climate is best described as subtropical due to temperature and rainfall seasonality with a 

121 hot humid summer from May to September and a cool dry winter from November to February 

122 (Leung et al., 2008).

123 Hong Kong is an ideal study area to ascertain spatial patterns of structural changes during 

124 secondary forest succession, due to a combination of well-documented flora, a complex 

125 mixture of environmental gradients, easy access to field sites, recovering secondary forest since 

126 1945, and availability of historical archived aerial photographs.

127 2.1 Description of vegetation in the study area

128 Current forest cover in Hong Kong comprises Feng Shui Woods (Zhuang and Corlett, 1997), 

129 natural secondary forest, and plantations. Upper valleys are covered with fire-maintained 

130 grasses and lower elevations support patches of secondary forest and plantations (Delang and 

131 Hang, 2009). Hong Kong’s primeval vegetation was a diverse seasonal rain forest with at least 

132 150-180 woody species per hectare, as found in nearby protected areas in South China (Cao et 

133 al., 2013; Jingyun et al., 2004). Subsequently, following centuries of terrace agriculture, 

134 deforestation in WW2 and degradation to fire-maintained grasslands, natural forest succession 

135 is now occurring,  and the process is said to be very slow (Dudgeon and Corlett, 2011). Thus, 

136 the majority of the secondary forest has developed through structural succession on lands 

137 protected from fire since 1945. The early successional forests in the study area are mosaics of 

138 shrubs and trees. Species richness in a 400 m2 forest plot ranges from 19 to 61 depending upon 



139 age and location of forest patches in the study area (unpublished data). Most of the climax trees 

140 are absent from the secondary forests and are mostly restricted to very small pockets of remnant 

141 forests along streams and better protected places near villages.  At lower elevations (< 500 m), 

142 natural invasion starts from light-demanding pioneers, such as Aporosa octandra, Sterculia 

143 lanceolate, Acronychia pedunculata, Daphniphyllum calycinum, Schefflera heptaphylla, 

144 Sapium discolor, Diospyros morrisiana, Ficus variolosa, Psychotria asiatica, and Ardisia 

145 quinquegona, to the large dominant species in older sites (> 70 year old ) such as, Sarcosperma 

146 laurinum, Bischofia jananica, Cryptocarya chinensis, Elaeocarpus chinensis, and 

147 Choerospondias axillaris. Whereas grassland in the higher elevations (> 500 m) are first 

148 colonized with species such as, Machilus chekiangensis, Gordonia axillaris, Melastoma 

149 malabathricum, and Eurya chinensis, and later dominated by species such, as Myrsine seguinii, 

150 Machilus breviflora, Ilex viridis, Camellia caudata, Symplocos sumuntia, and Ligustrum 

151 japonicum. 
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152

153

154 Figure 1 Location map of the study area

155 3. Material and Methods

156 3.1 Data acquisition and pre-processing 

157 Remote sensing data used for this study consisted of three subsets of archived aerial 

158 photographs since 1945 and two satellite images. Complete coverage of Hong Kong is 

159 available since 1945. Black and white aerial photographs of 1945 (scale - 1:40,000), 1963 

160 (scale - 1:14,000) and 1989 (scale - 1:20,000) of the study area were obtained from the Lands 

161 Department of Hong Kong (HK-LandsD, 2014) and VHRS (Very High-Resolution Satellite) 

162 cloud free panchromatic images for years 2001 (IKONOS – spatial resolution of 1 m) and 2014 

163 (World View 2 - spatial resolution of 0.5 m) were procured from Digital Globe. The 

164 panchromatic satellite images were used, instead of pan-sharpened or multispectral images, in 
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165 order to ensure consistency of methods with black and white aerial photographs. In addition, a 

166 very high resolution (2 m spatial resolution) Digital Elevation Model (DEM) and a digital 

167 orthophoto (0.5 m spatial resolution) were obtained from the Lands Department of Hong Kong. 

168 In total 43 photos (18 for 1945, 12 for 1963 and 13 for 1989) were scanned at resolution of 

169 1200 dpi and ortho-rectification was done using 15 to 20 well distributed GCPs (Ground 

170 Control Points) for each photo. The X and Y coordinates of the GCPs were collected from the 

171 digital orthophoto and Z values were taken from the DEM. After geometric correction, the 

172 individual orthophotos were clipped and mosaiced to form unified images. The satellite images 

173 were also ortho-rectified using the RPC (Rational Polynomial Coefficients) along with the 

174 ortho-photo and the DEM. Later, all data sets were re-projected into Hong Kong’s local 

175 projection system, the Hong Kong 1980 Grid system. For consistency, all the data sets were 

176 co-registered with the digital orthophoto with an RMSE (Root Mean Square Error) ranging 

177 from less than 1, to 5 m, depending on the scale and resolution of the datasets. For subsequent 

178 analysis, all data sets were resampled to a common pixel size (0.5 m) and radiometric level (8-

179 bit grey scale). 

180
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181 3.2 Habitat Classes  

182 Prior knowledge and description of habitat classes is critical for precise and reliable mapping. 

183 An ‘a priori’ habitat classification scheme was derived from previous habitat mapping in Hong 

184 Kong (Ashworth et al., 1993) as it was based on vegetation structural characteristics observable 

185 on remotely sensed images (Table 1). Descriptive information of the classification scheme was 

186 based on a standardized classification scheme of the Land Cover Classification System (LCCS) 

187 (Congalton et al., 2014).

188 Table 1 Description of habitat classes

Class Name Description of class
Forest (F) Tree Cover, broadleaved, evergreen, close to open (canopy > 60-

70%)
Open Forest (OF) Mosaic: Tree Cover, broadleaved, evergreen, open canopy  (15 - 

60 %) and Shrubland and / or Grassland
Shrubland (SH) Shrubland, broadleaved, evergreen, close, canopy >  60 - 70 %
Open Shrubland (SG) Mosaic: Shrubland, broadleaved, evergreen, open canopy  > 15 - 

60 %  and Grassland 
Grassland (GL) Ground story grasses as dominant vegetation form 
Plantation Forest (PF) Primarily monoculture stands plantation forest -Melaleuca 

quinquenervia, Lophostemon confertus, Acacia confusa, and few 
mixed plantation patches

Bare Areas (BA) Areas without significant vegetation forms; consists of exposed 
soil / rocks / tracks 

Built up Area (BU) Manmade features 
Water (W) Natural / Manmade water bodies 

189

190 3.3 Segmentation and habitat classification 

191 Habitat patches occur at a variety of spatial and temporal scales and are dynamic in nature. A 

192 patch at any scale includes patchiness at finer scale which represents the internal structure of 

193 the patch and a mosaic is defined by patchiness at broader scale. Therefore, in this study, a 

194 multiscale object-based paradigm was adopted to accommodate different original scales and 

195 resolution of imagery used, as well as the subjectivity of determining boundaries among 
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196 different habitat classes. The foremost part of Object-Based Image Analysis (OBIA) is a 

197 segmentation of an image into multi-pixel image object primitives. During this process, an 

198 image object level is created, or the morphologies of already existing objects are altered. The 

199 result of segmentation is controlled by user-defined scale parameters which must be selected 

200 according to the size and features of expected objects (Mathieu et al., 2007). The scale 

201 parameter is directly related to the average size of the objects being detected. Its function of 

202 spectral heterogeneity which is defined as the weighted sum of standard deviations of the 

203 spectral values in each image layer. The larger the scale factor, the higher the allowed 

204 heterogeneity, and the greater will be the size of objects and vice versa. For the current image 

205 analysis, the scale parameters were defined by a trial and error approach in order to acquire 

206 optimum image objects of interest. The defined objects maximize inter-object and minimize 

207 intra-object variability according to the specified spatial scale of the objects (Flanders et al., 

208 2003). Thus, the segmentation process can be seen as an automated digitizing of habitat 

209 boundaries. In particular, it is a more standardized method than manual digitizing of habitat 

210 patches, when airborne photographs need to be compared to high-resolution satellite images. 

211 Thus, the semi-automated object-based approach combines texture and tonal characteristics of 

212 image object primitives which may be less constrained by the imagery used. 

213 The multi-resolution segmentation resulted in three levels of hierarchical image object 

214 primitives with minimum object sizes of 50 m2, 500 m2, and 1000 m2 (Table 2). Segmentation 

215 of the image data at fine and coarse scales was important to extract boundaries of the 

216 representative habitat objects occurring at their corresponding scales, as due to the Modifiable 

217 Areal Unit Problem (MAUP), pixels belonging to small or large patches may be classified 

218 differently simply according to the patch size. For example, upper level segments were used 

219 for large patches of grassland, forest and monoculture plantation stands.  The difference 

220 between two ecologically meaningful classes ‘shrubland’ and ‘open shrubland’, or between 



12

221 two classes ‘forest’ and ‘open forest’ is dependent on the mapping scale. At finer scale, small 

222 isolated patches of ‘forest’ and ‘shrubland’ could be defined, while the less stringent 

223 homogeneity required for medium scale patch definition was able to identify ‘open forest’ and 

224 ‘open shrubland’. These are important successional classes for understanding the natural 

225 transition from open grassland to closed forest, which starts with isolated patches of shrub, 

226 whose seeds are distributed into grassland by forest birds flying between forest patches. 

227 Contiguous regions of similar class were merged together to form continuous patches.

228 The next step of interpreting and classifying was done subjectively by an experienced 

229 interpreter, and was based on tone, texture, and habitat association of image object primitives. 

230 A gradient of black to grey tone, rough to smooth texture, large to small crown size, and long 

231 to short shadow, was used to recognize forest, open forest, shrubland, open shrubland and 

232 grassland. Three grey level co-occurrence matrix (GLCM) based textural features (Haralick et 

233 al., 1973), namely GLCM homogeneity (H), GLCM contrast (C) and GLCM standard deviation 

234 (SD) of all directions, were also used to assist the process of habitat classification of image 

235 object primitives. GLCM contrast (C) measures the amount of local variations of intensity 

236 between a pixel and its neighboring pixels in an object (equation I), homogeneity (H) estimates 

237 the closeness of the distribution of elements in GLCM which decreases exponentially if an 

238 object is heterogeneous and values of elements are not concentrated along the diagonal of 

239 GLCM (equation II), and standard deviation (S) measures the dispersion of values around the 

240 mean (equation III). The three GLCM textural properties are defined in equations I and II (Hall-

241 Beyer, 2007). After classification, all the habitat maps were converted to raster grids of 1 m.  

242  (I)𝐶 = ∑𝑁 ‒ 1

𝑖,𝑗 = 0
𝑃𝑖,𝑗(𝑖 ‒ 𝑗)2

243 (II)𝐻 = ∑𝑁 ‒ 1

𝑖,𝑗 = 0

𝑃𝑖,𝑗

1 + (𝑖 ‒ 𝑗)2
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244  (III)𝑆 = ∑𝑁 ‒ 1
𝑖,𝑗 = 0𝑃𝑖,𝑗 (𝑖,𝑗 ‒  𝜇𝑖,𝑗)

245 where  is a normalized co-occurrence matrix, i and j are number of rows and column, and 𝑃𝑖,𝑗

246 N is the dimension of the matrix. 

247

248 Table 2 Segmentation parameters used for three levels of the segmentation based on trial and 

249 error approach  

Year of Image 1945 1963 1989 2001 2014 MMU 
(m2) Target Class

Image Scale / 
Resolution 1:40K 1:14K 1:20K 1 m 0.5 m

Segmentation 
Parameters Shape = 0.3, Compactness = 0.5

Level 1 - Scale 100 140 125 140 145 1000 Large Patches of Forest, Grasses, 
and Plantations

Level 2 - Scale 40 65 50 60 70 500 Open Forest, Open Shrubland, and 
Shrubland

Level 3  - Scale 20 30 22 28 25 50 Isolated Shrubs, and Open Forest

250

251 3.4 Field Data Collection

252 Training areas and ground truth information were obtained from the comprehensive in-situ data 

253 from a previous habitat mapping study in the study area, in the form of 352 field surveyed GPS 

254 points and 215 additional check points on very high-resolution color aerial photographs (Nichol 

255 and Wong, 2008). In addition, a floristic survey of vegetation was conducted between March 

256 2015 and May 2016. Vegetation census data were collected by establishing 28 quadrats (20 m 

257 x 20 m) distributed along the elevation gradient and by considering the age of forest stands in 

258 the study area (figure 4). The minimum age of forest patches was determined from the five 

259 habitat maps (figure 4). Considering the heterogeneity in the landscape and accessibility, it was 

260 difficult to find continuous vegetation cover with similar types through random selection, 

261 therefore, stratified random sampling was used to select 28 plot locations. The sites were 

262 selected to maximize the range of vegetation types sampled and to occupy the geographic 
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263 extent of the study area. Plots were located in different forest patches of the five vegetation 

264 communities (forest since 1945, forest since 1963, forest since 1989, forest since 2001, and 

265 forest since 2014). It was attempted to sample each vegetation community at an altitudinal 

266 interval of 200 m, and further divided into cardinal slope directions (N, NE, E, SE, S, SW, W, 

267 and NW), as well as slope (flat, gentle, moderate, and steep), whenever possible. 

268  3.5 Accuracy assessment 

269 A ‘K x K’ confusion matrix was generated to determine the degree of error in the maps by 

270 calculating the producer’s accuracy, user’s accuracy and kappa statistics (Lillesand et al., 

271 2004). Accuracy assessment of the habitat mapping of 2001 was performed using the ground 

272 reference points collected during the previous mapping activities in the study area, by Nichol 

273 & Wong (2008) while habitat mapping of 2014 was examined using field data collected from 

274 several field surveys conducted between March 2015 and May 2016.

275 3.6 Annual rate of change and transitions among habitat classes 

276 Maps were sequentially paired (1945-1963, 1963-1989, 1989-2001, and 2001-2014) and the 

277 change matrices were produced from the five habitat maps, by overlapping and cross tabulation 

278 of two habitat maps of the successive time periods. To summarize the transition, further 

279 analyses were carried out to determine gain (equation IV), loss (equation V), net change 

280 (equation VI), swap (equation VII), and total change (equation VIII) in each structural class for 

281 each of the periods (Pontius et al., 2004). The annual rates of change in habitat classes were 

282 computed using equation IX (Puyravaud, 2003; Teferi et al., 2013).

283 Equation (IV)𝐺𝑗 = 𝑃 + 𝑗 ‒  𝑃𝑗𝑗

284 Equation (V) 𝐿𝑗 = 𝑃𝑗 + ‒  𝑃𝑗𝑗

285 Equation (VI) (𝐴𝑁𝑐)𝑗 =  |𝑃 + 𝑗 ‒  𝑃𝑗 + |
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286 Equation (VII)𝑆𝑗 =  2min (𝑃𝑗 + ‒  𝑃𝑗𝑗 ; 𝑃 + 𝑗 ‒  𝑃𝑗𝑗)

287  Equation (VIII)(𝑇𝑐)𝑗 =  (𝑃𝑗 + ‒  𝑃𝑗𝑗) +  (𝑃 + 𝑗 ‒  𝑃𝑗𝑗) 

288  Equation (IX)𝑅 =  ( 1
𝑇2 ‒ 𝑇1) ×  (ln

𝐴2

𝐴1) × 100

289 where  is the rate of change (% per year),  and  represent area corresponding to earlier 𝑅 𝐴1 𝐴2

290 time, , and later time, . Gain ( ) refers to the percentage of a habitat category in the later 𝑇1 𝑇2 𝐺

291 landscape after subtracting its proportion in the earlier landscape, and the Loss ( ) was the 𝐿

292 difference between percentage of a category in the earlier landscape and its proportion that 

293 persisted in the landscape over a transition period.  Absolute Net Change ( ) was the 𝐴𝑁𝑐

294 absolute difference of proportion of a category in the earlier and the later landscape. Swap (S) 

295 represents the amount of a habitat category lost at one location while the same amount is added 

296 at a different site in the landscape. The total change  was calculated to conclude the overall  (𝑇𝑐)

297 change in a category by summing up the G and L.

298 4. Results 

299 4.1 Segmentation and classification

300 A combination of tonal and textural parameters in OBIA allowed ruled based extraction of 

301 most habitat features. Grasslands were easily distinguished through high homogeneity (0.90 to 

302 0.92) and low internal contrast (1.56 to 5.92). Although plantation and forest objects had 

303 overlapping ranges of contrast and homogeneity, 95 % of the plantation patches were 

304 distinguishable from natural forest stands by using the error range ((mean (µ) ± standard 

305 deviation (σ))) of the GLCM features - homogeneity (H) and standard deviation (Table 3). 

306 Forest, open forest, shrubland and open shrubland were similar on the homogeneity spectrum 

307 with overlapping ranges of standard deviation and contrast. Out of these habitat classes, only 

308 mature forest stands with varying crown size and elongated shadows could be successfully 

309 separated using a combination of standard deviation (28.23 – 45.07) and homogeneity (0.64 to 

310 0.72). GLCM-based rule sets helped to classify more than 94 % of grassland objects (94% 

311 accuracy), to distinguish 95 % of monoculture plantation objects from natural forest (95 % 
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312 accuracy), and isolated mature of stands of natural forest achieved 75 % accuracy. It was 

313 difficult to define rules to distinguish between open forest, shrubland and open shrubland due 

314 to overlapping ranges of the GLCM parameters and therefore these were manually classified. 

315 In addition, image segments comprising two or more habitat classes, for example, an object 

316 encompassing open forest and open shrubland, were classified at finer scale segments at second 

317 and third levels of segmentation. Overall, the object-based framework was very useful first for 

318 automatic delineation of habitat boundaries using multi-resolution image segmentation and 

319 then by applying rule sets to classify more than 50 % of the created objects into corresponding 

320 habitat classes, while the remaining unclassified objects were classified using other criteria 

321 such as temporal change and visual interpretation. 

322 Table 3 GLCM textural characteristics of vegetation structural classes (mean (µ) ± standard 

323 deviation (σ))

 Standard Deviation (SD) Contrast (C) Homogeneity (H)
Forest 36.65 ± 8.42 49.70 ± 23.10 0.69 ± 0.04

Open Forest 16.78 ± 4.02 21.42 ± 19.47 0.80 ± 0.01
Shrubland 24.43 ± 1.54 13.18 ± 3.11 0.73 ± 0.02

Open Shrubland 19.13 ± 4.91 16.46 ± 8.05 0.79 ± 0.02
Grassland 16.14 ± 2.82 3.74 ± 2.18 0.91 ± 0.01
Plantation 14.10 ± 1.14 28.96 ± 1.47 0.63 ± 0.01

324
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325

326 Figure 2 – Habitat classification legend (a) Forest - larger crown, longer shadows, higher 
327 density (b) Open Forest - larger crown, longer shadows, lower density (c) Shrubland - smaller 
328 crown, shorter shadows, higher density (d) Open Shrubland - smaller crown, shorter shadows, 
329 lower density (e) Grassland – smooth texture (f) Plantation – even canopy, homogenous tonal 
330 pattern (g) Segment boundaries between Open Forest and Forest (h) Segment boundaries 
331 between Shrubland and Open Shrubland (i) Segment boundaries between natural Forest and 
332 Plantation
333

334

335 Figure 3 Plantation patches at their earlier growth stage, recognizable from their spatial 
336 pattern and arrangement in 1963
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337 4.2 Multi-temporal habitat Mapping 

338 Five habitat maps were produced for the years 1945, 1963, 1989, 2001 and 2014 using the 

339 multiscale object-based classification (Figure 4) and consecutive habitat maps were overlaid to 

340 observe systematic transitions among structural classes while classifying the segmented 

341 objects. The need to consider temporal change as part of the classification process because 

342 change over time assisted identification meant that the method could not be completely 

343 automated. Thus, observation at multiple time steps substantially improved the mapping, as the 

344 successional stages tend to proceed logically. For example, if an image segment classified as 

345 forest or open forest at a later time was not shrubland or open shrubland at an earlier time and 

346 there was no strong evidence to classify the patch as forest (such as long shadows and bigger 

347 crown), then the patch was assigned to shrubland (if the density was high) or open shrubland 

348 (if the density was low). Additionally, since it was difficult to distinguish between plantations 

349 and natural forest at a mature stage, going back to a time when plantations were young or at an 

350 early stage, and identifiable from the regular planting pattern, helped to confirm the segments 

351 as plantation. In this regard, aerial photographs of 1963 had significant value, as most large-

352 scale plantation stands of native species (needle-leaved Pinus massoniana) and mixed species 

353 were planted between 1945 and the early 1970s (Figure 3). On the other hand, monoculture 

354 stands of exotic species (Figure 2) planted since the late 1970s were easily recognizable 

355 through their homogenous pattern even at a mature stage. Thus overall, high mapping 

356 accuracies were achieved by application of the three steps (i) multi-resolution segmentation for 

357 automatic habitat boundary delineation, (ii) the GLCM texture definition, and (iii) temporal 

358 mapping (Tables 3, 4). 

359

360
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361 4.3 Accuracy Assessment

362 Two confusion matrices of the habitat classification maps, with nine classes, for the years 2001 

363 and 2014 are presented in Tables 4 and Table 5. Overall mapping accuracies and kappa 

364 coefficients respectively for both years were above 92 % and 0.91. A moderate level of 

365 confusion occurred between shrubland and open shrubland, and this confusion occurred for 

366 several reasons. The change from open shrubland to shrubland is a natural continuum and 

367 boundaries between them are typically gradual and diffuse, thus a subjective decision is 

368 required to establish the boundary. The subjectivity was accommodated by considering the 

369 object-based image paradigm. However, open shrubland differs from shrubland by having a 

370 lower density of woody vegetation and generally having more open canopy. Similarly, a certain 

371 amount of confusion could arise between young emerging forest and shrubland due to 

372 insignificant differences in the structure of tree crowns and shadows. The decision whether an 

373 object is in one class or another can be based on small density differences and structural 

374 changes, which in turn generates classification inaccuracies  

375 Table 4 Confusion matrix generated for accuracy assessment of habitat map of 2001

Predicted Habitat Information 

 F OF SH SG GL BA BU W PF Sum User's Accuracy (%)

F 57 0 0 0 0 0 0 0 1 58 98.3

OF 0 9 0 0 0 0 0 0 0 9 100.0

SH 4 0 25 2 0 0 0 0 0 31 80.7

SG 1 0 1 25 2 0 0 0 0 29 86.2

GL 0 0 3 7 101 0 0 0 0 111 90.9

BA 0 0 0 0 2 18 0 0 0 20 90.0

BU 0 0 0 0 0 1 15 0 0 16 93.8

W 0 0 0 0 0 0 0 20 0 20 100.0

PF 2 0 0 0 0 0 0 47 49 95.9Gr
ou

nd
 R

ef
er

en
ce

 In
fo

rm
at

io
n

Sum 64 9 29 34 105 19 15 20 48

Producer's Accuracy (%) 89.1 100.0 86.2 73.5 96.2 94.7 100.0 100.0 97.9

Total Samples = 343   Correct Samples = 317   Overall Accuracy = 92.42 %  Kappa Coefficient = 0.91



20

376

377 Table 5 Confusion matrix generated for accuracy assessment of habitat map of 2014

Predicted Habitat Information 

 F OF SH SG GL BA BU W PF Sum User's Accuracy (%)

F 63 0 0 0 0 0 0 0 1 64 98.44

OF 0 15 0 0 0 0 0 0 0 15 100.00

SH 1 1 51 3 0 0 0 0 0 56 91.07

SG 0 1 1 39 1 0 0 0 0 42 92.86

GL 0 0 1 2 70 0 0 0 0 73 95.89

BA 0 0 0 0 0 18 1 0 0 19 94.74

BU 0 0 0 0 0 1 8 0 0 9 88.89

W 0 0 0 0 0 0 0 20 0 20 100.00

PF 2 0 0 0 0 0 0 0 55 57 96.49

Gr
ou

nd
 R

ef
er

en
ce

 In
fo

rm
at

io
n

Sum 66 17 53 44 71 19 9 20 56

Producer's Accuracy (%) 95.5 88.2 96.2 88.6 98.6 94.7 88.9 100.0 98.2

Total Samples = 342   Correct Samples = 321  Overall Accuracy = 95.49 %  Kappa Coefficient = 0.95

378

379 4.4 Landscape composition over time

380 Analysis of the sequential habitat maps shows that the landscape has progressively transformed 

381 from a grassland-dominated to a forest-dominated landscape over the 70 years of succession. 

382 Forest cover has increased over time from 0.17 % of the landscape (4.82 ha) in 1945 to 36.50 

383 % (1019.23 ha) in 2014 at an average annual rate of increase of 7.76 % over the 70-year study 

384 period (Figure 4, Table 6). Forest progressed from isolated patches of shrub in valley bottoms 

385 (Figure 5), to solid patches of shrubland infilling across interfluves, followed by advance a 

386 broader front later, and at higher elevations. By 2014 the landscape had gradually consolidated 

387 as patches of successional stages became connected and larger in size, recognized by OBIA at 

388 higher object levels, as segments with larger scale factor and higher heterogeneity. 

389



21

390

391 Table 6 Area of habitat classes and annual rate of change over the time periods

Area in hectare Annual rate change (%)
Habitat 
Classes 1945 1963 1989 2001 2014 1945-

1963
1963-
1989

1989-
2001

2001-
2014

1945-
2014

F 4.82 19.85 140.03 579.04 1019.23 7.86 7.51 10.92 4.71 7.76
OF 0.22 27.69 38.09 108.32 27.54 26.91 1.23 8.04 -11.41 7.01
SH 24.03 175.05 464.18 418.70 650.43 11.03 3.75 -0.79 3.67 4.78
OS 170.99 203.57 245.27 261.49 421.29 0.97 0.72 0.49 3.97 1.31
GL 2203.17 1805.62 1479.82 969.92 219.92 -1.11 -0.77 -3.25 -12.37 -3.34
BA 336.95 71.76 52.57 52.16 51.23 -8.59 -1.20 -0.06 -0.15 -2.73
BU 0.41 5.21 8.80 12.51 12.51 14.17 2.02 2.70 0.00 4.97
W 57.21 57.21 57.21 57.21 57.21 0.00 0.00 0.00 0.00 0.00
PF 0.00 431.85 311.20 337.81 337.81 0.00 -1.26 0.63 0.00 0.00

392
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393

394 Figure 4 Maps indicate spatial patterns of habitat classes and the doughnut graphs show proportions of each class in 1945, 1963, 
395 1989, 2001, 2014, while the chord diagrams indicate major transitions among the habitat classes for each of the sequentially paired 
396 successive time periods (1945 -1963, 1963 – 1989, 1989 – 2001, 2001 – 2014) which is based on the gains and losses determined from 
397 transition matrices by using equations IV-VIII. 
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398

399 Figure 5: Image sequence showing natural forest regeneration starting from shrub colonization 

400 in valley bottoms which then expanded spatially by infilling across interfluves. 

401
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402 5. Discussion 

403 A semi-automated multiscale object-based approach was applied to a set of aerial photographs 

404 and high-resolution satellite images to map structural changes in natural vegetation over the 

405 last 70 years, from 1945 to 2014. The segmentation process permitted automated digitizing of 

406 habitat boundaries, which is a more computer-oriented method than the manual digitizing 

407 normally used for single channel remote sensing data. The image objects delineated through 

408 multiscale segmentation combine textural and tonal characteristics of image object primitives 

409 which represented the structural characteristics of vegetation classes. It is important to 

410 understand that a fully automatic approach to habitat classification is not easy in a complex 

411 tropical forest ecosystem especially when using black and white aerial photographs of different 

412 qualities and scales. In this study, OBIA was able to automatically delineate habitat boundaries 

413 using the same objective criteria for both black and white aerial photos and satellite images, 

414 based on knowledge-based thresholds of GLCM texture features. This permitted object-

415 oriented and consistent temporal change mapping. The combination of these approaches is so 

416 far little explored for mapping forest succession despite the widespread use of OBIA methods 

417 in a variety of remote sensing studies for forest inventories (Blaschke, 2010). Image objects 

418 produced from image segmentation are readily available in vector format which can be directly 

419 imported and analyzed in a vector-based GIS software (e.g. ArcGIS, QGIS). This is more 

420 convenient and cost-effective than the traditional approach of manual digitization of habitat 

421 boundaries from black and white aerial photos and satellite images (Figure 2 – g, h, i). 

422 Many studies have demonstrated the multi-scale object-based approach for precise delineation 

423 of forest vegetation boundaries in natural landscapes from high resolution satellite images or 

424 from aerial photographs (Gergel et al., 2007; Hay et al., 2005; Johansen et al., 2007; Mallinis 

425 et al., 2008; Nichol and Wong, 2008; Radoux et al., 2011). Although some studies represent 

426 the promising results obtained from object-based image analysis for detailed habitat mapping 
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427 with very high-resolution satellite imagery, most have not achieved above 80 % overall 

428 accuracy. This is due to the natural confusion among different structural classes of vegetation 

429 which are difficult to separate, even when using single-date remote sensing imagery. This 

430 study, however, has achieved significantly higher overall accuracies, of over 92 % by 

431 combining OBIA and multi-temporal mapping. The approach adopted in this study also 

432 demonstrates the importance of object-based delineation of habitat patches to overcome the 

433 modifiable areal unit problem (MAUP) (Marceau et al., 1994) which results from the use of 

434 different quality and scale of remote sensing images.

435 The ability to define the transitional classes ‘Open Shrubland’, ‘Shrubland’ and “Open Forest’ 

436 objectively as multi-scale objects by their definable and consistent tone and texture provided 

437 meaningful maps, which have not been previously available for studying long-term forest 

438 succession. These are transitional classes in the succession, differing only by the proportion of 

439 woody vegetation within a grassland matrix. The proportion is significant as the spacing 

440 between woody patches governs the dispersal ability of forest seed dispersal agents, mainly 

441 birds, and succession may be impeded if distances are beyond the dispersal distance (Weir and 

442 Corlett, 2006).  Forest managers may use the implied ‘objective’ measures of shrub density to 

443 assist succession by these natural dispersal agents, by planting in areas with slow progression 

444 to forest. The ability to distinguish natural forest from plantations was assisted by the 

445 multitemporal analysis, as the regular pattern of plantations in early growth stages persisted 

446 over time within the original plantation boundaries, in spite of their visual similarity to forest 

447 as they matured.

448 This high rate of forest regeneration observed is surprising, and provides new empirical 

449 evidence to forest managers that expensive forest plantation policies are unnecessary if fire is 

450 controlled. Until now, such evidence has not been available due to the difficulty of identifying 
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451 and following forest succession with consistent and accurate structural definition of forest 

452 classes over a long period.

453 As forest is the climax vegetation of Hong Kong, the inevitable decline in habitat diversity 

454 observed in this study, as succession proceeds to closed forest, may be viewed as a natural and 

455 desirable first step in the restoration of the ecosystem. Although the secondary forest has 

456 attained a species richness comparable to or greater than the old growth forest sites, their 

457 composition is very different from the old growth forest stands in the study area. Furthermore, 

458 the absence of specialist forest fauna may be an issue in the future structure of this regenerated 

459 landscape, especially since the shade-tolerant, later successional forest species have poor 

460 dispersal abilities. Therefore, to manage natural succession and to guarantee enough genetic 

461 diversity in Hong Kong’s newly establishing forests, climax trees may be planted strategically 

462 in carefully selected plots where the oldest forest pioneers are established. In this regard, time-

463 consistent mapping forest habitat patches different age group resulting in this multi-sensor and 

464 muti-temporal habitat mapping paradigm will play a pivotal role in devising effective policies 

465 for low-cost management of regenerating forests. 

466 In this study, sequential analysis of time series remote sensing data permitted mapping of forest 

467 patches at several successional stages, which enabled chronosequence analysis of floristic traits 

468 and successional trajectories of the recovering forest. Furthermore, composite maps of forest 

469 cover patches with different successional stages can also help for site-specific management of 

470 the recovering forest, for example, introduction of late successional tree species where forest 

471 pioneers have been established.

472
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473

474 6. Conclusion

475 The Modifiable Areal Unit Problem is inevitable when historic aerial photographs are 

476 combined with recent high-resolution satellite images to monitor change over time scales 

477 earlier than the operational use of satellite platforms. The multi-scale and contextual approach 

478 inherent in OBIA can be applied to monitor secondary vegetation succession by defining 

479 fragmented and regenerating habitat patches as consistent and comparable image objects (areal 

480 units) across multiple datasets. The resulting ability to observe real changes in these objects 

481 over time permits an understanding of spatial and temporal patterns and processes of vegetation 

482 structure.  In addition to fine-scale mapping of vegetation structure, the multi-temporal OBIA 

483 approach identifies forest patches of different age groups (e.g., old growth forest, medium aged 

484 forest and young forest). This provides forest managers with powerful information to 

485 understand processes of natural regeneration of forests in degraded landscapes. In addition, it 

486 allows for informed intervention in the succession, in situations where progression is deemed 

487 too slow, i.e. the observed rate of progression of woody vegetation invading grassland, i.e. the 

488 ‘Open Shrubland’ category succeeding to ‘Closed Shrubland’ then ‘Open Forest’ to ‘Forest’. 

489 Restoration of landscapes degraded by decades of shifting cultivation, which are common in 

490 sub-tropical  Asia, is becoming more desirable as rural population densities exceed those which 

491 shifting cultivation can support (Bhatt et al., 2010; Karthik and Veeraswami, 2009), and as 

492 governments participate in carbon sequestration and biodiversity conservation projects 

493 (Chazdon et al., 2016). The semi-automatic approach described in this study resulted in a 

494 precise classification of high resolution panchromatic (single channel) aerial photographs, with 

495 overall mapping accuracies above 92 %.  This improvement in habitat delineation and 

496 classification of habitat patches by the object-based, the multi-temporal approach was able to 

497 provide new, science-based understanding of the processes of forest regeneration as inputs to 

498 forest management and landscape rehabilitation policies. Furthermore, this multi-temporal 

499 object bases paradigm of mapping forest habitat patches of different age groups can play a vital 

500 role in enhancing models to estimate accumulation of aboveground biomass in regenerating 

501 tropical forest (Chazdon et al., 2016).  This can help in site-specific implementation of REDD-

502 plus (Reduced Emissions from Deforestation and forest Degradation) for devising effective 

503 policies for management, conservation, and enhancement of carbon stocks of regenerating 

504 tropical secondary forest.

505
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