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1. FOREST MONITORING USING SAR  

 

 

1.1 SAR and forest monitoring: an introduction 

 
Recent times have seen an increased awareness of the role of forests in offsetting greenhouse emissions 
and a leaning towards national accountability of forest and carbon stocks. Quantitative information on 
baseline forest extent and forest area change, at a scale appropriate to the type and frequency of change 
occurring, is required for Monitoring, Reporting and Verification (MRV) on the state of forests and to 
support national approaches to the Reducing Emissions from Deforestation and Degradation scheme 
(REDD; Herold and Skutsch, 2011). Satellite observations, supplemented by in situ forest inventory provides 
the only viable means of collecting this spatially explicit and timely data for wall-to-wall or national scale 
mapping and reporting DeFries et al. (2007). 
 
Traditionally, time-series optical data acquired by moderate (e.g., Landsat) to coarse resolution (e.g., 
MODIS) sensors has been used sporadically by countries to estimate forest and land cover and change. The 
freely available Landsat archives extend back to the early 1970s and provide extensive data for establishing 
historic baselines of forest extent from which annual rates of deforestation can be determined (DeFries et 
al., 2007). Australia was the first country to adopt a national carbon accounting system (NCAS) that relied 
on time-series Landsat observations of forest extent and change (Caccetta et al., 2007). While providing 
annual (from 1972 – 2010) wall-to-wall forest coverage at 25 m spatial resolution, the archive was often 
compromised by cloud cover and scan line corrector failure (specific to Landsat 7 from 2003 onward) 
resulting in line drop-outs and nulls in the data. Where gaps in the data exist, these are often filled using 
data from the time-series, which for the most part was acceptable, but not for those areas experiencing 
rapid on-ground change or conversion to other land uses. The Landsat Data Continuity Mission (LDCM), due 
for launch in late 2012 will hopefully restore the globally continuity of optical sensor measurements. 
Alternative sensors acquiring optical data such as DMC, IRS and SPOT to name a few, are also used on an 
opportunistic basis for forest monitoring.   
 
Data acquired by Synthetic Aperture Radar (SAR) is more advantageous however in tropical regions or 
those frequented by cloud cover, smoke and haze (Shimabukuro et al., 2007). SAR backscatter is highly 
dependent on target structure, roughness and dielectric properties, and typically the backscatter recorded 
at different wavelengths and polarisations is required for optimal understanding of the target being 
imaged. The data acquired by SAR is unique and complementary to that obtained by optical sensors. Early 
SARs operated at a single frequency and polarisation (e.g., JERS-1, ERS-1/-2), while more recent SARs such 
as the Japanese Space Agency’s (JAXA) ALOS PALSAR and the Canadian Space Agency's (CSA) RADARSAT-2 
incorporate dual and full polarimetric capability. Baseline regional mosaics of forest extent can be 
generated using, for example, ALOS PALSAR data acquired in 2007. Subsequent generation of annual, wall-
to-wall forest/non-forest mosaics up to 2011 facilitates monitoring of forest extent and change. This more 
recent SAR data can be combined with historic JERS-1 and optical time-series data for assessing change 
over decadal or longer timeframes. 
 
The interoperability of SAR sensors is important from two points of view. On one hand, and certainly the 
most demonstrated, is the combined use of data acquired at different wavelengths and polarisations for 
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improved mapping accuracy. Forest and non-forest are more easily separated at L-band (~24 cm 
wavelength) as a result of a distinct difference in backscatter (Leckie and Ranson, 1998). Woody debris left 
on ground following harvesting of plantation however, can confuse the L-band response and these areas 
can incorrectly be interpreted as forest. L-band is particularly useful for separating flooded and non-flooded 
forest as a result of strong double bounce interactions between large woody components and the flooded 
surface which enhances the backscatter signal by a few dB. At L-band, bare ground and grassland are often 
confused however, as the latter is largely invisible at longer wavelengths. Shorter wavelength C- (~5.8 cm) 
or X-band (~3 cm) SAR can improve the separation in these areas as the size of features is more comparable 
with the radar wavelength.  
 
On the other hand, in the absence of longer wavelength (i.e., L-band) SAR data, the interchangeable use of 
data acquired at shorter wavelengths (i.e., C- and X-band) is critical. Since its launch in late 2006, JAXA’s L-
band ALOS PALSAR has provided continuous regional-scale observations in support of global forest and land 
cover monitoring (Rosenqvist et al., 2007). Following system failure in May 2011, studies into the 
interoperability of multi-frequency SAR data for forest monitoring have drawn recent attention.  With the 
anticipated launch of ALOS-2 in 2013, there will be a 2-year gap at best in global availability of L-band SAR 
data. The higher frequency of coverage of C- and X-band SAR data provides a denser time-series with which 
to map and monitor forest cover change.  

 

1.2 GEO Forest Carbon Tracking (FCT) task 

 

Successful implementation of a satellite based forest monitoring scheme for the purpose of inventory and 
national carbon accounting requires a dedicated data acquisition strategy, international cooperation, and 
robust and repeatable data analysis and verification methods. The Group on Earth Observations (GEO) 
established the Forest Carbon Tracking (FCT) task in 2008 to support countries wanting to establish national 
forest area change, carbon estimation and reporting systems. GEO will facilitate access to remote sensing 
data, provide the necessary analysis and prediction tools, and create the appropriate framework and 
technical standards for a global network of national forest carbon tracking systems (http://www.geo-
fct.org/). The outputs will be made available to those countries interested in implementing the guidelines 
established by the United Nations Framework Convention on Climate Change (UNFCCC).  

 
Demonstrator sites were identified around the globe to demonstrate the feasibility, integration and 
contribution of forest measurements from satellite data, forest inventory and ecosystem modelling for 
national carbon accounting. Countries included Borneo, Brazil, Cameroon, Guyana, Mexico, Tanzania and 
Australia. The island state of Tasmania was selected as the Australian national demonstrator site. A key 
aspect of the FCT task focuses on developing a set of recommended methods for extracting spatially explicit 
forest information using data acquired by optical and SAR sensors, used both independently and 
interoperably.  

 

 
This report summarises the research activities of the International Forest Carbon Initiative (IFCI) Research 
Alliance (RA) in relation to SAR based forest information extraction for the Tasmania National 
Demonstrator project.  

 

Case studies are presented in: 

i. The use of ALOS PALSAR data for forest mapping and monitoring in Tasmania 

 

ii. Interoperability of multi-frequency SAR data for forest/non-forest extent mapping 

 

iii. Interoperability of multi-frequency SAR data for land cover mapping 
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iv. Deforestation monitoring using time-series ALOS PALSAR data 

 

v. Interoperability of radar and optical data for forest information assessment 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



7 
 

 
 

2. ALOS PALSAR DATA FOR FOREST MAPPING AND MONITORING IN TASMANIA 

 

 
A case study in forest information monitoring using ALOS PALSAR data is presented in this section. An 
object oriented approach to the generation of baseline land cover maps is outlined. Methods for 
subsequent generation of time-series forest and land cover maps and land cover/land use change maps are 
described. Procedures for accuracy assessment are also discussed.   

 

2.1 Approach to classification and generation of forest information products 

 
A four-year time-series of ALOS PALSAR Fine Beam Dual (FBD) polarisation data was available for 2007 – 
2010. The approach to classification involved baseline land cover mapping, followed by modification using 
the results of change analysis to generate updated classifications for subsequent years. An object-oriented 
approach to classification of baseline land cover was applied, comprising a sequence of segmentation, 
feature extraction and generation of rule sets for classification. Classification rule sets and membership 
functions are manually identified in a process akin to manual decision tree classification. The land cover 
classes in the baseline map were then collapsed to produce baseline forest/non-forest extent. Only forest 
and plantation classes were categorised as ‘forest’, all other classes, e.g., buttongrass, scrub and 
agricultural land, were included in the non-forest class. 

 
Land cover maps for subsequent years were generated by reclassifying the 2007 baseline land cover using 
the result of change analysis. Change detection analysis reveals where a change in brightness has occurred 
between dates, which in some instances, can be related to a change in cover. A positive change or increase 
in brightness between dates is indicative of regrowth or vigorous vegetation activity. A negative change or 
decrease in brightness between dates is indicative of a change in land cover, due to, for example clearing of 
forest or harvesting plantation. Localised enhancement of backscatter can also be attributed to rainfall. 
Higher soil or leaf/canopy moisture increases the backscatter response, and this may be incorrectly 
interpreted as change. Change mosaics were produced for each image pair, from which masks were derived 
with instances of negative (clearing) and positive (regrowth) change. The masks were applied to the 
baseline land cover map to produce a land cover map for 2008, and the process repeated for the time-
series. Mapping accuracy was assessed using state-wide vegetation mapping (TASVEG), Landsat data and in 
situ field inventory data. 

 
Forest change maps were produced by reclassifying the land cover mosaics, so that areas of deforestation, 
regeneration and no change between years could be observed. Forest trend metrics were then extracted 
and the changing pattern of forest extent over the period of image acquisition explored.   

 
The case study employed a variety of mainstream GIS and image processing software. Segmentation and 
baseline classification of PALSAR data was undertaken using Definiens Developer v8.0. ENVI v4.8 was used 
to analyse raster data, create masks and perform change analysis. ArcMap v9.3.1 was used to display and 
transform vector data and for inter-comparison of images and accuracy assessment. 
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2.2 Remote sensing and ancillary data  

 
The primary data source used in this case study is ALOS PALSAR Fine Beam Dual (FBD) polarisation data. 
Data acquired by the ALOS PALSAR presents a valuable asset for use in forest monitoring, biomass 
estimation and carbon assessment. This is due in part to the radiometric stability and high geo-location 
accuracy of the data. State-wide FBD coverage was acquired over an August to October timeframe for 4 
years (2007 – 2010). The generation of annual wall-to-wall mosaics using this data was described in Volume 
I. The PALSAR mosaics for 2007 – 2010 are illustrated in Figure 1. 

 

 

             
 
Figure 1. ALOS PALSAR 12.5 m spatial resolution wall-to-wall mosaics for Tasmania: a) 2007; b) 2008; c) 
2009; and d) 2010.  

 

 
A 25 m spatial resolution Digital Elevation Model (DEM) was acquired through the Department of Primary 
Industries, Parks, Water and Environment (DPIPWE), Tasmania (Figure 2). The DEM was used to ortho-
rectify the PALSAR imagery, as described in Volume I, and also as an input to the classification of land cover. 
Height information derived from the DEM was a useful attribute in discriminating forest/non-forest and 
alpine grass/shrublands. 

 

 

 
 

Figure 2. 25 m spatial resolution DEM of Tasmania sourced through the Department of Primary Industries, 
Parks, Water and Environment (DPIPWE), Tasmania.  
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Reference data were available in the form of state-wide vegetation community mapping ('TASVEG'), 
Landsat imagery (provided by the Department of Climate Change and Energy Efficiency; DCCEE) and field 
survey. State-wide monthly precipitation records were also acquired through the Bureau of Meteorology 
(BOM).  

 
The TASVEG product represents a compilation of vegetation community scale mapping at the 1:25,000 
scale undertaken between 1998 – 2009 (DPIPWE, 2009). TASVEG is continually updated and the current 
release (Version 2.0, Feb 2009) comprises 165 mapping units with 154 vegetation communities. TASVEG 
vegetation communities have been sourced from aerial photograph interpretation and field verification 
where necessary. For use in training the PALSAR classification, TASVEG classes were merged into dominant 
vegetation communities as indicated in Figure 3. 

 
Three calibration sites were identified in different parts of Tasmania (Figure 3; black squares) and used to 
test processing strategies prior to implementation across the whole mosaic. The calibration sites were 
located in distinct biogeographic regions, with variable forest cover and land use history. Site 1 was located 
in the NE near the township of Mathinna. Site 2 was located in the NW near Takone, and Site 3 in the S near 
Warra. Field survey was undertaken at each calibration site in Sept/Oct 2010. GPS located sites were visited 
and descriptions of the land cover and vegetation and oblique photographs were taken. The field survey 
data were used as reference in the classification of vegetation and land cover.   

 

        
 
Figure 3. State-wide vegetation community mapping 'TASVEG'. The location of the 3 calibration sites is 
indicated in black: Mathinna (NE), Takone (NW) and Warra (S). Source: DPIPWE, Tasmania. 

 

 
The NCAS archive provided an extensive time-series of Landsat MSS/TM/ETM+ images and country-wide 
forest/non-forest maps from 1972 to present. Cloud-free Landsat images with a preference for summer 
(January) scenes were obtained and processed as part of the NCAS legacy system. NCAS Landsat mosaics 
and forest/non-forest maps for Tasmania were available through the Department of Climate Change and 
Energy Efficiency (DCCEE).  
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Figure 4. Landsat TM mosaic for 2007 and corresponding forest/non-forest map (Source: Department of 
Climate Change and Energy Efficiency). 

 

 

2.3 Strategy testing over Mathinna calibration site  
 

Processing strategies were initially tested on the 3 calibration sites. These were sites for which we had the 
most information about land cover and knowledge of land use practices, gained through field survey and 
communication with Forestry Tasmania and other land managers. This section describes a pilot study over 
the Mathinna site. 

 

2.3.1 Initial exploration of data 
Initial exploration of the data may involve transformations, contrast stretching, topographic modelling and 
extraction of radar spectra and separability analysis. These techniques may be applied to pixels or 
segmented data. Data transforms and contrast stretching reconfigure the feature space, often combining 
multiple dates, in attempts to maximise the variance in the data and optimise visualisation of features. If a 
DEM is available, topographic variables including height, slope and aspect can be generated. 3D surface 
views are also useful for visualisation. Single- and multi-date radar spectra provide indication of the 
potential for discrimination of different cover types. 

 
Subsets over Mathinna were extracted from the ALOS PALSAR mosaics for 2007 – 2009. At the time of 
undertaking the pilot study, PALSAR data for 2010 were not available. The 2007 subset is illustrated in 
Figure 5. Areas of green are where HV backscatter dominates, originating primarily from forested terrain. 
Purple areas are dominated by HH backscatter, largely from plantation and alpine vegetation (e.g., Ben 
Lomond – large rocky plateau to South). Dark (black) areas exhibit low backscatter response, typically over 
agricultural land and buttongrass swamps. A 3D surface view was generated by draping multi-date HV data 
(2007 – 2009) over the DEM (Figure 6) and applying 2x vertical exaggeration. It shows the heavily dissected 
nature of the area, with a mix of steep forested terrain and agricultural land in the valleys. Coloured areas 
are a mix of eucalypt and pine plantation at varying stages of growth.  
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Figure 5. ALOS PALSAR FBD data over Mathinna (2007). RGB: HH:HV:HH. Green areas are dominated by HV 
backscatter (forest), purple areas are dominated by HH backscatter (plantation and alpine vegetation), and 
black areas exhibit low backscatter response (agricultural land, buttongrass).   
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Figure 6. 3D surface view generated by draping multi-date ALOS PALSAR HV data over a DEM. 2x Vertical 
Exaggeration. RGB: 2007HV:2008HV:2009HV. 

 

 
Field survey is invaluable in gathering intelligence or ground truth to interpret and assess the potential of 
SAR data for discrimination of land cover types. Three days were spent on-ground at Mathinna in October, 
2010, familiarising with a range of vegetation communities, hardwood and softwood plantation, 
agricultural areas and general layout. At each site, GPS located photographs of the land cover and a basic 
structural description was taken (e.g., Figure 7). Spatial profiles were later extracted from multi-date 
PALSAR data over these areas to observe the variation in backscatter response.    

 
Multi-date PALSAR spectra were extracted from Regions of Interest (ROIs), representative of the dominant 
cover types in the area (Figure 8). The classes were identified on the basis of field survey and referring to 
TASVEG. The similarity or otherwise of the spectra for different cover types and acquired at different times 
was investigated. The spectra give an idea of the range in backscatter, minimum and maximum values, and 
clustering associated with different cover types. The consistency in backscatter within cover types 
distributed throughout the area can also be assessed. ROI separability metrics, including the Jeffries-
Matusita and Transformed Divergence can be calculated in ENVI to ascertain the separability of ROI pairs. 
This information provides indication of the potential success of any supervised classification routines that 
may subsequently be applied at the pixel level. The information also serves as a guide when defining rule 
sets reliant on backscatter thresholds for object-based classification in Definiens Developer.   

 
Time-series PALSAR HV spectra were extracted over eucalypt plantations (Figure 9) to assess the change in 
backscatter response with growth over a 4-year period. An abrupt change in backscatter is observed 
following clearing of plantation. Thereafter, a gradual increase is observed, with backscatter from seedlings 
and on-ground debris. A more variable response in the backscatter is observed with growth of young 
plantation, compared to mature plantation. As the saplings grow, L-band responds to the structural 
changes and increase in canopy volume and woody (branch and trunk) biomass. 
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Figure 7. Sample descriptions of vegetation communities present at Mathinna site. From left to right: GPS 
located photographs, site description and state-wide distribution from TASVEG, and spatial profile extracted 
over multi-date ALOS PALSAR data.  
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Figure 8. Mean PALSAR HH and HV backscatter extracted from Regions of Interest (ROIs) for dominant cover 
types at the Mathinna site. 

 

 
 

Figure 9. Mean PALSAR HV time-series spectra extracted from eucalypt plantations. 



15 
 

2.3.2 Object-oriented classification of baseline land cover 

An object-oriented approach to classification of baseline land cover was implemented using Definiens 
Developer software. Object-oriented analysis is a popular approach to enhancing information extraction 
from SAR data. Initial segmentation assists in reducing image speckle and generating homogeneous clusters 
for use in classification. Objects are classified using various combinations of spectral, spatial, textural, 
topographic and contextual indices derived from SAR and other available input data. Often, improved 
mapping accuracies are obtained, compared to when using SAR data alone, or using alternative classifiers 
and methods.  

 
A fine-scale multi-resolution segmentation was applied to time-series PALSAR HH and HV data for 
Mathinna. Multi-resolution segmentation iteratively merges pixels into objects of maximum homogeneity. 
A scale factor of 10 was used and default parameters of shape 0.1 and compactness 0.5. Following 
segmentation, classification rule sets for each cover type were defined on the basis of 2007 L-band HH and 
HV backscatter and height ranges from the DEM. The dominant cover types were identified with reference 
to TASVEG and field knowledge. The forest class included all forest and plantation that met the criteria for 
forest as defined by the FAO (1998). In brief, the FOA definition of forest is “Land with tree crown cover of 
more than 10 % and area of more than 0.5 hectares. The trees should be able to reach a minimum height of 
5 m at maturity in situ”. In the absence of tree height data, the size of segments and field knowledge of the 
location of young and mature plantation was used to identify candidate segments for forest, comprising 
native eucalypt forest, eucalypt plantation and pine plantation.  

 
Either a training or rule based approach to classification can be implemented in Definiens Developer. In the 
training approach, representative samples are identified for each class and used to train a nearest 
neighbour classifier. Sample data ranges can be extracted from any number of input layers and used to 
define the feature space for a particular class. The nearest neighbour classifier then assigns those segments 
to a particular class based on their statistical relationship with neighbouring segments. In the rule based 
approach, rule sets are established using any combination of membership functions (employing fuzzy logic), 
thresholds and spatial rules that exploit contextual relationships between classes, distance measures, 
object size and shape. The capacity for discrimination of different covers is dependent not only on the 
spectral separation achieved through individual or combinations of data layers, but also the wise use of 
spatial and contextual information in the scene. 

 
Other sources of information that might be useful input to the classification include DEM derived slope, 
texture indices, soils/geology, climate and other vector data. A combination of factors might improve the 
discrimination of certain cover types. External data mining software could be used to identify patterns in 
the data and useful combinations of input data layers. Statistical analyses including Canonical Variate 
Analysis (CVA) and Classification and Regression Tree (CART) analysis could similarly be used to evaluate the 
significance of input parameters for class separability.  

 

Following classification of baseline land cover (Figure 10b), the classes were merged into ‘forest’ and ‘non-
forest’ (Figure 10c) and compared to TASVEG (Figure 10d).  Mapping accuracy was assessed using available 
field data, TASVEG and Landsat data (Figures 11 and 12). A total of 300 random points and additional field 
survey points were identified on the classified images. When compared to reference data, overall mapping 
accuracies of 81 % for dominant land cover and 96.1 % for forest/non-forest were achieved. Buttongrass 
was difficult to separate from scrub, and often there was confusion between mature eucalypt plantation 
and native eucalypt forest due to similarities in structure and hence backscatter response.  
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Figure 10. Baseline forest information products generated for Mathinna calibration site: a) ALOS PALSAR 
2007 data (HH:HV:HH in RGB); b) Land cover map; c) Forest/non-forest map; and d) TASVEG dominant 
vegetation communities.  

 

 

 
 

Figure 11. Error matrix associated with land cover classification accuracy, Mathinna. 
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Figure 12. Error matrix associated with forest/non-forest classification accuracy, Mathinna. 

 

 

2.3.3 Annual land cover mapping 

Annual land cover maps were generated using the 2007 baseline land cover and change detection results. 
HV backscatter provided the best discrimination between cover types, and so mean HV segmented data 
were used in change detection. Using ENVI, change images were generated for 2007 – 2008 and 2008 – 
2009, wherein change was indicated in 1 dB increments. Focussing on negative change, masks were 
generated that showed instances of where change had occurred in a particular cover class. The relevance of 
the change, i.e., a decrease in backscatter due to clearing of forest, rather than a change in soil moisture or 
other anomaly was confirmed by simultaneous observation of the two dates of PALSAR imagery and/or 
knowledge of on-ground practices. Similarly, masks were generated for areas exhibiting positive change, 
and related to processes of regeneration following clearing, but separated from normal vegetation growth. 
Change maps for 2007 – 2008 and derived 2008 land cover for Mathinna are shown in Figure 13.  

 
The process was repeated for 2009 using the 2008 classification as the base and the change map for 2008 – 
2009 (Figure 14). The process effectively identified both positive and negative changes as related to 
regeneration or deforestation, while maintaining the integrity of unchanged classes. Forest/non-forest 
maps were then produced as for 2007 above.  

 
Change mapping examples for pine and eucalypt plantation are illustrated in Figures 15 and 16 respectively. 
Areas of mature pine plantation are bright and textured in appearance (Figure 15). Clear felling of pine is 
observed between 2007 and 2008, wherein a noticeable decrease in backscatter is observed, of the order 
of 3 dB (indicated in white on the change image). HV backscatter dominates over mature plantation (green 
on PALSAR image) as a result of volume scattering between canopy components. As trees are cut, the 
contributions to backscatter from volume scattering decrease, and greater surface scattering at HH is 
observed (purple on PALSAR image). Further clearing is observed between 2008 – 2009, and there has been 
some regeneration in areas (increase in brightness).  

 
The backscatter response from cleared eucalypt plantation or plantation comprising young 
saplings/regrowth is dominated by HH, whereas HV dominates the response from mature plantation 
(Figure 16). Clear felling of eucalypt plantation is observed between 2007 – 2008, with a decrease in 
backscatter of the order of 2 – 3 dB. Some of the plantation areas show an increase in backscatter, 
indicative of regeneration across all 3 dates.  
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Figure 13. Annual land cover mapping, Mathinna calibration site: a) PALSAR 2007; b) PALSAR 2008; c) 
Change 2007 – 2008; and d) Land cover 2008. 
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Figure 14. Annual land cover mapping, Mathinna calibration site: a) PALSAR 2008; b) PALSAR 2009; c) 
Change 2008 – 2009; and d) Land cover 2009. 

 

 

 

 

2009 

Change 2008 to 2009 Land cover 2009 
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Figure 15. Clear felling of pine plantation, Mathinna, and representation on PALSAR imagery.  

 

 



21 
 

 

   
 

   
 

     
 

Figure 16. Clear felling of eucalypt plantation, Mathinna, and representation on PALSAR imagery. 
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2.3.4 Land use/land cover change mapping 

Land use/land cover change maps, such as those presented in Figure 17, can be produced for the purpose 
of reporting and also simplifying the forest change information. The change maps summarise the spatial 
extent and location of deforestation (red), regeneration (blue) and no change (green – forest, grey – non-
forest). They are produced by reclassifying the land cover maps for 2008 and 2009 into 4 categories. 
Deforestation is more evident between 2007 and 2008, with only limited regeneration occurring in the 3 
years (Figure 17).  Forest change estimates are summarised in Figure 18. A net deforestation of 2,596 ha 
was estimated over 2007 to 2008, and 1,176 ha for 2008 to 2009.  

 

 

     

 
 

Figure 17. Land use/land cover change mapping for Mathinna: a) 2007 to 2008; and b) 2008 to 2009. 

 

 

 
 

Figure 18. Forest change estimates for Mathinna. 

 

 

 

 

 

 

a) b) 
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2.4  Generation of baseline land cover mosaic 

 
The mapping techniques developed for the 3 calibration sites are now applied to the full ALOS PALSAR 
mosaics for wall-to-wall mapping of land cover and change in Tasmania. PALSAR data for 2010 was now 
available, providing a 4-year time-series for generation of wall-to-wall forest information products.  

 

2.4.1 Masking and image preparation 

Prior to classification, urban areas and water were masked from the PALSAR mosaics using the TASVEG 
layer. These often present areas of confusion in the classification and are best masked out, if suitable 
ancillary data are available. Urban and water polygons were extracted from TASVEG and converted to 
raster (Figure 19). In order to use this data to mask the PALSAR mosaics, the dimensions of each raster 
need be identical. In ENVI, the PALSAR mosaics were subset to match the extent of the urban and water 
raster layer. Masks were built using values of 10 for urban and 15 for water (so distinct from PALSAR 
backscatter values) and applied to each PALSAR mosaic. Areas beyond the actual image area were set to no 
data (NaN) values. The header file of each masked mosaic was edited so that x/y start values were 1,1. This 
ensures correct reading of projection information in Definiens Developer software.    

 

 
 

Figure 19. TASVEG derived water (blue) and urban (pink) class polygons used to mask the PALSAR mosaics 
prior to classification. 

 

 

2.4.2 Project initialisation and segmentation 

An object-oriented approach to classification was established using Definiens Developer v8.0 (32 bit). Two 
approaches to classification were considered. Option 1 would use the individual orthorectified PALSAR 
images (50 per epoch), and option 2 would use the full mosaics. Option 2 was selected as it avoided the 
difficulties associated with variable backscatter in overlapping areas of adjacent images acquired at 
different times (i.e., opportunities for misclassification). Accordingly, a new project was defined with the 
multi-date, 12.5 m resolution orthorectified PALSAR HH and HV mosaics and 25 m DEM as input. No 
resampling to obtain equal pixel sizes was necessary as Definiens does this on the fly.    
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Due to the size of the mosaics and processing limitations within the Developer environment, a local tiling 
approach was implemented to sub-divide the mosaics into square tiles which were analysed separately. For 
this, a chessboard segmentation was used and square tiles of 5000 pixels were produced (Figure 20). Tile 
size was determined following experimentation of multi-resolution segmentation and memory 
requirements in order to segment each tile of the mosaic. A total of 34 tiles were created in the process 
(Figure 21).  

 

 

 
 

 
 
Figure 20. Local tiling process used to sub-divide each PALSAR mosaic into square tiles for analysis, 
implemented using Definiens Developer: a) Implementation using the process tree; and b) Chessboard 
segmentation menu. 

       

 



25 
 

 
 
Figure 21. Local tiling applied to 2007 PALSAR mosaic: Chessboard segmentation was used to generate 34 
square tiles (5000 pixels in size). 

 

 
Each tile is then identified and labelled in turn by defining its position from the edge of the mosaic. Classes 
are established for each tile and the relevant thresholds included in each classification rule set. For 
example:  

 tile1 

              and (min) 

                        Threshold: Y distance to scene top border =1167 Pxl  

                        Threshold: X distance to scene left border = 485 Pxl   

 

Some tiles are merged, e.g., tile 1 and 2 which both cover King Island. Each tile is then processed in turn, 
i.e., segmented and classified, and saved in the one project (filename with extension .dpr). It should be 
noted that the project was saved often as the increasing number of objects and computational 
requirements of multi-resolution segmentation meant that memory limitations were often exceeded 
causing the program to crash sporadically. In this version, an individual process can only access around 1.8 
Gb RAM before crashing, and there is a limit to the image dimensions and number of objects that can be 
processed and stored in one project. Processing of large datasets, particularly with multi-date coverage, 
requires computing power in excess of that available in the Definiens environment. The Definiens Server 
product should be utilised in this case for its superior handling of large datasets and batch processing 
functionality. The Server also facilitates automated tiling and stitching of data so that seamless 
classification results are achieved.    

 
Each tile is segmented using chessboard size 2 (or size 1 for small islands) to provide the objects for 
subsequent multi-resolution segmentation (Figure 22). The multi-resolution segmentation uses a scale 
factor 10, shape and compactness of 0.1 and 0.5 respectively, and all 8 PALSAR bands (HH and HV 
polarisations for 2007 – 2010). By using all bands and dates, the maximum spectral information is used to 
guide the generation of meaningful objects. The segmentation sequence is illustrated graphically in Figure 
23. 
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Figure 22. Two-step segmentation process: a) Implementation of chessboard and multi-resolution 
segmentations using the process tree; and b) Multi-resolution segmentation menu. Each tile is segmented 
using a scale factor of 10 and shape and compactness factors of 0.1 and 0.5 respectively. Only PALSAR data 
layers are used as input to the segmentation.  

 

        

       
 
Figure 23. Example of segmentation of PALSAR data. The sequence of steps is demonstrated in the following 
sub-scene: a) Creation of a tile using chessboard segmentation; b) Creation of objects of 2 pixels in size using 
chessboard segmentation; and c) Multi-resolution segmentation to produce final objects for classification. 

a) c) b) 
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As each tile in the project is segmented independently of all other tiles, it is often the case that the 
segments along the boundary between 2 adjacent tiles are not aligned correctly. This can give the 
appearance of straight edges or jagged boundaries between classes at tile boundaries. In the absence of a 
Server license, variables can be used to define the overlapping area between 2 tiles that is then re-
segmented.  

 
Variables are defined in the Feature View (Figure 24) by navigating through Object features > Position > Is 
object in region > Create new 'is object in region'. A variable is represented by a rectangular polygon, the 
origin of which is its lower left coordinate (x and y min values). The x/y min can be viewed by selecting the 
object to be used as the origin and consulting the Image Object Information window. The size of the 
variable is defined, ensuring that its width is continuous and the length conforms to the length of the full 
tile. The variable can be viewed by changing to the Feature View and double clicking on the variable name 
(Figure 24). The area defined by the variable is then segmented using the same parameters as for the whole 
tile (Figure 25); the result is a seamless alignment of objects along the tile borders. 

 

 

       
 

Figure 24. Use of variables for improved alignment of objects at tile boundaries: a) 'Var1' is created in the 
Feature View; and b) Visualisation of 'Var1', as defined by a rectangular polygon at the border of 2 tiles, 
extending 200 pixels across and with a length of 5000 pixels (corresponding to the full tile length). 

 

a) 

b) 
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Figure 25. Use of variables to create a seamless layer of objects that spans adjacent tiles: a) Independent 
segmentation of tiles often leads to misalignment of objects near tile boundaries. A rectangular variable 
('Var1') is defined that encompasses an area a few objects wide and extends across the tile boundary 
(shown in white); b) Chessboard segmentation applied to those objects defined by 'Var1' (green and red for 
objects in adjacent tiles); and c) Multi-resolution segmentation of the objects in 'Var1' and seamless result. 

a) 

b) 

c) 
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2.4.3 Baseline land cover classification 

Rule sets were established for each tile and each class using membership (fuzzy logic) functions and/or 
thresholds relying on spatial (context, e.g., distance to neighbours and other classes) and spectral features 
(e.g., mean and minimum backscatter and standard deviation). Region growing was often applied, where 
strict thresholds are first used to classify segments of definite class membership. The process then runs in a 
loop, iteratively classifying neighbouring segments that satisfy a given criterion, for example:  
 classify agland 
               classification: tile4f at  lvl1: t4f agland 
     grow agland 
               classification: tile4f at  lvl1: t4f grow agland 
                    classification: t4f grow agland at  lvl1: t4f agland + 

 

(Sample classification rules):  

     t4f agland 
              and (min) 
              [-25--15]: Mean 2007HH  
            [-27--20]: Mean 2007HV  
              Threshold: not Rel. border to t4f ocean > 0  
     t4f grow agland 
             and (min) 
              Threshold: Rel. border to t4f agland > 0  
              Threshold: not Rel. border to t4f ocean > 0  
            [-32--17]: Mean 2007HV  
              [-25--6]: Mean 2007HH  

 

The complexity of rule sets increased with increasing number and spectral overlap of cover types. 
Classification rules were adjusted for like classes in different tiles to take account of differences in 
backscatter resulting from soil or canopy moisture, or other on-ground change due to timing of acquisition. 
Texture metrics were investigated, including Grey Level Co-occurrence Matrix (GLCM), but suitable 
thresholds could not be extracted to assist in class separation. Class membership also included height 
ranges extracted from the DEM, with appropriate adjustment for location.   

 
Simple backscatter thresholds were used to separate agricultural land from other classes. The ease of 
separation was primarily due to paddocks being the darkest features, with the lowest backscatter response 
on L-band imagery, with the exception of areas of growing crop which appeared much brighter. Shape and 
proximity metrics could be used to separate other dark features including water bodies where present. 
Alpine heath and sedgeland was discriminated on the basic of elevation. As an example, alpine heathland in 
Mathinna was the only vegetation community present above 1200 m. Buttongrass moorland was 
discriminated reasonably well, given its distinct appearance and low HV backscatter in PALSAR imagery. 
Most difficult was the separation between buttongrass and scrub communities, with similar backscatter 
response observed over dense growth.  

 

In comparison to native forest, pine plantation was characterised by a smoother texture and higher HH and 
HV backscatter within a fairly narrow defined range. There was clear visual separation of eucalypt 
plantation from forest and pine plantation, particularly at HV. However, this was not always reflected in the 
thresholds used to define classes. There was confusion in the classification of mature plantation and native 
forest as trees approached near structural similarity, inducing similar scattering mechanisms from within 
the canopy volume. 

 
Minor vegetation communities including grassland, wetland, lichen and urban/exotic vegetation were, for 
the most part, manually identified on the imagery. Rule sets for minor cover types included the location of 
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clusters of segments and their spectral and spatial features (e.g., size and shape of segments). Context was 
often useful, as, for example, wetland and saltmarsh communities were typically located within a certain 
distance of water bodies or related vegetation classes.  

 
Application of the rule sets and classification of each tile leads to the generation of the full baseline land 
cover map (Figure 26). All segments belonging to a particular class are then merged and exported in tif 
format. Once opened in ArcMap, these are reclassified to produce a forest/non-forest map (Figure 27). 

 

 

   
 

Figure 26. Baseline land cover map derived from 2007 ALOS PALSAR data. 

 

 
 

Figure 27. Baseline forest/non-forest map derived from 2007 ALOS PALSAR data. 
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A map of the dominant land cover types was produced by merging some minor communities such as bare 
ground, coastal heath and cushion moorland into the major categories. Figure 28 presents the dominant 
land cover as derived from the 2007 PALSAR, as compared to TASVEG. Figure 29 presents the forest/non-
forest extent map as derived from 2007 PALSAR, as compared to TASVEG. 

 

 

                

              
 

Figure 28. Dominant land cover derived from a) 2007 ALOS PALSAR mosaic; and b) TASVEG. 

a) 

b) 
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Figure 29. Baseline forest/non-forest mosaics derived from a) 2007 ALOS PALSAR; and b) TASVEG. Total 
forest/non-forest cover is: 63.5 % F, 36.5 % NF in PALSAR, and 57.5 % F and 42.5 % NF in TASVEG. 

 

 

2.5 Multi-date classification of land cover 

 
Change analysis provided the mechanism by which the baseline 2007 land cover map was updated for 
subsequent years. Change detection was applied to the full PALSAR mosaics and using mean segment HV 
backscatter as described in Section 2.3.3 for Mathinna. Mean HV backscatter for all segments was exported 
as a shapefile and converted to raster in ArcMap. Change detection was applied to the rasters in ENVI and 
difference maps generated that showed both positive and negative change across 9 classes and in 1 dB 
increments, up to a maximum of 3 dB (Figure 30). Georeferenced mosaics were produced using all change 
images for 2007 – 2008, 2008 – 2009 and 2009 – 2010 (Figure 31).  

 

 
 
Figure 30. ENVI change analysis: 9 class thresholds are defined to show change in 1 dB increments. Both 
positive and negative change is included. 

a) b) 
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Figure 31. Change detection mosaics for Tasmania derived from ALOS PALSAR data: a) 2007 – 2008; b) 2008 
– 2009; and c) 2009 – 2010.  

 

 
Variable surface conditions and hence backscatter response throughout the mosaic meant that change 
results were necessarily interpreted on a tile-by-tile basis. Change thresholds that identified real on-ground 
change in a class, e.g., forest to non-forest due to clearing between dates on one tile do not necessarily 
apply in other parts of the mosaic. Backscatter may have increased in some areas due to increased soil and 
canopy moisture arising through localised rainfall. Flushes in vegetation growth likely occur in short stature 
shrub and grasslands on receiving additional water, and so increase surface roughness and backscatter. 

a) b) 

c) 
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These effects may not be observed in adjacent images acquired from different paths and up to several 
weeks apart.  

 
Masks were therefore generated for each tile indicating change in specific classes, for example, forest to 
plantation, pine to cleared, coastal scrub to cleared (negative change), and cleared plantation to plantation 
and seedlings to plantation (positive change). The masks were applied to the 2007 land cover map to 
generate land cover for 2008, and so on. The processing sequence resulted in an annual time-series of land 
cover maps for the years 2007 to 2010 (Figure 32). Forest/non-forest maps representing each year of the 
time-series were then produced by aggregating the classes (Figure 33).  

    

      

 
 

Figure 32. Land cover maps for Tasmania derived from time-series ALOS PALSAR data.  
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Figure 33. Forest/non-forest maps for Tasmania derived from time-series ALOS PALSAR data.  

 

 

2.5.1 Land use/land cover change mapping 

Land use/land cover change maps were produced by reclassifying the land cover maps. The change maps 
summarise the spatial extent and location of deforestation (red), regeneration (blue) and no change (green 
– forest, grey – non-forest) between the years (Figure 34). Trend metrics were extracted and revealed a 
deforestation rate of less than 1 % of the total land area per year. 
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Figure 34. Land use/land cover change maps for Tasmania derived from time-series ALOS PALSAR data.  

 

 

2.6 Accuracy assessment 

 
Successful validation of forest information products relies on the availability of temporal data on forest 
cover, land use and change. Reference data can be sourced from fine (e.g., SPOT-5, aerial photographs) to 
moderate (e.g., Landsat) spatial resolution optical data, field inventory, state-wide vegetation mapping and 
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forestry data. In the absence of existing products, interpretation of satellite data or aerial photographs may 
be required to generate suitable validation data.  

 
Forest information generated for Tasmania using ALOS PALSAR data was verified using TASVEG, field data, 
forestry polygons (provided by Forestry Tasmania), and time-series Landsat data. An error matrix was 
produced for the whole State using a stratified random allocation of points on the 2007 classified mosaic 
(Tables 1 and 2). Sample size per class was selected on the basis of total area and significance of the land 
cover. Individual sample points were established at a minimum distance of 200 pixels apart (~2.5 km). 
Additional points were extracted over forestry polygons, for which the planting date was known. Only 
limited field data was available for validation as the majority of points had been used in training the 
classification.  

 
Baseline land cover mapping accuracy was estimated at 82.3 % and associated forest/non-forest mapping 
accuracy at 92.1 %. Highest accuracies were achieved for agricultural land, pine plantation and forest. 
Lowest accuracies were achieved for scrub, lichen and grassland classes. Some confusion was evident in 
separating buttongrass and scrub communities, and where cleared/regrowing plantation was spectrally 
similarly to other vegetation. Classification accuracy for time-series forest information is not presented 
here, but a similar process would be applied. 

 

 
Table 1. Error matrix associated with land cover classification accuracy derived from 2007 ALOS PALSAR 
data over Tasmania. 
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CLASSIFIED 
Forest 271 2 11 3  2  1 9  1    

300 

Agricultural 
land 

2 
 

188 
 

1 
      

2 
 

1 
 

6 
    

200 

Buttongrass 9  37     2 2      50 

Eucalypt 
plantation 

25 
 

4 
 

1 
 

65 
 

2 
 

1 
 

1 
    

1 
    

100 

Cleared Euc 
plantation 

3 
 

6 
  

4 
 

31 
 

1 
 

5 
        

50 

Pine 
plantation 

11 
   

2 
  

37 
         

50 

Cleared Pine 
plantation       

0 
        

0 

Highland 
treeless 

7 
       

21 
 

1 
  

1 
    

30 

Scrub 8 1       39  2    50 

Wetland   1       9     10 

Grassland  1       8  1    10 
Lichen 3        1   6   10 
Urban 
misc/other  

1 
           

9 
  

10 
 

Water              10 10 
COL TOTAL 339 203 51 74 33 41 6 24 62 10 12 6 9 10 880 
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 Land cover class  % 

Producers accuracy Forest 

Agricultural land 

Buttongrass 

Eucalypt plantation  

Eucalypt plantation cleared 

Pine plantation  

Pine plantation cleared 

Highland treeless 

Scrub 

Wetland  

Grassland  

Lichen 

Urban misc/other 

Water 
 

0.80 

0.93 

0.73 

0.88 

0.94 

0.90 

0.00 

0.88 

0.63 

0.90 

0.08 

1.00 

1.00 

1.00 
 

79.9 

92.6 

72.5 

87.8 

93.9 

90.2 

0.0 

87.5 

62.9 

90.0 

8.3 

100.0 

100.0 

100.0 
 

Users accuracy Forest 

Agricultural land 

Buttongrass 

Eucalypt plantation  

Eucalypt plantation cleared 

Pine plantation  

Pine plantation cleared 

Highland treeless 

Scrub 

Wetland  

Grassland  

Lichen 

Urban misc/other 

Water 
 

0.90 

0.94 

0.74 

0.65 

0.62 

0.74 

0.00 

0.70 

0.78 

0.90 

0.10 

0.60 

0.90 

1.00 
 

90.3 

94.0 

74.0 

65.0 

62.0 

74.0 

0.0 

70.0 

78.0 

90.0 

10.0 

60.0 

90.0 

100.0 
 

Overall accuracy  0.8 82.3 

 

 

Table 2. Error matrix associated with forest/non-forest classification accuracy derived from 2007 ALOS 
PALSAR data over Tasmania.  

 

REFERENCE  

 

CLASSIFIED  

Forest Non-forest ROW TOTAL 

Forest 417 33 450 

Non-forest 37 393 430 

COLUMN TOTAL 454 426 880 

 

 Land cover class  % 

Producers 
accuracy 

Forest 

Non-forest 

0.92 

0.92 

91.9 

92.3 

Users Forest 0.93 92.7 
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accuracy Non-forest 0.91 91.4 

Overall 
accuracy 

 0.92 92.05 

 

 

2.7 Concluding summary 

 
A strategy for the generation of baseline, wall-to-wall mosaics of forest extent, land cover and change using 
time-series ALOS PALSAR data was presented. Baseline land cover was mapped using the 2007 ALOS 
PALSAR data. An object oriented approach to classification was implemented, comprising a sequence of 
steps of segmentation, feature extraction and generation of rule sets for classification. The mosaic was 
divided into tiles for individual analysis. PALSAR data were segmented to create homogeneous clusters 
from which relevant statistical measures were retrieved. Manually identified thresholds that rely on, for 
example, mean backscatter, DEM height, segment shape and area were used in the classification of each 
tile. Following generation of baseline land cover, the classes were merged into forest and non-forest super 
classes. Subsequent land cover information for years 2008 – 2010 was generated using the baseline land 
cover map and change detection results that identify negative change due to clearing or a change in land 
cover, and positive change arising through growth or regeneration. Reasonable mapping accuracies were 
achieved (82.3 – 92.1 % for land cover and forest/non-forest respectively) at a level appropriate to regional 
scale forest monitoring for the purposes of MRV and ultimately national carbon accounting. 

 

Such an approach is akin to setting up a manual decision tree for classification. A trade-off is realised 
between mapping accuracy and process efficiency. Ideally, one rule set per cover class would be 
established and applied to each tile of the mosaic, similar in approach to extracting samples from data to 
train a classifier, the trade-off being an anticipated reduction in overall accuracy. In our approach, the rules 
for each class were adjusted for the same class in different tiles, in attempts to maintain high overall 
accuracy across the mosaic. Experience in processing this dataset suggests that the latter approach would 
achieve a more acceptable level of accuracy for the purpose of mapping forest cover and identifying change 
at the relevant scale. However, the process of manually identifying the decision tree is time-consuming and 
may generate a sub-optimal workflow. The use of Definiens Server and parallel processors for streamlining 
the processing and facilitating more rapid quality control during classification is recommended. 
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3. INTEROPERABILITY OF MULTI-FREQUENCY SAR DATA FOR FOREST/NON-FOREST EXTENT 
MAPPING 

 

 
A case study in forest/non-forest extent mapping using ALOS PALSAR and RADARSAT-2 data acquired over 
NE Tasmania and the Support Vector Machine (SVM) approach is presented in this section. SVM presents 
an alternative and efficient means of classifying SAR data, although is highly dependent on input training 
data.  
 
3.1 Support Vector Machine (SVM) classification 
 
The excessive data volumes incurred through satellite based, wide-area forest extent mapping, particularly 
when integrating data from multiple sensors, requires efficient data processing algorithms. There is 
increasing interest in machine learning techniques such as Artificial Neural Networks (ANN) and Support 
Vector Machines (SVM) to efficiently solve data analysis and image based classification problems (Kanevski 
et al., 2009; Vapnik, 1998). Machine learning algorithms derive mathematical relationships between input 
variables for the purpose of predictive learning. The inputs can be numerous and variable, and include raw 
image data and derivatives. Representative training data and parameterisation of the model are key to 
successful implementation. The selection of training data is typically guided by a priori knowledge and 
should foremost be representative of the desired output classes.  
 
A Support Vector Machine (SVM) solves for the optimal decision hyperplane based on a trained set of input 
parameters to maximise the separation between two classes, and multiple classes by extension (Figure 35; 
Huang et al., 2002). Such an approach is attractive since it reduces the classification problem to the 
generation of correct training data, and relieves the operator from the process of manually determining a 
decision tree that most likely will be sub-optimal.  
 
 

  

Figure 35. The Support Vector Machine 
(SVM) approach to classification solves 
for the optimal decision hyperplane 
based on a trained set of input 
parameters in multi-dimensional space 
to maximise the separation of classes 
(Huang et al., 2002).   
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For data that are not linearly separable in the feature space, the optimal solution needs to take into 
account an error value. Parameterisation of the support vector classification requires computation of the 
kernel function (y; width of gaussian kernel) and a penalty value (C) which allows for misclassification errors 
(Huang et al., 2002). The Radial Basis Function (RBF) is used widely as it demonstrates wide application to a 
variety of datasets and incurs reasonable running times. The RBF is calculated as follows:  
 

  
 
(C,y) depends on the data range and distribution, and so is different from one classification problem to the 
next. A common strategy to search for optimal parameters is to perform a 2D grid search with internal 
validation. 
 
The LIBSVM toolset is open source software for SVM classification, regression and distribution estimation 
(Chang and Lin, 2011; http://www.csie.ntu.edu.tw/~cjlin/libsvm). It facilitates rapid computation of 
different SVM formulations, multi-class classification, cross-validation for parameter selection and 
probability estimation.  
 
imageSVM is an IDL based SVM toolset developed by Humboldt University, Berlin (van der Linden et al., 
2009). The software can be downloaded from www.hu-geomatics.de (Rabe et al., 2009) and run using the 
IDL Virtual Machine or be integrated into mainstream ENVI software. imageSVM provides streamlined use 
of the SVM approach for remote sensing data, facilitating the use of common image file formats, workflows 
for automated or user defined parameterisation of models, and tools for visualisation. The program uses 
LIBSVM during the training phase. 
 
Classification of image data using imageSVM comprises 2 steps. First, parameterisation of a support vector 
classifier (SVC) or support vector regression model (SVR) using training data, and second, classification or 
regression of actual image data. Parameterisation of the SVC requires the kernel function (g) and 
regularisation parameter (C) to be defined. As above, g defines the width of the gaussian kernel function, 
and C controls the trade-off between maximisation of the margin between the training data vectors and 
the decision boundary, as well as margin errors (van der Linden et al., 2009). A 2D grid search strategy is 
implemented in imageSVM to discover these parameters. Image data are then classified by either majority 
vote or maximum probability. In majority vote (one-against-one strategy), the multi-class decision is based 
on a majority vote over all binary SVC class decisions (Platt, 2000). In maximum probability, the multi-class 
decision is based on estimated class probabilities by first transforming binary SVC decision function values 
into binary probabilities, and then estimating class probabilities using a pair-wise coupling approach (Wu et 
al., 2004). 
 
3.2 SAR data and feature extraction   
 
In this case study, we investigate the independent and combined use of ALOS PALSAR and RADARSAT-2 
data acquired over the Mathinna calibration site in NE Tasmania for mapping forest/non-forest (F/NF) 
extent using the SVM approach to classification. Near co-incident, orthorectified and terrain illumination 
corrected PALSAR (L-band HH and HV, mosaic of images acquired on 20/9/2009 and 7/10/2009) and 
RADARSAT-2 (C-band VV and VH, acquired on 1/10/2009) images are used (Figure 36). Slope and Local 
Incidence Angle (LIA) images were derived from a 25 m spatial resolution DEM. Slope was calculated in 
ENVI using a 3x3 kernel, and LIA was generated during orthorectification of the data (described in Volume 
I). The overall approach to classification involves a sequence of segmentation, feature extraction, training 
data selection, parameterisation of the SVM and classification. The IDL implementation imageSVM v2.0.1 
within ENVI v4.8 was used (Rabe et al., 2009).   
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Segmentation of SAR data was applied in Definiens Developer software to create homogeneous clusters 
(Figure 37) from which spectral, spatial, textural and topographic features are extracted. Multi-resolution 
segmentation was applied to PALSAR HH and HV and RADARSAT-2 VV and VH data at fine scale, with a scale 
factor of 10, and shape and compactness values of 0.1 and 0.5 respectively. A total of 100 features were 
extracted from each of the PALSAR and RADARSAT-2 datasets, and 70 features extracted from the 
combined dataset (Table 3). Sample feature layers are illustrated in Figure 38. Three layer stacks were 
produced in ENVI consisting of all segmented features derived from (i) PALSAR only; (ii) RADARSAT-2 only, 
and (iii) Combined dataset. 
  
 

    
 
Figure 36. Near co-incident SAR data acquired over Mathinna: a) ALOS PALSAR (HH:HV:HH in RGB) acquired 
on 20/9/2009 and 7/10/2009; and b) RADARSAT-2 (VV:VH:VV in RGB) acquired on 1/10/2009. 
 

    
 
Figure 37. Segmented mean backscatter (σ°) extracted from a) ALOS PALSAR HH and HV data; and b) 
RADARSAT-2 VV and VH data. 

a) 

a) 

b) 

b) 
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Table 3. Features extracted from segmented ALOS PALSAR, RADARSAT-2 and combined datasets for use in 
SVM classification. 
 
Feature set PALSAR-only features (100 

layers) 
RADARSAT-2 only 
features (100 layers) 

Combined features (70 layers) 

Spectral 
12 layers (PALSAR) 
12 layers 
(RADARSAT-2) 
28 layers 
(Combined) 

Mean HH 
Mean HV 
Min HH 
Max HH 
Min HV 
Max HV 
SD HH 
SD HV 
HH/HV 
HH-HV 
HH+HV 
(HH-HV)/(HH+HV)  

Mean VV 
Mean VH 
Min VV 
Max VV 
Min VH 
Max VH  
SD VV 
SD VH 
VV/VH 
VV-VH 
VV+VH 
(VV-VH)/(VV+VH)  

Mean PALSAR HH 
Mean PALSAR  HV 
Mean RSAT VV 
Mean RSAT VH 
Min PALSAR HH 
Max PALSAR HH 
Min PALSAR HV 
Max PALSAR HV 
Min RSAT VV 
Max RSAT VV 
Min RSAT VH 
Max RSAT VH 
SD PALSAR HH 
SD PALSAR HV 
SD RSAT VV 
SD RSAT VH 
palsarHH - palsarHV  
palsarHH/palsarHV  
palsarHH + palsarHV  
palsar total power 
rsatVV - rsat VH 
rsatVV/rsatVH  
rsatVV + rsat VH 
rsat total power 
palsarHV/rsatVH  
palsarHV – rsatVH  
palsarHH/rsatVV  
palsarHH – rsatVV  

Topographic 
6 layers (PALSAR) 
6 layers 
(RADARSAT-2) 
8 layers 
(Combined) 

Mean DEM 
Mean LIA 
Mean slope 
SD DEM 
SD slope 
SD LIA  

Mean DEM 
Mean LIA 
Mean slope 
SD DEM 
SD slope 
SD LIA  

Mean DEM 
Mean PALSAR LIA 
Mean RSAT LIA 
Mean slope 
SD DEM 
SD slope 
SD PALSAR LIA 
SD RSAT LIA  

Spatial 
2 layers (all) 

Shape index 
Segment area 

Shape index 
Segment area 

Shape index 
Segment area 

Texture  
80 layers (PALSAR) 
80 layers 
(RADARSAT-2) 
32 layers 
(Combined) 
 
MD - multi-
directional (all dir, 
0°, 45°, 90°, 135°) 

GLCM homogeneity MD HH, 
HV  
GLCM angular 2

nd
 moment 

MD HH, HV 
GLCM contrast MD HH, HV 
GLCM dissimilarity MD HH, 
HV 
GLCM entropy MD HH, HV 
GLCM mean MD HH, HV 
GLCM SD MD HH, HV 
GLCM correlation MD HH, 
HV 

GLCM homogeneity MD 
VV, VH 
GLCM angular 2

nd
 moment 

MD VV, VH  
GLCM contrast MD VV, VH  
GLCM dissimilarity MD VV, 
VH  
GLCM entropy MD VV, VH  
GLCM mean MD VV, VH  
GLCM SD MD VV, VH  
GLCM correlation MD VV, 
VH  

GLCM homogeneity (all dir, 
PALSAR HH, HV and RSAT VV, VH)  
GLCM angular 2

nd
 moment  (all dir, 

PALSAR HH, HV and RSAT VV, VH) 
GLCM contrast  (all dir, PALSAR 
HH, HV and RSAT VV, VH) 
GLCM dissimilarity  (all dir, PALSAR 
HH, HV and RSAT VV, VH) 
GLCM entropy  (all dir, PALSAR HH, 
HV and RSAT VV, VH) 
GLCM mean  (all dir, PALSAR HH, 
HV and RSAT VV, VH)  
GLCM SD  (all dir, PALSAR HH, HV 
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and RSAT VV, VH) 
GLCM correlation (all dir, PALSAR 
HH, HV and RSAT VV, VH) 

 
 

    
 

    
 
Figure 38. Sample feature layers extracted from ALOS PALSAR data: a) DEM height; b) Local Incidence 
Angle; c) DEM gradient, d) GLCM entropy VH (all directions). 
 
 
Spectral features extracted from segmented PALSAR and RADARSAT-2 data (Table 3) included mean and 
standard deviation of the backscatter, polarisation (e.g., HH/HV) and power ratios (HH-HV/HH+HV). 
Additional ratios were derived from the combined dataset, including different combinations of L- and C-
band polarisations, for example, palsarHV - rsatVH and palsarHV/rsatVH. Visually these images provided 
some level of discrimination of forest and non-forest classes and so were included. Topographic features 
were derived from an available 25 m spatial resolution DEM of the area, and included the mean and 

a) b) 

c) d) 
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standard deviation for height, slope and local incidence angle (LIA). Spatial features calculated included a 
shape index and segment area. The shape index describes the smoothness of the object border, calculated 
as border length divided by 4x square root of area (Definiens, 2009). Segment area is the number of pixels 
per object. 
 
Texture features based on the grey level co-occurrence matrix (GLCM) after Haralick were calculated. The 
GLCM calculates how often different combinations of grey levels are observed in the scene (Definiens, 
2009). Texture is calculated using all the pixels belonging to an object. The pixels in each object are fed into 
a 256 x 256 matrix, with coordinates based on the pixel value and neighbouring pixel value. The value of 
the matrix is a normalised number of pair occurrences, falling within the range 0, 1. The neighbouring pixel 
value is dependent on the direction of the analysis, whether all directions, 0°, 45°, 90° or 135°. GLCM 
features calculated included homogeneity, angular 2nd moment, contrast, dissimilarity, entropy, mean, 
standard deviation and correlation. Multi-directional texture metrics were calculated using the PALSAR and 
RADARSAT-2 data independently, providing a total of 80 layers each. It was too processor intensive to 
include all these layers in the combined data stack, and so only those texture metrics based on all 
directions were included.  
 
3.3 Training data selection and parameterisation of SVC 
 
Representative training data was identified using existing vegetation mapping layers (‘TASVEG’ and forestry 
polygons), field observations and Landsat data. Classes were established in Definiens Developer and 
segments representative of each class were manually identified on the combined segmentation image 
layer. The training data was saved as a Training and Test Area (TTA) mask and converted to polygons in 
ArcMap (Figure 39). One random point per polygon was generated, from which those points belonging to 
the forest class (n = 1262) were selected and saved as a shapefile, and likewise for non-forest points (n = 
842; Figure 40). The shapefiles were opened in ENVI, exported as Regions of Interest (ROI) and a class 
image created and subsequently used as input to train the SVC.  
 
 

  
 
Figure 39. Training and Test Area (TTA) mask generated in Definiens Developer. Training samples for the 
required land cover types were manually identified referring to TASVEG and Landsat data. Image underlay: 
PALSAR HH:HV:HH in RGB.  
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Figure 40. Aggregation of training data for a) non-forest; and b) forest, based on manually identified 
samples in Figure 39 above.  
 
 
imageSVM requires image data to be linearly scaled between 0 – 1 prior to grid search for parameterisation 
of the SVC. Each layer stack and corresponding mask with null values was used as input to the scaling 
process. Scaling can be applied using statistics derived from all image bands or individual bands, and 
extreme (outlier) values can be optionally ignored or set to 0 and 1. Given the expanded feature set based 
on extracted spectral, topographic, spatial and textural features, scaling based on individual bands and 
ignoring the top/bottom 1 percentile was applied to each stack.  
 
The SVC is parameterised using advanced settings. Maximum probability was selected as the approach to 
multi-class decision. Default parameters for the Gaussian RBF kernel grid search are used that define the 
minimum and maximum range of the grid (i.e., g and C dimension; 0.1 – 1000) and the multiplier or step 
size (10). Overall accuracy is selected as the performance measure, which calculates the percentage of 
cases correctly classified. 3-fold cross validation is selected as the performance estimator. The accuracy of 
the results during the grid search will thereby be monitored by 3-fold cross validation on the training data. 
The scaled layer stack provides the input to parameterisation of the SVC.     
 
The results of parameterisation can be viewed as a text report or performance surface plot. The report 
provides information on the training data used, grid search settings, performance measure and estimator. 
The performance surface plot illustrates the calculated values of the performance estimator for all kernel 
and regularization parameters tested during the grid search. Good combinations of input parameters 
appear bright. Performance plots for the PALSAR-only, RADARSAT-2 only and combined datasets are shown 
in Figures 41 – 43.  
 
Scaled layer stacks are then classified using the optimal kernel parameters discovered during 
parameterisation of the SVC.  

a) b) 
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Figure 41. Performance surface plot derived from parameterisation of SVC for PALSAR-only dataset. Best 
overall accuracy of 94 % uses RBF kernel parameters g = 0.1 and C = 1. 
 

 
 
Figure 42. Performance surface plot derived from parameterisation of SVC for RADARSAT-2-only dataset. 
Best overall accuracy of 90.4 % uses RBF kernel parameters g = 0.1 and C = 1. 
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Figure 43. Performance surface plot derived from parameterisation of SVC for combined dataset. Best 
overall accuracy of 94.5 % uses RBF kernel parameters g = 0.1 and C = 1. 
 
 
3.4 SVM classification of forest/non-forest  
 
F/NF mapping results and accuracies achieved through independent and combined classification of PALSAR 
and RADARSAT-2 data are presented in Figure 44 and Table 4. The classifications reveal similar overall F/NF 
cover, but subtle differences in the distribution of F/NF across the study area. The F/NF distribution varied 
as a function of the capacity of C- and L-band to discriminate cleared ground or young regrowth, considered 
non-forest, and mature plantation, considered forest.  
 
Accuracy assessment was undertaken by comparing the F/NF class extracted from reference and classified 
datasets. The reference set consisted of 500 randomly located points, initially generated over TASVEG and 
manually verified against Landsat data, and an additional 45 points identified over plantation areas. 
Compared to TASVEG mapping, the highest accuracy was achieved when using PALSAR data alone (93.95 
%). Next best accuracy was achieved in the combined approach (93.21 %) and lowest accuracy using 
RADARSAT-2 only (90.28 %).  
 
Pixel based comparison between SVM classifications (Figure 45 – 47) revealed the best agreement was 
between the PALSAR and Combined classifications (95.3 %). Disagreement was observed where PALSAR 
classified NF (2.9 %) and F (1.8 %) compared to the combined result. RADARSAT-2 and Combined 
classifications were 92.4 % in agreement, with disagreement of 4.3 % where NF and 3.4 % where F in 
RADARSAT-2. The PALSAR and RADARSAT-2 classifications were 91.4 % in agreement, with almost equal 
disagreement of 4.4 % where NF and 4.2 % where F in PALSAR.  
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21.04 % NF, 78.95 % F              20.82 % NF, 79.17 % F 

    
19.94 % NF, 80.05 % F               21.31 % NF, 78.69 % F 
 
Figure 44. Forest/non-forest extent as determined by independent and combined SVM classification of ALOS 
PALSAR and RADARSAT-2 data: a) PALSAR-only; b) RADARSAT-2 only; c) Combined dataset; and d) 
Reference TASVEG layer with forestry polygons overlain (green – mature plantation, red – harvested/young 
eucalypt regrowth, and orange – harvested/young pine regrowth). 
 
 
 
 
 
 
 
 
 

a) b) 

c) d) 
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Table 4. Error matrix for forest/non-forest mapping using 2-class SVM.  
 
PALSAR Ground truth  

TOTAL 
Overall 

Acc. 
93.95 % 

Classified 
NF 
F 

NF F 

    110                   4 
29                 402 

114 
431 

TOTAL     139                 406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 3.51 20.86 79.14 96.49 
F 6.73 0.99 99.01 93.27 

 

RSAT-2 Ground truth 
NF               F 

 
TOTAL 

Overall 
Acc. 

90.28 % 
Classified  
NF 
F 

98 
41 

12 
394 

110 
435 

TOTAL 139                406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 10.91 29.5 70.5 89.09 
F 9.43 2.96 97.04 90.57 

 

Combined Ground truth 
NF               F 

 
TOTAL 

Overall 
Acc. 

93.21 % 
Classified  
NF 
F 

107 
32 

5 
401 

112 
433 

TOTAL 139 406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 4.46 23.02 76.98 95.54 
F 7.39 1.23 98.77 92.61 

 
 

    

 
 
Figure 45. Pixel based comparison between ALOS PALSAR and RADARSAT-2 SVM F/NF classifications.  
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Figure 46. Pixel based comparison between ALOS PALSAR and combined SVM F/NF classifications.  
 
 

    

 
 
Figure 47. Pixel based comparison between RADARSAT-2 and combined SVM F/NF classifications.  
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3.5 Evaluation of SVM performance based on ALOS PALSAR features 
 
SVM F/NF classification performance was evaluated using different combinations of PALSAR spectral, 
spatial, textural and topographic features. Using an identical training set, 5 SVC scenarios were trained and 
then classified. Layer stacks were generated from segmented feature layers for the following scenarios:  

i. sc1: Spectral HH+HV (2 layers) 
ii. sc2: Spectral only (12 layers) 

iii. sc3: Spectral and topographic (18 layers) 
iv. sc4: Spectral and spatial (14 layers) 
v. sc5: Spectral and textural (92 layers)  

 
The layer stacks were scaled using statistics from individual bands, with the exception of Spectral (sc1) 
which used statistics from all bands, and ignoring the top/bottom 1 %. Table 5 shows the SVC parameters 
determined by grid search and 3-fold cross-validation.  
 
 
Table 5. SVC parameters determined by grid search and 3-fold cross-validation of training data.  
 

SVC 
scenario 

Inputs Training 
data 

Modelled parameters 

sc1 Spectral HH+HV 842 NF 
1265 F 

3-fold CV, 325 support vectors 
g 10, C 10 

sc2 Spectral-only (12 layers) 3-fold CV, 370 support vectors 
g 1, C 1 

sc3 Spectral+topographic (18 layers) 3-fold CV, 362 support vectors 
g 1, C 1 

sc4 Spectral+spatial (14 layers) 3-fold CV, 382 support vectors 
g 1, C 1 

sc5 Spectral+textural (92 layers) 3-fold CV, 392 support vectors 
g 0.1, C 10 

 
 
F/NF classifications for each scenario are shown in Figure 48. Similar total F/NF extent was observed across 
the scenarios, ranging between 19.7 – 20.8 % NF and 79.2 – 80.3 % F, compared to TASVEG with 21.31 % NF 
and 78.69 % F. The main differences in F/NF distribution are attributed to the varying capacity to 
discriminate harvested/young plantation from mature plantation, areas of plantation from native forest, 
and minor communities such as buttongrass. Best results are observed in scenario 3 (Figure 48c), derived 
from input spectral and topographic features. There is less NF scatter throughout the main forest area and 
the inclusion of height and slope information from the DEM has assisted in classifying alpine vegetation on 
Ben Lomond.   
 
F/NF mapping accuracies for each SVM scenario, as compared to using all inputs are presented in Table 6. 
For a 2-class SVM, the best results are obtained using a combination of spectral and topographic features 
(94.5 %). The same level of accuracy was achieved when using all inputs or just spectral HH+HV (93.95 %). 
Lowest accuracies compared to other scenarios were obtained when using spectral-only, spectral+spatial or 
spectral+textural inputs (93.58%). 
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sc1: 19.71 % NF, 80.29 % F           sc2: 20.78 % NF, 79.22 % F 

    
sc3: 20.83 % NO, 79.17 % F           sc4: 20.75 % NF, 79.25 % F 

    
sc5: 20.75 % NF, 79.25 % F          TASVEG: 21.31 % NF, 78.69 % F 
 
Figure 48. F/NF extent as determined in scenario-specific SVCs using ALOS PALSAR data: a) sc1 Spectral 
HH+HV; b) sc2 Spectral only; c) sc3 Spectral+topographic; d) sc4 Spectral+spatial; e) sc5 Spectral+textural; 
and f) TASVEG with forestry polygons overlain. 
 

a) b) 

c) d) 

e) f) 
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Table 6. Error matrix for forest/non-forest mapping for 5x 2-class PALSAR SVM scenarios.  
 
All inputs Ground truth  

TOTAL 
Overall 

Acc.  
93.95 % 

Classified 
NF 
F 

NF F 

 110                4 
  29                  402 

114 
431 

TOTAL     139                406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 3.51 20.86 79.14 96.49 
F 6.73 0.99 99.01 93.27 

Sc1 Ground truth 
NF               F 

 
TOTAL 

Overall 
Acc. 

93.95 % 
Classified  
NF 
F 

111 
28 

5 
401 

116 
429 

TOTAL      139                406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 4.31 20.14 79.86 95.69 
F 6.53 1.23 98.77 93.47 

Sc2 Ground truth 
NF               F 

 
TOTAL 

Overall 
Acc. 

93.58 % 
Classified  
NF 
F 

110 
29 

6 
400 

116 
429 

TOTAL 139 406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 5.17 20.86 79.14 94.83 
F 6.76 1.48 98.52 93.24 

Sc3 Ground truth 
      NF                  F 

 
TOTAL 

Overall 
Acc. 94.5 

% 
Classified  
NF 
F 

113 
26 

4 
402 

117 
428 

TOTAL 139 406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 3.42 18.71 81.29 96.58 
F 6.07 0.99 99.01 93.93 

Sc4 Ground truth 
     NF                   F 

 
TOTAL 

Overall 
Acc. 

93.58 % 
Classified  
NF 
F 

110 
29 

6 
400 

116 
429 

TOTAL 139 406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 5.17 20.86 79.14 94.83 
F 6.76 1.48 98.52 93.24 

Sc5 Ground truth 
      NF                  F 

 
TOTAL 

Overall 
Acc. 

93.58 % 
Classified 
NF 
F 

109 
30 

5 
401 

114 
431 

TOTAL 139 406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 4.39 21.58 78.42 95.61 
F 6.96 1.23 98.77 93.04 
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3.6 Evaluation of SVM performance based on RADARSAT-2 features 
 
SVM F/NF classification performance was also evaluated using different combinations of RADARSAT-2 
spectral, spatial, textural and topographic features. The same 5 SVC scenarios were trained and classified 
using the segmented, scaled layer stacks. Table 7 shows the SVC parameters determined by grid search and 
3-fold cross-validation.  
 
 
Table 7. SVC parameters determined by grid search and 3-fold cross-validation of training data.  
 

SVC 
scenario 

Inputs Training 
data 

Modelled parameters 

sc1 Spectral VV+VH (2 layers) 834 NF 
1244 F 

3-fold CV, 851 support vectors 
g 0.1, C 10 

sc2 Spectral-only (12 layers) 3-fold CV, 707 support vectors 
g 1, C 1 

sc3 Spectral+topographic (18 layers) 3-fold CV, 591 support vectors 
g 1, C 1 

sc4 Spectral+spatial (14 layers) 3-fold CV, 687 support vectors 
g 0.1, C 10 

sc5 Spectral+textural (92 layers) 3-fold CV, 656 support vectors 
g 0.1, C 10 

 
 
F/NF classifications for each scenario are shown in Figure 49. Similar total F/NF extent was observed across 
the scenarios, ranging between 19.52 – 22 % NF and 78 – 80.48 % F, compared to TASVEG with 21.31 % NF 
and 78.69 % F. Best results are obtained in scenario 3 (Figure 49c) using a combination of spectral and 
topographic features. However, the F/NF result is noisier and plantation areas are less well defined 
compared to the corresponding PALSAR result (Figure 48c). 
 
F/NF mapping accuracies for each SVM scenario, as compared to using all inputs are presented in Table 7. 
For a 2-class SVM, the best results are obtained using a combination of spectral and topographic features 
(90.64 %). A similar level of accuracy was achieved when using all inputs (90.28 %) or spectral and spatial 
features (90.09 %). Lowest accuracies compared to other scenarios were obtained when using spectral-only 
features (89.54 %), spectral VV+VH features (89.17 %) or spectral and textural features (88.81 %). Overall 
F/NF mapping accuracies derived from RADARSAT-2 data (88.8 – 90.6 %) are lower than that achieved using 
PALSAR (93.6 – 94.5 %). 
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sc1: 20.18 % NF, 79.82 % F           sc2: 19.88 % NF, 80.12 % F 

    
sc3: 22 % NF, 78 % F            sc4: 19.52 % NF, 80.48 % F 

    
sc5: 20.75 % NF, 79.25 % F          TASVEG: 21.31 % NF, 78.69 % F 
 
Figure 49. F/NF extent as determined in scenario-specific SVCs using RADARSAT-2 data: a) sc1 Spectral 
VV+VH; b) sc2 Spectral only; c) sc3 Spectral+topographic; d) sc4 Spectral+spatial; e) sc5 Spectral+textural; 
and f) TASVEG with forestry polygons overlain. 
 

a) b) 

c) d) 

e) f) 
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Table 7. Error matrix for forest/non-forest mapping for 5x 2-class RADARSAT-2 SVM scenarios.  
 
All inputs Ground truth  

TOTAL 
Overall 

Acc.  
90.28 % 

Classified 
NF 
F 

NF F 

       98                 12 
       41                394 

110 
435 

TOTAL      139                406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 10.91 29.5 70.5 89.09 
F 9.43 2.96 97.04 90.57 

Sc1 Ground truth 
NF               F 

 
TOTAL 

Overall 
Acc. 

89.17 % 
Classified  
NF 
F 

92 
47 

12 
394 

104 
441 

TOTAL       139               406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 11.54 33.81 66.19 88.46 
F 10.66 2.96 97.04 89.34 

Sc2 Ground truth 
NF               F 

 
TOTAL 

Overall 
Acc. 

89.54 % 
Classified  
NF 
F 

94 
45 

12 
394 

106 
439 

TOTAL 139 406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 11.32 32.37 67.63 88.68 
F 10.25 2.96 97.04 89.75 

Sc3 Ground truth 
      NF                  F 

 
TOTAL 

Overall 
Acc. 

90.64 % 
Classified  
NF 
F 

104 
35 

16 
390 

120 
425 

TOTAL 139 406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 13.33 25.18 74.82 86.67 
F 8.24 3.94 96.06 91.76 

Sc4 Ground truth 
     NF                   F 

 
TOTAL 

Overall 
Acc. 

90.09 % 
Classified  
NF 
F 

95 
44 

10 
396 

105 
440 

TOTAL 139 406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 9.52 31.65 68.35 90.48 
F 10 2.46 97.54 90 

Sc5 Ground truth 
      NF                  F 

 
TOTAL 

Overall 
Acc. 

88.81 % 
Classified 
NF 
F 

94 
45 

16 
390 

110 
435 

TOTAL 139 406 545 

 Comm % Omiss % Prod Acc User Acc 

NF 14.55 32.37 67.63 85.45 
F 10.34 3.94 96.06 89.66 
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3.7 Concluding summary  
 
The independent and combined use of ALOS PALSAR and RADARSAT-2 data for improved forest/non-forest 
(F/NF) extent mapping using Support Vector Machine (SVM) classification was presented. Compared to the 
manual decision tree approach described in Section 2, the use of SVM presents an alternative and perhaps 
more efficient means of classifying SAR data, although is highly dependent on available and accurate 
training data. Input features can be numerous and variable, including raw image data and derivatives. As 
the size of the input dataset grows however, the process becomes quite computationally intensive as 
relationships between input variables and classes are determined for the purpose of predictive learning.  
 
High overall F/NF mapping accuracies were achieved using a 2-class SVM and input radar spectral, spatial, 
topographic and textural features. Classification accuracy was estimated as 93.95 % (PALSAR), 92.31 % 
(combined) and 90.28 % (RADARSAT-2). L-band was superior for F/NF discrimination, and it was preferable 
to use a combination of C- and L-band data as opposed to C-band alone. While the overall F/NF extent was 
similar, subtle differences in areas of plantation and the capacity to discriminate cleared, regenerating and 
mature plantation were observed.  
 
Attributed largely to an increased capacity for penetration of vegetation canopies and interaction with 
woody structures, the higher information content of longer wavelength (i.e., L-band) SAR is most suited to 
forest cover mapping and monitoring of change. There are greater opportunities for separation of cleared 
or deforested land and regrowth areas using dual polarisation L-band data. The separation is more difficult 
at C-band due to similarities in volume scattering contributions, although a dense time-series may improve 
the outcome.  
 
The inclusion of topographic information (height, slope and LIA) improved the discrimination of alpine 
vegetation from surrounding forest, with higher accuracy achieved using PALSAR (94.5 %) compared to 
RADARSAT-2 (90.6 %). Ultimately, the SVM approach could form part of a highly adaptable and operational 
monitoring system for national scale mapping of forest cover. 
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4. INTEROPERABILITY OF MULTI-FREQUENCY SAR DATA FOR LAND COVER MAPPING 
 

 
A case study in land cover mapping using ALOS PALSAR and RADARSAT-2 data acquired over NE Tasmania 
and the SVM approach is presented in this section. 
 
4.1 Approach to classification  
 
The same ALOS PALSAR and RADARSAT-2 datasets used in the previous case study are used here. For NE 
Tasmania, this includes 2 PALSAR images (L-band HH and HV) acquired on 20/9/2009 and 7/10/2009, and a 
RADARSAT-2 image acquired on 1/10/2009. The full suite of spectral, spatial, topographic and textural 
features extracted from segmented PALSAR and RADARSAT-2 data (100 layers each as defined in Table 3 of 
Section 3), together with training data for land cover provided the inputs for parameterisation of the SVC. 
Two layer stacks were produced in ENVI consisting of the segmented feature layers. Parameterisation of 
the SVC and classification was applied in the IDL implementation imageSVM v2.0.1 within ENVI v4.8 (Rabe 
et al., 2009).   
 
4.2 Training data selection and parameterisation of SVC 
 
Training data for land cover was sourced from TASVEG and forestry polygons, and verified against the 
PALSAR and RADARSAT-2 data. Vector data was opened in ENVI, exported to Regions of Interest (ROI) and a 
class image created (Figure 50).  
 
 

   
 
Figure 50. Training data for SVC overlain on ALOS PALSAR data. 



60 
 

The PALSAR and RADARSAT-2 layer stacks were scaled using statistics from individual bands and ignoring 
the top/bottom 1 percentile. The SVC was parameterised using advanced settings. The multi-class decision 
was based on maximum probability, overall accuracy was selected as the performance measure, and 3-fold 
cross-validation of training data was selected as a means to monitor the results of the grid search for 
optimal SVC parameters.  
 
Performance plots for the PALSAR and RADARSAT-2 datasets are shown in Figures 51 – 52 respectively. 
Table 8 shows the SVC parameters determined by grid search and 3-fold cross-validation of the training 
data. Best overall accuracy of 82.7 % for PALSAR is achieved using RBF kernel parameters of g 0.1 and C 10. 
For RADARSAT-2, the same kernel parameters achieve an overall best accuracy of 71.4 %.   
 
Scaled layer stacks are then classified using the optimal kernel parameters discovered during 
parameterisation of the SVC.  
 
 

 
 
Figure 51. Performance surface plot derived from parameterisation of SVC for PALSAR dataset. Best overall 
accuracy of 82.7 % uses RBF kernel parameters g = 0.1 and C = 1. 
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Figure 52. Performance surface plot derived from parameterisation of SVC for RADARSAT-2 dataset. Best 
overall accuracy of 71.4 % uses RBF kernel parameters g = 0.1 and C = 10. 
 
 
Table 8. SVC parameters determined by grid search and 3-fold cross-validation of training data. 
 

SVM scenario Land cover class Training 
data (n) 

Modelled parameters 

PALSAR (100 
layers) 

Agricultural land 
Buttongrass 
Highland treeless 
Pine plantation  
Cleared plantation 
Eucalypt plantation 
Rainforest 
Dry eucalypt forest 
Wet eucalypt forest 

506 
37 
95 
223 
195 
134 
221 
245 
317 

3-fold CV, 1101 support vectors 
g 0.1, C 10  

RADARSAT-2 
(100 layers) 

Agricultural land 
Buttongrass 
Highland treeless 
Pine plantation  
Cleared plantation 
Eucalypt plantation 
Rainforest 
Dry eucalypt forest 
Wet eucalypt forest 

482 
37 
95 
242 
192 
157 
232 
255 
328 

3-fold CV, 1455 support vectors 
g 0.1, C 10 
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4.3 SVM classification of land cover   
 
Land cover maps derived from SVM classifications of PALSAR and RADARSAT-2 data are shown in Figures 53 
and 54 respectively. Land cover mapping accuracy was assessed against TASVEG classes and additional 
points identified on forestry polygons. The accuracy assessment is summarized in Table 9.  
 
 

      
 

     
 
Figure 53. Land cover classified using SVM: a) ALOS PALSAR data acquired over NE Tasmania; b) Classified 
land cover; and c) TASVEG land cover.   
 
 
 

a) b) 

c) 
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Figure 54. Land cover classified using SVM: a) RADARSAT-2 data acquired over NE Tasmania; b) Classified 
land cover; and c) TASVEG land cover.   
 
 
Based on a 9-class SVM, higher overall accuracy of 63.7 % is achieved using the PALSAR, compared to 55.2 
% using RADARSAT-2 data (Table 9). The overall distribution of dominant land cover types is similar 
between the classifications and to TASVEG (Figures 53 and 54). Greater confusion arises in the 
discrimination of native forest types in the RADARSAT-2 data. From the perspective of the user, higher 
accuracies are observed in PALSAR derived cleared plantation, eucalypt plantation, agricultural land and 
highland treeless classes. Map (producer) accuracy is highest in cleared plantation and pine plantation 
classes derived from RADARSAT-2. Agricultural land and highland treeless classes are well discriminated in 
both datasets, the latter largely due to inclusion of topographic (DEM derived) information in the SVM. 
 
 
 

a) b) 

c) 



64 
 

Table 9. Error matrix summary for land cover mapping (9-class SVM). 
 
PALSAR 
Overall Acc 63.7% 

Comm % Omiss % Prod Acc User Acc 

Cleared  32.6 31.1 68.9 67.4 
Euc plantation 45.7 75 25 54.4 
Pine plantation 43.9 27 73 56.2 
Agricultural land 2.8 5.4 94.6 97.2 
Buttongrass 33.3 20 80 66.7 
Dry Euc forest 45 38.2 61.9 55 
Highland treeless 0 0 100 100 
Rainforest 32 37.1 62.9 68 
Wet Euc forest 46 45 55 54 

RADARSAT-2 
Overall Acc 55.2% 

Comm % Omiss % Prod Acc User Acc 

Cleared  42.9 28.9 71.1 57.1 
Euc plantation 59.4 74 26 40.6 
Pine plantation 37.5 20 80 62.5 
Agricultural land 6.9 8.2 91.8 93.1 
Buttongrass 20 20 80 80 
Dry Euc forest 54.3 61.5 38.6 45.7 
Highland treeless 13.3 0 100 86.7 
Rainforest 64.2 56.1 43.9 35.8 
Wet Euc forest 50.8 50 50 49.2 

 
 
If classes are collapsed, the overall accuracy for a 6-class SVM, comprising forest, eucalypt plantation, pine 
plantation, bare ground, cropland and scrub, and based on ALOS PALSAR data is 80.7 % (Figure 55; 
indicated in blue). Likewise for RADARSAT-2, the 6-class SVM accuracy is slightly higher at 81.2 % (Figure 55; 
indicated in red). Highest accuracies are achieved when classifying only forest and non-forest in the 2-class 
SVM (94 % PALSAR and 90.3 % RADARSAT-2). A greater number of land cover classes increases the 
complexity of the SVM, as the algorithm computes all the relationships between the input feature set and 
each class, and must solve for the optimal parameters for their separation.  
 

 
 
Figure 55. Overall SVM classification accuracies as a function of land cover classes. 
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4.4 Concluding summary  
 
The capacity for discrimination of land cover using ALOS PALSAR and RADARSAT-2 data using Support 
Vector Machine (SVM) classification was presented. SAR data were first segmented to produce meaningful 
objects for training and classification. A total of 100 spectral, spatial, topographic and textural features 
were extracted from each segmented dataset. Training data was selected with reference to TASVEG and 
forestry polygons. Segmented and scaled PALSAR and RADARSAT-2 layer stacks and the training data 
provided the inputs for parameterisation of the SVC. Mapping accuracy was assessed using an independent 
testing set sourced from TASVEG and forestry data.  
 
Results of the 9-class SVM showed good correspondence between classified land cover and TASVEG. There 
was high capacity to discriminate agricultural land and highland treeless classes in both SAR datasets, the 
inclusion of topographic features in training the SVM most likely contributing to the latter. Cleared 
plantation, eucalypt plantation and rainforest were better discriminated using the PALSAR data, while pine 
plantation appeared more accurate in the RADARSAT-2 data. There was more confusion amongst native 
forest types in the RADARSAT-2 data than the PALSAR data.  
 
Land cover mapping accuracy decreases with an increasing number of classes. Overall accuracies for a 2-
class SVM, comprising forest and non-forest classes, were estimated at 94 % using PALSAR and 90.3 % using 
RADARSAT-2. Upon increasing the number of classes to 6, and including forest, eucalypt plantation, pine 
plantation, bare ground, cropland and scrub classes, overall accuracies drop to 80.7 % and 81.2 % for 
PALSAR and RADARSAT-2 respectively. Overall accuracies for a 9-class SVM, including agricultural land, 
buttongrass, highland treeless, pine plantation, cleared plantation, eucalypt plantation, rainforest, wet and 
dry eucalypt forest, are lower still, at 63.7 % for PALSAR and 55.2 % for RADARSAT-2. The complexity of the 
SVM increases with an increasing number of classes and inputs as the algorithm attempts to solve the 
optimal parameters for their separation.  
 
Higher overall accuracies achieved when using PALSAR suggest that once again L-band is superior for 
discriminating land cover types. There are greater opportunities for interaction of the L-band wave with 
underlying woody structures (large branches and trunks), and hence improved separation of structurally 
distinct vegetation types. The lack of penetration of the canopy at C-band and predominance of volume 
scattering between similarly sized vegetation components (leaves, small branches) reduces the ability to 
discriminate between cover types. Improved separation might be achieved through the integration of C- 
and L-band data; and this is the subject of ongoing research.  
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5. DEFORESTATION MONITORING USING TIME-SERIES ALOS PALSAR DATA 
 
 

A case study in deforestation monitoring using ALOS PALSAR data acquired over NE Tasmania is presented 
in this section. Change analysis is applied to time-series ALOS PALSAR data, from which training data for 
deforestation, regeneration and no change classes are identified. An SVM classification is parameterised 
and applied to PALSAR data to generate a deforestation map for 2007 – 2010. Time-series Landsat data and 
forestry polygons are consulted to assess the accuracy of the product.  
 
5.1 SAR data and feature extraction   
 
Time-series ALOS PALSAR HH and HV data acquired over NE Tasmania are segmented using Definiens 
Developer software. Multi-resolution segmentation is applied using a scale factor of 10, and shape and 
compactness factors of 0.1 and 0.5 respectively. The inputs include PALSAR HH and HV images for 2007 – 
2010 (Figure 56). DEM and slope layers are also imported into the project but not used in segmentation. 
 

 
 
Figure 56. Time-series (2007 – 2010) ALOS PALSAR data acquired over NE Tasmania. HH:HV:HH in RGB.  
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Following segmentation, a total of 60 spectral, topographic, spatial and change features are extracted for 
use in parameterisation of the SVM (Table 10). Spectral features extracted include the mean, minimum, 
maximum and standard deviation of backscatter for all years, and various ratios and multi-date band 
combinations. DEM derived topographic information, including mean and standard deviation of height, 
slope and LIA is extracted. Shape index and segment area features provide the spatial context. Change 
features are calculated on segmented mean HV backscatter for all image pairs (Figure 57). HV polarisation 
is used as is best discriminates between land cover types. Negative change, or a decrease in backscatter 
between dates, is indicative of a change in land cover through, for example, clearing. Positive change, or 
increasing backscatter between dates is indicative of regeneration or normal vegetation growth.  
 
 
Table 10. Features extracted from segmented time-series ALOS PALSAR data for use in SVM classification.  
 
Feature set Extracted features 

Spectral (48 layers) Mean 2007 HH, HV 
Mean 2008 HH, HV 
Mean 2009 HH, HV 
Mean 2010 HH, HV 
Minimum 2007 HH, HV 
Minimum 2008 HH, HV 
Minimum 2009 HH, HV 
Minimum 2010 HH, HV 
Maximum 2007 HH, HV 
Maximum  2008 HH, HV 
Maximum  2009 HH, HV 
Maximum  2010 HH, HV 
Standard deviation 2007 HH, HV 
Standard deviation 2008 HH, HV 
Standard deviation 2009 HH, HV 
Standard deviation 2010 HH, HV 
2007HH-2007HV 
2007HH+2007HV 
2007HH/2007HV 
(2007HH-2007HV)/(2007HH+2007HV) 
2008HH-2008HV 
2008HH+2008HV 
2008HH/2008HV 
(2008HH-2008HV)/(2008HH+2008HV) 
2009HH-2009HV 
2009HH+2009HV 
2009HH/2009HV 
(2009HH-2009HV)/(2009HH+2009HV) 
2010HH-2010HV 
2010HH+2010HV 
2010HH/2010HV 
(2010HH-2010HV)/(2010HH+2010HV) 

Topographic (6 layers) Mean DEM 
Standard deviation DEM 
Mean LIA 
Standard deviation LIA 
Mean slope 
Standard deviation slope  

Spatial (2 layers) Shape index 
Segment area  

Change (4 layers) mean08HV – mean07HV 
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mean09HV – mean08HV 
mean10HV – mean09HV 
mean10HV – mean07HV  

 
 

 
 
Figure 57. Change analysis applied to time-series ALOS PALSAR HV data. Negative change (decrease in 
backscatter between dates) is indicative of deforestation or other change in land cover. Positive change 
(increase in backscatter between dates) is indicative of regeneration or normal vegetation growth. Some 
brightness differences arise due to changes in soil/canopy moisture.  
 
 
A layer stack is generated with all 60 features and scaled appropriately in imageSVM (Rabe et al., 2009). 
Scaling statistics are retrieved from individual bands and the top/bottom 1 percentile is ignored. The 
segmented layer stack is now ready for the training stage. 
 
5.2 Training data selection and parameterisation of SVC 
 
Training data for deforestation, regeneration and no change classes was identified using the results of 
change analysis applied to time-series ALOS PALSAR data and referring to forestry polygons. The forestry 
polygons (provided by Forestry Tasmania) show the planting date of managed plantations in the area 
(Figure 58). Harvesting is likely to have occurred a few days prior to planting, and so provides good 
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indication of forestry activity over time. It should be noted however that the dataset is not a complete 
reference set, there are other managed plantations including private forestry for which we have no 
reference data.  
 
 

 
 
Figure 58. Reference forestry polygons (provided by Forestry Tasmania) overlain on 2010 ALOS PALSAR 
data. Planting date is indicated in yellow.  
 
 
Multi-date PALSAR HV spectra are extracted over known areas of deforestation in managed plantation 
(Figure 59). Thresholds are identified visually that best represent the observed change in backscatter 
between dates due to a change in land cover. Similar thresholds are observed between the 3 change 
images. Mean HV backscatter changes by at least -1.2 dB between 2007 – 2008 where plantation has been 
cleared (Figure 59a). Whereas for 2008 – 2009 and 2009 – 2010, mean HV backscatter changes on average 
by -2 dB following clearing (Figure 59b and c).  
 
The sequence of steps to identify and create training data for each deforestation class is illustrated in 
Figures 60 – 62. Using deforestation between 2007 and 2008 as an example, the change is calculated by 
subtracting the mean 2007 HV backscatter from mean 2008 HV backscatter (Figure 60a). Negative change 
(decrease in backscatter) appears black, and positive change (increase in backscatter) appears white. The -
1.2 dB threshold identified using the multi-date spectra above is applied to the change image to isolate 
those areas where change between 2007 and 2008 has occurred (Figure 60b). One point per polygon is 
generated over the threshold polygons. At this stage, all brightness differences due to changes in 
soil/canopy moisture and on-ground change in vegetation cover or vigour are identified. TASVEG land cover 
is then used to exclude those points that coincide with agricultural land or other non-forest areas not 
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associated with deforestation (Figure 60c). A final training data set is created (Figure 60d). In this case, 433 
training samples are identified for the deforestation 2007 – 2008 class.   
 
 

         
 

 
 
Figure 59. Multi-date ALOS PALSAR spectra extracted over known areas of harvesting. Spectra for 
plantations harvested between: a) 2007 and 2008; b) 2008 and 2009; and c) 2009 and 2010.  
 
 
 
 

a) b) 

c) 
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Figure 60. Training for deforestation between 2007 and 2008: a) Change image: Mean 2008 HV – Mean 
2007 HV); b) Change image with threshold < -1.2 dB applied (blue polygons); c) Random points generated 
over threshold polygons and overlain on TASVEG land cover – TASVEG is used to exclude those points over 
agricultural land and other areas not associated with deforestation; and d) Final training data (red points) 
for deforestation between 2007 – 2008 (n = 433), overlain on PALSAR 2008 HH:HV:HH data.  
 
 
 
 
 
 
 
 

a) b) 

c) d) 
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For 2008 to 2009, the change is calculated by subtracting the mean 2008 HV backscatter from mean 2009 
HV backscatter (Figure 61a). The -2 dB threshold identified using the multi-date spectra above is applied to 
the change image to isolate those areas where change between 2008 and 2009 has occurred (Figure 61b). 
One point per polygon is generated over the threshold polygons. TASVEG land cover is used to exclude 
those points that coincide with agricultural land or other non-forest areas not associated with deforestation 
(Figure 61c). A final training data set is created (Figure 61d). In this case, 88 training samples are identified 
for the deforestation 2008 – 2009 class.   
 
 

   
 

   
 
Figure 61. Training for deforestation between 2008 and 2009: a) Change image: Mean 2009 HV – Mean 
2008 HV); b) Change image with threshold < -2 dB applied (blue polygons); c) Random points generated 
over threshold polygons and overlain on TASVEG land cover – TASVEG is used to exclude those points over 
agricultural land and other areas not associated with deforestation; and d) Final training data (red points) 
for deforestation between 2008 – 2009 (n = 88), overlain on PALSAR 2009 HH:HV:HH data.  
 

a) b) 

c) d) 
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For 2009 to 2010, the change is calculated by subtracting the mean 2009 HV backscatter from mean 2010 
HV backscatter (Figure 62a). The -2 dB threshold identified using the multi-date spectra above is applied to 
the change image to isolate those areas where change between 2009 and 2010 has occurred (Figure 62b). 
One point per polygon is generated over the threshold polygons. TASVEG land cover is used to exclude 
those points that coincide with agricultural land or other non-forest areas not associated with deforestation 
(Figure 62c). A final training data set is created (Figure 62d). In this case, 52 training samples are identified 
for the deforestation 2009 – 2010 class.   
 
 

   
 

   
 
Figure 62. Training for deforestation between 2009 and 2010: a) Change image: Mean 2010 HV – Mean 
2009 HV); b) Change image with threshold < -2 dB applied (blue polygons); c) Random points generated 
over threshold polygons and overlain on TASVEG land cover – TASVEG is used to exclude those points over 
agricultural land and other areas not associated with deforestation; and d) Final training data (red points) 
for deforestation between 2009 – 2010 (n = 52), overlain on PALSAR 2010 HH:HV:HH data.  

a) b) 

c) d) 
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Training for regeneration relied on the forestry polygons and certain assumptions as to their forest/non-
forest status in time. It was assumed that forestry polygons with a planting date in 2007 (with harvesting 
occurring a few days prior) underwent conversion from non-forest in 2007 to forest in 2010. For trees 
planted in 2007, subsequent regeneration over the next 3 years and sufficient growth in canopy volume 
and biomass meant that those trees could be considered as forest in 2010. All other polygons with planting 
dates in 2008 and 2009 were considered non-forest in comparison.     
 
A change image is generated by subtracting the mean 2007 HV backscatter from mean 2010 HV backscatter 
(Figure 63a). Forestry polygons with a planting date of 2007 are selected for generation of training data 
(Figure 63b). One point per polygon was generated to create 205 training samples for the regeneration 
2007 – 2010 class (Figure 63c).    
 
 

   
 

   
 
 
 

a) b) 

c) 

Figure 63. Training for regeneration between 
2007 and 2010: a) Change mage: Mean 2010 HV 
– Mean 2007 HV; b) Change image with forestry 
polygons with 2007 planting date overlain; and 
c) Final training data (yellow points) for 
regeneration between 2007 – 2010 (n = 205) 
overlain on PALSAR 2010 HH:HV:HH data. 
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Training data for no change in forest and non-forest classes was available from previous case studies and so 
used here (Figure 64). An alternative means of generating this data would require the user to identify stable 
forest and non-forest segments across the entire time-series. Application of a narrow backscatter range to 
mean HV backscatter time-series images and masking of appropriate land cover classes from TASVEG 
presents a viable solution.  
 
 

   
 
Figure 64. Training for a) Forest – no change (n = 1111); and b) Non-forest – no change (n = 707) classes 
over 2007 – 2010 PALSAR time-series.  
 
 
Training data for 3x deforestation classes (2007 – 2008, 2008 – 2009 and 2009 – 2010), regeneration (2007 
– 2010), forest (no change) and non-forest (no change) classes was used in parameterisation of the SVC. 
Three-fold cross-validation using the training data revealed the optimal parameters for separation (Figure 
65). The RBF kernel parameters g = 0.1 and C = 10 are used to classify the layer stack.   
 
 

 

a) b) 

Figure 65. Performance 
surface plot derived from 
parameterisation of SVC 
for PALSAR dataset. Best 
overall accuracy of 95.4 % 
uses RBF kernel 
parameters g = 0.1 and C = 
10. 
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5.3 Deforestation monitoring  
 
The results of deforestation mapping using time-series ALOS PALSAR (2007-2010) are presented in Figure 
66. Change estimates are provided in Table 11.  A net deforestation of 2,287.66 ha was estimated over 
2007 – 2010. Close-ups extracted from the deforestation map and corresponding area in PALSAR data are 
presented in Figures 67 – 68.  
 
 

  
 
Figure 66. Deforestation map derived from time-series ALOS PALSAR data (2007 – 2010).  
 
 
Table 11. Deforestation over Mathinna site as determined through time-series SVM classification using 
ALOS PALSAR data.  
 

Class Area (ha) Area (%) 

Deforestation 2007 – 2008  5,657.91 2.26 
Deforestation 2008 – 2009 962.27 0.39 
Deforestation 2009 – 2010 617.25 0.25 
Forest – no change 185,514.91 74.22 
Non-forest – no change 47,643.94 19.06 
Regeneration 2007 – 2010  9,525.09 3.81 
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Figure 67. Subsets showing detail of deforestation classes observed between 2007 – 2010: a) Deforestation 
map; b) 2007 PALSAR; c) 2008 PALSAR; and d) 2010 PALSAR. 
 

a) b) 

c) d) 
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Figure 68. Subsets showing detail of deforestation classes observed between 2007 – 2010: a) Deforestation 
map; b) 2007 PALSAR; c) 2008 PALSAR; and d) 2010 PALSAR. 
 
 
The forestry polygons were used in training the SVM so are ineligible for use in accuracy assessment. It is 
difficult to perform a quantitative accuracy assessment without coincident data. Time-series Landsat data 
(provided by the Department of Climate Change and Energy Efficiency; DCCEE) used for comparison are 
typically acquired in January (summer acquisition), whereas PALSAR data are acquired between August and 
October of each year. The gap in acquisition times lends itself to the possibility of occurrences of on-ground 
change due to land clearing being detected in the Landsat data and not in the PALSAR, and vice versa.  
 
Two approaches to accuracy assessment are presented. First, a qualitative accuracy assessment was 
undertaken wherein validation samples for change classes are extracted from Landsat change maps and 
compared to PALSAR derived deforestation classes in an error matrix. Second, masks are produced from 
the PALSAR and Landsat deforestation maps and compared visually.  
  
Time-series Landsat F/NF maps were provided by DCCEE. For the purpose of comparison with the PALSAR 
deforestation map, Landsat change maps were produced by subtracting image pairs (e.g., 2008 – 2007) 

a) b) 

c) d) 
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over the 2007 – 2010 timeframe. Validation points were manually identified on deforestation areas and 
cross-checked visually against the PALSAR time-series. Cross-checking ensured that only validation points 
associated with deforestation in both Landsat and PALSAR datasets were selected. Validation data for the 
regeneration class was sourced from the Landsat change image generated through subtraction of the 2007 
F/NF map from the 2010 F/NF map. Validation data for forest and non-forest no change classes was 
extracted from the combination of Landsat 2007 – 2010 F/NF maps, which identified areas of forest in all 
dates, non-forest in all dates, and change in at least 1 image pair. TASVEG was used to verify the F/NF 
assignment of points arising through misclassifications in the Landsat F/NF maps. The error matrix is 
presented in Table 12. An overall accuracy of 93.91 % was achieved.  
 
 
Table 12. Error matrix for deforestation mapping using ALOS PALSAR data. 
 
Overall Acc. 93.91 % Ground truth (pixels) 

Classification Deforestn 
07-08 

Deforestn 
08-09 

Deforestn 
09-10 

Regen 
07-10 

F no 
change 

NF no 
change 

TOTAL 

Deforestn 07-08 61 2 0 0 0 0 63 
Deforestn 08-09 2 16 0 0 0 0 18 
Deforestn 09-10 0 0 12 0 0 0 12 
Regen 07-10 4 0 0 36 0 1 41 
F no change 8 3 3 8 377 2 401 
NF no change 0 0 0 4 1 84 89 

TOTAL 75 21 15 48 378 87 624 

 
Class Commission (%) Omission (%) 

Deforestn 07-08 3.17 18.67 
Deforestn 08-09 11.11 23.81 
Deforestn 09-10 0 20 
Regen 07-10 12.2 25 
F no change 5.99 0.26 
NF no change 5.62 3.45 

Class Prod. Acc. (%) User Acc. (%) 

Deforestn 07-08 81.33 96.83 
Deforestn 08-09 76.19 88.89 
Deforestn 09-10 80 100 
Regen 07-10 75 87.8 
F no change 99.74 94.01 
NF no change 96.55 94.38 

 
 
Masks for each deforestation class were produced from the PALSAR and Landsat deforestation maps and 
compared visually (Figures 69 – 71). The presence and absence of deforestation polygons in optical and SAR 
derived maps was assessed in the process. It must be noted that greater noise is observed in the Landsat 
derived masks as images have not been post-processed to remove isolated pixels, and so the total area 
deforested is likely higher than otherwise expected. Overall there is good correspondence between the 
PALSAR and Landsat 2007 – 2008 deforestation masks (Figure 69). Deforestation is observed to a larger 
extent in the Landsat 2008 – 2009 mask (Figure 70) and is noticeably more evident in the 2009 – 2010 mask 
(Figure 71) compared to the PALSAR masks.   
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Figure 69. Visual comparison of deforestation masks for 2007 – 2008 derived from time-series a) ALOS 
PALSAR data; and b) Landsat data.  
 
 

    
 
Figure 70. Visual comparison of deforestation masks for 2008 – 2009 derived from time-series a) ALOS 
PALSAR data; and b) Landsat data.  

a) 

a) 

b) 

b) 
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Figure 71. Visual comparison of deforestation masks for 2009 – 2010 derived from time-series a) ALOS 
PALSAR data; and b) Landsat data.  
 
 
5.4 Concluding summary 
 
A method for utilising time-series ALOS PALSAR data for deforestation monitoring was presented. The 
process of selecting training data was semi-automated by identifying thresholds associated with clearing of 
forest on the results of change detection between image pairs. Training for regeneration between 2007 and 
2010 relied on available forest inventory and assumed conversion from non-forest after clearing in 2007 to 
forest in 2010 after 3 year’s regrowth. No change areas were consistently identified as forest or non-forest 
throughout the time-series.  
 
Compared to Landsat derived F/NF change, an overall accuracy of 93.9 % was achieved in the PALSAR 
derived deforestation map. While there was good overall correspondence between the shape and location 
of harvested plantations, the PALSAR under-estimated the level of deforestation between 2008 – 2009 and 
2009 – 2010 compared to Landsat.  
 
Ultimately, the use of change analysis and SVM classification presented an efficient and robust means of 
processing the PALSAR time-series to extract relevant information on deforestation and regeneration in 
managed plantations in NE Tasmania. Such an approach could be applied wall-to-wall across Tasmania to 
assess State-wide land clearing. 
 
 
 
 
 
 
 
 
 
 
 

b) a) 
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6. INTEROPERABILITY OF RADAR AND OPTICAL DATA FOR FOREST INFORMATION ASSESSMENT 

 

 
A case study in the interoperability of ALOS PALSAR and Landsat data for forest extent mapping is 
presented in this section. Baseline forest/non-forest cover (F/NF) estimates derived from independent 
processing of optical and radar data are compared. Spatial and temporal consistency of forest cover 
estimates derived from optical and radar data is assessed through multi-temporal processing. The capacity 
to use either data type interchangeably for forest information assessment is the ultimate objective. 

 

6.1 Remote sensing and forest information monitoring 

 
Time-series optical data extending back to the 1970's presents a unique capability to monitor the changing 
extent of the world's forest resources (DeFries et al., 2007). Coupled with more recent data acquired by 
SAR, an operational forest monitoring system that provides long-term, continuous forest measurement at 
management-relevant resolutions and exploits the technical advantages of both sensors, is a desirable 
outcome. To realise this goal, robust and repeatable methods of estimating forest stocks at national and 
regional scales are required. Standard methods of linking remote sensing data and forest inventory, 
generating forest information products and evaluating and reporting accuracy are essential to alleviating 
the high uncertainty in forest cover change estimates (Achard et al., 2007). This in turn will facilitate more 
accurate determination of emissions from forest and land cover change, and so contribute to individual 
countries' Monitoring, Reporting and Verification (MRV) systems and input to UNFCCC and REDD 
agreements (Herold and Johns, 2007). 

 

6.2 SAR and optical data 

 
SAR data for Tasmania were provided under the GEO Forest Carbon Tracking (FCT) task, as described in 
Section 1.2. A total of 189 Fine Bean Dual (FBD) polarisation ALOS PALSAR images were acquired over 
Tasmania over a 4-year period (2007 - 2010). Data was captured between an August to October timeframe 
for each year. Wall-to-wall mosaics were generated at 12.5 m spatial resolution using procedures described 
in Volume I. The 2007 PALSAR mosaic for Tasmania is presented in Figure 72a.  

 
Time-series calibrated Landsat MSS/TM/ETM+ data over Tasmania were available from the archive 
produced as part of Australia's National Carbon Accounting System (NCAS; Caccetta et al., 2010). NCAS was 
established by the Australian Greenhouse Office in the early 2000's and was one of the first to produce a 
national operational carbon accounting system based on satellite imagery. NCAS is composed of a series of 
country-wide F/NF maps from 1972 to present. Cloud-free Landsat images with a preference for summer 
(January) scenes were obtained. Calibrated mosaics were generated at 25 m spatial resolution. 

 

The Landsat data used in this study was processed independently of the PALSAR data, as part of the NCAS 
Legacy system. Landsat mosaics for Tasmania were provided by the Department of Climate Change and 
Energy Efficiency (DCCEE). The 2007 mosaic is shown in Figure 72b. 
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Figure 72. Baseline SAR and optical mosaics for Tasmania, 2007: a) ALOS PALSAR HH:HV:HH in RGB; and b) 
Landsat TM/ETM+ B3:B2:B1 in RGB (provided by DCCEE). 
 
 
6.3 Comparison of optical and SAR baseline forest/non-forest extent 
 

For the purpose of this case study, the F/NF map derived from ALOS PALSAR data acquired over Tasmania 
in 2007 was selected as the baseline for comparison with Landsat derived F/NF for 2007 provided by DCCEE 
(Figure 73). Both datasets were processed independently and so class allocation is dependent on the 
classification scheme and limitations inherent to each sensor. 
 

An object oriented approach to classification of land cover was implemented using Definiens Developer as 
described in Section 2. An annual time-series of land cover and F/NF extent maps for the years 2007 - 2010 
was generated in the process. Baseline F/NF extent for 2007 derived from ALOS PALSAR data is presented 
in Figure 73a.  
 
Under NCAS, F/NF maps were generated using the Landsat time-series and a sequence of steps comprising 
stratification based on similarities in spectral response, baseline forest cover probability mapping, image 
matching to generate forest cover probability images for other epochs, and refinement of single-date 
probability images using a spatial-temporal classification model (Caccetta et al., 2007; Kiiveri et al., 2003). 
F/NF extent for 2007 derived from Landsat data is presented in Figure 73b. 
 
Estimates of forest cover derived from ALOS PALSAR and Landsat data were compared with TASVEG (Figure 
73c; Table 13). Despite obvious visual differences in the distribution of forest and non-forest in the mosaics, 
the total extent of forest cover is similar (Table 13). Forest cover is estimated at 62.5 % from the PALSAR, 
67.9 % from the Landsat, and 57.5 % in TASVEG. There is a greater proportion of non-forest in western 
Tasmania and the central highlands in the PALSAR derived map (Figure 73a), which more closely resembles 
TASVGE (Figure 73c). Forest cover on islands to the SE of the main island, is similar in both mosaics, but the 
Landsat mosaic shows greater forest cover on Flinders Island to the NE and smaller islands to the NW 
(Figure 73b). TASVEG indicates Flinders Island to have limited forest cover (Figure 73c). 

a) b) 
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Figure 73. Baseline F/NF extent maps for 2007 derived from a) ALOS PALSAR data; b) Landsat data (provided 
by DCCEE), and c) comparison with TASVEG. 
 
 
Table 13. F/NF cover estimates derived from ALOS PALSAR, Landsat and TASVEG.   
 

Source Forest (%) Non-forest (%) 

ALOS PALSAR 62.5 37.5 
Landsat 67.9 32.1 
TASVEG 57.5 42.5 
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Visual comparison of F/NF cover in different parts of the State was undertaken (Figure 74). Similar forest 
cover is observed in both PALSAR and Landsat classifications in the NE near Mathinna (Figure 74, 1st 
column). Subtle differences in the mapped distribution of hardwood and softwood plantation account for 
the varying distribution of forest. Non-forest areas including agricultural land are similarly characterized in 
both maps. The main differences in non-forest allocation arise in sub-alpine/alpine vegetation communities 
such as on Ben Lomond, the prominent feature in the SW corner, and in swamp/moorland vegetation.  
 
 

              

 
 
Figure 74. Comparison of 2007 F/NF extent for NE Tasmania (1st column), NW (middle column) and SW (last 
column) as mapped using a) ALOS PALSAR; b) Landsat; and c) TASVEG. TASVEG land cover is shown in (d) for 
reference. 
 
 

a) 

b) 

c) 

d) 
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An example from the NW corner of the State, near Takone (Figure 74, middle column) illustrates how the 
capacity to discriminate bare or cleared ground, regrowth and growing-mature plantation has significant 
influence on the final determination of forest extent. PALSAR alone tends to under-estimate the amount of 
regrowth, while Landsat appears to over-estimate bare areas/regrowth. Limited comparison with TASVEG is 
possible as there is no distinction between cleared and mature plantation, and so all plantation is classified 
as forest.  
 
Significant differences in F/NF distribution are observed in the SW of the State (Figure 74, last column). 
Reference data from TASVEG indicate that the area primarily comprises Buttongrass moorland and scrub 
communities with limited forest cover. The separation of forest and shrub has been more successful using 
the PALSAR data.  
 
The variability in forest cover estimates is attributed to the varying response of radar and optical sensors to 
vegetation. Radar responds to vegetation structure and dielectric content, and optical presents a more 
biochemical response. The preceding comparisons do not attempt to label one classification as truth over 
the other; rather they highlight the inherent strengths and limitations of each and suggest the potential for 
enhancement through data integration. Interoperability assumes that either data type could be processed 
into a forest mask and used interchangeably, so more recent radar data could be used to extend the optical 
time-series for continuous forest monitoring. Given the differential response of radar and optical sensors, 
the question arises as to what impact this has on time-series processing of datasets and ultimately carbon 
accounting. How will these differences be translated in the time-series? Will classification errors be 
exacerbated? How much smoothing of localized differences in F/NF cover will occur? These issues will be 
addressed in the next section.   
 
6.4 Interoperability of radar and optical data for forest monitoring 
 
In a Bayesian Conditional Probability Network (CPN) developed by CSIRO, single-date forest classifications 
are refined by exploiting the strength of a "forward and backward looking" system utilizing the entire 
Landsat time-series (Figure 75). When new data is slotted into the time-series, e.g., more recent radar data, 
any subtleties or indeed discrepancies in F/NF distribution are adjusted due to the weighted time-series. 
Given the results in the previous section that show similarities in radar and optically derived total forest 
cover, this "smoothing effect" may not be significant for carbon accounting at national scale depending on 
the level of reporting required. The impact at local scale is as yet not fully determined, and is the subject of 
ongoing research.    
  
The interchangeable use of Landsat and PALSAR data in time-series processing using the CPN approach was 
investigated in the following 3 scenarios:  

i. CPN1: PALSAR-only 4-year time-series (2007 - 2010); 
ii. CPN2: Combined 4-year time-series (PALSAR 2007 and 2009, Landsat 2008 and 2010); 

iii. CPN3: Landsat-only 4-year time-series (2007 - 2010).  
 

Results from each scenario are presented in Figures 76 - 81. F/NF outputs from multi-temporal processing 
in the CPN for scenarios 1 - 3 are presented in Figures 76, 78 and 80 respectively. Input and output F/NF 
extents for scenarios 1 - 3 are presented in Figures 77, 79 and 81 respectively.  
 
For scenario 1, the PALSAR-only 4-year time-series, input and output F/NF extents are basically identical 
(Figures 76 - 77), however it is likely that subtle localised changes in forest extent have occurred as a result 
of the CPN processing. The greatest amount of deforestation is observed between 2007 and 2008 (0.37 %), 
with this rate declining in subsequent years (0.23 % over 2008 - 2009, and 0.2 % over 2009 - 2010).  
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For scenario 2, the combined PALSAR-Landsat time-series, significant differences are observed in both input 
and output F/NF extents (Figures 78 - 79). Abrupt changes in input forest cover estimates between years 
are observed, particularly 2007 (PALSAR; 62.6 % F) to 2008 (Landsat; 67.5 % F) to 2009 (PALSAR; 62 % F). 
These variations are reflected in the change estimates, which indicate a 4.9 % increase in forest cover 
between 2007 and 2008, and a loss of 5.5 % forest cover between 2008 and 2009. Following multi-temporal 
processing in the CPN, output values are modified significantly and better reflect the magnitude of forest 
cover changes taking place, although a higher amount of regeneration is observed compared to other 
scenarios. 
 
For scenario 3, the Landsat-only 4-year time-series, input and output F/NF extents are almost identical 
(Figures 80 - 81). Similar to CPN processing of the PALSAR time-series however, it can be assumed there are 
subtle localised changes in the forest distribution between years. The results show declining rates of 
deforestation over the 4-year period, from 1.1 % (2007 - 2008), to 0.5 % (2008 - 2009) to 0.2 % (2009 - 
2010).    
 
 

 
 
Figure 75. NCAS Conditional Probability Network (CPN) for refinement of single-date forest classifications. 
The system is forward and backward looking in time and based on the entire Landsat archive. New data, 
e.g., SAR can be slotted into the time-series and processed along with the whole archive to extend the 
opportunities for long-term, continuous forest measurement (Source: E. Lehmann, CSIRO). 
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Figure 76. Scenario 1: PALSAR-only 4-year time-series outputs (2007 - 2010) from multi-temporal processing 
in a Conditional Probability Network (CPN): a) 2007; b) 2008; c) 2009; and d) 2010. 
 

 
 
Figure 77. Input and output F/NF extents for CPN processing of Scenario 1: PALSAR-only 4-year time-series 
(2007 - 2010). 
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Figure 78. Scenario 2: Combined 4-year time-series outputs (PALSAR 2007 and 2009, Landsat 2008 and 
2010) from multi-temporal processing in a Conditional Probability Network (CPN).  
 

 
 
Figure 79. Input and output F/NF extents for CPN processing of Scenario 2: Combined 4-year time-series 
(PALSAR 2007 and 2009, Landsat 200 and 2010). 
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Figure 80. Scenario 3: Landsat-only 4-year time-series outputs (2007 - 2010) from multi-temporal processing 
in a Conditional Probability Network (CPN).  
 

 
 
Figure 81. Input and output F/NF extents for CPN processing of Scenario 3: Landsat-only 4-year time-series 
(2007 - 2010). 
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Time-series processing of PALSAR-only and Landsat-only data preserves the type and magnitude of change. 
Deforestation dominates for all years and all datasets. Both PALSAR and Landsat F/NF change estimates 
revealed that the greatest amount of deforestation occurred between 2007 - 2008, with a higher rate in 
Landsat (1.1 % compared to 0.4 %). The Landsat change estimates revealed a greater variation in 
deforestation rates between years (0.2 - 1.1 %) compared to PALSAR (0.2 - 0.4 %). 
 
When PALSAR and Landsat time-series images are combined and processed in the CPN, a smoothing of 
forest cover estimates between years is observed. Missing data in the 2010 Landsat image has been filled 
using the time-series information. The input F/NF extents differ by 1.9 - 5.5 %, whereas output F/NF extents 
vary less than 1.2 %. Regeneration between the years dominates, and following multi-temporal processing, 
the magnitude of the change is better captured.  
 
6.5 Concluding summary 
 

Data from SAR and optical sensors provide complementary forest information. Data acquired by ALOS 
PALSAR provides an opportunity to extend the optical time-series (Landsat) or historic JERS-1 data for 
continuous forest monitoring and assessment of change on decadal and longer timeframes. Recent SAR 
data can also be used to fill potential gaps in optical coverage due to cloud cover or missing data.  

  

The interoperability of forest information derived from independent SAR and optical sources was the 
subject of this case study. It was demonstrated that while similar estimates of forest cover can be obtained 
from PALSAR and Landsat sources, there are significant localised differences in the distribution of forest 
and non-forest cover, exacerbated over a time-series. Spatial-temporal processing in a Conditional 
Probability Network (CPN) developed by CSIRO demonstrated the capacity to reduce false transitions 
between F/NF classes and incorporate observations from a newer sensor (PALSAR) and produce 
comparable F/NF estimates to those which would otherwise be obtained through independent processing. 

 
Ongoing research will focus on improving PALSAR classification accuracy, optical-SAR data fusion 
techniques, SAR interoperability using C- and X-band data, and evaluating the, as yet, undetermined impact 
of F/NF mapping accuracy on carbon emissions estimates arising from deforestation, degradation and 
regeneration. 
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