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ABSTRACT 

Urban consolidation has been featured in Australia for over twenty years as a growth 
management tool to accommodate an increasing population while reducing urban 
sprawl and preserving open space on the fringes. Urban consolidation promotes 
residential development with higher density and it can be achieved by additional 
dwellings developed in already urban areas (named infill development), redevelopment 
of non-residential sites to residential sites, and development in green fields (i.e. vacant) 
regions. Although infill development, previously known as dual occupancy has 
occurred, to date there is little attempt to add understanding of the influence of urban 
consolidation policy by mapping its trends and patterns. A previous study conducted in 
Melbourne used tabular datasets from the Australian Bureau of Statistics (ABS), local 
government and Building Commissions to map infill development patterns. Such effort 
in tabular dataset clean-up was reported as to discourage the use of this approach. We 
report here a new approach based on integration of spatial datasets available and 
accessible from local government and deployable for mapping infill development 
patterns. The data integration exemplified for the work reported here from the City of 
Monash. It is found that our approach allows mapping infill development at much finer 
scale (i.e. land parcel) than can be accomplished using the ABS dataset alone. 
Additionally, it is demonstrated that GIS and remote sensing techniques assist in 
automation of infill pattern mapping. Improved processing time compared to that 
needed for on-screen comparison of time series images for verification of new 
development on selected land parcels, was found from deployment of the Imagine 
Objective Tool for training and segmenting building objects in post-classification land 
use change detection.  

INTRODUCTION 

Under the Melbourne 2030 strategic land use plan, the Victorian Government sought to 
curb the spread of suburbs on Melbourne’s frontier by enabling urban consolidation. 
Urban consolidation refers to the (re-)development of residential housing, for 
accommodating more people in a given residential area while maintaining provision of 
public infrastructures and services. Previously, demand for new housing was met 
through the subdivision of green-field land on the urban fringe, as well as dispersed 
infill development (such as new (a) additional dwelling(s) in the back yards of an 
existing dwelling) and major redevelopment of re-zoned industrial or commercial land. 
Since the legislation of Victorian strategic land use planning, Melbourne 2030, in 2002 
there is a new focus. This is the high density development in or close to activity centres, 
in which easy access to established public transport and services can be achieved. 
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Activity centres are defined as areas “provide the focus for services, employment and 
social interaction in cities and towns. They are where people shop, work, meet, relax 
and often live. Usually well-served by public transport, they range in size and intensity 
of use from local neighbourhood strip shopping centres to traditional universities and 
major regional malls” (DOI, 2002, p.182). To ensure that planning policy achieves its 
desired objective, urban planners in Victoria need to monitor the process and patterns of 
urban consolidation over time. To date two commonly used datasets for understanding 
urban consolidation development trends and patterns are: building approvals (reported 
quarterly for each local government area) and number of dwellings in each Census 
Collector District (CCD). Shortcomings of using such data include (DPCD, 2007) : 

·  Building approvals do not necessarily indicate the building is built or under 
construction, therefore the actual number of dwellings added to housing stock  is 
not truly quantified 

·  Each Census Collectors District (CCD) data set refers to about 220 dwellings: the 
precise location of any infill development during the intercensal period is 
unknown. In fact, higher population density can have been accommodated during 
a time of (albeit minor) housing stock reduction. Additionally, in some instances, 
the CCD boundary does not match with the extent of activity centre defined in 
Melbourne 2030 

·  The CCD boundaries may change from one census to another and so for change 
pattern mapping, allowances have to be made for inconsistencies in time series 
census geography 

It has already been recognised that, an automated and systematic approach of urban 
consolidation mapping and (new) building identification is needed if changing patterns 
of urban consolidation, and their relationship between planning policy and practice are 
to be better understood (Holloway and Bunker, 2003). 
 
Recently, Phan et al. (2008) attempted to overcome this problem by presenting a parcel-
based GIS method for mapping infill development in an eastern suburb of the 
Melbourne Metropolitan Area. This is a detailed geography approach to mapping urban 
consolidation patterns, hitherto was not shown before. The mapping focuses on 
identification of sites where increased dwelling development between 2000 and 2006 
per each 2000 residential land parcel has occurred. A “dwelling” is defined by a non-
duplicate address point. Verification of mapping outcomes from matching address 
points to the cadastre is by on-screen comparison using ortho-photo mosaics (1999, 
2001, 2005 and 2007) and field checking. It is a tedious and time consuming task. In 
some circumstances, the address point database is not updated whilst the land parcel 
was developed into multi-houses or units. Therefore, an automated or semi-automated 
approach for infill mapping validation is still needed to save time for the analysts as 
well as to improve the estimation of dwelling availability. Urban planners and managers 
need to monitor dwelling supply changes in order that a growing population be 
accommodated (Buxton & Tieman 2004) and provision of adequate infrastructures and 
services be maintained. 
 
In previous mapping exercise (Phan et al., 2008), in estimating the number of dwellings 
added from infill development,  land parcel by land parcel in 2000 and 2006, each new 
(i.e. non-duplicate) address point attached to a land parcel is assumed to represent a 
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development. However, this assumption is not always true because there is a time lag 
between the date on the permit and the date for building completion, not to mention 
occupancy. For more detailed time-series estimation of increased dwelling development 
and understanding relationship between actual land use change development with 
infrastructure and service provision, frequently up-dated information about land cover 
change for each land parcel aerial photo mosaics can be used. The objective of this 
paper is to report about an experiment of using an automated image processing tool, 
Imagine Objective, introduced by Erads Inc. in 2008 
(http://www.erdas.com/tabid/84/currentid/1141/default.aspx) for use in change 
detection. For building “footprint” change mapping, it offers a verification pathway 
once the address point changes have been matched to the time-series cadastral 
geography (infill vector-based mapping). 
 

RELATED STUDIES  

Previous studies have shown that integration of remote sensing and ancillary GIS 
datasets provide a cost effective approach in land use change mapping and modelling, 
especially for urban object identification and change detection (Zhou and Troy, 2008). 
Traditional image analysis and interpretation approaches include on-screen mapping 
and verification of detected objects, however they are time consuming and expensive. 
Remotely sensed data now can be acquired with very high resolution: for instance 
IKONOS imagery provides 1m pan chromo imagery and 4m multi-spectral imagery. 
Airborne-based imagery can provide data at tens of centimetre resolution. However, any 
automated or semi-automated analysis or classification of high resolution images faces a 
challenge because with higher and higher spatial resolution comes higher datasets 
complexity. Traditional pixel-based classifiers, such as Maximum Likelihood generally 
result in an undesired speckle effect because they only look at one pixel at a time 
without considering its spatial context (Kressler et al., 2005). To assist image analysts 
in processing high resolution data, many automated feature extraction (AFE) tools are 
offered commercially, namely Feature Analyst (FA) (Visual Learning Systems Inc.) 
(http://www.vls-inc.com/) or eCognition (Definiens AG) (http://www.definiens.com/). 
 
The AFE tools deploy different feature extraction algorithms, such as machine learning 
techniques (in FA) or a fuzzy logic scheme (e.g. as in eCognition). In these tools, spatial 
information, such as texture, shape and context is incorporated with spectral information 
for object classification and extraction. This approach to mapping is called object 
oriented classification. It is different from a traditional approach of remote sensing 
whereby object classification is not only by pixel information but inclines consideration 
of other factors, namely shape, color, smoothness and compactness in order that  
homogeneous objects can be classified. An object in this context is a set of pixels with 
heterogeneous reflectance, such as tree canopy or building. Lavigne et al. (2006) 
compared the use of different AFE tools in building extraction and building change 
detection using IKONOS (1m and 4m resolution) and Quickbird (0.64m and 2.55m 
resolution) datasets. They classified building objects in two separate years and then used 
classified images for change detection. They found that with AFE, building objects can 
be extracted automatically. However, to improve the feature extraction accuracy, it is 
recognised that ancillary data might need to be incorporated into the analysis. Overall 
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building change detection accuracy using three different AFEs ranges from 21% to 
36%.  
 
Kunapo et al. (2005) used FA to extract impervious and pervious surface patterns 
outside and inside each land parcel in for parts of the City of Monash, Australia. They 
set up learning rules in FA to separate linear impervious surfaces in areas outside land 
parcels and non-linear impervious surfaces inside the land parcels. Spatial aggregation 
algorithms were then applied to identify and extract urban feature objects, namely roof, 
green space, and roads (including driveways). The mapping results were compared with 
those achieved by use of on screen digitizing methods. It was found that time-efficient 
building extraction from FA gave virtually the same total area as that produced by on-
screen digitizing. They also found that FA provided superior results compared to those 
obtained from the use of the “pixel-by-pixel” (image processing without reference to 
ancillary data) method. 
 
Bauer and Steinnocher (2001) used eCognition to extract and classify land cover land 
use for the City Council of Vienna using IKONOS (1m and 4m resolution). Deployment 
of eCognition tools allowed them to integrate data about the structural composition of 
urban objects with spectral information to classify land use map with eleven classes, 
including residential, residential with garden, industrial/commercial or agricultural uses. 
They found that object-based detection from eCognition gave a better representation of 
land cover land use than did the traditional pixel-based image processing approach. 
Zhou and Troy (2008) used fractal-based image segmentation in eCognition for 0.6m 
imagery and then incorporated them with other ancillary datasets: property boundary 
and LIDAR in an “if-then” rule classification for five land cover classes: building, bare 
soil, pavement, coarse vegetation and fine vegetation. 
 
It is clear from the previous studies that AFE can assist image analysts to classify 
objects of interest depicted in displays of remotely sensed image data. To assess the 
utility of the recently-released new AFE tool, Imagine Objective, for urban 
consolidation mapping, in building extraction for change detection purpose, a pilot 
study is conducted. Description of study area and method are presented in the next 
section.  

STUDY AREA 

An area of about 249980 m2 lying between latitudes 37055’2” to 37055’18” and 
longitudes 14506’45” to 14507’6” covering a part of City of Monash, Victoria, Australia 
(Fig. 1) has been used for the study. The aerial photos, taken in 2001 and 2005, are in 
ortho-rectified mosaics of 0.13m and 0.35m spatial resolution, respectively. They were 
provided by Monash City Council and the Environmental Protection Agency (EPA), 
Victoria. This area is chosen for a pilot study of using automated object extraction and 
classification tool, Imagine Objective (Erdas Inc, 2008) for residential development 
change detection. This is because in a map, produced by Phan et al. (2008), there are a 
number of land parcels developed between 2000 and 2006 with higher number of 
dwellings compared with that in 2000.  
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METHODOLOGY 

 
Figure 2 represents the role of Imagine 
Objective tool deployment in testing the 
results of infill mapping using GIS vector 
data and Imagine Objective. The GIS vector 
data infill mapping procedure used is 
described in Phan et al. (2008). Figure 3 
shows the steps of running Imagine 
Objective. A detailed description of each 
step running in Imagine Objective is 
presented as in the following sections.  
 

 
Fig. 5: Location of City of Monash in the 
Melbourne Metropolitan Area (MMA). 
The MMA is an amalgamation of thirty 
one Local Government Areas (LGAs) 
 

 

Fig. 2: Integration of GIS vector datasets 
and Imagine Objective Tool in urban 

consolidation mapping. The GIS vector 
datasets flow path (white boxes) were 

described in Phan et al. (2008) 

 

Fig. 3: Flow path of image segmentation 
for building detection using Imagine 

Objective 
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Image Segmentation 

Imagine Objective (IO) is an automated feature extraction tool developed by Leica in 
2008. The concept behind the IO tool is to use machine learning technique (Bayesian 
Network) to calculate the probability, based on feature training sites, of each pixel on 
the image being within the boundary of the feature of interest. Many image processing 
techniques (such as image segmentation, threshold or clump) have been incorporated in 
IO tool: it is very flexible for users’ intent upon undertaking image classification 
without the need to build a model as is the case when a traditional approach is used. In 
this paper, the objective of using IO tool is to verify the total, derived by data 
integration using the cadastre, of built area in terms of house footprint as part of land 
parcel change between 2000 and 2006. Thus, detailed implications of urban 
consolidation or compact city policy can be understood. Pre-requisite is the assembly of 
a training set of building objects. Many roof colours have seen in the study areas, thus 
20 and 30 training sites are collected for 2001 and 2005 images, respectively.  
 
A learning step (includes deployment of edge-based algorithms) to segment a pixel 
probability layer into Raster Object Layers is conducted. A Raster Object layer includes  
a collection of pixels that touch each other (using either a 4 or 8 neighbour rule) (Erdas 
Inc, 2008) and carries a probability value attribute equalling a mean of its all pixels’ 
probabilities. Further refinement is by using mathematical morphology cue and filter 
routines. For example, after some runs and visually assessment, the probability filter 
was set (0.24 for the 2001 image and 0.30 for the 2005 image) to remove non-building 
Raster Objects. Dilate and Erode cue were also run to further refine and smooth the 
raster object. Dilate is designed to expand the raster object, in which any adjacent pixel 
of the raster objects (i.e. horizontally, vertically or diagonally) to the pixel being 
considered is added to the raster object. In contrast, the Erode operator shrinks the raster 
objects by removing all pixels in a raster object that have any neighbouring pixels that 
are not included in the raster object (Erdas Inc, 2008). The raster images were finally 
transformed in ArcGIS 9.2 (ESRI, 2007) for further analysis. 

Classification  

To separate roads from building object in Regional Raster Object, a mask by cadastre 
layer is applied in ArcGIS 9.2 (ESRI, 2007). Pixels with a positive probability value are 
classified as “building” in each image. Figure 6 shows the building object extraction 
from application of the IO Tool to the 2005 aerial photo orthmosaic. 

Post-classification change detection 

The change detection step was conducted in ArcGIS 9.2. The total area of building 
segments in 2001 and 2005 in each 2000 land parcel was calculated using the Zonal 
Analysis Function in ArcGIS 9.2. The proportion of total area of building segment 
change per 2000 land parcel area was determined (Equation 1). At threshold of 5% of 
building area change, 8 out of 18 land parcels have a new dwelling added. Figure 7 
shows the relationship between threshold value and the number of land parcels found to 
be (re)developed between 2000 and 2006.  

�  = (B2-B1)*100/A       (Equation 1) 
Where �  is buiding area changed (%) 
 B1, B2 is urban footprint of dwelling in 2001 and 2005 
 A is total area of land parcel (as of 2001 database) 
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RESULTS AND DISCUSSION 

Identification of Infill development using GIS vect or data 

Using the GIS vector data analysis alone, within the study area, infill developments are 
found in 18 land parcels. In fact, by manually comparing two aerial photos of the same 
study area in 2001 and 2005, only eight of them can be clearly seen to have acquired 
(an) additional dwelling(s). On the other hand, it is clear from Figure 5 that in some 
circumstances, the vector datasets of cadastre and address points are less updated than 
the actual land cover as represented in the imagery. For instance, three land parcels (in 
the middle of the imagery) were already developed in 2001; however they were 
depicted as a single dwelling by using cadastre and address point datasets. Thus, the 
misclassification of infill development (if using GIS vector datasets alone) in ten 2000 
land parcel is partly due to the lack of property boundary update in the 2000 cadastre 
dataset or by the time difference between cadastre (as updated in December 2000) and 
ortho-photo (as updated in October 2001).  

 

Fig. 5: Developed land parcel between 2000 and 2006 (blue boundary) using GIS vector 
datasets overlaid with 2001 imagery 
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Image segmentation and building detection  

It is clear from Figure 6 that using image processing tool, IO, and the ArcGIS mask 
function, the majority of building objects has been classified correctly. Only two 
buildings (in a red circle:  with dark roof colour) are misclassified. Visually, the change 
detection method integrating GIS vector analysis and image segmentation identifies 
correctly where new a dwelling was developed between 2000 and 2006. It is found that 
given (a threshold of) 5% of building area change, 8 out of 18 land parcels identified 
from GIS vector analysis have a new dwelling. If this method is applied for the whole 
City of Monash, the process of verifying infill development patterns will be automated 
in a systematic way. Of course, scope for refinement of threshold choice for building 
change area index assembly needs to be further examined. 

 
Fig.6: Building detection using Image Objective Segmentation in 2005 

FUTURE WORK 

This paper reports a pilot study of applying add-in Tool, Imagine Objective, recently 
introduced by Leica Geosystems for building change detection for an infill development 
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mapping project. Some functionalities of IO have not been exemplified: for instance the 
utility of routines used to clean and transform from raster objects to vector objects: a 
pre-processing for further spatial analysis (e.g. in ArcGIS). Future work will not only 
involve attempts to extract land parcel building footprint change (for impact assessment 
by increasing the training sites of building object) but also exemplification of the utility 
of raster to vector conversion. In addition, despite efforts to improve mapping of surface 
types, driveway and roof areas in some parts of the study area remain, to date, 
unseparated. It might be possible to separate them using feature configuration (such as 
shape or orientation) if the next steps of converting Raster Object Operator to Vector 
can be conducted. Alternatively, two separate of training sites (one inside the land 
parcel and one outside land parcel) could be used as reported by Kunapo et al. (2005) in 
a previous study of methods for classifying impervious and non-impervious surface 
patterns.  
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Fig.7: Number of infill development parcel and threshold of building area change 
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Fig.7: Building change detection integrating GIS vector analysis, Image Objective and 
post-classification. The building change area threshold was set at 5% 
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