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Abstract--With an increased numbers of airborne 
digital sensor devices being procured by mapping 
agencies, these organisations are now faced with 
problems of processing the increased volumes of 
digital data being sourced by these devices. These data 
include multi-spectral multi-band imagery as well as 
digital terrain data. Processing problems range from 
data capture and cataloging through to image 
processing and product generation. Utilising these 
digital data in a timely fashion is a key requirement 
for providing return on investment to those 
organisations. Automating feature extraction tasks to 
reduce the time taken to process these data for 
mapping purposes is also a challenge for these 
organisations. This paper summarises recent work by 
Australia researchers to improve the feature detection 
capabilities of current image processing techniques for 
spatial feature detection. 

Index Terms-- Digital Imagery, Feature Detection, 
Image processing, Support Vector Machines. 

I INTRODUCTION 

Aerial photography played an important role in medium 
to small scale mapping capture and revision in Australia. 
These collections of analogue photography predate the 
1950’s and have been subject to photogrammetric 
processing to remove scale distortions and enable 
accurate measurement and terrain modeling. Creation of 
orthophoto maps from these frame based images acquired 
from film based techniques provided scale accurate 
imagery for use in cartographic processes as image based 
map backdrops.  

While traditional image capture methods were dependant 
on photographic systems and techniques, more recent 
technologies captured image data directly into a digital 
format. Satellites provided initial access to digital image 
data, however, the cost of these data were often quite  
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prohibitive. Airborne digital sensor units now offer a cost 
effective alternative to satellite imagery, complete with 
multi-spectral and multi-band imagery captured directly 
into a digital format using digital sensors. As more 
organisations invest in these airborne digital sensor units 
to replace traditional capture devices they will also need 
to vary their image processing workflows to take 
advantage of the new image processing techniques and 
business opportunities. 

The purpose of this survey is to provide an overview of 
recent work by Australian researchers to improve feature 
detection through image analysis techniques that improve 
automated feature detection accuracies for both singular 
and compound spatial features resulting in reduced image 
processing times for spatial data maintenance. The paper 
also proposes future work in the area of image processing 
and machine vision systems.  

II DIGITAL IMAGE ANALYSIS 
Digital Image analysis draws on two main methodologies 
of image processing [1], image pre-processing and image 
segmentation. Image pre-processing includes a number of 
transformations, filtrations and models to optimise image 
content for analysis. Of particular interest to this paper is 
the local pre-processing of images including feature 
thresholding and clustering, edge detection methods and 
nearest neighbour processing for region extraction. Image 
segmentation is an image processing task that partitions 
an image into homogeneous regions [2]. Popular methods 
include region-based and edge-based segmentations as 
well as image thresholding. Image outputs from these 
processes can then be fed into subsequent processing. 

Classification also plays an important role in digital image 
analysis. Many statistical and syntactical techniques exist 
for the classification of patterns and may be used for the 
purpose of object recognition. Some approaches are 
adaptations of biological theory and include applied 
neural networks, as well as genetic and evolutionary 
computation. Of particular interest to this paper is the 
application of Support Vector Machines (SVM’s) to 
digital sensor acquired imagery for statistical 
classification [3]. This classification technique is a 
nonparametric technique suited to the characteristics of 
digital sensor imagery. 

III FEATURE DETECTION 
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The literature has proposed a significant number of image 
analysis techniques for object detection and feature 
extraction over several decades and across a wide range 
of disciplines. These techniques are fundamental to many 
intermediate level vision challenges. 

Some notable feature detection methods applicable to 
digital imagery acquired from airborne digital sensor 
devices include both colour details including colour 
histogram, colour moment, mean and deviation, colour 
range; and texture features using co-occurrence, Tamura 
feature and wavelet of objects. These parametric methods 
have been further supplemented with other image 
processing techniques to improve positive feature 
detection results. Such processing may include supervised 
and unsupervised segmentations where adaptive 
clustering and hierarchical Markov Random Field models 
are just two. 

Supervised segmentation often involves a classification 
based on image features and priori knowledge to identify 
where objects from the training dataset do exist in the 
digital imagery; however, these are often conservative 
and computationally expensive. Unsupervised 
segmentation often involves no prior knowledge and a 
model training process. This training is often performed 
on the entire image to acquire a global statistical model 
[4] from which the existence of features can be derived 
and have been shown to provide viable feature detection 
on more difficult classification problems. 

Several of these digital image analysis techniques have 
been implemented and extended during work reviewed by 
this paper. The following sections provide overviews to 
these recent Australian research including independent 
results developed for this paper. These techniques were 
shown to improve feature detection success rates 
compared to previous feature detection across a wide 
range of spatial feature detection tasks. 

IV COLOUR BASED FEATURE DETECTION 
Automated digital image processing was historically 
limited to either grey-scale images, as was and still is the 
case with medical imagery, or to the processing of remote 
sensing data where qualities inherent with the spectral 
data provided classification of vegetation types and 
moisture related information. Recent developments in 
airborne digital sensors now provide very high-resolution 
full colour, false colour and multi-band aerial imagery, 
complete with digital terrain information. These rich 
datasets provide organisations with access to large 
amounts of spatial information  

Image segmentation based on colour is not a new research 
area. Various colour models for colour image 
segmentation have been studied by Dubuisson-Jolly et al 
[5] assumed colours in a class have multivariate Gaussian 
distribution which is characterised with its colour mean 

and deviation. Chen and Pappas [6] proposed an adaptive 
clustering algorithm that separates the pixels in the image 
into clusters based on both their colours and their relative 
location. 

More recent developments in refining colour based 
feature extraction for man made objects in digital sensor 
imagery introduced a two-stage colour segmentation [7]. 
The initial step uses colour based thresholding to exclude 
over segmented and under segmented regions isolating 
targeted objects within a range. These segmentations are 
further refined using an edge detection algorithm [8]. The 
resulting three layers are then used to generate 
generalised colour based regions that overcome colour 
variance of objects due to differing reflectance often 
associated with man made objects such as building roofs. 

 
Figure 1 – Tarp Input Image 

This processing was applied to Figure 1 which represents 
digital sensor acquired imagery showing hail damaged 
properties in Sydney, NSW Australia during December 
2007. The tarpaulins can been seen as finite list of blue, 
silver, yellow or green. An example of the output from 
this two staged image processing can been seen in Figure 
2 where roofs that are covered by blue tarpaulins have 
been successfully highlighted as orange regions using the 
technique described above. 

 
Figure 2 – Tarp Output Image 
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Colour based classifications on this input image returned 
the following results where Tp represents true-positive 
classifications, Fp represents false-positive classifications 
and Fn represents false-negative results. The total number 
of blue tarpaulins in this small data set was determined 
manually and is also included as Tl. 

 Tl Tp Fp Fn 

Blue 13 13 0 0 

Table 1 – Feature Detection results table 

As summarised in Table 1, the success rate of True 
Positive colour based feature detection using the method 
described above was 100% while there were no False 
Positives or False Negatives for that image. As the 
accuracy of theses automations improve they will provide 
useful tools for the automation of change detection in 
Geographic Information Systems (GIS). 

Another recent implementation of a colour based object 
detection method proposed a nearest neighbour rule based 
method for man-made object identification by separating 
pixels into desired and non-desired according to the 
nearest neighbour rule in colour space [9]. This has the 
advantage of modeling arbitrary spatial pattern, which 
leads to an accurate solution for data classification despite 
nature of the data structure. The segmentation uses multi-
class training sets to categorise pixel data which is further 
manipulated by a combinatorial approach using an 
Adaptive Clustering Algorithm (ACA) as described by 
Paget et al [10] and a Markov Random Field (MRF) 
binomial model [11] where each pixel binomial 
distribution uses a parameter controlled by it neighbour. It 
should also be noted that many colour based segmentation 
methods have involved segmentation using a combination 
of colour and texture based classifications [12]. 

 

IV TEXTURE BASED FEATURE DETECTION 
Texture represents the surface structure of an object [1] 
and has been defined as visual characteristics of an image 
segment that identifies it as belonging to a unique class 
[13]. There are several texture based image processing 
techniques currently being used in research for feature 
detection. The focus in this paper is on a non-parametric 
Markov Random Field models which are widely used in 
image restoration, region segmentation [14] and texture 
synthesis [11]. This model is able to synthesise highly 
structured and stochastic types of textures and is formed 
by a combination of a binomial texture model and a 
multilevel logistic model for region distribution. 

Recent feature extraction research using texture based 
classifications have been successful for the extraction of 

tree and vegetation features in urban environments. 
Figure 3 shows a digital sensor image over the botanical 
gardens in Sydney, Australia. This image was processed 
using a combination of an Adaptive Clustering Algorithm 
ACA and the unsupervised MRF to segment regions 
representative of tree texture from the residual image.  

 
Figure 3 – Vegetation Input Image 

The hybrid method used to process Figure 3 involved an 
ACA algorithm and MRF. ACA has been shown to be 
effective for the segmentation of images containing 
smooth surfaces. To extract the smooth area the gray scale 
image is first decomposed into four sub-band images by 
convolving with a complex wavelet. The images in low-
high, high-low and high-high sub-band contain the edge 
information of the original image used to determine if an 
area is smooth. Once completed, the segmentation is used 
in an MRF to discard unwanted image content, separating 
the smooth regions from the non-smooth ones. 

 
Figure 4 – Vegetation Output Image 
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The output image from this combinatorial segmentation, 
shown in Figure 4, demonstrates a clear delineation 
between the targeted tree features and surrounding grass, 
building and other urban features.  On section, the two 
trees in the top right image quadrant that were not 
identified in the classification did not show sufficient 
texture variance and other smaller trees that were not 
segmented by the model were below the area 
classification dimension. As demonstrated, this method 
may be applied as a principal spectral source for revision, 
updating and quality assessment of many cultural features 
within topographic databases. 

 

V FEATURE DETECTION USING LOCALISED 
CO-OCCURRING PATTERNS 

Object detection techniques often view local features as 
being independent to each others [15]. Some colour based 
techniques only consider colour characteristics of an 
object as the sole classifier [16] [17] while other 
techniques focus on shape or texture to locate an object.  

Recent research has proposed a combinatorial approach to 
feature detection [18] [15] [19]. The focus of these 
research have been on the recognition that a feature 
consists of several sub-components that can be identified 
as a cluster of these lesser objects found in the image. 

One research example uses a semantic network to build 
up a specialised scene from extracted image segments [3]. 
The first stage uses a combination of light intensity 
information and edge information. This bi-level 
thresholding segmentation separates regions based on 
pixel intensity and a canny edge detector is used as a 
secondary processor to identify edges from changes in 
intensity. 

The segmentation maps In and Ed are fused based on the 
fusion rule, shown in (1). 

|  ( 1, 2,... )b n e i thR I T s s i n= ∩ > =                 (1) 
is  is the area of the thi region in n eI T∩ . 

The extraction of thin structures are based on a 

morphological ‘open’ operation on the regions in bR . 

Denote a region in bR  as br , the thin structures sr  in br  
are obtained by the operation shown in (2). 

1 1( )s b br r r B B= − ⊕                             (2) 
⊕  denotes the dilation operation and erosion 
operation. 
 
A combination of colour information, Co and textural 
information, Te, is used for water area segmentation, with 
a nearest neighbour rule classification [20] for Co and 
garbo filtering for Te. Giving the segmentation maps Co 
and Te for an image, water regions are then either chosen 

or discarded based on the fusion rule, as is shown in (3). 
 

(1 ) |  ( 1, 2,... )w o e i thR C T s s i n= ∩ − > =             (3) 
is  is the area of the thi region in (1 )o eC T∩ − . 

 
Figure 5 – Jetty Input image 

Figure 5 shows an input image with co-occurring patterns 
and Figure 6 shows the resulting feature detections 
highlighted in red. While the individual techniques used 
during this processing are not new, targeted feature 
detection resulting from a combinatorial effect of these 
techniques is new and the results are promising. 

 
Figure 6 – Jetty Output Image 

 

V6 SUPPORT VECTOR MACHINES 
Recent feature detection research has also involved the 
application of Support Vector Machines (SVM’s) to 
image processing tasks as they can be successfully 
applied to practical feature detection tasks [3]. Their 
ability to minimise the probability of incorrect 
classifications on previously unseen samples “drawn from 
a fixed but unknown probability distribution” [10] makes 
them well suited to variable data as found in digital sensor 
imagery. Further, binary classification problems often 
found in many image segmentation tasks lend themselves 
to a SVM solution due to a well definable decision 
boundary. 

SVM’s have been successfully applied to a number of 
feature detection tasks including the identification of 
topographic water tanks (colour), boating jetties (local co-
occurring) and vegetation mapping (texture) [21] [22]. In 
another example of SVM application to feature detection, 
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Figure 7 shows an input digital sensor image containing a 
number of swimming pools.  

 
Figure 7 – SVM Pool Input Image 

 

 
Figure 8 – SVM Pool Training Image 

Using an unrelated training image shown in Figure 8 the 
SWM produces a model that can be used to predict target 
values for data which in turn are mapped onto a hyper-
plane shown in Figure 9, separating data into two classes 
with maximal margin.  

 
Figure 9 – SVM Hyper-plane 

Given a training set of instance-label pairs (xi, yi), i = 1 , . 
. . , l where xi Є Rn and y Є{1,-1}l, the SVM requires the 
solution of the following optimisation problem (4): 

∑
=

+
l

i

l

ibw
CMin

1

T

,,
w½w ξ

ξ
   (4) 

Subject to ibixwyi
T ξ−≥+Φ 1))((   

 0≥iξ  

Here [3] training vectors xi are mapped into a higher 
(maybe infinite) dimensional space by the function Φ. 
Then SVM finds a linear separating hyper-plane with the 
maximal margin in this higher dimensional space. C > 0 is 
the penalty parameter of the error term. K (xi, xj) = Φ(xi)T 
Φ(xj) is called the kernel function. The four basic kernels 
are Linear, Polynomial, Radial basis function (RBF) and 
Sigmoid. 

 
Figure 10 – SVM Pool Output Image 

Figure 10 shows the SVM output image in which regions 
closely resembling the training image have been 
successfully classified despite these being unseen 
samples. In this example, the SMV correctly identified 9 
of the 10 pool objects, with 1 false positive and no false-
negative result giving an accuracy rate of 90% in what 
was a complex digital sensor image. 

In summary, the quality that most distinguishes SVM’s 
from other nonparametric techniques, like nearest-
neighbour classifications or artificial neural networks 
(ANN), is that they minimise the probability of 
misclassification through structural risk minimisation 
[23], SVM’s try to find a separating decision hyper-plane 
with the maximum margin, where that margin is defined 
as the minimum distance of the class sample distances to 
the decision plane. For a detailed description of SVM 
aspects, see [10]. 
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VIII CONCLUSIONS AND FUTURE WORK 
Digital imagery feature detection methods reviewed in 
this paper are far from exhaustive but they do summarise 
some of the recent research work in Australia to optimise 
automated image processing methods to support 
processing of imagery data outputs from airborne digital 
sensor systems. In targeting anticipated problems of data 
volumes and the complex nature of change control 
management of aerial imagery, future work in this area 
should target process time reductions and variations from 
traditional image formats. 

Experimental results have demonstrated the suitability of 
the proposed techniques in locating man-made objects of 
interest from digital sensor outputs. However, the 
performance of these techniques on large datasets remains 
computationally intensive. One potential solution to this 
problem is the use of an autonomous agent based 
approach to image segmentation to provide 
geographically targeted image subsets for task oriented 
image processing optimisation. 

In addition to the traditional image formats using a 2D 
lattice data structure consisting of rows and columns, new 
spiral architecture image formats based on the human 
vision system may offer improved feature identification 
of complex spatial features. Sheridan [24] proposed a 
spiral architecture data structure that offers added benefits 
for feature detection due to its inherent mathematical 
properties of scale and rotation. The detection of complex 
3D geometric objects which are represented in a 2D space 
are still difficult due the qualities of traditional two 
dimensional images (rows and columns) and the spiral 
image format may provide solutions to these problems.  
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