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_____________________________________________________________________________________________ 

Abstract 
The extraction of man-made objects from remotely sensed imagery has been the subject of 

extensive research over several decades. Technological development in the field of feature 

extraction from the spatial database is very fast. Now a day and in next few years it is possible to 

take images up to 1 meter resolution due to the development in the field of satellite sensors. To 

exploit this high volume data source automated information extraction techniques will be 

required. Automatic manmade object extraction remains an open research area in digital 

photogrammetry. While many algorithms have been proposed for manmade object extraction, 

none of them solve the problem completely. There should be a system which will extract the 

geometric features from Arial images; the extracted features should convert in to vector format. 

Vector format supports database feature, so hence the extracted vectorized image will be stored 

in to databases for taking further advantage. Usually the Mapping agencies undertake this task 

using manual techniques in an intensive manner. One has to work with Arial images, then 

processing of the images for extraction of geographic objects, convert the extracted objects in 

vector form, and store them in database. Thus the study deals with image processing, computer 

vision, and remote sensing. There is a consensus amongst the research literature that due to the 

complexity of both natural and man-made landscapes, it is going to be some time before this 

goal is likely to be achieved. To minimise the complexity of topographic image, in this review 

paper mainly two manmade objects are considered i.e. road network and buildings. Detection of 

the buildings manually from high resolution images requires an unacceptable amount of effort 

both in terms of time and cost [1]. Therefore, the aim of this review paper is to review the 

methodology for one of the initial steps in such a system which is automated, less complex, time 

saving and no need to develop a system like neural network. 

Keywords -  Road extraction, Spatial database, Feature extraction, Man-made object 

extraction, Parallel lines extraction, Building extraction 

______________________________________________________________________________ 
#1 Corresponding Author: Deshmukh Nilesh Kailasrao 

1. Introduction 

In this review paper, we mainly focus on extraction of manmade object limited to road network 

and building in the 2D plane. Therefore the term manmade object extraction is used in this 

paper in order to distinguish it from 3D reconstruction. Detection of the manmade object 

manually from high resolution images requires an unacceptable amount of effort both in terms 
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of time and cost. Therefore, researchers have been working on semi-automated and automated 

road detection methods for more than two decades in order not to spend too much effort for 

manually detecting the manmade object.  

To extract manmade objects from topographic low resolution image mainly three techniques 

are considered by the researcher as extraction of primitive object, cultural feature detection 

and point grouping. Only these three techniques are considered for the review of this paper. In 

this paper reviews are grouped into four groups for manmade object extraction as:  

 

 Extraction of Building  

 Extraction of Road Network 

 Cultural Feature Detection  

 Point Grouping  
 

2. Extraction of Building  

The rectangle extraction and detection methods are mainly based on grouping of primitives, 

like edges or segments or matching the predefined parametric models [2]. Some of the 

proposed methodologies include the use of additional information, such as topographic maps 

[3][4], segmentation and Hough transform [5], multispectral and hyperspectral images [6] [7], 

as well as various building models [8][9]. In [10] an automated building detection system 

from aerial images was proposed. To collect the edge segments and discard the edge segments 

that come from other sources, the perceptual grouping ap-proach was used. The shape 

properties of the buildings were used for the perceptual grouping. The shadows and the walls 

were used to verify the hypotheses generated by the grouping process. Lot of previous work is 

available relating to the constant rectangle extraction such as in early works of Image 

Understanding System (IUS), low-level image segmentation, such as to detect a rectangle, 

was considered as a dumb process [11] [12]. IUSs usually have two stages, low-level stage 

and high-level stage, to deal with different levels of information. Reasoning processes were 

integrated into a high-level stage [11] [12] so that it can manage high level information. A 

low-level stage employed inflexible image processing techniques [11] to provide a routine 

service to the higher levels. Some early works used the high-level stage to adjust parameters 

for the low-level stage. „Low-level image segmentation‟ by Nazif and Levine [11], for 

example, produced primitive feature shapes such as regions, lines, edges as its outputs [13]. 

Some works such as a rule-based system [11] employed contextual information to define 

primitive objects in aerial photographs. A single aerial image is the typical data type used in 

approaches based on optical features. Being based on radiometric contrast, most of these 

approaches extract primitive features such as edges and homogeneous regions. Relational 

graphs among the edges and regions are then established for high level processes. Approaches 

based on single image features produce closed polygons to generate building hypotheses. In 

order to generate closed polygons, geometric and chromatic attributes of the primitive features 

are exploited together with their topological relations. As an important cue for recognition, 

buildings are mostly assumed to be simple flat types. Then, building outlines are generated by 

combining lines and regions. Because simple flat buildings are assumed to be recognized, 

buildings are reconstructed by extending recognized boundaries in vertical direction. Many 

approaches employ line segments and their relationships in recognizing building regions [14] 
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[15] [16] [17]. In the approaches based on optical features, lines are aggregated together into 

closed polygons. Polygons are generated by combining collated line segments, which make 

parallelograms, and by considering the viewing geometry of camera models. To evaluate the 

likelihood of line combina-tions, Lin and Nevatia (1998) use certainty factors. They reduce 

the search space of the combinations by considering certainty factors rather than tracing 

feature relation graphs. Kim and Nevatia (1999) generate closed polygons based on neural 

networks or Bayesian networks. They use Baysian networks designed to reflect evidence from 

natural dependencies. Katartzis et al. (2010) use a Markov Random Field (MRF) to find 

optimal relations between features. The relations are classified into supporting or competing 

relations between features based on the geometric and photometric attributes of the fea-tures. 

For hypothesis verification, Lin and Nevatia (1998) exploit the shadows and walls 

neighboring the po-lygons. Collins et al. (1998) use other images to collect evidence. Through 

the geometry of camera models, the generated polygons are projected into other images and 

the features within the epipolar constraint zone are used for verification. Brunn et al. (1996) 

use region features to hypothesize building regions by morphological operations. Levitt 

(1995) utilizes not only edges but also homogeneous regions to generate hypotheses of 

building regions. For verification and localization of buildings, Levitt (1995) performs a 

snake algorithm which takes the boundaries of homogeneous regions as initial outlines of 

buildings and integrates the geome-try of edges and regions into the energy function of the 

snake model. However, some roof regions are not segmented well and are left undetected due 

to the low contrasts at building outlines and the lack of evidence such as shadows and walls. 

Automatic extraction and evaluation of geological linear features from digital remote sensing 

data us-ing hough transformation [18] useful to rectangle extraction. Hough transformation 

deals with the problems which arise due to the low intensity image. To understand the image 

fusion techniques is implemented which resolve the complexity of high resolution 

topographic image [19]. Although this approach can be used to extract rectangular shapes in 

images, it difficult to analyze the object. Markov model with airborne image produce good 

result for building extraction as a object [20]. Many ap-proaches employ line segments and 

their relationships in recognizing building regions [21]. In the ap-proaches based on optical 

features, lines are aggregated together into closed polygons. Polygons are generated by 

combining collated line segments, which make parallelograms [22]. Feature constraints 

embedded in the optimization reduces the complexity of feature extraction problems. 

Although this approach can be classified as a manual work with an optimization process 

rather than a semi-automated system [23], provides the completion for the final process of 

feature ex-traction, which is optimization. This study can be considered as an expansion of 

automatic initialization to provide probable feature candidates to an optimization process. The 

goal is to extract primitive shapes, which are constant rec-tangles, from aerial images without 

reference to context. Further work could be the integration of op-timization and initialization 

process. Ultimately, an automatic parameter-adjusting process would be developed and 

integrated into the two processes to build the desired fully automatic feature extraction 

system. In summary, although the approaches based on single image features present rigorous 

perceptual or-ganization, the building models are usually limited to simple shapes. 

Furthermore, some buildings do not seem to be detected and verified well because of the low 

geometric capacity of a single image. 
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3. Extraction of Road Network 

In aerial image processing constant parallel lines extraction can be referred to as road 

extraction due to their similarity in shapes and other features. Road-feature extraction was 

studied from aerial images over the past 2 decades. Numerous methods have been developed 

to extract road features from an aerial image. Road feature extraction from an aerial image 

depends on characteristics of roads, and their variations due to external factors (man-made 

and natural objects). A method of extraction is broadly classified into three steps: pre-

processing, edge-detection, and feature extraction [24] (initialized by a feature identification 

step). The efficiency of a given method depends on image resolution and the input road 

characteristics [25], and also on the algorithms used (developed to extract the desired 

information, using a combination of appropriate image-processing techniques). The task is to 

extract identified road features that are explicit in nature and visually identifiable to a human, 

from implicit information stored in the form of a matrix of values representing either gray 

levels or color information in a raster image [26]. 

There are numerous methods that have been developed to extract road features from an aerial 

image. Table 1-1 lists a few of the road extraction methods reviewed here, as part of literature 

survey, prior to work beginning on the development of a method of extraction in our study. 

Methods of extraction developed by researchers have been developed using a combination of 

image processing techniques. Techniques implemented in the methods of extraction may be 

common to one or more of the listed methods. Road extraction methods are broadly classified 

into Semi-automatic approaches and Automatic approaches, include a group of Semi-

automatic approaches, and an automatic approach that was developed by Baumgartner et al. 

(1999) According to McKeown (1996), one of the early researchers involved in developing 

road feature extraction methods, every image considered for the extraction of a desired feature 

is unique. Hence, it is difficult to have a general method for extracting road features from any 

image. 

 

Method of Extraction Research Group 

Cooperative methods of road tracking using road 

follower and correlation tracker 

McKeown and 

Delinger(1988) 

Road feature extraction using camera model and snakes. Gruen and Li (1995) 

Road feature tracing by profile matching and Kalman 

filter 

Vosselman and de 

Knecht. (1995) 

Multi-Scale and Snakes for Automatic Road Extraction 
Baumgartner et al. 

(1999) 

Detection of roads from satellite images using optimal 

search and Hough transform 
Rianto et al. (2002) 

Semi-Automatic road extraction algorithm for high 

resolution images, using path following approach 

Shukla et al. (2002) 

 

Table 1-1. Methods of extraction 

 

Automatic road extraction from digital imagery has been a major research focus in the 

photogrammetric and computer vision fields for more than two decades. The recent 

proliferation of high-resolution satellite imagery is further increasing the need for robust 
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automatic road-extraction solutions. Road-extraction algorithms commonly have to be 

designed based on the geometric and radiometric attributes of a road network (ASPRS, 2004, 

edited by McGlone). With respect to geometry, roads are generally considered to be elongate, 

constant in width, linear to curvilinear, smoothly curved, continuous, and connected into 

networks. In low-resolution images, roads are single–pixel-width lines, whereas, in high-

resolution images, roads are characterized geometrically as the area within a pair of edges. 

With respect to radiometry, road models tend to assume good contrast, well-defined and 

connected gradients, homogeneity, and smooth texture. 

There are many related works and proposed methods are different based on the goals and the 

available information. The goals, for example, are to track parallel lines with homogeneous 

intensity between them [27], to extract and construct road network [28], to bridge gaps caused 

by occlusions and shadows [29] [30]. The available information for example, is low-

resolution imagery, high-resolution imagery or contextual information [31] [32]. Additionally, 

the information acquisition can be categorised into two manners, semi automatic and fully 

automatic manner. In semi-automatic schemes, a human operator provides a big guide to the 

system, for instance, by manually selecting an initial point and a direction for a road tracking 

algorithm [33] [34] [35] whereas in fully automatic approaches, the initial points are 

automatically detected [36]. 

With automatic detection of road seed points, semi-automatic approaches may be upgraded to 

automatic ones. Barzohar and Cooper (1997) presented an automatic approach for the 

selection of starting points based on a gray-value histogram. In Ruskone et al. (1994), centers 

of elongated regions are detected by using a watershed transform of the gradient image. By 

starting from the selected points, the homogeneity of the road surface in the images is used to 

extract road segments. By using the geometrical constraints, connection hypotheses between 

road segments are checked, and a road network is constructed. In Baumgartner et al. (1999), 

roads are modeled as a network of intersections and links between these intersections and are 

found by grouping processes. Amini et al. (2002) used an object-based approach for automatic 

extraction of main roads. It consists of two parallel stages. At the first stage, an image 

containing the road is segmented, and straight line segments are extracted. At the second 

stage, image resolution is reduced and converted to a binary image. The road skeleton in the 

binary image is then extracted. By combining the results from the two stages, the road sides 

are extracted.  

To achieve automated road extraction, knowledge about features to be extracted and the 

relationships between features or contexts have been used. Steger et al. (1995) proposed a 

model-based road-extraction method, which classifies knowledge geometry, radiometry, 

topology, and context. Li and Ma (2003) applied geometric constraints such as terrain 

information to road extraction from aerial photography. Hinz and Baumgartner (2003) 

presented an approach for automatic extraction of urban road networks from multi-view aerial 

imagery. The context relations are used in the road-segment extraction. This includes the 

relations between road segments and the three-dimensional Digital Surface Model (DSM), 

building outlines, and shadow regions. Multiple aerial images of the same scene are used to 

remove occlusions and generate three-dimensional object descriptions. Trinder and Wang 

(1998) presented a knowledge-based system for automatic road extraction from aerial 

photography and high-resolution remotely sensed images. They proposed a generalized anti-

parallel pair to describe road boundaries. The recognition of roads is based on a model, which 

includes the geometric and radiometric properties of a road and contextual information. The 
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knowledge is expressed as rules in the system, and the machine-learning techniques are 

exploited to automate rule generation. 

In recent years, deformable models have emerged as a powerful tool for semi-automated 

object and surface modeling, as well as two-dimensional and three-dimensional image 

segmentation in applications as diverse as medical imaging, graphics, robotics, and terrain-

modeling. In the research of road extraction, Trinder and Li (1995) described a semi-

automatic method of feature extraction based on the active contour or “snakes.” Kerschner 

(1998) presented a twin-snakes model which was designed for detecting two parallel contours 

simultaneously. In this model, the snakes' energy function is extended by an additional term 

formulating the attraction force to a curve which is parallel to the twin partner. In 1997, Gruen 

and Li formulated this method in the Least Squares context and extended it to integrate 

multiple images for linear features extraction in a fully three-dimensional mode.  

Road extraction in low resolution can be considered as linear feature extraction since unclear 

details and lack of information in low-resolution imagery make roads ambiguous and difficult 

to distinguish from other linear structures [37]. This certainly gives disadvantages in the 

extraction. Low resolution, however, provides advantages; it dramatically reduces the 

complexity of road extraction to the general problem of line extraction [38]. 

Moreover, low details in low resolution do not require a big amount of computational effort 

and a complicated algorithm [39] that are required in high-resolution extraction. To fully take 

advantage of detailed information in a high-resolution image, extraction algorithms have to be 

complicated. This becomes a disadvantage of road extraction in high resolution. A higher-

resolution image, however, provides more information to verify a road hypothesis whether it 

should be accepted or rejected [40].  The approaches in [41] exploit multiple scales, both high 

and low resolution. The method is so called “multi-scale modelling”. It tracks lines in low 

resolution then uses information in high resolution for profile matching or detection of 

roadsides [42].  

Background contexts have a strong effect on the characteristics of roads at least to the 

appearance of roads in aerial imagery [43]. Roads in urban area, for instance, can be covered 

by shadows from buildings, cars, road markings, etc. whereas roads in forests can have 

shadows cast by trees. If relations between roads and other objects are ignored, a reliable 

extraction is often difficult [44][45] strongly exploited contextual information guiding 

extracting in complex scenes [46]. Urban contexts were mainly utilized to model urban road 

networks in [47] [48] extends multi-scale modelling with contextual information. It made use 

of detailed information in fine scale and context to verify road candidates. For instance, a road 

can have markings on it while forests cannot. 

Roads in aerial images can be so complicated that interaction with a human operator is 

necessary [49]. This is called semi-automatic extraction. Many techniques such as correlation-

based trackers [50] and edge linkers [51] make use of interaction to obtain initial information, 

for instance, a starting point, a direction and its width. The semi-automatic extraction is 

extended to automatic initial point detection in [52] and fully automatic methods in [53][54]. 

In [55], the extraction started with fully automatic manner and the result was manually edited 

afterwards. Stochastic models presented in [56] are used to initialize starting points then 

dynamic programming technique based on assumptions about the geometry of roads is 

performed to extract roads [57].  

In general, local methods to extract roads can be categorised into three major types: edge 

linkers, correlation trackers and region-based followers as presented in [58]. As suggested by 



 
 

 Page 367 
 

INTERNATIONAL JOURNAL OF ADVANCED SCIENTIFIC AND TECHNICAL RESEARCH 

ISSUE2, VOLUME 1 (FEBRUARY 2012)                                                                                                                ISSN: 2249-9954 

the name, local methods exploit local criteria to track roads. A region follower, for example, 

assuming that roads have a homogeneous intensity surface and the road intensity contrasts 

with the background [59], is used with a correlation tracker, which assumes the existence of a 

road surface pattern, to extract roads [60]. Since the methods deal directly with image 

properties, the main disadvantages are errors caused by local anomalies and a large number of 

parameters to be adjusted such as an intensity threshold, an acceptable error. In addition, 

parameters have to be readjusted when image contexts or images change rejected [61]. More 

general road extracting operators, which are independent of absolute intensity of roads, 

appeared in papers to eliminate the weakness of threshold setting such as DRO (Duda Road 

Operator) in [62] and other general methods in [63].  

Probabilistic models were presented in [64]. The aim of [65] is a completely automatic system 

to find the main roads in aerial images exploiting geometric probabilistic models. Before the 

advent of probabilistic models in [66], a Bayesian approach in low-level boundary estimation 

was introduced in [67] and [68]. Instead of exploring the absolute value of images such as 

intensity, the probabilistic models provide more general operation for road extraction.  

 Active Contour Models, also called Snakes, were introduced in [69] and [70]. Snakes 

overcome errors with local anomalies occurring in purely local criteria methods; moreover, it 

reduces a large number of adjustable parameters. Snakes combine geometric properties of 

features in the form of constraints guiding search in deformation process rejected [71]. The 

whole process of snakes is a deformation process to move snake curves to a position where 

the curves provide minimum total energy; the process is also called an optimising process. 

The total energy is the sum of all relevant energies calculated from force constraints. An 

internal force and an image force are incorporated in snakes presented in to define an elastic 

energy and a photometric energy respectively. An elastic energy is derived from geometric 

constraints such as curvature while an image energy is from photometric constraints such as 

contours of contrast. A compromising position between these two energies gives energy 

minimizing curves which fit the local maximum of the specified road properties rejected [72] 

comparing to the surrounding areas. As presented in [73], [74], [75] and rejected [76], since 

an internal force ignores local photometric anomalies, snakes can successfully trace roads 

through occlusions and shadows.  

This multiple-mode method controls blunders, like occlusions, well. Tao et al. (1998) 

extracted the road centerline from mobile mapping data by using the B-spline snakes method 

and obtained a satisfactory result. Agouris et al. (2001) extended the snakes models to 

function in a differential mode and introduced a new framework to differentiate change 

detection of the road segments. However, the above methods are based on traditional snakes 

and accurate initial estimations of searched roads, which are not available in most cases and 

requires many interactions during the extraction process. In order to simplify the initialization, 

Neuenschwander (1997) presents a modified snake-based approach. By using Ziplock snakes, 

the initialization of road extraction reduces to the specification of two endpoints of a road. But 

this method is difficult for solving blocking problems caused by tree shadows, vehicle 

crowds, and bridges. Therefore, a new method is needed to improve these snake-based road-

extraction methods.  

There has been much work in this area, due to the variety and volume of data awaiting 

availability of practical systems, and suitability of numerous sub-domains as test beds for 

different techniques. Emphasis of work in the area includes low-level primitives (Nevada and 

Babu), detection of cultural objects by rectangular or smoothly curving contours (Fua and 
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Hanson), complete systems based on applying special knowledge of particular sub-domains 

(Huertas), and general mechanisms for applying knowledge constraints (McKeown). 

Most work spans the range from use of low level vision to acquire basic data, to application of 

domain-specific knowledge, whether it  will be applied as a special case or through a general 

mechanism. It is typical for authors to comment on special characteristics making their 

domain challenging to automatic analysis. 

The present study considers a particular sub-domain - low resolution infrared city blocks and 

shows how mathematically well-behaved primitives can be used in conjunction with world 

constraints to extract features. A general system will function most efficiently with a library 

of such sub-domains and a kernel of mathematically precise low-level detectors. Binford 

argues lucidly that success in large domains using model-based analysis will require strong 

low-level modules. 
 

4. Cultural Feature Detection  

Huertas, Cole and Nevatia demonstrated a system for detection of air port runways from very 

high resolution photographs. This work showed a nice balance of simple but well-considered 

low (lines) and middle (APAR) level vision, use of hand-tooled high level constraints from 

the problem domain, and a working demonstration. APARS are approximately parallel edges 

of opposite contrast (Anti-PARallel), useful for detecting bars or slowly varying ribbon 

shapes against a contrasting background. They point out that while run ways are essentially 

elongated rectangles, the problem is very challeng-ing because of runway markings, non-

uniformity of runway surface (oil spots and shoulders), repair work, vehicles on the tarmac, 

and intersections. LINEAR (Nevada and Babu) is used to produce line segments and APARS. 

A variety of 5 by 5 masks are used to detect edges, which are then thresholded, thinned, 

linked, and approximated as piecewise linear. APARS are then identified. APAR-based ap-

proaches tend to produce many false candidates, especially when a feature has parallel sub-

features (e.g. lines down a runway), and each line can then contributes to many APARS. This 

is handled by his-togramming APAR widths, and selecting candidates with widths appropriate 

for runways, shoulders and markings. APARS are joined by analyzing continuity, collinearity, 

and gap texture. Finally, hypo-theses of positioning of runway sub features are verified from 

FAA specifications. Fua and Hanson used parallel and perpendicular line segments to locate 

cultural objects in high reso-lution images. Under segmentation was resolved by using linking 

to connect almost-collinear lines, complete corners, and close open-ended U's and parallels. 

Subsequently (Fua and Hanson), they pro-posed detecting roads by using linear edge 

segments to calculate road width and center; fitting a spline to the center; then using the 

center spline to locate splines for each side of the road. This allows the road to be continued 

even when one side is lost due to imaging conditions, occlusion, junctions. Pavlidis and Liow 

(Pavlidis and Liow) detected regions by following an over segmented split-and-merge phase 

with boundary and edge modification based on contrast, boundary smoothness, and im-age 

gradient along boundaries. The integration of top-down and bottom-up analysis has been 

advocated by many authors. In particu-lar, Matsuyama presented an image understanding 

system that generates hypotheses to test for the existence and location objects, according to 

the results of low-level vision techniques. Similarly, Nicolin and Gabler demonstrated a 

knowledge-based system for interpretation of aerial im-ages of suburban scenes. Their system 

is divided into several functional units. One unit contains a me-thods base of low-level image 
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processing techniques and a second unit contains a knowledge base for suburban scenes. The 

system's control module uses the knowledge base to decide which techniques from the 

methods base should be applied to the image. McKeown and Denlinger constructed a system 

for high-resolution imagery based on cooperation be-tween a surface correlation tracker and 

edge tracing. They detect edges using a 5 by 5 Sobel gradient. The correlation tracker, after a 

design of Quam, looks for patterns such as lane markers and wear pat-terns. Starting position 

of the road, its direction, and width are assumed given. The hypothesized road trajectory is 

tested by pushing a cross section of the road forward and testing for cross-correlation. Aviad 

and Carnine presented a method for generating hypotheses for fragments of roads, intended to 

be fed to a road tracker. The Nevatia and Babu, edge finder is used, followed by Road Center 

Hypo-thesis detection by antiparallel edges. RCH's are then aggregated by a greedy linker. 

This is followed by editing by a smoothness checker, and a final linking.  
 

5. Point Grouping  

In this review, we examine how to group points in the plane (houses locations) into smoothly 

varying curves that will lend insight into the feature composition of an aerial image. Zahn 

applied graph theo-retic algorithms to detection of clusters in arbitrary point patterns. By 

constructing a minimal span-ning tree, he is able to cluster dots into groups according to their 

point density, measured by calculating the local average length of the spanning tree's edges. A 

histogram of the local point densities is then calculated and categorized. All edges having 

neighbors of two (or more) different point density categories are deleted. The resulting graph 

contains a spanning tree for each point cluster. Stevens showed that orientation patterns in a 

field of random dots can be detected by the use of a local support algorithm. Local orientation 

is found by drawing virtual lines between neighboring points and then searching for the 

predominant orientation of the virtual lines. For example, Stevens' algo-rithm can deduce 

local relationships in a pattern consisting of an original set of random dots together with a 

duplicated translation, or with a duplicated set expanded about a center. It will also group iso-

lated one-dimensional curves. Since it finds the major orientation in two-dimensional 

neighborhoods, it is not well suited to grouping houses, where there are nearby linear strings 

of different orientation. Likewise, Zucker presented an orientation-based process to infer 

contours from a collection of dots by locally finding the tangent fields. Tuceryan and Ahuja 

performed clustering and linking according to properties of the Voronoi poly-gons induced by 

the dots, including area, eccentricity, isotropicity, and elongation. For example, dots around 

the boundary of a cluster can be identified because they are eccentric within their polygons. 

Vistnes used a statistical model for the detection of dotted lines and curves embedded in a 

random dot field. His model is based on a local operator that detects regions of differing dot 

densities. 
 

6. Conclusion 

Man-made object extraction is significant for a variety of applications, particular due to the 

increasing interest in automatically updating GIS databases from spatial database. Automation 

is becoming increasingly important to efficiently manage the vast amount of imagery that is 

being collected and archived. This paper reviewed a variety of methods used for identifying 

road network in remotely-sensed imagery. Many of the papers reviewed reported qualitative 
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results that were based on a visual assessment. Those that provided more quantitative results 

were often very vague in defining how the evaluation was performed. Traditional methods 

used for classification of road network use confusion matrices for expressing accuracy. Road 

network extraction routines tend to focus on a single feature, for example parallel lines in 

shapes only, which reduces the confusion matrix to a report of a total count of the feature 

detected and errors of commission and omission. Some authors developed synthetic images 

with defined noise levels in order to evaluate the success of the feature extraction algorithm. 

Many of the techniques described require preliminary input from either a human operator or 

from existing data layers. One of the aims of ongoing research into road network extraction is 

to increase the level of automation while reducing the amount of human input required. To 

achieve this will require significant improvements in the reliability of the automated systems. 

Whether knowledge based computer systems will improve to the level that the interpreter is 

no longer required is yet to be seen. What is certainly true is that civilian access to imagery is 

increasing, and without automation, much of this imagery will never be used.  
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