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Abstract 
This project discusses the review and implementation of edge extraction algorithms 

in color and range images to aid scene representation and object recognition. Edge 
detection is one of the most important tasks in image processing and scene analysis. It 
denotes the procedure of detecting meaningful discontinuities or edges in the images. The 
accuracy in detecting these edges and the efficiency in implementing these operations are 
important criteria for using an algorithm in the area of computer vision. Inaccuracies in 
edge detection directly influence the results of a subsequent feature-based image 
processing technique such as region segmentation, stereo analysis, data coding, image 
retrieval, data hiding, watermarking, or recognition and tracking of objects in image 
sequences. 

 
For detection of edge and lines in color images, various detection operators are used. 

Most of these operators are applied with convolution masks and are based on differential 
operations. In case of range images, the edges are extracted using algorithms proposed by 
researches based on weighted least squares techniques. The results are documented and a 
performance study is completed. 
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1. Introduction 
Computer vision has traditionally used an intensity camera as a source of information. 

A camera projects the observed 3-D scene onto a 2-D image plane. So the resulting 
digitized data does not explicitly contain the depth information. Scene analysis involves 
the extraction of different information from the recorded data to describe or build a model 
of the original scene. To perform robotic tasks such as path planning or autonomous 
guidance, it is highly desirable to obtain information about the geometry of the scene. 
Despite their lack of depth information, techniques developed to obtain range information 
from a single or more images as in stereo-imaging. As these techniques are mostly 
indirect methods involving assumptions, researchers introduced direct range measuring 
techniques such as laser triangulation scanners and ultrasonic range finders. 

Our laboratory©s emphasis is currently on developing a scene reconstruction system 
that will take a pair of range and intensity images of a given scene as input and then 
output a 3D reconstruction of that scene composed of geometric primitives of known 
sizes and locations that represent the objects in the scene. There are several basic blocks 
namely image acquisition, segmentation and model representation that compose this 
system.  We acquire real image data via a Perceptron laser scanner, IVP Range scanner or 
Riegl scanner. The effects of noise are partly removed by smoothing the image acquired. 
After the images are smoothed, we locate step and crease edges by computing the 
gradient magnitude of the range data, the gradient magnitude of the intensity data, and the 
gradient magnitude of the surface normal. Once the feature maps are obtained, the images 
are segmented for further high-level processing such as scene representation and object 
recognition.     

 Even though good quality range images are available, the intensity data are also 
used for better scene description. There are several researches working to combine both 
intensity and range data. To register intensity and range data, it is necessary that the pixel 
location in the intensity and range images correspond to the very same point in the scene. 
As wide area of applications requires edge extraction in intensity and range images as a 
preprocessing step, edge features were chosen to correlate between the images. The 
correspondence is achieved, not between the range and intensity image themselves but 
between edge maps extracted from these data. Edge feature detection is a fundamental 
issue in many intermediate level vision problems such as stereo, motion correspondence, 
image registration, and object recognition.  

Our focus will be on using methods that are robust to noise such as those based on 
Baccar’s algorithm [3]. Two main algorithms exist to extract step edges and roof edges. 
We are also interested in color image features for both reconstruction and for texture 
mapping. To detect basic edges in color images the edge operator masks such as Sobel, 
Canny and Compass are used, while the physical edges like highlight or material edges 
are detected using Gever’s technique [13]. The main objective will be to extract edge 
maps in color images to be matched with edges recovered from corresponding 3D dataset. 
The process incorporated in this project could be well demonstrated from the following 
figure: 
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Figure 1.1.Block diagram of procedure for correspondence between edges extracted in color and 
range images 

 

To emphasize the utility of this project we have chose two different applications: The 
first one refers to image registration which is a classical problem in image analysis. 
Image registration involves obtaining a correspondence between two or more images of a 
scene taken from different viewing positions or at different times. It is the first step in 
many image analysis systems such as geometric stereo, image data fusion, and 
applications involving template matching. In order to accurately register the images, one 
need to identify salient image features, and the feature detection algorithm should be 
robust to rotation and small geometrical distortions. Another interesting application we 
investigate is the SAFER, Under Vehicle inspection project.  

The project SAFER involves two major research tasks: video and range data 
acquisition and processing for under vehicle inspection. Our lab research focuses on 
designing a robotic imaging system that provides innovative technology in terms of 
software and hardware. Hardware design includes a versatile robot equipped with multi-
modal sensors such as video, thermal and range imaging. 
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                                  Figure 1.2.Block diagram of SAFER project design     

 
Software design includes algorithms to process the acquired data for efficient 

recognition of under vehicle scenes. As shown in the block diagram in Figure 1.2, the 
data collected are segmented to aid scene reconstruction. In this case, we would use our 
algorithm implemented to extract edge features of under vehicle scenes like muffler 
exhaust systems and catalytic converters for further high-level processing.  
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2. Color and Range Image Acquisition 

 
This section presents an overview of the theories employed to acquire color and 

range images. Consideration is given to digital aspects in case of color imaging, and 
triangulation methods in case of range imaging.  

2.1 Digital Color  Imaging 

Digital color cameras are designed to capture color images of real-world objects in 
much the same way as conventional cameras, with the difference that the images are 
recorded electronically instead of using film. These types of camera have 2-D CCD 
arrays that capture the image in a single electronically controlled exposure. A CCD 
consists of an array of small cells or pixels that are tiny photosensitive devices. 

One arrangement uses three CCD arrays with red, green, and blue color filters, 
respectively. In such an arrangement, precise mechanical and optical alignment is 
necessary to maintain correspondence between the images from the different channels. 
Once the CCD array is read by the hardware in the camera, software in the camera runs it 
through a set of algorithms in order to merge the intensity data from the CCD©s pixels 
into color information that is then saved into a typical digital format, such as JPG or TIFF. 

Often the green channel is offset by half a pixel in the horizontal direction to increase 
bandwidth beyond that achievable by individual CCD’s [30]. To improve the economy of 
space, and in order to avoid the problems of registering multiple images, another 
common arrangement uses a color filter mosaic that is overlaid on the CCD array during 
the semiconductor processing steps. Since the green region of the spectrum is 
perceptually more significant, such mosaics are laid out so as to have green, red, and blue 
recording pixels in the ratio 2 : 1 : 1 or 3 : 1 :1 [8].  

2.1.1 Camera Calibration  

Calculating the distance of various objects in the scene, relative to the position of the 
camera, is one of the important tasks of computer vision system. This procedure provides 
us with 3-D information, which is essential in many real world applications. In contrast to 
intensity images that store brightness values, range images store the distance value 
between object surfaces and the camera. 

In geometrical camera calibration the objective is to determine a set of camera 
parameters that describe the mapping between 3D reference coordinates and 2D image 
coordinates. Camera calibration in the context of three-dimensional machine vision is the 
process of determining the internal camera geometric and optical characteristics (intrinsic 
parameters) and the 3D position and orientation of the camera frame relative to a certain 
world coordinate system (extrinsic parameters). 

Extrinsic parameters are needed to transform object coordinates to a camera centered 
coordinate frame. In multi-camera systems, the extrinsic parameters also describe the 
relationship between the cameras. The pinhole camera model is based on the principle of 
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collinearity, where each point in the object space is projected by a straight line through 
the projection center into the image plane. The origin of the camera coordinate system is 
in the projection center at the location (Xi, Yi, Zi) with respect to the object coordinate 
system, and the z-axis of the camera frame is perpendicular to the image plane. The 

rotation is represented using Euler angles � , � , and �  that define a sequence of three 
elementary rotations around x, y, z-axis respectively. The rotations are performed 
clockwise, first around the x-axis, then the y-axis that is already once rotated, and finally 
around the z-axis that is twice rotated during the previous stages. 

Recently Heikkilä [18] proposed a calibration technique such that the intrinsic and 
extrinsic camera parameters are computed based on measured image coordinates of a 
known calibration target. The most convenient way to perform calibration is based on 
control points whose 3D world coordinates and 2D image coordinates are both precisely 
known. These parameters may be used to correct distorted images or image coordinates. 
What we need is the coordinates of the control points and corresponding image 
observations. Image correction is performed by using a new implicit model that 
interpolates the correct image points based on the physical camera parameters derived 
during the calibration process. Apparently this technique was chosen for geometric 
camera calibration. The camera calibration toolbox for Matlab used in this project is 
available on the internet at http://www.ee.oulu.fi/~jth/calibr/. 

The CACAL is the camera calibration routine developed in Matlab using this 
technique. In CACAL, the configuration of the imaging system needs to be specified. The 
configuration data is stored in the file and it is acquired based on the name of the setup 
like ©nikon©. The actual calibration data is stored in data matrices. The calibration target 
can be also three-dimensional. The advantage which is gained is that only one image is 
required. The calibration target used in this project is shown in Figure 2.1. Figure 2.2 
shows the control points segmented. The centroids of these 40 control points are used as 
2D observed coordinate points the world 3D coordinates of the control points in fixed 
right handed system. 

 

 
 

Figure 2.1. Color image of Calibration target captured using the Nikon coolpix950 camera 
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Figure 2.2. Segmented control points 

 

In order to express a point P at location (Xi, Yi, Zi) in image coordinates, we first need 
to transform it to camera coordinates (xi, yi, zi). This transformation consists of a 
translation and a rotation, and it can be performed by using the following matrix equation 
(2.1): 
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The intrinsic camera parameters usually include the effective focal length f, scale 

factor su and sv and the image center (u0, v0) also called the principal point. The origin of 
the image coordinate system is in the upper left corner of the image array. The unit of the 
image coordinates is pixels, and therefore coefficients Du and Dv are needed to change the 
metric units to pixels. By using the pinhole model, the projection of the point (xi, yi, zi) to 
the image plane is expressed as in equation (2.2) 
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The corresponding image coordinates in pixels are obtained from the projection by 
applying the following transformation as in equation (2.3): 
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In addition it is common to use a correction for the radial lens distortion that causes 

the actual image point to be displaced radially in the image plane [37]. The radial 
distortion can be approximated using the following expression given in equation (2.4): 
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where k1, k2,... are coefficients for radial distortion, and 22 ~~
iii vur += .  

Centers of curvature of lens surfaces are not always strictly collinear. This introduces 
another common distortion type, decentering distortion which has both a radial and 
tangential component [37]. The expression for the tangential distortion is often written in 
the following form defined in the equation (2.5): 
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where p2 and p1 are coefficients for tangential distortion. 
A proper camera model for accurate calibration can be derived by combining the 

pinhole model with the correction for the radial and tangential distortion components as 
in equation (2.6): 
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The snapshot shown in Figure 2.3 highlights the mapping of 3D to 2D 

correspondence for the control points chosen. 
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Figure 2.3. Mapping of 3D to 2D coordinates for chosen control points 

 

2.2 Laser  Tr iangulation scanners for  range imaging 

Many active range imaging techniques use a triangulation scheme where the scene is 
illuminated from one direction and viewed from another. The illumination angle, the 
viewing angle, and the baseline between the illuminator and the sensor are the 
triangulation parameters. The laser triangulation scanners are an increasingly common 
means for acquiring three-dimensional geometry of objects. The popularity of this 
method is derived largely from the robustness and precision that is attainable. The 
scanner design is straightforward, employing simple geometry and using commonly 
available parts.  

One possible design for laser range scanners is shown in Figure 2.4. The single stripe 
of object depth can be recovered through triangulation. In order to recover an entire range 
map of depth values, the object is placed on a precisely calibrated motion control 
platform. Despite the simple geometry and components, laser triangulation scanners must 
be engineered and calibrated with extremely high precision. This calibration involves 
measuring geometry and optics. The imager lens system, the relationship between laser 
sheet and imager, the shape of the laser sheet, and the repeatability and motion of any 
motorized component must be completely characterized in order to produce an accurate 
depth image. 

Although it is theoretically possible to improve the precision and calibration of 
existing scanner designs through manufacturing and measurement, an important 
alternative is to design scanners with ease of engineering and calibration. In particular, 
proper design can both improve the maintainability of a laser scanner, as well as simplify 
the calibration process itself.  
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Figure 2.4. Laser range triangulation principle. Adapted from [19]  

2.3 IVP Range Profiling system 

The IVP Ranger SC386 is a laser triangulation scanner for range profiling using the 
MAPP family Smart Vision Cameras. The experimental setup is shown in Figure 2.5. 

 

 
 
 

Figure 2.5. Experimental Setup for IVP laser triangulation range scanner 
 

The range profiles are acquired using laser triangulation, and the technique is known 
under a variety of names such as sheet-of-light range imaging, laser profiling and light 
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stripe ranging as shown in Figure 2.6. In this sheet-of-light system the offset position of 
the reflected light on the sensor plane depends on the distance (range) from the light 
source to the object. Using trigonometry we can solve for the range if we know the 
distance between the laser and the optical center of the sensor and the direction of the 
transmitted ray. The third triangulation parameter, the direction of the incoming light ray, 
is given by the sensor offset position. For each position of the sheet-of-light the depth 
variation of the scene creates a contour which is projected onto the sensor plane.  

 
 

 

 
Figure 2.6. Range Profiling Process in sheet of light scanning system. Adapted from [19]  

 
If we extract the position of the incoming light for each sensor row we obtain an 

offset data vector, or profile, that serves as input for the 3D computations. To make a 
sheet-of-light the sharp laser spot-light passes through a lens. The lens spreads the light 
into a sheet in one dimension while it is unaffected in the other.  

The two-dimensional range images can be obtained in at least three ways: by moving 
the apparatus over a static scene as in a road surface survey vehicle, by moving the scene 
on a moving platform with controlled motion, or by sweeping the sheet-of-light over a 
static 3D-scene using a mirror arrangement. In the first two cases the distance can be 
computed from the offset position in each row using a simple range equation or a 
precomputed lookup table. The third case is more unreliable since the direction of the 
emitted sheet-of-light changes so that a second triangulation parameter becomes involved 
for each light sheet position. In any case, for each illumination position and sensor 
integration, in the first processing step, the output from the 2D image sensor should be 
reduced to a 1D array of offset values. 
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2.4 Range Image Processor  Inter face 

The GUI available with the IVP scanner system allows the user to test the profiling 
applications. It has the functionality to access all variables in the ranger camera, start 
applications in the camera and view the profiling data. Data can be recorded and stored, 
and can later be uploaded to the GUI again. The recorded profiles are visualized either as 
single profiles, as range images or as 3D-visualizations. To enable better visualization 
and processing for range images acquired, we developed a graphical user interface for our 
experiments. 

The Range Image Processor Interface we created is a window application that is built 
using VC++ programming. It has two purposes, first to serve as an effective visualization 
tool for RANGER users, and second to process the range data acquired. All the results 
obtained on processing the image are viewed live on the screen and stored on file. First 
some general characteristics of the GUI are described, and then the menus and buttons as 
they appear from left to right on the GUI are described in the following section.  

2.4.1 Ranger  GUI  functions 

The GUI has three main areas, the image display area, the basic file control, and 
range processing control drop-down menus.   When the GUI is started, the display and 
range processing control areas are inactive, while only the basic menu is enabled. These 
areas are activated as the GUI has been launched, i.e. has opened an image file as shown 
in Figure 2.7.  

The basic menu has functions to open an image file, save processed files and close 
files and application. This interface reads, writes and manipulates images in either of 
BMP or JPG formats. All the functions in this menu are always available in the 
application throughout the processing.  
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Figure 2.7. Snapshot of Range Image Processor Interface displaying a range image 
 

The range processing menu could be used for all implemented image processing 
algorithms. It has functions to pseudo colorize gray level image and create calibrated 3D 
models from uncalibrated range images. It also has functions for low-level and high-level 
range image processing like smoothing the range data or removing noise. All the 
functions are available through several drop-down menus as a sequence. Among several 
menu functions in the GUI, the most important ones are described in this section. 

The range image processing menu as shown in Figure 2.8 is used for images of size 
246 x 246. There are several functions like pseudocoloring, color and grey scale textured 
3D models generation available in this menu. The same algorithms can be applied for 
images of any pixel resolution. 

 

 
 
 

Figure 2.8. Range image (246 x 246) processing menu 
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The range image low-level processing menu as shown in Figure 2.9 is used for 
smoothing or for sharpening the image features. The smoothing effect is mainly used for 
noise removal from images using functions like averaging or median filtering technique. 
Sharpening effects could be produced using high pass filters. 

 
 

 
 

Figure 2.9. Range image low-level processing menu 
 

The range image edge extraction menu as shown in Figure 2.10 is used for edge 
detection using mask operators. The various mask operators available are Sobel, 
Laplacian zero crossing, Marr Hildreth and Canny for edge extraction. There are also 
specific menus included for edge extraction in range and color images. More theoretical 
information about these algorithms would be given in the next section. 

 
 

 
Figure 2.10. Range image edge extraction menu 

 
The range image calibration menu shown in Figure 2.11 is used for creating 

calibrated 3D models. For every range image opened, the corresponding calibration 
parameters are given as input and the 3D model is created as a VRML file. Also the 
accuracy and the resolution factors are calculated from the input. Once the calibration 
matrix is known, any image could be calibrated using this technique. 

 

 
 

Figure 2.11. Range image calibration menu 
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Figure 2.12. Superquadrics modeling menu 
 

Superquadrics are a family of parametric models that cover a wide variety of 
smoothly changing.3D symmetric shapes, which are controlled with a small number of 
parameters and which can be augmented with the addition of global and local 
deformations. Global deformations such as tapering, bending and twisting could be 
applied directly to superquadric surfaces. The algorithm created takes text file as input, 
reads 3D coordinate points data and calculates superquadric parameters. The input file 
could either be in vrml or iv format. Also, another algorithm is created that takes 
superquadric parameters as input and render superquadric 3D models. The menu 
available in the GUI has options to write both file types. As a GUI feature, a dialog box 
appears to enable the user to enter the superquadric parameters. As a result, the fitting 
parameters of the desired superquadric model are easy to modify on the dialog box. In 
other words, the size, shape, translation, rotation angles, pose, tapering and bending 
parameters are entered and the model is created. 

 

3. Edge Extraction in Color and Range Images 
The use of color in edge detection increases the amount of information needed for 

processing which complicates the definition of the problem. For grayscale images, most 
edge detectors use local gradient information or a difference operator in some fashion. In 
color images, a distance measure (typically the Euclidean distance) needs to be used to 
define the color gradient. It is, therefore, easy to extend the Sobel’s, and Canny’s 
methods by replacing the difference operators by the Euclidean distance, vector angle or 
a combined measure. 

3.1 Color  edge detectors 

The Sobel [38] operator performs a 2D spatial gradient measurement on an image. 
Typically it is used to find the approximate absolute gradient magnitude at each point in 
an input grayscale image. The Sobel edge detector uses a pair of 3x3 convolution masks, 
one estimating the gradient in the x-direction (columns) and the other estimating the 
gradient in the y-direction (rows). A convolution mask is usually much smaller than the 
actual image. As a result, the mask is slid over the image, manipulating a square of pixels 
at a time. The actual Sobel masks are shown in the equations (3.1) and (3.2) below:  
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These two masks are convolved with image separately. The separate measurements 

of the gradient component in each orientation are given by S1 and S2. The magnitude and 
direction of an edge is calculated by using convolution results of two masks as shown in 
the equations (3.3) and (3.4) below: 
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The only difference between color and grayscale edge detection is that this algorithm 

is applied to each channel and the results are fused to form a complete edge image. The 
Sobel operator has been applied to all three planes in the RGB space and the gradients 
were summed to obtain the resultant edges in [38]. Hedley and Yan compute the Sobel 
operator on each of the three RGB planes and then sum the results. For their map 
processing application where colors and objects are well defined, this seems to be an 
adequate technique for edge detection. The Sobel operator was also applied to each 
component of the HSI space and the individual results were combined using a trade-off 
parameter between hue and intensity. For improved results, the original difference-based 
gradient computation as explained above is replaced by a Euclidean distance calculation. 

The Canny [10] edge detection algorithm is known to many as the optimal edge 
detector. Canny©s intentions were to enhance the many edge detectors already out at the 
time he started his work. He was successful in achieving his goal and his ideas and 
methods can be found in his paper, "A Computational Approach to Edge Detection". In 
his paper, he followed a list of criteria to improve current methods of edge detection. The 
first and most obvious is low error rate. The second criterion is that the edge points be 
well localized. In other words, the distance between the edge pixels as found by the 
detector and the actual edge is to be at a minimum. A third criterion is to have only one 
response to a single edge. This was implemented because the first two criterions were not 
substantial enough to completely eliminate the possibility of multiple responses to an 
edge. This method works in a multi-stage process. First of all the image is smoothed by 
Gaussian convolution. Then a simple 2D first derivative operator like the Roberts Cross 
operator is applied to the smoothed image to highlight regions of the image with high 
first spatial derivatives. Edges give rise to ridges in the gradient magnitude image. The 
algorithm then tracks along the top of these ridges and sets to zero all pixels that are not 
actually on the ridge top so as to give a thin line in the output, a process known as non-
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maximal suppression. The tracking process exhibits hysteresis controlled by two 
thresholds: T1 and T2 with T1 > T2. Tracking can only begin at a point on a ridge higher 
than T1. Tracking then continues in both directions out from that point until the height of 
the ridge falls below T2. This hysteresis helps to ensure that noisy edges are not broken 
up into multiple edge fragments. Finally the edges themselves are then linked using a 
hysteresis operation based on an upper and lower threshold. Any edge above the upper 
threshold is accepted. Any edge below the lower threshold is rejected. Remaining points 
are accepted only if they are connected to pixels that have already been accepted. 
The gradient is not calculated explicitly, instead, first-derivatives in specific directions, 
by taking the result that produce the maximum first derivative, we can approximate the 
gradient magnitude. However, the orientation is limited to these specific directions. The 
kernels shown in equations (3.5 a, b and c) make up the Kirsch compass kernels because 
they cover a number of explicit directions. 
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(3.5 a) 
 
 
(3.5 b) 
 
 
(3.5 c) 
 

The edge magnitude is defined as the maximum value found by convolution of each 
mask with the image. The direction is defined by the mask that produces the maximum 
magnitude. Example, mask K0 corresponds to a vertical edge, while mask K4 corresponds 
to a diagonal edge. Notice that the last four masks are actually the same as the first four, 
but flipped about a central axis. That is, only four of the preceding eight compass 
gradients are linearly independent. Therefore, it is possible to define four 3x3 array that 
are mutually orthogonal. These arrays are called orthogonal gradients. Compass gradients 
with higher angular resolution can be designed by increasing the size of the mask.  

The second derivative operators, such as the Marr-Hildreth [24] and Marr-Poggio 
[25] operators, search for zero-crossings in the second derivative of the intensity of an 
image to find the edges. From neurophysiological experiments, Marr concluded in the 
seventies that object boundaries are the most important cues that link an intensity image 
with its interpretation. He proposed the use of zero crossings of the second derivative for 
accurate edge detection. The first derivative of the image function should have extremum 
at the position corresponding to the edge in the image, so the second derivatives should 
be zero at the same position. In 1979 Marr and Poggio implemented a different approach 
that involves low pass filtering the images to various resolutions, then correlating on the 
zero crossings in the filtered images. A low frequency version provides a coarse 
positioning, and the less filtered images are then used to refine the positions.  
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Despite various shortcomings of these isotropic edge detectors pointed out by 
Haralick [14], they remain popular because humans usually do not show strong 
directional preferences when detecting edges or boundaries [35]. Many robust and 
complex color-edge detection techniques have been proposed [18, 29, 30, 33, and 42]. 
Several researchers have applied vector order statistics methods such as vector mean and 
vector median filters [43], the minimum vector dispersion (MVD) edge detector [40], and 
the vector range operator [39] in the RGB space. Another approach for edge detection 
was the calculation of the maximum Euclidean distance between the central pixel and all 
its neighbors, which is called the vector gradient [17]. These sophisticated techniques can 
provide highly accurate results. We choose instead to implement a more simple edge 
detector for identifying the geometric structures of an image in this project. 

3.2 Physical edge detectors 

In addition to quantitative and qualitative advantages of color edge detection, color 
information allows for a classification of the edges. Edges in images are characterized by 
discontinuities in the image function. They can have completely different causes due to 
the geometrical and photometric conditions within a scene. Different types of edges are 
outlined in Figure 3.1. Edges can be distinguished into the following five categories: 
reflectance edges, illumination edges, highlight edges, orientation edges, and occlusion 
edges. Reflectance edges arise from a discontinuity of the reflectance of a surface while 
illumination edges, or shadow edges, arise from a discontinuity of the intensity of the 
incident lighting. Specula©s edges, or highlight edges, arise from a special orientation 
between the light source, the object surface, and the observer, and due to material 
properties. Orientation edges arise from a discontinuity of the vector normal of a 
continuous surface while occlusion edges are boundaries between an object and the 
background as seen by the observer. Occlusion edges do not represent a physical 
discontinuity in the scene. They exist due to a special viewing position. 

Segmentation techniques in which physical models in a color space are used for the 
division of an image into regions that correspond with surface areas or objects in the 
scene are discussed in this section. The goal of these techniques is to segment a color 
image at object borders and not at shadows or specular highlights in the image [9]. This is 
a difficult task since the image presenting a surface area is influenced by various effects 
such as highlights, shadows, shading, sensor noises, uneven lighting, and surface textures. 
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Figure 3.1. Different types of physical edge. Adapted from [21]  

 
Most of the techniques described in the previous sections implement uniformity 

criteria for the definition of regions based on a uniform or a minimal color distance of 
color signals distorted by noise. These algorithms frequently produce results for realistic 
images in which a surface area of an object is segmented into many regions. A highlight 
can be segmented as a separate region in the image or the surface area of a bent object 
can be subdivided into many regions on the basis of intensity changes caused by shading. 
Often highlights are misinterpreted as light objects or light patterns on surfaces. This 
would further impede object recognition. Physics-based segmentation techniques 
facilitate the segmentation of real images on the basis of physical models for image 
formation.  

Digital color image processing provides the new chance to detect and to remove 
highlights in images. In this project, computational models are used to compute color 
invariant edges using Gever’s approach [13]. A new color edge taxonomy is presented 
based upon different color edges with respect to the following imaging dependencies: 
shadows, object shape, illumination, highlights, and material characteristics. From this 
taxonomy, the color edge classifier is derived. Different color models are used for the 
purpose of color edge classification. The model c1c2c3 is defined as in the equations (3.6), 
(3.7) and (3.8) below: 
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Similarly, the model l1l2l3 is defined as in the equations (3.9), (3.10) and (3.11) 

below: 
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(3.10) 

 
(3.11) 

 
The effect of varying imaging circumstances have been analyzed for dichromatic 

reflectance differentiated for RGB, c1c2c3 and l1l2l3. 
The color gradient for RGB is given by the equation (3.12) as follows: 
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(3.16) 

Similarly, the color gradients are calculated for the derived color invariant models 
c1c2c3 and l1l2l3. The color invariant gradients computed will be used to discriminate the 
different edge types by their physical nature. 

Let the set of image coordinates of local RGB edge maxima in an image be denoted 
by E, which will be zero except at RGB edges. Then the rule-based reflectance classifier 
is as follows: 

 
IF RGBCÑ > t1 AND 321 cccCÑ £  t2 
THEN classify as shadow or  geometry edge 
ELSE 
IF 321 cccCÑ > t2 AND 321 lllCÑ £  t3 
THEN classify as highlight edge 
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ELSE 
IF 321 lllCÑ > t3 
THEN classify as mater ial edge 
 

 Shape 
 edges 

Shadow 
edges 

Highlight 
edges 

Material 
edges 

RGBCÑ  + + + + 

321 cccCÑ  - - + + 

321 lllCÑ  - - - + 

 

Figure 3.2. Table showing taxonomy of color edges based upon the sensitivity of the different color 
edges with respect to the different imaging conditions. - denotes invariant and +denotes sensitivity of the 
color edge to the imaging condition. Adapted from [13]  

 
From this analysis it has been shown that l1l2l3 varies with a change in material only, 

c1c2c3 with a change in material and highlights, and RGB varies with a change in material, 
highlights, shading and object shape. 

Several physics-based edge detection techniques have been studied for RGB images.  
Klinker et al. [21] presented an extensive examination of the influence of highlights, 
shadowing, and camera characteristics on the results of color image segmentation. By 
using the dichromatic reflection model for inhomogeneous, dielectric materials, they 
classify the physical occurrences from the measured color variation in the color space. 
They have shown that a color cluster whose pixel contains a matte and a highlight region 
looks like a "skewed T" in the color space. Bajscy et al. [4] retrieved “dog-leg”  planar 
clusters in RGB space. The segmentation results are independent of different imaging 
conditions caused by the object geometry, illumination and by highlights. Healey [16] 
proposed a physics-based method to segment images on the basis of normalized color. 
Gevers presented in [13] an edge classification scheme which operated on edge maps 
from any color space.  

 

3.3 Edge extraction in Range images 

In range images three basic edge types could be defined. Jump edges are usually 
defined as discontinuities in depth values. Such edges occur when an object is occluded 
by another object or itself. Crease edges are formed when two surfaces meet. Such edges 
are characterized by discontinuities in surface normals. Finally smooth edges are defined 
by continuous surface normals but discontinuous curvatures. Given the fact that smooth 
edges relatively seldom occur in range images, their detection has been widely ignored in 
this project. Thus any segmentation algorithm developed to extract edges from a range 
image must be based on differentiation between the two types of discontinuities as jump 
and crease edges. These edges are then combined to yield a complete boundary 
description of the scene.  
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Baccar [3] developed a dual-edge extraction approach to extract both step and roof 
edges. On fusing the two edge images give rise to edge maps that are more effective than 
either of the edge images. Earlier, Besl [4, 6, and 7] proposed an effective approach for 
estimating the derivatives in range images using locally fit discrete orthogonal 
polynomials with an unweighted least-squares technique. Range images were locally 
approximated with a smooth second-order polynomial from which first and second order 
derivatives are computed. On using this technique, due to unweighted least-squares there 
is loss of accuracy at the center of window, creating errors in image differentiation. As a 
solution to this problem, this weighted least-squares approach proposed by Baccar [3] 
was chosen in this project. It is also shown that fusing the two edgemaps gives rise to 
edgemaps that are superior to either of the edge images [1 and 2]. 

3.3.1 Extraction of Step Edges 

Step edges are defined as discontinuities in depth of objects in a range image. For 
weighted least-squares approximation W(x), a 1D Gaussian kernel of unit amplitude, zero 
mean and a standard deviation s  is chosen. That is, a second degree Gaussian weighted 
orthogonal polynomials and local windows of size 5 x 5 with s  = 0.75. The step edge 
image gs(x,y) is obtained using the following technique. 

A 1D set of second-degree orthogonal polynomials � 0, � 1, � 2 is given by the equation 
(3.17) 
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The range image is approximated locally using the equation (3.18):  
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The partial derivatives of the approximated range image are defined in the equations 

(3.20) and (3.21) 
yaxaayxry 021101 2),(ˆ ++=  (3.20) 
xayaayxrx 201110 2),(ˆ ++=  (3.21) 

 
At the center of the discrete window for (x, y) = (0, 0), the partial derivatives are 

given by the equations (3.22) and (3.23) 
 

  01),(ˆ ayxry =                                                    (3.22) 

10),(ˆ ayxrx =     (3.23) 
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The gradient magnitude at the center of the discrete window is 2
01

2
10 aa + . 

3.3.2 Extraction of Roof Edges 

Roof edges are defined as the discontinuities in the direction of surface normals of 
objects in a range image. The same Gaussian weighted least squares method is used for 
roof edge extraction. The quantity that defines the surface normal at a differentiable point 
of a surface is a 3D column vector given by the same relation as in equation (3.24): 
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and  
 
                                                                                                                            (3.26) 
 
 
To compute the surface normal, the angle between the two projections of the normal 

vector n on the (x, z) and (y, z) planes is measured using equation (3.27) 
 

 (3.27) 
 
The quantity g(x, y) acts as a gray-scale representation of the surface normals when 

computed for all the values of x and y in the range image. This image is obtained using a 
5 x 5 discrete window and a standard deviation s  = 0.75. This particular value of standard 
deviation provided reasonable tolerance to local deviations in the range image. It also 
maintains the accuracy of the boundary locations, an important issue for edge based 
algorithms. It has a significant computational advantage since the step and the normal 
images are obtained in the same pass of processing. The output of this process is scaled to 
an eight bit image. Then, values of this image in the upper and lower 5% of the [0, 255] 
scale are clipped. The thresholding is used to eliminate surface normal estimates where 
one of the two partial derivatives has very low magnitude. These two thresholds also 
enhance the contrast of the resulting surface normal map. A 5 x 5 median filter is then 
applied to the thresholded image to produce the final surface normal image. This 
additional step is necessary due to amplifying the non-linearity of the tan-1 operation. The 
roof edge image gr(x, y) is finally obtained from this image by using weighted Gaussian 
approach. As neither the step nor the roof edge image contains a complete edge 
description of a range image, fusing could be done to generate more complete edge map. 
As a conclusion, the Gaussian weighted least squares technique (GWLS) is a polynomial 
approximation for derivative estimation. In other words the depth and orientation 
discontinuities are extracted from an image using the GWLS technique.  
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Several researchers proposed new techniques for improved range image edge 
detection. Parvin [31] extracted features from range images by fitting a one dimensional 
third order regression polynomial in orthogonal directions at each pixel location. Ridges, 
ravines and creases create zero-crossings in the first derivative. These points were 
classified when the fit error is small, and the root of the zero-crossing falls within the 
pixel area. The distinction among ridges and ravines was decided by the sign of the 
second derivative. Fan et al. [11] applied a multiple scale feature extraction algorithm. 
The directional curvature extrema and zero crossings were used to identify step and roof 
boundaries in range images. The range image was initially smoothed with a number of 
Gaussian smoothing kernels for s  = 0.5, 1 and 1.5. For each of the images generated, the 
first order difference was computed in four different directions using four 5 by 5 
directional masks. The second order difference was computed through convolution of the 
directional mask with the first order difference at that direction. The directional curvature 
was computed to find the zero-crossings and identify the step boundaries, while the 
curvature extrema identify the roof boundaries.  

Wani and Batchelor [42] developed a segmentation algorithm that detects 3 types of 
edges: (1) Fold edges - also known as crease or roof edges, (2) Boundary edges - where at 
least one of the neighboring pixels lies in the image background, and (3) Semistep edges - 
where a part of an object occludes part of itself, or another object.  First, the image is 
sliced by considering all the pixels located at distance z from the camera to be part of the 
slice.  These slices are known as equidistant contours (ECDs).  Next, critical points are 
extracted from the ECDs, and linked together.  Sparse edge pixels are found from the 
linked critical points, and the edges are found by applying various masks to these sparse 
edge pixels.  Their algorithm lends itself to parallel processing, allowing for the fast 
segmentation of range images. 

Lee, Park, and Choi [23] utilized Gaussian smoothing and directional derivatives to 
extract the edge information from a range image.  They found local extrema along four 
directions: 0ë, 45ë, 90ë, and 135ë.  Once the edges are found, holes are filled and edge 
regions are formed.  A safe point thinning algorithm is used to quickly fill and thin these 
regions, generating a fused edge map.   

Jiang and Bunke [20] detect the edges present in an image with a method based 
on a scan line approximation technique.  The scan line is partitioned by fitting a quadric 
curve to its endpoints.  Then, whenever the largest error emax between the approximation 
and the scan line is greater than a specified threshold, the scan line is split into two parts 
at that location.  The algorithm recurses until the approximation error does not exceed the 
threshold. The endpoints of the curve segments are the only points on the scan line whose 
edge strengths are evaluated.  The process is applied separately to the rows, columns, and 
both diagonals and the results are combined to form a complete edge map.  The 
advantage of this technique is that edge strength values have a straightforward 
geometrical meaning. 
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4. Exper imental Results 
We present several results for the algorithms mentioned above for both color and 

range images in the following sections. 

4.1 Range Image Processor  Inter face  

 

a b 

c d 

  
e f 

Figure 4.1.(a) Range image of a building acquired using Riegl scanner in our lab. (b)Corresponding 
pseudo colored image (c) Range image of multiple objects scene acquired using IVP scanner in our lab (d) 
Corresponding color textured 3D vrml model (e) Range image after bit-inversion (f) Range image after 
smoothing 
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Some of the results obtained using the algorithms implemented in the software 
interface are shown in Figure 4.1.As mentioned above, the interface reads in a BMP or a 
JPG format image, process the image either to pseudo colorize, to remove noise, to 
extract edges or to create 3D VRML models which could be viewed using simple VRML 
browser. Simple algorithms like bit inversion is used when the range images are acquired 
based on inverse triangulation technique. 

The software algorithm was tested on real under vehicle scene like car muffler. In 
Figure 4.2, the front and back view of the registered 3D model of a car muffler is shown. 
The registered model encloses the top and bottom sections, but the side sections are left 
uncovered. The main advantage of using superquadric fitting is that highly precise 
models are obtained from incomplete 3D data. 

 

      
(a)                                                                              (b) 

 
Figure 4.2. (a) Front view of registered 3D model of a car muffler (b) Back view of the same model 
 
The Figure 4.3 shows the superquadric models of the muffler as three single parts, 

namely, the main body, and the two side pipe sections. The model parameters are 
observed to be in accordance with the ground truth, even though the fitting error seemed 
to be as high as 5.048. The runtime usually takes 16 to 18 seconds for this model. 

  

 
 

Figure 4.3  Superquadric fitted 3D model of the car muffler 
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4.2 Color  Edge Extraction  

These are the results of edge detection obtained by using different edge detector 
masks with various combinations of the parameters, the threshold and the s  in case of 
Canny edge detector. Images in each section correspond to the results using each detector 
operator. In comparison with the results from each edge detector, each edgemap differ 
slightly close to one another are detected. It should be noted that different values for 
thresholds are used here The Figure 4.4 shows the color image of a ship model used. The 
color image of the ship model was captured for lab experiments using NIKON 
coolpix940 camera. The color edge extraction algorithm is tested on color images and the 
results are documented.  The results using various edge detection algorithms are shown in 
Figure 4.5 (a, b, c, d, e, f, g, h and i). 

 
 
 

 

 

 
     
 
 
 

Figure 4.4. Color image of a ship model obtained using Nikon coolpix940 camera 

 

From the results obtained, it could be concluded that the edge images obtained 
without thresholding operation contain noisy edges too. Also on using large thresholds, 
many useful edges might be removed as shown in the examples. So finding an 
appropriate threshold is still a problem that needs to be resolved [13]. 

 
As a contribution to the Under Vehicle Inspection Project, the SAFER, this research 

was extended to Under vehicle scenes like muffler exhaust systems and catalytic 
convertors. Several images of undervehicle scenes captured using the NIKON coolpix940 
camera was used as inputs to test the color edge detection algorithms. 
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a b c 

   
d e f 

 
  

g h i 

 

Figure 4.5.(a) Edgemap of the ship model using Kirsch compass operator using no threshold (b) 
using threshold = 10 (c) using threshold = 20.(d) Edgemap of the ship model using Canny operator using 
sigma = 1 as the standard deviation of the filter, low threshold = 0, high threshold = 244 (e) using low  
threshold = 36, high threshold =196 (f) using low  threshold = 63, high threshold =163.(g) Edgemap of the 
ship model using Sobel operator using no threshold (h) using threshold = 10 (i) using threshold =20. 

 
 
The results are displayed in Figure 4.6. The marked boxes highlights the physical 

edges detected as basic edges using the sobel edge detector, in this illustration. 
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                                      (a)                                                                        (b)                                            
                                                           

Figure 4.6.(a) Color image of an Under vehicle scene showing a car muffler (b) Edgemap of the 
scene using Sobel operator using threshold = 10.  The green box signifies the shadow edges, the orange 
box signifies the highlight edges and the yellow box signifies the material edges. 

 

To detect physical edges like highlight, shadow and material edges on images of 
undervehicle scenes, the rgb, L and C color models are determined. The results are 
displayed in Figure 4.7(a, b and c). The corresponding derivatives of these color models 
are determined as intermediate results to detect the final edge maps and classify as 
highlight, shadow and material edges. 

 

   
a b c 

 

   
d e f 

 

Figure 4.7.(a) Color image of an Under vehicle scene showing a car muffler (b) Corresponding L-
color model.(c) Corresponding C-color model.(d ,e and f) The corresponding derivatives of the rgb,Land C 
color models 

� �
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The physical edges like highlight, shadow and material edges were detected on more 
images of undervehicle scenes using edge detection algorithm implemented. The results 
are displayed in Figure 4.8 and Figure 4.9. The marked boxes highlights the physical 
edges detected in the figure. The edge maps of these input scenes could be improved by 
removing the physical edges from the basic edge maps using operation similar to AND 
logical operator.  

 

          
                                  (a)                                                                        (b)                                                                                                     

Figure 4.8.(a) Color image of an Under vehicle scene showing a car muffler (b) Edgemap of the 
scene  for different edges The green edges signify the highlight edges, the pink signifies the material edges 
and the yellow edges signify the shadow and geometry edges 

 

          
 

                                      (a)                                                                        (b)                                            
                         

Figure 4.9.(a) Color image of an Under vehicle scene showing a car muffler and a shaft (b) Edgemap of 
the scene for different edges. The green edges signify the highlight edges, the pink signifies the material 
edges and the yellow edges signify the shadow and geometry edges. 

4.3 Range Edge Extraction 

The range edge extraction algorithm is tested on real scene images and the results are 
documented below. The Figure 4.10 shows the range image of a real scene used. The 
range image of this scene was acquired for lab experiments using IVP Ranger 
MAPP2500.   
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Figure 4.10. Range image of a real scene of small objects 

 

  
a b 

 

c d 

Figure 4.11.(a) Locally approximated range image using Baccar’s algorithm (b) Corresponding 
surface normal image.(c) Roof edge map of a range image using Baccar’s roof edge algorithm (d) Step 
edge map of a range image using Baccar’s step edge algorithm. The yellow box signifies the roof edges.        

 

� �
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The intermediate image results obtained using this approach with sigma = 0.74 as the 
standard deviation of the smoothing Gaussian filter are shown in Figure 4.11 (a and b). 
As explained in the algorithm, the original image is locally approximated as shown in 
Figure 4.11 c, to find the partial derivatives that enable step edge detection. Once the 
derivatives are determined, the surface normal image is computed as shown in Figure 4.9 
d to find the roof edges. The marked boxes highlights the roof and the step edges detected 
in the Figure 4.11(e and f). It could be concluded that several edges that could not be 
detected using simple edge operators appear distinctly using Baccar’s [3] approach as 
shown in the illustration.  

The intermediate color models rgb, l1l2l3 and c1c2c3 are obtained  
The Figure 4.12a shows the color image of a real scene captured by Riegl scanner in 

our lab. The image is processed with Sobel edge detector to extract edges as shown in 
Figure 4.12b. The range image of this scene shown in Figure 4.10c was also acquired by 
the Riegl scanner.  The intermediate image results obtained using this approach are 
shown in Figure 4.12 (a and b). As explained in the algorithm, the original image is 
locally approximated and the partial derivatives are determined. Once the derivatives are 
found, the surface normal image is computed as shown in Figure 4.12d to find the roof 
edges. The roof and the step edges are detected as shown in the Figure 4.12(e and f). 
Even in this illustration several edges that could not be detected using simple edge 
operators appear distinctly using Baccar’s [3] approach.  
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a b 

c d 

e f 

Figure 4.12.(a) Color image of a building acquired using Riegl scanner in our lab. (b)Corresponding 
edge detected image (c) Range image of a building acquired using Riegl scanner in our lab. (d) 
Corresponding surface normal image (e) Step edge map of range image (f) Roof edge map of range image 
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5. Conclusions 
Our achievements to this project are: 

·  Developed a GUI for range image processing. 
·  Literature survey on color and range edge extraction algorithms. 
·  Implemented Range & Color edge extraction algorithms. 
·  Worked on calibration process for color cameras. 
·  Developed preliminary results for 3D – 2D correspondence. 

 
 A new software interface for better visualization and range image processing has 

been presented. This interface differs from the application that is built in specific for the 
range sensor. The experimental results presented in chapter 4 demonstrate the 
effectiveness of the user interface developed. The features available with this interface 
are used for cleaning noisy data, rectifying depth information acquired due to inverse 
triangulation based scanning mechanism, and creating 3D color textured models, in 
which the color value is varied in correspondence with range value. 

In this project, the subject of range imaging was considered to be an integral part of 
the problem in machine vision. Various methods of edge extraction in range images were 
discussed in theoretical and practical points of view. The survey includes edge extraction 
in color images too. 

A four-step procedure for camera calibration was performed as introduced by recent 
researches. This procedure can be utilized in various machine vision applications, but it is 
most beneficial in camera based 3-D measurements and in robot vision, where high 
geometrical accuracy is needed. This procedure uses explicit calibration methods for 
mapping 3-D coordinates to image coordinates and an implicit approach for image 
correction.  

In this project, the physics based edges that occurred due to segmentation of real 
scenes were removed mostly for efficient feature extraction. The color information is 
used to classify the physical nature of the color transitions. A taxonomy of color invariant 
edges has been used as proposed by the researcher. From the taxonomy the edge 
classifier has been derived. This algorithm worked well and successfully discriminates 
the different edge types on under vehicle scenes like muffler exhaust systems and 
catalytic converters. The experimental results presented demonstrate the effectiveness of 
the edge extraction process of images of practical interest. The algorithms implemented 
for edge extraction in color and range images were demonstrated on real data acquired for 
lab experiments. The edges extracted from both color and range images are compared to 
find correspondence between them that would aid pose recovery of the scene for 3D 
model reconstruction. Some more work is to be done in this regard and the results 
obtained would be included soon. 

There are possible extensions to this project, the most important ones being the 
development of more effective edge extraction algorithms and statistical comparison 
techniques for correspondence between edges in color and range images. 
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