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KEY WORDS
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ABSTRACT

Traditional edge detection systems function by returning every edge in an inputimage.
This canresultin a large amountof clutterand make certain vectorization algorithms
less accurate. Accuracy problemscan then have a large impacton automated object
recognition systems thatdepend on edge information. A new method of directed edge
detection can be used to limitthe numberof edges returned based on a particular
feature. This resultsin a cleanerimagethatis easier for vectorization. Vectorized
edges fromthis process could thenfeed an object recognition systemwhere the edge
data would also contain information as to what type of feature it bordered.

Any use of trade, product, or firm names is for descriptive purposes only and does notimply endorsementby the U.S. Government.



INTRODUCTION

Edge detectionis the first step taken in many object recognition applications. It
basically examines an image and produces a pixel at the boundary of two “colors”. The
outputimage contains all of the pixels that were created during the detection. There are
many differentalgorithmsthat can performedge detection, each with theirown
strengths and weaknesses.

The downside to traditional edge detectionis thatit can sometimes work too well for a
given application. Dependingon how “busy”an imageis, an extremely large number of
edges mightbe returned. In addition, some of the edges can actually be representative
of noise in the originalimage. This large number of edge pixels can then make certain
algorithmsand analysis difficultas it becomes hard to identify any particular feature
based on the edge data.

A new method of edge detection that reduces the number of edges so thatonly the
pixels thatborder certain features will be returned may be possible. This techniqueis
initially called directed edge detectionin thatit specifies in advance whattypes of object
edges are of interest. While a smallamountof noise would still be present, applications
such as vectorization would be easier as thereis notas much extraneous data present
outside of the currentsearch parameters.

BACKGROUND

Edge Detection

Edge detection has been studied for many years and applied to many different
activities. Itis usually a raster operationthatcreates an outputimage that contains the
various edges in an inputimage. Edge detectiontechniques “focus on identifying
continuous adjacent pixels which differ greatly in intensity or colour, because these are
likely to mark boundaries, between objects, or an object and the background, and hence
forman edge” (Staff 2002).

Edges themselves are boundaries of object surfaces in a scene that often lead to
oriented, localized changes in intensity in an image (Heath 1996). Edge detectors come
in a variety of forms that performsearches based on various orientations: horizontal,
vertical, or some combination of thetwo. A good edge detectoris one thatsearchesall
orientations to determineif thereis a localized change in intensity.

There are two methods to performingan edge detection. The first, and less common,



is based on the Fourier Transformand involves a highpass frequencyfilterthatis runin
the Fourier Domain. The Fourier Domainis a representation of temporaland spatial
signals thatis created by decomposing theminto sinusoidal signals. The signalis a
complex-~alued function of the frequency or wave numberincludingthe amplitudeand
the phase of the sinusoidal signal at the corresponding frequency or wave number. The
representationof a signal is equivalentto its spatial representation (Jahne 1997).

The second and most common method of performing an edge detection, however,
involves processing the image in the spatial domain. As edges are strong localized
changes in intensity, they can be found by calculating the derivatives of the image at
any given pointto find the maximumof the first derivatives or the zero-crossing location
of the second derivatives. The second derivativeis the more accurate of the two.
However, it is notas commonly used as the first derivative method due to its complexity.

In image processing, the derivatives are found by applying a convolution kernel to the
the image pixels. Convolutionis a mathematical technique of combiningtwo arrays of
differentsizes but with the same dimensionality to produce a third array with the same
dimensionality as thefirsttwo. A full descriptionis beyond the scope of this paper, but
can be found in many matrixalgebratexts. Both derivatives mustbe estimated as there
is no “function”to differentiate. The firstderivativeis usually estimated by convolving
the original function (or pointin this case) with[-1 1]. The second derivativeis then
estimated by convolvingwith[1 -2 1] (Edge Detectors 2000). These derivatives are
applied by turningthe pixels into a vector array of values and convolvingtheminto
some outputarray of values. Differentedge detectors then use this techniqueto
calculate the derivatives of each pointin an image. This is done by applying a specific
kernel to the pixel, where a kernel is a matrix (generally 3x3) thatis multiplied againsta
vectorarray of, say, Red, Green, and Blue (RGB) values for the pixel.

There are two main classifications that edge detectors can fall into based on the method
they use to find the derivatives: Prewitt compass and gradient (Edge Detectors 2000).
Prewitt compass edge detectors convolve the image with a set of eightkernels. Each
kernel is created to detecta specific edge orientation. The kernel that produces the
highest values then determines the orientation of the edge. Gradientbased detectors
convolvethe image only horizontally and vertically. The absolute magnitude of the
gradientis then calculated based on these values. Gradientis the more widely used
technique of the two, and is the basis for commonly known edge detectors such as the
Sobel and Canny methods. The gradientmethodis discussed here as itis also the
basis for the directed edge detection technique.

With the gradienttechnique, once the magnitude of the first derivativeis calculated, the
pixels thatmake up the edge muststill be identified. A commonmethodto do thisis to



create an image comprised of the gradientvalues and then threshold thatimage.
Thresholdingis used to find areas where the gradientis greaterthan or equalto a
specific value thatis assumedto representan edge. This method usually generates
edges thatare several pixels wide. Another method s to find the local maxima of the
gradientimage. This technique generally produces smallerlines (usually a single pixel
in width) but can sometimes overlook edges.

Other edge detectors use the second derivative of the image in orderto calculatethe
gradients. These detectors are also called zero crossing as they locate the pointwhere
the second derivative of the edge would cross over the zero value line (Edge Detectors
2000). These derivatives are usually calculated by a Laplacian filter. This provides an
advantagein thatthe edge magnitudeis calculatedindependently of the edge
orientationthrough the use of a single kernel.

The nexttwo figures illustratethe outputfroma gradientbased edge detection
algorithm. Figure 1 is a portion of a digital orthophoto quadrangle (DOQ), while Figure 2
is the edge image afterthe Canny detection method was applied. An interestingside
note aboutthe Canny edge detectoris thatitis a bit more sophisticatedin finding the
local maximumvalues of the gradient by using non-maximal suppression and hysteresis
tracking. These techniques allow Canny to bettertrack edges and to alleviatethe
problem of noisy edges being broken up into multiple segments.




Figure 2 illustrates some potential problems that can be found with edge detection.
Noise sensitivityis a big issue due to the mathematics involved. Calculations of the
derivatives in the spatial domain tend to attenuate high frequency information. This
attenuation magnifies noise thatis presentin a normalimage. Some edge detectors
such as Canny try to address this problem by applying a Gaussian smoothingfirst.

Thereis also a problemwith the large numbers of edges returned. This can be
mitigatedto a certain degree by the choice of the threshold, but large numbers of edges
due to noise as well as actual edges will always be present. Detection of certain
features is difficultin this case as there are so many edges thatsometendto run
togetherinstead of remaining separate.

HoughTransform

The Hough Transformis a techniquethatis used to isolate certain features of a
particularshapein an image (Hough Transform2000). For vectorization purposes, the
Hough Transformis usually run. The classic algorithmfits a line through discreet sets
of image points by using a parametric line equation and transformation to Hough
parameterspace. For detection, it uses edge informationto fit the points to a straight
line thatwould pass throughthe edges. A more detailed descriptioncan be foundin the
Hough Transformation web page cited in this document. Once the Hough Transformis
complete, these lines could then be separated and vectorized.



The classic Hough Transformis generally only practical for simple curves or lines.
Noise and large numbers of edges in an image can interfere with the classic algorithm.

This can be seenin Figure 3, whichis the outputof the Canny edge detectorin the
above image witha Hough Transformapplied.
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Figure 3. Canny Detector and Hough Transform

The large number of edges in the image interfere with the actual Hough Transform. In
this case, straightlines are fit to edges thatdo not exist. The actual features with

straightlines (the roads) do not even have lines fit throughthem. Figure 4 contains just
the Hough Transformdrawn lines.



Figure 4. Separated Hough Transform Lines

When comparedto Figure 1, the Hough Transformlines do not conformto any known
featuresin the image. This is useless for vectorization purposes, as it does not follow
the roads thatdo containactuallines. Standard edge detectiontechniques fail when
presented withsuch a “busy”image.

METHODS AND TESTING

A differentmethod can be used in performing the edge detectionthat would alleviate
this problem. By directing the edge detection, only the edges that border specific
features would be returned. This would greatly reduce the image noise and other
extraneous edges in the image, and would benefitedge detection. Work was done at
the Mid ContinentMapping Centerin fiscal year 2003 to develop and test this idea.

The first step to this new method would be to examine the outputfromthe specific
sensor thatwas used to create the inputimage. This would be a data collection activity
that would manually examine the spectral responses of specific features from various
images. For example, in RGB space this would involve recording all of the RGB values
that were found that make up a certaintype of road in an image taken froma specific
type of sensor. A database would then be created that would containthe responses
gathered fromthe data collection. This database could be used to gather statistics such
as the mean value thatrepresents a type of road, and distributioninformation such as
the various standard deviations fromthat mean and how many values they contain.

Once this datais collected, it could then be used to modify the traditional method of
performinga gradientedge detection. As previously mentioned, calculating the overall



gradientof a pixel involves first finding the horizontal and vertical components of the
gradient. The featurespecific spectral response information collected could be used to
create anotherthreshold at the beginning of the gradientdetection. In this case, the
mean value and standard deviations fromthis value could be used to create a subsetin
the image color space that would contain the pixels that representa specific type of
feature. This step would have to be done at the beginning of the gradient calculation,
as the gradientimage thatis used to calculate the local maximadoes not containany of
the original color information.

For example, considerthe RGB image case with a road feature being the focus of the
edge detection. RGB space can be thoughtof as a cube structure, where one corner
represents the value (0,0,0) and the the opposite represents (255,255,255). The mean
value would representthe average color value for that road, and the standard deviations
could be used calculatethe distance fromthe meanin RGB color space (find which
standard deviation contains 75 percentor so of the values). This wouldthen createa
sphere where every value in that sphere would be presentin the road portion of the
image. When the gradientis being calculated, the colors wouldfirst be checked to see
thatthey fall withinthe RGB road subset. If so, the gradientwould be calculated for that
pixel. If not, the gradientwould be skipped and the edge along that pixel ignored.

Figure 5 illustrates the outputof a modified Canny edge detectorthatwas directedto
outputthe edges that bordered roads in the sampleimage. This step did nothave an
exhaustive statistical analysis of the spectral response values that made up the road.
Instead, a simplistic method of finding and averaging around twenty pixels was used.
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Fmigure 5. Directed Canny Detection for sample roads
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As seenin Figure 5, the numberof edges in the image has been drastically reduced.
The road outlines are clearly visible in the image. Some noise has also been introduced
into the image, partly due to the standard operation of the Canny method and also due
to the simplistic method used to create the spectral response thresholds. The Hough
Transformwas then applied to this image with the results in Figure 6.
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The Hough Transformdid indeed perform better with the directed edge detection.
However, the reductionin noise and edges produced differentdefects in the image than
before. The Hough Transformalgorithmtends to fit the longest line possible through
edges thatitfinds. It will typically go to the boundaries of an imagewhenitis creatinga
line. While many of the lines now fitthe roads thatare in the image, they extend to the
edge because the algorithmfound pixels between the true end of the road segmentand
the image boundary.

Some work was then done in modifyingthe Hough algorithmto betterfit the reduced set
of edges. This was needed because sometimes two or more edges would contributeto
one line, and thatline would then be drawn across the entireimage. Instead of oneline,
multiple lines corresponding to each of the edges should have beendrawn. To
accomplish this, the Hough algorithm's line-drawing function was modified so thatthe
lines would be drawn only where edges already existed in theimage. This was done by
making the line-drawer check to see if there were any edge pixels a certaindistance
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ahead of the currentline-drawing point. A threshold parameterwas also added, so that
the distance the line-drawerlooked ahead could be controlled. As Figure 7 shows, the
resultis a much cleanerlookingimage.
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‘-Figure 7. Canny with some PHough modifications

The other major modificationto the Hough algorithmwas to make it more of a “fuzzy”
algorithm, to improve the quality of the lines it detects. The basis of the ideais that
sometimes the edges produced by the edge detection algorithmare not distinctas the
edge pixels are not quitein a straightline. These are valid edges, but the normal
Hough Transformwill not assign a high enough value to the lines produced fromthe
edges. To alleviatethis problem, the algorithmwas modified so thatwhenitis
consideringa line, it looks at the four pixels at rightangles to the line, as well as the
defaultcenterpixel. For each edge pixel, one is added to thatline's counter, withthe
resultthat more edge pixels are contributingto the ling, giving it a highervalue. There
is at leastone minordrawback. If an image has a lot of parallel lines close together, the
detector, as it currently stands, will detect an additional line at a rightangle to the
parallel lines. Figure 8 is an image with the lines drawn by this modified Hough
Transformwhere the edges are omitted.
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Figure 8. Hough Transform Lines from Directed Canny

The lines drawn by the experimental modifications to the Hough Transformin Figure 8
are much cleanerand more accuratethanthose in Figure4. One can see thateven
though the Hough modifications are still a work in progress, vectorization would be
much cleanerin this case, and resultin a more accuratefit with the actual road objects.
The line following algorithms that are used in vectorization routines would be able to
easily convertFigure 8 to a series of vectorendpoints.

DISCUSSION

As can be seen fromthe above figures, the technique of directed edge detection can be
applied to currentedge detection methods in order to improve their usability for
extraction purposes. An alternative way of implementingthe RGB directed edge
detection starts with computing the gradientimage as normal. The difference comes
during the edge detection process. Before the detectorchecks the gradientimageto
determineif a pixel is on an edge, it checks that pixel and the eight surrounding pixels in
the originalimage. If one of those pixels matches the RGB color sphere, thenthe
gradientcheck goes on as normal. If not, thenthereis no edge pixel returned, even if
the gradientimage shows thatan edge exists. This detection method does not directly
retum edges based on a transitionfrominside to outside the color sphere, but the effect
is almostthe same.

These techniques have many advantages that can be used with object recognition

systems. Many of these systems require an image to be segmented in some form
before various algorithms or recognition techniques can be run againstthe image.
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Traditional edge detection produces large numbers of edge segments, some of which
are neitherdiscreetnor are they continuous. Vectorization processes such as the
Hough Transformdo not work well with these large numbers of edges. Plus, the object
recognition algorithms must be made to continually sort though the edge segmentsin
orderto try to determinethe identity of an object. This places a large burdenon the
recognition algorithms and techniques currently in use.

The benefitto this edge detection process is that vectors returned would be vectors that
are known to border specific objects. This would help object recognition processes as,
instead of dealing with raw vectors, the recognition would already have some data
aboutwhattypes of edges they were processing. Additionally, instead of vectors from
each objectin the image, this method would only return the ones the recognition system
was specifically targeting. Considera recognition systemwhere all of the edges
retumed had some formof a pre-classification. Vectors returned from Figure 8 would
already have a tag thatthey bordered a road. Such a system could thenimmediately
switchto a set of heuristics to determine what type of road was present (gravel, paved,
etc). Withoutthis information, the first step of the systemwould be to arrange the edges
and try to deduce whattype of objectthey bordered. Pre-classification eliminates
several steps fromthe general recognition process, and can improve accuracy as the
initial edge determinationstep is very complexand proneto error.

Modifications to existing vectorization techniques can also be used to improvethe
accuracy of recognition systems. The Hough Transform, for example, can performwell
atdrawinga line throughan objectedge. However, as has been demonstrated
previously, itis currently not well suited for good vectorization purposes as it cannot
follow small line segments well. A changein algorithmdesignis required so that
numerous smaller line vectors ratherthan larger single vectors are produced. The
smaller vectors can betterfollow the outline of an objectand can be easily merged
together mathematically in order to produce the full boundary of an objectin an image.

FUTURE WORK

A more in-depth study of spectral response pattemns should be performedin orderto
generate the object classifications for the gradientdetection. Time allottedin fiscal year
2003 only allowed a simplistic averaging and small data gatheringscheme on an RGB
image. A full analysis is necessary to determinethe parameters for acceptance and
rejectionin the directed edge detection technique.

Further modifications to the Hough Transformation are necessary to bettergenerate
lines that could be vectorized. One possible modification could be to turn the algorithm
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into a two-pass process. The first pass would be to run a modified algorithmthatwould
only generatesmall line segments instead of tryingto fit the longestline possible.
Reducing the segmentsize could help to betterfit edges withoutovershooterror. In the
example of roads, smaller segments could betterfollow turnsin a road. The outputof
this pass would be placed into a temporary storage area thatonly contained the line
segments and none of the original edge data. The second step of the modified
algorithmwould be to then connectthe various line segmentsinto longerlines. Line-
following techniques could be used to determine whetheror not a segmentactually
exists on the same plane as the others. Other mathematical techniques could then be
used to connectthe endpoints of the various edges together.

CONCLUSION

Currentmethods of edge detection produce so many edges thatthey are notthe best
choices for inputinto a recognitionsystem. When combined with noise, large numbers
of edges can interfere with line-fitting algorithms that are intended to generate outputfor
vectorization purposes. The information gathered using traditional techniques can lead
to both false and missed identifications.

A new method exists that can return edges for featuresspecific data. This technique
requires a statistical database to be created ahead of time for object spectral responses
from specific types of remotesensors. This database is then used during the edge
detection process to acceptor reject edges based on whetheror not they fall withinthe
range of spectral responses for a feature of interest. The final outputwould containfar
fewer extraneous edges and noise than a traditional method.

By returning specific edges and less noise, techniques such as the Hough Transform
can be used to plot curvefit lines through the various edges. These lines would be
much more accurateand cleanerthan a classic Hough Transformon data with large
numbers of edges. Some deficiencies in the classical algorithmmustbe corrected,
however, in orderto more accuratelyfollow the edges in an image. Specifically, the
algorithmmust be modified to limithow far it will go when tryingto fit a line throughthe
edges.

These techniques can then be fed into an object recognition system. The edges
returned would already be encoded with the type of objectthey border. Vectorization
routines could use the outputof a modified Hough Transformto vectorize line segments
drawnthroughthe edges. A recognitionsystemcould then use this informationto
determinethe identity of specific features in an image. Pre-classification could benefit
object recognition systems as they would not have to assemble various edges ahead of

15



time and then try to determineidentitybased on shape alone.
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