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Abstract

The Canny edge detector is widely used in computer vision to locate sharp intensity changes
and to find object boundaries in an image. The Canny edge detector classifies a pixel as an
edge if the gradient magnitude of the pixel is larger than those of pixels at both its sides in
the direction of maximum intensity change. In this paper we will show that defining edges
in this manner causes some obvious edges to be missed. We will also show how to revise the
Canny edge detector to improve its detection accuracy.
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1 Introduction

Edge detection is one of the fundamental operations in computer vision with numerous
approaches to it. In an historical paper, Marr and Hildreth [11] introduced the theory of
edge detection and described a method for determining the edges using the zero-crossings of
the Laplacian of Gaussian of an image. Haralick [6] determined edges by fitting polynomial
functions to local image intensities and finding the zero-crossings of the second directional
derivative of the functions. Canny [2] determined edges by an optimization process and
proposed an approximation to the optimal detector as the maxima of gradient magnitude
of a Gaussian-smoothed image. Clark [3] and Ulupinar and Medioni [12] independently
found a method to filter out false edges obtained by the Laplacian of Gaussian operator.
Bergholm [1] introduced the concept of edge focusing and tracked edges from coarse to fine
to mask weak and noisy edges. A curve-fitting approach to edge detection was proposed by

Goshtasby and Shyu [5] in which edge contours were represented by parametric curves that
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fitted to high-gradient image pixels with weights proportional to the gradient magnitudes
of the pixels. Recent advances in edge detection include a method by Elder and Zucker [4]
to determine edges at multitudes of scales, and an adaptive smoothing method by Li [10]
to remove noisy details in an image without blurring the edges. Many other edge detection
techniques have been proposed. For a survey and comparison of the edge detectors, the
reader is referred to the paper by Heath et al. [7].

Among the edge detection methods proposed so far, the Canny edge detector is the
most rigorously defined operator and is widely used. The popularity of the Canny edge
detector can be attributed to its optimality according to the three criteria of good detection,
good localization, and single response to an edge. It also has a rather simple approximate
implementation, which is the subject of this paper. We will show examples where this
approximate implementation misses some obvious edges. We will also show how to revise

the Canny edge detector to improve its detection accuracy.

2 A revised Canny edge detector

Although the optimization process described by Canny rests on solid grounds, its simple
approximation, which almost all implementations are based on, has some problems. A

typical implementation of the Canny edge detector [9] [13] follows the steps below.
1. Smooth the image with an appropriate Gaussian filter to reduce desired image details.
2. Determine gradient magnitude and gradient direction' at each pixel.

3. If the gradient magnitude at a pixel is larger than those at its two neighbors in the
gradient direction, mark the pixel as an edge. Otherwise, mark the pixel as the back-

ground.
4. Remove the weak edges by hysteresis thresholding.

We have narrowed down the source of inaccuracies to Step 3 of the algorithm. This
is demonstrated in an example in Fig. 1. Figure la depicts an image containing four
homogeneous regions. A smoothed version of this image obtained by convolving it with a
Gaussian of standard deviation 11 pixels is shown in Fig. 1b. Figure 1c depicts the gradient

magnitudes of Fig. 1b. We can clearly see that information about the edge contours is

!Gradient direction is assumed to be the direction of maximum intensity change.
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Figure 1: (a) An image with four well-defined homogeneous regions. (b) Image after smooth-
ing with a Gaussian kernel of standard deviation 11 pixels. (c) Gradient magnitudes of (b).
(d) Edges of (a) determined by the Canny edge detector with a Gaussian smoother of stan-
dard deviation 11 pixels. These are the major edges. (e) The minor edges. (f) Edges obtained
by the revised Canny edge detector.

present in the gradient image as evidenced by the bright horizontal and vertical stripes
passing through the image center. An edge detector that uses this gradient image should
be able to determine four edge contours that join at the image center and separate the
homogeneous regions from each other.

If we determine the edges in Fig. la using the Canny edge detector with a Gaussian
smoother of standard deviation 11 pixels, we obtain the edges shown in Fig. 1d. We see that
edges near the image center are missed. The Canny edge detector cannot detect branching
edges. From Fig. 1d we see that some other edges are missed also. By closely examining
the gradient magnitudes and directions of edges that are missed, we observe that although
gradient magnitudes at the missing edges are larger than those of pixels adjacent to them,
such maxima are not in the gradient direction. Since gradient maxima in an image form
ridges, and since at the ridge points the slopes are either zero or very small, the directions of
the slopes cannot be accurately determined. Therefore, computed directions of slopes along
a ridge contour may not be normal to the contour. When the direction of a gradient slope
at a ridge point is not normal to the ridge contour, the ridge point is not picked as an edge;

therefore, the edge is missed.



To alleviate this problem, we propose revising Step 3 of the Canny edge detector as
follows: Let’s call edges obtained by the Canny edge detector the major edges. We will then
mark a pixel as a minor edge if its gradient magnitude is larger than those adjacent to it and
at opposing sides but not necessarily in the gradient direction. The minor edges obtained
from the image of Fig. 1lc are shown in Fig. le. We see that major edges are a subset of
minor edges. We also see that although some of the minor edges correspond to the true
edges, some other minor edges represent false edges. We will need to separate the true minor
edges from the false ones. To achieve this, we trace the minor edge contours and keep only
the parts of the contours that connect the major edges. To avoid formation of false loops,
the minor edge contours are first partitioned at the branch points and branches that do not
contain any major edges are removed. Then the remaining contour segments are processed,
and portions delimited by major edges are kept.

Combining the major edges and parts of the minor edge contours that connect the major
edges, we obtain the result shown in Fig. 1f. This is the final result of the revised Canny
edge detector. Note that the edges shown in Fig. 1f represent the edges of Fig. 1b and not
the edges of Fig. 1la. When smoothing an image, the Gaussians centered at brighter pixels
become taller than the Gaussians centered at darker pixels, and as a Gaussian smoother
is made wider, locally maximum intensity changes move away from the brighter regions
and toward the darker regions. This phenomenon is observed in Fig. 1f. As the standard
deviation of the Gaussian smoother is increased, edges shift from brighter regions to darker
ones.

A second example is shown in Fig. 2. Suppose Fig. 2a depicts the gradient magnitudes of
an image whose edges have to be determined. This image could represent the gradients of an
image containing a bright homogeneous object in a dark homogeneous background. Suppose
the objective is to determine the boundary of the object by the Canny edge detector. As
can be visually observed in Fig. 2a, the information about the object boundary is present in
the image. By applying the nonmaxima suppression of Canny to the image of Fig. 2a, we
obtain the edges shown in Fig. 2b. Many of the obvious edges are missed. If we determine
the minor edges of Fig. 2a, we obtain the edge contours shown in Fig. 2c. By keeping only
those minor edges that connect the major edges, we obtain the edge contour shown in Fig.
2d. This is the result of the revised Canny edge detector.

To summarize, our revised Canny edge detector follows the steps below.
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Figure 2: (a) A synthetically generated gradient image. (b) Edges obtained by the nonmax-
ima suppression of Canny. (c¢) The minor edges. (d) Edges obtained by the revised Canny
edge detector.

1. Smooth the given image with an appropriate Gaussian to reduce desired amount of

image details and noise.
2. Determine the gradient magnitude and gradient direction at each pixel.

3. If the gradient magnitude at a pixel is larger than those at its two neighbors in the
gradient direction, mark the pixel as a major edge. If the gradient magnitude at the
pixel is larger than those pixels adjacent to it in any direction, mark the pixel as a

minor edge. Otherwise, mark the pixel as the background.
4. Partition the minor edge contours at the branch points.

5. Remove all branches that do not contain a major edge. Then rename as major edges
the portions of minor edge contours that are delimited by major edges. Combine newly

obtained major edges with previously obtained major edges.

6. Remove from among the combined major edges those that are sufficiently weak by

hysteresis thresholding.



3 Results

To compare results obtained by the original Canny edge detector and the revised Canny
edge detector, a number of experiments were carried out. In these experiments, the same
Gaussian smoother was used in both edge detectors. Also, the same hysteresis thresholds
were used in both edge detectors. Figure 3a shows a synthetic image of homogeneous blocks,
and Figure 4a shows an image of printed text. Thirty-two homogeneous regions are present
in Fig. 3a. The boundaries of the regions are clearly defined, and because the image is not
noisy, we expect an edge detector to obtain horizontal and vertical lines representing the
edge contours in the image. Edges obtained by the Canny edge detector with a Gaussian of
standard deviation 2 pixels is shown in Fig. 2b. As expected, edges near the branch points
are missed. It is interesting to note that discontinuities in the edge contours are vertical and
not horizontal. Since gradients are stronger vertically, it is desired that the detected edge
contours be horizontal. The Canny edge detector has done a good job on that; however, it
has disconnected the vertical edge contours.

The minor edges of Fig. 3a are shown in Fig. 3c. Not only are the branch points obtained,
but many spurious edge contours have been obtained also. We believe that these spurious
contours are a side effect of the Fourier transform we used to perform the convolutions. The
magnitudes of these spurious edges are, however, very small and they can be removed by
thresholding. These edge contours are usually harmless, and even if they are not removed
by thresholding, they will be discarded by our algorithm since they contain no major edges.
Adding parts of the minor edge contours that are delimited by major edges to the major
edges determined earlier, we will obtain the final result shown in Fig. 3d. This image shows
the edges of Fig. 3a obtained by the revised Canny edge detector.

Figure 4a shows an image of printed text. The characters are well defined, and we expect
to obtain the edges contours delineating the characters. Edges obtained by the Canny
edge detector are shown in Fig. 4b. Although an overwhelming majority of the correct
edges are detected, a small number of the edges are missed, causing boundaries to become
disconnected. The discontinuities can be observed in letters ‘u,” ‘v,” and ‘w.” Although image
noise is not significant and letters ‘u,” ‘v, and ‘w’ are rather well defined, the Canny edge
detector misses some of the edges because of the shapes of these characters. If we examine
the minor edges as shown in Fig. 4c, we see that the edges not picked by the Canny edge

detector are among them. Selecting from among the minor edges those that connect the
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Figure 3: (a) An image with 32 homogeneous regions. (b) Edges determined by the Canny
edge detector. (c¢) The minor edges. (d) Edges determined by the revised Canny edge
detector.
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Figure 4: (a) An image of printed text. (b) Edges determined by the Canny edge detector.
(c) The minor edges. (d) Edges determined by the revised Canny edge detector.

major edges, and combining the selected minor edges with the major edges, we obtain the

edges shown in Fig. 4d. The edge contour delineating each character is now closed.

4 Discussion and Conclusion

To ensure that closed edge contours are obtained, one may use the zero-crossings of the
Laplacian of Gaussian [11] of the image. The zero-crossings of the Laplacian of Gaussian of
Fig. 4a after hysteresis thresholding is shown in Fig. 5a. As can be observed, the characters
are well delineated. A small number of the zero-crossings do not correspond to locally
maximum intensity changes but rather correspond to locally minimum intensity changes.

Edges corresponding to locally minimum intensity changes are referred to as phantom edges
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Figure 5: (a) The zero-crossings of the Laplacian of Gaussian of the printed text image after
hysteresis thresholding. (b) The zero-crossing edges after removal of the phantom edges.

[3]. After removing the phantom edges, we obtain the image shown in Fig. 5b. The phantom
edges have appeared only in the ‘w’s. Fewer edges have been missed by the Clark method
than by the Canny method.

Some differences in the quality of edges detected by the Canny, Clark, and Marr-Hildreth
methods can be observed. Such differences are believed to be due to implementational
differences. For example, convolutions may be implemented directly or using the Fourier
transform; edge contours may be represented by 4-neighbors or 8-neighbors; edge positions
may be determined using locally maximum intensity gradients or zero-crossings of the second
derivative of image intensities; and so on.

We have tested two different implementations of the Canny edge detector, one developed
locally and one developed by Simon A. J. Winder in a package called ImgStar [8]. Although
there were some differences in the quality of edges obtained by the two methods, the detected
edges were basically similar: both missing some obvious edges.

Edge contours representing object boundaries play a major role in object recognition. An
object that is bounded in an image should produce a closed boundary contour. A boundary
contour that breaks into pieces loses its effectiveness in shape analysis and object recognition.
As demonstrated through a simple example in Fig. 1., locally maximum intensity changes
along the gradient direction in a Gaussian-smoothed image do not pick up all the obvious
edges in an image. Finding edges according to this definition misses some critical edges.

Although the number of edges missed may be small, the effect could be significant. A



single missing edge element will turn a closed contour into an open one, disabling an object
recognizer from detecting and recognizing an object.

In this paper, a method to recover edges missed by the Canny edge detector was presented.
The method involves a step that looks for further image evidence and connects short edge
contours into longer ones and converts open contours into closed ones if image evidence

supports that.
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Reply to Reviewer’s Comments

Comments from the reviewer were all appropriate. Therefore, the paper was revised as
follows to accommodate them.

1.

The term “Canny edges” was replaced with “edges from the Canny edge detector” or
other appropriate terms based on the context where it appeared.

. The phrase “Canny edge detector is the most widely used edge detector” was replaced

with the phrase “Canny edge detector is the most rigorously defined operator and is
widely used” on page 2, paragraph 2.

On page 2, paragraph 3, it is mentioned that “. . the optimization process described
by Canny rests on solid grounds,” but “its simple approximation . . has some prob-
lems.” On the same page, paragraph 2, it is mentioned that “. . this approximate
implementation misses some obvious edges,” and “ . . we will show how to revise the
Canny edge detector to improve its detection accuracy.”

The steps in the revised Canny edge operator was moved from Section 3, to the end of
Section 2.

The heading “Discussions” was changed to “Discussion.”

The sections on Discussion and Conclusion were combined into one section called “Dis-
cussion and Conclusion.”



