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Introduction 

 

While it is difficult to place an exact statistic on the number of people in the world that 

suffer from visual impairment, the actual number is certainly in the tens of millions. In 

the United States alone, it is estimated that over eight million people suffer from a 

function limitation in seeing. An additional one million are legally blind, but retain some 

degree of “useful vision.” (NCHS 1995) 

Given such a large population, it is unsurprising that much work has been done on 

accommodating the visually impaired. In print, some success has been had with two 

particular methods: magnification and increased contrast. Magnification simply means 

increasing the size of the subject matter until it is recognizable by the viewer, as in large 

print books. Contrast adjustment generally involves increasing the contrast of the subject 

matter, particularly illustrations, until the important details are recognizable to someone 

with low vision. 

 In the case of video images, these two approaches have serious shortcomings. 

Unlike print media, which is scalable (bigger letters simply mean fewer words per page, 

or a larger book), most video media exploits the entire area of the viewing device, with 

the result that magnification necessitates cropping of some kind. Contrast amplification, 

on the other hand, also leads to a loss of information, as details are often obscured by the 

sharpening process. 

  This project describes the development of a different approach, feature-based 

edge enhancement overlay. First, the algorithm itself is described, and compared to 

similar systems. Then, the unique requirements of video display are addressed: particular 

attention is paid to computational complexity, bandwidth considerations, and the 



idiosyncrasies of traditional television (interlaced) devices. Finally, limited consideration 

is given to aspects of video that are beyond the scope of this project, such as compression 

artifacts and motion compensation. 

 

Feature-based Edge Detection 

 
The algorithm described in this paper belongs to a family of image processing systems 

known as “feature-based edge detectors.” Such algorithms detect visually relevant 

luminance features in images. There are technically two types of such features: edges and 

bars. An edge is a sharp luminance transition (for example, from light to dark) in a 

particular area, while a bar (or cusp) is an area where two fairly uniform luminance 

regions are separated by an area of differing luminance. 

Vision scientists also refer to the polarity of features. Polarity indicates whether a 

transition is from light to dark, or vice versa. Ideally, a feature detection algorithm will 

detect both edges and bars in an image, and determine their polarity, without detecting 

edges at locations where none exist. 

 Interestingly, there is no evidence that the human visual system actually performs 

the task of edge detection. However, the basic idea of tracing the important features in an 

image, or of creating a “line drawing” of a subject is intuitive, and immediately 

recognizable.  This intuitive nature of feature detection, combined with its usefulness in 

the field of machine vision, has motivated the development of many such algorithms. 

Probably the best-known method for feature-based edge detection is the zero-

crossing method developed by Marr and Hildreth in 1980. In this approach, the image is 

bandpass-filtered using the equation 



 

E(x,y) = Ñ2G(x,y) * I (x,y)  (1) 

 

Where I is the original image, G is a two-dimensional Gaussian, and Ñ2 is the Laplacian. 

E is calculated in this way at various scales; if at least two zero-crossings from 

independent channels of adjacent sizes coincide, an edge is detected. The found edges 

must be further analyzed to determine if they represent an edge or bar, and of what 

polarity. 

 A typical result of the Marr and Hildreth approach can be seen in Fig. 1 (next page).  

While this approach certainly detects many of the key features of an image, it has several 

problems. At a low signal-to-noise ratio, there are likely to be extra zero-crossings, while 

at higher ratios, the position of the zero-crossings will be sensitive to noise in the image. 

These two factors lead to spurious edges in many images. Even when images are correct, 

the results are not very similar to edges drawn by observers, and have a rounded 

appearance to them. 



  

Original Detection 

Figure 1. Typical results from Marr and Hildreth (1980). Note False and improper edges. 

 

 There are many other approaches to feature detection, but a complete review of them 

is well beyond the scope of this paper. The Marr and Hilbreth was selected for 

comparison because of its popularity, and its similarity to the algorithm developed in this 

project. 

 

The Visual Features Detection Algorithm  

 

Basic detection algorithm 

When a human views an image, the visual system’s image processing is carried out on 

multiple scales.  As the signal produced by the retina leaves the ganglion cells, the image 

is represented by isotropic bandpassed filtered versions at those different scales (Rodieck 

1965). The feature detection algorithm presented here follows that structure closely. 



The basic feature detection algorithm is illustrated in Fig. 2:  

 

 

Figure 2. Basic feature-detection algorithm. Original image is translated to frequency 
domain, then filtered into channels. Channels are translated back into space domain, 
binarized, and tested for congruency. The result is a map of the features. 

 

First, the image to enhance is translated to the frequency domain. Then it is divided into 

distinct energy channels by a series of filters like bandpass filters. The filters are one 

octave wide in the frequency domain, and their center frequencies are separated by one 

octave. The specific filters used in this project were log-cosine filters (Peli 1990) in the 

frequency domain (fx , fy). The filter used to generate the i th channel can be given by the 

equation 

 

Fi = ½[1 + cos(plog2r – pi)],    (2) 

 

Where r is the radial  spatial frequency r
yx ffr += 2 . These filters are convenient 

because they have equal bandwidth and are symmetrical on a log frequency axis, and 

they can be used to reconstitute the original image by simple adding them together. 

However, as will be demonstrated later, the exact nature of the filters is not important. 



 In the next step of the algorithm, the channels are converted back to the space 

domain, and binarized, that is, each positive pixel is set to “on” (white) and each negative 

pixel is set to “off” (black). The result is a series of channels, each corresponding to the 

polarized representation of a specific energy band.  Fig. 3 shows a typical image, and the 

channels corresponding to various scales. 
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Figure 3. Polarized channels at different scales. White pixels represent locations in the 
frequency domain that are positive; Black pixels represent those that are negative. 
 



Finally, to determine the location of a feature, each pixel’s value is examined in every 

channel. If a pixel is “on” (white) at every scale, then that location is set to white in the 

final image; if the pixel is “off” in every channel, the location is set to black. If the pixel 

fluctuates between channels, the location is set to gray. 

 The features image shown in Fig. 4 represents the final result on a given 256 x 

256 pixel image with five channels. Note that the algorithm represents polarity through 

means of a double line; each feature is drawn with black line on the dark side of the 

feature, and a white line on the bright side. 

 

  

Original Image Detected Features 

Figure 4. Results of the basic algorithm on a typical 256 x 256 image, with five channels. 
Black and white lines represent features. 
 

Because the final step of the algorithm is an exclusionary process (ie, the greater 

the number of bands that are considered, the less likely that a given pixel will remain 

consistent across every scale), the degree of detail can be adjusted by considering more or 

fewer channels. An example enhancement, with a comparison of five filters versus four, 



can be found in Figure 5. As expected, the use of one less channel results in more 

features being detected, but with a simultaneous increase in noise. 

 

  

Five Channels Four Channels 

Figure 5. Comparison of five channels versus four. By reducing the number of channels, 
more features are introduced, but more noise is also present. 
 
 

Contrast threshold consideration 

The edge detection of the basic algorithm given so far is good, but noisy. Some of this 

noise develops from the polarization technique. A pixel that is consistently—though 

barely—positive, for example, is given as much weight as a pixel that is much greater 

than zero at all scales. The result is that edges that are below human sensitivity are 

enhanced, leading to a noisy image. This noise can be reduced without much added 

complexity through the introduction of a thresholding function. 

 In order to compensate for human sensitivity, however, we first have to define it 

in empirical terms. This is accomplished by establishing a contrast sensitivity function 

(CSF). To determine a typical CSF, spatial filtering characteristics of the visual system 

are studied by measuring subjects’ visual sensitivity to sine wave grating patterns 



composed of sequential sinusoidal bars. Two parameters of the gratings are varied—the 

contrast of the pattern and the frequency. The minimum contrast required for detection 

for a range of frequencies specifies the spatial filtering characteristics of the visual 

system. When the recprocal of this characteristic (sensitivity) is plotted against spatial 

frequentcy, the result is the CSF (Peli, Arend et al 1993). The CSF of a typical normal-

vision subject is given in Fig. 6. 
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Figure 6. Contrast-sensitivity function of a typical subject. The inverse 
of these values are used as the polarity threshold at various scales (in 
cycles/degree). 

 

 By setting an image’s size in visual degrees, we define a spatial frequency for 

each of our filters in cycles per degree (cpd). Using our empirical contrast-sensitivity 

function, it is possible to determine a threshold constant for each frequency. Pixels whose 

magnitudes fall below threshold are set to gray, rather than black or white. In this way,  



Minimal edges are removed from the enhancement. An example of the results of this 

threshold method are given in Fig. 7. 
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(with threshold) 

 

  

Detected Features Detected Features 
(with threshold) 

 
Figure 7. Results of the threshold procedure on an individual channel, and on results. 
Threshold function removes polarized pixels from channels, resulting in less noise. 
 

 More complex thresholding functions are possible, of course. For example, an 

edge that is sub-threshold at a single spatial frequency, but definitive at all other 

frequencies might be considered important, particularly if the inconsistent channel is a 



low spatial frequency. Similarly, a more lenient function could be applied, which simply 

reduces the contrast of edges that fall near or below contrast sensitivity, rather than 

eliminating them entirely. The alternatives introduce significant computation and 

memory requirements, however, without producing noticeably better results. 

 

Video Considerations 

The feature detection algorithm described in the preceding chapter is successful, but so 

far has not been applied as an enhancement. The step from edge detector to edge 

enhancer is an easy one however; the gray pixels in the result are removed, and the 

remaining lines are laid over the original image. A typical result is shown in Fig. 8. 

 

  

Original Image Enhanced Image 

Figure 8. Using the features as an enhancement. The black and white lines from the 
detection are overlaid on the original, emphasizing the features. 
 

 
 



In the case of a video signal, each frame is enhanced in this way, as if it were a single 

image. There are two approaches possible with type of enhancement: real-time 

enhancement and offline enhancement. Both will be considered here. 

 

Real-Time Enhancement 

 “Real-time” refers to situations in which the enhancement is generated as the signal is 

received. One can imagine a head-mounted display, for example, in which a small camera 

captures the environment of a subject, which is then enhanced before being transmitted to 

the subject’s eye. Such an application would require the enhancement to be done “on the 

fly,” as there would be no way of predicting what the camera would encounter next. 

Similarly, a hardware device might be designed to enhance television programs for the 

vision-enhanced—this would also be a real-time application. 

 Real-time enhancement requires an algorithm that is simple and fast. In the worst-

case scenario, a slow algorithm would not be able to keep pace with the input signal, 

leading to diminished results. Either the output would have to be delayed (a potentially 

disastrous solution in the case of the head-mounted application), or frames would have to 

be dropped. Furthermore, computational complexity leads to hardware devices that are 

larger and more expensive, neither of which is desirable. 

 Fortunately, the algorithm described is simple, and its implementation in digital 

hardware is fairly straightforward. The channels themselves can be viewed as pairs of 

binary matrices, with one matrix representing the “on” pixels, and one representing the 

“off” pixels. The congruence tests is then a simple binary AND operation. The bulk of the 

computation is therefore in the conversions between frequency and space domains, and in 



the application of the filters. Both of these steps have straightforward solutions in the 

digital realm.  

The conversions are done via Fourier transform; in the case of images with 

power-of-two dimensions, this can be done quickly through the application of a radix-2 

fast-Fourier transform algorithm. Substantial work has been done on computing these 

conversions as efficiently as possible in both hardware and software, because of their 

importance in image processing.  The log-cosine filters described earlier are also 

straightforward, and were used both because of their symmetry properties, and their 

relevance to the human visual system. However, any bandpass-type filter will work in the 

algorithm. 

 

Offline enhancement 

Offline processing is the opposite of real-time enhancement. The original signal is 

enhanced prior to its exposure to the subject, allowing more time and expense to be put 

into the actual enhancement. Consider a situation similar to closed captioning for the 

hearing impaired, where a television program is enhanced at the station, and the 

enhancement lines are broadcast along with the original signal. As another example, an 

enhanced version of a movie might be included as a feature on a DVD, or as an option at 

a movie theatre. 

 The television signal example illustrates one of the requirements of offline 

processing: bandwidth. “Piggyback” signals, such as closed captioning and the network 

television ratings system, are limited to a certain bandwidth, in order to fit within a 



carrier signal. Even fixed media such as disks and tapes have limited space, motivating 

the need for an enhancement that is easily compressed. 

 The binary lines generated by the enhancement algorithm meet both of these 

requirements. The overlay aspect of the procedure requires that only the lines themselves 

be carried separate from the original signal, rather than broadcasting an entire enhanced 

version of the input. The enhancement lines are sparse, and contain only two color 

values, further reducing their bandwidth requirement. An additional improvement can be 

made by restricting the lines to a single color; however, this option removes any polarity 

information from the enhancement. 

 

Interlacing Considerations 

One of the idiosyncrasies of most television displays is that they are interlaced. In an 

interlaced display, the horizontal scan lines are divided into two fields: even and odd. The 

device writes to only half the scan lines at a time, resulting in a refresh rate that appears 

to be twice as fast as it actually is. 

 Unfortunately, interlacing also leads to visual artifacts. First, if a motion is broad 

enough, the difference between two fields is extreme enough to cause the object to appear 

fuzzy or jagged. Second, because the lines are actually created by a ray of light speeding 

across the surface of the device, one set of scan lines is constantly fading while the other 

is drawn. This can lead to a distracting flickering effect. 

 These artifacts are so slight in regular television that they more or less go 

unnoticed by the human eye. When adding digital enhancement lines, however, the 



artifacts are sometimes enhanced along with the signal. There are several possible 

solutions to this problem. 

 First, the enhancement can be sent to only one field of the display, i.e., to only 

one set of scan lines. This results in a sparser enhancement, with lines that appear to be 

half as thick. However, it is effective in eliminating the interlacing artifacts, and has the 

additional bonus that only half the fields need to be enhanced, reducing the total 

bandwidth needed for the signal. 

 Second, the same enhancement information can be sent to both sets of scan lines. 

This option has the same bandwidth advantage as the previous one, without the sparse 

enhancement lines. In its most basic incarnation, only one of the fields is enhanced, and 

that enhancement is sent to both the even and odd lines. Obviously, this reduces the 

effectiveness of the enhancement slightly, since the second field is enhanced based on 

information obtained from the first. In a slightly more computationally intensive 

procedure, the enhancement lines from each field can be averaged, and the result sent to 

both fields. As with all systems, there is a trade-off between simplicity and quality. The 

best method, of course, depends on the specific application. 

 

Future Considerations 

A new generation of video display is imminent, and though advances such as digital 

broadband media and high-definition television have yet to make it into the average 

American’s home, it is worthwhile to examine how these advances effect the success of 

the feature-based enhancement process. 



 One of the ramifications of the “digital age” is that video is often compressed in 

one-way or another. Video that is stored digitally or broadcast over the Internet suffers 

from the same bandwidth limitations that were considered in the development of the 

enhancement algorithm. These considerations often motivate the use of lossy 

compression, in which an acceptable amount of quality is sacrificed in the interest of 

space. Lossy compression invariably leads to visual artifacts, no matter how slight. And 

these artifacts, like the artifacts generated by interlacing, have the potential to be 

amplified by the enhancement process.  

 For the most part, however, the introduction of digital video sources will benefit 

this enhancement method—after all, the process is essentially a digital one. Furthermore, 

many of the advances that benefit digital video can also be applied to enhancement. For 

example, many compression algorithms use motion compensation to simplify 

calculations, by detecting trends in an object’s motion. This same strategy could perhaps 

simplify the feature detection process as well, or reduce the artifacts on an interlaced 

display. 

 In short, the algorithm presented here is digitally motivated and digital-friendly. It 

works well with analog displays contemporary television sets, but can be expected to 

work just as well—if not better—with the next generation of display devices. 
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