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Abstract 

 

Visual resolution is an important factor which affects human pattern recognition. 

Dealing with degraded visual resolution is relevant to both normally sighted and 

visually impaired individuals. This thesis describes three studies that address human 

pattern recognition under conditions of low resolution and its linkage to real life visual 

activities such as reading.  

  

Deficiencies of pattern recognition in peripheral vision might result in higher 

bandwidth requirements, and may contribute to the functional problems of people with 

central-field loss. In the first study (Chapter 2), we asked whether there are differences 

in spatial-frequency requirements between central and peripheral vision for pattern 

recognition. Critical bandwidths (i.e., the minimum low-pass filter bandwidth yielding 

80% recognition accuracy) were measured for letter and face recognition. We found 

that critical bandwidths increased from central to peripheral vision for both letter and 

face recognition, demonstrating that peripheral vision requires higher bandwidth for 

pattern recognition than central vision.  

 

In the second study (Chapter 3), we asked how letter recognition is possible with 

severe reduction in the spatial resolution of letters. We addressed the question by 

testing the hypothesis that when spatial resolution is severely limited, the visual 

system relies increasingly on contrast coding for letter recognition. The size of the gap 

between contrast thresholds for detecting and recognizing letters was used as a marker 

for the extent of reliance for contrast coding. We found that as spatial resolution for 

rendering letters decreases, the system relies more on contrast differences.  

 

Letters are the fundamental building blocks of text. Besides single letter recognition, it 

has been proposed that the visual span, the number of letters that can be recognized 

without moving the eyes, imposes a limitation on reading speed. In the third study 
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(Chapter 4), we investigated whether the bandwidth requirement for reading speed can 

be accounted for by the bandwidth requirement for letter recognition. We found that 

bandwidth limitations on reading performance appear to be closely associated with 

bandwidth limitations on the visual span, and also to a bandwidth limitation on letter 

recognition.  

 

Together, these three studies provide us with a better understanding of spatial-

frequency requirements for pattern vision. 
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Chapter 1. Overview of the Thesis 
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Visual resolution is an important factor which affects human pattern recognition. For 

instance, in daily life, people often need to recognize letters and faces at a large 

distance near their acuity limit. Besides acuity limit, poor resolution may be due to 

external environmental factors— fog, low-resolution computer display, severe 

refractive error or damage to the visual pathway from eye disease. Thus, dealing with 

degraded visual resolution is relevant to both normally sighted and visually impaired 

individuals. It is important to understand pattern recognition under conditions of low 

resolution and how this pattern recognition can be related to real life visual activities 

such as reading. This is also the major motivation for this thesis research.  

 

This thesis is composed of three separate studies formatted as journal articles. The 

following sections provide an overview of the three studies. 

 

Study 1  

 

Blur usually refers to the attenuation or elimination of the high-frequency content of 

images expressed as low-pass spatial-frequency filtering.  The question arises, how 

much spatial information is needed for the human visual system to perform reliable 

pattern recognition. In other words, what is the most severe blur level (i.e., minimum 

spatial-frequency-bandwidth requirement) permitting reliable pattern recognition? 

And is there any difference in the resolution requirements for pattern recognition in 

central and peripheral vision?  

 

It is known that reading in peripheral vision is slow (Chung, Mansfield, & Legge, 

1998; Rubin & Turano, 1994) and face recognition in peripheral vision is poor 

(Makela, Nasanen, Rovamo, & Melmoth, 2001) even with adequate magnification. 

Deficiencies of pattern recognition in peripheral vision, such as reduced acuity, 

reduced contrast sensitivity and crowding, might result in higher bandwidth 

requirements, and may contribute to the functional problems of people with central-

field loss.  
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In Chapter 2, we asked whether there are differences in spatial-frequency requirements 

between central and peripheral vision for pattern recognition.  

 

As primary examples of pattern recognition, we studied letter and face recognition, 

which are believed to be among the most common and significant human visual 

activities. It is often thought that there is a large difference between face recognition 

and letter recognition in terms of featural vs. holistic processing respectively. These 

two categories of objects were chosen as exemplars of two important kinds of complex 

pattern recognition.  

 

We used 26 letters of the English alphabet and 26 celebrity faces as the stimuli. Each 

image was blurred using a low-pass filter in the spatial frequency domain. Examples 

are shown in Fig. 2.2 of Chapter 2. We defined critical bandwidths as the minimum 

low-pass filter bandwidth yielding 80% recognition accuracy. Critical bandwidths 

were obtained by measuring recognition accuracy as a function of bandwidth (in 

cycles per object).  

 

We found that critical bandwidths increased from central to peripheral vision by a 

factor of 1.2 for letter recognition and by a factor of 1.5 for face recognition. For 

example, the critical bandwidth for letter recognition significantly increased from 0.90 

cycles per letter (CPL) in the fovea to 1.06 CPL in the periphery. The critical 

bandwidth for face recognition increased from 2.59 cycles per face (CPF) in the fovea 

to 3.31 CPF in the periphery.  

 

We then asked whether the human contrast sensitivity function (CSF), known to 

markedly differ between central and peripheral vision can account for the central and 

peripheral differences. To test this idea, we incorporated empirical CSFs into an ideal 

observer model. An ideal-observer model is a computational device that makes full 

use of task-relevant information and makes a recognition response to maximize 
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performance (percent correct) via a strategy of choosing the maximum posterior 

probability (Tanner & Birdsall, 1958; Green & Swets, 1966). We called this model the 

CSF-noise-ideal observer model (hereafter the model). In pattern recognition, the 

amount of stimulus information available for performing a task constrains human 

recognition performance. Thus, it is critical to assess whether the human performance 

is due to inherent stimulus information or an intrinsic property of human visual 

processing. Failure to account for these inherent stimulus constraints can lead to 

misinterpretation of performance data. For this reason, the ideal observer model has 

been used as a method for measuring stimulus information in many vision studies (e.g., 

Sperling, & Landy, 1989; Kersten, 1990; Solomon, & Pelli, 1994; Tjan, Braje, Legge, 

& Kersten, 1995).    

 

The aim of our modeling was to determine if our human results could be accounted for 

by a small set of assumptions about early visual processing combined with an optimal 

decision rule. To the extent that human performance matches model performance, we 

can pinpoint stimulus-based factors that may account for central-peripheral changes in 

human pattern recognition.  

 

We obtained the model‘s recognition performance for conditions representing central 

and peripheral vision. This was done by incorporating data from human central and 

peripheral CSFs into the model. The model provided good fits to the human data. This 

close agreement indicated that the central and peripheral differences in human 

performance can be accounted for by the information content of the stimulus limited 

by the shape of the human CSF, combined with a source of internal noise and 

followed by an optimal decision rule.   

 

Study 2 

 

Letter recognition is usually thought to rely on the shape and arrangement of 

individual features of a letter (such as line segments and curves). However, we have 
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found that high levels of letter-recognition accuracy are possible when low-pass 

filtering reduces the spatial bandwidths of letters to levels not expected to support 

adequate recognition of letter features. For example, we showed in Chapter 2 that 

people can achieve 80% correct letter recognition when the letters are low-pass 

filtered with the cut-off frequency of 0.9 cycles per letter, a bandwidth equivalent to 

less than 2 x 2 samples per letter 
1
 (Shannon, 1949). It appears that the visual system 

can reliably recognize letters at this very low sampling rate, which would only allow 

discrimination among 16 patterns if the samples were binary.  

 

Then, how is letter recognition possible with such severe reduction in the spatial 

resolution of stimulus letters? In Chapter 3, we addressed this question by testing the 

hypothesis that when spatial resolution is severely limited, the human visual system 

relies increasingly on grayscale coding (contrast coding) for letter recognition. We 

hypothesized that as spatial resolution for rendering letters decreases, subjects will 

rely more on contrast differences, therefore requiring a larger gap between contrast 

thresholds for letter detection and letter recognition. To test the hypothesis, we 

measured contrast thresholds for detecting and recognizing single letters drawn at 

random from the 26 letters of the English alphabet and used the size of the gap 

between detection and recognition contrast thresholds for letters as a marker for the 

extent of reliance on contrast coding in the letter recognition task. Consistent with our 

prediction, we found that differences in contrast thresholds between detection and 

recognition increase substantially with decreasing bandwidth. The ratio of recognition 

to detection thresholds increased from 1.4 for the unfiltered letters to 8.9 for the most 

blurred letters (i.e., 0.9 CPL).  

 

We further asked whether the tradeoff between spatial and grayscale resolution is 

inherent in the stimulus or an intrinsic property of human visual processing. To this 

                                                 
1 In signal processing, the Nyquist rate is the maximum sampling rate which can be 

transmitted through a channel, which is equal to two times the highest frequency contained in 

the signal.   
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end, we implemented the CSF-noise-ideal observer model, similar to the model 

described in Chapter 2. We tested this model for the tasks of low-pass-filtered letter 

detection and recognition for comparison with human performance. We observed 

qualitatively good agreement between the model and human observers. This 

agreement indicated that the information content of the stimulus indeed limits human 

performance and results in the observed trade-off effect. 

 

Study 3 

 

Finally, we asked whether the properties of low-pass letter recognition can be related 

to reading. 

 

Letters are the fundamental building blocks of text. If letter recognition is necessary 

for reading text, it is reasonable to hypothesize that the critical bandwidth for reading 

can be traced to the critical bandwidth for recognizing letters. In our previous study 

(Chapter 2), we found that a high level of letter-recognition accuracy (80%) is possible 

when letters were low-pass filtered with the cut-off frequency of 0.9 CPL. Near 1.1 

CPL, letter recognition accuracy was close to 100%. These results reveal that the 

critical bandwidth for recognizing letters is noticeably lower than the previously 

reported critical bandwidth for reading of 2 CPL (Legge, Pelli, Rubin, & Schleske, 

1985). This discrepancy motivated us to revisit the spatial-frequency requirements for 

reading in the current study by measuring reading speed in a more comparable manner 

to our previous single letter recognition study (Chapter 2). 

 

Besides single letter recognition, it has been proposed that the visual span, the number 

of letters that can be recognized without moving the eyes, imposes a limitation on 

reading speed (Legge, Mansfield, & Chung, 2001). The visual span can be viewed as 

the size of a window in the visual field within which letters can be recognized reliably. 

There has been accumulating evidence showing positive correlation between the size 
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of the visual span and reading speed (e.g., Legge, Cheung, Yu, Chung, Lee, & Owens, 

2007; Kwon, Legge, & Dubbels, 2007). 

 

In Chapter 4, we investigated whether the bandwidth requirement for reading speed 

can be accounted for by the bandwidth requirement for letter recognition. To the 

extent that the size of the visual span is a contributor to reading speed, we would 

expect to see similar bandwidth dependence for the size of the visual span and reading 

speed. Also to the extent that single letter recognition is linked to the size of the visual 

span and reading speed, we would expect to see similar bandwidth dependence for 

single letter recognition, the size of the visual span and reading speed. 

 

The size of the visual span and RSVP reading speed were measured using low-pass 

filtered stimulus images with various cut-off frequencies. We compared the resulting 

measurements with low-pass single letter recognition data obtained from our previous 

studies (Chapters 2 & 3). 

 

We found that the size of the visual span and RSVP reading speed show similar 

dependence on spatial-frequency bandwidth. Both the size of the visual span and 

reading speed increased with bandwidth up to the critical bandwidth of approximately 

1.4 CPL. Approximately 92% of the variability in RSVP reading speed was explained 

by the size of the visual span. These results are consistent with the hypothesis that the 

visual span plays a limiting role in reading speed. Comparison of these findings with 

our previous results on letter recognition supported the hypothesis that the bandwidth 

requirement for reading is linked to the bandwidth requirement for single letter 

recognition. 

 

Taken as a whole, four major conclusions emerge from this thesis. 

 

1) The human visual system is able to recognize letters with severe reduction in spatial 

resolution by shifting the coding strategy from shape coding to contrast coding. 
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2) Bandwidth limitations on reading performance appear to be closely associated with 

bandwidth limitations on the visual span, and also to a bandwidth limitation on letter 

recognition. The relevant bandwidth limitation on letter recognition appears to be tied 

to shape coding. 

 

3) The spatial-frequency-bandwidth requirements in peripheral vision are larger than 

central vision for pattern recognition. 

 

4) Analysis using an ideal-observer model indicates that the minimum spatial-

resolution requirements of human pattern recognition can be accounted for by 

properties of the stimulus, combined with the filtering properties of the human 

contrast-sensitivity function, and followed by an optimal decision rule. 
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Chapter 2.  Spatial-frequency bandwidth requirements for pattern 

recognition in central and peripheral vision 
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It is well known that object recognition requires spatial-frequency bandwidths 

exceeding some critical value, e.g., 1-3 cycles per letter (CPL) and 3-16 cycles per 

face (CPF). People with central scotomas who rely on peripheral vision have 

substantial difficulty with reading and face recognition. Deficiencies of pattern 

recognition in peripheral vision, such as reduced acuity, reduced contrast sensitivity 

and crowding, might result in higher bandwidth requirements, and may contribute to 

the functional problems of people with central-field loss. Here we asked whether there 

is any difference in spatial-bandwidth requirements in central and peripheral vision for 

both letter and face recognition.  

 

The stimuli were the 26 letters of the English alphabet and 26 celebrity faces. Each 

image was blurred using a low-pass filter in the spatial frequency domain. Critical 

bandwidths (defined as the minimum low-pass filter bandwidth yielding 80% accuracy) 

were obtained by measuring recognition accuracy as a function of bandwidth (in 

cycles per object).  

 

Our data showed that critical bandwidths increased from central to peripheral vision 

by a factor of 1.2 for letter recognition and by a factor of 1.5 for face recognition. We 

further asked whether the human CSF, known to markedly differ between central and 

peripheral vision can account for the central and peripheral differences. We 

implemented the CSF-noise-ideal observer model which incorporates empirical CSF 

measurements into an ideal observer model and tested the model on letter and face 

recognition. We found that the model provides a good account of human recognition 

data.   

 

Our results showed that the spatial-frequency-bandwidth requirements in peripheral 

vision are larger than central vision. We also found that the central and peripheral 

differences can be accounted for by the information content of the stimulus limited by 

the shape of the human CSF, combined with a source of internal noise and followed 

by an optimal decision rule.   
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INTRODUCTION 

 

People often attempt to function near the spatial-resolution limit for pattern 

recognition. Examples include recognizing letters on a distant traffic sign while 

driving, or a familiar face across the street. Both cases require pattern recognition 

where spatial resolution is limited by acuity. Factors besides acuity may also limit 

spatial resolution. Poor resolution may be due to external environmental factors— fog, 

low-resolution computer display, severe refractive error or damage to the visual 

pathway from eye disease. Thus, dealing with degraded image resolution is relevant to 

both normally sighted and visually impaired individuals. The current study aims to 

address pattern recognition under conditions of low resolution.  

 

Reading and face recognition are among the most common and significant human 

visual activities. Besides their ecological significance, there is also theoretical 

importance for selecting these two categories in studying human pattern recognition. 

Many studies have suggested that faces are recognized holistically (e.g., Farah, 1991; 

Tanaka & Farah, 1993; Gauthier & Tarr, 2002), but letters are thought to be 

recognized based on simple features (e.g., Pelli, Burns, Farell, & Moore-Page, 2006). 

These two categories of objects can be used as exemplars of two important kinds of 

pattern recognition. 

 

Previous studies of letter and face recognition have shown that the human visual 

system requires spatial-frequency bandwidths exceeding some critical value, e.g., 1-3 

cycles per letter (CPL) (Ginsburg, 1978; Legge, Pelli, Rubin & Schleske, 1985; Parish 

& Sperling, 1991; Alexander, Xie & Dracki, 1994; Solomon & Pelli, 1994; Gold, 

Bennett, & Sekuler, 1999; Chung, Legge, & Tjan, 2002) and 3-16 cycles per face 

width (CPF) (Harmon, 1973; Harmon & Julesz, 1973; Ginsburg, 1980; Fiorentini, 

Maffei & Sandini, 1983; Hayes, Morrone, & Burr, 1986; Costen, Parker, & Craw, 

1994; Gold, Bennett, & Sekuler, 1999). The wide range of estimates for faces may be 
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due to methodological differences across studies such as filtering techniques and 

number and type of faces (e.g., face with or without hairline).  

  

Most of these studies have focused on recognition performance in central vision. A 

few studies have addressed issues regarding spatial-frequency bandwidths for object 

recognition in peripheral vision (Nasanen, & O‘Leary, 1998; Makela, Nasanen, 

Rovamo, & Melmoth, 2001; Chung, Legge, & Tjan, 2002). It is known that reading in 

peripheral vision is slow (Chung, Mansfield, & Legge, 1998; Rubin & Turano, 1994) 

and face recognition in peripheral vision is poor (Makela, Nasanen, Rovamo, & 

Melmoth, 2001) even with adequate magnification. Millions of people who lose their 

central vision due to diseases such as age-related macular degeneration (AMD) have 

to rely on their peripheral vision to read and recognize faces. Thus, it is imperative to 

gain a better understanding of what aspects of pattern recognition in peripheral vision 

differ from central vision for both theoretical and clinical reasons. 

 

Previous studies have employed psychophysical methods to determine the ranges of 

frequencies that yield optimal or most efficient recognition performance. For example, 

Gold et al. (1999) investigated spatial-frequency bandwidths critical for letter and face 

recognition. They measured contrast thresholds required to recognize two-octave wide 

band-pass filtered letters and faces in the presence of external white noise at 67% 

accuracy level and defined the critical bandwidth as the bandwidth showing the largest 

ratio of ideal to human contrast threshold energy. Although methods requiring 

measurement of contrast thresholds for letters and faces in the presence of masking 

noise have yielded useful theoretical insights, they may not be directly relevant to 

understanding recognition in the more ecologically common case of reduced spatial 

resolution. Moreover, little is known about how the minimum spatial-frequency 

requirements for pattern recognition differ in central and peripheral vision. 

 

The primary goal of the present study is to examine whether there are differences in 

spatial-frequency requirements between central and peripheral vision for letter and 
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face recognition. To this end, spatial-frequency bandwidth was defined as the cut-off 

frequency of a low-pass filter. Minimum spatial-frequency bandwidths yielding 

criterion recognition accuracy (i.e., 80%) for 26 letters of the English alphabet and 26 

celebrity faces were measured in both central and peripheral vision. We call this 

minimum spatial-frequency bandwidth the critical bandwidth, which represents the 

minimum spatial resolution allowing for reliable letter and face recognition.    

 

The critical bandwidth for object recognition can be expressed in both retinal spatial 

frequency (cycles per degree) or object spatial-frequency (cycles per object). In the 

current study, bandwidths will usually be expressed as object spatial frequencies. 

 

There are at least three reasons to expect that the spatial-frequency requirements of 

object recognition may be different in central and peripheral vision. First, because of 

acuity limitations, larger letters (or faces) are usually required for peripheral 

recognition. It has been shown that the optimal spatial frequency band shifts to higher 

object frequency (CPL) when letter size increases (Alexander et al., 1994; Majaj, Pelli, 

Kurshan, & Palomares, 2002; Chung, Legge, & Tjan, 2002). Second, there are studies 

showing that the human visual system relies on both grayscale resolution (i.e., contrast 

coding) and spatial resolution for pattern recognition, i.e., trade-off between spatial 

and grayscale resolution (Farrell, 1991; Chapter 3). If this is the case, reduced contrast 

sensitivity in the periphery might have to be compensated for by higher spatial-

resolution, resulting in a higher spatial-frequency requirement in the periphery for 

pattern recognition. Third, pattern recognition in peripheral vision is known to suffer 

from crowding (Bouma, 1970), i.e., impairments in recognition performance due to 

interference from nearby flankers. Martelli, Majaj, and Pelli (2005) demonstrated that 

crowding occurs not only at the object level (e.g., face), but also at the part level (e.g., 

eye, nose, mouth). The crowding effect can be reduced by increasing spacing between 

parts of an object. Increasing spacing can be achieved through scaling up the object as 

a whole or by increasing the separation between parts while keeping the size of each 

part intact. These manipulations would result in a larger object size, which in turn 
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might lead to a higher spatial-frequency-bandwidth requirement in peripheral vision. 

Furthermore, Chung and Tjan (2007) showed the human visual system shifts its 

sensitivity toward a higher spatial-frequency channel when identifying crowded letters, 

compared to single letters. They found that the peak tuning frequency of crowded 

letters is 0.17 octaves higher than that of single letters.  

 

Another factor differing between central and peripheral vision and potentially 

affecting bandwidths for pattern recognition is the shape of the human contrast 

sensitivity function (CSF). Previous studies have demonstrated that the shape of the 

human CSF helps to explain the spatial-frequency characteristics of letter recognition 

and reading (Gervais, Harvey, Jr., & Roberts, 1984; Legge, Rubin, & Luebker, 1987; 

Chung et al., 2002; Chung & Tjan, 2009; Chapter 3).  

 

A secondary goal of the present study was to examine whether the difference, if any, 

in spatial frequency requirements in central and peripheral vision for pattern 

recognition can be accounted for by the human CSF. For this purpose, we 

implemented a model, similar to the CSF-ideal-observer model introduced by Chung, 

Legg and Tjan (2002). We incorporated human CSFs for central and peripheral vision 

in the model, and asked if its performance in letter and face recognition resembled our 

human data. 

 

METHOD 

 

Subjects 

 

Eighteen (letter recognition) and twelve (face recognition) subjects were recruited 

from the University of Minnesota campus. They were all native English speakers with 

normal or corrected-to-normal vision and normal contrast sensitivity. The mean acuity 

(Lighthouse distance acuity chart) was - 0.09 logMar (Snellen 20/16) ranging from -
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0.24 (Snellen 20/11) to 0.04 (Snellen 20/22). The mean LOG contrast sensitivity 

(Pelli-Robson chart) was 1.84 with a range from 1.65 to 2.05. Subjects were either 

paid $10.00 per hour or granted class credit for their participation. The experimental 

protocols were approved by the Internal Review Board (IRB) at the University of 

Minnesota and written informed consent was obtained from all subjects prior to the 

experiment.  

 

Stimuli 

Letter images 

 

The 26 lower-and upper-case Courier font letters of the English alphabet were used for 

the letter recognition experiment. The letter images were constructed in Adobe 

Photoshop (version 8.0) and MATLAB (version 7.4). Letter size defined as x-height 

varied from 14 to 47 pixels (0.45 º to 1.5 º at a viewing distance of 60cm). A black 

single letter was generated on a uniform gray background of 250 x 250 pixels. 

Face images 

 

Images of 26 celebrities (13 females and 13 males) were selected from the Google 

image database. The faces were highly familiar to college students (See Appendix B). 

All subjects were shown the set of 26 faces prior to the experiment to ensure that they 

were able to recognize all the 26 faces with high familiarity and were fully aware of 

the set of face images used for the experiment. 

 

The faces were all smiling and viewed from the front. There were two versions of each 

face: with hair and without hair. We included these two versions on the following 

grounds: faces with hair are ecologically more valid, closely resembling natural face 

recognition. On the other hand, faces without hair allow us to examine face 

recognition without a hairline, known to be a major external cue for human face 

recognition (Sinha, 2006). In both versions, however, we tried to eliminate any 
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conspicuous external cues such as glasses, beard, and hair accessories (see Appendix 

B). The size of a face image was determined by the width of the face at eye level. For 

a given face size, all the 26 faces were scaled in size to equate them for the width of 

each face. We used various sizes of faces ranging from 16 to 155 pixels (0.5 º to 5 º) 

for faces with hair and from 46 to 279 pixels (2 º to 9 º) for faces without hair. All the 

face images were placed on a uniform gray background of 400 x 400 pixels. The faces 

were gray-scaled and resized in Adobe Photoshop (version 8.0) and MATLAB 

(version 7.4). 

Image filtering 

 

The images were blurred using a 3
rd

 order Butterworth low-pass filter in the spatial 

frequency domain. The filter was radially symmetric with a cut-off frequency of 1.5 

cycles per degree letter or face), equivalent to 1.5 cycles per object for a 1 letter size. 

The filter function was as follows:  

 

,

1

1
2

























n

c

r
f                         (Eq. 2.1) 

 

where r is the component radius, c is the low-pass cut-off radius and n is the filter‘s 

order.  

 

The filter‘s response function is shown in Fig. 2.1. Fig. 2.2 provides sample letters and 

faces for both normal (top panels) and blurred images (bottom panels).  
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Figure 2.1. The response function of the 3rd order Butterworth filter with the cut-off 

frequency of 1.5 cycles per degree, equivalent to 1.5 cycles per letter for a 1 letter 

size. 

 

Figure 2.2.  Sample letters and faces for unfiltered (top row) and low-pass filtered 

images (bottom row). 

 

Image display on screen  

 

To present the filtered images on the monitor, we mapped the luminance values of the 

letters to the 256 gray levels. The DC value of the filtered image was always mapped 

to the gray level of 127, equivalent to the mean luminance of the monitor (40 cd/m
2
). 

The stimuli were generated and controlled using MATLAB (version 7.4) and 

Psychophysics Toolbox extensions (Mac OS X) (Brainard, 1997; Pelli, 1997), running 



 

18 

 

 

on a Mac Pro computer. The display was a 19‖ CRT monitor (refresh rate: 75 Hz; 

resolution: 1152 x 870). Luminance of the display monitor was made linear using an 

8-bit look-up table in conjunction with photometric readings from a MINOLTA CS-100 

Chroma Meter. The image luminance values were mapped onto the values stored in the 

look-up table for the display.  

 

 Measuring critical bandwidths for letter and face recognition 

 

Face and letter recognition measurements were conducted in separate experiments on 

different subject groups. Both experiments, however, were done with the same 

procedure as follows: 

 

Recognition performance was obtained for six cutoff frequencies as measured in 

cycles per object. This was achieved by fixing the cutoff retinal spatial frequency at 

1.5 cycles per degree and using six image sizes. In other words, we fixed the retinal 

frequency of the cutoff and varied stimulus size (e.g., if letter size were 1, then the 

cutoff frequency as measured in cycles per object became 1.5 CPL).
2
  

 

The critical bandwidth was estimated from the resulting psychometric function, a plot 

of percent correct letter recognition as a function of bandwidth (Fig. 2.3). Best-fitting 

(least squares) cumulative Gaussian functions (Wichmann & Hill, 2001a) were fit to 

the data and threshold was defined as the bandwidth yielding 80% correct responses 

(Fig. 2.3). The parameters alpha and beta are related to the mean and variance of the 

underlying Gaussian distribution, and determine the psychometric function‘s location 

on the x-axis (alpha) and steepness (beta). Trials with six different bandwidths in 

                                                 
2 In order to verify our method, we obtained critical bandwidths by measuring recognition 

accuracy by fixing stimulus size and varying retinal frequency. However, the two different 

procedures yielded approximately the same results. 
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cycles per letter (or cycles/face) were randomly interleaved. Each bandwidth was 

presented 100 times, so there were 600 trials for each psychometric function.  

 

 

Figure 2.3. An example of a psychometric function for letter recognition. Recognition 

performance was obtained for six cutoff frequencies as measured in cycles per object. 

This was achieved by fixing the cutoff retinal spatial frequency at 1.5 cycles per 

degree and using six image sizes. The images below the psychometric function show a 

sequence of images, all with the same cut-off frequency of the filter measured in 

cycles per degree (i.e., 1.5 cpd) but different cut-off frequencies measured in cycles 

per object depending on the size of stimulus image.  

 

In each trial, subjects were presented with a blurry letter (a –z or A ~ Z) for 150ms. 

Next, the displays were set to average luminance, and after a brief pause (500ms), a 

set of 26 thumbnail versions of the letter images (56 x 56 pixels in size) appeared on 

the screen. Then, subjects identified the target stimulus by clicking the mouse on one 

of 26-letter answering keys forming a clock face. To prevent subjects from using any 
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image matching strategy, a different font (Arial) and the opposite lettercase were used 

for the response key. 

 

The location of each letter on the response key was shuffled every block to avoid any 

response bias induced by specific location. Subjects were given approximately 30 

practice trials before the experimental test. A small cross in the center of the stimulus 

served as a fixation mark to minimize eye-movements throughout the experiment. A 

chin-rest was also used to reduce head movements. 

 

Each letter and face recognition experiment consisted of four blocks (2 lettercase for 

letters or 2 face types for faces x 2 visual field locations: fovea vs. periphery). The 

order of blocks was counterbalanced across subjects.  

 

RESULTS 

 

Letter recognition in fovea and periphery  

 

Fig. 2.4 shows one subject‘s psychometric function curves from fovea and periphery 

(left panel for lowercase and right panel for uppercase). As described in the Method 

section, a critical bandwidth was estimated from a psychometric function and defined 

to be the bandwidth yielding 80% correct responses. Critical bandwidths were larger 

in the periphery than the fovea for both letter cases (0.92 CPL vs. 1.10 CPL for 

lowercase; 1.06 CPL vs. 1.40 CPL for uppercase). The slope of the curve decreased 

from the fovea (black asterisks) to the periphery (red asterisks) for both lower-and 

uppercase letters. (Peripheral condition refers to 10 eccentricity in the lower visual 

field.) This shallower slope of the function in the periphery appeared to result in larger 

bandwidths in the periphery than the fovea. This pattern of results was fairly 

consistent across all the subjects. 
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Figure 2.4. Psychometric functions of subject 3: (a) lowercase letters and (b) 

uppercase letters. Data from the fovea were marked as black asterisks and periphery as 

red asterisks. The dotted lines were the best fits of a Cumulative Gaussian function.   

 

We performed an analysis of variance (ANOVA) on bandwidth (CPL) — 2 (visual 

field: fovea, periphery) x 2 (letter-case: lower, upper) repeated measures ANOVA 

with visual field and letter-case as within-subject factors. There was a main effect of 

visual field (F(1, 17) = 119.08, p < 0.001), suggesting that critical bandwidths are 

significantly larger in the periphery than the fovea, on average 20% increase. There 

was also a main effect of letter-case (F(1, 17) = 351.15, p < 0.001), indicating that 

uppercase letters require larger critical bandwidth than lowercase letters. We also 

found a significant interaction effect between letter-case and visual field (F(1, 17) = 7.59, 

p = 0.014), indicating that the difference in critical bandwidth between central and 

peripheral visual field is more pronounced in uppercase than lowercase letters.  

 

As shown in Fig. 2.5, the critical bandwidth for lowercase letters significantly 

increased from 0.90 CPL (0.01) in the fovea to 1.06 CPL (0.02) in the periphery 

and it also increased for uppercase letters from 1.14 CPL (0.02) in the fovea to 1.36 

CPL (0.02) in the periphery (ps < 0.05).  
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Despite some methodological differences, the observed 20% increase in critical 

bandwidth from central to peripheral vision in our study is comparable to the 32% 

increase in the peak frequency of the spatial-frequency tuning function observed in 

Chung, Legge and Tjan (2002)‘s study. However, it is should be noted that while their 

study demonstrated a shift in the most sensitive spatial frequency for letter recognition, 

our study showed a comparable shift in the minimum spatial-frequency bandwidth for 

letter recognition. 

 

 

Figure 2.5. Critical bandwidths in the fovea and the periphery for lowercase and 

uppercase letters (n=18). 

 

Table 2.1 summarizes mean and standard errors of critical bandwidths obtained using 

the threshold criterion at 80% accuracy. These differences were qualitatively 

unchanged for different levels of threshold criteria ranging from 50% to 90% (see 

Table A.1 in Appendix A). 

 

Changes in critical bandwidth estimates could result from two possible influences on 

the psychometric function: 1) a horizontal shift of the curve along the bandwidth axis, 

characterized by parameter alpha; or 2) a change in steepness of the curve, 
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characterized by parameter beta. Our findings indicated that most of the changes were 

due to changes in the slopes of the psychometric functions. 

 

For both lowercase and uppercase letters, the slopes of the curves decreased 

substantially from the fovea to the periphery, as indicated by a significant increase in  

value. There was a 32% increase in  value for lowercase letters in periphery (Table 

2.1). Even larger changes for uppercase letters were found, 35% increase in  value. 

 

 Critical Bandwidth(CPL) 
 

(scale parameter) 

 

(shape parameter) 

Lowercase at fovea 0.90 (0.01) 0.47 (0.004) 0.15 (0.006) 

Lowercase at 10 deg 1.06 (0.02) 0.55 (0.011) 0.19 (0.008) 

Uppercase at fovea 1.14 (0.02) 0.63 (0.007) 0.15 (0.005) 

Uppercase at 10 deg 1.36 (0.02) 0.73 (0.013) 0.21 (0.007) 

 

Table 2.1. Critical bandwidths (defined as the minimum bandwidth to achieve 80% 

recognition accuracy) and parameter values of the psychometric functions for four 

different stimulus conditions (n =18). 

 

Face recognition in fovea and periphery 

 

Fig. 2.6 shows one subject‘s (subject 2) psychometric function curves from fovea and 

periphery (left panel for face with hair and right panel for face without hair). Critical 

bandwidths were larger in the periphery than the fovea for both face types (1.97 CPF 

vs. 3.06 CPF for face with hair; 3.89 CPF vs. 5.07 CPF for face without hair). The 

slope of the curve decreased from the fovea (black asterisks) to the periphery (red 

asterisks) for both face types. This shallower slope of the function in the periphery 

appeared to result in larger bandwidths in the periphery than the fovea. This pattern of 

results was fairly consistent across all the subjects. 
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Figure 2.6. Psychometric functions of subject 2: (a) faces with hair and (b) faces 

without hair. Data from the fovea were marked as black asterisks and periphery as red 

asterisks. The dotted lines were the best fits of a Cumulative Gaussian function.   

 

We performed an analysis of variance (ANOVA) on bandwidth (CPF) — 2 (visual 

field: fovea, periphery) x 2 (face type: face with hair, face without hair) repeated 

measures ANOVA with face type and visual field as within-subject factors. There was 

a main effect of visual field (F(1, 11) = 18.63, p = 0.001), indicating that critical 

bandwidths are significantly larger in the periphery than the fovea. There was also a 

main effect of face type (F(1, 11) = 38.54, p < 0.001), suggesting that face without hair 

type requires larger critical bandwidth than face with hair type. We also found a 

significant interaction effect between face type and visual field (F(1, 11) = 9.50, p = 

0.01), indicating that the difference in critical bandwidth between central and 

peripheral visual field is more pronounced in face without hair type than face with hair 

type.  

 

As shown in Fig. 2.7, critical bandwidths for faces with hair increased from 2.59 CPF 

( 0.10) at the fovea to 3.31 CPF ( 0.16) at the periphery and also for faces without 
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hair from 4.23 CPF ( 0.15) at the fovea to 7.32 CPF ( 0.90) at the periphery. Table 

2.2 summarizes mean and standard errors of critical bandwidths obtained from 

threshold criteria at 80% accuracy. The pattern of this result stayed unchanged with 

different levels of threshold criteria ranging from 50% to 90% accuracy (see Table A.2 

in Appendix A).  

 

 

Figure 2.7. Critical bandwidths in the fovea and the periphery for face with hair and 

face without hair types (n =12). 

 

For both face types, the slope of the curve became shallower in the periphery, which 

accounted for the larger value of critical bandwidth. There was a 27% increase in  

value for face with hair in the periphery. Even larger changes for face without hair 

were found, 75% increase in  value.  
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Bandwidth  

(CPF) 

 

(scale parameter) 

 

(shape parameter) 

Face with hair at fovea 2.59 (0.1) 1.64 (0.07) 1.13 (0.06) 

Face with hair at 10 deg 3.31 (0.16) 1.83 (0.10) 1.76 (0.19) 

Face without hair at fovea 4.23 (0.15) 2.75(0.09) 1.76 (0.13) 

Face without hair at 10 deg 7.32 (0.90) 4.02 (0.30) 3.92 (0.82) 

 

Table 2.2. Critical bandwidths and parameter values of psychometric functions for 

four different stimuli conditions (n=12). 

 

Thus, there were parallels between letter and face recognition in the changes of 

bandwidth requirements from central to peripheral vision.  

 

MODEL DESCRIPTION AND COMPARISION WITH HUMAN 

PERFORMANCE 

 

 Model Overview 

 

We now describe the implementation of a CSF-noise-ideal-observer model (hereafter 

the model) for letter and face recognition in central and peripheral vision. The aim of 

our modeling was to determine if our human results could be accounted for by a small 

set of assumptions about early visual processing combined with an optimal decision 

rule.  To the extent that human performance matches model performance, we can 

pinpoint stimulus-based factors that may account for central-peripheral changes in 

human pattern recognition.  

 

In principle, an ideal observer is able to perform with 100% accuracy in a recognition 

task if the stimuli are noise free. For this reason, many prior studies comparing human 



 

27 

 

 

performance to an ideal observer have included noise-perturbed stimuli so that ideal 

performance drops below ceiling. In our study, no external noise was added to the 

stimulus. Instead, we constructed the model to have a source of additive noise 

following stimulus encoding and prior to the decision process. In this sense, the noise 

in our model may mimic the internal noise of human visual processing.  

 

We fit the model to human recognition data using one free parameter, the amplitude of 

the additive noise.  A separate value of the noise parameter was obtained for each 

experimental condition (e.g., separate values for lowercase letter recognition in central 

and peripheral vision). See Appendix D for details of selection of the noise values. 

Appendix D also addresses whether the inclusion of the CSF in the ideal observer 

model is important in accounting for our human data. As the appendix illustrates, the 

model fits are much better when the CSF is included.    

 

 

Figure 2.8. A schematic diagram of the CSF-noise-ideal-observer model. 

 

The model contained a CSF filter
3
 and additive noise source were situated between the 

stimulus and an optimal classifier as depicted in Fig. 2.8. The CSF filter was a linear 

filter with a shape identical to a human CSF.  

                                                 
3 Without causing any computational discrepancy, the CSF filter can be viewed as frequency-

dependent noise. White noise is added after the CSF filter so that the signal-to-noise ratio 

across spatial frequencies followed the shape of the CSF. The performance of the ideal 
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The model knows the exact pixel representations of the set of possible low-pass-

filtered stimulus images and the probability of occurrence of the letters (all 26 letters 

are equally probable). The model also knows the statistics of the added luminance 

noise and the weighting associated with the CSF filter. In each simulation trial, the 

model receives a stimulus (low-pass filtered letter or face image) with additive 

Gaussian noise and makes its recognition response. The model makes full use of task-

relevant information and makes a recognition response to maximize performance 

(percent correct) via a strategy of choosing the maximum posterior probability of the 

stimulus being a particular image given the noisy input stimulus (Tanner & Birdsall, 

1958; Green & Swets, 1966). The computation of finding the maximum posterior 

probability is equivalent to minimizing the Euclidean distance between the noisy input 

stimulus and its stored noiseless template (e.g., 26 letters or faces), often called 

template matching (Details of this computational derivation are provided in Appendix 

C).  

 

The model‘s performance was based on Monte Carlo simulations of 21000 trials per 

psychometric function. Recognition performance of the model was measured at seven 

                                                                                                                                             
observer is determined by signal-to-noise ratio (SNR). The SNR can be modified by 

increasing noise spectral density or by decreasing signal level. As far as SNR is concerned, 

incorporating the human CSF into the ideal observer model is essentially equivalent to 

modifying SNR in a frequency-dependent way by introducing frequency-dependent noise (see 

Pelli, 1990, pp. 3-24; Chung & Tjan, 2009), i.e., additive noise whose shape follows the 

inverse of the CSF. We can formulate the outcome of the ideal and CSF-noise-ideal observers 

in terms of object signal and noise as follows: 

 

The CSF-noise-ideal observer = f(S + N(freq) + N0),                                                   (Eq. 2.2)                                   

 

where S is a target signal, N0 is constant noise and N(freq) is a frequency-dependent noise that 

mimics the effect on SNR of the CSF filter.  
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bandwidths, spanning performance levels from 10% correct to 95%. There were 3000 

trials for each bandwidth level. A psychometric function, a plot of recognition 

accuracy vs. bandwidth, was created by fitting the data with a cumulative Gaussian 

function. The threshold bandwidth (i.e., critical spatial-frequency bandwidth) was 

based on the 80% recognition accuracy on the psychometric function. 

 

In this study, our model used empirical CSFs from Chung and Tjan (2009). Their 

CSFs were measured at the fovea and at 10° in the lower visual field (Fig. 2.9) using 

stimulus parameters similar to those of our study 
4
.  

 

 

Figure 2.9. CSF of human observers at the fovea (unfilled circles) and at 10° 

eccentricity (filled circles) (Adapted from Chung & Tjan, 2009). 

 

                                                 
4 The CSFs were measured using an orientation discrimination task for sine-wave gratings 

windowed by Gaussian profiles with 150ms exposure duration (see more details in Chung & 

Tjan, 2009). The thresholds values and the general shape of our CSFs are comparable to those 

reported in previous grating detection studies (DeValois, Morgan, & Snodderly, 1974; Virsu 

& Rovamo, 1979).  
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Model Results 

Comparing Model and Human Letter Recognition 

 

Does the CSF-noise-ideal observer model provide a satisfactory account for human 

letter recognition data?  

 

In Fig. 2.10, the letter recognition performance of the model is plotted in comparison 

with that of human observers (green squares). Except for the uppercase foveal 

condition, it is evident that the model provides a good account of human letter 

recognition data. Particularly, in the case of lowercase letters (Fig. 2.10. a), the data 

from the model nearly aligned with those of human observers. The quantitative 

analysis using a goodness of fit test (χ
2 
test) confirmed that the model provides a good 

account of human letter recognition performance for all three stimulus conditions (ps 

> 0.05) except for the uppercase foveal condition.  

 

In Fig. 2.11, the critical bandwidths in the foveal and the peripheral conditions of the 

model (blue bars) are plotted in comparison with those of human observers (red bars). 

The model produced quantitatively similar critical bandwidths to those of human 

observers (Table 2.3). As a result, the model had larger critical bandwidths in 

peripheral vision than central vision for both letter cases (0.88 CPL at the fovea and 

1.02 CPL at the periphery for lowercase letters; 1.12 CPL at the fovea and 1.34 CPL at 

the periphery for uppercase letters). The larger critical bandwidth in peripheral vision 

appeared to result primarily from changes in the slope of the psychometric function 

(24% reduction in  value). 
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Figure 2.10. Letter recognition for the model in the fovea (black asterisks) and the 

periphery (red asterisks) in comparison with that of human observers (green open 

squares). Data were fitted with a cumulative Gaussian function.   

 

 

Figure 2.11. Critical bandwidths for four stimulus conditions from the model in 

comparison with those from human observers. 
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Lowercase 

at fovea 

Lowercase 

at periphery 

Uppercase 

at fovea 

Uppercase 

at periphery 

The Model 0.88 CPL 1.02 CPL 1.12 CPL 1.34 CPL 

Human 

Observers 
0.90 CPL 1.06 CPL 1.14 CPL 1.36 CPL 

 

Table 2.3. Critical bandwidths for four different stimulus conditions from the model in 

comparison with those from human observers. 

 

Comparing Model and Human Face Recognition  

 

We also found that the model provides a satisfactory account for human face 

recognition data. As shown in Fig. 2.12, the data from the model closely aligned with 

those of human observers. A goodness of fit test (χ
2 
test) further confirmed that the 

model provides a good account of human face recognition performance for all 

stimulus conditions (ps > 0.05).  

 

This satisfactory nature of the model fits produced the following pattern of the results, 

which is consistent with those of human observers.    

 

The spatial-frequency requirements in the fovea and the peripheral conditions of the 

model (blue bars) are plotted in comparison with those of human observers (red bars) 

(Fig. 2.13). The model produced quantitatively similar bandwidth requirements to 

human observers (Table 2.4). Thus, the model required larger bandwidths in 

peripheral than central vision for both face types: 2.29 CPL at the fovea and 3.24 CPL 

at the periphery for faces with hair; 4.09 CPL at the fovea and 7.14 CPL at the 

periphery for faces without hair. This increase in bandwidth in peripheral vision 

appeared to be mostly due to changes in the slope of the psychometric function (81% 

decreases in  value).  



 

33 

 

 

 

 

Figure 2.12. Face recognition of the model in the fovea (black asterisks) and the 

periphery (red asterisks) in comparison with that of human observers (green open 

squares). Data were fitted with a Cumulative Gaussian function.   

 

                                         

 

 

 

 

 

 

 

 

 

 

Figure 2.13. Critical bandwidths for four different conditions from the model in 

comparison with those from human observers. 
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Face  

with hair 

at fovea 

Face  

with hair 

at periphery 

Face  

without hair 

at fovea 

Face  

without hair 

at periphery 

The Model 2.29 CPF 3.24 CPF 4.09 CPF 7.14 CPF 

Human 

Observers 
2.59 CPF 3.31 CPF 4.23 CPF 7.32 CPF 

 

Table 2.4. Critical bandwidths for four stimulus conditions from the model in 

comparison with those from human observers. 

 

SUMMARY AND CONCLUSIONS 

 

In the current study, we asked whether deficiencies of pattern recognition in peripheral 

vision might result in higher spatial-frequency-bandwidth requirements for pattern 

recognition. Our secondary goal was to assess the impact of the human CSF in 

accounting for central and peripheral differences. We implemented the CSF-noise-

ideal observer which incorporates empirical CSFs into an ideal observer model. The 

model‘s recognition performance was tested in central and peripheral conditions.   

 

We found that the critical bandwidths of human observers are significantly larger in 

peripheral than central vision for both letter and face recognition. The performance of 

the CSF-noise-ideal observer model was in good agreement with human data, showing 

larger bandwidths in peripheral than central vision for both letter and face recognition. 

Furthermore, our model comparison analysis demonstrated that the model with the 

CSF provides a better account of human recognition data than the model without the 

CSF (Appendix D). These findings suggest that the difference in spatial-frequency 

requirements between central and peripheral vision can be accounted for by the 

information content of the stimulus limited by the shape of the human CSF when a 

source of internal noise is taken into account.  
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The findings of our study can be summarized as follows: 

 

First, we observed larger critical bandwidths for both letters and faces in the periphery 

than in the fovea. The critical bandwidth for letter recognition increased from central 

to peripheral vision on average by a factor of 1.20. For face recognition, the increase 

was even larger, on average by a factor of 1.50.  

 

Second, our results showed that high levels of object-recognition accuracy were 

possible with lower bandwidths than previously reported. Despite a wide range of 

estimates among studies (cited in the Introduction), there has been a growing 

consensus that the spatial frequencies of 2-3 CPL and 8-16 CPF are the most crucial 

for identifying letters and faces respectively. However, we have found that people can 

achieve 80% recognition accuracy even with spatial-frequency bandwidths of 0.9 CPL 

and 2.6 CPF. This discrepancy might be partly due to methodological differences such 

as filtering techniques and number and type of stimulus image (e.g., lowercase or 

uppercase letters; face with or without hairline). But, it might also be due to the fact 

that many of the previous studies examined the ranges of frequencies that yield 

optimal or most efficient recognition performance (by means of manipulations such as 

threshold contrast, high-pass filtering, band-pass filtering, and noise masking 

paradigms) while our study  measured the minimum spatial-frequency requirement for 

reliable recognition performance using low-pass filtering.   

 

Third, different lettercases and face types appear to have different bandwidth 

requirements. For example, 0.9 CPL for lowercase and 1.14 CPL uppercase letters in 

the fovea; 2.59 CPF for faces with hair and 4.23 CPF for faces without hair in the 

fovea. This pattern holds for peripheral vision as well. What accounts for this 

difference? Lowercase letters have more spatially distinctive features than uppercase 

letter such as ascending and descending strokes. Similarly, faces with hair have more 

distinguishable cues than faces with hair. The reduced set of distinctive spatial features 
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in both uppercase letters and faces without hair appears to necessitate a larger 

bandwidth for a criterion level of recognition performance. Variation in the set size of 

distinctive features, may contribute to the variability across studies in estimates of the 

bandwidth requirements for recognizing letters and faces cited in the Introduction. 

 

Fourth, the greater bandwidth requirement for pattern recognition in peripheral vision 

appears to be generalized across different kinds of complex pattern recognition. It is 

often thought that there is a large difference between face recognition and letter 

recognition in terms of featural vs. holistic processing respectively. Our data, however, 

showed that regardless of these presumably different processing mechanisms, both 

letter and face recognition exhibited larger bandwidth requirements in peripheral 

vision than central vision. 

 

Fifth, recognition performance of the CSF-noise-ideal observer model was closely 

matched to human recognition performance when the model was fit to the human data 

using one free parameter (the amplitude of the additive noise). The results of our 

modeling suggests that the minimum spatial-resolution requirements of human pattern 

recognition can be accounted for by a simple front-end sensory model which contains 

the properties of the stimulus, combined by the filtering properties of the human CSF 

and a source of internal noise, and followed by an optimal decision rule.  

 

In conclusion, our results show that the spatial-frequency-bandwidth requirements in 

peripheral vision are larger than central vision. This difference may contribute to the 

reading and face-recognition difficulties of people with central-field loss.  
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Chapter 3. Trade-off between spatial resolution and contrast coding 

for letter recognition  
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Letter recognition is usually thought to rely on the shape and arrangement of 

individual features of a letter (such as line segments and curves). In our previous study 

(Chapter 2), we have found that high levels of letter-recognition accuracy are possible 

when low-pass filtering reduces the spatial bandwidths of letters to levels not expected 

to support adequate recognition of letter features. 

 

We addressed this apparent discrepancy by testing the hypothesis that the human 

visual system relies increasingly on grayscale coding (contrast coding) for letter 

recognition when spatial resolution is severely limited. The hypothesis predicts that as 

spatial resolution for rendering letters decreases, subjects will rely more on contrast 

differences, therefore requiring a larger gap between contrast thresholds for letter 

detection and letter recognition. 

 

We measured contrast thresholds for detecting and recognizing single letters (Courier, 

1°) drawn at random from the 26 letters of the English alphabet. The letters were low-

pass filtered (blurred) with a third-order Butterworth filter with bandwidths of 0.9, 1.2, 

2, and 3.5 cycles per letter (CPL). Thresholds were also measured for unfiltered letters.   

 

Data from seven normally-sighted subjects showed that differences in contrast 

thresholds between detection and recognition increased substantially with decreasing 

bandwidth. The ratio of recognition to detection thresholds increased from 1.4 for the 

unfiltered letters to 8.9 for the most blurred letters (i.e., 0.9 CPL).  

 

We also incorporated the human CSF into an ideal observer model (called the CSF-

noise-ideal observer model) and tested the model for letter detection and recognition 

tasks. We observed qualitatively good agreement between the pattern of performance 

for the model and human observers, demonstrating that the information content of the 

stimulus indeed limits human performance and results in the observed trade-off effect.  
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These findings support the hypothesized increased reliance on grayscale information 

for letter recognition when spatial resolution is reduced. 

 

INTRODUCTION   

 

Letter recognition has been one of the most extensively studied categories of object 

recognition due to its functional significance in reading and the remarkable ability of 

the human visual system for rapid and accurate recognition of letters and words. 

Vision research has made considerable progress during the last few decades in 

understanding the mechanisms of human letter recognition.  

 

Letter recognition, however, has been predominantly viewed in terms of spatial 

characteristics of letter information in which the human visual system relies on the 

shape and spatial arrangement of individual features of a letter. A major goal has been 

to determine a list of pattern features (such as line segments and curves) mediating 

letter recognition (Rumelhart & Siple, 1974; Geyer & DeWald, 1973; Gibson, 1969; 

Laughery, 1969; Geyer, 1970; Geyer, & DeWald, 1973; Bouma, 1971; Townsend, 

1971, Luce, 1963a; Dunn-Rankin, 1968; Blommaert, 1988; Fiset, Blais, Ethier-

Majcher, Arguin, Bub, & Gosselin, 2008; Liu, Klein, Xue, Zhang, & Yu, 2009). The 

idea of feature models is that the more features that are shared among letters, the more 

likely those letters get confused with each other. The set of critical features has been 

typically determined via a method, in which human recognition is measured under a 

degraded viewing condition (e.g., short stimulus duration, low contrast, or blurring) 

and the resulting confusion matrix is examined to see if the letters sharing more 

features get confused more often than the ones with less shared features. An 

alternative approach for modeling human letter recognition is template matching in 

which an entire letter is analyzed as a pattern element (Loomis, 1990). Although 

feature models have had success in accounting for human letter confusions, the 

proposed sets of features vary substantially across studies.  
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Yet another approach is to view human letter recognition as a process in which the 

visual system analyzes the spatial-frequency components of letter images. Gervais, 

Harvey, Jr., and Roberts (1984) were among the first who proposed and tested a 

spatial-frequency model for letter recognition. The focus of these studies has been to 

identify the narrow band of spatial frequencies used for letter recognition (e.g., 

Ginsburg, 1980; Parish & Sperling, 1991; Majaj, Pelli, Kurshan, & Palomares, 2002). 

The identification of the frequency band for letter recognition has been often studied 

by eliminating particular bands of information in a letter image by noise masking or 

band-pass filtering and measuring recognition performance in terms of accuracy, 

contrast threshold or reaction time. There has been considerable consensus on the 

range of the spatial-frequency band which is most important for letter recognition: a 

one or two octave band of spatial frequency centered at 2-3 cycles per letter. It is, 

however, not yet clear whether letter recognition is mediated by a spatial-frequency 

channel (Majaj et al., 2002; Oruc, & Landy, 2009), or the significance of the narrow 

band is a byproduct of the interaction between the human contrast sensitivity function 

(CSF) and letter information distributed across the spatial-frequency spectrum (Chung, 

Legge, & Tjan, 2002).  

 

In our earlier study (Chapter 2), we have found that high levels of letter-recognition 

accuracy are possible when low-pass filtering reduces the spatial bandwidths of letters 

to levels not expected to support adequate recognition of letter shape. For example, we 

found that people can achieve 80% correct letter recognition when the letters are low-

pass filtered with the cut-off frequency of 0.9 CPL, a bandwidth equivalent to less 

than 2 x 2 samples per letter
5
 (Shannon, 1949). It appears that the visual system can 

reliably recognize letters at this very low sampling rate, which would only allow 

discrimination among 16 patterns if the samples were binary. 

 

                                                 
5 In signal processing, the Nyquist rate is the maximum sampling rate which can be 

transmitted through a channel, which is equal to two times the highest frequency contained in 

the signal.   
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In the present study, we asked how letter recognition is possible with such severe 

reduction in the spatial resolution of stimulus letters and tested the hypothesis that 

when spatial resolution is severely limited, the human visual system relies increasingly 

on grayscale coding (contrast coding) for letter recognition.  

 

The idea of a trade-off between grayscale and spatial resolution for image perception 

has been of great interest to those interested in digital-image rendering. To those in the 

digital display and printing industries, it is important to know whether the loss of 

spatial resolution can be perceptually compensated for by more levels of grayscale and 

vice versa. For example, Farrell (1991) has shown that low-resolution characters 

ranging from 58 to 600 dpi (spatial resolution was defined as dots per inch (dpi)) 

rendered with two gray levels became perceptually similar to high-resolution binary 

bitmap characters when the low-resolution characters were rendered with 4 grayscale 

levels. 

 

Human Letter Recognition as Information Transmitted 

 

The concept of tradeoff between grayscale and spatial resolution in human letter 

recognition can be conceptualized as a problem of information transmission through a 

channel (Shannon, 1949). The output of the channel can be defined as the human 

response, one of 26 letter symbols. The input can be defined at any of several stages in 

the cascade of visual processing. For instance, the input could be defined as the 

ensemble of neural responses in V1 or some other higher-level stage (see more 

discussion on this issue in the Discussion section). In this current study, we are mostly 

concerned with the stimulus-based level of input representation (i.e., the rendered 

image on the display.)  To explain our data, we will need to also consider some early 

sensory modifications of the input. The channel itself sits between the input and the 

output and, in the present paper, is represented by an optimal algorithm for mapping 

the input information to the selection of a letter for output. 
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Consider an example of the encoding of information at the input. In the case of a 

typical 2D pixel display, a letter is represented by features in a (x, y, G) feature space 

(where x and y represent integer spatial coordinates on the display and G is an integer 

gray level). A given letter symbol is represented by a configuration of these features 

and some of these features make one letter distinguishable from another. If all the 

features have the same gray value G1, then the information distinguishing one letter 

from another is carried entirely by the x and y positions of the features, which can be 

referred to as ―pure shape‖ coding. If there are lots of pixels, i.e., enough to easily 

code 26 distinctive patterns, pure shape coding is possible. But suppose the letters are 

rendered near the resolution limit of the display so that there are only 2x2 pixels per 

letter. With 4 pixels per letter, a maximum of 16 distinct symbols could be represented 

with only gray levels of 0 and G1. To represent 26 letters, at least one more gray level 

G2 is needed. If we had only two pixels per letter, we would need even more gray 

levels to encode the 26 letters. If we had only one pixel (i.e., one spatial sample), we 

would need at least 26 gray levels to represent the 26 letters. In short, a large number 

of patterns can be distinguished, even at very low spatial resolution, provided 

additional information can be encoded and recovered from grayscale.  

 

This trade-off analysis can be formulated in terms of the Shannon-Hartley Theorem. 

Let channel capacity C be the amount of information transmitted through the channel. 

According to the Theorem, the channel capacity  in bits is determined by two factors: 

the bandwidth of the channel and the number of discrete signal levels that can be put 

through the channel reliably. It, thus, can be expressed as follows: 

 

                                                            ,                                               (Eq. 3.1) 

 

where   is the bandwidth of the channel and   is the maximum number of distinct 

signal levels limited by the dynamic range of the signal amplitude and the precision 

with which the receiver can distinguish amplitude levels (see Appendix E for detailed 

derivation). If we apply this theorem to the case of human letter recognition, the 
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bandwidth  corresponds to the cut-off frequency of the low-pass filter applied to the 

letter image (i.e., a parameter determining the spatial resolution of a letter image) and 

the number of distinct signal levels   can be translated into the number of 

discriminable contrast levels (i.e., psychophysically measured just noticeable 

differences, j.n.d. in contrast). We would therefore predict that recognition of letters, 

rendered with very low resolution, would require a wider range of suprathreshold 

contrast than high-resolution letters because the visual system will need to use 

information encoded by contrast differences. In this paper, we use the terms grayscale 

levels and grayscale coding interchangeably with the terms discriminable contrast 

levels and contrast coding respectively.  

 

In the present study, we hypothesize that when spatial resolution for rendering letters 

becomes too low to support reliable letter recognition, human observers will rely more 

on contrast coding, therefore requiring a larger gap between contrast thresholds for 

letter detection and letter recognition.  

 

If so, we would also expect to see more reliance on contrast coding for stimulus 

conditions which suffer from poor spatial resolution, e.g., peripheral viewing as 

opposed to central viewing. Similarly, we would also expect to see more reliance on 

contrast coding for stimulus conditions which suffer from a reduction in 

distinguishable spatial features; for instance,  uppercase letters have fewer spatial cues 

than lowercase letters (which have ascenders and descenders). In our previous study 

(Chapter 2) we indeed observed larger minimum spatial-frequency requirements for 

peripheral vision (1.06 CPL) than central vision (0.9 CPL) and for uppercase (1.14 

CPL) than lowercase letters (0.9 CPL). To examine this prediction, we once again 

tested letter recognition in two conditions expected to yield poorer spatial 

discriminability of letters (central vision vs. peripheral vision; lowercase letters vs. 

uppercase letters).   
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In order to test the hypothesis, we measured contrast thresholds for detecting and 

recognizing single letters drawn at random from the 26 lower and uppercase letters of 

the English alphabet and used the size of the gap between detection and recognition 

contrast thresholds for letters as a marker for the extent of reliance on contrast coding 

in the letter recognition task. The letters were low-pass filtered (blurred) with various 

bandwidths.  

 

The secondary goal of the present study was to examine whether the tradeoff between 

spatial and grayscale resolution is inherent in the stimulus or an intrinsic property of 

human visual processing. Our hypothesis about the difference in recognition and 

detection thresholds for low-pass-filtered letters is motivated by considerations from 

information theory. Inherent in the prediction is the expectation that the information 

content of the stimulus limits human performance. An ideal-observer model, a 

theoretical device that yields the best possible performance for a given task via a 

strategy of choosing the maximum posterior probability (Tanner & Birdsall, 1958; 

Green & Swets, 1966), is a quantitative method for demonstrating the stimulus 

constraints on performance.  

 

Some limitations on early visual processing such as visual acuity and contrast 

sensitivity can be thought of as transforming the stimulus input, producing an 

―equivalent‖ visual input. For instance, the human contrast sensitivity function (CSF) 

puts a lower bound on the grayscale difference (contrast) that can be detected. For 

modeling purposes, it can be useful to treat these early sensory limitations as 

transformations of the stimulus input. Previous studies of letter recognition have 

demonstrated that incorporating the human CSF in an ideal-observer model can 

explain the spatial-frequency characteristics of human letter recognition (Chung et al., 

2002; Chapter 2).   
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To this end, we incorporated a human CSF into the ideal-observer model (we now call 

it the CSF-noise-ideal observer model). We tested this model for the tasks of low-

pass-filtered letter detection and recognition for comparison with human performance. 

 

METHOD  

 

 Subjects 

 

Seven subjects were recruited from the University of Minnesota campus. They were 

all native English speakers with normal or corrected-to-normal vision. The mean 

acuity (Lighthouse distance acuity chart) was -0.11 logMar (Snellen 20/16) ranging 

from -0.24 (Snellen 20/11) to 0.02 (Snellen 20/21). The mean LOG contrast sensitivity 

(Pelli-Robson chart) was 1.74 with a range from 1.65 to 1.90. Subjects were either 

paid $10.00 per hour or granted class credit for their participation. The experimental 

protocols were approved by the Internal Review Board (IRB) at the University of 

Minnesota and written informed consent was obtained from all subjects prior to the 

experiment.  

 

Stimuli 

Contrast definitions 

 

The stimulus contrast is expressed as Weber‘s contrast defined to be 

 

                                                       = 
     

  
,                                                     (Eq. 3.2) 

 

where    is the luminance of the i-th pixel of an image;    is the mean luminance of 

the stimulus image. Once we define the contrast of    as Weber‘s contrast, then the 

Root-Mean Square (RMS) contrast of the image is defined to be 
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                                              =  

 
           

  
      ,                                            (Eq. 3.3) 

 

where m is the number of pixels in an image.  

 

Contrast was defined for both filtered and unfiltered images as follows: After filtering, 

each pixel value of the filtered image was converted into a value of       by the Eq. 

3.2 (i.e., constructing a map of contrast function for each letter image). The contrast of 

the filtered image is determined as the maximum Weber contrast among all the pixel 

contrast values. This        was used as a nominal contrast of the image for the 

purpose of measuring contrast thresholds for detection and discrimination tasks. 

However, once we obtained threshold contrasts using the       , the RMS contrast of 

an image for given threshold level was computed and used to define the contrast of the 

image. Thus, all the data analysis and plotting were done using RMS contrast.  

Letter images 

 

The 26 lower-and upper-case Courier font letters of the English Alphabet were used, 

with x-height of 1 deg (31 pixels) at the viewing distance of 60 cm.  The letter images 

were constructed in Adobe Photoshop (version 8.0) and MATLAB (version 7.4). A 

black single letter was generated on a uniform gray background of 400 x 400 pixels.  

Image filtering 

 

The images were blurred using a 3
rd

 order Butterworth low-pass filter in the spatial 

frequency domain. Cut-off frequencies of the filter (in cycles per letter, CPL) ranged 

from 0.9 CPL to 3.5 CPL depending on task and stimulus conditions. The filter 

function is  
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where r is the component radius, c is the low-pass cut-off radius and n is the filter‘s 

order.  

 

The filter‘s response function is shown in Fig. 3.1. Fig. 3.2 provides sample letters for 

both filtered and unfiltered letter images.  

 

 

Figure 3.1. The response function of the 3
rd

 order Butterworth filter with the cut-off 

frequency of 1.5 cycles per degree, equivalent to 1.5 cycles per letter for a 1 letter 

size.  

 

 

Figure 3.2. Samples of unfiltered and low-pass filtered images. 
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Image display on screen  

 

As described earlier in the contrast definitions section, each letter image was 

converted into a contrast function. To present the letter images on the monitor, we 

mapped the contrast values of the images to the corresponding luminance values of the 

monitor and then each luminance value was mapped to the corresponding 256 gray 

levels. The mean contrast of the letter images was mapped to the mean luminance of 

the monitor (52 cd/m
2
).  

 

The stimuli were generated and controlled using Matlab (version 7.4) and 

Psychophysics Toolbox extensions (Mac OS X) (Brainard, 1997; Pelli, 1997), running 

on a Mac Pro computer. The display was a 19‖ CRT monitor (refresh rate: 75 Hz; 

resolution: 1152 x 870). Stimuli were rendered with a video card with 8 bit input 

resolution and 14 bit output resolution using Cambridge Research System Bits++. 

Luminance of the display monitor was linearized using an 8-bit look-up table in 

conjunction with photometric readings from a MINOLTA CS-100 Chroma Meter. The 

image luminance values were mapped onto the values stored in the look-up table for 

the display.  

 

Procedure 

Measuring contrast detection thresholds for letters  

 

Contrast detection thresholds were measured with a temporal two-alternative forced-

choice (2AFC) staircase procedure. A 3-down-1-up staircase rule was adopted 

yielding a threshold criterion of 79.4% correct (Wetherill & Levitt, 1965) and the step 

size of the staircase was 1 dB. The geometric mean of 10 staircase reversals was taken 

as the contrast threshold for each staircase run. Detection thresholds were obtained 

from letter images with different bandwidths ranging from 0.9 CPL to 3.5 CPL 
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including unfiltered images. Slightly different sets of bandwidths, however, were used 

for different stimulus conditions (see Table 3.1) due to different bandwidth 

requirements for different stimulus conditions (e.g., a bandwidth of 0.9 CPL was not 

sufficient enough to generate 79.4% accuracy level in peripheral vision) at the highest 

contrast. 

 

In each trial there were two 150 ms intervals each marked by an auditory beep, 

separated by 500 ms, one containing the stimulus, selected at random from a~z or A ~ 

Z. The subjects‘ task was to judge which stimulus interval contained a letter image by 

pressing one of two keys. (They did not have to identify the letter.) Auditory feedback 

was given whenever a wrong answer was made. Subjects were given a series of 

practice trials before the experimental test. A small cross in the center of the stimulus 

served as a fixation mark to minimize eye-movements throughout the experiment. A 

chin-rest was also used to reduce head movements. 

 

Letter-case Lowercase  Uppercase 

Visual Field Fovea Periphery  Fovea Periphery 

Bandwidth (CPL) 

0.9 n/a  1.1 n/a 

1.2 1.2  1.5 1.5 

2 2  2 2 

3.5 3.5  3.5 3.5 

Unfiltered Unfiltered  Unfiltered Unfiltered 

 

Table 3.1. Bandwidths used for different stimulus conditions.  

 

Measuring contrast recognition thresholds for letters  

 

Recognition contrast thresholds were measured with the same staircase procedure as 

just described for the detection task. In each trial, subjects were presented with a 
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stimulus letter, randomly selected from a~z or A ~ Z for 150 ms at a given location on 

a display screen. Next, the displays were set to average luminance, and after a brief 

pause (500 ms), a set of 26 thumbnail versions of the letter images (56 x 56 pixels in 

size) appeared on the screen (Fig. 3.3). Then, subjects identified the target stimulus by 

clicking the mouse on one of 26-letter answering keys forming a clock face. To 

prevent subjects from using any image matching strategy, a different font (Arial) and 

the opposite lettercase were used for the response key. 

 

The location of each letter on the response key was shuffled every trial to avoid any 

response bias induced by reliance on a specific location. Auditory feedback was given 

whenever a wrong answer was made. Subjects were given a series of practice trials 

before the experimental test. A small cross in the center of the stimulus served as a 

fixation mark to minimize eye-movements throughout the experiment. 

 

 

Figure 3.3. A schematic diagram of one trial in the recognition task. 

 

The experiment consisted of 36 blocks (4~5 bandwidths x 2 lettercase: upper vs. 

lowercase x 2 visual field locations: fovea vs. periphery x 2 tasks: detection and 

recognition) tested over two separate days. All subjects participated in all the 

experimental conditions. The order of blocks was counterbalanced across subjects.  
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RESULTS 

 

Contrast Thresholds for Detection and Recognition of Letters  

 

Fig. 3.4 shows plots of RMS contrast threshold as a function of bandwidth for both 

detection (black asterisks) and recognition (red squares). Overall, recognition required 

higher RMS contrast thresholds than detection. Detection thresholds were fairly 

constant across different cut-off frequencies. By comparison, recognition thresholds 

decreased with increasing cut-off frequency and reached its asymptote near 2 CPL. 

Table 3.2 summarizes RMS contrast thresholds for all different stimulus conditions.   

 

Both detection and recognition thresholds were larger in peripheral than central vision. 

The increase in thresholds from fovea to periphery stayed relatively constant across 

different bandwidths. In other words, both detection and recognition threshold curves 

were simply elevated by different constant factors while the overall shape of the 

curves was unchanged.  

 

 

Figure 3.4. Mean threshold RMS contrast for detection and recognition (n=7). (1SEM.) 
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Table 3.2. Mean threshold RMS contrast for detection and recognition (n=7). (1 SEM.) 

Lowercase 

 Fovea Periphery 

Bandwidth 

(CPL) 
Detection Recognition Detection Recognition 

0.9 
0.0016 

(±0.0001) 

0.0140 

(±0.0002) 
n/a n/a 

1.2 
0.0016 

(±0.0001) 

0.0054 

(±0.0002) 

0.0027 

(±0.0002) 

0.0123 

(±0.0002) 

2 
0.0014 

(±0.0001) 

0.0026 

(±0.0002) 

0.0030 

(±0.0002) 

0.0068 

(±0.0003) 

3.5 
0.0014 

(±0.0001) 

0.0019 

(±0.0001) 

0.0031 

(±0.0002) 

0.0054 

(±0.0002) 

Unfiltered 
0.0013 

(±0.0001) 

0.0018 

(±0.0001) 

0.0033 

(±0.0003) 

0.0064 

(±0.0003) 

Uppercase 

 Fovea Periphery 

Bandwidth 

(CPL) 
Detection Recognition Detection Recognition 

1.1 
0.0015 

(±0.0024) 

0.0144 

(±0.0037) 
n/a n/a 

1.5 
0.0014 

(±0.0008) 

0.0048 

(±0.0006) 

0.0024 

(±0.0025) 

0.0231 

(±0.0047) 

2 
0.0014 

(±0.0001) 

0.0026 

(±0.0002) 

0.0026 

(±0.0004) 

0.0092 

(±0.0013) 

3.5 
0.0013 

(±0.0001) 

0.0018 

(±0.0001) 

0.0028 

(±0.0004) 

0.0073 

(±0.0007) 

Unfiltered 
0.0013 

(±0.0001) 

0.0017 

(±0.0001) 

0.0035 

(±0.0005) 

0.0084 

(±0.0011) 
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Ratio of Recognition to Detection Thresholds  

 

We hypothesized that if subjects rely more on contrast coding when spatial resolution 

for rendering letters becomes very low, we would expect to see a larger gap between 

contrast thresholds for letter detection and letter recognition. The gap between 

detection and recognition RMS contrast thresholds was quantified as the ratio of 

recognition to detection RMS contrast thresholds. Table 3.3 summarizes the ratios of 

recognition to detection thresholds averaged across 7 subjects for different bandwidths. 

 

We conducted an ANOVA on threshold ratio — 4 (bandwidth: 1.2, 2, 3.5, unfiltered) 

x 2 (visual field: fovea, periphery) x 2 (letter-case: lower, upper) repeated measures 

ANOVA with bandwidth, visual field and letter-case as within-subject factors.  

 

Consistent with our prediction, there were significant main effects of bandwidth (F(3, 18) 

= 34.04, p < 0.001), visual field  (F(1, 6) = 14.33, p = 0.009) and letter-case  (F(1, 6) = 

10.20, p = 0.019) on threshold ratio. The ratio increased substantially with decreasing 

bandwidth (Fig. 3.5). For example, for the foveal lowercase condition, the ratio 

increased from 1.41 (±0.07) for the unfiltered letters to 8.93 (±1.07) for the most 

blurred letters (i.e., 0.9 CPL). The ratios were larger in peripheral than central vision 

and also larger for uppercase than lowercase letters.   

 

We also found significant 2-way interactions between bandwidth and letter-case (F(3, 18) 

= 5.81, p = 0.006), between bandwidth and visual field (F(3, 18) = 10.48, p < 0.001), 

between visual field and letter-case (F(1, 6) = 8.14, p < 0.029). The differences in the 

ratio between two lettercases and between two visual fields were more pronounced at 

lower bandwidths. 

  

Since the gap between detection and recognition represents the contrast requirement 

(i.e., larger gap means more contrast coding), our results were consistent with the idea 



 

54 

 

 

that recognition of very low-resolution letters makes use of a greater range of 

suprathreshold contrast grayscale information. This reliance on contrast coding was 

more pronounced in peripheral than central vision, and more pronounced for 

uppercase than lowercase letters. 

   

 

Figure 3.5. Mean ratios of recognition to detection RMS contrast thresholds for 

different bandwidths (n=7). (1 SEM.) 
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Lowercase  Uppercase 

Bandwidth 

(CPL) 
Fovea Periphery  

Bandwidth 

(CPL) 
Fovea Periphery 

0.9 
8.93 

(±1.07) 
  1.1 

10.17 

(±1.66) 
 

1.2 
3.37 

(±0.35) 

5.36 

(±1.50) 
 1.5 

3.45 

(±0.32) 

10.40 

(±1.65) 

2 
1.82 

(±0.12) 

2.25 

(±0.12) 
 2 

1.85 

(±0.13) 

3.92 

(±0.73) 

3.5 
1.41 

(±0.04) 

1.78 

(±0.15) 
 3.5 

1.37 

(±0.12) 

2.74 

(±0.35) 

Unfiltered 
1.41 

(±0.07) 

2.01 

(±0.27) 
 Unfiltered 

1.29 

(±0.09) 

2.59 

(±0.46) 

 

Table 3.3. Mean ratios of recognition to detection RMS contrast thresholds for 

bandwidths (n=7). (1 SEM.) 

 

This increased contrast requirement in the presence of severe blur implies a shift from 

shape coding to contrast coding for letter recognition. Inspection of plots of RMS 

contrast ratio vs. bandwidth (Fig.3. 5) tells us that the increased requirement for 

contrast in letter recognition occurs for bandwidths below a particular value. This can 

be expressed as the ―minimum-contrast‖ critical bandwidth for letter recognition. In 

order to estimate this critical bandwidth, we fitted the graphs of contrast ratio vs 

bandwidth (Fig. 3.5) with a two-limbed function (Eq. 3.5). This function contains a 

rising straight line and a horizontal straight line (Fig. 3.6). The X-coordinate of this 

point is called the critical bandwidth. The Y-coordinate is called the minimum contrast 

ratio.  

           

                                                                 –            ,                           (Eq. 3.5) 
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where Y is contrast ratio, X is spatial-frequency bandwidth and a, b, c are free 

parameters.  

 

As shown in Fig. 3.6, the average critical bandwidth for lowercase letters in the fovea 

was 1.47 CPL (± 0.04) and the minimum (asymptotic) contrast ratio was 1.56 (± 0.05). 

The result indicates that in order to achieve minimum contrast ratio, the spatial 

frequency of lowercase letters have to be at least 1.47 CPL. Above this critical 

bandwidth of 1.47 CPL, the contrast ratio was independent of bandwidth at its 

minimum level. Table 3. 4 summarizes estimated critical bandwidths and minimum 

contrast ratios for four stimulus conditions. It is also noteworthy that values of both 

critical bandwidth and minimum contrast ratio increased from central to peripheral 

vision, and also from lowercase to uppercase letters.  

 

 

Figure 3.6. Mean contrast ratio as a function of bandwidth (n = 7): a) Lowercase 

letters; b) Uppercase letters. Each panel contains two data sets: one from the fovea 

(closed circles) and the other from the periphery (open circles). Error bars represent 1 

SEM. Data were fitted with the two-limbed function. The horizontal arrows indicate 

estimated minimum contrast ratios. The vertical arrows indicate estimated critical 

bandwidths.  
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Lowercase Uppercase 

Fovea Periphery Fovea Periphery 

Critical bandwidth (CPL) 1.47 (0.05) 1.80 (0.06) 1.95 (0.18) 2.25 (0.12) 

Minimum contrast ratio 1.56 (0.04) 1.99 (0.15) 1.46 (0.13) 2.64 (0.40) 

 

Table 3.4. Critical bandwidths yielding minimum contrast ratios (n =7). (1 SEM.) 

 

MODELING 

 

Model Overview  

 

We now describe the implementation of the CSF-noise-ideal-observer model 

(hereafter the model) for letter detection and recognition. This model is a 

computational device, which includes an optimal recognition decision rule, and takes 

into account an internal source of noise and the shape of the human CSF. This model 

is very similar to the CSF-ideal-observer model described by Chung, Legge, and Tjan 

(2002). 

 

Our hypothesis about the trade-off between spatial resolution and contrast coding for 

low resolution letters is motivated by considerations from information theory. Inherent 

in the prediction is the expectation that the information content of the stimulus limits 

human performance. If so, we would expect the pattern of results of the model to be 

similar to our empirical findings. 

 

Many prior studies comparing human performance to an ideal observer have included 

noise-perturbed stimuli. In principle, the ideal observer is able to perform 100% 

accuracy if the stimulus is noise free. The noise is added to the stimulus to ensure that 

even an optimal decision maker will make incorrect decisions and drop below perfect 
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performance. In our study, no noise was added to the stimulus. Instead, we constructed 

the model to have a source of additive noise following stimulus encoding and prior to 

the decision process, which may mimic the internal noise of human visual processing. 

The amplitude of this noise was a parameter in the model which was varied to equate 

overall performance levels between the model and our human subjects for a particular 

stimulus condition (i.e., unfiltered lowercase foveal condition). Our goal was then to 

determine whether the model and humans showed the same pattern of threshold 

changes across stimulus bandwidth, central and peripheral vision, and upper and 

lowercase letters. 

 

The model has a CSF filter
6
 and an additive noise source situated between the stimulus 

and an optimal classifier as depicted in Fig. 3.7. The CSF filter is a linear filter with a 

shape identical to a human CSF. The model performs letter detection and recognition 

in a similar manner to human observers. In each trial, the model is presented with a 

stimulus (the contrast function associated with the filtered letter stimulus). This 

                                                 
6
 Without causing any computational discrepancy, the CSF filter can be viewed as frequency-

dependent noise. White noise is added after the CSF filter so that the signal-to-noise ratio 

across spatial frequencies followed the shape of the CSF. The performance of the ideal 

observer is determined by signal-to-noise ratio (SNR). The SNR can be modified by 

increasing noise spectral density or by decreasing signal level. As far as SNR is concerned, 

incorporating the human CSF into the ideal observer model is essentially equivalent to 

modifying SNR in a frequency-dependent way by introducing frequency-dependent noise (see 

Pelli, 1990, pp. 3-24; Chung & Tjan, 2009), i.e., additive noise whose shape follows the 

inverse of the CSF. We can formulate the outcome of the ideal and CSF-noise-ideal observers 

in terms of object signal and noise as follows: 

 

The CSF-noise-ideal observer = f(S + N(freq) + N0),                                                     (Eq. 3.6)                               

 

where S is a target signal, N0 is constant noise and N(freq) is a frequency-dependent noise that 

mimic the effect on SNR of the CSF filter.  
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function is filtered by the CSF and independent samples of Gaussian noise are added 

to each pixel. The model knows the spatial and statistical properties of the stimulus 

image and also knows the statistics of the added luminance noise.  

 

The model optimizes performance for detection or recognition by choosing the 

maximum posterior probability of the signal being a particular image given the noisy 

input stimulus (Tanner & Birdsall, 1958; Green & Swets, 1966). The computation of 

finding the maximum posterior probability is equivalent to minimizing the Euclidean 

distance between the noisy input stimulus and its stored noiseless template, often 

called template matching. But, note that the algorithms are slightly different for 

detection and recognition tasks (Details of this computational derivation are provided 

in the Appendix F). This numerical analysis was done through Monte Carlo 

simulations. 

 

The Model‘s contrast thresholds for detection and recognition were obtained via the 

same staircase procedure (~79.4% accuracy) used for human observers. The contrast 

of a stimulus image was defined and computed in the same way as those used for the 

human observers (see the Method section). The contrast thresholds were measured 

with both lowercase and uppercase letters in foveal and peripheral viewing conditions 

using the identical bandwidths used for human observers.  

 

 

Figure 3.7. A schematic diagram of the CSF-noise-ideal-observer model. 
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In this study, our model used empirical CSFs from two subjects who also participated 

in our detection and recognition tasks. The CSFs were obtained from a detection task 

using a sine-grating with cosine envelope (subtending 1 visual angle at the viewing 

distance of 60 cm) and stimulus duration of 150 ms. The CSFs were measured at the 

fovea and at 10° in the lower visual field (Fig. 3.8). Thus, the CSFs were obtained 

with similar spatial and temporal stimulus characteristics used in our empirical letter 

detection and recognition tasks.  

 

 

Figure 3.8. CSF of human observers (averaged across two subjects) at the fovea 

(unfilled circles) and at 10° lower visual field (filled circles).   

 

Comparison of Model and Human Results 

 

Fig. 3.9 shows plots of the model‘s RMS contrast threshold as a function of bandwidth 

for both detection (black circles) and recognition (red squares). Consistent with human 

observers, the model also required larger RMS contrast thresholds for recognition than 

detection task up to a factor of 10.26 (see the summary of RMS contrast thresholds for 

all different stimulus conditions in Table G.1 in Appendix G). Similar to human 

observers, recognition thresholds of the model increased with decreasing bandwidth. 
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Recognition thresholds of the model were higher in peripheral than central vision. 

Also, recognition thresholds significantly increased from lowercase to uppercase 

letters. However, there are some noticeable differences between the model and human 

observers. Unlike human observers, detection thresholds of the model noticeably 

decreased with decreasing bandwidth.
7
 The model exhibited lesser increase in 

recognition thresholds from unfiltered to the lowest bandwidth (e.g., 0.9 CPL) than 

human observers.   

 

 

Figure 3.9. Mean threshold RMS contrast for letter detection (black circles) and 

recognition (red squares) from the model. Each mean threshold is based on 100 

thresholds, each obtained from a staircase procedure using 50 reversals.  

                                                 
7 This is to do with the fact that the model has a higher signal to noise ratio (SNR) for lower 

bandwidth letters due to lesser uncertainty associated with blur letters. Uncertainty increases 

with increasing number of signals (Pelli, 1985), thus lowering SNR for detection. The low-

pass filtering of 26 letters using low bandwidth (e.g., 0.9 CPL) would make all the distinctive 

26 letters look alike by turning them into one similar looking blob. Thus, this manipulation is 

equivalent to reducing the number of signals for detection, resulting in reduced uncertainty 

and a higher SNR.  
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Consistent with human observers, the gap between contrast thresholds for letter 

detection and recognition increased substantially with decreasing bandwidth. For 

example, for the foveal lowercase condition, the ratio increased from 1.46 (± 0.02) for 

the unfiltered letters to 6.77 (± 0.11) for the most blurred letters (0.9 CPL) (Fig. 3.10).  

The ratio was larger for uppercase letters than lowercase letters (3.04 for lowercase vs. 

5.66 for uppercase). Similarly, the ratio was larger in peripheral than central vision 

(4.05 for fovea vs. 4.74 for periphery). Table 3.5 summarizes mean ratios of letter 

recognition to detection thresholds for different bandwidths. 

 

This qualitatively good agreement between the model and human observers confirms 

our idea that much of the empirical effect can be attributed to the information content 

of the stimulus rather than to intrinsic properties of the human visual processing. More 

contrast is useful for recognizing low-resolution images and the human visual system 

indeed can make use of information encoded by this greater range of suprathreshold 

contrast. To our knowledge, no study has proposed the idea that human observers take 

advantage of differences in contrast level for letter recognition. However, both 

empirical data and our computational model provide compelling evidence supporting a 

shift in coding strategy from spatial to contrast coding when spatial resolution for 

rendering letters is severely limited.
8
 

 

                                                 
8 It is reasonable to think that the pattern of our results is specific to the CSF used for our 

study. Thus, we tested the same model using a different empirical CSF (Chung & Tjan, 2009). 

However, we obtained qualitatively similar results as ours (see Appendix H). It is also 

noteworthy that compared to results from our CSF, it has smaller difference between lower 

and uppercase letters in terms of the gap between detection and recognition thresholds. Thus, 

it appears that quantitative details are affected by the shape of CSF though it might not change 

the qualitative pattern of the results as long as the model adopts a reasonable shape of CSF. 
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Figure 3.10. Mean ratios of recognition to detection thresholds for different 

bandwidths in comparison with human ratio data (on bottom right). (1 SEM.) 

 

Lowercase  Uppercase 

Bandwidth 

 (CPL) 
Fovea Periphery  

Bandwidth 

 (CPL) 
Fovea Periphery 

0.9 
6.77 

(± 0.11) 
  1.1 

9.03 

(±0.14) 
 

1.2 
4.29 

(±0.06) 

5.36 

(±0.07) 
 1.5 

5.53 

(±0.09) 

10.26 

(±0.16) 

2 
2.47 

(±0.03) 

2.25 

(±0.03) 
 2 

4.04 

(±0.06) 

7.39 

(±0.09) 

3.5 
1.70 

(±0.029) 

1.78 

(±0.03) 
 3.5 

2.94 

(±0.04) 

5.22 

(±0.08) 

Unfiltered 
1.46 

(±0.02) 

2.01 

(±0.02) 
 Unfiltered 

2.19 

(±0.03) 

4.31 

(±0.06) 
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Table 3.5.  Mean ratios of recognition to detection contrast thresholds for different 

bandwidths. (1 SEM).  

 

DISCUSSION AND CONCLUSIONS 

 

In the present study, we tested the hypothesis that as spatial resolution for rendering 

letters decreases, the visual system relies more on contrast coding (grayscale coding), 

therefore requiring a larger gap between contrast thresholds for letter detection and 

recognition. The gap between these two thresholds was quantified as a ratio of letter 

recognition to detection RMS contrast thresholds. Consistent with our prediction, we 

observed larger contrast ratios for lower bandwidth letters and even larger ratios for 

stimulus conditions which suffer from poor spatial resolution and lack of 

distinguishable spatial features (e.g., peripheral vision as opposed to central vision; 

uppercase letters as opposed to lowercase letters).  

 

We further asked whether a model incorporating early sensory limitations of human 

visual processing such as CSF in conjunction with an optimal Bayesian decision rule 

(optimal classifier) could yield a pattern of results similar to human results (i.e., 

tradeoff between spatial resolution and contrast coding). We implemented the CSF-

noise-ideal observer for letter detection and recognition tasks. The model produced a 

qualitatively similar pattern of results to human observers. This good agreement 

between the model and human observers demonstrated that the information content of 

the stimulus indeed limits human performance and results in the observed trade-off 

effect.  

 

Larger Reliance on Contrast Coding for Blurry Letters  

 

Previous studies (e.g., Legge, Rubin, & Luebker, 1987) have shown that reading and 

letter recognition are usually highly tolerant to contrast reduction. They showed that 
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for normally-sighted individuals, reading rate is little affected by contrast over a one-

log-unit range from about 100 to 10%. But the current results imply that when letters 

have very low resolution, there is a substantially higher contrast requirement. These 

results have not only theoretical, but also practical implications. For example, for 

signage meant to be seen at a large distance or in fog (e.g., traffic and road signs), it is 

particularly important to render text at high contrast.  

 

Blur plays an important role in several forms of low vision. We found that there is an 

even higher contrast requirement for peripheral vision than central vision for letters 

rendered in low resolution. Thus, the current results are particularly relevant for 

people with low vision including people who have to rely on their peripheral vision to 

read such as people with age-related macular degeneration (AMD). The importance of 

contrast for low vision has been already documented in Rubin and Legge (1989). They 

studied the effect of contrast on reading performance in nineteen low-vision observers 

with a wide range of visual disorders and degrees of vision loss. They found that 

unlike normally-sighted individuals, visually impaired individuals showed 

considerably decreased tolerance to contrast reduction. Thus, it seems to be wise to 

consider contrast as an important visual dimension in designing low-vision reading 

aides such as the closed-circuit TV magnifier. 

    

Recently, Liu et al. (2009) addressed the issue of letter recognition near the acuity 

limit in a clever way using geometric moments. Similarity scales (Luce, 1963b) 

among letters were computed based on different global properties of letters, their 

geometrical moment functions (e.g., 2
nd

 order moment which is equivalent to 

variance). Then, they constructed a predicted confusion matrix for each moment 

function. They found that a confusion matrix predicted from the low-order geometric 

moments (i.e., the ink area, variance, skewness and kurtosis) was in good agreement 

with their empirical confusion matrix, supporting the idea that letter recognition near 

the acuity limit is dependent on more global features. If Liu et al. (2009) addressed 

what spatial features are used when the details of the letter stimulus information is 
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limited, the current study dealt with the question of how the useful information (i.e., 

global features) can be encoded in the visual system.  

 

Using the ideal observer model, we asked whether the trade-off strategy between 

contrast coding and spatial resolution adopted by human observers is due to the 

information content of the stimulus or due to intrinsic properties of human visual 

processing. The CSF-noise-ideal observer model exhibited similar reliance on contrast 

coding for low spatial resolution letters. Similar to human observers, the model 

exhibited larger contrast dependency for peripheral than foveal viewing and uppercase 

than lowercase letters. The similarity between the model and human performance 

supports the view that the effects of low resolution on human letter recognition can be 

indeed accounted for by inherent stimulus information limited by the shape of the 

human CSF.  

  

Visual system as an Information Channel 

 

How do our results relate to the spatial-frequency perspective on letter recognition 

outlined in the Introduction? Consider stimulus letters composed of pixels with only 

one nonzero gray level (e.g., black letters on a white background.)  Each letter will 

have a 2D amplitude spectrum and phase spectrum. The amplitude spectrum will vary 

across spatial frequency, generating different effective contrast levels for channels 

tuned to different spatial frequencies and orientations. So, even though the stimulus is 

represented by pure ―shape‖ coding with only one gray level and many spatially 

distributed pixels, the hypothetical internal neural representation has many amplitude 

and phase levels distributed across spatial frequency and orientation.  

 

But even given this channel perspective, there may be an argument for a shift in 

coding strategy associated with increasing blur. In a demonstration experiment by 

Piotrowski and Campbell (1982), they swapped the amplitude and phase spectra for 

pairs of images. They paired the amplitude spectrum of a face with the phase spectrum 
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of a tank, and vice versa. They found that visual recognition is determined by the 

phase spectrum i.e., a picture with the amplitude spectrum of a face and the phase 

spectrum of a tank was recognized as a tank and vice versa. If it is true that object 

recognition is much more dependent on the phase spectra of targets than the amplitude 

spectra, we could say that shape coding is associated with phase relations and 

―grayscale coding‖ is associated with the amplitude spectrum. Then, what will happen 

if we blur images, i.e., filter out high frequencies? We might find that the preeminence 

of the phase spectra gives way to a greater reliance on amplitude differences. This 

would be the frequency-domain version of the ―trade-off‖ studied in the current paper.  

 

To test this idea, we constructed hybrid images for both unfiltered letters (by swapping 

phase and amplitude spectra), and low-pass-filtered letters. We used lowercase letter 

‗a‘ and ‗z‘ and swapped their amplitude and phase spectra as shown in Fig. 3.11. For 

unfiltered letters, consistent with Piotrowski and Campbell (1982)‘s findings, letter 

recognition is determined by the phase of the letter: letter ‗z‘ appears to be letter ‗a‘ 

when it was hybrid with the phase of ‗a‘ and vice versa. On the contrary, for low-pass 

filtered letters (0.9 CPL), recognition seems to rely more on amplitude of the letter 

than its phase spectra, consistent with our trade-off prediction for blur letters.  

 

 

Figure 3.11. Hybrid letters demos. Lowercase letter ‗a‘ and ‗z‘ were used for 

generating hybrid letters. The first and second rows indicate the amplitude and phase 
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spectra of the hybrid letters. The third (unfiltered letters) and fourth (low-pass filtered 

letters) rows show the outcome images of hybrid letters.  

 

In conclusion, our findings suggest that the human visual system relies increasingly on 

contrast coding for letter recognition when spatial resolution is severely limited. Good 

agreement between the model and human observers shows that the observed trade-off 

between contrast coding and spatial resolution appears to be an optimal behavior for 

the human visual system.  
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Chapter 4. Spatial-frequency requirements for reading revisited 
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Blur is one of many visual factors that can limit reading in both normal and low vision. 

Blur usually refers to the attenuation or elimination of the high-frequency content of 

text images expressed as low-pass spatial-frequency filtering. Legge, Pelli, Rubin, and 

Schleske (1985) measured reading speed for text that was low-pass filtered with a 

range of cutoff spatial frequencies. Above 2 cycles per letter (CPL) reading speed was 

constant at its maximum level. For cutoff frequencies below 2 CPL, reading speed 

decreased rapidly. It is, however, not known why the critical bandwidth for reading 

speed is near 2 CPL.  

 

Letters are the fundamental building blocks of text. Besides single letter recognition, it 

has been proposed that the visual span, the number of letters recognized without 

moving the eyes, imposes a limitation on reading speed (Legge, Mansfield, & Chung, 

2001). The goal of the current study was to ask whether the bandwidth requirement for 

rapid reading can be accounted for by the bandwidth requirement for letter recognition. 

 

Visual span profiles were measured by asking participants to recognize letters in 

trigrams (random strings of three letters) flashed for 150 ms at varying letter positions 

left and right of the fixation point. Over a block of trials, a profile was built up 

showing letter recognition accuracy (% correct) versus letter position. The area under 

this profile was defined to be the size of the visual span. Reading speed was measured 

with Rapid Serial Visual Presentation (RSVP). The size of the visual span and RSVP 

reading speed were measured using low-pass filtered stimulus images with various 

cut-off frequencies (0.8~2.5 CPL). We compared the resulting measurements with 

low-pass letter recognition data obtained from our previous studies (Chapters 2 & 3).  

 

We found that the size of the visual span and RSVP reading speed show similar 

dependence on spatial-frequency bandwidth. Both the size of the visual span and 

reading speed increased with bandwidth up to the critical bandwidth of approximately 

1.4 CPL, which is lower than the previous estimate of 2 CPL. A regression analysis 

using the size of the visual span as a predictor indicated that 92% of the variability in 
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RSVP reading can be explained by the size of the visual span. These findings are 

consistent with the hypothesis that a front-end sensory limitation, the visual span, 

plays a limiting role in reading speed.  

 

Comparison of these findings with our previous results on letter recognition supported 

the hypothesis that the bandwidth requirement for reading is linked to the bandwidth 

requirement for single letter recognition. 

 

INTRODUCTION 

 

Reading is a complex task involving higher cognitive and linguistic processing. Yet, 

when front-end visual processing is inadequate due to external environmental factors 

(e.g., long viewing distance, fog), refractive error, or other visual impairments, people 

often have difficulty in reading. Blur is one of many visual factors that can limit 

reading in normal vision and plays a role in several forms of low vision, e.g. cataract, 

and corneal scarring. Blur usually refers to the attenuation or elimination of the high-

frequency content of text images expressed as low-pass spatial-frequency filtering.  

 

Legge, Pelli, Rubin, and Schleske (1985) measured reading speed for text that was 

low-pass filtered with a range of cutoff spatial frequencies. Above 2 cycles per letter 

(CPL) reading speed was constant at its maximum level. For cutoff frequencies below 

2 CPL, reading speed decreased rapidly. It is, however, not known why the critical 

bandwidth for reading speed is near 2 CPL.  

 

Letters are the fundamental building blocks of text. Despite our intuition that a word is 

recognized as a whole (using word shape), there is compelling evidence that a word is 

unreadable unless its letters are separately identifiable (Pelli, Farell, & Moore, 2003). 

Pelli et al. (2003) measured statistical efficiency for recognizing low-contrast letters or 

words in luminance noise. Their results revealed that efficiency (i.e., the ratio of 
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contrast threshold of human observers to an ideal observer) for recognition of words is 

inversely proportional to word length, which would not be expected if word-

recognition performance is limited by efficiency for recognizing individual words 

rather than limited by efficiency of recognizing individual letters.  

 

If letter recognition is necessary for reading text, it is reasonable to hypothesize that 

the critical bandwidth for reading can be traced to the critical bandwidth for 

recognizing letters. In our previous study (Chapter 2), we, however, have found that a 

high level of letter-recognition accuracy (80%) is possible when letters are low-pass 

filtered with the cutoff frequency of 0.9 CPL. Near 1.1 CPL, letter recognition 

accuracy was close to 100%. These results reveal that the critical bandwidth for 

recognizing letters is noticeably lower than the previously reported critical bandwidth 

for reading, i.e., 2 CPL. This apparent discrepancy may be due to methodological 

differences between the two studies such as filtering techniques. Or, it could be due to 

difference in bandwidth requirements for single letter recognition and reading. This 

discrepancy motivated us to revisit the spatial-frequency requirements for reading in 

the current study by measuring reading speed in a more comparable manner to our 

previous single letter recognition study (Chapter 2). Thus, the goal of the current study 

was to examine the relationship between letter recognition and reading speed using the 

manipulation of bandwidth.  

 

In our previous study (Chapter 3), we observed a new property of letter recognition 

that may be relevant to the proposed linkage to reading speed. When the spatial 

resolution for rendering single letters is severely limited (i.e., severe blur), the human 

visual system requires more contrast to recognize letters. This increased contrast 

requirement in the presence of severe blur implies a shift from shape coding to 

contrast coding for letter recognition. The increased requirement for suprathreshold 

contrast in letter recognition occurs for bandwidths below 1.47 CPL. It implies that 

there are two distinct critical bandwidths for single letter recognition—about 0.9  CPL 

for letter recognition per se, and 1.47 CPL for letter recognition with minimal 
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additional contrast requirements. It is possible that this second, higher bandwidth for 

letter recognition is relevant to reading speed. This might be the case if extracting 

useful visual information for letter recognition below 1.47 CPL is particularly slow or 

perhaps more susceptible to crowding effects. 

 

However, letter recognition by itself may not be sufficient to characterize the 

perceptual front end of reading. If letter recognition were the only critical perceptual 

factor, we might expect that as soon as letters cross acuity or contrast threshold, fluent 

reading should be possible. Research has shown that threshold stimulus values for 

fluent reading speed are higher than those for simple letter recognition. For instance, 

the minimum print size allowing for maximum reading speed (i.e., critical print size) 

in central vision is approximately 0.2 deg (Chung, Mansfield, & Legge, 1998; Legge 

et al., 1985), roughly three times larger than the acuity limit. The minimum contrast 

allowing for maximum reading speed is between about 5% and 10% Michelson 

contrast (Legge, Parish, Luebker, & Wurm, 1990; Legge, Rubin, & Luebker, 1987), 

which is three to six times the threshold contrast for letter recognition.  

 

What property of reading vision does distinguish simple letter recognition from 

reading speed? It has been proposed that the visual span, the number of letters that can 

be recognized without moving the eyes, imposes a limitation on reading speed (Legge, 

Mansfield, & Chung, 2001). The visual span can be viewed as the size of a window in 

the visual field within which letters can be recognized reliably.  

 

The visual-span hypothesis predicts correlated changes in reading speed and the size 

of the visual span. There has been accumulating evidence for this correlation. For 

adults with normal vision, manipulation of text contrast and letter size (Legge, Cheung, 

Yu, Chung, Lee, & Owens, 2007), letter spacing (Yu, Cheung, Legge, & Chung, 

2007), and retinal eccentricity (Legge et al., 2001) produce highly correlated changes 

in reading speed and the size of the visual span. For instance, when the contrast of text 

decreases, the size of the visual span shrinks and reading speed becomes slower. 
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Similarly, both the size of the visual span and reading speed decrease in peripheral 

vision.   

 

The linkage between reading speed and the size of the visual span has also been 

observed in developmental changes in reading speed. The size of the visual span was 

found to increase with grade levels. This developmental growth of the visual span 

accounted for a significant part of the reading speed variability in English speaking 

children (Kwon et al., 2007) and in French speaking children as well (Dubois & 

Valdois, 2010).  

 

Pelli, Tillman, Freeman, Su, Berger, and Majaj (2007) have shown a similar concept, 

which they termed ‗‗uncrowded span,‘‘ is directly linked to reading speed. The 

influential role of the size of the visual span in reading speed was also demonstrated in 

a computational model called ‗‗Mr. Chips‘‘, which uses the size of the visual span as a 

key parameter (Legge, Klitz, & Tjan, 1997; Legge, Hooven, Klitz, Mansfield, & Tjan, 

2002). 

 

These empirical and theoretical findings provide growing evidence for a linkage 

between reading speed and the size of the visual span. To the extent that the size of the 

visual span is a contributor to reading speed, we would expect to see similar 

bandwidth dependence for the size of the visual span and reading speed. Also the size 

of the visual span would be expected to show a positive correlation with reading speed 

for changes in stimulus bandwidth.  

 

METHOD 

 

Subjects 
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Seven subjects were recruited from the University of Minnesota campus. They were 

all native English speakers with normal or corrected-to-normal vision and normal 

contrast sensitivity. The mean acuity (Lighthouse distance acuity chart) was -0.11 

logMar (Snellen 20/16) ranging from -0.24 (Snellen 20/11) to 0.02 (Snellen 20/21). 

The mean LOG contrast sensitivity (Pelli-Robson chart) was 1.74 with a range from 

1.65 to 1.90. Subjects were either paid $10.00 per hour or granted class credit for their 

participation. The experimental protocols were approved by the Internal Review Board 

(IRB) at the University of Minnesota and written informed consents were obtained 

from all subjects prior to the experiment.  

 

Stimuli 

Stimulus images 

 

The 26 lowercase Courier font letters of the English Alphabet—a serif font with fixed 

width and normal spacing— were used for both visual span and reading speed tasks. 

The letters were black on a uniform gray background (40 cd/m
2
) with a contrast of 95% 

(for unfiltered letters). Letter size was defined as the font‘s x-height of 1 deg (31 

pixels) at the 60 cm viewing distance. The letter images were constructed in Adobe 

Photoshop (version 8.0) and MATLAB (version 7.4).  

 

Trigrams, random strings of three letters, were used to measure visual span profiles. 

Letters were drawn from the 26 lowercase letters of the English alphabet (repeats were 

possible). By chance some of the trigrams were three-letter English words (e.g. dog, 

fog) which might be easier to recognize. However, the chance of getting a word 

trigram is less than 2% which is not likely to have much influence on the overall letter 

recognition accuracy (c.f. Legge et al., 2001). 

 

Oral reading speed was measured with Rapid Serial Visual Presentation (RSVP). The 

pool of test material consisted of 187 sentences developed for testing reading speed by 
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Legge, Ross, Luebker, and LaMay (1989). All the sentences were 56 characters in 

length.  

The mean word length was 3.7 letters and 93% of the 1581 unique words occur in the 

2000 most frequent words based on The Educator‘s Word Frequency Guide (Zeno, 

Ivens, Millard, & Duvvuri, 1995). Mean difficulty of the sentences in the pool was 

4.77 (Gunning‘s Fog Index), and 1.34 (Flesh-Kincaid Index). According to Carver‘s 

(1976) formula
9
, the mean difficulty level is below 2nd grade level. Allowing for 

differences in these metrics, the difficulty of the sentences is roughly 2nd to 4th grade 

level. We divided the sentence pool into two sub-pools, so that there were separate, 

non-overlapping sets of sentences for RSVP and practice. Sentences were selected 

randomly without replacement, so that no subject saw the same sentence more than 

once during testing. 

 

Image filtering 

 

The images were blurred using a third order Butterworth low-pass filter in the spatial 

frequency domain. The cutoff frequency of the filter (in cycles per letter, CPL) ranged 

from 0.8 to 2.5 CPL depending on task and stimulus conditions. The filter function is  

 

,

1

1
2

























n

c

r
f                                                   (Eq. 4. 1) 

where r is the component radius, c is the low-pass cut-off radius and n is the filter‘s 

order.  

 

                                                 
9 We estimated the grade level from Carver (1976) who expressed the relationship between 

characters per word (cpw) and difficulty level (DL). According to his formula, the number of 

characters per word for 1st grade difficulty is approximately 5 cpw including a trailing space 

after each word, which is slightly above the number of characters per word (4.7 cpw including 

a trailing space after each word) we used for our reading tasks. 
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The filter‘s response function is shown in Fig. 4.1. Fig. 4.2 provides samples of low-

pass filtered and unfiltered images. In our study, words and trigrams were low-pass 

filtered as whole images.  

 

 

Figure 4.1. The response function of the 3
rd

 order Butterworth filter with the cut-off 

frequency of 1.5 cycles per degree, equivalent to 1.5 cycles per letter for a 1 letter 

size.  

 

 

Figure 4.2. Samples of low-pass filtered and unfiltered images.  
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Image display on screen  

 

To present the filtered images on the monitor, we mapped the luminance values of the 

image pixels to the 256 gray levels. The DC value of the filtered image was mapped to 

the gray level of 127, equivalent to the mean luminance of the monitor (40 cd/m
2
). The 

stimuli were generated and controlled using MATLAB (version 7.4) and 

Psychophysics Toolbox extensions (Mac OS X) (Brainard, 1997; Pelli, 1997), running 

on a Mac Pro computer. The display was a 19‖ CRT monitor (refresh rate: 75 Hz; 

resolution: 1152 x 870). Luminance of the display monitor was made linear using an 

8-bit look-up table in conjunction with photometric readings from a MINOLTA CS-

100 Chroma Meter. The image luminance values were mapped onto the values stored 

in the look-up table for the display.  

 

Procedure 

Measuring visual-span profiles 

 

Visual-span profiles were measured using a letter recognition task. Trigrams
10

 were 

presented with their middle letter at 15 letter positions, including 0 (the letter position 

at fixation) and from 1 to 7 letter widths left and right of the 0 position (Fig. 4.3). 

Trigram position was indexed by the middle letter of the trigram. For instance, a 

trigram abc at the position +3 had the b located in position 3 to the right of the 0 letter 

position, and a trigram at position -3 had its middle letter three letter positions to the 

left. Each of the 15 trigram positions was presented for 150 ms exposure duration and 

tested 15 times, in a random order, within a block of 225 trials. The task of the subject 

                                                 
10 Trigrams were used rather than isolated letters because of their closer approximation to 

English text. Text contains strings of letters. Most letter recognition in text involves characters 

flanked on the left, right or both sides. 
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was to report the three letters from left to right. A letter was scored as being identified 

correctly only if its order within the trigram was also correct. Feedback was not 

provided to the subjects about whether or not their responses were correct. 

 

 

Figure 4.3. Visual span profile. Top: Illustrates that trials consist of the presentation of 

trigrams, random strings of three letters, at specified letter positions left and right of 

fixation. Bottom: Example of a visual-span profile, in which letter recognition 

accuracy (% correct) is plotted as a function of letter position for data accumulated 

across a block of trials. The right vertical scale shows the transformation from 

accuracy to information transmitted in bits. The size of the visual span is the sum of 

the information transmitted in bits across the letter positions. 

 

Subjects were instructed to fixate between two vertically separated fixation points on 

the computer screen during trials (this configuration allowed for presenting a trigram 

at fixation without superposition of the fixation marks and the middle letter of the 

trigram.) (Fig. 4.3). The experimenter visually observed subjects to confirm that these 

instructions were being followed. Since there was no way of predicting on which side 

of fixation the trigram would appear, and the exposure time was too brief to permit 
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useful eye movements, the subjects understood that there was no advantage to deviate 

from the intended fixation.  

 

Subjects were verbally encouraged to fixate carefully between the dots at the 

beginning of a trial. All subjects had practice trials in the trigram and RSVP tasks 

prior to data collection (approximately 30 trials for trigram task and 4 sentences for 

RSVP task).  

 

Proportion correct recognition was measured at each of the letter slots and combined 

across the trigram trials in which the letter slot was occupied by the outer (the furthest 

letter from fixation), middle, or inner (the one closest to fixation) letter of a trigram. 

This means that although trigrams were centered at a given position only 15 times in a 

block, data from that position were based on 45 trials. A visual span profile consisted 

of percent correct letter recognition as a function of letter position left and right of 

fixation. These profiles were fit with ‗‗split Gaussians‘‘, that is, Gaussian curves that 

are characterized with amplitude (the peak value at letter position 0), and separate 

estimates of left and right standard deviations (characterizing the breadth of the curve).  

 

As illustrated in Fig. 4.3 (i.e., the right vertical scale), percent correct letter recognition 

can be linearly transformed to information transmitted in bits. The information values 

range from 0 bits for chance accuracy of 3.8% correct (the probability of correctly 

guessing one of 26 letters) to 4.7 bits for 100% accuracy (Legge et al., 2001)
11

. The 

size of the visual span was quantified by summing across the information transmitted 

in each slot (similar to computing the area under the visual span profile). Lower and 

narrower visual span profiles transmit fewer bits of information. In the Results section, 

the size of the visual span will be quantified in units of bits of information transmitted.  

 

                                                 
11 Percent correct letter recognition was converted to bits of information using letter-confusion 

matrices by Beckmann (1998). 
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Visual-span profiles were measured for each participant using trigrams with six 

different bandwidths including unfiltered trigrams (0.8, 0.9, 1.05, 1.2, and 2.5 CPL), 

one bandwidth per block.  The order of the six bandwidth conditions was 

counterbalanced across subjects.  

Measuring RSVP reading speed 

 

Oral reading speed was measured with the Rapid Serial Visual Presentation (RSVP) 

method. The method of constant stimuli was used to present sentences at five exposure 

durations. Reading speed was measured for each subject using sentences with six 

different bandwidths including unfiltered sentences (0.8, 0.9, 1.05, 1.2, and 2.5 CPL), 

one bandwidth per block. The order of the six bandwidth conditions was 

counterbalanced across subjects.  

 

During testing session, the range of exposure durations for each subject was chosen in 

order to make sure that at least 90% correct response (percent of words read correctly 

in a sentence) was obtained at the longest exposure time. For RSVP, the sentences 

were presented sequentially one word at a time at the same screen location (i.e., the 

first letter of each word occurred at the same screen location). There was no blank 

frame (inter-stimulus interval) between words. Each sentence was preceded and 

followed by strings of x‘s as shown in Fig. 4.4.  

 

Subjects initiated each trial by pressing a key. They were instructed to read the 

sentences aloud as quickly and accurately as possible. But, participants were allowed 

to correct their verbal response after the stimulus presentation. A word was scored as 

correct, even if given out of order, e.g., a correction at the end of a sentence, the 

number of words read correctly per sentence was recorded. Four sentences were tested 

for each exposure duration and percent correct word recognition was computed at each 

exposure time.  
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Psychometric functions, percent correct versus RSVP exposure duration, were created 

by fitting these data with cumulative Gaussian functions (Wichmann & Hill, 2001a) as 

shown in Fig. 4.5. Five data points in each panel represent percent words read 

correctly in a sentence. The threshold exposure duration, for words of a given length 

was based on the 80% correct point on the psychometric function. For example, if an 

exposure time of 200 msec per word yielded 80% correct, the reading rate was 5 

words per second, equals to 300 wpm.  

 

 

Figure 4.4. A schematic Diagram of RSVP reading speed task. 

 

 

Figure 4.5. Proportion of words read correctly is plotted as a function of exposure 

duration (sec) per word (subject S6) from unfiltered (a) and 1.2 CPL bandwidth 

condition (b). Each set of data was fit with a cumulative Gaussian function. From each 
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psychometric function, the threshold exposure duration was defined as the exposure 

duration yielding 80% of words read correctly. 

Estimating critical bandwidth 

 

Similar to Legge et al., (1985), we fitted the graphs of reading speed (or visual span) 

vs bandwidth by a two-limbed function (Eq. 4.2), containing a rising straight line and 

a horizontal straight line (Fig. 4.6). Such two-limbed fits allow us to summarize the 

graph by the coordinates of the point of intersection of the two lines. The X-coordinate 

of this point is called the critical bandwidth. The Y-coordinate is called the maximum 

reading speed or visual span. The critical bandwidth is the minimum bandwidth 

required for maximum reading speed or visual span size.  

 

           

                                                                 –            ,                            (Eq. 4.2) 

 

where Y is contrast ratio, X is spatial-frequency bandwidth and a, b, c are free 

parameters.  

 

 

Figure 4.6. A schematic illustration of a two-limbed fit to data 



 

84 

 

 

 

RESULTS 

 

The Effects of Bandwidth on the Size of the Visual Span  

 

Fig. 4.7 shows mean visual span profiles from six bandwidths across seven subjects. 

As bandwidth increased, the peak values of the profiles became larger. The size of the 

visual span appeared to reach its asymptote for a bandwidth between 1.2 and 2.5 CPL 

so that profiles for bandwidths of 2.5 CPL and unfiltered trigrams were 

indistinguishable. The size of the visual span was quantified as bits of information 

transmitted. Table 4.1 lists the size of the visual span for the six bandwidths. We 

performed an analysis of variance (ANOVA) on visual span size (bits) — one way 

repeated measures ANOVA with bandwidth as a within-subject factor. A significant 

effect of bandwidth on visual span size was found (F(5, 30) = 188.99, p < 0.001). As 

shown in Fig. 4.7, the visual span size increased with increasing bandwidth up to the 

bandwidth of 2.5 CPL. The size of the visual span stayed constant from 2.5 CPL 

(56.82 bits  1.25) to unfiltered condition (56.54 bits 1.26), showing no significant 

difference between two bandwidths (p = 0.32).   
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Figure 4.7. Mean visual span profiles for the group of 7 subjects as a function of 

bandwidth. Error bars represent  1 SEM.  

 

 

Figure 4.8. Mean visual span size (bits) as a function of bandwidth: (a) group average 

data (n=7); (b) data from subject 6; (c) data from subject 7. Error bars represent  1 

SEM. Data were fitted with the two-limbed function. The horizontal line indicates the 

estimated maximum visual span size. The arrows indicate estimated critical 

bandwidths for the size of the visual span. Note that data for the unfiltered letters were 

plotted at 20 CPL, the value slightly above the highest frequency available for letters 

with an x-height of 31 pixels. 
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Bandwidth (CPL) 0.8 0.9 1.05 1.2 2.5 Unfiltered 

Visual span size (in bits) 
16.83 

(2.47) 

26.94 

(3.10) 

38.89 

(2.76) 

46.38 

(2.05) 

56.82 

(1.25) 

56.54 

(1.26) 

 

Table 4.1. Mean visual span size (bits) for the group of 7 subjects for different 

bandwidths. (1 SEM.) 

 

To estimate the critical bandwidth allowing for the maximum visual span size, visual 

span data were fitted with the two-limbed model (Fig. 4.8). The fitting was performed 

on both group average data and each subject‘s data (see Table I.1 in Appendix I). The 

parameter values from the fit with group average data were fairly consistent with the 

average parameter values from individual fits. The average critical bandwidth for the 

size of the visual span was 1.37 CPL (± 0.03) and the corresponding maximum visual 

span size was 56.68 bits (± 1.06). The result suggests that in order to achieve 

maximum visual span size, the spatial frequency spectrum of letters has to contain at 

least 1.37 CPL. Above this critical bandwidth, the size of the visual span is 

independent of bandwidth.  

 

The Effects of Bandwidth on RSVP Reading Speed 

 

Fig. 4.9 shows plots of RSVP reading speed (wpm) as a function of bandwidth. 

Reading speed increased rapidly with increasing bandwidth, reaching asymptote 

between 1.2 and 2.5 CPL. Table 4.2 summarizes mean RSVP reading speeds for 

different bandwidths. RSVP reading speed increased by a factor of 6.8 from the 

bandwidth of 0.8 CPL (116.11 wpm  22.61) to the bandwidth of 2.5 CPL (789.82 

wpm  89.87). Reading speed was not significantly different for 2.5 CPL (789.82 

wpm  89.87) and the unfiltered condition (830.95 wpm,  53.56) (p = 0.57).  
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Figure 4.9. Mean RSVP reading speed (wpm) as a function of bandwidth: (a) group 

average data (n=7); (b) data from subject 6; (c) data from subject 7. Error bars 

represent 1 SEM. Data were fitted with the two-limbed model. The horizontal line 

indicates the estimated maximum reading speed. The arrows indicate estimated critical 

bandwidths for reading speed.  

 

Bandwidth (CPL) Reading Speed (wpm) 

0.8 116.11 (22.61) 

0.9 262.81 (37.38) 

1.05 428.99 (57.97) 

1.2 566.07 (44.51) 

2.5 789.82 (89.87) 

Unfiltered 830.95 (53.56) 

 

Table 4.2. Mean RSVP reading speed (wpm) as a function of bandwidth (n=7). (1 

SEM).   

 

To estimate critical bandwidth, reading speed data were fitted with the two-limbed 

model (Fig. 4.9). The fitting was performed on both group average data and each 

subject‘s data (see Table I.2 in Appendix I). The parameter values from the fit with 

group average data were fairly consistent with the average parameter values from 
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individual fits. The average critical bandwidth for RSVP reading speed was 1.34 CPL 

( 0.04) and the corresponding maximum RSVP reading speed was 802 wpm ( 

66.51).  

 

This finding indicates that in order to achieve maximum reading speed, the spatial 

frequency of letters must contain at least 1.34 CPL. Notice that this value is very close 

to the critical bandwidth for the visual span, 1.37 CPL (See Fig. 4.8). Our critical 

bandwidth estimate for reading speed, 1.37 CPL was smaller than the previously 

reported estimate, 2 CPL (Legge et al., 1985). This discrepancy is likely to be due to 

methodological differences between the two studies. We will return to this issue in the 

Discussion section.   

 

Relationship between the Size of the Visual Span and RSVP Reading Speed 

 

There appears to be a close relationship between the size of the visual span and 

reading speed. However, good agreement in critical bandwidth between the size of the 

visual span and RSVP reading speed might be spurious since there were not enough 

data points in the range to validate their association. We conducted a regression 

analysis to evaluate the association between the two variables.  

 

Figure 4. 12 shows the regression of log RSVP reading speed (wpm) on size of the 

visual span (bits). We obtained a mean correlation coefficient across regressions for 7 

separate subjects of r = 0.96 (±0.02) and r
2
 = 0.92 (±0.05). This means that 92% of the 

variance in RSVP reading speed data can be accounted for by the size of the visual 

span. We obtained the following regression equation:  

 

log10 RSVP Reading Speed = 0.02*Visual Span (bits) +1.76,  

 

This means that adding 4.7 bits to the size of the visual span (equivalent to one extra 

letter) increases reading speed by 0.094 log units (i.e., a 24% increase in reading 



 

89 

 

 

speed). See regression coefficients for each individual subject in Table J.1 in 

Appendix J. Our estimated slope of the regression line, 0.02 falls into the range of 

slopes found in Legge et al. (2007)‘s study. They showed that the average slope ranges 

from 0.02 to 0.04 across different studies linking the size of the visual span to reading 

speed.  

 

 

Figure 4.10. Relationships between log RSVP reading speed (wpm) and the size of the 

visual span (bits): (a) group average data (n=7); (b) data from subject 6; (c) data from 

subject 7. Error bars represent 1 SEM. The fitted lines indicate the regressions of log 

RSVP reading speed (wpm) on the size of the visual span (bits).  

 

Slope Intercept r r2 

0.02 

(0.001) 

1.76 

(0.074) 

0.96 

(0.02) 

0.92 

(0.05) 

 

Table 4.3. Mean parameter values across regressions for 7 separate subjects of log10 

RSVP reading speed on the size of the visual span, correlation coefficient and r 

squared. (1 SEM.) 
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DISCUSSION AND CONCLUSIONS 

  

In the current study, we examined the relationship between letter recognition and 

reading speed when stimuli were low-pass filtered with a range of bandwidths. We 

found that the size of the visual span and RSVP reading speed show similar 

dependence on spatial-frequency bandwidth. Both the size of the visual span and 

reading speed increased with bandwidth up to the critical bandwidth of approximately 

1.4 CPL. Approximately 92% of the variability in RSVP reading speed was explained 

by the size of the visual span. These results are consistent with the hypothesis that the 

visual span, the number of letters which can be recognized reliably without moving 

the eyes, imposes a limitation on reading speed. 

 

It is obvious that visual processing is critical to print reading. What is not so obvious 

is that individual differences in reading speed are linked to differences in visual 

processing. The shape and size of the visual span profiles are largely immune to top-

down contextual factors and to oculomotor factors, and represent the bottom-up 

sensory information available to letter recognition and reading. Thus, the positive 

correlation between the size of the visual span and RSVP reading speed observed in 

our study further supports the theoretical position that front-end visual processing 

influences letter recognition which in turn influences reading speed.  

 

We observed a smaller critical bandwidth for reading speed (1.34 CPL) than the 

estimate of 2 CPL from Legge et al. (1985). This discrepancy may be due to 

methodological differences between the two studies. For instance, Legge et al. (1985) 

blurred text using a ground-glass diffuser. They modeled the blur as a Gaussian low-

pass filter. Their bandwidth was defined as the spatial frequency at which the MTF 

declined to 1/e (37%). On the other hand, our current study used a 3
rd

 order 

Butterworth low-pass filter with the bandwidth defined as the frequency at half 

amplitude (50%). The difference in low-pass filtering technique along with different 

bandwidth criteria might contribute to the discrepancy. Another obvious 
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methodological difference is the way reading speed was measured: RSVP reading 

speed in the current study vs. drifting-text reading in Legge et al. (1985). It is possible 

that the eye movement requirements of the drifting text paradigm somehow interact 

with pattern recognition, thus requiring a broader bandwidth. 

 

Comparison with Bandwidths for Letter Recognition 

 

Our results confirmed a positive correlation between the size of the visual span and 

reading speed. In this section, we address the relationship between single letter 

recognition and these two variables. As mentioned in the Introduction, we previously 

obtained two distinct measures of critical bandwidth for single letter recognition: 1) an 

overall critical bandwidth for letter recognition of 0.9 CPL (80% criterion); and 2) a 

minimal-contrast critical bandwidth of 1.47 CPL (below which there is an additional 

suprathreshold contrast requirement.)  

 

The overall critical bandwidth for letter recognition of 0.9 CPL appears to be too low 

to account directly for the critical bandwidths for visual span and reading speed. This 

bandwidth was based on an 80%-correct criterion, but our data (Chapter 2) indicate 

that nearly 100% correct can be achieved for letters with a bandwidth of 1.1 CPL. The 

data of the present paper clearly show that reading speed and the size of the visual 

span are below their maximum values at 1.2 CPL. From these considerations, we 

conclude that the overall critical bandwidth for single letter recognition is lower than 

the critical bandwidths for the visual span and reading speed. 

 

But the second definition of critical bandwidth for single letter recognition—the 

minimum bandwidth that can be achieved with the unfiltered threshold contrast for 

letter recognition—is nearly the same as the critical bandwidths for visual span and 

reading speed. Is it plausible to connect this second definition of critical bandwidth for 

letter recognition with the critical bandwidth for reading? 
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First, we briefly review the findings of our previous study (Chapter 3). We 

hypothesized that as spatial resolution for rendering letters decreases, the visual 

system relies more on contrast differences, therefore requiring a larger gap between 

contrast thresholds for letter detection and letter recognition. We measured contrast 

thresholds for detecting and recognizing single letters drawn at random from the 26 

lowercase letters of the English alphabet presented foveally. The letters were low-pass 

filtered (blurred) with various bandwidths including unfiltered letters. The gap 

between detection and recognition RMS contrast thresholds was quantified as the ratio 

of recognition to detection thresholds. Consistent with our hypothesis, we observed 

larger contrast ratios with decreasing spatial resolution (Fig. 3.5, Chapter 3). For 

example, the ratio increased from 1.4 for the unfiltered letters to 8.9 for the most 

blurred letters (i.e., 0.9 CPL). This increased contrast requirement in the presence of 

severe blur implies a shift from shape coding to contrast coding for letter recognition. 

The increased requirement for contrast in letter recognition occurs for bandwidths 

below 1.47 CPL. We designated this as the ―minimum-contrast‖ critical bandwidth for 

letter recognition. This second type of critical bandwidth appears to be almost the 

same as the critical bandwidths for the size of the visual span and reading speed 

observed in the current study. A statistical analysis (ANOVA test) further confirmed 

that there is no significant difference among these three values (F(2, 12) = 3.25, p = 

0.75), suggesting that there is a common critical bandwidth, between 1.3 CPL and 1.5 

CPL for single letter recognition, the size of the visual span and reading speed.  

 

Finally, does knowing the contrast ratio enable us to predict RSVP reading speed? To 

answer this question, we performed regression analysis of visual span (bits) on log 

contrast ratio and regression analysis of log RSVP reading speed on contrast ratio 

respectively
12

.  Fig. 4.11. (a) shows the regression of visual size (bits) on log contrast 

                                                 
12 From the critical bandwidth analysis, we already know that on average observers‘ 

performance reaches its asymptote around the bandwidth of 1.3 CPL in all three tasks: reading 

speed, visual span and contrast ratio. Thus, for regression analysis, we used data from the 

linearly rising or decreasing portion of the curves (i.e., bandwidths below the critical 
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ratio. We obtained the average correlation coefficient across regressions for 7 separate 

subjects r of -0. 99 (±0.004) and r
2
 of 0.98 (±0.01) (see Table J.2 in Appendix J). This 

means that about 98% of the variance in the size of the visual span can be accounted 

for by the contrast ratio for bandwidths below the critical values. We obtained the 

following regression model: 

 

Visual Span (bits) = -56.66*log10 Contrast Ratio +73.23,  

 

This suggests that if recognizing low-pass letters required more contrast, a 20% 

increase in contrast, this increased reliance on contrast would reduce the size of the 

visual span by 4.7 bits (equivalent to one extra letter).  

 

Fig. 4.11. (b) shows the regression of log RSVP reading speed on log contrast ratio. 

We obtained mean correlation coefficient r of -0. 95 (±0.02) and r
2 
of 0.91 (±0.03) 

(see Table J.3 in Appendix J). This indicates that 91% of the variability in reading 

speed can be explained by the contrast threshold ratio. We obtained the following 

regression equation:  

 

Log10 RSVP Reading Speed = -1.31*log10 Contrast Ratio + 3.40,  

 

In other words, if recognizing low-pass letters required more contrast, a 20% increase 

in contrast, this increased reliance on contrast would slow down reading speed by 0.16 

log units (i.e., a 44% decrease in reading speed).  

 

 

                                                                                                                                             
bandwidth of 1.3 CPL: 0.8, 0.9, 1.05, and 1.2 CPL). We have corresponding reading speed 

and visual span data for these bandwidth levels, but slightly different bandwidth levels were 

used in our previous study (Chapter 3). Thus, we used estimated (predicted) contrast threshold 

ratios data from the two-limbed fits.   
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Figure 4.11. Regression of the size of the visual span (bits) on log contrast ratio (a); 

regression of log RSVP reading speed (wpm) on log contrast ratio (b). Error bars 

represent 1 SEM.  

 

The outcomes of these analyses offer us a plausible linking hypothesis between letter 

recognition, the size of the visual span and reading speed. They supported the idea that 

the visual system relies more on contrast coding with decreasing spatial resolution for 

letter recognition and this increased reliance on contrast coding might impose a 

sensory limitation on the size of the visual span and reading speed. 

 

In summary, we found that the size of the visual span and RSVP reading speed show a 

similar dependence on spatial-frequency bandwidth. Both the size of the visual span 

and reading speed increased with increasing bandwidth up to the critical bandwidth of 

approximately 1.4 CPL. Approximately 92% of the variability in RSVP reading speed 

was explained by the size of the visual span. These results are consistent with the 

hypothesis that the visual span plays a limiting role in reading speed. Comparison of 

these findings with our previous results on letter recognition supported the hypothesis 

that the bandwidth requirement for reading is linked to the bandwidth requirement for 

single letter recognition. 
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Appendix A. Critical bandwidths for different threshold criteria 

 

Threshold 

Criteria 

Critical 

Bandwidth 

(CPL) 

Lowercase 

at fovea 

Lowercase 

at periphery 

Uppercase 

at fovea 

Uppercase 

at periphery 

90% 
Mean 0.9942 1.1874 1.2372 1.4994 

SEM  0.0132 0.0210 0.0172 0.0283 

 80% 
Mean 0.8969 1.0634 1.1386 1.3625 

SEM 0.0103 0.0182 0.0148 0.0246 

70% 
Mean 0.8267 0.9739 1.0674 1.2637 

SEM 0.0085 0.0170 0.0132 0.0222 

60% 
Mean 0.7667 0.8974 1.0066 1.1794 

SEM  0.0075 0.0167 0.0120 0.0203 

50% 
Mean 0.7106 0.8260 0.9498 1.1005 

SEM  0.0070 0.0171 0.0111 0.0189 

 

Table A.1. Letter recognition: critical bandwidths for different threshold criteria (n = 

18) 
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Proportion 

Correct 

Criteria 

Critical 

Bandwidth 

(CPF) 

Face 

 with hair 

at fovea 

Face with 

hair 

at periphery 

Face  

without hair 

at fovea 

Face  

without hair 

at periphery 

90% 
Mean 3.0881 4.0862 5.0054 9.0430 

SEM 0.1146 0.2282  0.2005 1.2556 

 80% 
Mean 2.5922 3.3124 4.2301 7.3190 

SEM 0.0957 0.1573 0.1525 0.9023 

70% 
Mean 2.2347 2.7544 3.6711 6.0759 

SEM 0.0843 0.1169 0.1224 0.6540 

60% 
Mean 1.9291 2.2776 3.1934 5.0138 

SEM 0.0768 0.0995  0.1028  0.4536 

50% 
Mean 1.6436 1.8320 2.7469 4.0210 

SEM 0.0724 0.1055  0.0928 0.2974 

 

Table A.2. Face recognition: critical bandwidths for different threshold criteria (n=12) 
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Appendix B. Selection of 26 face images 

 

A set of 26 celebrities (13 females and 13 males) was selected through the familiarity 

survey obtained from fifteen college students (see below). Survey respondents were 

given a 2 x 2 inches photo of a celebrity‘s face. They had to fill out the name of each 

celebrity and rank how familiar they are with the celebrity using a scale of 1 – 5 with 5 

being the most familiar. If they did not fill out the name of each celebrity, then its 

familiarity score was set to 1. The familiarity score was averaged across 15 

respondents and the highest scored 26 celebrities were chosen out of 50 candidates. 

Once we finalized the pictures of 26 celebrities‘ faces for this experiment, we 

validated the recognizability of each photo by conducting the face recognition survey 

on another group of 16 respondents (mean age: 22.75 years old; 6 males and 10 

females). The survey format was very similar to the familiarity survey. Respondents 

had to fill out the name of each celebrity to each photo and indicate how easy it is to 

recognize the person with the presented photo using a scale of 1-5 with 5 being very 

easy to recognize. Each face from the final set of 26 faces received the average 4.65 

(SD: 0.43) out of 5 recognition score (min = 3.19, median = 4.81, max = 5).    
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Face Recognition Test 

 

Age: ___________  

Gender: __________ 

 

Please fill out the name of each celebrity in column 3.  And also indicate how easy it is to 

recognize this person with the presented photo. The rating system is as follows: 

 

1 = very difficult to recognize 

2 = somewhat difficult 

3 = ok 

4 = somewhat easy 

5 = very easy to recognize  

 

Face Familiarity Test 

 

Age: ___________  

Gender: __________ 

 

Please fill out the name of each celebrity in column 3.  And also indicate how easy it is to 

recognize this person with the presented photo. The rating system is as follows: 

 

1 = very difficult to recognize 

2 = somewhat difficult 

3 = ok 

4 = somewhat easy 

5 = very easy to recognize  
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Figure B.1. A set of 26 face images 
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Appendix C. Decision rule of the CSF-noise-ideal observer for 

recognition task 

 

The CSF-noise-ideal observer has to solve the inverse optics problem, which is to 

figure out the most probable target signal (  ) out of all possible 26 target signals (T) 

for a given input retinal image R, arrays of luminance pixel values. The problem can 

be expressed as         and can be solved using Bayes‘ rule as follow: 

 

         
            

    

 
            

             
  
   

                                                                                                                 

 

 

Since the denominator     , which is just a normalizing constant can be removed 

from the equation,         can be reduced to the product of the likelihood function 

        and the prior probability       of a target signal.  

 

                                                                                                (C.2) 

 

Since the prior probabilities of the 26 signals (letters or faces) are equal in our 

experiment,        1/26, the problem of finding maximum posterior probability can 

be expressed as a maximum likelihood function: 

 

           
       

                                                                            

   

Therefore, the ideal observer‘s goal is to find the maximum likelihood function of a 

given noisy input image R as a function of all possible 26 noiseless templates    and 

choose the highest possible    as its recognition response. The input image R is 

represented as an array of luminance pixel values and is added to zero-mean Gaussian 
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luminance noise. Thus, let‘s say there is the m number of pixels in the input image R 

and    be the jth pixel in the image R. Then, at each pixel, we can compute the 

possible probability value of the noiseless signal     in noisy input    since it has a 

Gaussian probability density function as follow: 

 

          = 
 

    
     

 

           
 
                                                           (C.4) 

 

Since the luminance noise at different pixels is a random sample which is identically 

and independently distributed, i.i.d., the probability of the entire input image   is the 

product of the probabilities of all the pixels. 

 

        =           
 
                                                                                       (C.5) 

 

              = 
 

      
      

 

   
         

  
                                                  (C.6) 

 

              = 
 

      
      

 

          
                                                    (C.7) 

 

After removing terms that do not depend on i or j from Eq. C.7, the likelihood function 

is         is reduced to the following exponential function: 

 

        =            
                                                                        (C.8) 

 

Inspection of Eq. C.8 tells us that the likelihood function         is monotonically 

related to       
 . In other words, maximizing Eq C.8 is the same as minimizing 

the Euclidean distance       
  between the input image   and a template   . In 

other words, the ultimate job of the ideal observer, which is to find the maximum 

posterior probability is equivalent to finding the smallest Euclidean distance between 

the noiseless template    and noisy input image R.   
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Appendix D. Model selection 

 

The aim of this model comparison between one version using a CSF and one without 

the CSF was to see if incorporating the human CSF into an ideal observer model 

provides a better description of human performance data.  

 

As described earlier, a wide range of white noise (  ) levels was applied to the 

stimulus to find the best fit to human recognition. For each model, a family of 

psychometric functions from 8 different noise levels was built for given stimulus 

condition. For each model, we selected the best fit psychometric function curve to that 

of human observers among a family of eight curves. Then, the two best psychometric 

function curves from each model were compared using statistical F-test in which the 

model with a least mean squared error value was chosen as a superior model. Each 

psychometric function was constructed based on seven bandwidths. There was one 

free parameter, the constant noise N0 for each model.   

 

1) Model Selection for Letter Recognition  

 

Figs D.1 and D.2 demonstrate the goodness of fit of each model to human data (left 

column from the model without the CSF vs. right column from the model with the 

CSF. Each panel contains four psychometric function curves: three from the ideal 

(black dashed line) and one (red dashed line) from humans. For convenience, we only 

plotted three curves from a family of eight curves and pitted against that of human 

observers. The middle curves among three in each panel is considered to be the best fit 

to human recognition data.  

 

Figs. D.1. and D.2. clearly demonstrate that the model with the CSF is superior to 

describe the human data for all four stimulus conditions. For example, as shown in 

Figs. D.1. c. and D.1. d. from the lowercase letter, the curves from the model with the 

CSF completely aligned with those of humans. In the case of the uppercase letter, the 
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fit was not as good as lowercase letters, but the model with the CSF was still better 

than the model without the CSF. The quantitative analysis using F-test further 

confirmed that the model with the CSF was a better model than the model without the 

CSF for all four stimulus conditions (ps < 0.002). Table 3 summarizes residual sum of 

squares from the two models.  

  

 
Lowercase  

at fovea 

Lowercase 

 at periphery 

Uppercase 

 at fovea 

Uppercase  

at periphery 

RSS model without CSF (df = 6) 0.108 0.071 0.330 0.151 

RSS model with CSF (df = 6) 0.004 0.001 0.056 0.022 

 

Table D.1. Residual Sum of Squares (RSS) of the two models for letter recognition. 

 

                 A. The Model without the CSF             B. The Model with the CSF  

 

Figure D.1. Lowercase letter recognition of the models (A. The model without the 

CSF; B. The model with the CSF) in comparison with human recognition performance 

in the fovea (top row) and the periphery (bottom row). 
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  A. The Model without the CSF      B. The Model with the CSF  

 

Figure D.2. Uppercase letter recognition of the models (A. The model without the CSF; 

B. The model with the CSF) in comparison with human recognition performance in 

the fovea (top row) and the periphery (bottom row). 

 

Based on our model selection analysis, we used the best fit data from the model with 

the CSF to examine spatial-frequency requirements in the fovea and the periphery in 

comparison with human recognition data. Table D.2. lists the level of added noise for 

each best fit curve.  

 

 Noise (σ2) = N0 

Lowercase at fovea 0.4352 

Lowercase at 10 deg 0.5800 

Uppercase at fovea 0.3500 

Uppercase at 10 deg 0.5000 

 

Table D.2. Constant noise levels (N0) used for the best fits of the model with the CSF. 
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2) Model Selection for Face Recognition  

 

Consistent with letter recognition data, the model with the CSF provided a better 

account of describing the human recognition data for all four stimulus conditions. For 

example, as shown in Figs. D.3..c. and D.3. d. the curve from the model with the CSF 

nearly overlapped with that from humans. The quantitative analysis using F-test 

further confirmed that the model with the CSF is superior to the model without the 

CSF for all four stimulus conditions (ps < 0.002). Relatively larger variance in human 

face recognition data might have contributed to slightly less satisfactory fit between 

humans and the model. Table D.3 summarizes residual sum of squares from the two 

models.  

 

 
Lowercase  

at fovea 

Lowercase  

at periphery 

Uppercase 

at fovea 

Uppercase 

at periphery 

RSS model without CSF  (df = 6) 0.347 0.245 0.448 0.211 

RSS model without CSF (df = 6) 0.013 0.041 0.005 0.037 

 

Table D.3. Residual Sum of Squares (RSS) of the two models for face recognition. 
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                       A. The Model without the CSF      B. The Model with the CSF 

 

Figure D.3. Face with hair recognition of the ideal observers (A. The model without 

the CSF; B. The model with the CSF) in comparison with human observers‘ 

performance in both fovea (top row) and periphery (bottom row). 
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A. The Model without the CSF       B. The Model with the CSF 

 

Figure D.4. Face without hair recognition of the ideal observers (A. The model 

without the CSF; B. The model with the CSF) in comparison with human observers‘ 

performance in both fovea (top row) and periphery (bottom row). 

 

Given the fact that the model with the CSF gives a better account of human face 

recognition, we used the best fit data from this model to examine spatial-frequency 

requirements in the fovea and the periphery in comparison with human data. Table D.4 

lists the level of added noise for each best fit curve.  

 

 Noise (σ2) = N0 

Face with hair at fovea 3.18 

Face with hair at 10 deg 3.85 

Face without hair at fovea 2.31 

Face without hair at 10 deg 2.87 

 

Table D.4. Constant noise levels (N0) used for the best fits of the model with the CSF. 
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Appendix E. The Shannon-Hartely theorem 

 

Let C (i.e., channel capacity) be the amount of information transmitted through the 

channel. According to the Theorem, the channel capacity   is determined by two 

factors: the bandwidth of the channel and the number of discrete signal levels that can 

be put through the channel reliably. It, thus, can be expressed as follows: 

 

             ,                                                                                    (E.1) 

 

where   is the bandwidth of the channel and   is the maximum number of distinct 

signal levels.   

 

   is equivalent to the Nyquist rate, that is the maximum sampling rate cannot be 

greater than twice the bandwidth of the channel.   is limited by the dynamic range of 

the signal amplitude   and the precision with which the receiver can distinguish 

amplitude levels   .  

 

      
 

  
,                                                                                          (E.2) 

 

If the system is noise free, then the system can take on infinite number of  , resulting 

in indefinitely large channel capacity. The system is, however, subject to Gaussian 

noise and the number of   is imposed by noise statics of the signal. Thus, the 

dependence of the channel capacity   on both bandwidth limitations and noise statics 

of the signal can be reformulated as follows: 

 

           
 

 
 ,                                                                                 (E.3) 

 

where   is the total signal power over the bandwidth;   is the total noise power over 

the bandwidth.  
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Appendix F. Decision rule of the CSF-noise-ideal observer for 

recognition and detection tasks 

 

The ideal observer has to solve the inverse optics problem, which is to figure out the 

probability of having a target object (  ) out of all possible objects (T) for a given 

input retinal image R, arrays of luminance pixel values. An object has its own sub-

category. For instance, letter object consists of 26 individual character symbols. This 

sub-category can be defined in different ways depending on the nature of study. If we 

are interested in finding out how a view-point of an object has an impact on object 

recognition, a set of different views of objects needs to be defined as its sub-category. 

We can conceive detection task as object recognition task with two possible objects 

(i.e., object absence vs. object present), where the object-present one has 26 sub-

categories, i.e., 26 individual letters. On the other hand, object recognition task can be 

thought of recognizing 26 objects and each object has only one sub-category.  

 

In order to recognize one object from the others, this sub-category of the object needs 

to be considered. Thus, we can denote an object with the n-number of discrete sub-

categories by    , that is, the j-th sub-category of the i-th object. Since two sub-

categories cannot appear at the same time (i.e., mutually exclusive), the inverse optics 

problem can be expressed as follow: 

 

                 

 

 

            
 

   
                                                                  

 

Since an ideal observer knows all the sub-categories and their prior probabilities, the 

term         can be solved using Bayes‘ rule as follow: 

 

          
              

    
                                                                            

 



 

119 

 

 

After removing the denominator     , a normalizing constant,         can be 

reduced to the product of the likelihood function         and the prior probability 

      of a target signal.  

 

Since the prior probability of each target signal (i.e., each 26 letter or each 26 faces) in 

our experiment is equally probable,        1/26, the problem of finding maximum 

posterior probability can be expressed as a maximum likelihood function: 

 

            
       

                                                                                            

   

Therefore, the ideal observer‘s goal is to find the maximum likelihood function of a 

given nosy input image R for each possible 26 target signal    and choose the highest 

possible    as its recognition response for given trial.  

 

Since the luminance noise at different pixels is a random sample which is identically 

and independently distributed, i.i.d., the probability of the entire input image   is the 

product of the probabilities of all the pixels. Thus,           is equivalent to the 

product of the m-number of Gaussian distributions as follow: 

 

         =  
 

      
      

 

           
 
         

 

           
 
                               

 

The likelihood function          in Eq. F.4 is reduced to the exponential function 

after removing terms that do not depend on i or j. Therefore,         in Eq. F.1. can 

be re-expressed as follow: 
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When there is only one sub-category of each object, the summation sign for grouping 

the sub-categories of an object can be dropped from Eq. F.5. Since the exponential 

function is monotonic, maximizing Eq. F.5 is the same as minimizing the Euclidean 

distance        
 
 between the input image   and a template    . In other words, the 

ultimate job of the ideal observer which is to find the maximum posterior probability 

is equivalent to finding the smallest Euclidean distance between the noiseless template 

    and noisy input image R.   
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Appendix G. Mean RMS contrast thresholds from the model 

 

 

Table G.1. Mean RMS contrast threshold for letter detection and recognition (all 

SEMs < 0.00004). Each  mean threshold is based on 100 thresholds, each obtained 

from a staircase procedure using 50 reversals.  

 

 

  

Lowercase 

 Fovea Periphery 

Bandwidth (CPL) Detection Recognition Detection Recognition 

0.9 0.0006 0.0042 n/a n/a 

1.2 0.0008 0.0034 0.0008 0.0037 

2 0.0010 0.0026 0.0011 0.0028 

3.5 0.0011 0.0021 0.0012 0.0023 

Unfiltered 0.0013 0.0020 0.0013 0.0021 

Uppercase 

 Fovea Periphery 

Bandwidth (CPL) Detection Recognition Detection Recognition 

1.1 0.0006 0.0055 n/a n/a 

1.5 0.0007 0.0038 0.0007 0.0070 

2 0.0008 0.0031 0.0008 0.0057 

3.5 0.0009 0.0026 0.0009 0.0048 

Unfiltered 0.0010 0.0022 0.0010 0.0042 
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Appendix H. The outcomes of the model using a different CSF 

 

 

 

Figure H.1. Mean threshold RMS contrast for letter detection and recognition from the 

model which used the empirical csf used in chung and tjan (2009). Each mean 

threshold is based on 100 thresholds, each obtained from a staircase procedure using 

50 reversals. 
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Appendix I. Critical bandwidth estimates 

 

 Critical bandwidth (CPL) Maximum visual span size (bits) 

S1 1.35 54.88 

S2 1.48 52.75 

S3 1.29 58.99 

S4 1.28 60.75 

S5 1.45 57.12 

S6 1.31 57.90 

S7 1.39 54.36 

Mean 1.37 56.68 

SEM 0.03 1.06 

 

Table I.1. Critical bandwidths yielding maximum visual span size 

 

 Critical bandwidth (CPL) Maximum RSVP reading speed (wpm) 

S1 1.27 779 

S2 1.57 683 

S3 1.27 771 

S4 1.30 1124 

S5 1.33 643 

S6 1.31 947 

S7 1.32 658 

Mean 1.34 801 

SEM 0.04 66.51 

 

Table I.2. Critical bandwidths yielding maximum reading speed 
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Appendix J. Regression analysis 

 

 Slope Intercept r r2 

S1 0.02 1.73 0.99 0.98 

S2 0.02 1.90 0.80 0.64 

S3 0.02 1.52 0.98 0.96 

S4 0.02 1.67 0.98 0.95 

S5 0.02 1.56 0.98 0.96 

S6 0.02 2.04 0.98 0.95 

S7 0.02 1.90 0.99 0.99 

Mean 0.02 1.76 0.96 0.92 

SEM 0.001 0.07 0.02 0.05 

 

Table J.1. Parameter values from the regression analysis of RSVP reading on the size 

of the visual span, Correlation Coefficient, and r squared  

 

 Slope Intercept r r2 

S1 -59.88 77.43 -0.97 0.95 

S2 -40.82 63.77 -0.99 0.99 

S3 -47.06 73.18 -0.99 0.99 

S4 -111.47 93.70 -0.98 0.95 

S5 -27.37 53.92 -0.99 0.99 

S6 -57.92 85.25 -0.99 0.98 

S7 -52.08 65.38 -0.9985 0.9971 

Mean -56.66 73.23 -0.99 0.98 

SEM 10.04 5.13 0.0038 0.01 

 

Table J.2. Parameter values from the regression analysis of the size of the visual span 

on the contrast ratio, Correlation Coefficient, and r squared  
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 Slope Intercept R r2 

S1 -1.49 3.56 -0.98 0.97 

S2 -1.41 3.83 -0.87 0.76 

S3 -1.15 3.27 -0.98 0.96 

S4 -2.47 3.76 -0.94 0.89 

S5 -0.72 2.86 -0.95 0.90 

S6 -0.94 3.42 -0.95 0.89 

S7 -1.01 3.12 -0.9977 0.9953 

Mean -1.31 3.40 -0.95 0.91 

SEM 0.22 0.13 0.02 0.03 

 

Table J.3. Parameter values from the regression analysis of RSVP reading speed on 

the contrast ratio, Correlation Coefficient, and r squared 

 

 


