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1 Introduction 

Motion detection is a specialised and an elementary ability of the visual system across a 

wide cross-section of the animal kingdom. The sensation of motion, like colour, contour 

and depth, heightens the prominence of objects and enables animals to distinguish objects 

from their surroundings. For example insects can freeze and blend into their surroundings 

to avoid being spotted by predators, but the moment they begin to move, their presence 

becomes obvious - motion provides vital information about the presence of a creature 

which was previously indiscernible. 

The study of apparent motion: The mystery surrounding the perception of motion 

dates back to as early as 500 BC to Zeno of Elea, a Greek  mathematician and philosopher 

(Salmon, 1970). He proposed that motion was “the perception of objects, memory of 

their position and delusion”.  This view was held until the late 19th century when it was 

contested by Exner (1888). He showed that two brief and stationary flashes presented in 

an alternating fashion were seen as a single object in motion indicating that memory 

cannot be the source of perceived motion. This phenomenon of a compelling percept of 

motion in the absence of corresponding physical or optical motion in the stimulus is 

known as apparent motion. The phenomenon of apparent motion was intensely and 

systematically studied by Max Wertheimer (1912) using electric sparks of light and 

manipulating a variety of stimulus parameters. Modern day television, cinema and visual 

displays rely on this illusory phenomenon of apparent motion; where individual “frames” 

(completely static images) flashed at an appropriate rate simulate realistic motion.  
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Random dot kinematograms in the study of apparent motion: Apparent motion 

has been widely studied in recent times employing a variety of stimuli such as lines, 

gratings, bars, spots, etc (Nakayama, 1985, for review). One such stimulus is the Random 

Dot Kinematogram (RDK). RDKs are arrays of dot images or patterns, composed of 

randomly positioned elements, usually black and white. These images when presented in a 

sequence create an impression of motion. A directional sense can be added to this percept 

by a unidirectional displacement of all, or a proportion of, the dots between adjacent 

images. Under appropriate conditions this stimulus can produce a percept of movement in 

the direction of displacement, and this is known as coherent visual motion. Though the 

physical displacement is discrete and instantaneous, the sensation is that of smooth 

motion.  

Initially random dot patterns were devised as stereoscopic stimuli to study depth 

perception in humans (Julesz, 1960).To stimulate the sensation of depth, the stimulus was 

constructed with a pair of random dot patterns, with a uniformly displaced central region 

in one of the patterns. These pairs, known as random dot stereograms, when viewed 

binocularly (each eye simultaneously viewing one of the patterns), stimulated retinal 

disparity, causing the central displaced region to appear to lie in a different depth plane 

from the surround. In spite of individual patterns carrying no information of depth on 

their own, viewing the pair of patterns simultaneously resulted in the perception of depth 

that persisted over a range of binocular disparities. Later it was demonstrated that these 

random dot stereograms could be used to create a percept of apparent motion as well 

(Anstis, 1970; Julesz & Payne, 1968). To elicit apparent motion with random dot patterns 

the right and left halves of the original stereogram devised by Julesz (1960) were spatially 

superimposed, monocularly with the two halves alternating temporally (Figure 1-1). In 

the resulting percept the central displaced region in the stereogram appeared to oscillate. 
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Figure 1-1: Illustration of a RDK pattern. The central region (outlined by a red rectangle) in the pattern in 
Field 1 is displaced to the right in Field 2. When presented sequentially, at a certain rate of alternation this 
displaced region will stimulate a perception of apparent motion. The outlined red rectangle is for illustration 
only and in the actual stimulus the entire field appears homogenous.  

Conventionally, RDKs are paired random dot fields, and each field usually comprises 50% 

white and 50% black dots, though this percentage can be altered to suit the needs of 

underlying investigation. Each field is identical to its counterpart except for a uniform 

horizontal or vertical displacement between fields. These uniformly displaced fields of 

RDKs do not convey motion information on their own or when they are stationary, but 

create a subjective impression of apparent motion only when presented sequentially at an 

appropriate rate. RDKs can be presented in any number of fields, but in this thesis they 

are always 2-field RDKs, presented without any interval (Inter stimulus interval; ISI) 

between the two fields. The motive for using 2-field RDKs without an ISI is explained in 

the Methods section in Chapter 3. 

One of the essential attributes of RDKs is that they isolate motion sensitivity from 

position/form sensitivity because, the array of random dots precludes the detection of 

motion by merely remembering the position(s) of dots in the first field and tracking these 

in subsequent fields (Nakayama & Tyler, 1981). This isolation of motion from position 

sensitivity was important because it addressed the ambiguity surrounding the 

interpretation of results from previous studies of apparent motion. In classic apparent 

Field 1 Field 2 
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motion (Exner, 1888, Wertheimer, 1912) when a single object was presented 

sequentially in two spatial positions, the object was perceived to oscillate between the two 

points, but it was not clear if the percept was based on sensing positional change or by 

sensing motion. 

Popular measures of performance in motion detection 

• Dmax 
• Dmin 
• Coherence thresholds 

Performance of the visual motion system is quantified by three popular measures, namely 

Dmax, Dmin and Coherence thresholds. All three have attracted substantial research 

using RDKs over the past several decades but Dmax seems to be the most explored among 

them. The term Dmax was first proposed by Braddick who defined it as the maximum 

spatial displacement for which the direction of motion can be reliably detected in RDKs 

and measured Dmax to be 15 arcmin (Braddick, 1974). Dmin is known as the minimum 

spatial displacement required for discriminating the direction of motion reliably in RDKs, 

and Nakayama and Tyler carried out the earliest investigations related to Dmin and found 

it to be in the order of 20 arc sec in RDKs (Nakayama & Tyler, 1981). Coherence 

threshold is the smallest proportion of dots that needs to be uniformly displaced 

between fields for motion to be detected reliably, the remaining dots being plotted 

randomly in each field. In RDKs, coherence is normally expressed as the percentage of 

dots that are displaced in the same direction between fields. For example in a RDK with 

100 dots, 80% coherence would mean 80 of the randomly positioned first field dots move 

in a common direction and the remaining 20 dots are replaced by randomly positioned 

dots in the second field (Newsome & Pare, 1988). Psychophysically estimated coherence 

thresholds are in the range of 5 – 10% coherence with multi-sequence random dot 

displays both in macaques and in humans (Britten, Shadlen, Newsome & Movshon, 1992), 
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about 25% in rodents (Douglas et al., 2006)  and between 20-50% with 2-field RDKs in 

humans (Barlow & Tripathy, 1997). 

Whether the measure of performance is Dmax, Dmin or coherence threshold, to extract 

the direction of motion in RDKs, the visual system must employ some mechanism for this 

purpose. With regards to RDKs a simple way to extract motion would be to remember 

the position of a given dot in the first field, recognise the same dot after it has moved by a 

particular distance in the subsequent field, and use this match between the two dots and 

their respective positional information to infer the direction of motion. This ‘finding a 

match’ or ‘detecting correspondence’ between a pair of dots in the fields is a prerequisite 

for motion detection. But given the abundance of dots in the random dot field, the scheme 

of matching individual dots across fields is unrealistic and impossible for the visual system. 

Hence the visual system faces a fundamental ‘motion correspondence problem’ and this 

problem applies in general to apparent motion (Attneave, 1974; Kolers, 1972). In RDKs, 

given the abundance of dots, the motion correspondence problem appears to be statistical 

in origin. From a statistical point of view potential pairing of the dots across RDK fields 

can occur between any dot in the first field and any dot in the second field. The major 

consequence of these potential pairings is the loss of directional sense, because the 

resulting motion vectors would be in several directions whilst the actual motion is in a 

particular direction. In RDKs, there exist no exclusive schemes to solve the 

correspondence problem, but most researchers acknowledge that there must be some 

passive correlation process that helps establish the appropriate correspondence and assists 

in detecting the direction of motion (Braddick, 1974). 
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Basic models of motion perception 

• Correspondence based models (also known as Correlational models) 
• Motion energy based models 
• Gradient models 

Solving the motion correspondence problem is central to detecting motion in RDKs. This 

problem can be solved using a correlational based approach (Reichardt, 1961), a spatio-

temporal motion energy based approach (Adelson & Bergen, 1985) or a spatio-temporal 

gradient based approach (Marr & Ullman, 1981). The authors also discuss the 

mathematical equivalence for modelling human motion detection in their respective 

studies. The current dissertation addresses the correspondence problem from the 

perspective of correlation models, i.e., finding the dot displacement that maximises the 

correlation between one frame and the next. But the same problem could have been 

addressed using the space-time orientation corresponding to the maximum energy in the 

Fourier domain. For the remainder of the dissertation a correlational approach is 

favoured, because it is more intuitive and easier to visualize.  

Classification of models based on motion correspondence  

• Long range motion 
• Short range motion 

The studies that formally acknowledge the presence of the correspondence problem can 

be further classified into studies of long-range (Ullman, 1979) and short-range apparent 

motion (Braddick, 1974). The distinction between short-range and long-range motion 

processes has been highlighted by Braddick (Braddick, 1980) and is summarised in Table 

1-1. Long-range motion perception is believed to operate by establishing correspondences 

between ‘high-level’ visual image features such as edges, textures and contours over 

extended spatial ranges, generally to the order of several degrees. The salient features of 

long-range motion perception are that it can be elicited even with dichoptic stimulation, it 
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is sensitive to relatively large displacements, slow alternation rates and isoluminant 

stimuli, and it does not produce a motion after-effect. It appears to utilize information 

after it is integrated from the two eyes and is therefore ‘more central’ in origin. In 

contrast, the short-range process is relatively sensitive to short displacements and rapid 

alternation rates and is insensitive to isoluminant coloured stimuli and dichoptic 

stimulation. It is also dependent on low-level parameters like luminance, displacement 

and ISI (Braddick, 1974). This dichotomy in the phenomenon of motion perception 

provided a theoretical framework for research in apparent motion perception in the years 

to follow. 

 Long-range motion Short- range motion 

Displacement size Large Small 

Alternation rates Slow Rapid 

Eye preference Monocular and binocular Monocular 

Responses to isoluminant stimuli Yes No 

Motion after effects Yes No 

Table 1-1: A summary of typical differences between long range and short range motion process (Braddick, 

1974).  Though these differences were later questioned, this dichotomy is still used in motion literature.  

 The dichotomy of the motion detection process got blurred with a series of studies where 

the short- range and long- range distinction was re-evaluated. It was shown that short-

range motion could be elicited for coloured stimuli (Cavanagh et al., 1985) and for 

dichoptic presentation (Shadlen & Carney, 1986). Similarly, long-range motion was 

shown to produce motion after-effects (von Grunau, 1986). These newfound similarities 

between long-range and short-range motion led to the conclusion that long-range motion 

may not be a well-defined category of motion perception (Cavanagh, 1991; Cavanagh and 

Mather 1989). Most of these later studies agreed that the characteristics of the short-range 
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motion process were mainly due to the properties of the RDK sequences used by Braddick 

(1974). 

It was suggested that motion perception be classified on the qualitative differences in the 

stimuli viz., first order differences (luminance and colour), second order differences 

(texture) (Chubb and Sperling, 1988; Cavanagh & Mather, 1989) or based on feature 

tracking systems (Lu & Sperling, 1995). Nevertheless, the short-range, long-range 

terminology is still adopted in visual motion research literature. 

In RDKs, investigators have proposed various models to explain their results on the limits 

of motion perception viz. Dmax, Dmin and coherence thresholds. Though they employed 

a diverse range of stimuli, the underlying principles of the models can be broadly grouped 

under three categories. 

Proposed principles for the measures of performance in apparent motion 

• Physiological or Spatial limit 
• Spatial frequency limit 
• Informational Limit 

Physiological or spatial limit for apparent motion: Braddick (1974), in his 

original experiments, found that in RDKs directional motion could not be reliably 

perceived for spatial displacements larger than 15-arc min. This finding was not consistent 

with the classical two-element studies of apparent motion where motion could be 

detected for displacements to the order of several degrees (Wertheimer, 1912). Braddick 

recognised that this difference could be due to the presence of a large number of “false 

targets” in an RDK compared to two-element stimuli and sought to decrease the number 

of false targets by using fewer but larger dots to fit into the existing aperture size of the 

RDK stimulus. Still, the upper limit to the spatial displacement with reliable motion 

percept remained constant at 15 arcmin. This led Braddick to associate Dmax with the 
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spatial extent of the motion detectors, contending that the largest motion detectors were 

of the order of 15 arcmin. The observations of Braddick (1974) were later refuted and 

will be addressed towards the end of this chapter and detailed in Chapter 3.  

Early studies of Dmin include its measure by Stratton (1902) and then by Graham et al 

(1948). The experiments were generally based on relative motion and motion parallax 

and used simple stimuli like a pair of needles or illuminated points. Though they obtained 

thresholds in the region of 4 – 6 arcsec, they could not clearly isolate position sensitivity 

from motion sensitivity. The earliest investigations to measure the absolute minimum 

displacement threshold using RDKs was carried out by Hadani et al (1980). They found 

minimum displacement in the region of 7 – 14 arcsec and recognised this value as a 

hyperacuity1. Nakayama and Tyler (1981) derived a spatial limit for Dmin from velocity 

measurements in RDKs. Their RDK contained horizontal stripes, with patterns in 

adjacent strips oscillating horizontally in opposite directions. The horizontal velocity and 

the direction of motion of the dots followed a sinusoidal profile in the vertical plane, in 

that the stimulus when viewed as a whole appeared to be a standing wave of shearing 

motion parallel to the direction of the stripes. By varying the width of the stripes of the 

shearing motion stimulus they estimated Dmin to be about 10 – 20 arc sec. Using the 

most sensitive temporal frequency response obtained whilst altering the width of the 

stripes, in another experiment they varied the spatial frequency of the pattern (stripe 

amplitude) and inferred that motion receptive fields in the foveal region could be as large 

as 2 

                                                 
1 Hyperacuity is defined as the precision of visual detection sense that is beyond the anatomically possible 
resolution limit. For example in humans, hyperacuity of 5-arc sec are common, which translates to about 
1/5th of the diameter of the smallest foveal cone. [Westheimer, G. (1979). Spatial Sense of the Eye - Proctor 
Lecture. Investigative Ophthalmology & Visual Science, 18 (9), 893-912.] 

degrees. 
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van Doorn and Koenderink (1982) inferred a similar physiological limit for Dmin. In one 

of their experiments, the RDK was divided into horizontal stripes so that alternate strips 

contained vertical moving patterns of the same magnitude. The RDK pattern was 

superimposed with uncorrelated noise pattern. The motion in any two adjacent stripes of 

the RDK was in opposite directions. In this experiment the observer was required to 

increase the superimposed noise for various widths of the horizontal stripes until the 

percept of motion broke down. They contended that the percept of motion would cease 

when the motion input to the bilocal correlator was dissociated, and the corresponding 

width of the stripe reflected the span of the bilocal detector. The smallest span sensitive to 

such moving patterns was in the region of 2-arc min. 

The differences in the absolute threshold for Dmin (Hadani et al 1980, 7 – 14 arc sec; 

Nakayama and Tyler 1981, 10 –20 arc sec) and the estimates of receptive field sizes (van 

Doorn and Koenderink 1982, 2 arc min and Nakayama and Tyler 1981, 2 deg) reflect the 

result of their individual stimulus conditions viz. lateral motion versus shearing motion; 

velocity based estimation versus superimposed noise based estimation, and are not 

contradictory to each other. The influence of stimulus conditions on the observed 

thresholds is dealt with later in this section. 

Spatial frequency limit for apparent motion: Baker and Braddick (Baker & 

Braddick, 1982) observed an increase in Dmax by blurring unfiltered RDKs. Later Chang 

and Julesz (Chang & Julesz, 1983) quantified the effect of blurring on Dmax in RDKs. 

They studied Dmax with spatially filtered RDKs. They filtered the stimulus to produce 

three images, comprising a narrow band of spatial frequencies either in the high, medium, 

or low frequency region.  The RDKs had motion in the four possible orthogonal 

directions and the observer was required to report the direction of motion. Dmax was 
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determined for these three categories of filtered stimuli. The results showed that in 

central vision Dmax was 18 arcmin for a pattern with low spatial frequencies, 8.3 arcmin 

for medium frequencies and 5 arcmin for high frequencies. The rapid decrease of Dmax 

with the increase in the centre frequency of the filtered image is the striking feature of this 

study. Dmax was also shown to increase up to 18 arcmin when the RDKs were 

increasingly blurred, compared to a Dmax of 12.5 arcmin in the non-filtered version of 

the same stimulus. They argued that the human visual motion detection mechanism is 

either spatially tuned to low spatial frequencies or independent channels process the 

differently filtered RDKs, with each channel reflecting its own spatial limit.  

The finding that the visual system is unable to exploit the low spatial frequency 

information in the broadband stimulus (unfiltered RDKs) and the evidence that a short-

range process operates through a set of spatial frequency tuned channels raises the 

question: which of these channels signal motion in a broadband stimulus? Cleary and 

Braddick (1990a) provide evidence of the masking of the low spatial frequency 

information within the short-range process by higher frequencies in the stimulus. Their 

results showed an increased Dmax with a spatially low-pass image (upper cut-off 

frequency of 0.89 c/deg), compared to the Dmax values with the unfiltered image. Using 

one-dimensional sine wave gratings, Bischof and Di Lollo (1990) showed that Dmax was 

higher for low spatial frequency sine wave gratings than for high spatial frequency ones. In 

one experiment they tested different spatial frequencies in the range 0.125 – 6 c/deg, and 

the corresponding Dmax values varied approximately between 2 deg and 0.15 deg. In 

another experiment they filtered a RDK using different centre frequencies over the range 

0.75 –12 c/deg, and compared the resulting values of Dmax and showed that Dmax 

varied inversely with the centre frequency. All these studies argued that motion could be 

seen over a wide range of spatial frequencies, but their spatial frequencies determined 
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their Dmax. They reiterated that there is no absolute spatial limit but multiple channels 

are present, each with its individual spatial limit. 

The spatial frequency limit is similar to the spatial limit in that it extends the idea of a 

single spatial scale to the presence of multiple motion detectors at different spatial scales, 

operating independently of each other. In effect, these studies collectively suggest that 

Dmax reflects the spatial tuning characteristics of the multiple channels in the motion 

detection system (Cleary & Braddick, 1990a; b). 

The spatial frequency limit, supporting the presence of low spatial frequencies in the 

stimulus to be responsible for increase in Dmax was rejected in a study by Eagle and 

Rogers (1996). They filtered the RDK pattern to get rid of the low spatial frequencies in 

the stimulus but did not find a change in Dmax.  Dmax was still about 70 arcmin despite 

the absence of low spatial frequencies. They inferred that filtering reduced the dot density 

in the image and hence it was the dot density, and not the spatial frequency content, that 

was the critical factor that determined Dmax. Similarly Morgan et al (1997) experimented 

with various sizes of dots, maintaining the dot density of the pattern as a constant. They 

too filtered the RDK patterns to get rid of the low spatial frequency information. Dmax 

remained stable for small element sizes and thereafter a continuous increase with increase 

in element size (>12 arcmin) despite the absence of low spatial frequencies was observed. 

This study concluded that dot size in the RDKs determined Dmax and not the low spatial 

frequencies.  

Informational limit for apparent motion: According to this approach, the popular 

measures of motion detection are mediated by the informational content of the stimulus. 

The informational content is influenced by a number of stimulus parameters that could 

independently or collectively facilitate or inhibit the percept of motion. This can be 
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intuitively illustrated as follows: In RDKs, the detection of motion is hampered by the 

correspondence problem and increasing the number of elements in the RDK field 

compounds the problem. A decrement or increment in the number of elements in the 

stimuli would amount to altering the informational content of the stimulus. Similarly, 

performance is influenced by a number of stimulus attributes in RDKs among which are 

the size of the dots, the spatial extent of the RDK field, etc. The influence of these 

stimulus attributes on performance will be discussed in the following paragraphs. 

As opposed to the spatial limit and the phase (spatial frequency) limit hypothesis for 

motion detection, the hypothesis of an informational limit for motion detection is usually 

based on the suggested or the derived results of some initial studies that were carried out 

for a different purpose. At this point, readers not familiar with the concept of 

correspondence noise may find it useful to make a detour to Chapter 2 before proceeding 

with the next few paragraphs which deal with the literature review for information limit 

in motion detection. In Chapter 2 the concept of correspondence noise is explained with 

examples and will help the readers readily understand the findings of previous studies 

from the noise perspective.   

The earliest study relating informational limit to motion detection in RDKs was put forth 

by Lappin and Bell (1976); they presented evidence that the upper displacement limit to 

motion detection in RDKs was determined by the number of elements in the display and 

their inter-element separation.  In one of their experiments, they used a smaller patch (2 

deg2) with closer spacing between adjacent dots (approx 3 arcmin) and displaced the RDK 

pattern by 7.5 and 11.25 arcmin. In their next experiment they doubled the spacing 

between the dots (approx 7 arcmin), increased the displacement of the pattern to 15 and 

22.5 arcmin with a larger patch size (4 deg2). They measured the error rates for direction 
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discrimination for small and large displacements for both spacing for the smaller and 

larger patch sizes. They found that performance for 7.5 and 15 arcmin, and for 11.25 and 

22.5 arcmin displacements were roughly equivalent. The displacement combinations 

grouped above correspond to displacement sizes in the smaller and larger patches 

respectively. They concluded that increasing the dot spacing improved performance and 

argued that dot spacing was a determinant for the upper displacement limit rather than a 

constant spatial displacement as proposed by Braddick (1974). One of the drawbacks of 

Lappin and Bell’s study was, when they increased the spacing between the dots in their 

second experiment, they also had to increase the patch size. Since the dot numbers were 

the same for both the patch sizes (288 dots), the density was lower for the larger patch 

compared to dot density in the smaller one. This mismatch of dot density levels in their 

experiments was pointed out by Baker and Braddick (1982). They suggested that since in 

each of the experiments in Lappin and Bell’s (1976) study parameters like the patch size, 

the spacing between the dots, and a larger ISI of 300msec (as opposed to Braddick’s 

(1974) ISI of 10msec) could have indirectly contributed to the improvement in 

performance. They carried out a detailed investigation by varying the dot density over a 

range of 1%- 50%, for a 2-frame RDK with a patch size of just above 1 deg2

There were a string of studies, which contested the invariance of Dmax with dot density. 

Using larger patch sizes of up to 9 deg

, and found 

that Dmax was independent of dot density over the tested range. 

2 or by decreasing the dot density below 1%, 

Ramachandran and Anstis (1983) obtained Dmax exceeding 1 degree. Cavanagh et al 

(1985) examined the relationship between the Dmax and element size in RDKs. They 

studied Dmax for a wider range of dot sizes (between 7 x 7 arc min to 1.7 x 1.7 deg) for a 

moving pattern having an area of 10 deg2. The results revealed an element size dependent 

relationship for Dmax. The Dmax for small dot sizes was about 15-arc min and showed a 
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steady increase up to 2 deg (for largest element size 1.7 x 1.7 deg). A similar finding was 

reported by Sato (Sato, 1990) for dot densities as low as 0.1% with a patch area of about 

10 deg2 and by Morgan (Morgan, 1992) with dot sizes in the range of 1-72 arcmin with a 

patch area of about 5 deg2

It is important to note that in all the studies where Dmax was reported to be invariant 

with varying dot density, the element sizes were about 10 arcmin and patch sizes were less 

than 2 deg

. 

2 (Baker & Braddick, 1982, Braddick, 1974), and in all the studies where Dmax 

was reported to be dependent on dot density, the dot sizes were large (Cavanagh et al., 

1985; Morgan, 1992; Sato, 1990), or the dot density was low (Ramachandran & Anstis, 

1983) or the patch size was large (Lappin & Bell, 1976). For example Sato (1990) used 

dots sizes up to 60 arcmin and patch sizes of about 10 deg2

A detailed investigation of the effects of dot density and patch size was carried out by 

Eagle and Rogers (1997). They studied Dmax as a function of wide ranges of dot densities 

(0.025 -50%) and patch sizes (1.6 - 25.4 deg

. 

2

In all of the studies discussed above a consistent finding  is that Dmax increases when the 

dot size is increased beyond 10 arc min (Morgan & Fahle, 1992; Sato, 1990), or when the 

dot density is decreased (Eagle & Rogers, 1997). This can be readily reconciled with the 

studies based on the spatial frequency limit hypothesis, because band pass filtering 

indirectly affects the pattern dot density. A common factor in all these diverse studies is an 

improvement in performance brought by reducing the number of elements in the RDK 

) with a dot size of 6 x 6 arcmin. The overall 

picture was that Dmax increased as the density was decreased or as the patch area was 

increased. Their results were consistent with previous findings that Dmax continued to 

increase with increases in the patch size (Baker & Braddick, 1982; Chang & Julesz, 1983; 

Nakayama & Silverman, 1984).  
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pattern. It must be emphasised that merely reducing the dot density in a very dense RDK 

pattern does not cause Dmax to increase. This is probably because at high densities the 

inter-element spacing (spacing between the dots) is not greatly affected by a small change 

in dot density. Or in other words, the probability of false pairing in the two stimuli was 

relatively same and hence did not affect the Dmax. For example Braddick (1974) used 

three different element sizes in dense RDKs (50% dot density), but always ended up with 

the same Dmax.  A similar account of a constant Dmax was given by Baker and Braddick 

(1982), by manipulating dot densities over a much larger range (1% - 50% dot density). 

Though both the studies report a constant Dmax encompassing a broad range of dot 

densities, the patch size used in the former on was about 9 deg2 and in the latter one it was 

about 1 deg2

The trend of Dmax increasing with the use of low dot densities is observed particularly at 

very low dot densities. For example Eagle and Rogers (1997) obtained Dmax of greater 

than 3 degrees with a low dot density of 0.025%. This is possibly because the inter-

element spacing is large owing to the low density and the large patch size (25 deg

. The small patch size in the latter study could have limited the extent of 

displacement sizes that could be tested. 

2

The way in which the above-mentioned studies minimize correspondence noise can be 

explained as follows: Consider the experiments that investigated the effect of increasing 

dot size on Dmax. When the dot size was increased, to accommodate the larger sized dots 

). Such 

increases in Dmax are probably achieved by decreasing the probability of false 

correspondences (i.e. by decreasing correspondence noise). A decrease in the level of 

correspondence noise is reflected as an improvement in performance and a subsequent 

improvement in Dmax. The later studies utilizing large dot sizes, low dot densities and 

large patch sizes precisely capture this effect. 



 20 

within the same stimulus aperture, the number of dots in the stimulus had to be reduced 

thereby decreasing the probability of mismatches. Experiments that investigated the effect 

of stimulus aperture size (patch size) on Dmax found that Dmax increased with increase in 

the patch size. Any increases in patch size keeping the number of dots and the dot size in 

the stimulus a constant would render the random dot field sparser (i.e. reduced the dot 

density in the stimulus) and this would led to a simultaneous decrease in the probability of 

false pairing as before. Studies that investigated the spatial frequency selectivity for Dmax 

in RDKs found that Dmax increases rapidly with increase in low frequency content in the 

stimulus. In this case when the RDKs were low pass filtered the filtering process merges 

closely spaced dots into blobs, resulting in a coarse field of random blobs, with a 

consequent decrease in the number of blobs or elements in the stimulus. 

Whilst most of the studies mentioned above involving motion detection or discrimination 

thresholds generally agree that performance remains unchanged at high dot densities, and 

steadily increases with decreasing dot densities; a few studies on random dot displays 

report that low dot density has little effect on performance in the motion detection tasks. 

For example at low coherences using dot densities between 10-167 dots/deg2 over a large 

area of 25 deg2

This dot density invariance is in conflict with the models of motion detection put forth by 

Morgan (1992) and Eagle & Rogers (1997). The conflict arises because the models, which 

hold dot density as a critical variable for changes on displacement thresholds, rely on the 

, Downing & Movshon (1989) found that motion thresholds were 

independent of dot density. Similar results were reported by other investigators using 

sparser random dot displays Watamaniuk (1993), Watamaniuk et al (1995) and Barlow & 

Tripathy (1997). One possible explanation for the observed dot density invariance could 

be a relatively constant correspondence noise across the range of dot densities tested. 
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spacing of elements in the filtered image. Accordingly the increase in spacing of the 

elements in the RDK stimuli at low densities helps in extending the value of Dmax. The 

results of Morgan (1992) and Eagle and Rogers (1997) in the low dot density region could 

be explained if the visual system deployed a tracking strategy to follow individual dots 

given the extremely low density or the large size of the dots. Or, an invariant Dmax can 

be convincingly explained if the magnitude of false pairing is shown to remain a constant 

across all the dot densities investigated. This interpretation is analogous to the 

correspondence noise based explanation Barlow and Tripathy (1997) offer in their 

investigation on the effect of dot density on coherence thresholds, where coherence 

thresholds are shown to be constant across a wide range of dot densities. 

In all, the noise generated by false correspondences (will be mentioned as correspondence 

noise hence forth) seems to be an important factor influencing displacement thresholds. 

Barlow and Tripathy (1997) thoroughly investigated the role of correspondence noise as a 

limiting factor in the detection of coherence thresholds. The theoretical prediction of the 

influence of correspondence noise was based on the statistical relationship between the 

probability of pairing occurring in the presence of signal (signal pairs) and the probability 

of pairing occurring in the absence of a signal (noise pair), with a given number of dots 

(i.e. dot densities) over a defined stimulus area. The magnitude of noise was 

experimentally controlled by altering the signal to noise ratio in the stimulus by changing 

the proportion of coherently moved dots. Theoretically they predicted that if 

correspondence noise was a limiting factor then coherence thresholds should not be 

affected by changes in dot density. Psychophysical measurements of coherence thresholds 

across a wide range of dot densities (1.7 – 111 dots/deg2) for three observers found 

thresholds to be roughly the same across all the dot densities tested. 



 22 

At this stage, retrospectively one can intuitively interpret the observed phenomenon of 

motion detection in terms of the correspondence noise hypothesis. With the help of 

simulations, preliminary investigations by Tripathy and Barlow have shown that Dmax and 

Dmin could also be limited by correspondence noise (Tripathy, 2002; Tripathy & Barlow, 

2001). Until now Dmax, Dmin and coherence thresholds were always tested and 

explained independently of each other, giving an impression that these measures are 

fundamentally unrelated. 

Though much less work has been done on studying Dmin using RDKs, there is 

considerable variation in the estimate of Dmin (Nakayama & Tyler, 1981, van Doorn & 

Koenderink, 1982). One study estimates the separation between the bipartite receptive 

fields2

This thesis will investigate the influence of correspondence noise on Dmax and Dmin, 

psychophysically. This requires replication of some experiments from earlier research, to 

approximately compare thresholds and the devising of novel experiments, so that Dmin 

and Dmax can be obtained with the same stimulus. In the second stage a simple ideal 

observer motion detection model based on correspondence noise and receptive field 

geometry is presented. The performance of the model will be compared to the 

psychophysical results obtained earlier. For the purpose of the thesis psychophysical 

 of the local detector for Dmin to be of the order of 2 degrees and the other 

estimates it to be of the order of 2 arcmin. Van Doorn & Koenderink (1982) estimated the 

size of the motion detectors to be of the order of 2 degrees by superimposing a noise 

pattern on the stimulus. The superimposed noise was not quantified and hence could have 

falsely increased the thresholds. Just as for Dmax, the choice of stimulus parameters 

affects the estimation of Dmin. 

                                                 
2 Please refer to Reichardt (1961) for a detailed explanation of bipartite receptive fields of a local motion 
detector. An explanation of a modified version of the Reichardt detector can be found in chapter 5. 
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comparison with the ideal observer will be limited to Dmax alone. This will help to 

extend our understanding of the role of correspondence noise in the functioning of the 

human visual motion detection system. 

The cortical basis of motion perception 

The purpose of this section is to provide basic background knowledge of the 

neurophysiology of the visual motion pathway. The motion vision pathway originates in 

the parasol ganglion cells of the retina and continues through cortical areas V1 and MT. 

The parasol ganglion cells project to specialised area known as the magnocellular layers 

(two layers) of the Lateral geniculate nucleus (LGN) of the thalamus. The other group of 

layers is known as the parvocellular layers (four layers) and is thought to mediate colour 

vision.  The LGN re-organises and segregates the input from the eyes and acts as a relay 

centre between the retina and the visual cortex. The magnocellular cells in the LGN are 

characterised by large receptive fields, high contrast sensitivities, fast conduction 

velocities, rapid responses and gross wavelength insensitivity and hence suitable for 

transmitting motion information (Merigan and Maunsell, 1993 for a full review of 

physiological properties). Neurons of the LGN send their axons through the optic 

radiations, to the primary visual cortex also known as the striate cortex. The primary 

visual cortex is located in the most posterior portion of the occipital lobe (Figure 1-2). 

The primary visual cortex is divided into six functionally distinct layers, labelled 1 through 

6. Layer 4, which receives most visual input from the lateral geniculate nucleus (LGN), is 

further divided into 4 layers, labelled 4A, 4B, 4Cα, and 4Cβ. Sublamina 4Cα receives 

most magnocellular input from the LGN, while layer 4Cβ receives input from 

parvocellular pathways (Hubel & Wiesel, 1972; Fitzpatrick et al., 1985). 

http://en.wikipedia.org/wiki/Lateral_geniculate_nucleus�
http://en.wikipedia.org/wiki/Magnocellular_part�
http://en.wikipedia.org/wiki/Parvocellular_pathway�
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V1 transmits information to two primary pathways, called the dorsal stream and the 

ventral stream (Ungerleider and Mishkin, 1982) dorsal stream: The  begins with V1, goes 

through Visual area V2, then to Visual area MT (also known as V5) and to the posterior 

parietal cortex. The dorsal stream is associated with motion, representation of object 

locations, and control of the eyes and arms, especially when visual information is used to 

guide saccades (Goodale & Milner, 1992). ventral stream The  begins with V1, goes 

through visual area V2, then through visual area V4, and to the inferior temporal cortex. 

The ventral stream is associated with form recognition and object representation. It is also 

associated with storage of long-term memory.  

 

Figure 1-2: Anatomical relationship of the various motion visual pathway components. The dorsal (blue 
arrow) and the ventral (green arrow) are also shown. (Image courtesy: thebrain.mcgill.ca) 

A major chunk of image motion processing takes place in area V1. This is the area in the 

brain where cells specifically sensitive to directional motion are found (Hubel & Wiesel 

1959). The V1 is further divided into groups of simple cells and complex cells based on their 

response to various stimuli. A simple cell responds primarily to oriented edges and 

gratings (particular orientations). A complex cell is the most common cell type in the 

striae cortex.  

http://en.wikipedia.org/wiki/Dorsal_stream�
http://en.wikipedia.org/wiki/Posterior_parietal_cortex�
http://en.wikipedia.org/wiki/Posterior_parietal_cortex�
http://en.wikipedia.org/wiki/Saccade�
http://en.wikipedia.org/wiki/Ventral_stream�
http://en.wikipedia.org/wiki/Inferior_temporal_cortex�
http://en.wikipedia.org/wiki/Long-term_memory�


 25 

 

Figure 1-3: Anatomy of the motion pathway. The signals from the retina follow a discrete pathway traced 
through magnocellular layers of the LGN and through area V1 to area MT. There exist reciprocal 
connections between the various cortical areas, but are not shown in the above illustration. The parallel 
pathway of the midget ganglion cells in the retina (sub-serving colour and form sense, depicted in blue 
colour) through the LGN to the cortex is also outlined for the purpose of completeness.   

Complex cells rarely respond to stationary spots, will respond primarily to moving lines 

or edges, often specific to a particular direction of motion and have larger receptive fields 

compared to simple cells. Approximately 25% of the V1 cells are direction-selective and a 
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majority of these cells project to various other areas of the visual cortex, most 

prominently to the middle temporal area (MT) (Hawken et al., 1988). MT is thought to 

play a major role in the integration of local motion signals into global percepts and the 

guidance of some eye movements (Born & Bradley, 2005). A large portion of the MT cells 

are known to be tuned to direction and speed (Dubner & Zeki, 1971; Maunsell & Van 

Essen 1983). Several studies have demonstrated that neurons in MT are capable of 

responding to visual information, often in a direction-selective manner, even after V1 has 

been destroyed or inactivated (Rodman et al., 1989). Similarly there is evidence that 

despite the presence of an intact V1, certain visual information could first reach MT 

before V1 (Zeki, 1974). The role of MT in motion perception is also supported by lesion 

studies where patient with damage to this brain area reported seeing static sequences 

instead of smooth motion (Zihl et al., 1983; Hess et al., 1989; Baker et al., 1991). 

Area MT is also known to posses two distinct categories of cells namely the pattern-selective 

neurons and the component-selective neurons (Movshon et al., 1985).  The pattern-selective 

neuron responds to direction of motion of the patterns for e.g., plaids, but the component 

selective neuron respond to motion direction of the components in a plaid. The 

component selective neurons’ behaviour was similar to that of the V1 complex cells.  

MT projects to areas located in the cortex immediately surrounding it, including areas VIP 

(ventral intra-parietal), MST and V4t (middle temporal crescent). Area MT projects 

directly to MST- another area containing a high proportion of directionally selective cells, 

with more complex properties, for example- responding to rotation, expansion and 

contraction. Other projections of MT target the eye movement-related areas of the frontal 

and parietal lobes (frontal eye field and lateral intraparietal area). 
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2 Concept and evaluation of correspondence noise 

This chapter provides a simple overview of the concept of correspondence noise in RDKs, 

makes intuitive predictions of the influence of the various stimulus parameters on this 

noise, and presents an overview of the proposed motion detection model based on 

correspondence noise. The current investigation is comprised of psychophysical 

experiments of human motion detection, as well as model simulations of human 

performances by evaluating correspondence noise.  

A prerequisite for the visual system to detect apparent motion is to match the components 

or features of the image that have been displaced from one field to the next. Matching 

image features across fields to extract motion information is referred to as detecting 

motion correspondence. In the case of 2-field RDKs, detecting motion correspondence 

translates to determining, in a statistical sense, the pairing of the dots that are uniformly 

displaced from one field to the next. But uncertainty in the pairing may arise because any 

dot in the first field can be potentially paired with any dot in the second field, yielding the 

well-recognised motion correspondence problem (Braddick 1974; Todd and Norman, 

1995; Eagle and Rogers, 1997; Barlow and Tripathy, 1997).  

Figure 2-1 illustrates the motion correspondence noise problem using two fields of a 

hypothetical RDK. The RDK is comprised of four dots, which are uniformly displaced to 

the right. To detect the direction of motion correctly, the preferred option would be to 

pair the dots across the two fields as indicated by the black arrows, generating the signal 

pairs (4 pairs of motion vectors). But any first field dot can be potentially paired with any 

of the second frame dot (generating a total of 4×4 = 16 vectors). Of these 16 vectors, 12 

(Total vectors - Signal vectors) are essentially spurious correspondences. Some of these 
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inappropriate motion vectors will have the same characteristics of the signal vectors and 

hence can be confused with the signal vectors. These vectors/ dot pairings that would be 

confused with the motion signals constitute correspondence noise. 

 

 

Figure 2-1: A hypothetical 2-field RDK. The dots connected by the solid black lines denote the signal 
pairs, and the dots connected by the red dotted lines denote some potential noise pairs. See text for details. 

Some of the potential mispairings of the second and first field dots are illustrated by the 

red dotted lines with arrowheads. Some of these mispairings would be indistinguishable 

from the signal pairs to an observer and can affect the outcome of a direction 

discrimination task. Hence, the performance for the task is largely dependent on the 

proportion of signal and noise vectors / pairs in the stimulus. If the number of spurious 

vectors (noise) is large relative to the number of signal vectors, as can happen for a very 

dense RDK, then direction discrimination performance would be compromised. Thus dot 

density is an important parameter affecting correspondence noise in RDKs 

In the above illustration all four dots in the RDK are displaced uniformly in the second 

frame (i.e. at 100% coherence). Suppose that only two of the dots are uniformly displaced 

from one frame to another (i.e. 50% coherence), there are only vectors (2 signal pairs) 

Field 1 

Field 2 

TIME 100% Coherence 
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which carry the true directional information and the remaining vectors (16 – 2 = 14 pairs) 

are a potential source of noise. Therefore the coherence level used also plays an important 

role affecting noise in RDKs. 

In RDKs, a few qualitative predictions can be made based on correspondence noise. 

• Performance should be related to the number of dots in the RDKs (i.e. as dot 

density in the RDK increases there should be a consequent decrease in the level of 

performance). For example, at a given displacement size and coherence level, 

performance at 100dots/deg2 is expected to be better that performance at 4000 

dots/deg2

• Performance should be affected by the coherence level used. As illustrated above 

reducing the coherence level used in the stimulus reduces the signal and increases 

the influence of correspondence noise. Therefore, one is expected to perform 

better with a RDK with 90% coherence level, relative to a RDK with 10% 

coherence.  

. 

• The choice of a dot density and coherence level combination can improve or 

impede performance levels to a large extent. For example a combination of high 

coherence and low density will decrease the potential for spurious pairings, 

thereby lowering the correspondence noise resulting in a relatively better 

performance. Similarly, performances for a combination of low coherence and 

high density will behave in exactly the opposite manner. 

To evaluate the proposed model based on correspondence noise, an important variable in 

the model is the receptive fields that will sample the RDK stimuli. A key assumption 

tested will be: Does the size of the receptive fields used to detect motion, at various 

displacements scale with the size of the displacements? The premise is that receptive fields 
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of various sizes exist in the motion detection system and to detect larger displacement 

sizes, proportionately larger receptive fields are utilised. Therefore in the model the 

receptive field size will be appropriately scaled to the displacement size in the stimulus. 

The model uses a simplified version of the Reichardt motion detector (Reichardt, 1969) at 

the front end to compute local motion signals. The Reichardt detector is essentially a local 

motion detector, comprised of bipartite catchment areas, with one catchment area 

sampling the stimulus in the first field and the second sampling the stimulus in the 

subsequent field (see Figure 2-2). The relative spatial displacement of the two catchment 

areas determines the direction of motion that the detector responds to. The radius of each 

catchment area is proportional to the dot displacement. The output of the local detector is 

given by the product of activities within these two catchment areas i.e., by the product of 

the number of dots in the two catchment areas. For example assume that the local 

detector is tuned for rightward motion and if 2 dots fall within the first catchment area in 

field 1 and 3 dots fall in the other catchment area in field 2, then the output of the local 

detector will be 2 × 3 = 6 motion vectors in the rightward direction. An array of local 

detectors tuned either to rightward or leftward motion; sample the stimulus plane 

resulting in the output of motion vectors of varying magnitudes. In the next stage the 

motion signals pertaining to a particular direction across the entire stimulus are pooled. 

For example all the rightward motion signals are pooled in to the global motion detector 

tuned to rightward motion and the leftward motion signals into the global motion 

detector tuned to leftward motion.  The global motion detector with the highest activity 

gives the direction of image motion. The implicit assumption is that while global motion 

detectors tuned to all directions and a range of displacement sizes exist in the visual 

system, the ones that would respond maximally are those that are tuned to the direction 

of motion and the dot displacement size in the stimulus. 
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Figure 2-2: A simplified version of the Reichardt local motion detector. The bipartite receptive fields with 
finite catchment areas, sampling the RDK. The output of each local motion detector is given by the product 
of activity in its two catchment area. All the rightward motion signals from many such local detectors are 
pooled into the right global motion detector and leftward motion signals into the left global motion 
detector. The global motion detector with highest activity gives the direction of motion. In this case the 
model signals rightward motion. The displacement size in the stimulus determines the spatial separation 
between the centres of the two catchment areas.  

In this scheme the output of the local motion detector depends on the number of dots 

falling in their respective catchment areas. Therefore when the displacement is large, a 

direct consequence to scaling the catchment areas is an increased number of dots falling 

within their areas, resulting in increased correspondence noise. Since the model computes 

all the dot pairings that have the characteristics similar to the signal pairs, the model 

automatically takes into account the correspondence noise when discriminating the 

direction of motion.  

The results of the model simulations are expected to provide insights on the role of 

correspondence noise and receptive field size in determining of the maximum 

displacement limit (Dmax) in RDKs. Other assumptions detailing the number of 

detectors, their characteristics, and the catchment area scaling factor are deteiled in 

Chapter 5, alongside the correspondence noise based model and in Chapter 6 the model is 

fine tuned to simulate the psychophysical results.   
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In order to successfully capture the signal from a large dot-displacement, a motion 

detector would need a correspondingly large separation between its catchment areas. In 

the stimuli, the displacement of the dots is rigid, but in real life situations the motion 

detector should be able to tolerate deformations associated with moving objects and still 

be able to associate the images presented at two instances as part of the actual object. For 

example the dots on the skin of a sprinting leopard undergo deformation and are not 

displaced the same distance at successive instances. Scaling the radius of the detector 

catchment areas according to the size of the dot-displacement ensures a constant tolerance 

for non-rigid motion, regardless of the size of the average displacement in the stimulus.  

The use of larger receptive fields for larger displacements have been by the following 

studies: Baker & Braddick (1982; 1985) show an increase in Dmax associated with 

increasing eccentricities by using a uniform stimulus area at various locations on the visual 

field. Chang & Julesz (1983) using spatially filtered RDKs and Nakayama & Silverman 

(1984) using unfiltered RDKs, showed that by increasing the stimulus area a larger 

psychophysical Dmax could be obtained. This increase in Dmax was attributed to the 

properties of the peripheral visual field compared to that of the central visual field, the 

larger stimuli covering more of the peripheral visual field.  A generalized interpretation of 

a large Dmax noticed in the peripheral visual field was possibly because the largest values 

of Dmax were mediated by larger motion detectors in the peripheral visual field or 

because the peripheral visual field was more specialised for motion detection (Baker and 

Braddick, 1982; 1985). A number of related studies (refer Table 2-1) have also shown 

that the absolute Dmax (15 arcmin) of Braddick (1974) could be extended by using a 

relatively larger stimulus area (Lappin & Bell, 1976; Ramachandran & Anstis, 1983; Eagle 

& Rogers, 1997).  
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Study Aperture dimensions Approx. Dmax 

Braddick (1974) 1.8° × 3.6° 15 arcmin 

Lappin and Bell (1976) 
2° × 2° 

4° × 4° 

7.5 arcmin 

15 arcmin 

Baker and Braddick (1982) 

0.4° × 0.4° 

3.8° × 3.8° 

7.7° × 7.7° 

5 arcmin 

23 arcmin 

40 arcmin 

Chang and Julesz (1983) 

1.43° × 1.43° 

1.8° × 1.8° 

3.71° × 3.71° 

12 arcmin 

18 arcmin 

28 arcmin 

Ramachandran and Anstis (1983) 10° × 8° 1 degree 

Nakayama and Silverman (1984) 

1.43° × 1.43° 

4.7° × 4.7° 

14° × 14° 

15 arcmin 

27 arcmin 

43 arcmin 

Baker and Braddick (1985) 
0.8° × 0.8° 

20° × 20° 

30 arcmin 

1.6 degree 

Eagle and Rogers (1997) 

1.6° × 1.6° 

6.4° × 6.4° 

25.4° × 25.4° 

15 arcmin 

30 arcmin 

1 degree 

Table 2-1: A summary of Dmax obtained by various investigators using a range of aperture sizes. 

It is emphasized that the relationship between Dmax and aperture size is not 

straightforward and is confounded by other stimulus parameters viz., dot size, dot 

density, and display duration. These confounding factors are further elaborated in Chapter 

3. The table captures the general idea that Dmax increases with increase in aperture size. 

How does the proposed model simulate Dmax? Consider Figure 2-3. Two 

hypothetical dot displacements D and 4D are shown. As the model incorporates the 

scaling principle for the receptive fields, to detect smaller displacement (D), smaller 

catchment areas are used and to detect larger displacement (4D), proportionately larger 

ones are used.  A direct consequence of using receptive fields with large catchment areas is 
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that they collect more dots. It is already illustrated that increasing the number of dots 

increases the correspondence noise. As the displacement size is increased, the noise 

collected by the catchment areas increases until a point is reached where the noise is so 

high that motion can no longer be detected reliably. Dmax is said to be reached at this 

point.    

 

Figure 2-3: The model employs relatively smaller receptive fields for small displacements and 
proportionately larger ones to detect large displacements. Larger catchment areas collect more dots and 
consequently more noise as illustrated earlier in figure 2-1 and the subsequent explanation.  

There could be other methods to detect various displacement sizes apart from receptive 

field scaling, and a few possibilities are mentioned in the scope for future work in the 

concluding chapter.  

 

 

Summary 

If correspondence noise was a limiting factor then, performance would decline with 

• Increase in dot density 
• Decrease in coherence level 
• Increase in displacement size 
• Combination of high density and low coherence levels 

 

Displacement = D 

Displacement = 4D 

Displacement = D 

Displacement = 4D 

Frame 1 Frame 2 
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3 Fixed and Variable coherence experiments3

3.1 Introduction 

 

One of the major goals of this thesis is to investigate the extent to which correspondence 

noise limits performance in measuring Dmax and Dmin. It has been shown that 

correspondence noise limits our ability to discriminate direction of motion in RDKs when 

threshold coherence is measured (Barlow & Tripathy, 1997). Concerning Dmax, a 

chronological account of the relevant studies is discussed in the previous chapter, ranging 

from the early studies which suggested Dmax was a spatial limit, to the later studies, 

which addressed Dmax in the context of an informational limit. With respect to Dmin, a 

similar possibility of extending the correspondence noise concept is also mentioned in the 

previous chapter. It is also suggested in the concluding paragraphs of Chapter 1 that the 

results of many of the Dmax and Dmin studies in the literature can be interpreted from 

the correspondence noise perspective.  

The Dmax studies that closely relate to this thesis, in terms of experimental similarities 

and acknowledging the possibility of informational limit to explain Dmax, either consider 

dot density (Eagle and Rogers, 1996; 1997) or dot size (Morgan, 1992; Morgan et al., 

1997), to be the primary determinant of Dmax. However, all these studies consider 

spatial filtering as a prerequisite to the process of motion detection. In the subsequent 

stage, an information limited process applied to the filtered images is assumed to 

determine Dmax, possibly by matching the nearest neighbour. Thus, it is the spacing of 

features in the filtered image, rather than the spacing of elements in the original stimulus 

                                                 
3 Parts of the results were presented at ECVP ‘04 Budapest Hungary  
(Syed, N., Tripathy, S.P., & Cox, M.J. (2004). Effects of dot density and displacement size on motion-detection 
performance in random-dot kinematograms. Perception, 33 (Suppl), 161). 
And at AVA meeting ’05, Bradford, UK. 
(Syed, N., Tripathy, S.P., & Cox, M.J. (2005). Direction discrimination in random dot kinematograms: effect of dot 
density, displacement size and coherence level. Ophthalmic and Physiological Optics, 25 (5 (Suppl)), 474.) 
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that is suggested to limit performance. The common feature in all the above-mentioned 

studies is the presence of a single bandpass filter. The differences among these studies lie 

in attributing the change in Dmax with stimulus parameters (such as element size) to the 

statistics of the various descriptive features present in the filtered image of the stimulus. 

For example, in one study the progressive increase of Dmax for large element sizes is 

attributed to the increased spacing between the zero crossings in the filtered image; for 

small element sizes the spacing between the zero crossings in the corresponding filtered 

image is also less (Morgan, 1992). In another study the increase of Dmax for a 

combination of large patch size and low dot density is attributed to a spatial filter with a 

specific centre frequency (Eagle & Rogers, 1997). Here again the spacing in the filtered 

image increases with increase in patch size and the lowering of dot density.  Thus there are 

many such attributes in the filtered image, viz. zero crossings, zero bounded regions, 1-D 

spacing, 2-D spacing of blobs and a spatial filter with a specific centre frequency are 

suggested to affect the observed Dmax. An important characteristic of all these attributes 

is that they represent the spatial properties of a static image.  

Morgan (1992) used low spatial frequency filtered RDKs with a wide range of dot sizes 

and found Dmax to increase with increase of element size (i.e. mediated by an increase in 

the spacing between zero crossings). The largest values of Dmax obtained were of the 

order of several degrees and he concluded that element size was a determinant of Dmax. 

Eagle and Rogers (1997) varied both the patch size and the dot density keeping the dot 

size fixed and found Dmax to increase to several degrees for combinations of large patch 

sizes and low densities. Both the studies mentioned here report a Dmax of several degrees 

but one favoured dot size (Morgan, 1992) and the other a large patch size combined with 

low dot densities (Eagle & Rogers, 1997) as the determinants of Dmax. Another 

interesting difference lies in their respective conclusions on dot size and dot density. 
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Morgan’s (1992) study concluded that size of the elements determined Dmax. In his 

experiments when small dots (12 arcmin) were used, the dot density was approximately 

25 dots/deg2, and when large dots (72 arcmin) were used the dot density was under one 

dot/deg2. Hence it is not clear if change in element size or the extremely low dot densities 

used caused the increase in Dmax in this study. In Eagle and Rogers’s (1997) study, 

though the density is expressed as proportion of stimulus area, density appears to be 

standardized across the range of patch sizes tested. Still, larger patch sizes which yielded a 

large Dmax always had very low dot density. The problem of dot density mismatch across 

the studies (in terms of visual angle i.e., dots/deg2) is not apparent when dot size or the 

patch size were modified because both the studies represented dot density as a proportion 

of the total area of the stimulus occupied by the dots (dot density %) and not in terms of 

visual angle. It is possible to achieve a dot density of 50% with the use of several dots or 

by using just a single dot that covers half the stimulus area.  

Both the studies indicate that large Dmax is associated with the presence of fewer dots 

within the stimulus aperture; in retrospect, the maximum Dmax is obtained when dot 

density is lower than one dot/deg2 over the stimulus area. Previous studies that 

investigated the effect of dot density on Dmax did not use such low dot densities. A 

consequence of using such low dot densities is the reduction in the number of potential 

mismatches or correspondence noise in the stimulus. One way to address the parameter 

that causes increase in Dmax (i.e. change in dot density or correspondence noise) would 

be to repeat the experiments after standardizing the dot density (in dot/deg2) across 

various dot sizes used by Morgan (1992) or the patch sizes used by Eagle and Rogers 

(1997) and then estimate Dmax. This standardization of dot density or dot numbers 

would ensure that at all dot sizes or patch sizes the stimulus would always have the same 
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probability of potential mismatches across experiments (i.e. the probability of noise would 

be held constant).   

Another way to address Dmax mismatch across studies would be to investigate Dmax with 

a known amount of noise added to the stimulus. This can be achieved by changing the 

proportion of coherently moved dots between the two fields of the RDK. Changing the 

coherence offers the advantage of altering the way the stimulus dots are paired in the two 

fields of the RDK yet keeping constant all other stimulus parameters viz. dot density, 

patch size or stimulus contrast. In the two above-mentioned studies all the dots in the 

stimulus moved in a common direction with 100% coherence.  

In the first set of experiments presented here Dmax was obtained for a range of densities 

with all dots moving in a common direction by the same distance (i.e. with 100% 

coherence) similar to the experiments of Morgan (1992) and Eagle and Rogers (1997). In 

the second set of experiments Dmax was estimated over the same range of dot densities 

but with a much lower coherence level. The existing models that explain Dmax based on 

the spacing between the zero crossings or spacing between the 2-D peaks are based on a 

stimulus with 100% coherence. To determine Dmax, all the information required by both 

the above mentioned models is contained in the single frame of the RDK. This is because both 

the models rely on the spatial features contained in the filtered image i.e., either the zero 

crossings or the spacing of 2-D peaks. Additionally neither of the models incorporate any 

scheme or algorithm to extract the direction of motion, following the spatial filtering. The 

importance of information from both frames is best understood when explained in terms 

of coherence levels.   Unlike the 100% coherence levels used in the above studies, let us 

assume an RDK with 50% coherence. Altering coherence level in the stimulus does not 

disturb the spatial characteristics of the image and an individual filtered image no longer 
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holds the necessary information. Hence both frames of the RDK must be used to extract 

motion. Just as static RDK frames do not convey any motion information on their own, 

coherence information also cannot be inferred from the individual static images of a RDK. 

As opposed to the static properties mentioned above (e.g. 1-D spacing, 2-D Spacing, or a 

single band pass filter), coherence can be considered as a dynamic property that manifests itself 

only during a motion sequence.  

Speculating on the behaviour of these models under varying coherence levels is not 

straightforward. Therefore, repeating certain experiments of the above mentioned 

studies, under controlled conditions and investigating the effect of coherence level will 

provide further insights for integrating the concept of correspondence noise in motion 

detection with the existing approaches. 

3.2 Materials and Methods 

The stimuli were generated on a Apple G3 Macintosh computer (Apple computer 

international, Cork, Ireland) and displayed on a Formac, Pronitron CRT monitor 21/650 

with a refresh (frame) rate of 70 Hz. The right and left arrow keys in the keyboard were 

used to signal observer responses. A chin rest stabilized head movements during the 

experiment. At test, the observer sat in a dimly lit room viewing the display. 

RDKs, without an inter stimulus interval (ISI) were used for all the experiments. Previous 

studies had employed a similar ISI to investigate motion detection in 2 field RDKs (Barlow 

& Tripathy, 1997; Eagle & Rogers, 1996; 1997). Eagle and Rogers (1997) have shown 

that for displacements sizes up to 50 arcmin in a RDK stimulus the optimum ISI was 0 

msec. Additionally, it is known that detection of larger spatial displacements can be 

facilitated by prolonging the ISI, evident from Korte’s third law (Korte, 1915), but ISI 

invariably adds to the temporal component of motion detection. Hence the absence of ISI 
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ensured that the temporal aspects of motion integration were uniform across the range of 

displacement sizes. Using similar ISIs will facilitate the comparison of results across 

studies. The observers were instructed to look towards the centre of the screen. No 

fixation target was used in order to prevent inadvertent positional cues arising due to the 

presence of a stationary fixation pattern on the display.  In a trial each field was 

successively exposed for 150 ms. Following this the screen went blank, the display 

luminance being commensurate with background luminance. The next trial commenced 

1500 ms after the observer’s response. A 1500ms interval ensured that visual persistence 

and effects of motion adaptation due to repeated exposure of the motion stimulus did not 

affect the direction discrimination task. In the stimulus, the dot luminance was 76.8cd/m2 

and the background luminance was 0.06cd/m2. Thus the stimulus had a Michelson 

contrast of 99.8%, a value well above the saturation level for motion detection in RDKs 

(Edwards et al., 1996; van de Grind et al., 1987).  

The motion signal in a trial was generated by coherently displacing a proportion of the 

first field dots into the second field by a predetermined distance in the right or left 

direction. The remaining dots were randomly assigned new co-ordinates within the 

aperture in the second field. To generate a 100% coherent stimulus, all the first field dots 

were uniformly displaced either to the right or to the left in the second field. Normally in 

RDK patterns, the dots at the edge of the stimulus tend to disappear because of the 

displacement outside the fixed sized aperture. In order to maintain a constant number of 

dots within the aperture “wrap around” method is traditionally followed so that those dots 

that disappear at the periphery of the patch either reappear on the opposite side (Baker & 

Braddick, 1982) or are repositioned within the visible aperture (Eagle & Rogers, 1997).  
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There are potential disadvantages with this wrap around technique. First, it introduces 

uncorrelated dots within the stimulus area and this can affect the SNR. Changes in SNR 

can be problematic particularly at very high dot densities where many dots move in and 

out of the stimulus area. Second, for very large displacements the size of the effective 

aperture is reduced considerably. Third, with the use of the wrap around technique the 

“wrapped dots” reappearing in the second frame can cause motion to occur in a direction 

opposite to the intended direction. Since the aim is to account for correspondence noise 

changes, the “wrap around” technique invariably introduces additional confounding factors 

(i.e., uncorrelated dots and edges and reverse motion). Given these disadvantages, wrap 

around technique was not used. 

In the absence of wrap around the horizontal edges of the stimulus aperture would be 

visible and could cue the direction of motion. This stimulus aperture will henceforth be 

referred as the effective stimulus area (ESA). To avoid the positional cues arising from the 

horizontal displacement of the ESA, the space between the ESA and the right and left 

edges of the monitor was filled with random dots of equivalent dot density and the whole 

stimulus appeared homogenous (refer Figure 3-1).  These additional random dots were 

presented alongside the dots presented within the ESA and did not interfere or 

compromise the aims of the experimental procedure.  The area occupied by the additional 

random dots together with the ESA is referred as the total stimulus area (TSA). The ESA 

measured 900 × 600 pixels and the TSA 1600 × 600 pixels. In the thesis the term stimulus 

area always refers to ESA and both terms are used interchangeably.  The area of the 

monitor above and below the total stimulus area was blank and had the background 

luminance. The stimulus was wider relative to the height because Chang & Julesz (1983) 

have shown that motion detection is better when the stimulus aperture is elongated in the 

direction of motion. The use of wide apertures also ensures that the stimulus can involve 
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more of the peripheral visual field, where motion detection is believed to be relatively 

better.  

 

Figure 3-1 Schematic representation of the display as it appears to the observer. The pattern in the 
effective stimulus area is homogenous with the pattern in the total stimulus area. The border demarcating 
the ESA from the total stimulus area is for illustration purposes only. The stimulus dimensions and 
properties wherever mentioned in the text always refers to the ESA. Homogenous with the ESA are 
additional random dots that aid to obscure the moving edges of the ESA. 

The experiments were carried out at three viewing distances, 82, 165 and 330 cm. At 

82cm each pixel subtended 1 arc minute in each direction, each dot comprised a square of 

size 4×4 pixels subtending 4×4 arc minutes. Thus the stimulus area at 82 cm subtended 

15° × 10°. These angular dimensions halved (7.5° × 5°) and quartered (3.75° × 2.5°) as 

the viewing distances, were increased to 165 and 330 cm respectively. Increasing the 

viewing distances in addition to permitting a range of patch sizes, also ensured a constant 

number of dots in the RDK pattern for a given dot density (dot density measured either as 

dot density % or dots/deg2) regardless of the viewing distance.  

The experiments were self-paced and audio feedback was provided in the form of a short 

high frequency beep for a correct response and a long low frequency beep for an incorrect 

response. Three experienced observers, MC, SN and ST participated in the experiments. 

All participants were aware of the goal of the investigation. The experiments were done 

Total Stimulus area 
 1600 x 600 pixels 

Effective stimulus area  
900 x 600 pixels 

Total width of the CRT monitor 

Width of the effective stimulus area 
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monocularly with the dominant eye. Two observers had corrected to normal vision. 

Observer SN had unilateral strabismic amblyopia and used the non-amblyopic eye for 

observing. 

3.3 Psychophysical procedure 

The investigation initially examined the effect that dot density had on motion detection 

performance. So, for a given displacement size (D) motion detection performance was 

measured for a range of dot densities. Then for the same range of dot densities the 

experiment was repeated for a range of pre-determined displacement sizes. The series of 

experiments was repeated at three viewing distances. For the smallest dot density tested 

the minimum number of dots in the stimulus area (20 dots) approximately matched the 

minimum number of dots used in the threshold coherence experiments of Barlow and 

Tripathy (1997).  Smaller dot densities were not tested since there were concerns that 

observers might report motion direction based on tracking individual dots. In all, nine dot 

densities were tested corresponding to dot numbers of 20, 40, 80, 160, 320, 640, 1280, 

2560 and 4000 (the maximum number of dots the software would permit within the 

ESA). Note that though the set of dot numbers used remained the same at each viewing 

distance, only their corresponding relative dot densities varied when represented in terms 

of visual angle (i.e., dots/deg2).  

Generally at any given viewing distance the experiments were carried out at 12 

displacement sizes. For every displacement size, 9 levels of dot densities were tested. Each 

dot density was tested in three blocks of 55 trials each, of which the first 10 were practice 

trials and were discarded. While collecting the data at a particular displacement size, after 

each block of 55 trials, the density would be changed randomly from the available range 

until all 9 densities had been run once. Two further repetitions of the entire cycle at the 
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same displacement size completed data collection for a single displacement size. The 

practice trials at the start of each block permitted the observer to adjust to the change of 

stimulus parameters between blocks and thus ensured that the randomization of dot 

densities between blocks did not have an adverse effect on performance. Once data 

collection was complete for one displacement size, the next displacement size was 

randomly picked from the remaining displacements. In total 27 blocks of the data were 

gathered for each displacement size at a given viewing distance. The experiments were 

broadly divided into fixed coherence experiments and variable coherence experiments. 

Sub-division of experiments 

• Fixed Coherence  

 Low coherence  
 High coherence 

• Variable Coherence  

3.4 Data Analysis 

The data obtained in these experiments are presented in section 2.5. To enable the reader 

to easily understand the format in which the data is organised, a sample set of data from 

one observer follows.  

Effect of dot density on performance:  

To visualize the effect of dot density on performance, the percentage of correct responses 

was plotted as a function of dot density for each value of the dot density tested (refer to 

Figure 3-2). The different displacement sizes tested are represented by the different 

symbols. Dot density was always presented as number of dots/deg2. Note that changing 

the viewing distance did not change the number of dots in the stimulus area. But, the 

range of dot densities (dots/deg2) tested increased with viewing distance because of the 

changes in the angular subtense of the stimulus at different viewing distances. Graphs, 
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such as Figure 3-2 which depict the effect of dot density on performance, represent the 

raw data from the experiments.  

 

Figure 3-2: To illustrate the effect of dot density on performance, data of observer MC at a testing distance 
of 82cm is presented. Each horizontal line in the graph represents a displacement size. The data within the 
vertical bar represent the performance of the observer at different displacement sizes for a fixed dot density 
of 0.27 dots/deg2. 

Effect of displacement size on performance: 

The data previously plotted to evaluate the effect of dot density on performance was re-

plotted as a function of displacement size for various dot densities. For example a vertical 

section taken across the various displacement sizes at a dot density of 0.27dots/deg2 (data 

within the rectangular box in Figure 3-2) was transposed to form the corresponding 

performance versus displacement curve (green dotted line with markers in Figure 3-3). 

The re-plotted data is in the shape of an inverted ∪ shaped function with the peak 

performance occurring at intermediate displacement sizes and falling off on either side.  

Similar performance curves were obtained for the other displacements tested.  

A two-way ANOVA was performed to determine the interaction between dot density and 

displacement size as they affect performance.  
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Figure 3-3: To illustrate the effect of displacement size on performance, the previous graph is replotted 
for the same observer MC. The inverted ∪ shaped function represents a vertical slice at a particular dot 
density taken through various displacements in the previous figure (enclosed in a red box from the previous 
figure). The red curves represent the cumulative normal functions fitted to the upper and lower limits of the 
performance curve. Thresholds for Dmin and Dmax correspond to the 75% correct responses and are 
projected to the abscissa.  

Effect of dot density on Dmax and Dmin: 

The graph showing the effect of displacement size on performance was used to determine 

Dmax and Dmin. A cumulative normal distribution function asymptoting at 50% and 

100% correct responses was fitted to the left of the peak (ascending limb) in Figure 3-3 

and a reverse cumulative normal distribution function was fitted to the right of the peak 

(descending limb) in Figure 3-3 for a dot density of 0.27 dots/deg2. The abscissa values on 

the resulting psychometric function (red curves) that corresponded to the 75% points on 

the fitted curves on the ascending and descending limbs were taken as Dmin and Dmax 

respectively for the dot density of  0.27 dots/deg2. The extracted Dmin and Dmax values 

for many such dot densities are plotted in Figure 3-4. The functions were fitted using the 

means and standard deviations as free parameters. A χ2 test was performed to assess the 

goodness of fit for the psychometric function. Whenever the p value for the χ2 test was 

less than 0.05, the appropriate threshold point for the respective observer is marked with 

a colour coded asterisk (*) in the graphs. Such points were a consequence of noisy data 

and occurred randomly across the three observers. A one-way ANOVA was performed to 
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determine the effect of dot density on Dmin and Dmax. The Dmin and Dmax obtained at 

each viewing distance are represented separately as a function of dot density. 

 

Figure 3-4 To illustrate the effect of dot density on Dmax and Dmin. Encircled are the Dmax and Dmin 
for dot density of 0.27 dots/deg2 for observer MC. The other data points are the Dmax and Dmin for the 
various dot densities tested and were obtained using the same procedure of fitting the psychometric function 
to the appropriate data. 

3.5 Results 

3.5.1 Fixed Coherence experiments – Low coherence 

The primary focus of the current experiments was to psychophysically investigate the role 

that correspondence noise plays in determining the minimum (Dmin) and maximum 

(Dmax) displacement limits for motion detection in RDKs. Correspondence noise is a 

major factor limiting performance over a wide range of densities when performance is 

measured using threshold coherence (Barlow & Tripathy, 1997). This study attempts to 

investigate the role of correspondence noise in limiting Dmax and Dmin.  

The experiments test the extent to which the correspondence noise limits performance 

measures of Dmin and Dmax. The low coherence level to be used was determined by trial 
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and error at a level for which the observer’s performance was close to but less than 100% 

correct responses (i.e. without attaining ceiling effects). The coherence level was selected 

such as to yield a performance of 80-90% correct responses when the displacement was 

10-arcmin and dot density was at its lowest (i.e., with 20 dots in the stimulus). 

Restricting the observer performance in the 80-90% correct response range for the lowest 

dot density permitted for both improvement and deterioration in performance when the 

experiments were carried out at different displacement sizes. A combination of 10 arcmin 

displacement and dot number of 20 was chosen as a starting point because for this 

combination of displacement size and dot density the motion detection performance is 

expected to be very good (Barlow & Tripathy, 1997). Setting the minimum number of 

dots to 20 reduced the likelihood that individual dots were tracked to derive motion 

information while providing a sufficient number of coherently moving dots within the 

stimulus area, even when the coherence levels were low. All the observers performed a 

pilot experiment to determine the required coherence level and it was 30% for observers 

MC and SN, and 27.5% for ST. The coherence level so obtained for each observer was 

held constant throughout this section. Since all the experiments in this section used a fixed 

coherence value they are referred to as ‘fixed coherence experiments’. 

3.5.1.1 Experiment 1: Low coherence at 82 cm: 

Stimuli: The stimulus was presented in an area of 15 x 10 degrees (900 x 600 pixels). 

The effect of dot density on performance was measured for nine dot densities: 0.13, 0.27, 

0.53, 1.07, 2.13, 4.27, 8.53, 17.07 and 26.67 dots/deg2, at various dot displacements: 1, 

2, 3, 5, 7, 10, 20, 30, 40, 50, 70 and 100 arcmin. For a detailed description of the 
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stimulus please refer to section 3.2. Observer MC and SN carried out the experiments at 

30% coherence and ST#

Effect of dot density

 at 27.5% coherence.  

∗ Figure 3-5:  plots the effect of dot density on performance for 

three observers. If dot density affected performance then one would expect the 

performance curves to have a characteristic slope with change in dot densities. But the 

roughly horizontal lines suggest a near invariance of performance across a wide range of 

density at all displacement sizes tested for all three observers. 

Effect of displacement size on performance∗

Figure 3-5

: there is a systematic change in the 

performance levels for individual displacements sizes, illustrated by the vertical separation 

of the data in . Displacement sizes in the range 7 – 30 arcmin always yielded a 

relatively high performance level for all dot densities for the three observers.  This trend 

was more obvious when the data in Figure 3-5 was re-plotted as a function of 

displacement (Figure 3-6). As displacement size grows performance gradually peaks for 

intermediate displacements before falling off, at large displacement sizes. Employing a 

single experimental paradigm both Dmin and Dmax are shown to exist as a continuum 

rather than two discrete entities (Figure 3-6). The data curves overlap for each of the 

three observers implying that at a given displacement size performance is fairly constant 

for a range of dot densities.  

A two-way ANOVA showed that dot density did not significantly affect performance (F 

8,216 = 1.14, P=0.34), but changes in displacement sizes significantly affected performance 

                                                 
#  When the number of dots in the stimuli was 20, the performance was obtained by averaging the 
performance for a coherence level of 25% and 30%  
∗ please refer to the data analysis section for detailed consideration of the graphs 
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(F 11,216 = 71.15, P <0.05). There was no interaction between dot density and 

displacement size (F 88,216 = 0.69, P =0.97). 

 

Figure 3-5 Effect of dot density on performance for three subjects MC, SN at 30% and ST at 27.5% 
coherence tested at 82 cm for a range of displacement sizes. Each dotted line joins the data points 
representing a particular displacement size in arcmin. The data is plotted on a Log-Linear scale. Except for a 
few outliers, dot density seems to have negligible effect on performance, evident from the data curves that 
run roughly parallel to the abscissa.  

Displacement size (arcmin) 
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Figure 3-6 Effect of displacement size on performance for three subjects MC, SN at 30% and ST at 27.5% 
coherence tested at 82.7cm. This figure was obtained be re-plotting the data in Figure 3-5. A vertical 
section through any particular dot density in the previous figure represents a single data curve for the 
corresponding dot density in the current figure. The data is plotted on a Log-Linear axis as before.  

Relative invariance of Dmax and Dmin: Dmax and Dmin remain relatively constant 

over a 200-fold increase in dot density (Figure 3-7). But from correspondence noise 

predictions, a decline in performance is expected with increase in dot density and this 

disagreement would be probed in the following experiments. The slopes of Dmax and 

Dmin can be referred in Table 3-1. A one-way ANOVA revealed that both Dmax (F 8, 18 = 

Dot density dots/deg2 
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2.36, P =0.06) and Dmin (F 8,18 = 0.18, P =0.99) remained unaffected over the large 

range of dot densities tested.  

 

Figure 3-7 Effect of dot density on Dmax [A] and Dmin [B] for three observers at 30% coherence tested at 
82cm. Data is plotted on a Log-Log scale. Note the colour coded asterisk mark next to the appropriate 
observer’s Dmin or Dmax, which indicates the χ2 statistic had p value of less than 0.05. 

3.5.1.2 Experiment 2: Low coherence at 165 and 330cm: 

The data at 30% coherence level (low coherence) at 82 cm are qualitatively similar and 

show a slight decline with increase in dot density. The shallow decline of Dmax and Dmin 

over a 200-fold increase in dot density could be due to the limited range of dot densities 

tested. To ensure that the observed effect was not a consequence of the range of dot 

densities tested, the range of dot densities tested in the previous experiment was 

extended. The software used permitted a maximum number of 4000 dots in each frame 

within the effective aperture. Increasing the viewing distance allowed an increase in the 

A 

B 
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dot density. Another limitation at a viewing distance of 82 cm was that the displacement 

sizes could not be lowered below 1 arcmin because at 82cm 1 pixel corresponded to a 

displacement of 1 arcmin. Doubling and quadrupling the testing distances permitted the 

use of smaller displacement sizes. Since the number of dots in the stimulus was left 

unchanged when doubling the testing distance, this decreases the stimulus area by a factor 

of 4 and increases the dot density by the same factor. For example at 82cm the stimulus 

area was 15×10 deg and with 4000 dots in the stimulus the dot density was 26.67 

dots/deg2. For the same number of dots at 165 cm (after doubling the testing distance) 

the stimulus area would be 7.5×5 deg and the corresponding dot density 106.67 

dots/deg2. Similarly at 330cm (after quadrupling the testing distance) the stimulus area 

would be 3.75×2.5 deg and the dot density 426.67 dots/deg2. The smallest displacement 

that could be tested at 165cm was 0.5 arcmin and at 330cm it was 0.25 arcmin. Whilst 

the viewing distances are changed with most of the stimulus parameters being held 

constant across them, the issue of variation in effective aperture size and the dot size 

across various viewing distances arises and will be discussed later.  

Drawing evidence from various studies that investigated motion thresholds, it is important 

to stress that in the experiments to follow the absolute values of Dmin and Dmax are 

susceptible to change with change in viewing distances either due to the change in the area 

of motion stimulus, (van de Grind et al., 1986; van Doorn & Koenderink, 1983; 1984) or 

due to a change in retinal eccentricity (Baker & Braddick, 1982; Foster et al., 1981). 

Another potential factor that could affect the absolute values of Dmin and Dmax is the 

relative increase in dot density as the testing distance was increased. Changes in the 

correspondence noise levels will reflect on the observed values of Dmin and Dmax. 

However, since the emphasis is on the relative values of Dmin and Dmax at the respective 

dot densities, the prediction at various testing distances remained the same as earlier: 
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Performances should decline with increases in dot densities at a given testing distance and 

coherence level.  

Stimuli: At 165cm the stimulus was a rectangular aperture of sides 7.5×5 degrees 

(900×600 pixels) and the corresponding dot densities were 0.53, 2.13, 4.27, 8.53, 

17.07, 34.13, 68.27 and 106.67 dots/deg2. The range of displacement sizes tested was 

retained as before. At 330cm the stimulus was a rectangular aperture of sides 3.75×2.5 

degrees (900×600 pixels) and the corresponding dot densities were 2.13, 4.27, 8.53, 

17.07, 34.13, 68.27, 136.53, 273.07, 426.67 dots/deg2. Note that the number of dots 

was the same as in the previous experiments. At 330cm the changes in displacement sizes 

tested were as follows: The maximum displacement size tested was 70 arcmin (for 

observers MC and SN) because performance was close to chance level for dot 

displacements beyond 40 arcmin, and for observer ST the maximum displacement size 

tested was 40 arcmin because performance was approaching chance level at displacements 

of 25 arcmin. Experiments were performed on additional intermediate displacement sizes 

of 35 arcmin (MC and SN) and 15, 25 and 32.5 arcmin (ST). Slight individual variations in 

the displacement sizes tested do not affect the final outcome because Dmin and Dmax are 

estimated by fitting a cumulative normal function to a minimum of 5 displacement sizes 

straddling the 75% threshold value. 

Effect of dot density: Figure 3-8 and Figure 3-9 plot the effect of dot density on 

performance for three observers for testing distances 165 and 330cm respectively. As 

previously observed for 82cm, there was an effect of dot density on performance for all 

three observers for both testing distances. The systematic change in the performance 

levels for the individual displacements as noted earlier was preserved as illustrated by the 
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vertical separation of the data representing individual displacements in Figure 3-8 and 

Figure 3-9. 

 

Figure 3-8 Effect of dot density on performance for MC and SN at 30% coherence and ST at 27.5% 
coherence tested at 165 cm. The data for each displacement are similar to the results that were obtained at a 
testing distance of 82 cm.  
 

Displacement size (arcmin) 
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Figure 3-9 Effect of dot density on performance for observers MC and SN at 30% and ST at 27.5% 
coherence tested at 330cm. Note that despite changes in testing distances the data are qualitatively similar to 
those obtained at 82cm and 165 cm. 

Effect of displacement size on performance:  As before the data, when re-plotted 

as a function of displacement size, demonstrate that Dmin and Dmax exist as a continuum 

(Figure 3-10 and Figure 3-11). From the resultant inverted ∪-shaped function Dmin and 

Dmax were determined as described previously.  A noticeable difference at all three 

testing distances is that the peaks of the different curves show a trend of leftward shift with 

Displacement size (arcmin) 
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increase in the testing distance. This is reflected as a decrease in the Dmax and Dmin 

values with increases in the testing distance. 

 

Figure 3-10 Effect of displacement size on performance for observers MC and SN at 30% and ST at 27.5% 
coherence tested  at 165 cm. The performance curves show a slight leftward shift when compared with their 
counterparts at a testing distance of 82 cm (refer to Figure 3-6). 
 

Dot Density dots/deg2 
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Figure 3-11 Effect of displacement size on performance for subjects MC and SN at 30% and ST at 27.5% 
coherence tested at 330 cm. The trend of progressive leftward shift of the performance curves is present at 
330 cm  when compared with their counterparts at a testing distance of 82 cm and 165 cm (refer to Figure 
3-6 and Figure 3-10).  

At 165 cm, a two-way ANOVA showed that dot density (F 8,198 = 1.84, P = 0.07) 

marginally affected performance, but displacement size (F 10,198 = 84.69, P <0.05), 

significantly affected performance. There was no interaction between dot density and 

displacement size (F 80,198 = 1.00, P =0.47). A similar result was found at 330 cm, with 

respect to dot density (F 8,144 = 1.36, P = 0.21) and displacement size (F 7,144 = 69.05, P 

Dot Density dots/deg2 
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<0.05). There was no interaction between dot density and displacement size (F 56,144 = 

0.95, P =0.56).  

Relative invariance of Dmax and Dmin: the Dmax and Dmin values for both the 

distances are plotted in Figure 3-12 and Figure 3-13 respectively. Dmax showed a 

tendency of deterioration over a 200-fold increases in dot density, whereas Dmin 

remained stable or marginally improved with increases in dot density. The absolute values 

for Dmax and Dmin are different at each testing distance and are summarised in Table 

3-1(in the Discussion section). 

At 165 cm a one-way ANOVA revealed a significant relationship between Dmax and dot 

density (F 8,18 = 6.24, P <0.05), but an insignificant relationship between Dmin and dot 

density (F 8,18 = 0.58, P =0.77). At 330 cm both Dmax (F 8,18 = 1.69, P = 0.16) and 

Dmin (F 8,18 = 0.29, P = 0.96) remained unaffected by changes in dot density.  
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Figure 3-12 Effect of dot density on Dmax [A] and Dmin [B] for MC and SN at 30% and ST at 27.5% 
coherence tested at 165cm. Data is plotted on a Log-Log scale. Dmax and Dmin appear to be affected by 
increases in dot density.  
 

A 

B 
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Figure 3-13 Effect of dot density on Dmax [A] and Dmin [B] for three observers at 30% coherence tested 
at 330cm. The effect of dot density on Dmax is evident at all densities. Dmin for observer MC appears to 
deteriorate with increase in dot density. 
 

3.5.2 Fixed Coherence experiments – High coherence 

The high coherence set of experiments were designed to facilitate comparison with the 

experiments of Morgan (1992) and Eagle and Rogers (1997). Another objective was to see 

how coherence level affects performance when contributions from all other stimulus 

parameters are discounted by equating them across experiments. The low coherence – 

high coherence results would simultaneously test one of the predictions that the former 

would be associated with a relatively higher correspondence noise and hence result in a 

lower performance levels compared to the latter (see Chapter 2). In essence, the 

experiments at low coherence described previously were replicated at 100% coherence 

level for all three observers. Retaining the stimulus parameters ensured that the spatial 

A 

B 
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properties of individual frames of the RDK stimuli remained unaltered when compared 

with their counterparts in the previous set of experiments. The prediction based on 

correspondence noise is that Dmax would have a different value at high coherence in all 

cases when compared with the ones obtained at low coherence levels. This is an intuitive 

prediction because the correspondence noise at 30% coherence is expected to be much 

higher than the correspondence noise at 100% coherence. For example consider the 

performance curves for the low coherence experiments in Figure 3-5. When the 

coherence level is set at 100% the motion direction discrimination task would be easier 

and it is anticipated that the performance curves for the various displacements sizes would 

exhibit better performance. This would mean that the displacement sizes curves in Figure 

3-5 that are already in the 80-90% correct responses region would shift upwards and 

saturate at 100% correct responses (i.e., attain a ceiling effect). Therefore, in order to 

obtain a reasonable psychometric function with data points straddling the 75% threshold 

point extending the displacements size range would be required. Extending the range of 

displacement sizes would translate to an increase in the observed Dmin and Dmax. 

Stimuli: the tested range of dot densities and the stimulus size were the same as in low 

coherence experiments. Apart from the 100% coherence level the only change was that 

the range of displacement sizes tested was relatively large at various testing distances 

compared to the corresponding ranges in the low coherence experiments. The increase in 

displacement size range was due to the anticipated increase in performance levels at high 

coherence due to low correspondence noise (refer Chapter 2 for reasoning). The increase 

of the testable range of displacement sizes ensured that the resulting performances coverd 

much of the permissible range of psychophysical function (50% to 95% correct 

responses), so as to permit a reasonable estimate of Dmin and Dmax. 
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 At 82 cm The stimulus was presented within rectangular aperture of sides 15 x 10 

degrees (900 x 600 pixels). The displacement sizes tested were 50, 60, 80, 100, 125, 150 

and 200 arcmin. For all testable displacements below 50 arcmin performance for all three 

observers demonstrated a ceiling effect and remained >95% correct. The smallest 

displacement that the hardware would permit was 1 arcmin corresponding to 1 pixel 

displacement. At this displacement size performance was always >85% correct response 

and consequently Dmin could not be determined as there was no ascending limb to which 

a psychometric function could be fitted. A similar ceiling effect was observed at a viewing 

distance of 165 cm for displacement sizes below 50 arcmin and hence the 100% coherence 

experiments were not carried out at this viewing distance. The corresponding dot 

densities were retained as in the low coherence experiments.  

At 330cm The stimulus was presented within a rectangular aperture of sides 3.75 x 2.5 

degrees (900 x 600). The displacement sizes tested for all three observers were 0.25, 

0.50, 0.75, 1, 20, 25, 30, 35, and 40 arcmin. Experiments were performed on additional 

displacement sizes of 1.25 arcmin (SN and ST) and 50 and 70 arcmin (MC). For all 

displacements between 1.25 and 20 arcmin performances were >95% correct responses 

on a single run and hence data collection at these displacements was not pursued. For 

observers SN and ST, displacement sizes > 50 arcmin yielded performance close to chance 

level on a single run and hence these displacements were not tested.  

Effect of dot density: Figure 3-14 plots the effect of dot density on performance for three 

observers at a testing distance of 82 cm. For all three observers performance seems to 

decline progressively starting from low dot densities. A similar effect of dot density on 

performance is noticed at a testing distance of 330cm (Figure 3-15). The decline in 

performance suggests that at high coherence levels increase in dot density adversely affects 
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performance, probably due to a more rapid change in the associated correspondence noise 

levels particularly at high dot densities. The decline in performance is noticed for all three 

observers. 

 

Figure 3-14 Effect of dot density on performance for three observers at 100% coherence tested at 82cm. 
For all three observers, the data for each displacement size depicts a gradual decline in performance with 
increasing dot density. 

Displacement size (arcmin) 
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Figure 3-15 Effect of dot density on performance for three observers at 100% coherence tested at 330cm. 
The data demonstrates a similar effect of decline in performance with increase in dot density as noticed at a 
viewing distance of 82cm 

Effect of displacement size on performance: The re-plotted data in Figure 3-16 at 100% 

coherence shows only the descending limb for the 82cm viewing distance. This is because 

for a majority of displacements less than 50 arcmin the performance remained at or near 

saturation (> 95% correct responses). In the graphs, the space corresponding to the 

ascending limb is intentionally left blank and the graphs are plotted on the same scale as 

the graphs at 30% coherence levels for ease of comparison. There is a very broad range of 

Displacement size (arcmin) 
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displacement sizes over which direction discrimination performance remains maximal at 

100% coherence compared to at 30% coherence levels.  At 330 cm (Figure 3-17) the 

ascending limb could be obtained because at this viewing distance a one-pixel 

displacement corresponded to a 0.25 arcmin and hence small displacements sizes of less 

than 1 arcmin could be tested. The space between the ascending limb and the descending 

limb was intentionally left blank and signifies that most of the intermediate displacement 

sizes yielded a performance of > 95% correct responses.  

A two-way ANOVA showed that dot density (F 8,90 = 94.00 P <0.05) and displacement 

sizes (F 4, 90 = 71.14, P <0.05), both had a significant effect on performance. There was 

also a significant interaction between dot density and displacement size (F 32, 90 = 3.79, P 

<0.05). Similar results were obtained at a testing distance of 330 cm also, with dot 

density (F 8, 162 = 16.51, P <0.05) and displacement sizes (F 8, 162 = 112.51, P <0.05), 

both significantly affecting performance There was also a significant interaction between 

dot density and displacement size (F 64,162 = 2.85, P <0.05). 
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Figure 3-16 Effect of displacement size on performance for three subjects at 100% coherence tested at 
82cm. The descending limb alone is plotted. The area corresponding to the ascending limb is intentionally 
left blank.  
 

Dot Density dots/deg2 
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Figure 3-17 Effect of displacement size on performance for three subjects at 100% coherence tested at 
330cm. The blank area corresponding to the indicates performances all those intermediate displacements 
reached ceiling effect these displacement sizes and were not tested. 

Effect of dot density on Dmin and Dmax: At low dot densities Dmax is higher and 

gradually declines at high dot densities. A rapid decrease in Dmax (from 163 – 92 arcmin, 

averaged for three observers) occurs for dot densities 0.13 up to 2.13 dots/deg2; for dot 

densities beyond 2.13 dots/deg2  the decrease in Dmax is gradual (78 – 53 arcmin) over 

the 100-fold change in dot density (Figure 3-18). Dmax was also plotted on Log-Linear 

scale to make the effect of dot density more apparent (Figure 3-18A). This trend of Dmax 

Dot Density dots/deg2 
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with increases in dot density is also seen at testing distance of 330cm, where Dmax 

averages about 45 arcmin at low dot densities and about 25 arcmin for high dot densities 

across all three observers (Figure 3-19). Dmin in contrast did not show such a change with 

changes in dot density. Averaged across all three observers, at each dot density Dmin 

ranged about 0.48 – 0.56 arcmin. 

At 82 cm a one-way ANOVA revealed an effect of dot density (F 8,18 = 65.29, P <0.05) 

on Dmax obtained  . At 330 cm, there was a significant effect of dot density on Dmax (F 

8,18 = 18.53, P <0.05) but changes in dot density did not significantly affect Dmin (F 8,18 = 

0.27, P =0.96). 

 

Figure 3-18 Effect of dot density on Dmax plotted on a Log-Linear scale [A] and Log- Log scale [B] for 
three observers at 100% coherence tested at 82 cm. the log-linear scale was plotted to make the effect of 
dot density on Dmax easier for visual inspection. 
 

A 

B 
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Figure 3-19 Effect of dot density on Dmax on a Log-Linear scale[A], Log-Log scale [B] and on Dmin on a 
Log-Log scale [C] for three observers at 100% coherence tested at 330cm. There is a gradual decline in 
Dmax as dot density increases, whereas Dmin relatively remained the same over the same dot density range.  

3.5.3 Variable Coherence experiments 

The variable coherence experiments were done to present an overall picture of the 

interaction among the variables: dot density, displacement size and coherence level, when 

the coherence level was optimised. In this set of experiments, each displacement size had a 

customised coherence level of its own. The coherence level was customised to each 

displacement such that every displacement size had a performance level of >80% correct 

responses at the lowest dot density. For small displacements this performance was 

A 

B 
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achieved at a coherence level of about 30% but large displacements sizes, for example 70 

arcmin, needed a coherence level of about 80% to reach an identical performance level. 

Having set the coherence level with the lowest dot density, for a given displacement size, 

experiments were run for all the remaining dot densities at the same coherence level. 

Higher coherence levels were required to obtain the desired performance levels of greater 

than 80% correct responses at larger displacement sizes for the lowest dot density.  

Stimuli: The stimulus was a rectangular aperture of sides 15 x 10 degrees (900 x 600 

pixels), similar to that used in the experiments at a viewing distance of 82cm. The effect 

of dot density on performance was measured for nine dot densities: 0.13, 0.27, 0.53, 

1.07, 2.13, 4.27, 8.53, 17.07 and 26.67 dots/deg2, for displacement sizes of 2,5,10, 20, 

30, 40, 50, 70 and 100 arcmin.  

 

Figure 3-20 Variable coherence at 82cm for two observers. The experiment was done only at 82 cm. 

Displacement size (arcmin) 
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Effect of dot density: at 82 cm, for both the observers starting from low dot densities, 

there is a progressive decline in performance with increase in dot density. The effect is 

profound for displacement sizes greater than 40 arcmin dot densities, despite the presence 

of a relatively higher coherence level. This is probably related to the rate of change of SNR 

encountered in a stimulus with high densities and large displacement sizes. This will be 

discussed further in the next section.  

3.6 Discussion 

In the study of motion perception in RDKs several authors have recognised the 

importance of correspondence noise, but the relationship between correspondence noise 

and motion detection thresholds has not been systematically investigated. For example 

Braddick (1974) addressed correspondence noise as the amount of false pairing in the 

stimulus, but since his results revealed dot density invariance for Dmax, he assumed that 

the amount of false pairing in the stimulus was fairly constant and proposed a spatial limit 

to motion detection. 

Morgan (1992) and Eagle & Rogers (1996, 1997) addressed correspondence noise as the 

informational content in the stimulus. All the studies mentioned above used a variety of 

stimulus parameters to obtain a wide range of Dmax (the largest values of Dmax obtained 

across studies varied between 1°and 4°).All three studies agree that the amount of false 

pairing in the stimulus could affect the observed thresholds but in general their argument 

was that spatial filtering of the stimulus altered the amount of false pairing in the 

corresponding filtered image. The dimensions of the spatial filter that best explained the 

psychophysical thresholds were taken to be the determinant of Dmax. Hence spatial 

filtering was given precedence over correspondence noise in the stimulus.  But in reality 

every change in the stimulus parameter viz., dot density, dot size, or the stimulus size 
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could have manipulated the correspondence noise in the stimulus. The discussion will 

attempt to provide insights into the dynamic relationship between the change in stimulus 

parameters and the probable associated change in the correspondence noise and how this 

could eventually influence Dmax and Dmin. 

The discussion will focus on the qualitative changes in Dmin and Dmax associated with 

various stimulus conditions. This will help address the uncertainty about which stimulus 

parameter exerts a greater influence on the observed Dmin and Dmax. Finally 

quantitative insights will be provided in Chapter 6 regarding the changes in 

correspondence noise associated with changes in the various stimulus parameters and how 

this could have contributed to the dynamic range of Dmax noticed in the current 

experiments as well as a few studies in the literature.  

The discussion is broadly divided to address the 1) effect of coherence level, 2) effect of 

dot density, 3) effect of dot size, and 4) effect of eccentricity/patch size on Dmin and 

Dmax. In the discussion section the references made to correspondence noise being a 

major factor affecting Dmax and Dmin is based on intuitive arguments based on the results 

of psychophysical experiments. In chapter 6 and 7 the role of correspondence noise is 

qualitatively evaluated from simulations of a motion detection model.  

Effect of coherence level on Dmin and Dmax 

One of the important issues investigated in the study was the relevance of static attributes 

in the stimulus to the observed Dmax values reported in the literature. The low and high 

fixed coherence experiments were designed to specifically address this issue by keeping 

the static parameters constant and repeating the experiments at two different coherence 

levels. A simple comparison of Dmax at the two coherence levels reveals that at high 

coherence levels the Dmax values are almost double that of their low coherence 
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counterparts, at various viewing distances, for all three observers (Table 3-1). This could 

be due to static stimulus parameters not contributing as much as previously assumed in 

determining Dmax. The same applies to Dmin as well, where Dmin values decrease by a 

factor of more than three, at high coherence levels compared to low coherence levels for 

all three observers (for Dmin, the smaller the value, relatively better is the visual 

performance). Dmin could not be obtained at high coherence for at least two viewing 

distances because performances reached ceiling level for the smallest displacement sizes 

tested. A further lowering of displacement size was not possible due to pixel-size 

limitation in the monitor. Nevertheless, the values could only have been less than their 

Dmin counterparts at low coherence levels.   

The differences in Dmax and Dmin at the two coherence levels can be intuitively 

explained as follows. At low coherence levels only a fraction of the dots in the stimulus 

area move coherently from the first to the second field of the RDK. The rest of the dots 

are randomly positioned within the stimulus aperture increasing the potential spurious or 

noise pairs. The resultant effect is that these noise pairs can cause the impression of 

motion in any random direction. The lower the coherence, higher is the number of 

randomly positioned dots and hence higher is the noise. A large number of noise pairs 

severely compromises the ability of the visual system to correctly discriminate the 

direction of motion. In the current experiments this is reflected as a change in the 

observed Dmax and Dmin at the two coherence levels. A similar mechanism can be 

assumed to operate at high coherence too, but the only difference is that the proportion of 

noise is comparatively less, probably because all the dots in the stimulus move in a 

common direction.  A relatively large magnitude of Dmax observed over the entire range 

of dot density at high coherence is highly suggestive that correspondence noise is generally 

less in a high coherence stimulus. 
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The interaction between the coherence level and the associated correspondence noise can 

be further highlighted by comparing the slopes for Dmax or Dmin at the respective 

viewing distances at the two coherence levels. For example, at a viewing distance of 82cm 

(see Table 3-1, pp 79), compare the Dmax slopes for observers SN and ST for the low and 

high coherence levels.  The slopes were calculated in terms of [arcmin/ (dots/deg2)] for 

the data shown in Figure 3-12, Figure 3-13,Figure 3-18, Figure 3-19 . The slopes are 

relatively steeper at high coherence than at low coherence levels. A similar but subtle 

trend is evident for observer MC also. This is probably because at low coherence levels, 

the correspondence noise is already high and remains beyond a cut-off point so that the 

motion detection system is unaffected by the changes in correspondence noise that occur 

at low and high dot densities. At high coherence levels the correspondence noise is 

probably less at low dot densities and increases rapidly as the dot density continues to rise. 

This might be one of the reasons for the enormous range of Dmax observed at high 

coherence levels (170 arcmin to about 55 arcmin, averaged across all three observers).  

This wide range of Dmax is similar to the Dmax of Morgan (1992), spanning from 15 to 

150 arcmin using a range of increasing dot sizes and the Dmax of Eagle and Rogers 

(1997), spanning from 40 to 200 arcmin using progressively larger patch sizes ( for the 

0.1% dot density condition). A commonality between the current study and the two 

studies mentioned above is that all used a high coherence level of about 100%. Assuming 

that dot density, dot sizes and patch sizes do not contribute to increases in Dmax of their 

own accord, it is reasonable to conclude that their Dmax values and the Dmax noticed in 

high coherence experiments of the current study could have been a direct consequence of 

the high coherence levels used and not due to the static stimulus attributes. 

With regards to Dmin, increasing the coherence level seems to improve the observed 

threshold. Compare the Dmin thresholds at low and high coherence at a viewing distance 
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of 330 cm in Table 3-1 . For all three observers Dmin becomes smaller with increases in 

the coherence level in a manner consistent with the correspondence noise hypothesis. 

Even though the evidence presented in support of correspondence noise for Dmin is 

limited due to hardware restrictions, a detailed treatment of Dmin is presented in Chapter 

4. 

Effect of dot density on Dmin and Dmax 

In this section the dot density related changes affecting performance and the associated 

changes in correspondence noise are discussed. To understand the relationship between 

dot density and correspondence noise, let us consider a RDK stimulus with a given 

stimulus aperture size. When the dot density in the stimulus is low, the dots suffer less 

interference from neighbouring dots, probably causing less noise, resulting in an 

improvement in Dmax and Dmin values. In contrast when the dot density is high there is 

probably an increased interference (more noise) among the dots causing a deterioration of 

the observed Dmax and Dmin.  It is also possible to argue that as the dot density increases, 

the signal pairs in the stimulus also increase proportionately, which should cause an 

improvement in the Dmax and Dmin. This argument is valid because, with change in dot 

density there is a possible change in the signal strength but the proportionate change in the 

noise must also be accounted for before arriving at a conclusion. Hence the performance 

would improve if the change in signal strength exceeds the change in noise strength and 

would deteriorate if the converse were true. In other words performance largely depends 

on the SNR in the stimulus. This SNR would depend on many parameters viz. the dot 

density, displacement size, and coherence level and stimulus size, to name a few. 

Dot density can itself cause a change in correspondence noise as described above; an 

associated change in the coherence level can further alter the SNR, affecting the observed 
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Dmax and Dmin. Since the experiments were carried out at two different coherence 

levels, for ease of understanding, dot density related changes in performance are discussed 

for the two coherence levels separately. First Dmax is discussed followed by Dmin. 

Consider the example of the change in Dmax across the entire range of dot densities at a 

viewing distance of 82 cm for high coherence (Figure 3-18). For all three observers the 

Dmax at lowest dot density is much larger (174, 160 and 152 arcmin for observers MC, 

SN and ST), than Dmax at the highest dot density (53, 57 and 47 arcmin, for MC, SN and 

ST). The negative slope (refer Table 3-1, high coherence columns) indicates that as the 

dot density increases Dmax decreases. Averaged across all three observers there is a 68% 

decrease in Dmax between the highest and lowest dot density (for dot density range 

between 0.13 and 26.67dots/deg2). A similar occurrence can be seen in the study of Eagle 

and Rogers (1997). In their experiment on Dmax as a function of dot density and patch 

size, of the several patch sizes, one of the patch sizes they used was about 162 deg2, with 

dot density between 0.025 – 50dots/deg2.  This closely matches to the patch size of 150 

deg2 in the current experiment. For this nearly overlapping patch size and dot density 

range of 0.025 and 20dots/deg2 there is approximately a 64% decrease in Dmax averaged 

for three observers (the corresponding number of dots in the stimulus ranged 

approximately between 40 and 3225 dots). Similarly, Morgan (1992) used a fixed patch 

size of about 25 deg2 and used various dot sizes to determine Dmax. From the dot density 

range used by Morgan, the density range that overlaps the current study and that of Eagle 

and Rogers (1997) approximately lies between 0.34 to 88dots/deg2 (the corresponding 

number of dots in the stimulus lies approximately between 9 and 2220 dots). Over this 

range of dot density there is an 85% decrease in Dmax between the extreme densities, 

averaged for four observers in Morgan’s experiment. Assuming that the slight 

experimental differences among the three studies are inconsequential, it can be stated that 
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at 100% coherence, as dot density and displacement size increases the correspondence 

noise also increases. The changes in correspondence noise are reflected by the changes 

observed in Dmax. 
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Table 3-1: A compilation of the Dmax, Dmin values and associated statistics for the low and high coherence experiments, for three observers. The slopes were calculated from the 
best fitting straight line to the appropriate Dmax and Dmin values. The blank spaces indicate that the experiments were not carried out due to various reasons mentioned in the text.  

Dmax  
Viewing 
Distanc

e 
 

MC SN ST 

Low Coherence High Coherence Low Coherence High Coherence Low Coherence High Coherence 

82 cm 
Avg. Dmax 

(arcmin) 35.80 + 1.71 94.92 + 39.97 40.60 + 6.72 91.26 + 36.45 35.38 + 3.39 82.45 + 34.48 

Slope + 95% CI - 0.16 + 0.02 - 0.21 + 0.03 - 0.09 + 0.02 - 0.19 + 0.03 - 0.03 + 0.03 - 0.20 + 0.05 

165 cm 
Arcmin/(dots/deg2) 26.21 + 6.19 -- 27.04 + 4.09 -- 23.46 + 4.56 -- 

 - 0.13 + 0.04 -- - 0.08 + 0.03 -- - 0.08 + 0.07 -- 

330 cm 
 14.49 + 2.89 33.52 + 8.24 12.33 + 1.04 29.29 + 5.93 11.17 + 2.46 31.38 + 9.48 

 -0.10 + 0.03 -0.13 + 0.02 -0.03 + 0.03 -0.11 + 0.02 -0.05 + 0.11 -0.17 + 0.05 

 

Dmin 
Viewing 
Distanc

e 
 

MC SN ST 

Low Coherence High Coherence Low Coherence High Coherence Low Coherence High Coherence 

82 cm 
Avg. Dmin 
(arcmin) 2.59 + 0.63 -- 8.02 + 0.90 -- 4.89 + 1.28 - 

Slope + 95% CI 0.058 + 0.10 -- - 0.05 + 0.02 -- - 0.06 + 0.13 -- 

165 cm 
Arcmin/(dots/deg2) 2.15 + 0.61 -- 6.19 +  2.03 -- 3.60 +  0.87 -- 

 0.09 + 0.12 -- - 0.14 + 0.12 -- -0.06 + 0.10 -- 

330 cm 
 2.40 + 0.80 0.37 + 0.04 4.36 + 1.46 0.58 + 0.06 3.48 + 0.70 0.50 + 0.15 

 0.12 + 0.18 0.02 + 0.05 -0.18 + 0.09 -0.02 + 0.04 0.01 + 0.11 0.07 + 0.11 
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Dot density seems to influence Dmax even at low coherence levels for all three observers 

MC, SN and ST (Figure 3-7). For example at a viewing distance of 82cm the Dmax at the 

lowest density is about 37, 48 and 40 arcmin and 34, 29 and 33 arcmin at highest density 

(refer Table 3-1, Dmax, low coherence columns). The negative slope of the Dmax versus 

dot density function suggests that dot density has an effect on Dmax at low coherence as 

well. But the slope is shallower compared to the slope observed at a high coherence level 

at the same viewing distance. Averaged across all three observers there is a 22% decrease 

in Dmax between the extreme dot densities at a viewing distance of 82cm. These subtle 

effects of dot density on Dmax are evident at other two viewing distances and for all the 

observers. At a viewing distance of 165 cm there is an overall 45% decrease, and at 330 

cm there is a decrease of Dmax by 40% between the extreme dot densities. 

The effect of dot density on Dmax becomes profound on doubling and quadrupling the 

testable range of dot densities, at both coherence levels. In general, higher the dot density 

greater is the correspondence noise and lower is the Dmax and this trend appears to be 

present at both coherence levels tested. There are differing opinions among researchers on 

the issue of the effect of dot density on motion thresholds. Whilst the studies of Sato 

(1990), Morgan (1992) and Eagle & Rogers (1997) show that decreasing the dot density 

results in an increased Dmax, quite a few studies in RDKs suggest otherwise viz., 

Braddick (1974), Chang & Julesz (1983), Baker & Braddick (1985), and Todd & Norman 

(1995). One of the major reasons that could have contributed to the divided opinion 

among these researchers could be the differences in the dot densities utilized by them. 

Typically in the studies where Dmax was found to be dependent on dot density, 

experiments were carried over a wide range of dot density, with particular emphasis at 

very low dot densities. The very low dot densities could be responsible for low 
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correspondence noise in the stimulus favouring an increase in Dmax. In the studies where 

dot density invariance was reported for Dmax, dense RDKs (to the order of 50% dot 

density) were used to determine Dmax. Even though all the studies mentioned above used 

100% coherence level, the dense patterns severely limited the observed Dmax because the 

stimulus probably had a high correspondence noise and did not offer much change in the 

noise levels that could be picked up by the motion detection system when other stimulus 

parameters like dot size and stimulus area were changed. Hence the result was a nearly 

constant Dmax with dense RDK patterns. 

With respect to Dmin, as the dot density is increased, Dmin appears to decrease (Table 

3-1) at both the coherence levels. At low coherence level consider the slopes for Dmin. 

For observers SN and ST the negative slopes imply that as dot density increases the Dmin 

decreases. The smaller the Dmin value, the better is the sensitivity of the motion 

detection apparatus. The dependency of Dmin on dot density is further supported by the 

fact that Dmin gets progressively smaller when the dot density is increased by doubling 

and quadrupling the testing distances. For observer MC, the Dmin is very low to begin 

with, and remains relatively unchanged or shows subtle increase when the dot density is 

altered. Averaged across the three observers, Dmin at low coherence decreases between 

the extreme dot densities by 47.2%, 58.9% and 61.7% for the viewing distances of 82, 

165 and 330 cms respectively.  

At high coherence Dmin could only be measured at a viewing distance of 330 cm because 

of performances reaching a ceiling effect at other viewing distances. Considering the fact 

that at a viewing distance of 330 cm the minimal displacement to generate the motion 

signal was 0.25 arcmin and with increment in 0.25 arcmin steps, the average Dmin of 

0.48 arcmin for three observers, suggests that Dmin had reached its limits for the given 
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stimulus setup. The decrease in Dmin values with progressive increase in dot density 

suggests that at small displacements the correspondence noise is low at high densities. In 

addition the presence of a larger number of dots in the stimulus offers greater activation of 

the motion detectors in the visual system. This could mean that a previously under 

unsaturated motion detection system gets stimulated by increase in dot density. To 

disambiguate the role of correspondence noise and the role of under-sampling for Dmin 

requires further experiments. This will be dealt with in Chapter 4.  

Effect of dot size on Dmax and Dmin 

In the experiments when the viewing distances were doubled or quadrupled, the dot sizes 

were not altered to compensate for the size differences. This was done mainly to ensure 

that the total number of pixels that the stimulus was composed of, remain unaltered. Since 

the total number of pixels remain unaltered, the dot density in terms of the proportion of 

stimulus area occupied by the dots (dot density %) always remained the same. This was 

done so as to render the dot density% comparable to the studies of Morgan (1992) and 

Eagle & Rogers (1997). Despite the variation in the dot sizes at various viewing distances, 

the effect on the observed Dmin and Dmax would have been negligible because of the 

following reasons evident from the literature. For example Morgan (1992) used a largest 

dot size of 72 arcmin to obtain a Dmax of just under 3 degrees and Eagle & Rogers (1997) 

using a fixed dot size of 6×6 arcmin obtained a Dmax of about 6 degrees. In the current 

study using a dot size of 4×4 arcmin Dmax was obtained in the region of 3 degrees. Given 

a nearly constant Dmax across the studies employing differently sized dots, the notion that 

Dmax depends on dot size is rejected. Therefore in the current study it can be assumed 

that small inadvertent changes in dot sizes encountered while repeating the experiments at 

different viewing distances could not have impacted the Dmin and Dmax.  
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It is worthwhile to point out that to obtain the respective Dmax, Morgan (1992) used a 

stimulus area of about 25 deg2;  Eagle & Rogers (1997) used a stimulus area of about 160 

deg2 and the current experiments about 150 deg2. In all the cases the respective dot 

density yielding the largest Dmax was less than 2 dots/ deg2. The emphasis is that dot size 

on its own does not convey much information about the potential correspondence noise in 

the stimulus.  

Effect of Patch size /Eccentricity on thresholds 

Another issue that is central to the observed Dmax is the size of the patch used. A large 

patch size can involve a greater area of retinal eccentricity and can result in a larger Dmax, 

possibly because the motion detectors in the peripheral visual field are large or because the 

peripheral visual field is more specialized for motion detection (Baker and Braddick, 1982; 

1985). The results of Eagle & Rogers (1997) support this notion of Dmax increasing with 

a simultaneous increase in the patch size of the stimulus. For example, with a patch size of 

25.4×25.4 degrees they obtained a Dmax just above 3 degrees, and with a patch size of 

12.7×12.7 degrees of equivalent dot density to the former patch size, the Dmax obtained 

was less than 2 degrees. Eagle & Rogers (1997) claim that the increase in Dmax was due 

to the spatial filtering characteristics of the motion detection system in the peripheral 

visual field as opposed to the accepted notion of the eccentricity dependent increase in 

Dmax (Chang & Julesz, 1983; Nakayama & Silverman, 1984). Now let us consider the 

results of Morgan (1992) who also obtained a Dmax of just under 3 degrees, but with a 

much smaller patch size of 5×5 degrees centred on the visual field∗

                                                 
∗ Please note that the dot sizes used by both the above mentioned researchers were different and this issue 
has been addressed in the preceding section. 

. Note that there is at 

least a 25-fold difference in patch sizes between both the above mentioned studies, yet the 

observed Dmax is similar. In both cases, in the respective studies, the dot density within 



 84 

the patch was standardized, the patch was centred on the visual field and the experiments 

were carried out at 100% coherence level. Comparing the results of Eagle & Rogers 

(1997) and Morgan (1992) reveals that the association of Dmax and patch size is not a 

straightforward one. The results of the above mentioned studies suggest that both patch 

size and eccentricity are not the absolute determinants of Dmax, but to a certain extent 

both seem to play a role.  

Differences in Dmax due to patch size can be observed in the current set of experiments as 

well. To illustrate let us consider the Dmax for the low coherence experiments at all three 

viewing distances. In Figure 3-21, for each observer the Dmax obtained for the three 

viewing distances is plotted onto a single graph. The three viewing distances are identified 

by their corresponding patch sizes.  There are four common dot densities (the densities 

within the dotted vertical lines) where differences in Dmax can be compared across the 

patch sizes.  For these four dot densities it can be seen that larger the patch size, higher is 

the Dmax, a finding similar to that of Eagle & Rogers (1997). For these four dot densities 

the differences in Dmax could be due to the physical dimensions of the patch or due to the 

variable retinal eccentricity stimulated by each patch size. To deduce which one of the two 

has a greater role, for these four dot densities the experiments for the smallest patch size 

were repeated at a viewing distance of 165cm after adjusting the angular subtense of the 

stimulus to equal the smallest patch size. Now, for this adjusted patch size the retinal 

eccentricity stimulated is identical to the smallest patch size, it is expected that the 

resulting Dmax should also be the similar. The experiment was done only for observer 

SN, and the results indicate that the Dmax for the adjusted patch size more or less 

overlapped the Dmax of the smallest patch size. Thus it is possible the differences in 

Dmax due to underlying changes in patch size could have been due to stimulation of a 

different range of retinal eccentricities. The reason behind a small noticeable but 
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consistent increase in Dmax for the adjusted patch size is not clear and it could not be 

accounted for.  

 
Figure 3-21: A comparison of Dmax at three viewing distances for each observer. The viewing distances 
are identified by their corresponding patch sizes.  The area within the dotted vertical lines indicates the 
common densities for all three patch sizes.  For SN the filled grey data points represent the Dmax for the 
adjusted patch size (see text for details).  The Dmax for the adjusted patch size and the Dmax for the 
smallest patch size closely overlap indicating that at similar eccentricities the obtained Dmax would also be 
closely related.  

. 
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3.7 Summary 

• The intuitive predictions on Dmax made in Chapter 2 are satisfactorily tested in 

the psychophysical experiments.  

• Dot density plays an important role affecting performance by probably influencing 

the correspondence noise. For example consider the results of Dmax shown in 

Figure 3-18 and Figure 3-19. Lower dot densities always yield a higher Dmax, as 

predicted in Chapter 2.  This trend was consistently present in all the Dmax 

experiments. In general the results for Dmin with respect to correspondence 

noise were not as unequivocal. For example consider Dmin in Figure 3-19: As the 

dot density increases MC shows a relatively invariant Dmin, SN shows an 

improvement in Dmin and only ST shows an increase in Dmin. 

•  The representation of dot density as a proportion of stimulus area (dot density %) 

provides ambiguous information about the absolute number of dots in a given 

stimulus especially if the experiments were carried out at various viewing 

distances. In contrast representing dot density in terms of visual angle (dot/deg2) 

provides more definitive information.  

• Static attributes in the stimulus have a relatively lesser role in determining Dmax, 

than was assumed previously, as is evident from comparing the results of 

experiments carried out at the two coherence levels.   

• Stimulus parameters like dot density, dot size, or patch size do not convey much 

information on their own, and hence to truly account for correspondence noise or 

false pairing in the stimulus, all the above mentioned variables should be 

considered as interdependent parameters.  

• Dot size does not seem to affect Dmax. Patch size does seem to have an effect on 

Dmax; the current investigation is unable to provide an explanation for the same. 
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Change in retinal eccentricity might have a role to play in determining the 

absolute Dmax and Dmin. 

• At this point it is not possible to fully account for Dmin using correspondence 

noise alone. The lead towards under-sampling and Dmin uncovered in the dot 

density experiments will be probed in Chapter 4.  
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4 Dmin: Role of correspondence noise and under-sampling  

4.1 Introduction 

Studies in Dmin are considerably less extensive compared to Dmax in the research 

literature. But just as there is a wide range of Dmax values reported across various studies, 

Dmin values too follow a similar pattern. For example in RDKs the earliest investigations 

to measure the absolute minimum displacement threshold found Dmin in the region of 7 – 

14 arcsec (Hadani et al., 1980). Other studies found Dmin to range from the order of 10-

20 arcsec (Nakayama & Tyler 1981), up to 20 – 120 arcmin for a variety of stimulus 

parameter and eccentricity combinations (Baker & Braddick 1985). These large 

differences in Dmin are likely to be due to the varied stimuli used across the studies as 

described in the introductory chapter. The interaction of various stimulus parameters and 

how this could probably alter correspondence noise, thereby affecting motion thresholds 

has been discussed in Chapter 3, especially for Dmax. The role of correspondence noise 

with regards to Dmin was also discussed in chapter 3; the results of the low and high 

coherence experiments were favourable towards the role of correspondence noise 

hypothesis for Dmin.  But unlike Dmax, the results of Dmin with increases in dot density 

differed from the predictions of the correspondence noise hypothesis. Whilst Dmax 

deteriorated with increases in dot density, Dmin appeared to get better with increases in 

dot density, at least for two observers. An improvement in performance at higher 

densities could suggest that the motion detection system was not sufficiently stimulated at 

low dot densities. In effect, the stimulus was under-sampled at low dot densities. At this 

stage it is not clear as to what drove the changes in Dmin: correspondence noise or under-

sampling? Therefore further probing was required for Dmin which could not be carried 

out with the experimental set up described in Chapter 3 mainly due to technical 

restrictions.  
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To resolve this ambiguity experiments were designed to test simultaneously predictions of 

correspondence noise hypothesis and the possibility of under-sampling for Dmin. To 

enable this, the following method was adopted: 1) a much higher dot density than 

previously tested was used to investigate under-sampling 2) very low coherence levels in 

combination with a range of dot densities were used to find if Dmin consistently increased 

with increase in correspondence noise in the stimulus.  

4.2 Materials and Methods 

The equipment and stimuli essentially remained the same as described in the methods and 

material section of chapter 2 except for the following. The experiments were carried out 

at a viewing distance of 6 meters in order to maximise the range of testable dot densities 

(dots/deg2). At 6m each pixel on the display subtended 8.24 arcsec in each direction. 

Each dot of the RDK comprised 6×6 pixels, subtending 49.5 × 49.5 arcsec. All 

experiments used a stimulus area (ESA) of 3.43° × 0.27° (1500 × 120 pixels, and the TSA 

measured 1600 × 120; refer Figure 3-1 for the description of terminologies).  

The dot luminance was 122.6 cd/m2 and the background luminance was 17.5 cd/m2. 

Thus the stimulus had a Michelson contrast of approximately 75%. Each field of the RDK 

was displayed for 157 ms without an ISI. Following this the screen went blank, the display 

luminance being commensurate with background luminance. The next trial commenced 

1000 ms after the observer’s response. Two observers SN and ST participated in the study 

and the experiments were done monocularly as before. Experiment specific stimulus 

parameters are described in the relevant sections.  

4.3 Experiment 1: Effect of Dot density on Dmin 

The maximum dot density for which Dmin was tested in Chapter 3 was approximately 

400 dots/deg2. But with every increase in dot density starting from 0.13 dots/deg2  Dmin 
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showed tendency to improve, more so in the low coherence experiments (refer to the 

Dmin in Table 3-1). This suggested that a large Dmin at sparse dot densities could be due 

to under-sampling of the stimulus plane. To further test the possibility of under-sampling 

this experiment was designed to investigate Dmin at fairly high dot densities. The effect of 

dot density on Dmin was determined by varying the number of dots from 25 to 2000 

(number of dots selected was one of 25, 50, 100, 200, 400, 800, 1600 and 2000, the 

maximum number of dots within the ESA) approximately corresponding to the dot 

density range 27 to 2160 dots/deg2. The experiments were carried out at 100% 

coherence.  

The Dmin at each of the eight dot densities mentioned above was obtained as follows. For 

example to measure Dmin at a dot density of 27 dots/deg2, dot displacement size was 

varied so that the dot displacement size took one of the twelve predefined values, six 

leftward and six rightward motions. The displacement sizes were determined from pilot 

data so that the direction of motion could be barely detected at the smallest displacement 

and easily detected at the largest displacement size. Hence the observer's responses 

covered much of the psychometric range of 50% to 100% correct responses. The 

direction of motion and the dot displacement sizes were randomly interleaved. At each of 

the twelve displacements 10 observations were made totalling 120 observations. Four sets 

of 120 such observations were made before testing the next dot density chosen at random. 

The results of these four sets of experiments were accumulated to obtain a performance 

curve at each dot density. Later a cumulative normal distribution function was fitted to 

this performance curve and Dmin was obtained from the displacement size that 

corresponded to 75% correct response.  Dmin for the remaining dot densities was 

calculated in the same way (Figure 4-1).  
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Figure 4-1: Effect of dot density on Dmin for two observers ST and SN. Both the above figures present the 
same data, except that the abscissa in figure [A] is plotted with a log scale and in figure [B] is plotted with a 
linear scale. Dmin, as predicted, gets lower with increasing dot density, and this effect is best seen in figure 
B. An exponent fit to the data reveals that Dmin continues to improve up to a dot density of 430 dots/deg2, 
and thereafter shows marginal improvement for higher dot densities.  

An important outcome was that Dmin was shown to improve with increasing dot density. 

Averaged for both observers there is a 30% drop in Dmin over a 16 fold increase in dot 

density from 27 dots/deg2 to about 432 dots/deg2. Over the next 5-fold increase in dot 

density there is only a minimal change in Dmin. This suggests that up to a dot density of 

432dots/deg2 the motion detectors were under-sampling the stimulus resulting in an 

improvement in Dmin with increased dot density. Beyond 432dots/deg2 the motion 

detectors are probably saturated and adding more dots does not contribute to an increase 

in performance. Conversely, it could also be argued that the scope for improvement in 

Dmin beyond 432dots/deg2 was neutralized, probably due to correspondence noise 

setting in, thereby limiting the performance. By comparison with the Dmin obtained at 
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330cm, the Dmin at 6m was, on the average, worse off by about 12 arcsec. The 

comparison of Dmin at both these testing distances is only inferential because a direct 

comparison is not possible due to differences in the stimulus area, dot density, dot density 

range tested and dot sizes used. There also seem to be inter-observer differences on the 

trend of Dmin at both the testing distances (Figure 4-2). For observer SN, Dmin shows 

tendency to improve (Dmin gets smaller in magnitude) with increase in dot density at 

both 330 cm and at 6m. But for ST Dmin is more or less invariant over the entire dot 

density range at 6m, but shows tendency to worsen (higher Dmin) with increasing dot 

densities at 330 cm. A higher Dmin for over certain range of approximately overlapping 

dot densities for the two viewing distances (approximately between 27 dots/deg2 and 70 

dots/deg2 for SN and up to 110 dots/deg2 for ST) remain unexplained at this stage. But 

within the overlapping dot density region, at higher dot densities the Dmin at 330 cm and 

at 6m seem to be closely related. One of the reasons for the similarity in Dmin at both the 

testing distances could be the presence of high coherence and the small displacements 

involved. While the 100% coherence minimised the inherent correspondence noise due to 

the absence of randomly positioned dots, the low displacement size allowed motion 

correspondence to be established without interference from other neighbouring dots. 

Finally consider Dmin at 6m on its own: the 30% decrease in Dmin between the extreme 

values of dot densities are in favour of an under-sampling hypothesis for Dmin. 
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Figure 4-2: A comparison of Dmin values obtained at both 330cm and at 6m shows that Dmin is slightly 
higher at 6m than at 330 cm for both the observers over the approximately overlapping dot densities.  The 
330 cm Dmin for both the observers seem to merge on to the 6m data towards the higher end of the 
overlapping dot densities for both observers.    

4.4 Experiment 2: Effect of Coherence level on Dmin 

Whilst the under-sampling hypothesis for Dmin seems convincing as discussed in the 

previous experiment, the role of correspondence noise also seems to play a part. Consider 

the results of Dmin for the low coherence and the high coherence experiment at 330cm in 

Chapter 2. The Dmin for low coherence condition at 330cm averaged about 3.37 arcmin, 

and for the high coherence Dmin averaged about 0.58 arcmin, across the three observers. 

As described in the Chapters 1 and 3 and discussed in Chapter 4, the change in coherence 

level could alter the correspondence noise inherent in the stimulus. At low coherence 

level the Dmin is high probably because of the increased level of correspondence noise. 

Just as for coherence level, dot density alters the correspondence noise so that low dot 

densities contribute less noise thereby improving performance. The opposite holds for 

high dot densities. This is not evident from the earlier experiment as the correspondence 

noise was low at all dot densities given the small displacement size and the high coherence 

used. In the next experiment Dmin is investigated for a combination of dot densities and 

coherence levels. It is expected that Dmin will decrease with an increase in dot density 

and coherence level. 
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The effect of coherence level on Dmin was estimated for 4 levels of coherence (SN: 50%, 

60%, 80% and 100% and ST: 40%, 60%, 80% and 100%), for three dot densities 27, 215 

and 1728 dots/deg2 (corresponding to 25, 200, and 1600 dots). To measure Dmin under 

these conditions the same data collection and analysis protocol as described in section 5.3 

was used.  

 

Figure 4-3: Effect of coherence level on Dmin for two observers for three dot densities. The lines 
represent the exponential fit through the data points. Dmin gets smaller for high coherences, indicating that 
correspondence noise could have affected performance at low coherences. Small Dmin for high densities 
could be a consequence of under-sampling at higher coherence levels.  

The general prediction in Chapter 2 was that a combination of high dot density and low 

coherence would yield large thresholds. This is evident for Dmin in this experiment. The 

average Dmin for the combination of the highest dot density (1728 dots/deg2) and lowest 

coherence (40%) was about 163 arcsec. Such a high Dmin can be a direct result of two 

factors that contribute to increased correspondence noise; low coherence and high dot 
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density both can increase the probability of spurious pairing. This is because at 40% 

coherence level only 692 out of the 1728 dots move coherently and the rest are positioned 

randomly. The same dot density when combined with high coherence, however, yields a 

low Dmin of about 41 arcsec. This is probably because of fewer opportunities for the 

spurious pairing of dots. The exponential fits to the data reveal that the trend of 

decreasing Dmin with increase in coherence level applies across all three dot densities 

tested. On the average between the extreme coherence levels Dmin decreases by 75% for 

high dot densities, 50% for intermediate dot densities and about 35% for low dot 

densities.  

Though these findings are supportive of the role of correspondence noise it raises one 

more question: Which one of the two, under-sampling or correspondence noise plays the 

major role in determining Dmin? The answer is dependent upon stimulus conditions. In 

the high coherence stimulus the decrease of Dmin and subsequent saturation with increase 

in dot density strongly suggests under-sampling (from experiment 1). Similarly in a low 

coherence stimulus the increase in Dmin with a high dot density is suggestive of 

correspondence noise in the stimulus that affects performance. Because at high dot density 

the stimulus is unlikely to be under-sampled, the drop in performance is likely to be due 

be due to the correspondence noise in the stimulus.  
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5 Motion detection model based on correspondence noise 

5.1 Introduction to the model 

The psychophysical results and discussion in the preceding section suggest that 

correspondence noise is a major factor limiting the detection of both Dmax and Dmin in 

RDKs. By simple manipulation of the stimulus parameters Dmax and Dmin were studied 

using a single experimental set up and the results suggested that correspondence noise 

probably played a major role. Over the years, researchers have proposed a variety of 

mechanisms to explain the limits of motion detection; but most of them at some stage 

agree with the informational limit to motion detection. 

This work examines a correspondence noise based model to explain the limits of motion 

detection in 2-frame kinematograms. The model to be proposed in this thesis is simple. It 

is made up of a two-stage motion detector. It incorporates the spatial filtering property of 

closely related recent models (Eagle & Rogers, 1997; Morgan, 1992) by utilizing 

receptive fields of various sizes. A difference is that the choice of the receptive field of a 

particular size is dependent on the dot displacement in the stimulus. A further 

simplification in the model is the exclusion of specific temporal filters to sample the 

stimulus. The absence of ISI in the experiments, and limiting the number of frames to 

two, eliminates the needed for extensive temporal sampling (refer to experiment section 

in Chapter 3 for details). Thus the model is insensitive to temporal tuning as it provides 

for a very broad temporal frequency profile. Moreover the primary objective of the thesis 

is to address the spatial aspect of motion perception, which is very important in the 

investigation of the role of correspondence noise. 

One of the important challenges that attracted extensive computational research was to 

design a local detector that could code the direction of motion with accuracy. Many 
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different computational models exist to extract local motion (e.g. a linear motion sensor 

by Watson and Ahumada (1985); an elaborated Reichardt detector by van Santen and 

Sperling (1985); gradient detector by Marr and Ullman (1981); a motion energy model by 

Adelson and Bergen (1985)). The most popular one among them was the motion energy 

model proposed by Adelson and Bergen (1985), which was accurate and stable but was 

also computationally more complex.  The energy models generally do not require features 

in the stimulus and detect motion from computing changes in the luminance or contrast 

levels. They detect motion by responding to localised changes in motion energy in the 

image of the motion stimulus. The decision for direction of motion corresponds to the 

dominant motion in the image. These models generally provide a satisfactory explanation 

for a variety of psychophysical and physiological data. But other researchers have pointed 

out that in stimuli like a 2-frame RDK, the motion energy particularly at low densities 

may fail to stimulate the motion detector sufficiently (Smith & Ledgeway, 2001) or at low 

spatial frequencies the motion energy might signal motion in a direction opposite to the 

actual motion (Cleary & Braddick, 1990). The proposed model is based on the notion of 

correspondence noise and the receptive field geometry. 

In 2-frame RDKs various spatial pre-filtering models have been used to explain Dmax 

(Eagle & Rogers, 1997; Morgan, 1992). In these models, spatial filtering is applied to the 

stimulus, a process that alters the spacing of elements in the filtered image relative to the 

stimulus. The spacing of elements in the filtered image is directly related to the dot 

density in the stimulus.  The denser the elements in the stimulus, the smaller will be the 

average spacing in the filtered image.  Larger Dmax is explained as a consequence of 

increased spacing of the dots in the spatially filtered image.  According to these models, 

spatial pre-filtering is a prerequisite for motion detection followed by correspondence 

between the first and second frame dots (from filtered images). Correspondences are 
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established by pairing the first frame dot with the nearest dot in the second frame. The 

nearest dot in the second frame might not be the best choice to establish correspondence. 

A simple comparison of the experiments in Chapter 3 will illustrate the same. In the fixed 

coherence experiment, Dmax was obtained for two coherence levels 30% and 100% (see 

Dmax plots in Figure 3-7 and Figure 3-18). In these two experiments all the stimulus 

parameters were identical except for the coherence level. The differences in resulting 

Dmax are attributed to the difference in coherence levels, probably due to changes in the 

underlying correspondence noise. For both the coherence levels, given that the dot 

density tested is identical, it follows that the average spacing between the dots will also 

remain the same both the frames. Therefore logically, the nearest neighbour will also 

remain the same regardless of the coherence level used. Hence choosing the nearest 

neighbour to establish correspondence will always predict a constant Dmax for a given dot 

density. But, the results of the coherence experiments in Chapter 3 clearly show that this 

is certainly not the case.  

Studies that psychophysically derived the motion receptive field properties viz. the size of 

the receptive fields (Baker & Braddick, 1982; 1985), suggest that receptive fields are 

smaller in the central visual field compared to a peripheral location.  According to this 

eccentricity dependent notion for receptive field sizes, the Dmax and Dmin observed in 

the central location must be smaller to the Dmax and Dmin observed at peripheral 

location. Their results aptly demonstrated this.  But, what about the changes in Dmax and 

Dmin brought about by simply manipulating coherence levels at the same location of the 

visual field as noticed in the current experiments?  

This can be illustrated from experiments in Chapter 3 as follows: In the fixed coherence 

experiments consider the Dmax values for 30% coherence and 100% coherence at 330cm 
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in the central visual field (3.75° × 2.5°). They are ~12 and ~31 arcmin respectively, 

when averaged across all densities for the three observers (refer to Figure 3-13A and 

Figure 3-19A). This could possibly be explained if noise is assumed to vary in both the 

conditions. The stimulus at 100% coherence was probably subjected to less noise 

compared to the 30% coherence. This is reflected as a higher Dmax for the 100% 

coherence condition. These findings suggest that the local motion detector must 

incorporate properties to simultaneously take into account the displacement, coherence 

level and receptive field geometry. From the literature review (see Introduction) and the 

psychophysical experiments it is plausible that correspondence noise and receptive field 

geometry could be jointly responsible for the range of thresholds observed across different 

stimulus conditions. 

With correspondence noise and receptive field geometry as inter-dependent parameters 

an ideal observer model for motion detection in 2-frame RDKs is described. The ideal 

detector would signal the direction of motion by utilizing all the available information in 

the stimulus, so it would determine all possible correspondences, and compute the 

number of motion vectors conforming to a particular direction, displacement size and 

receptive field geometry.  The ultimate goal of the model is to test if the predictions for 

performance based on correspondence noise (see Chapter 2) match the psychophysical 

results previously obtained in Chapter 3. The model would predict the qualitative 

response to change in a variety of stimulus parameters. In the following section the 

construction, working principle, and predictions based on the model are discussed. At a 

later stage (see Chapter 6 Simulations) with the help of simulations we compare the data 

from the ideal observer and data obtained experimentally for the limits of motion 

detection in RDKs. 
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5.2 Construction and critical assumptions of the model 

5.2.1 Local and global motion detector 

The proposed model for motion detection processes information in two levels. The first 

level is the local motion detection stage, composed of local motion detectors, that feeds 

into the second level, the global motion detection stage. 

Each local motion detector in the first stage comprises a simplified version of the bilocal 

motion detectors as described by Reichardt (1961). In the model each local motion 

detector at the front end has two circular light sensitive bipartite catchment areas (CAs) 

and a correlational unit at the back end (Figure 5-1). The two CAs have equal and finite 

area. This arrangement constitutes a subunit of the local motion detector. The two CAs 

receive input from two adjacent locations on the visual field. Any activity that occurs in 

one of the CAs and then repeats itself in the other activates the local motion detector.  

The motion activity with the RDK stimulus is brought about by horizontal displacement of 

random dots across a certain area of the visual field. Numerous local motion detectors are 

assumed to tile the area covered by the stimulus. Hence in 2-field RDK, at the subunit 

level, the first field stimulates one CA and the second field stimulates the second CA. The 

output from the first CA passes through a delay unit (d in Figure 5-1) before reaching the 

correlational unit. The output from the second CA reaches the correlational unit directly 

without any delay. The delay unit serves to temporarily hold the response from the 

bipartite receptor to the first field. This delay compensates for the time-lag incurred by 

the moving dots before they reach the second CA of the subunit. Consequently the signal 

arrives at the same instant from both the CAs to activate the correlator. Simultaneous 

stimulation of the correlator by both CAs is a prerequisite to activate the local detector for 

motion detection. The output of the correlator is the product of the light (in this case 
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dots) falling within the two catchment areas. Hence the response of the local detector is 

proportional to the product of the numbers of dots falling within the two catchment areas. 

 

 
Figure 5-1a. A schematic model of the proposed bidirectional local motion detector. 1a represents the 
local motion detector subunit scheme to detect leftward motion. This subunit, responds to local leftward 
motion. 1b. Depicts the left tuned subunit with a mirror image of itself, rendering the local motion detector 
bidirectional. 

The local motion detector with a single subunit as described above is strictly unidirectional 

i.e., selective only to motion that occurs in the leftward direction (Figure 5-1a). Adding a 

mirror image of the subunit renders the local motion detector bidirectional i.e., the 

motion detector can respond to motion signals in opposite directions simultaneously 

(Figure 5-1b). The right and left subunits serve as independent channels to extract motion 

information occurring simultaneously in both the directions. This scheme of a 

bidirectional local motion detectors is similar to the original Reichardt detector 

(Reichardt, 1961) and other popular local motion detector models (Movshon et al., 1985; 

van Santen & Sperling, 1985). Among the major differences are the absence of temporal 

filters and orientation selective receptive fields in the front end; and the absence of an 
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additional scheme to subtract the motion activity in opposite directions (opponent 

correlator4

It is proposed that many such bidirectional local motion detectors sample the entire visual 

field, preserving and forwarding all the local motion signals to the next higher level. All 

the local motion signals feed to the global motion detector that is sensitive to the same 

direction of motion. It is important to note that though the local motion detectors 

respond accurately to the direction of motion, the local motion signal by itself may not be 

truly representative of the direction of motion of the entire stimulus. Consider a stimulus 

moving rightward: the local detector sampling this stimulus could signal a leftward motion 

purely due to spurious correlation between the dots that activate the subunit tuned to 

detect leftward motion resulting in the signalling of motion in the wrong direction. A 

stand-alone local motion detector responds to any motion signal and hence cannot 

distinguish spurious correlation from actual motion signal on it own accord.  Thus to filter 

out the spurious correlations (noise), information from a substantial population of local 

motion detectors must be pooled to obtain a reliable direction of global motion. 

) prior to the output of the local detector. 

Pooling of information in the model is achieved by summing the outputs of the entire local 

motion detector population signalling a particular direction of motion.  For example 

outputs from all the local motion detectors that signal rightward motion feed into the 

global motion detector tuned exclusively to detect rightward motion (Figure5-2). A 

similar scheme applies to detect leftward motion. Since all the available directional motion 

information is selectively segregated and pooled, the model’s response is based on the 

global detector with the greatest activity at a given time. 

                                                 
4 The opponent correlator would subtract the output of the oppositely tuned subunits, so that the output of 
the local motion detector is either the left or right direction of motion.  
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Figure5-2 Schematic representation featuring the global motion detector model receiving inputs from 
direction specific local motion detectors.  This detector signals the number of motion vectors indicating 
rightward motion. 
 
 
 

 
 
Figure 5-3: Comparison of the total motion activity in the two global motion detectors for the greater 
magnitude for a directional response. In the above illustration, after the summation of inputs from all the 
local motion detectors, the global detector tuned for rightward direction has the greater activity and hence 
the directional decision would correspond to this detector’s direction. 

For example, after summing across the direction specific inputs, if the activity 

corresponding to the rightward tuned global motion detector exceeds that of the leftward 
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tuned global motion detector, the model will indicate rightward motion. Hence the 

directional decision will correspond to the detector with greater activity, i.e., rightward 

in this case. 

5.2.2 Critical assumptions of the local motion detector model 

The global motion detector in the model does not have direct access to local motion 

information from the stimulus. Hence the local motion detector must respond to a wide 

range of stimulus attributes and yet be simplistic. For example stimulus attributes in 2-

frame RDKs can be displacement size, stimulus contrast, coherence level, area of the 

stimulus etc. Since the model is ultimately designed to explain Dmax, Dmin and threshold 

coherence within a single framework of correspondence noise and receptive field 

geometry, the proposed model should be responsive to changes in stimulus parameters.  

The output of the local motion detector relies only on the number of dots within its 

catchment areas and computes from them the number of motion vectors at a given instant. 

For the sake of simplicity other parameters like luminance or contrast are not represented 

in the model. This is because the contrast used in the experiments is well above the 

threshold limit for motion detection (refer to methods section of the previous chapter for 

further details). Since the model aims to explain motion detection in the spatial domain, 

the interaction of the RF shape, size and separation become critical. Consequently the 

choice of these interlinked parameters could profoundly influence the behaviour of the 

local motion detector. 

The catchment areas of the RFs are assumed to be circular and tuned to detect motion in 

the horizontal direction. These circular catchment areas have a step profile of sensitivity, 

so that all the dots falling inside their area, regardless of their position are equally 

weighted. This profile of sensitivity was preferred over a Gaussian profile to speed up the 
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simulations. It was anticipated that varying the standard deviation of a receptive field with 

a Gaussian profile would yield similar consequences to varying the radius of a RF with a 

step profile. A Gaussian profile will be considered in the simulations for the sake of 

completeness. 

An assumption central to the model is that the radius of the catchment areas scales with 

the magnitude of displacement i.e., small displacements are detected by smaller 

catchment areas and large ones by larger catchment areas. This is expressed as: 

R = K. ∆S             

Where, R is the radius of each catchment area; K is a proportionality constant, and 

∆S is the dot displacement size to which the motion detector is tuned. 

Equation 1: Receptive field scaling  

The concept of scaling the CAs as a proportion of displacement is analogous to the one 

proposed by van Doorn and Koenderink (1982) to estimate velocities embedded in noise. 

Using dense RDKs, they report that high velocities are detected by receptors with large 

spans and slow velocities by detectors with smaller spans. This is similar to the 

correspondence noise model with detectors with big catchment areas being used to detect 

large displacements. Another important aspect of their results is that to detect higher 

velocities SNR had to be high and lower velocities were detected even at low SNR. Low 

velocities were detected despite the presence of increased noise (low SNR) because small 

detectors possibly suffered less interference from noise. This finding is consistent with the 

correspondence noise model’s prediction that large detectors collect more noise, 

eventually degrading performance. 

From the above relationship (Equation 1), the effect of increasing ‘K’ is to increase the 

catchment area. Theoretically for ideal performance, the catchment areas must be 
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extremely small to the order of a ‘point’, so that they are resistant to interference from 

other motion signals falling within their boundaries. Such areas are not realistic because 

they would perform inadequately for objects that are large or objects that undergo 

deformation or partial occlusion during the process of motion. This is because in a very 

small subunit correlation during non-rigid motion or occlusion is poor. The motion 

detector simply cannot recognise the same object presented at two successive instances as 

deformed versions of the same object. Whilst large catchment areas can effectively handle 

deformations and occlusions, they are more susceptible to noise from spurious motion 

signals, which eventually degrade performance as the areas are increased. A very large 

catchment area would additionally result in a loss of spatial localization information within 

that area, a disadvantage similar to the one suggested for receptive fields with large 

summation areas (Howell & Hess, 1978). 

 The value of ‘K’ cannot be too small or too large as both can adversely affect 

performance. The value of ‘K’ that gives optimal motion detection performance may not 

reflect human visual motion detection performance. The ‘K’ value that yields the best 

match to human performance can be determined only by simulations of psychophysical 

performance for a range of stimlus parameters viz., displacement sizes, dot densities and 

coherence levels. In essence all the psychophysical experiments described in chapter 3 

needs to be simulated for a number of ‘K’ values to find the best match.  

 

Figure 5-4 depicts a schematic representation of the catchment areas for three hypothetical 

values of ‘K’. In the context of the current model detectors tuned to larger displacements 

have larger catchment areas and are stimulated by more dots (motion vectors) and 

consequently handle more noise compared to the detectors tuned for smaller 

displacements. As the displacement is increased in the stimulus at some point the signal to 
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noise ratio in the detector tuned to that displacement becomes too small to reliably detect 

motion and Dmax is reached. 

 
 
Figure 5-4: Schematic of the catchment areas for three values of ‘K’. 

In a similar way Dmin may be easily conceptualised with the existing model and 

psychophysical results. It can be related this to the model as follows: assuming that the 

catchment areas scale with the size of the displacement, for smaller displacements the 

catchment areas should get progressively smaller. But the smaller the catchment areas, the 

better should be the performance, because the detector becomes more resistant to 

correspondence noise. For infinitely small catchment areas performance should be at its 

best and Dmin should not exist. But experiments show that performance is at chance level 

for very small displacements. This finding can be explained in at least two possible ways: 

One, for smaller displacements there might not be enough appropriately sized local 

detectors to effectively sample the stimulus and the global motion detectors are 

K =0.25  

K =0.50  

K =0.75  
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inadequately stimulated. The catchment areas might have missed the dots in either of the 

frames, effectively under-sampling the stimulus plane. As a result, performance is 

compromised and Dmin is reached. Second, to override under-sampling, the system 

might employ larger catchment areas. As the displacement gets smaller there is no 

detector with catchment areas that can cater to such small displacements. In that case the 

motion detector uses the next available size for catchments areas.  Depending on the size 

of the catchment areas that are recruited, their susceptibility to capture noise increases and 

so does correspondence noise leading to Dmin. 

For ideal performance further assumptions are the number of local detectors in the model 

matches the number of dots in the stimulus. This 1:1 ratio for the local detectors and dots 

ensures that the stimulus is perfectly tiled. It is also assumed that each dot in the first 

frame is centred on the catchment area. 

5.3 Predictions of the model 

5.3.1 Effect of displacement size on performance 

To detect the various displacements the model is designed to employ receptive fields with 

appropriate catchment areas. The deterioration of performance both at small and large 

displacements is due to the changes in SNR. To detect large displacements 

proportionately large catchment areas are needed and large areas collect more noise. At 

small displacements either there is under-sampling or the stimulus is sampled by 

disproportionately large RFs that collect more noise.  

5.3.2 Effect of dot density on performance 

Changing the dot density affects the inter-element spacing of the dots. At low densities the 

spacing between the dots in the stimulus is large and there is less interference from other 

dots in their vicinity.  This directly affects the correspondence noise in the stimulus. The 
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correspondence noise will be high in a denser pattern. The nature of this inter-dependent 

relationship between dot density and correspondence noise is variable and simulations will 

provide further insights.  

5.3.3 Effect of coherence level on the model 

Decreasing the coherence level introduces more noise into the stimulus by increasing the 

proportion of dots in the stimulus that do not move coherently between the two fields of 

the RDK. This has an effect on performance because of the reduction in signal, resulting in 

a smaller number of correct pairings at the level of local motion detectors. 

5.4 Neuro-physiologic correlates of the proposed model 

One of the major goals of many computational modelling studies is to speculate on the 

basic cortical mechanisms that bring about the perceptual experience.  The basic format is 

to draw a comparison between the units of the model, and their approximate counterparts 

in the anatomical and the physiological system normally derived through imaging and 

invasive studies of the brain.  

RDKs have been successfully used to demonstrate the neuronal basis for the detection of 

motion by electrophysiological studies in monkeys (Britten et al., 1992; Newsom & Pare, 

1988) and by imaging studies in humans (Braddick et al., 2001). Though these studies 

focussed on the connection between neuronal responses and the corresponding perceptual 

decision, the ultimate goal of this model is to develop a reasonable understanding of how 

correspondence noise could affect neuronal behaviour in a wide range of RDK patterns. 

The local detector units in the model are presumed to correspond to the direction 

selective cells in area V1 of the visual cortex. The early evidence on directional selectivity 

of the V1 cells comes from the physiological studies of cat (Hubel & Wiesel, 1962) and 
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monkey primary visual cortex (Hubel & Wiesel, 1968; Kulikowski & Vidyasagar, 1984), 

but these cells are also known to respond to variations in stimulus position, orientation 

and size. Later the evidence for the existence of a dedicated pathway for motion within V1 

was demonstrated (Blasdel & Fitzpatrick, 1984; Orban et al., 1986). These studies 

attempted to map the receptive field size of the cortical neurones using simple visual 

targets like bars and lines. A much stronger candidate in support of V1 as a specialised area 

for local motion detection comes from the lesion studies of the striate cortex in primates. 

Following surgical (Girard et al., 1992; Rodman et al., 1989) and chemical inactivation of 

the V1 area (Girard et al., 1992), there was a profound reduction in the behaviourally 

measured directional selectivity of the macaque. Movshon and Newsome (1996) were 

able to electrically activate V1 cells by stimulating direction specific cells in V5 much 

higher in the anatomical hierarchy (anti-dromic activation). The evidence implies that V1 

is a major site where local motion signals or direction specific signals are computed. 

The output of the local motion detector in the model feeds in to the next higher stage, the 

global motion detector. The global motion detector integrates inputs from all the local 

motion detectors tuned to a particular direction of motion. Since the investigation is 

focussed on horizontal motion, the model incorporates only two global motion detectors, 

one tuned to detect net rightward motion and the other for net leftward motion. When 

transposed to physiology the global motion detector of the model is assumed to 

correspond to the area V5 in humans or Middle temporal area (MT) in monkeys. A large 

proportion (about 80%; (Zeki, 1974)) of the cells in MT are known to be selective for the 

direction of stimulus motion and receive direct input from directionally selective neurones 

in V1 (Dubner & Zeki, 1971; Maunsell & Van Essen, 1983). It was also shown that at any 

given eccentricity the receptive fields of MT neurones were about 10 times larger than the 

V1 receptive fields. This suggested summation of signals from V1 must have occurred in 
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the MT cells. It has also been noted that in the primates’ MT, cells with similar direction 

preferences were represented in orderly arranged clusters (Baker et al., 1981; van Essen 

et al., 1981). Most of the studies discussed above have used simple stimuli like bars, spots 

and/or lines to stimulate and map the receptive fields of neurons. 

Another substantial piece of evidence concerning the summation of direction selective 

local motion signals comes from the studies of Newsome and Pare et al (1988) and Britten 

et al (1992) where they show that a sense of global motion direction is inferred from a 

RDK stimulus with coherence as low as 5%. Such a low value for coherence means that 

the signal in the stimulus is sparse and spatially scattered and in order to deduce the 

correct direction of motion from a weak signal it is likely that similar signals across the 

whole stimulus area are combined. 

Direct evidence concerning the role of V1 and MT neurons in processing motion 

information comes from the fMRI studies of Braddick et al (Braddick, O'Brien, Wattam-

Bell, Atkinson, Hartley & Turner, 2001). Using RDK patterns they show that V1 is better 

activated by incoherent motion (Dynamic noise) and MT was better activated by coherent 

motion. According to them, incoherent motion contains a wide range of directions and 

since V1 is known to compute local motion signals effectively, gets more activated. On 

the other hand in the MT the presence of a wide range of local motion directions leave 

little scope for summation in the MT neurons and hence they are activated less by 

incoherent motion. 



 112 

6 Simulations 

One of the major assumptions of the model is that the radius of the local detector scales 

with the size of the displacement. The motion detection characteristics of such a model 

with an underlying scaling mechanism were evaluated in the preliminary simulations. The 

results of the preliminary simulations were used to optimize the proposed model and to 

understand its limitations. The model with the optimised parameters was used to simulate 

human performances in a series of pilot experiments. The results of the pilot experiments 

were used to finalize the model parameters to be used in simulating the results of the 

psychophysical conditions pertaining to Dmax at a viewing distance of 83cm in Chapter 3. 

Due to the long durations of optimising every step of the simulations, for this thesis the 

simulations were limited to investigating Dmax alone due to time constraints.  

The ultimate goal of the simulations was to quantify the scaling factor (K) that would yield 

the best match between the simulations and the psychophysical data. In other words, the 

simulations will help deduce the scaling factor that best replicates human performances. 

In preliminary simulations the behaviour of the proposed model was tested for various 

stimulus conditions (e.g. large and small displacement sizes, low and high coherence 

levels) with preselected values for the scaling factor (K) and the number of local 

detectors.  

6.1 The simulated motion detector 

The simulated motion detector was programmed in C using Codewarrior software version 

6.0, Metrowerks, Inc. Instances of the program were run on multiple standard personal 

computers to hasten the data collection. The stimulus layout for the simulations was 

exactly the same as that used in the psychophysical experiments as described in the 

Materials and Methods section of Chapter 3. The dots in the simulations were 
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dimensionless points referenced by their 2-D co-ordinates. Depending on the 

displacement size and the coherence level used, a proportion of the dots were 

appropriately displaced in a horizontal direction, leftward or rightward. To detect the 

direction of motion the detector made its decision after processing the motion information 

in the stimulus that fell within the catchment areas of the detector across the two frames 

of the RDK (refer to flow chart of the model in the next page). Establishing 

correspondences between the dots in the two frames of the RDK will give rise to motion 

vectors over a range of possible directions. For the simulated motion detector only the 

horizontally orientated component of the motion vectors are considered.  Hence for 

computational purposes it is assumed that the motion vectors point either leftwards or 

rightwards. Likewise, to sample the motion stimulus, a bank of local detectors tuned to 

detect all possible directions are assumed to be present in the visual system, but with 

respect to the model only the rightward and leftward tuned detectors are simulated since 

the detector with the maximum activity is most likely to be tuned to one of these 

directions. The output of the directionally tuned local detectors feed the appropriate 

direction selective Global motion detector. The Global motion detector with a greater 

count of motion vectors signals the direction of motion.  

The radius of the catchment areas is variable and is represented by the equation R = K. 

∆S, where K is a proportionality constant and ∆S is the displacement size. The separation 

between the catchment areas is also variable and is matched to the displacement size. The 

equation and its implications are described in detail in the previous chapter. 
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RDK Stimulus 
 
 

Model Input parameters 
Coherence level (C) Dot displacement (∆S) No. of local detectors 

Scaling factor (K) 
 

Calculate the radius of each catchment area (CA) from 
Radius (R) = K. ∆S 

 
 

Draw receptive field with the above radius 
CENTERED on a first frame dot or RANDOMLY POSITIONED dot  

within the stimulus aperture 
 
 

1. Count the number of dots falling within the CA in the first frame 
CA in Frame 1 = CA (A) 

Total dots within CA (A) = X1 

 
 

 
 
 

Dot displacement initiated  Frame 2 
 

2. Count the number of dots falling within the CAs in the second frame located on 
either side of CA (A) 

 
 
 
 
 
 

3. Calculate the number of motion vectors for both directions  
resulting from one local detector 

Leftward = X1 * YI  Rightward = X1 * Z1 
4. Repeat steps 1-3 (for each local detectors or each first frame dot) 

Total Leftward (∑ L) = (X1*Y1) +(X2*Y2) +… (XN*YN) 
Total Rightward (∑ R) = (X1*Z1) +(X2*Z2) +… (XN*ZN) 

 
 

Direction of Motion 
If ∑ L  > ∑ R  Leftward motion 

If not  Rightward motion 
 

CA(A) 
X1 dots 

Y1 
dots 

CA (A) Z1 
dots 

∆S ∆S 

A flow-chart of the correspondence noise and receptive field geometry based motion detection model 
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6.1.1 Preliminary simulations to assess the response characteristics of the 
detector 

In the psychophysical experiments a wide range of individual parameters were used to 

collect the data. For example as many as 7 displacement sizes and 9 dot densities have 

been used in the experiments. To study the response characteristics of the simulated 

motion detector selected parameter combinations, drawn from the wide range used in the 

experiments, were used. The simulated detector performance was broadly optimised 

using limited combinations of displacement sizes, dot densities and K values for the first 

stage of simulations. 

The simulations to optimise the model performance were carried out at two coherence 

levels, 100% and 30% with a displacement size of 220 and 100 pixels respectively. 

Stimulus area for the simulation was comparable to that in the psychophysical experiments 

and was 900 x 600 pixels. Two densities, 500 and 4000 dots, were used and dots densities 

were represented as the number of dots in the stimulus. K was fixed at 0.5. Each data 

point (Figure 6-2) represents the proportion of times (as a percentage) the simulated 

motion detector was able to detect the direction of motion correctly from a total of 1000 

trials. Any departure from these set of parameters will be mentioned in the relevant sub 

sections.  

6.1.1.1 Is the simulated detector sensitive to changes in Dot density, displacement 
size and coherence levels? 

One of the basic properties of the simulated detector (model) is that it should respond to 

changes in dot density, displacement size and coherence levels. It was previously discussed 

in chapters 1 and 2 that changes to stimulus parameters like dot density, displacement size 

and coherence levels could result in changes to correspondence noise thereby affecting 

performance. Here, the same stimulus parameters are applied to the simulated motion 
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detector to see its response to changes in the underlying correspondence noise. Another 

variable in the model that could inherently affect performance is the number of local 

detectors used in the model.  At this stage it is not known how many local detectors are 

actually needed to obtain the best performance. To assess this, simulations were run 

incorporating a wide range for the number of local detectors in the model (they were 100, 

316, 1000, 3162, 10,000 and Infinite number of detectors). The performance is expected 

to asymptote for some value of the number of detectors. This is because if the detector 

catchment areas fully tile the stimulus plane then increasing the number of detectors is 

akin to sampling the same information more than once, because there is no summation of 

independent information.   

Intuitively, the best performance scenario for the model would be when the number of 

dots and the number of detectors in the stimulus are equal (i.e., the ratio of dots to 

detector is 1:1) and when the first field dot is centred on the RF. This combination is 

expected to ensure that all the useful motion information in the stimulus is perfectly 

sampled. This best performance for the model would be the performance of the ‘optimal 

detection’ condition in the simulations. Hence the optimal detection condition will be 

tested for the respective dot densities at both coherence levels in all the preliminary 

simulations to follow.  

The model was tested at 30% coherence level with a displacement of 100 pixels and 100% 

coherence level at a displacement of 220 pixels (Figure 6-1) for K = 0.5 and for four dot 

densities (500, 1000, 2000 and 4000 number of dots). The independent variable was the 

number of detectors used.  
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Figure 6-1: A. Response curves for four dot densities at a displacement size of 100 pixels at 30% 
coherence. Responses are plotted as a function of the number of detectors.  The colour coded straight lines 
represent the ideal performance for the respective dot densities. Note that the ideal performance at the 
respective dot densities is always better than the performance obtained by using a very large number of 
catchment areas . Also of interest is that incorporating larger arrays of CAs is not particularly advantageous 
to the model with respect to performance. Over a 100 fold increase in the number of local detectors 
performance hardly catches up with the ideal performance. B. Response curves for four dot densities at a 
displacement size of 220 pixels at 100% coherence. 

From the results the following salient points emerge: First, the model response to 

changing dot density is apparent in the systematic decrease in performance for successive 

increases in dot densities. For example the performance curve at a dot density of 500 dots 

is always better than the performance at 1000 dots. The systematic decline in performance 

with increasing dot density is evident at both the coherence levels tested, and is similar to 

the results displayed by human observers across coherence levels. Second, to choose the 

respective displacement sizes for the two coherence levels, simulations were run for a 

range of displacement sizes so that the performance for the optimal detection condition at 

the lowest dot density was always >85% but below 100% correct responses to avoid 

A 

B 
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ceiling effects. The data for the ideal detector condition is represented by the colour 

coded straight lines for the respective dot densities in Figure 6-1. The use of smaller 

displacements at a lower coherence level and larger displacements at 100% coherence 

suggest that the model is sensitive for changes in coherence levels. Third, comparing the 

family of performance curves at 30% and 100% coherence levels, reveals that the rate of 

change of performance is different at the two coherence levels and could be due to the 

combined influence of displacement size and coherence level. This suggests that the model 

is responsive to the interaction between these parameters.  

Another issue that needs mentioning at this stage is the number of local detectors used in 

the model. In the above experiments, performance for a wide range of the number of 

local detectors has been reported. At the 30% coherence level, for all the dot densities, 

there is a steady increase in the number of correct responses until the number of local 

detectors approaches the 1000 mark. Beyond that, for another 10 fold increase in  local 

detectors performance seems to asymptote. A similar but a less obvious pattern is seen at 

100% coherence level. Comparing the performance for the maximum number of local 

detectors (10,000) to the infinite detector condition, it becomes clear that the 

performance of a  smaller number of well positioned local detector is much better than 

having a greater number of randomly positioned local detector. This is because 

incorporating a greater number of local detector has a high chance of re-sampling the same 

information many times. In other words, for both coherence levels, the model does not 

seem to benefit from additional local detector beyond a particular point. Whether or not 

the model truly benefits from a large number of detector will be investigated in the next 

section. 
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6.1.1.2 Does the model truly benefit with increase in the number of local 
detectors? 

The purpose of this experiment was to investigate the effect of number of local detectors 

on performance by controlled manipulation of the local detector positioning. Simulations 

were carried out for two densities 500 and 4000. The parameter combinations namely 

coherence levels, displacement size and K were retained as in the earlier simulation. In 

one set of simulations the motion information was processed using a varying number of 

randomly positioned local detectors in the model. For example a stimulus with a dot 

density of 500 dots was processed by a varying number of randomly placed local detectors 

gradually introduced into the model (range for the number of local detectors used: 1 – 

10,000). It is expected that the model would perform worse when the number of random 

local detectors in the model is low, and the performance would gradually increase as the 

number of random local detectors in the model is increased. The initial low performance 

is because the stimulus is effectively under-sampled, and as more local detectors are 

added, more motion information is collected and results enhanced performance. 

Performance would eventually asymptote at some point where as much of the useful 

motion information as possible in the stimulus has been utilized. Increasing the number 

local detectors used to sample the stimulus, effectively increases the probability of 

capturing coherently moved dots, but also increases the probability of capturing false 

motion correspondences.    

In the other set of simulations motion information was processed simultaneously by a 

combination of ideally placed local detectors and randomly placed local detectors in the 

model. The number of ideally placed local detectors always matched the number of dots 

in the stimulus and any remaining local detectors were randomly positioned. For example 

if a dot density of 4000 was used with the number of local detectors set at 10,000, there 
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were 4000 ideally placed local detectors and the remaining 6000 were randomly 

positioned. The number of randomly positioned local detectors tested varied in the range 

1 – 10,000 as before. Regardless of the number of local detectors used in the stimulus, the 

model always included a baseline of 4000 ideally placed local detectors (for dot density of 

500 dots, a baseline of 500 local detectors applied). The model performance would be 

best when there are no random detectors i.e., the stimulus is sampled only by the ideally 

placed local detector. Performance would start to decline as randomly placed detectors 

are gradually introduced into the model. The decline in performance is due to the 

increased probability of capturing non-coherently moved dots, thereby increasing the 

correspondence noise. 

 
 

 
Figure 6-2 A: Effect of manipulating the positions of local detectors on model performance for 30% 
coherence level, dot displacement = 100 pixels and K = 0.5. Two different strategies were used to 
investigate to what extent the addition of local detectors helps to improve performance.  In the first 
condition randomly positioned local detectors are gradually added to study the change in performance. In 
the second condition random local detectors were inducted to a baseline of optimally placed local detectors 
to study the same.  Regardless of the method of local detector manipulation, performance seems to 
asymptote for both the conditions above 1000 local detectors. B.  Effect of manipulating the positions of 

A 

B 
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local detectors on model performance for 30% coherence level, dot displacement = 220 pixels and K= 0.5. 
The data sets were fitted with a power function. 

In both the cases the data sets are predicted to converge at some point beyond which the 

presence of a large number of local detectors no longer aids performance. For both the 

coherence levels and at the two dot densities tested the data sets converge and asymptote 

beyond the 1000 local detector mark. The results suggest that at 1000 and beyond the 

presence of additional randomly placed local detectors does not greatly affect the 

performance of the model. The results confirm the prediction that a large number of local 

detectors do not help the model to improve or sustain an improved performance. In a 

biological setting it is implausible to visualise optimally placed local detectors due to a 

variety of internal (physical nature of the visual system) and external constraints (various 

stimulus attributes), and hence use of randomly positioned local detectors appears more 

realistic.  

6.1.1.3 How many trials are necessary for a reliable set of data? 

With the model responding as expected to crucial stimulus parameters like dot density, 

displacement size and coherence level, the next step was to ensure that each data point 

was generated with a sufficient number of trials. As before the simulations were run for 

preset combinations of displacement sizes, and K values. Two dot densities, 500 and 4000 

dots, were used. The range of the number of local detectors used was the same as in the 

previous simulations.  

K Coherence level Displacement size (pixels) 

0.25 30% 200 

0.5 
30% 100 

100% 220 

1.0 100% 90 

Table 6-1: The various combinations used in the simulations to determine if the number of trials used for 
the purpose of simulations were sufficient. For a combination of K, coherence level and displacement size 
the simulations were run for a range of number of local detectors (100 – 10,000) at two dot densities 500 
and 4000 number of dots.   
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In the simulations, whenever K and the coherence level were changed the displacement 

was adjusted so that the performance was >95 and <100% correct responses for the 

lowest dot density using optimal RF positioning.  To investigate the adequacy of the 

number of trials, for a given dot density the simulations were repeated three times for 

each data point. Individual data sets for a particular dot density were plotted as dotted 

lines as a function of the number of detectors. The average of the three repetitions was 

calculated and displayed as the colour coded bold symbols for the respective dot densities. 

A power function was fitted to the averaged data and the fit is displayed as the colour 

coded solid bold line. Instead of the displaying the actual SD, the error bars (Figure 6-3 

A–D) displayed the maximum expected binomial SD for the respective level of 

performance. The maximum expected SD for an experiment with 1000 trials and a 50% 

probability of correct responses was calculated from binomial statistics and was 

approximately 1.6%.  

 
 
Figure 6-3 : Results for the number of trials that are required to generate a reliable data point.  For the 
purpose of simulations two dot densities 500 and 4000 were used and are appropriately colour coded. Three 
data sets were generated for each dot density and the results are plotted as a function of number of 

A B 

C
  

D 
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detectors. Various combinations of K, coherence levels and displacement sizes were used and are plotted in 
the following order A: K 0.5; Coherence level 30%; Displacement size 100. B: K 0.5; Coherence level 
100%; Displacement size 220. C: K 0.25; Coherence level 30%; Displacement size 200. D: K 1.0; 
Coherence level 100% and Displacement size 90. Symbols represent the average of the three data sets. A 
power function is fitted to the averaged data and is represented by the solid line. The error bars represent 
the maximum expected SD for 1000 trials.   

The results in general suggest that most of the data that was repeated three times fell 

within the predicted maximum SD across the whole range of local detectors. However 

there are a few exceptions particularly when the model uses a smaller number of 

detectors. The scatter of data when the detectors are <1000 could possibly be due to the 

under-sampling the stimulus plane as discussed in the previous section. The occasional 

scatter of data is of less significance because it is noticed only with fewer detectors in the 

model and the earlier experiments favour the use of at least 1000 detectors for the 

purpose of simulations. Examining the individual sets of data with reference to the 

maximum expected SD across various combinations at the 1000 detector mark reveals 

acceptable levels of spread. Therefore it would be reasonable to assume that to generate 

reliable set of data 1000 trials are sufficient. Hence in the rest of the preliminary 

experiments that followed the number of trials was fixed at 1000 and the number of 

detectors restricted to 1000.  

 

6.1.1.4 How well does the model respond to large values of K? 

In all the experiments carried out so far only a handful of small K values were tested. The 

objective of this experiment was to assess the model behaviour for larger values of K. A 

preliminary assessment of the model behaviour for larger values of K is important to gain 

confidence in the final stage where the model is used to replicate actual psychophysical 

data and K values can be tested on a wide range. Hence the model was tested for 

suitability at large values of K under three different conditions. The first condition used 

optimally placed detectors where the dot to detector ratio was 1:1 (representing ideal 
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performance). The second condition used randomly positioned detectors where the model 

used a fixed number of 1000 detectors regardless of the dot density tested. The third 

condition utilised detectors with a Gaussian profile, where the space constant of the 

detector was proportional to the dot displacement size. The inclusion of the Gaussian 

profile detectors was for the sake of completion and for readers who favour some sort of 

smoothing applied to the detectors rather than using step profiles. All three conditions 

were tested for two dot densities 500 and 4000. Two coherence levels 30% and 100% 

and their corresponding displacement sizes were 100 and 220 pixels respectively. For all 

the conditions each data point was generated from 1000 trials.  

On inspection the results suggest that the model performs satisfactorily well over the 

range of K values tested across all three conditions of local detectors. A striking feature of 

the simulation is the similarity of the shape of the performance curves across the three 

conditions.  It suggests that performance level of any chosen condition can be matched 

with either of the other two conditions simply by adjusting the scaling factor K. In essence 

the performance obtained in the random condition can be replicated with either the 

optimal or the Gaussian profile local detectors by adjusting the K values appropriately. 

The Gaussian condition shows a tendency to asymptote for values of K larger than 1.0 at 

various levels above chance level. The reason for this tendency for the Gaussian condition 

to asymptote is not clear but may simply be due to the weighting applied by the Gaussian 

filter. Further investigation using Gaussian profile local detectors in the model could 

prove an interesting avenue for further research.  
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Figure 6-4: Results for the model performance for a large range of K tested under three different 
conditions. A: Optimally positioned local detectors. B: randomly positioned local detectors with the 
number of local detectors equal to 1000 for both dot densities. C: Local detectors with Gaussian profile. In 
all three cases the performances for 30% coherence level appear to be better than at 100% coherence. This 
is an artefact because of the differences in the displacement sizes used at the two coherence levels. 

Of prime interest are the results of the random condition, because the model shares the 

uncertainties the visual system faces with respect to the positions of the dots relative to the 

position and number of local detectors when processing a motion stimulus. Performance 

drops rapidly as a function of K and reaches chance level for small values of K especially at 

A 

B 

C 
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high densities. This should not be a cause of concern because the displacement sizes used 

in the simulations for 30% coherence is 100 pixels, which happens to be the highest 

displacement size tested in the psychophysical experiments, as human performance was 

close to chance at this displacement size. When smaller displacements are tested larger 

values of K can be used before hitting the chance level. A similar scenario exists for the 

100% coherence, where simulations used a displacement size of 220 pixels but the highest 

displacement used in the psychophysical experiments was about 150 pixels. 

6.1.1.5 How does the model respond to non-optimal displacements? 

All the experiments described so far had the local detectors tuned to the displacement 

size. For example if the displacement size in the stimulus was 50 pixels, then the 

catchment areas of the local detectors were separated by the same distance. Hence the 

detector is said to be “tuned” to the displacement size tested. However it is not clear how 

the model would respond to non optimal displacements i.e., how does the detector tuned 

to detect a particular displacement size of 50 pixels respond when presented with a 

displacement size of 40 pixels or 20 pixels. Since the motion detection system can 

comprise of arrays of local detectors that respond to displacement sizes other than the 

tuned displacement size, it is important for simulated motion detector to reserve its best 

performance to the ‘tuned’ displacement size. The following experiment investigated the 

displacement size tuning characteristics of the model.  

At the outset it is emphasized that this particular experiment is a departure from the 

standard model. The regime of scaling of the radius of the receptive field as a proportion 

of displacement is not strictly applied. Under normal circumstances the program 

calculated the separation of the catchment areas based on the displacement size that was 

specified. In this particular experiment the final position of the catchment areas in the 
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second was offset by a predetermined amount from its original position in the second 

frame. For instance assume that a detector is tuned to detect a displacement size of 100 

pixels and the corresponding dot displacement is 100 pixels. The idea was to obtain a 

response from a detector that was tuned to a displacement size of 90 pixels, instead of 100 

pixels. To enable this, the catchment area in the second frame would be offset by -10 

pixels. Similarly to determine the response to this stimulus of a detector tuned to a 

displacement size of 120 pixels, the catchment area would be offset by +20 pixels.  

The displacement size tuning curves were generated for 30 and 100% coherence levels 

with displacement size of 100 and 220 pixels respectively. Two dot densities 500 and 

4000 dots were used. The number of local detectors was fixed at 1000 and they were 

randomly positioned as discussed in the previous section. The K was fixed at 0.5 for all 

conditions. Each data point (Figure 6-5) was a result of 1000 trials. A total of 10 

catchment area separations (CAS) were investigated for each combination of dot density 

and coherence level. Five of the CAS were smaller and five larger than the dot 

displacement size. The non-optimal CAS were + 5%, 10%, 20%, 40% and 50% of the 

respective tuned displacement size. The data were plotted as a function of CAS and were 

fitted with a Gaussian function. The CAS were represented as proportions of the dot 

displacement. The CAS that matched the dot displacement was either 100 or 220 pixels 

and was represented by zero (Figure 6-5). 
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Figure 6-5: Displacement tuning characteristics of the model. Performance is plotted as a function of the 
various CAS used to test the tuning characteristics. The centre value ‘0’ corresponds to CAS of 220 pixels 
for simulations at 100% coherence level and CAS of 100 pixels for 30% coherence level. Displacement 
tuning was tested only with randomly positioned local detectors tiling the stimulus plane. A Gaussian 
function was used to fit the data. The symmetric fit of the function at both coherence levels suggest that the 
best performance of the model is reserved for the displacement size that matches the CAS. Note that the 
performance curves for 30% seem to be better than the 100% curves. This is an artefact and is primarily due 
to the displacement sizes used at both the coherence levels.  

The peak of the curve lies close to the CAS that matched the dot displacement and the 

systematic decline in performance with increasing non-optimal CAS in all the conditions 

tested show that the model behaved as expected. The implication of a fairly broad peak 

around the matching distance for the final version of the model would indicate a capability 

of the model to cater for neighbouring displacement sizes. Therefore exclusive detectors 

for each displacement size are not a necessity.  

6.2 Outcome of the Optimization experiments 

From the results of the preliminary simulations the following conclusions were drawn 

regarding the construction of the optimised local detector for further simulations.  

1. The model performs best when the ratio of the dot density and the number of 

local detectors is set at 1:1 and when the catchment areas are centred on the first 

frame dot. This condition clearly has an advantage over the human visual system 

which faces uncertainty about the location and a limit to the number of local 

detectors that can be used to process information. Hence the use of randomly 

Catchment area separation as a proportion of displacement 
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positioned local detectors in the model was favoured for future simulations in lieu 

of optimally placed local detectors.  

2. Using 1000 local detectors for optimum performance as opposed to the use of a 

very large number of detectors in the model significantly reduced the processing 

time without affecting performance. Transposing this outcome to the human 

visual system would mean that the motion detection system can perform well for 

a given task with limited processing resources.  

3. Under the given testing conditions 1000 trials were needed for each data point in 

the simulation to obtain a reliable set of data. 

4. Randomly positioned local detectors were shown to be suitable to test a range of 

K and has the advantage of being computationally simplistic compared to 

optimally placed local detectors or a local detectors with a Gaussian profile. 

6.3 Pilot simulations to compare with psychophysical performances 

With inferences drawn from the initial parametric model simulations, the first 

comparisons to psychophysical performances were made. The pilot experiments used 

displacement sizes and dot densities close to the psychophysical experiments at both 

coherence levels. The results were used to refine the model further.  

100% Coherence level: The scaling factor K was determined by trial and error so that 

the performance for the combination of the lowest displacement size (60) and dot density 

(20 dots) was close to the psychophysical performances. The K so obtained was fixed for 

simulating the remaining combinations of displacement sizes and dot densities. A selection 

of five displacements sizes (60, 80, 100, 125 and 150 pixels) and five dot densities (20, 

80, 320, 1280 and 4000) that broadly covered the psychophysical range were used. There 

were 1000 trials for every combination tested. The stimulus was sampled by 1000 
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randomly positioned local detectors in the model. The results were plotted as a function 

of dot density for various displacement sizes. For ease of comparison, alongside the model 

output the psychophysical results were also plotted in grey colour with shared symbols for 

respective displacement sizes (Figure 6-6).  

 

Figure 6-6: Comparing the model performance to psychophysical performance at 100% coherence level. 
The model performances are denoted by the colour lines and the psychophysical performances by grey lines. 
The psychophysical data is the average of three human observers. The error bars for the model output are 
the binomial SD and for psychophysics the SD of the mean. The respective psychophysical displacements 
share the same symbol with the model output. Overall the psychophysical and the model performances 
overlap to a large extent.   

The comparison to the averaged human performances seems to be satisfactory given the 

overall pattern of the performance curves. The performances especially at larger 

displacement sizes and low dot densities appear to be off the mark, and could possibly be 

due to the choice of K used for the purpose of simulations, or due to adverse interactions 

between large values of K and displacement sizes or due to the very low dot density used 

in the stimulus.  All these reasons are merely speculative and could be confirmed only 

with additional data. Further statistical analysis of the results are deferred at this point. 

The important outcome of this comparison was that the performance of the model at 

100% coherence could be achieved by applying a single scaling factor for a wide range of 

displacement sizes and dot densities. The results are promising and it is likely that the 
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performances of the model could be better matched to the psychophysical results by 

further refinement of the K values. 

30% Coherence level:  The scaling factor K was determined as before by trial and error 

so that the performance for the combination of the lowest displacement size (30) and dot 

density (20 dots) was close to psychophysical performance. The K so obtained was fixed 

for simulating the remaining combinations of displacement sizes and dot densities. Four 

displacements sizes (30, 40, 50 and 70 pixels) and five dot densities (20, 80, 320, 1280 

and 4000) were used. The other details viz. number of trials, the number of detectors and 

the plotting of results were the same as explained in the 100% coherence level.  

 

Figure 6-7: Comparing the model performance to psychophysical performance at 30% coherence level. 
The model performances are denoted by the colour lines and the psychophysical performances by grey lines. 
The psychophysical data is the average of two human observers (MC and SN). The error bars for the model 
output are the binomial SD and for psychophysics the SD of the mean. The model performance is affected by 
increasing dot density, whereas the human performance is largely independent of dot density. 

The model performance shows a general decline with increase in dot density and the trend 

is seen for all displacement sizes. But the human performance over the same range is 

realtively unaffected by increases in dot density. The model probably faces an increased 

amount of correspondence noise for higher densities compared to human visual system. 

This could possibly be due to the use of large values for K, that inadvertently collect more 

noise.  
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Even though it was previously discussed that a minimum of 1000 local detectors were 

needed to reasonably sample the stimulus plane, the results for 30% coherence suggest 

that the number of minimum detectors may not be appropriate for the task at hand. It is 

also possible that the K used was too large for the given stimulus condition and reducing K 

could reduce the discrepancy. Reducing K probably serves to reduce the correspondence 

noise in the stimulus. However, when K was reduced, the performance for the 

combination of lowest displacement size (30) and dot density (20 dots) was much higher 

that the psychophysical counterpart and hence was not pursued.  

To test if changing the number of detectors solves the mismatch of model and 

psychophysical performances, the 30% coherence level experiment was repeated with 150 

local detectors (Figure 6-8). The number 150 was chosen arbitrarily.  The appropriate K 

for the simulation was chosen as before.  

 
Figure 6-8: Comparing the model and psychophysical performance at 30% coherence level with 150 local 
detectors in the model. Despite the use of a lower number of detectors the model performance is 
approximately the same as obtained with 1000 detectors.  

Despite using a lower number of detectors model performance is strikingly similar to the 

one obtained with larger number of detectors in the model. Even a reduced number of 

detectors face relatively more noise compared to the human visual system with increases 

in dot density. A significant outcome was that a lower number of local detectors can 
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perform as well as 1000 local detectors at 30% coherence. A t-test to compare the 

performances for 150 and 1000 detectors returned an average p = 0.16, suggesting there 

was no significant difference between the two data sets. Hence it was decided to use 150 

local detectors for all the future simulations at 30% coherence level. It could be argued 

that a choice of 100 or 50 numbers of local detectors could also return a similar 

performance to that of 1000 detectors. But that would involve optimizing the number of 

detectors with additional simulations and was not pursued for the purpose of this 

dissertation. Lowering the number of detectors also decreased the processing time of the 

model.  

Decreasing the number detectors still did not solve the problem of maintaining the 

performance levels with increasing dot densities. In the next simulation the K value was 

customised for individual displacement sizes. The reasoning was that at a 30% coherence 

level it is possible that correspondence noise might not be the same across the range of 

displacement sizes. If that is the case then customizing the K for individual densities should 

tackle the performance loss with increase in dot density.  

 

 
Figure 6-9: Comparing the model and psychophysical performance at 30% coherence level with 150 local 
detectors and customizing the K for individual displacement sizes. The K used for individual displacements is 
mentioned within the parentheses for the respective displacement sizes. Overall the performance curves 
show a subtle spread at higher dot densities relative to the previous two simulations.  
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All the stimulus parameters apart from K were retained as in the previous experiment. 

The K value for each displacement was determined by trial and error so that at the lowest 

dot density the model performance approximated the psychophysical performance. The 

remaining dot densities for that level of displacements were tested with the same K. The 

values used for each displacement are shown in the legend of Figure 6-9. The results 

obtained were only slightly different than the earlier two experiments even though the 

performance curves show a greater degree of spread at higher dot densities (Figure 6-9). 

The problem of maintaining the performance levels with increasing dot densities was still 

unsolved.  

The general pattern of loss of performance at high dot densities for the various 

combinations tested above suggests that the model faces relatively more correspondence 

noise at high dot densities. It is possible that the K value for individual displacement sizes 

when based upon low dot densities is too large to process high dot densities. Large K 

values mean that the motion detector collects more noise when processing the stimulus. 

In the following simulation the K value was customised for individual dot density. The 

other stimulus parameters were retained as in the previous simulations. The K for each 

dot density was determined so that at the lowest displacement size K was adjusted to 

approximately match the human performance.  

For example in Figure 6-10, consider the lowest dot density of 20 dots. The K was 

determined for a displacement size of 30 pixels and was found to be 3. With K =3 

performances for the remaining displacement sizes namely 40, 50 and 70 were obtained 

for a dot density of 20. The same procedure was followed for obtain the K for other dot 

densities. The results show a significant change in model performance by using 

individualized values of K for various dot densities.  
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Figure 6-10: Comparing the model and psychophysical performance at 30% coherence level with 150 
local detectors and customizing the K for individual dot densities. Customizing the K for individual dot 
densities accounts for the improvement in the model performance at higher densities. It is possible that the 
visual system adopts an analogous approach in recruiting appropriate local detectors based on the stimulus 
conditions.   
 

Given all the combinations that were tested, the use of customized value for K at 

individual dot densities, and the close match obtained with the human performances 

suggests that the  visual system might apply varying degrees of scaling factor to minimize 

noise encountered in the stimulus. K customized for dot densities seems to be a viable 

option to account for a stable model performance across the dot densities.  

The pilot experiments have given some important insights into the strategies the visual 

system might employ based on the coherence level in the stimulus. The K values used in 

the pilot experiments were at best approximate.  Further refining of the K values is 

necessary to obtain satisfactory performances to match psychophysical results. Calculating 

Dmax from the model, and comparing the model and psychophysical Dmax will be dealt 

in the next chapter.  
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7 Simulations versus Psychophysical experiments 

The results of the pilot simulations comparing model performances with human 

observations provide rough estimates of the K values that the motion detection system 

might use under various stimulus conditions. For example at 100% coherence level K = 

2.25 was used to obtain a family of curves to approximately match the psychophysical 

performance (Figure 6-6). It is possible to obtain a similar or better match using a slightly 

higher or lower K for the same stimulus. The same applies to the customised K values 

obtained for various dot densities at 30% coherence level. Hence an estimate for K would 

be useful as it would provide insights to the overall manner in which the human motion 

detection system might process motion information. 

In this chapter methods were devised to obtain the best estimate of K for the many 

psychophysical conditions tested in Chapter 3. After the ‘Best K’ was obtained a full set of 

simulations were carried out to replicate the psychophysical experiments carried out at a 

testing distance of 82cm in Chapter 3. Model performances were obtained for the 30% 

and 100% coherence levels. Once the whole set of model performances were obtained, 

the respective model Dmax was calculated compared with the psychophysical Dmax. The 

results were statistically analysed to determine the degree of agreement between the 

model and psychophysical data.  

Estimating the Best K: 

To estimate the ‘Best K’, the approximate K used in the pilot experiments served as a 

baseline. For ease of understanding consider estimating the ‘Best K’ for 100% coherence 

level. With K = 2.25 used as baseline in the pilot experiments, a few additional values for 

K that varied approximately in multiples of + 25% steps were chosen. For the 100% 

coherence these were approximately 1.25, 1.75, 2.0, and 2.5. Five displacements sizes 
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(60, 80, 100, 125 and 150 pixels) and five dot densities (20, 80, 320, 1280 and 4000) 

were used with 1000 trials for every combination tested. The stimulus was sampled by 

1000 randomly positioned local detectors in the model. From the performances obtained 

for this set of K values the sum of the squared residuals5 was calculated and was plotted as 

a function of K. A quadratic function was fitted to the sum of the squared residuals. The 

smallest value of the residual (y-axis) corresponds to the K for which the difference 

between the model performance and human observation is minimal. The smallest residual 

was calculated by finding the K value for which the derivative of the quadratic equation 

was 0. The minimum K so obtained was taken as the best estimate of K or the ‘Best K’. 

With the best K in place a full set of model performance was obtained.  

 

Figure 7-1: Sum of the squares of the residuals plotted as a function of K, to estimate the Best K for 100% 
coherence level. The dotted line is the quadratic fit to the data.  

Estimating the Best K at 30% coherence level was in principle similar to that of 100% 

coherence level, but with a few key differences. The pilot experiments showed that 

customised K values were needed for individual densities to match human performances; 

hence the Best K was estimated for each of the nine dot densities separately. As before a 

few additional values of K were added at each density to calculate the Best K. The 

additional values of K were added such that the quadratic function when fitted to the sum 

                                                 
5 To calculate the sum of the residuals the human observations were used as the expected statistic and model 
output as the observed statistic. 
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of the residuals approximately had symmetric limbs on either side of the baseline K. In any 

case the neighbouring K values were at least changed 25% from the baseline K. In addition 

to estimating individual Best K values the method of data collection for fitting the 

quadratic was also modified slightly. For example consider estimating the best K for a dot 

density of 20 (Figure 7-2). The K values tested were approximately 1.75, 3 and 3.75.  

 

Figure 7-2: Sum of the residuals plotted as a function of K, to estimate the Best K for 30% coherence 
level. A quadratic function was fitted to the sum of the residuals and the Best K was obtained by finding the 
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minima of the quadratic equation. The only exception in estimating the Best K was for a dot density of 320 
dots, where distinct minimum could not be obtained over a range of K values tested (see text for further 
details).  

The simulations were repeated three times at each K, with three hundred trials at every 

repetition. The sum of the squares of the residuals was calculated for each repetition and 

was plotted as the function of K. The extra repetitions were carried out so that the 

quadratic function had sufficient data points to deduce the Best K and its error estimate.  

The extra runs were facilitated by the use of 150 detectors in the simulations which 

dramatically decreased the processing time. It is for the same reasons that extra repetitions 

for a given K were not carried out at 100% coherence level because the simulation took 

too long with 1000 detectors. 

Estimates of the Best K are listed in Table 7-1. The general rule of estimating the Best K 

from a quadratic function was not applied to the dot density of 320 dots. This is because 

despite using relatively large values of K, a clear minimum could not be obtained, and 

there was no useful quadratic fit. The data appeared to plateau for increasing values of K. 

Therefore the first point (K=1.5) where the data began to stabilize was taken as the 

estimate of Best K for 320 dots. There is a general trend of decreasing K with increase in 

dot density. As dot density increases the noise in the stimulus increases and in order to 

keep performance constant across densities the model decreases K, effectively reducing 

the catchment areas thereby reducing the noise collected.  
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Coherence Level Dot Density Best K 

100% All densities 1.88 + 0.25 

30% 

20 2.89 + 0.93 
40 2.38 + 0.28 
80 2.05 + 0.78 
160 1.71 + 0.34 
320 1.506 
640 1.22 + 0.51 

1280 0.94 + 0.11 
2560 1.00 + 0.24 
4000 0.88 + 0.14 

Table 7-1: The best K estimates for various coherence levels and dot densities. Best K was calculated by 
solving the roots of the quadratic equation. The only exception was for dot density of 320. Refer to text for 
details. 

7.1 Full Scale simulations with Best K  

7.1.1 100% Coherence level  

With the Best K estimate in place (K = 1.88), a full set of model outputs was obtained for 

a combination of displacement sizes 60, 80, 100, 125 and 150 pixels and dot densities 20, 

40, 80, 160, 320, 640, 1280, 2560 and 4000 dots. They were sampled by 1000 randomly 

positioned local detectors. 1000 trials were used for each combination of dot density and 

displacement size.  

                                                 
6 The Best K was not derived from the quadratic fit. Instead the first minimum point encountered in the data 
(Figure 7-2, Dot density 320)) was taken as the estimate of Best K.  
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Figure 7-3: Psychophysical and model performances at all dot densities plotted as a function of 
displacement size. K= 1.88; Coherence level =100%; 1000 random local detectors were incorporated in 
the model. Psychophysical performances were the average of three human observers and the error bars are 
the SD of the mean. Model performances were a result of 1000 trials at each data point and the error bars 
represent the binomial SD. A cumulative normal function was fitted to both the data sets. The p-value of the 
χ2 statistic was measured to determine the strength of association between the psychophysical and model 
data and is displayed for each density.  

The model performance was compared to the psychophysical experiments carried out at 

the same coherence level and at a viewing distance of 82 cm (section 3.5.2). The 

individual results for all the nine dot densities are shown in Figure 7-3. The data 

representing the human performances is an average of 3 observers MC, SN and ST and the 

error bars are the SD of the mean. For model performance the error bars represent the 

binomial SD. A cumulative normal function was fitted to both the model and 

psychophysical data and the Dmax was taken as the displacement size corresponding to the 
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75% correct response at each dot density. A χ2 test was performed and the p-value was 

calculated at each dot density to measure the association between the model and the 

averaged human performances. It is interesting to note that the psychometric functions of 

the model output and the averaged human performances generally follow the same pattern 

(Figure 7-3). The exception to this general pattern is the dot densities of 2560 and 4000 

dots, where the cumulative normal function fails to fit the model data especially at large 

displacement sizes. This is because the psychometric function fitted to the data had the 

amplitude fixed between 100 and 50% of correct responses. So, when the model 

performance fell below 50% of correct responses the fit missed the data point. Similarly at 

a density of 4000 dots two of the psychophysical data fail to align with the function at large 

displacement sizes. This is probably because both the data points have relatively large 

inter-observer variation resulting in a large SD. The p-value for the χ2 test at dot densities 

of 20 and 40 were < 0.05. Here again the model output and the averaged data deviate 

from each other especially between displacement sizes of 60 and 100. This is because of 

the large inter-observer differences in performances for these displacements (refer Figure 

3-16). The overall p-value for the χ2 test for 100% coherence level was 0.136.  
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Figure 7-4: Comparing the model and psychophysical Dmax 100% Coherence level.  Dmax is plotted as a 
function of dot density. Both the Dmax patterns closely resemble each other except at the dot density of 20 
and 2560.   

Dmax was plotted as a function of dot density (Figure 7-4). The Dmax as a function of dot 

density for both the model and psychophysics largely follow a similar trend (Figure 7-4). 

Overall the model captures the essence of the human performances over a 200 fold change 

in dot density. A significant outcome is the use of a single scaling factor that can be applied 

to process the motion information over a wide range of displacement sizes and dot 

densities at 100% coherence.  

7.1.2 30% Coherence Level 

With the customised Best K estimate in place, a full set of model output was obtained for 

a combination of displacement sizes 20, 30, 40, 50, 70 and 100 pixels and dot densities 

20, 40, 80, 160, 320, 640, 1280, 2560 and 4000 dots. They were sampled by 150 

randomly positioned local detectors. 1000 trials were used for each combination of dot 

density and displacement size. The model performance was compared to the 

psychophysical experiments carried out at the same coherence level and at a viewing 

distance of 82 cm (section3.5.1). As before the simulation results are presented together 
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with the respective human performances for all nine dot densities. The data representing 

the human performances is an average of 2 observers MC and SN and the error bars are 

the range. The data for ST could not be averaged because the psychophysical experiments 

were performed at a coherence level of 27.5%. The error bars for model performance 

represent the binomial SD. The format of presentation of the results and the data analysis 

were the same as in 100% coherence simulation.  

 

Figure 7-5: Psychophysical and model performances at all dot densities plotted as a function of 
displacement size for 30% coherence level.  

Overall the psychometric functions fitted to the model output and the averaged human 

performances generally follow the same pattern (Figure 7-5). For certain dot densities, 

particularly 640, 1280 and 4000 dots the data for the averaged human performances is not 
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fitted very well by the cumulative normal function. A reason for the poor fit could be the 

noisy psychophysical data previously obtained (refer to Figure 3-10) compounded by 

inter-observer variation.  Regardless, all the available data points were included for fitting 

the psychometric function. The χ2 test for all dot densities revealed a satisfactory 

association between the model and the psychophysical performances (see p-values for 

individual dot densities in Fig 7-5). Similarly the model Dmax obtained for the 30% 

coherence closely resembles the human Dmax at lower dot densities (Figure 7-6). At 

higher dot densities the model Dmax differs from psychophysical Dmax and could be due 

to the reasons mentioned above for the psychometric functions. 

 
Figure 7-6: Comparing the model and psychophysical Dmax at a 30% Coherence level. At larger densities 
the model and psychophysical Dmax are mismatched and could be due to various reasons (see text for 
details).  

In general the few mismatches in Dmax at both coherence levels at certain densities could 

be due to the noise inherent in the psychophysical data itself, therefore any comparison 

with the psychophysical data as a reference will inevitably be noisy.  Despite the minor 

mismatches the model was able to replicate human performances across a wide range of 

conditions. The scaling factor of the model probably affects the motion detection 

mechanism by fine tuning the interactions of  receptive field geometry, correspondence 
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noise, and the number of local detectors recruited into the system based on the stimulus 

parameters viz., displacement size, dot density and coherence level. 

From the simulations of the model, it is apparent that to detect larger displacement sizes, 

receptive fields with larger catchment areas are needed. The use of large catchment areas 

is analogous to a low-pass spatial filter with a low cut-off frequency. In that case how does 

the current model compare with that of the spatial filtering approach to motion detection? 

According to the spatial frequency limit for motion detection, the visual system is 

comprised of a bank of spatial frequency channels. These channels are activated by the 

appropriate spatial frequency in the stimulus and Dmax depends on the lowest frequencies 

carried by these individual channels. For example consider an unfiltered RDK and a low-

pass filtered version of the same RDK.  In unfiltered RDKs the cut-off frequency is 

reciprocal to the dot size, e.g., if the dot size is 20 arcmin, then the cut-off frequency (or 

the sampling interval) is 3 cycles/degree. Theoretically motion cannot be reliably 

detected beyond 40 arcmin (i.e., half-cycle of the sampling interval). In the case of 

filtered RDKs, the sampling interval is also directly related on the characteristics of the 

band-pass filters. Results from a number of researchers show that Dmax obtained with an 

unfiltered RDK was less compared to the Dmax obtained with low-pass filtered RDK 

(Chang & Julesz, 1983; Braddick, 1990; Bischof & Di Lollo, 1990; Cleary & Braddick, 

1990a; 1990b; see introduction for further details). Their results generally indicate that 

Dmax is a fixed value of approximately 15 arcmin when the cut-off frequency is higher 

that 4 cycles/degree, and Dmax increases progressively as the cut-off is decreased. For 

example with a cut-off frequency of 0.125 cycles/degree, Bischof & Di Lollo (1990) were 

able to obtain a Dmax of up to 2 degrees.  Despite filtering the RDK certain authors noted 

that Dmax was larger than predicted by the cut-off frequency (Cleary & Braddick, 

1990a.b; see also Chang & Julesz, 1983; de Bruyn & Orban, 1989; Eagle & Rogers, 1996; 
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Sato, 1998), and it was suggested that feature matching following filtering could play a 

role to extend Dmax (Morgan, 1992; Eagle& Rogers, 1996). Essentially their findings 

imply that to detect larger Dmax a coarser spatial filter in needed. As a consequence of 

filtering with a coarser filter, the unfiltered RDK stimulus is rendered relatively sparser 

(formation of blobs due to clustering of dots). Transposing the coarser filter to the current 

model would roughly equate to the use of larger catchment areas (analogous to a coarser 

spatial filter) and a sparse RDK would to be comparable to the low density pattern. In the 

current study, variable sized catchment areas are used to sample the stimulus (see Table 

7-2).  In a way this is comparable to the use of multiple spatial filters to account for the 

wide range of Dmax obtained.  

Dmax  

(Model Dmax at 100% coherence, 
From Figure 7-4) 

Dot Density 

(number of dots) 

Approx. radius of the 
receptive field (pixels) 

R = Dmax × K  

(K =1.88) 
140.016 20 263.23 

128.93 40 242.39 

115.57 80 217.27 

99.13 160 186.36 

85.52 320 160.78 

71.09 640 133.56 

60.69 1280 114.10 

51.10 2560 96.08 

46.76 4000 87.92 

Table 7-2: The observed Dmax and the respective radius of the receptive field calculated to detect the 
displacement. The approximate radius of the receptive field was calculated from Equation 1 (R = K. ∆S). 
∆S (dot displacement) is replaced with Dmax.                       

The correspondence noise based model shares many qualities of the spatial filtering model, 

especially with the 100% coherence results, and can be viewed as a simple alternative 

approach to explain Dmax. 
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The spatial filtering model could be extended to predict Dmax in low coherence stimuli, 

such as the 30% coherence level used in the current experiments. Since there are no 

spatial filtering model predictions for Dmax in low coherence stimuli, it is difficult to 

know how successful this approach would be. However it is an avenue worth pursuing for 

future research.  

The models of Morgan (1992) and Eagle and Rogers (1996; 1997) evaluate Dmax in a 

comparable manner to the correspondence noise model at 100% coherence. Dmax in 

their respective models is largely based on feature matching in the filtered image. In 

contrast, the correspondence noise based model uses only mean luminance correlation 

and does not identify features with any sort of matching algorithm in the stimulus (e.g. 

Dot density, Displacement size, Coherence level) and uses consistent rules to define the 

motion detection substrate (e.g. receptive field size, number of receptive fields, 

positioning of receptive fields) when estimating Dmax.  

One obvious reason why the above mentioned studies could explain Dmax with a spatial 

pre-filter could be the 100% coherence level used in their respective stimuli, and the 

100% coherence stimuli are relatively less noisy. Perhaps, the low noise in the stimulus is 

exactly the reason that in the current simulations Dmax could be modelled with a single 

scaling factor at 100% coherence level. The role of correspondence noise becomes more 

apparent in the simulations when modelling for 30% coherence level, where separate 

scaling factors had to be introduced at each dot density so that the simulations could match 

the human performance. 

It can be argued that the studies mentioned above addressed Dmax exclusively for RDKs 

with 100% coherence level and hence cannot be compared to the results obtained from a 

noisy RDK. It can also be argued that in the previous studies an array of spatial pre-filters 
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could be used to counter the change in coherence level. The main contention for limiting 

thresholds in RDKs has always been the amount of false pairing or spurious correlation in 

the stimulus (Braddick, 1974; Eagle & Rogers, 1996; Lappin & Bell, 1976; Morgan, 1992; 

Nakayama & Silverman, 1984). Therefore a motion detection scheme must be capable to 

operate at both high and low coherence levels with ease. This is particularly important in 

the case of RDKs because the high and low coherence stimuli are identical in spatial 

features but differ only in dynamic7

The role of correspondence noise as one of the limiting factors to Dmax has been 

recognised by a number of studies (Eagle & Rogers, 1996; 1997; Morgan, 1992; Morgan 

& Fahle, 1992; Todd & Norman, 1995). In these studies Dmax has been attributed to the 

spacing of elements in the filtered image of the stimulus. Dmax is dependent on the size of 

a single physiological pre-filter that samples the stimulus. In comparison, the correspondence 

noise model proposed here involves a range of filters and does away with the subsequent 

stage of finding the nearest neighbour matches in the filtered output as has been discussed 

in Chapter 3.  

 properties. For the same reasons, schemes suggesting 

that motion energy could be used at high densities and feature tracking at low densities in 

RDKs (Smith & Ledgeway, 2001) is questioned. This is because though feature tracking at 

100% coherence level at low densities might seem a viable option, at 30% coherence 

there are limited and unpredictable rigid features to cue the direction of motion. 

Additionally the RDK stimulus is well known for the absence of tracking and position cues 

in the detection of apparent motion (Nakayama & Tyler, 1981). There is also evidence 

that motion detection mechanisms might be oblivious to feature tracking cues in the 

stimulus (Brown & He, 2000).  

                                                 
7 Coherence level is referred as a dynamic property, because coherence cannot be readily visualised by 
simply inspecting the filtered image of the two frames of a RDK on their own, but can only be perceived 
when these two frames are presented in succession.  
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The correspondence noise model does not suggest any specific nature of the functioning of 

the MT in the human brain in the detection of apparent motion. Nevertheless, a few 

comparisons can be drawn between the functioning of the model and recent advances in 

motion physiology. One of the major assumptions of the model was that the all local 

motion direction is preserved and forwarded to the respective Global motion detector 

where a decision to the direction of motion is made. This is analogous to a physiological 

system where local motions are encoded in V1 (local detectors in the model) and 

projected to direction selective areas in the MT (Global motion detector in the model) 

(Movshon & Newsome, 1996; Nassi & Callaway, 2005). The importance of encoding all 

the local motion information in the stimulus and integrating at a later stage to find the 

strongest response in the model could be compared to the studies which investigated the 

possible link between activities among a group of MT neurons tuned to different 

directions and how perceptual decisions could be affected by the activity of a stronger 

group of population responses in the MT (Groh, 2000; Purushothaman & Bradley, 205; 

Treue et al., 2000). There is also physiological evidence for the integration of local 

motion signals by the MT (Bisley et al., 2004; Movshon et al., 1985). 

With regards to the change in the catchment area sizes in the model (brought about by K) 

based on stimulus parameters like dot density, displacement size and coherence level, 

there is not enough supportive physiological evidence. It has been suggested that the MT 

neurons could influence the V1 regions in a feedback fashion to extract more information 

from the stimulus (Zaksas & Pasternak, 2005). Essentially, the MT is looking for motion 

information beyond the RF of the projecting V1 neurons.  

From these discussions, a model based on correspondence noise could cater for various 

combinations of stimulus parameters, which were hitherto not explained within a single 
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frame work. The model has the following limitations in its current stage: it does not 

respond to changes in dot sizes; it is not sensitive to contrast and hence cannot account for 

certain motion phenomenon like reverse-phi motion; it does not involve temporal 

summation and hence cannot respond to speed or extract velocity. It is also not clear how 

the model will respond for rotational motion, motion transparency and real image 

motion.  
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8 Summary and Conclusions 

The research carried out in the thesis examined the role correspondence noise played in 

the estimation of psychophysical Dmax and Dmin across a wide range of stimulus 

parameters (Chapter 3 and 4). From the psychophysical results for Dmax a workable 

model of motion detection in RDKs, based on correspondence noise, was designed and 

predictions were made for the performance of the model across a broad range of stimulus 

variables that affected psychophysical performances (Chapter 5). Optimization 

experiments were run to fine-tune the model parameters (simulated motion detector) for 

various stimulus conditions (Chapter 6). With a satisfactory performance of the simulated 

motion detector to various stimulus conditions in the pilot experiments, the 

psychophysical conditions of Dmax in Chapter 3 were replicated with the simulated 

motion detector as an ideal observer (Chapter 7).   

Correspondence noise and Dmax 

The main predictions tested in Chapter 2 was that the observed Dmax range in the 

literature (Eagle & Rogers, 1996; 1997; Morgan & Fahle, 1992; Morgan et al., 1997) was 

due to the variation in correspondence noise brought about by the interaction of various 

stimulus parameters, namely dot density, displacement size and coherence level. The 

results of the psychophysical experiments and the related discussions in Chapter 3 

together with the simulations in Chapter 7 conclude that correspondence noise is indeed 

responsible for the observed changes in the range of observed Dmax across a range of 

stimulus parameters.   

With evidence that correspondence noise does affect Dmax, a motion detection model 

was developed that would essentially be influenced by the effects of correspondence noise 

as does the human observer across a range of similar stimulus conditions. The work of 



 153 

various investigators on psychophysical receptive field properties suggested that to detect 

large displacements the motion detector must utilize large receptive fields (Baker & 

Braddick, 1982; 1985) and to incorporate the decline in performance at certain large 

values of displacement, a model based on correspondence noise and receptive field 

geometry as interdependent parameters was designed.  The radius of the receptive field of 

the local detectors in the model was assumed to scale with the displacement size it was 

tuned to detect. These scaling receptive fields meant that large displacements were 

detected by large receptive fields which were more prone to collecting noise thereby 

causing a decline in performance. Similarly, the lower the coherence level in the stimulus, 

the higher will be the probability that receptive fields collect noise, again affecting 

performance. The level of noise would also be affected by changes in dot density.  

The results of the simulations and comparison with respective psychophysical 

performances show that the correspondence noise based model captures the essence of the 

functional aspects of the human motion detection system. Obviously assumptions have 

been made in the model with regards to the use of displacement size tuned detectors, the 

number of local detectors used for the task, the step profile of the detectors and the 

changes in scaling factor affected by changes in  coherence level in the stimulus. However, 

these assumptions are liberties a modelling approach permits in order to gain important 

insights into the limits of motion detection in RDKs. Nevertheless, the point has been 

made that correspondence noise plays a central role in determining Dmax in RDKs.  
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Correspondence noise and Dmin 

The correspondence noise hypothesis explains psychophysical Dmin to a large extent. The 

current experiments suggest that Dmin in RDKs could be influenced by correspondence 

noise and by under-sampling of the stimulus plane by the motion detection system. The 

extent to which each of these components plays a role in determining Dmin is not clear. 

Historically Dmin has been associated with high resolution capacity of the visual system 

(Hadani, Gur, Meiri & Fender, 1980) or motion vernier acuity of the system (Burr, 1979) 

or due to the smallest span of the motion detector (van Doorn & Koenderink, 1982). 

Therefore interpreting Dmin from a different perspective in the light of correspondence 

noise and under-sampling is an important contribution towards the understanding of 

Dmin. The use of a common stimulus and experimental set-up to elicit both Dmin and 

Dmax, just by varying the dot displacements (Chapter 3) permits the development of a 

unified model to explain both phenomena. Future work will focus on modelling for Dmin 

based on a joint correspondence noise – under-sampling hypothesis.  

Correspondence noise and receptive field geometry 

An important outcome of the model is the dependency of correspondence noise on 

receptive field geometry. It can be emphasized from this relationship that correspondence 

noise may not be an independent entity governed by features of any given stimulus. 

Instead, correspondence noise must always be viewed in conjunction with the processing 

capabilities of the motion system under investigation. Various studies have investigated the 

psychophysical receptive fields of the motion detector using broadband motion stimuli 

(Fredericksen et al., 1994; van de Grind et al., 1983; van Doorn & Koenderink, 1984). 

All the studies estimate the receptive field geometry by relying on either detection or 

direction discrimination thresholds by varying the stimulus parameters like height, width 
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or the amount of superimposed white noise. Essentially, they all exploit the spatial 

summation properties of the visual system. Now, given that the current experiments and 

simulations have convincingly shown that correspondence noise spatial summation to 

varying levels depending on the stimulus conditions, it is debatable how the results of 

these studies would have altered should correspondence noise in their respective stimulus 

is taken into account. It may well be that their estimates of receptive field geometry was 

limited more by correspondence noise rather than the underlying physiological properties. 

Implications of the Correspondence noise model 

In the optimization simulations to determine the number of local detectors that might be 

adequate for the task, it was found that an optimally placed finite number of local 

detectors would deliver a performance that would match or better an infinite number of 

local detectors tiling the stimulus plane. A comparison of performances when using a 

finite number optimally placed detectors and a finite of randomly positioned local 

detectors was presented. Finally, a finite number of randomly positioned local detectors 

was favoured for the model, because of the uncertainly it shared with the human visual 

system with regards to the lack of information on the distribution of dots in the stimulus. 

The randomly positioned local detectors were 1000 in number for 100% coherence and 

150 for 30% coherence level. This is an important outcome with reference to the V1 

physiology because only approximately 25-35% of VI cells are directionally selective (De 

Valois et al., 1982; Schiller et al., 1976) and of these only 25% are known to be tuned for 

speeds (Priebe et al., 2006). Now given that motion in any RDKs is composed of velocity 

vectors of varying magnitudes and directions (the model also assumes that the detectors 

are tuned to displacement size, and hence indirectly speed) there is a limit to the total 

number of V1 neurons that can sample the stimulus. Hence it can be assumed that the 

motion detection system is frugal in allocating resources (number of local detectors) for a 
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given task without compromising on performance. To match human performances a low 

number of local detectors used by the model (when sampling a stimulus with 30% 

coherence) could simply be a reflection of the number of local detectors tuned to the 

stimulus profile. The numbers 1000 and 150 for local detectors used in the model are not 

absolute for the human motion detection system, but only represent a choice of model 

variables that were found to yield model performances that matched psychophysical 

performance. It may have been possible to find other model parameters that yielded 

comparable or a better match to the psychophysical performance.   

Another important outcome of the simulations is the strategy chosen for positioning the 

local detectors in the model to sample the stimulus plane. From the results of the 

optimization experiments (Figure 6-1, Figure 6-3 compare the ideal performance level 

depicted by bold lines to the rest of the performance curves, for the appropriate dot 

density, that capture the performance of randomly positioned local detectors) it can be 

appreciated how the simulated motion detector loses motion information when it does not 

have prior knowledge of the position of individual dots at the beginning of a trial. Whilst 

modelling the ideal observer for various motion detection tasks, multiple attributes both 

in the stimulus and in the motion detection system have been identified in the literature to 

account for the loss of information. For example information loss in RDKs could arise due 

to variations in the dot patterns across trials even when the direction of motion is kept 

constant (Bair et al., 2001; Zohary et al., 1994), or when decoding from the population 

responses, loss due to the absence of information on individual correlations in the front 

end of motion energy detectors (Klam et al., 2008). Information loss is also suggested to 

occur due to the inability of the stimulus to activate the MT sufficiently (Mikami, 1992), 

loss of stimulus energy due to internal noise (Burgess, 1990; Pelli & Farell, 1999) or due 

to pooling of information over a large area of the stimulus (Barlow & Tripathy, 1997).  



 157 

The loss of information due to the position of the receptive fields relative to elements in 

the stimulus has not been mentioned before. The results suggest that the efficiency of the 

ideal observer is partly due to its prior knowledge of distribution of stimulus elements in 

addition to the processing of all the available information in the stimulus.  In the 

simulation, when using ideally positioned RFs the simulated motion detector is assumed 

to use all the available motion information in the stimulus yielding efficiency that is better 

than that of human observer. When the ideal observer is denied information about the 

relative positioning of the stimulus elements, performance curves could be easily scaled to 

match human observations over a wide rage of stimulus variables (dot density, coherence 

levels).  

Scope for future work  

Calculating correspondence noise: In the current investigation the concept of correspondence 

noise is largely discussed from a logical point of view based on inferences and 

interpretations of various studies in the literature, discussed in the introductory chapter. 

Following the modelling and simulations the qualitative features of a model based on 

correspondence and receptive field geometry were presented. However the current 

model would be enhanced if a closed form expression to calculate the theoretical 

correspondence noise associated with a given stimulus could be found. A very simple 

example on how to calculate correspondence noise in RDKs was mentioned in Chapter 2. 

In fact, the calculation of the actual correspondence noise associated with stimulus 

condition is complex, involving many variables.  

Psychophysics and Simulations for intermediate coherence levels: The psychophysical experiments 

and the modelling in the current investigation are limited only to two coherence levels: 

30% and 100%. The independent family of curves obtained at these coherence levels, (for 
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example refer to Figure 3-8 or Figure 3-14) provide a great deal of information about the 

interaction of various stimulus parameters. Still, it is not possible to predict with certainty 

the performance at intermediate coherence levels. Obtaining a family of curves for 

additional coherence levels will help to refine the model in predicting the scaling factor(s) 

accurately for other coherence levels. For example refer to Table 7-1, the scaling factor is 

deduced empirically for 100% and 30% coherence.  

The scaling factor changes with change in dot density at 30% coherence level. It is worth 

investigating if the same applies for other intermediate levels of coherence. This will shed 

more light on the behaviour of the motion system under varying levels of noise.  

Other approaches to the receptive field size and number: The correspondence noise based model 

assumed scaling of the radius of the receptive fields as a proportion of displacement size 

(Equation 1, Chapter 4). With such an assumption different scaling factors were arrived 

based on the choice of stimulus parameters (viz., coherence level and dot density). What 

drives this change in the scaling factor is not defined and currently the scaling assumption 

cannot be verified independently. Perhaps there might be other ways for the model to 

handle noise that better reflects human visual performance. As a simple example, it might 

be possible to model correspondence noise by scaling the area of the receptive fields as a 

proportion of displacement size rather than the radius.  

As to the number of local detectors used in the model, the simulations for 100% 

coherence use 1000 detectors and 30% coherence use 150 detectors, to match human 

performance. With the limited number of coherence levels used, how the coherence level 

determines the number of local detectors required to sample the stimulus and the 

implications for the visual system is not obvious. Additional simulations for intermediate 

coherence levels might reveal a pattern to the coherence level - local detector 
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relationship.  The visual system might employ a strategy that minimises the number of 

detectors while maximising the use of motion information. 

Changes to the model to simulate different viewing distances: In the psychophysics section, 

experiments were carried out at viewing distances of 165 and 330 cm in addition to 82 cm 

(Chapter 3). The simulations were done only to match the performances at the 82 cm 

viewing distance. The model in its current form does account for the performances at the 

other two viewing distances. This is because from the model’s perspective the stimulus 

parameters remain the same, for example the number of dots, the displacement size in 

pixels and the area of the stimulus but the subjective equivalent of these parameters have 

changed in terms of dot size, dots/deg2, doubling or quadrupling of dot displacement and 

the change in stimulus area in deg2. However the psychophysical data showed that the 

modifications to the model are necessary to correctly account for the change in human 

visual performance as the viewing distance changes (see Figure 3-21). 

Dot size and the model: Currently the dots in the model are dimensionless and are 

represented by mathematical points, referenced by their x-y co-ordinates. Hence the 

model in the current set up is not sensitive to dot sizes. Looking back, in at least two 

psychophysical studies (Morgan, 1992; Eagle & Rogers 1997) the difference in dot size has 

been debated as a critical factor in determining Dmax. Even though the current study did 

not specifically investigate the dot size issue, a logical explanation was given for the 

differences in Dmax arising due to dot size (See Discussion, Chapter 3). If a future version 

of the model was designed to be responsive to dot sizes, it would provide insight into the 

interaction between dot size and correspondence noise. It will be interesting to simulate 

the psychophysical results of the two above mentioned studies because both the studies 

explain Dmax from a noise based perspective.   
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Threshold coherence from the model:  The correspondence noise model could also be readily 

extended to determine threshold coherence. Consider Figure 6-6, where the model 

output at various displacement sizes is plotted for a range of dot densities for a fixed 

coherence of 100%.  In order to determine threshold coherence, the dot displacement 

size is fixed at an easily detectable supra-threshold level (for example a displacement of 10 

or 15 pixels), and a family of performance curves could be obtained for various coherence 

levels over the entire range of dot densities. From the data, threshold coherence could be 

calculated following the same procedure that was used to calculate Dmax (as detailed in 

Chapter 3, Section 3.4). The best ‘K’ can also be estimated from the procedure detailed 

for Dmax in Chapter 7.  

Modelling Dmin: Another important aspect that would make the model complete is to 

address Dmin. From the Dmin experiments and discussion in Chapter 3, it emerged that 

both correspondence noise and under-sampling could jointly play a role in determining 

the smallest detectable displacement. Under-sampling of the stimulus can be achieved by 

reducing the number of local detectors used in the model in order to match the human 

performance. This procedure would be analogous to the method where the numbers of 

local detectors was decreased to match human performances at the 30% coherence level 

(Chapter 6, 30% Coherence level).  Just as for Dmax, the model has to be optimised in 

terms of the number of local detectors and the distribution of local detectors sampling the 

stimulus plane. This will help in confirming if Dmin is indeed affected by correspondence 

noise and under-sampling.   
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