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Abstract 24 

Objects are often identified by the shape of their profiles but complex objects are often 25 

comprised of multiple articulated components.  It has been proposed that complex objects are 26 

decomposed and recognized by their component parts.  This study exploits the proposition that 27 

the visual system decomposes objects at matched deep concavities on their boundaries.   28 

Rapid decreases in thresholds for detection of sinusoidal deformation of a circle’s radius with 29 

number of cycles of modulation shows that shape information is integrated around radial 30 

frequency (RF) patterns.  Here we merge RF patterns to form composite patterns with 31 

concavities and show that integration around the RF patterns is disrupted if the concavities are 32 

shallow but preserved if they are deep, consistent with their decomposition at matched deep 33 

concavities. 34 

Geon theory identifies complex patterns through a structural description of viewpoint 35 

invariant primitives known as geons.  Geons are defined by properties on their boundaries that 36 

co-occur in a non-accidental manner across viewpoint changes rather than by reconciling metric 37 

properties such as curvature with viewpoint specific templates.  Similarly, shapes of RF patterns 38 

are defined by the positions of curvature features on their boundaries.  We argue that RF patterns 39 

provide flexible stimuli that might be used to study geons. 40 

 41 

Keywords:  Radial frequency patterns; shape, concavities; decomposition; recognition by 42 

components. 43 
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1. Introduction 44 

The visual environment is rich with information, with the semantic content of a scene 45 

conveyed by the objects it contains and the perceived interactions between them.  A primary 46 

concern of the visual system is, then, the detection and recognition of such objects.  The extent of 47 

an object in a scene is often delineated by a change in luminance or texture at the boundary 48 

between the object and its background.  The visual system is adept at detecting continuous 49 

smooth paths defined by a contrast in luminance or texture within noise (Field, Hayes, & Hess, 50 

1993; Li & Gilbert, 2002; Tan, Dickinson, & Badcock, 2013) and is particularly sensitive to 51 

closed paths (Kovacs & Julesz, 1993; Tan, Bowden, Dickinson, & Badcock, 2015; Wagemans et 52 

al., 2012).  Detection of the boundary of an object does not, in itself, identify the object (Tan, et 53 

al., 2013) but objects are often identified by the shape of their boundaries (Biederman & Ju, 54 

1988; Kourtzi & Kanwisher, 2000). 55 

Thought experiments reveal that points of maximum curvature on a path are rich in 56 

information content and psychophysical experiments have shown that they are identified by 57 

observers as important to the representation of an object’s shape (Attneave, 1954; De Winter & 58 

Wagemans, 2008).  However, objects in the natural world can be highly complex with multiple 59 

component parts and it has been suggested that parts of an object might provide information 60 

useful for object categorization and, therefore, that objects with complex boundaries might be 61 

segmented to divide the objects into parts by which they might be recognized (Biederman, 1987; 62 

De Winter & Wagemans, 2006; Hoffman & Richards, 1984).  This suggestion implies a level of 63 

object representation intermediate between the local features and the complete object 64 

representation.  Biederman and Cooper (1991) provided strong evidence to support this 65 

conjecture in priming experiments.  The components of the intermediate level of representation 66 
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were conceived of as the parts of the object that had wholly convex boundaries or boundaries 67 

with a single concavity.  These parts, and the objects themselves, were considered as made up of 68 

local features such as vertices or edges.  Visual recognition priming was demonstrated across 69 

objects with alternate and opposite local features deleted, such that no local features were 70 

common across the priming and test stimuli.  In contrast, no priming was observed across objects 71 

with opposite parts of a complex pattern deleted.  Control conditions showed that the visual 72 

priming could be attributed to the parts representations, rather than the local features or a 73 

template representation of the complete object.  A complementary fMRI adaptation study using 74 

local features-deleted and parts-deleted stimuli provided evidence for a parts based 75 

representation of complex objects in the lateral occipital complex (LOC) of the cortex (Hayworth 76 

& Biederman, 2006) 77 

Hoffman and Richards (1984) argued that if segmentation precedes recognition then the 78 

heuristics used must be generic to all objects.  They state that when two objects are brought 79 

together, such that one penetrates the other, then the boundary on the surface of the composite 80 

shape along which the parts join is a contour of concave discontinuity in their tangent planes.  81 

This result is known as the transversality regularity.  Hoffman and Richards contend that 82 

partitioning of a composite object can be achieved by dividing a surface into parts along these 83 

concave discontinuities in the tangent plane, a process that does not need to consider the 84 

identities of the parts.  This principle can be generalized to smooth surfaces that might join parts 85 

of a complex object by partitioning along a line that is locally perpendicular to the maximum 86 

curvature within concavities on that object.  If the minimum and maximum curvatures at a point 87 

are not equal (they are equal on a sphere) then such a line represents a path of minimum 88 

curvature on the surface.  Further constraints are imposed on segmentation by models that 89 
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require the products of segmentation to conform to restricted sets of possible parts such as 90 

generalized cylinders (Marr, 1982) or geons (Biederman, 1987).   91 

The transversality regularity provides a robust construct for partitioning three dimensional 92 

objects but some of the boundary that describes it is often occluded.  Under such circumstances 93 

the extent of the part is defined in its two dimensional projection, its silhouette.  Smooth 94 

concavities on a silhouette imply the projection of a continuous smooth surface while 95 

discontinuities in curvature suggest occlusion of one surface by another and perhaps the 96 

occlusion of a path of minimum curvature between them if the surfaces are on the same object.  97 

An object part might, therefore, be circumscribed partly by the expression of the transversality 98 

regularity and partly by its silhouette.  In the absence of a three dimensional interpretation of the 99 

object, partitioning must rely on information present on the boundary and theoretical arguments 100 

show that concavities on paths carry the most information content (Feldman & Singh, 2005).  It 101 

is, therefore, natural to assume that the visual system would exploit that information even if other 102 

cues are available and useable (De Winter & Wagemans, 2006).  Hoffman and Richards (1984) 103 

and Biederman (1987) suggest that parts might be segregated at matched concavities in the 104 

boundary of an object.  Such a process results in parts that are characterized by convex rather 105 

than concave curvature and there is neurophysiological and psychophysical evidence that the 106 

analysis of simple figures is biased towards the analysis of convex curvature (Pasupathy & 107 

Connor, 1999, 2001, 2002; Schmidtmann, Jennings, & Kingdom, 2015).  The matching of 108 

concavities must, of course, be arrived at through the application of further perceptual rules.  109 

Rules that incorporate Gestalt principals such as proximity and good-continuation have been 110 

suggested (De Winter & Wagemans, 2006).     111 
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In this study, then, we aim to demonstrate psychophysically that complex patterns are 112 

decomposed at matched concavities as a precursor to the subsequent analysis of the shape of the 113 

parts.  To do this we will exploit a contemporary method for demonstrating global processing of 114 

contour information around simple shapes.  Radial frequency (RF) patterns, patterns that have 115 

been shown to exhibit integration of shape information around their boundaries (Dickinson, Han, 116 

Bell, & Badcock, 2010; Dickinson, McGinty, Webster, & Badcock, 2012; Green, Dickinson, & 117 

Badcock, 2017b; Hess, Wang, & Dakin, 1999; Loffler, Wilson, & Wilkinson, 2003) will be used.  118 

RF patterns are closed paths deformed from circular by a sinusoidal modulation of radius with 119 

polar angle (Wilkinson, Wilson, & Habak, 1998).  Human observers are exquisitely sensitive to 120 

such shape deformation and, for patterns with a low frequency of modulation (a small number of 121 

cycles of modulation in 360°) amplitude thresholds for detection of modulation decrease with 122 

increasing numbers of cycles of modulation at a rate that cannot be accounted for by the 123 

increasing probability of detection of single cycles; probability summation (Cribb, Badcock, 124 

Maybery, & Badcock, 2016; Green, Dickinson, & Badcock, 2017a; Green, et al., 2017b; Green, 125 

Dickinson, & Badcock, 2018).  Radial frequency patterns with a frequency of three cycles per 126 

360° (RF3 patterns) exhibit an almost linear summation of information across cycles of 127 

modulation, with the amplitude threshold for three cycles of modulation being one third of that 128 

for a single cycle of modulation (Tan, et al., 2013).  This result suggests that noise remains 129 

constant as signal is added incrementally, which implies that RF patterns are analyzed as unitary 130 

shapes.  Further evidence to support this interpretation was provided by Dickinson, Bell and 131 

Badcock (2013), who showed that RF patterns with differing frequencies of modulation could be 132 

discriminated at their thresholds for detection of modulation.  This result suggests that the 133 

mechanisms responsible for accumulating sufficient signal to allow detection of modulation of 134 
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differing frequencies are discrete and specific to those frequencies, allowing patterns of different 135 

frequency to be readily discriminated from one another.  In a two interval forced choice task 136 

observers were able to report with equal accuracy the interval within which the modulated 137 

pattern was present and which of two patterns was presented implying the existence of 138 

information lines labelled for the signal present in particular frequencies of RF pattern (Watson 139 

& Robson, 1981).  Importantly, patterns with two or more cycles of modulation that differed in 140 

frequency of modulation could be discriminated at detection threshold but patterns with only a 141 

single cycle of modulation could not, leading Dickinson, Bell and Badcock (2013) to conclude 142 

that the feature that allowed discrimination of the patterns was the angle subtended by adjacent 143 

points of maximum curvature on the RF pattern at the pattern’s centre.  This shape cue is more 144 

complex than simply a single local angle or curve but only requires analysis of the relative 145 

positions of two curvature features.   146 

Neurophysiological studies have shown that the receptive fields of neurons in macaque 147 

cortical area V4 are strongly biased towards selectivity for curvature that is convex, rather than 148 

concave, with respect to the receptive field centre.  Individually the neurons encode the polar 149 

positions of curvature maxima relative to the centre of their receptive fields (Pasupathy & 150 

Connor, 1999).  Populations of such neurons could encode shape in a curvature versus angular 151 

position space (Pasupathy & Connor, 2002).  Thus it seems very likely that cortical area V4 is 152 

responsible for the analysis of simple shapes.  Such an analysis, however, first requires a centre 153 

to be established for the shape.  It has been shown that the perceived position, or perceptual 154 

centre, of a plane figure is its centroid (Vos, Bocheva, Yakimoff, & Helsper, 1993; Westheimer 155 

& McKee, 1977) and the centre of an RF pattern is particularly well defined at its threshold as 156 

the pattern is almost circular.  Complex patterns comprising two merged RF patterns would need 157 
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to be segmented prior to the assignment of centres to its RF parts for the analysis of the shapes of 158 

the RF patterns to proceed and this is the condition we examine in this study.  Specifically, we 159 

manipulate the depths of concavities on pairs of merged RF patterns, which are otherwise 160 

similar, and measure the efficiency of integration around the component RF patterns.   161 

The experimental value of the RF patterns that we will exploit in this study is that signal can 162 

be introduced incrementally to closed paths and that when this is done information is seen to be 163 

integrated around those paths.  We would like to make it clear that we are not proposing that RF 164 

patterns represent basis functions for the shapes of closed paths but simply that they can be used 165 

to demonstrate integration of shape information around a path.  Although we argue that 166 

orientation deviation from circular is the feature that determines the salience of the modulation of 167 

the radius of the RF patterns, for the small amplitudes of modulation at threshold the amplitude 168 

and maximum deviation from circularity are linearly related and so in this study the convention 169 

of comparing amplitudes of modulation across numbers of cycles of modulation will be 170 

followed.   171 

Thresholds for detection of modulation in RF patterns are conventionally measured through 172 

comparison of a test pattern with a circular reference pattern in a two alternative forced choice 173 

task.  In order to test if complex patterns comprised of RF3 patterns are perceptually segregated 174 

prior to analysis of the parts we will merge two RF3 patterns into a composite test pattern and 175 

examine thresholds for detection of modulation in the pattern through comparison with a 176 

reference pattern composed of two merged circles.  Such composite patterns will not have the 177 

simple form of an RF3 pattern which has no concavities on its boundary at threshold amplitude 178 

of modulation.  The composite pattern’s perceptual centre, at its centroid, is displaced from the 179 

centres of the two RF patterns it is comprised of to the mid-point of a line joining the centres of 180 



9 
 

the two RF patterns.  If deviation from circular were to represent the shape signal integrated 181 

around patterns in general, then a composite reference pattern comprised of two circles would 182 

have substantial signal as the majority of its boundary will deviate from any concentric contour.  183 

Any additional signal introduced by modulating one or the other of the two circles to create a 184 

composite test pattern would be incremental to that signal.  It might be expected, therefore, that 185 

detection of the deformation on the two patterns of the composite test pattern would be 186 

performed on the basis of local cues to distortion and that any decrease in threshold with 187 

increasing numbers of cycles of modulation would then be consistent with the predictions of 188 

probability summation.  If, however, the patterns were perceptually dissociated at the matched 189 

concavities in the merged pattern, then integration of shape information might occur around the 190 

individual patterns each with their own perceptual centre.  Demonstration of integration of shape 191 

information around the RF patterns will be taken as evidence that they are being treated as 192 

discrete parts of the composite pattern.   193 

The study comprises four experiments.  The first experiment will employ a single, filled RF3 194 

pattern as the test pattern and a single filled circle as the reference pattern.  Amplitude thresholds 195 

for detection of modulation in patterns with one, two and three cycles of modulation will be 196 

measured and the rate of decrease in threshold compared with predictions of probability 197 

summation to determine whether integration of shape information occurs around filled RF 198 

patterns.  Integration will be deemed to have occurred if the rate of decrease of threshold exceeds 199 

that predicted by probability summation (Loffler, et al., 2003).  Integration is expected here as 200 

thresholds for detection of modulation in RF3 patterns defined explicitly by their boundaries 201 

have previously been shown to decline faster than probability summation predictions (Cribb, et 202 

al., 2016; Green, et al., 2017b; Loffler, et al., 2003).  Filled patterns, however, have not 203 
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previously been used for this purpose and so the outcome needs to be determined before the RF3 204 

patterns are used to create composite patterns.   205 

In the second experiment two discrete patterns will be presented in each test and reference 206 

stimulus.  Cycles of modulation will be added incrementally to the two patterns of the test 207 

stimulus and amplitude thresholds for detection of modulation measured.  We hypothesize that 208 

integration of shape information will occur around each RF pattern of the test stimulus 209 

independently but that the decrease in threshold due to adding cycles of modulation across the 210 

two patterns will be consistent with probability summation as this is what has been shown to 211 

occur for wire-frame outline patterns (Green, et al., 2018). 212 

The third and fourth experiments will address the central question of this study and will use 213 

composite patterns where two patterns are merged in the test and reference stimuli, with the 214 

patterns of the two experiments differing in the degree to which they are merged.  Merging of the 215 

patterns causes concavities to appear on the boundary of the composite pattern.  In the third 216 

experiment the pattern centres in the test and reference stimuli will be separated by an amount 217 

that results in the boundary changing orientation by 60° at shallow concavities, and in the fourth 218 

by an angle of 120° at deep concavities.  The depth of the concavities is defined solely by the 219 

distance by which the centres of the two patterns are separated and not by addition of cycles of 220 

modulation or by variation in the amplitude of modulation.  Again, cycles of modulation will be 221 

added incrementally to the test stimulus.  Our hypothesis will be that the shallow concavities of 222 

the patterns in the third experiment will not result in decomposition of the composite patterns 223 

with the rationale that the deviation of the path from straight at the concavities of 60° will be 224 

inadequate to produce a perceptual break in the path.  The 60° turning angle at the concavities is 225 

large in comparison with angles shown to disrupt contour integration in experiments used to 226 
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argue for association fields for approximately collinear path elements (Field, et al., 1993) but it 227 

has been argued that such disruption is likely due to the increasing likelihood of the linking of 228 

the elements of the path to noise elements external to the path (Watt, Ledgeway, & Dakin, 2008).  229 

Moreover, a recent study has shown that contour integration is preserved through turning angles 230 

of 90° if the corner is made explicit by joining adjacent path elements at the corner (Persike & 231 

Meinhardt, 2017).  In the language of Gestalt psychology the path is preserved due to the 232 

principle of good continuation.  The alternative to preservation of the continuity of the boundary 233 

is the segmentation of the composite pattern into its component patterns.  We expect the 234 

composite patterns of the fourth experiment to be perceptually dissociated into their component 235 

patterns at the matched deep concavities either side of the composite patterns due to the 236 

existence of an alternative interpretation where a smaller turning angle is required to produce a 237 

segmented interpretation.  A turning angle of 120° must be accommodated into the processing of 238 

the shape of the composite pattern if it is to be processed as a whole but interpolation between 239 

the two concavities to partition the pattern only requires a turning angle of 30°. 240 

  Hypothesis testing will rely on measurement of the rate of decrease of the amplitude 241 

thresholds for detection of modulation as cycles of modulation are added incrementally to the 242 

two patterns comprising the test stimulus.  If the patterns are perceptually dissociated then the 243 

decrease in thresholds should be consistent with integration of information as cycles are added 244 

within an RF3 pattern and consistent with probability summation as they are added across the 245 

RF3 patterns.  If the patterns are not perceptually dissociated and discrimination between the test 246 

and reference patterns relied on the detection of individual cycles of modulation then we would 247 

expect the rate of decrease in threshold to be consistent with probability summation as cycles of 248 

modulation are added both within and across the RF3 patterns.  We can reasonably expect this to 249 
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be the case because the shifted centre means that the local distortions are no longer deviations 250 

from a common circle.  Rather, large deviations from circular exist in the test and reference 251 

stimuli and, therefore, only large global shape differences might be salient.  Local differences 252 

between the test and reference stimuli increase in number as cycles of modulation are introduced 253 

and the detection of local differences that are present will be governed by probability summation 254 

(Green, et al., 2018). 255 

If our hypotheses are supported then it supports the proposal that the analysis of the RF 256 

patterns comprising the composite pattern stimuli reflect the intermediate level of processing that 257 

is the domain of geons in the recognition by components theory of shape recognition.  In the 258 

General Discussion we will describe how the demonstrated properties of RF patterns relate to the 259 

geons.     260 

2. General Methods 261 

2.1 Observers 262 

The study was approved by The University of Western Australia Human Research Ethics 263 

Committee and complied with the tenets of the Declaration of Helsinki.  Observers were 264 

recruited from within the Human Vision Laboratory and from the wider student population and 265 

gave their informed consent prior to participation in the study.  Six observers participated in all 266 

four experiments. VW and ED are authors and were aware of the purposes of the experiments.  267 

JC, KL, TM and DP were naïve.  All observers had normal or corrected to normal visual acuity 268 

assessed using a LogMAR chart. 269 

2.2 Apparatus 270 
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Observations were performed in a darkened room.  All stimuli were generated in Matlab 7.0 271 

(Mathworks, Natick, MA, USA) on a PC (Pentium 4-3GHz) and presented from the frame buffer 272 

of a Cambridge Research Systems (CRS) ViSaGe (CRS, Kent, UK) visual stimulus generator to 273 

a Sony Trinitron G520 monitor with screen resolution 1024 × 768 pixels and a screen refresh rate 274 

of 100 Hz.  Observation distance was maintained by a chinrest at 65.5cm, such that the visual 275 

angle subtended by one pixel was 2 minutes of visual angle, producing a visual area of 34.13º × 276 

25.60º.  A background luminance of 45cd/m2 was used for all stimuli and calibration was 277 

performed using an Optical OP 200-E photometer (head model number 265) and its associated 278 

software (CRS).  Observers used the left and right buttons of a CRS CB6 button box to signal 279 

their responses. 280 

2.3 Stimuli 281 

Stimuli were all comprised of filled RF patterns and/or filled circles.  The boundaries of the 282 

RF patterns were created by varying the radius of a circle sinusoidally according to: 283 

 𝑟𝑟(𝜃𝜃) = 𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(1 + 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝜔𝜔𝜃𝜃 − 𝜑𝜑)) (Error! 

Bookmark 

not 

defined.1) 

where 𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is mean radius (1º of visual angle in all experiments), 𝐴𝐴 is amplitude of 284 

modulation defined as a proportion of the mean radius, 𝜔𝜔 is the frequency of modulation per 285 

360º (kept at 3 for this study), 𝜑𝜑 is used to vary phase of modulation, and 𝜃𝜃 is polar angle.  The 286 

parameter used to manipulate the phase of the RF patterns, φ, is subtracted from ωθ (rather than 287 

added as is conventional) in the sine function of Equations 1 so that an increase in φ results in an 288 

anti-clockwise rotation of the RF pattern.  This is simply so that φ can be expressed as increasing 289 
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in the conventional mathematical direction in Figure 1 to concur with the direction of increase of 290 

ω.  Cycles of modulation were added incrementally with two halves of a first derivative of a 291 

Gaussian (D1) function used to replace the first and last half cycles of RF patterns with fewer 292 

than the requisite number of cycles to complete the full pattern, in order to smoothly return the 293 

train of modulation back to the remaining circular arc following the convention introduced by 294 

Loffler et al. (2003).  The RF patterns were either presented individually or in pairs.  When 295 

presented as a pair the distance between the centres of the patterns was varied to create different 296 

experimental configurations.  The two RF patterns could be discrete, merged with little overlap, 297 

or merged with significant overlap.  When merged, the distance between the centres of the two 298 

RF patterns (or the two circles in the reference stimulus) controlled the depth of the concavities 299 

on the composite patterns.  Variation of the number of cycles of modulation or their amplitude 300 

had no effect on the depth of the concavities.  The method of construction of the stimuli is 301 

illustrated in Figure 1.  302 
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 303 

Figure 1:  Stimuli for all experiments were constructed using the same method.  The boundaries 304 

of two RF patterns are illustrated as solid blue (dark grey and to the bottom left) and red (light 305 

grey to the top right) lines.  The polar frames of reference within which each pattern is specified 306 

are shown as dotted radial and circular lines within solid black circles.  The centres of these 307 

frames of reference both lie on the solid black line that indicates the long axis of the composite 308 

pattern when the patterns are merged.  The small solid black circle indicates the midpoint 309 

between the centres of the two RF patterns and the centre of the composite pattern when the 310 

patterns are merged.  The distance between the RF pattern centres is manipulated across the 311 

experiments to separate the discrete patterns and vary the depth of concavities on merged 312 

patterns.  The stimulus illustrated is a composite pattern.  The RF pattern in blue (dark grey 313 
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bottom left) has a single cycle of RF3 modulation and the pattern in red (light grey top right) two 314 

cycles.  The RF patterns can be considered as always in zero phase with respect to the axis of 315 

composite pattern when projected from the centre of the composite pattern, with the train of 316 

modulation centred on the axis.  The stimuli with discrete RF patterns are treated similarly.  So 317 

that the positions of the points of maximum curvature could not be predicted with certainty, the 318 

modulation was applied as having either positive or negative amplitude at random.  Patterns with 319 

negative amplitudes of modulation are shown as dashed lines.  The orientation of the line joining 320 

the centres of the RF patterns was randomized, with the value of 𝜑𝜑 chosen at random for each 321 

stimulus.  The test and reference stimuli, therefore, had differing orientations within a trial.  322 

Stimuli comprising only a single RF pattern were created in the same manner but only one of the 323 

RF patterns was drawn.  Reference stimuli were also created in the same way but using circles.  324 

The RF patterns and circles of the stimuli were filled, with the interior of the circle presented at a 325 

Weber contrast to background of 1 (a luminance of 90cd/m2).  The contrast of the edges was 326 

smoothly reduced to background radially, using a one sided Gaussian function with a standard 327 

deviation of two minutes of visual angle. 328 

2.3 Procedure 329 

Amplitude thresholds for the detection of modulation were derived using a two-interval 330 

forced-choice (2IFC) task.  A test stimulus was presented in one 160 ms interval and a reference 331 

stimulus presented in the other 160 ms interval, with the observer required to report the interval 332 

in which the test stimulus appeared.  Stimulus intervals were separated by a 500 ms inter-333 

stimulus interval.  All experiments employed the method of constant stimuli (MOCS), where a 334 

particular condition of stimulus was presented twenty times at each of nine amplitudes (𝐴𝐴) of 335 

modulation in each of three blocks of trials.  Conditions were blocked with blocks of particular 336 
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conditions randomly interleaved to control for fatigue and practice effects.  For each condition 337 

the probability of correct response was calculated for each amplitude of modulation and the 338 

relationship with the amplitude of modulation fitted by the Quick function (Quick, 1974; Wilson, 339 

1980) 340 

    𝑝𝑝(𝐴𝐴) = 1 − 2−�1+�
𝐴𝐴
∆�

𝑄𝑄
�    (2)  341 

where 𝑝𝑝(𝐴𝐴) is the proportion of correctly identified modulated patterns at a given amplitude of 342 

modulation, ∆ is the threshold for correct identification of modulated patterns at 75% accuracy of 343 

performance, and 𝑄𝑄 is related to the slope of the psychometric function. 344 

The purpose of each experiment was to determine whether integration of shape information 345 

could be demonstrated around the RF patterns comprising the test stimuli of that experiment.  346 

Integration of shape information was deemed to be demonstrated if the rate of decrease of 347 

amplitude threshold with increasing numbers of cycles of modulation was more rapid than could 348 

be accounted for by probability summation.  For each experiment power functions were fitted 349 

using non-linear regression to the data or subsets of the data representing modulation thresholds 350 

for particular numbers of cycles of modulation.  For the power function  351 

  ∆(𝑁𝑁) = 𝑘𝑘𝑁𝑁𝑏𝑏     (3) 352 

The dependent parameter ∆ is the modulation detection threshold at 75% accuracy of 353 

performance for a particular number of cycles of modulation, 𝑘𝑘 is a scalar for sensitivity, 𝑁𝑁 is the 354 

number of cycles of modulation on the shape, and 𝑏𝑏 is the index of the best fitting power 355 

function.  The nonlinear regression fit of Equation 3 gave best fit estimates of 𝑘𝑘 and 𝑏𝑏 and their 356 
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95% confidence intervals.  Fits were performed using non-linear regression in GraphPad Prism 357 

version 7.02 for Windows, GraphPad Software, La Jolla California USA, www.graphpad.com. 358 

Probability summation predictions were calculated according to methods based on two 359 

theories: High Threshold Theory (HTT), for consistency with previous work, and Signal 360 

Detection Theory (SDT).  Traditionally, probability summation predictions for these patterns has 361 

been estimated using HTT, where 𝑏𝑏 in Equation 3 is set to − 1
𝑄𝑄

, (𝑄𝑄 is from Equation 2) to give a 362 

power function that describes the predictions of probability summation (Wilson, 1980).  363 

However, recent work by Kingdom et al. (2015) and Baldwin, Schmidtmann, Kingdom, and 364 

Hess (2016) suggest that this method should be rejected and SDT-based methods should be used 365 

instead.  Therefore, we have estimated probability summation predictions using the Palamedes 366 

toolbox for Matlab (http://www.palamedestoolbox.org/).  For each experiment the Palamedes 367 

routine PAL_SDT_PFML_Fit was used to derive the parameters describing the psychometric 368 

function for the single cycle data of each observer.  These stimulus parameters were then used in 369 

the routine PAL_SDT_PS_PCtoSL along with parameters describing the number of choices 370 

available to the observer (2 for the 2AFC task), the threshold proportion correct (0.75), and the 371 

maximum number of cycles of modulation that can be applied to that particular stimulus type to 372 

derive threshold stimulus level predictions assuming probability summation across all possible 373 

numbers of cycles of modulation for that stimulus type.  Threshold stimulus levels for 1 to 3 374 

cycles of modulation were calculated for the solitary RF3 pattern of Experiment 1, 1 to 6 for the 375 

pair of discrete RF3 patterns of Experiment 2 and 1 to 4 for the merged RF 3 patterns of 376 

Experiments 3 and 4.  Power functions were fitted to the threshold stimulus levels across the 377 

cycles of modulation to provide the indices for the power functions describing probability 378 

summation predictions for each observer.  The indices derived for the individual observers were 379 

http://www.palamedestoolbox.org/)
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averaged to provide predictions for the group.  The same number of local channels as the 380 

maximum possible number of cycles of modulation present on a particular stimulus was used to 381 

provide a very conservative test for integration (Cribb, et al., 2016; Green, et al., 2017b).  382 

3 Experiment 1:  Integration of shape information occurs around 383 

filled RF patterns 384 

3.1 Introduction 385 

Experiment 1 explored global integration in uniformly-filled RF3 patterns.  Filled RF 386 

patterns were introduced so as to best represent objects that change in luminance at their 387 

boundaries.  It was considered that the homogeneous luminance contrast of the two overlapping 388 

RF patterns of the composite stimuli would be more likely to result in the patterns being 389 

perceived as single complex objects allowing us to test our conjecture that complex patterns are 390 

decomposed at deep concavities.  Obviously this first requires the demonstration of integration 391 

within their component parts and so in this experiment we repeated the experiment of Loffler et 392 

al. (2003) using uniformly-filled RF3 patterns instead of wire-frame outline patterns to test if 393 

global integration would be replicated for these patterns.  394 

3.2 Methods 395 

Modulation detection thresholds were measured for patterns with 1, 2 and 3 cycles of RF3 396 

modulation for the six observers as described in the General Methods section.  The thresholds for 397 

detection of patterns with 1, 2 and 3 cycles of modulation were measured independently as three 398 

different conditions.  Example stimulus types are shown in Figure 2.  The amplitudes of 399 

modulation of the modulated stimuli are shown well above threshold for illustrative purposes.   400 
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 401 

 Figure 2:  Examples of the stimulus types used in Experiment 1.  Clockwise from top left the 402 

patterns have 0, 1, 2, and 3 cycles of modulation.  The pattern top left is a circle and so can be 403 

considered an example of a reference stimulus used in the 2IFC task.  All of the other three 404 

patterns have an amplitude of modulation of 0.1 which is well above detection threshold and 405 

chosen for illustrative purposes.     406 

 Figure 3 illustrates a single trial.  The example test stimulus on the left is an RF3 pattern 407 

with three cycles of modulation.  It has an amplitude of 0.02, which approximates the amplitude 408 

for detection of modulation in an RF3 pattern with a single cycle of modulation.  If, therefore, 409 

detection relied upon probability summation then no global shape should be evident but the test 410 

pattern appears to have the form of a rounded triangle. 411 
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 412 

Figure 3:  An illustration of a trial from Experiment 1.  Modulated test and circular reference 413 

patterns are presented in succession for 160ms each with a 500ms inter-stimulus interval 414 

interposed.  The task of the observer was to indicate the interval in which the modulated test 415 

pattern was presented.  In the example illustrated the test pattern is in the first interval has three 416 

cycles of modulation with an amplitude of 0.02.  At this amplitude of modulation the pattern is at 417 

approximately two to three times its amplitude for detection. 418 

 For each condition (1,2 or 3 cycles of modulation), test patterns of nine differing 419 

amplitude of modulation were employed and the probabilities of correct response treated as 420 

described in the General Methods to derive the thresholds for 75% correct performance. 421 

 422 

3.3 Results 423 

Since all observers showed a very similar pattern of performance (individual data are plotted 424 

in Figure S1 of the Supplementary Material) the data were combined.  The geometric means of 425 

the thresholds of the six observers are plotted against number of cycles of modulation in Figure 426 

4. 427 
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 428 

Figure 4:  Results of Experiment 1 combined across observers (the results for individual 429 

observers are presented in Figure S1 of the Supplementary Material).  The geometric mean of the 430 

thresholds of the six observers is plotted against the number of cycles of modulation on the test 431 

patterns.  Error bars on the data represent the 95% confidence intervals of the means.  The fitted 432 

power function that is plotted as a solid black line through circular black data points has an index 433 

of -0.94 which equates to the arithmetic mean of the indices of the power functions fitted to the 434 

data of the individual observers.  The probability summation predictions are plotted as dashed 435 

black (HTT) and dashed red (grey) lines (SDT) lines.  The power functions describing the 436 

probability summation predictions have indices that are the arithmetic means of the indices 437 

predicted for the individual observers and are constrained to pass through the mean threshold for 438 

the one cycle pattern.  The indices of these functions are -0.48 and -0.49 for the HTT and SDT 439 

predictions respectively.   440 

Figure 4 shows that the amplitude threshold for detection of modulation on the patterns 441 

decreases steeply with increasing numbers of cycles of modulation on the patterns.  The 442 
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arithmetic mean of the indices of the power functions describing the data of the six observers 443 

was -0.94 ± 0.14 (95% confidence intervals) compared with probability summation predictions 444 

of -0.48 ± 0.07 and -0.49 ± 0.08 for HTT and SDT respectively.  Paired sample t-tests 445 

demonstrate that the magnitudes of the indices of the power functions describing the 446 

performance data differ from than those for the HTT; t(5) = 7.07, p = 0.001, ηp
2 = 0.91, BF10 = 447 

44.3 and SDT;  t(5) = 5.86, p = 0.002, ηp
2 = 0.87, BF10 = 23.0, probability summation predictions 448 

(BF10 is the Bayes factor for a Bayesian re-analysis of the t statistic using a Cauchy prior of 449 

0.707: (Ly et al., 2018)).  Given that the SDT and HTT predictions for probability summation 450 

were similar, data will be compared solely to the SDT predictions in subsequent experiments as 451 

arguments have been made that SDT provides a better model for probability summation 452 

(Baldwin, et al., 2016).  453 

3.4 Conclusions 454 

Integration of shape information can be demonstrated around filled RF patterns.  The results 455 

of Experiment 1, therefore, indicate that the use of filled RF patterns in the composite patterns is 456 

a valid test for this measure of global integration of shape information around contours. 457 

4 Experiment 2:  Integration of shape information occurs within 458 

but not across discrete, filled RF patterns 459 

4.1 Introduction 460 

Green et al. (2018) have recently shown that shape information is integrated within but not 461 

across RF contours that are simultaneously presented but spatially discrete.  The study used three 462 

of the wire frame outline patterns conventionally employed to demonstrate integration of shape 463 
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information around RF patterns and so Experiment 2 of this study aims to verify that the same 464 

result is achieved using two filled RF patterns in a different configuration more similar to the 465 

stimuli of our later experiments.  Should this result be replicated then the filled RF patterns will 466 

be merged to created composite stimuli with which to test the hypothesis that complex objects 467 

are decomposed at matched deep concavities. 468 

4.2 Methods 469 

Thresholds were derived as described in the General Methods section.  The stimuli 470 

comprised pairs of RF3 patterns with their centres separated by 3° of visual angle, rendering 471 

them spatially discrete.  Six conditions were examined with 1, 2 or 3 cycles of modulation 472 

applied to a single RF3 pattern of the test stimulus and 1, 2 or 3 cycles of modulation applied to 473 

both of the RF3 patterns of the test stimuli.  The reference stimuli comprised pairs of circles and 474 

the observer’s task was to identify the interval containing patterns with modulation of the radius.  475 

Example test stimuli are presented in Figure 5. 476 
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 477 

Figure 5:  Examples of the test stimulus types used in Experiment 2.  From the top to the bottom 478 

of the column on the left 1, 2, and 3 cycles of modulation are applied to one of the two RF3 479 

patterns that comprise each test stimulus (Single conditions).  From the top to the bottom of the 480 

column on the right 1, 2 and 3 cycles of modulation are applied to each of the two patterns 481 

(Double conditions).  The amplitude of modulation of all of the modulated patterns is 0.1. 482 
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 The six stimuli comprising pairs of patterns illustrated in Figure 5 represent the six 483 

conditions examined in Experiment 2.  A single trial comprised two intervals within which a 484 

reference stimulus comprising two circles and a test stimulus comprising either two RF patterns 485 

or an RF pattern and a circle were presented in a randomized order.  The observer was required 486 

to indicate which interval contained the test stimulus.  Figure 6 illustrates a single trial. 487 

 488 

Figure 6:  An illustration of a single trial for Experiment 2.  The stimulus in the first interval is 489 

the reference stimulus comprising two circles and the stimulus in the second interval two RF3 490 

patterns, each with three cycles of modulation with amplitudes of 0.02. 491 

4.3 Results 492 

Once again the individual observers produced similar patterns of results (Figure S2 of the 493 

Supplementary Material) and so the geometric means of the thresholds of the 6 observers are 494 

shown in Figure 7 versus the total number of cycles of modulation present in the test stimulus.  495 

For the purposes of fitting functions to the data the conditions are grouped into stimuli where the 496 

cycles of modulation are added to a single RF pattern, Single conditions (black solid line through 497 

black circular data point markers), and stimuli where cycles of modulation are present across two 498 

RF patterns, Double conditions (blue solid line through blue triangular markers). 499 
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 500 

Figure 7: Results of Experiment 2 combined across observers (the results for individual 501 

observers are presented in Figure S2 of the Supplementary Material).  The geometric mean of the 502 

thresholds of the six observers is plotted against the total number of cycles of modulation on the 503 

test patterns.  Error bars represent the 95% confidence intervals of the means.  The conditions are 504 

segregated into Single conditions; conditions where cycles of modulation were added to a single 505 

RF pattern, and Double conditions; conditions where the cycles of modulation were distributed 506 

equally across both of the RF patterns of a stimulus.  The data conform to power functions 507 

plotted as solid black and blue (dark grey) lines through circular and triangular data points for the 508 

Single conditions and Double conditions respectively.  The fitted power functions describing the 509 

thresholds for the Single and Double conditions have indices of -0.77 and -0.66 respectively 510 

(which equate to the arithmetic means of the indices observed for the individual observers).  The 511 

SDT probability summation prediction plotted as a red (light grey) dashed line is a power 512 

function with an index, of 0.34 (the arithmetic mean of the probability summation predictions 513 

obtained for the individual observers), constrained to pass through the point describing the 514 

threshold for the test pattern with a single cycle of modulation.    515 
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The power functions fitted to the geometric means of the thresholds of the six observers for 516 

the Single and Double conditions approximate a parallelogram with the power functions parallel 517 

but not coincident.  Functions fitted to the geometric means of the thresholds data of the Single 518 

and Double conditions have indices of -0.77 and -0.66 respectively, which equate to the 519 

arithmetic means of the indices of the power functions describing the data of the individual 520 

observers.  The means are used to provide measures of uncertainty in the power function indices 521 

because, for conditions of later experiments, the power functions have perfect fits to two points.  522 

The indices with confidence intervals are -0.77 ± 0.21 (95% CIs) and -0.66 ± 0.14 respectively.  523 

The power function representing the probability summation predictions is plotted as a dashed red 524 

line and has an index of -0.34 ± 0.06, the arithmetic mean of the predictions for the individual 525 

observers.  The magnitude of the index of the SDT probability summation prediction differs 526 

from the power functions describing the data of the Single; t(5) = 4.41, p = 0.007, ηp
2 = 0.80, 527 

BF10 = 9.08, and Double;  t(5) = 4.81, p = 0.005, ηp
2 = 0.82, BF10 = 12.0, conditions indicating 528 

that thresholds improve more rapidly than predicted by probability summation and, therefore, 529 

that integration of shape information occurs around the patterns. 530 

The indices of power functions joining pairs of points across the Single and Double 531 

conditions with the same number of cycles of modulation per modulated pattern, for example the 532 

points pertaining to thresholds for detection of two cycles of modulation applied to one and both 533 

patterns respectively, are similar to, and not consistently significantly different in magnitude 534 

from the SDT probability summation predictions.  For one cycle patterns; t(5) = 3.03, p = 0.291, 535 

ηp
2 = 0.65, BF10 = 3.11, for two cycle patterns; t(5) = 0.88, p = 0.421, ηp

2 = 0.13, BF10 = 0.505, 536 

and for three cycle patterns; t(5) = 0.83, p = 0.446, ηp
2 = 0.12, BF10 = 0.489.  The t-tests 537 

performed above show that for the one cycle stimuli of the Single and Double conditions the 538 
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improvement in threshold is statistically greater than that predicted by probability summation but 539 

that this is not true for the two and three cycle stimuli.  It is evident from the figure, however, 540 

that the threshold across the Single and Double conditions do not conform to the same power 541 

function indicating that the information present in single cycles of modulation is treated 542 

differently within and across simultaneously present RF3 patterns. 543 

4.4 Conclusions 544 

The power functions describing the amplitude thresholds versus number of cycles of 545 

modulation on an RF pattern (pertaining to the increasing numbers of cycles of modulation in the 546 

illustrated stimuli reading down the columns of Figure 5) were steeper (larger negative indices in 547 

the power functions) than those predicted by probability summation under SDT, indicating that 548 

shape information is integrated around the patterns.  When cycles of modulation were added 549 

across patterns (reading across the rows of Figure 5) the decreases in amplitude thresholds were 550 

mostly consistent with the predictions of probability summation under SDT.  We can therefore 551 

conclude that integration of shape information occurs within but not across RF3 patterns 552 

repeating the results of Green et al. (2018) but using filled figures and using pairs of patterns 553 

rather than triplets. 554 

5 Experiment 3:  No evidence for integration within RF 555 

components of composite patterns with shallow concavities 556 

5.1 Introduction 557 

Experiment 1 established that integration of shape information around RF3 patterns can be 558 

demonstrated for filled patterns. Experiment 2 confirmed recent evidence that, for multiple 559 
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discrete patterns, shape information is integrated within but not across RF3 patterns (Green, et 560 

al., 2018) and extended these results to filled patterns.  Significantly, the differing results 561 

obtained within and across patterns are inconsistent with performance being determined solely 562 

by the detection of local features independently, as has been recently suggested for RF4 patterns 563 

(Baldwin, et al., 2016).  We now consider integration of information around the perimeter of two 564 

merged RF3 patterns.  The premise of the experiment is that the composite patterns represent 565 

complex objects but that they will be perceptually decomposed for analysis into their RF3 pattern 566 

component parts if the matched concavities in their boundaries are sufficiently deep.  What 567 

constitutes a sufficiently deep concavity is a moot point but here we chose to examine two depths 568 

of concavity that were defined by orientation changes of the boundary at the concavities of 60° 569 

(Experiment 3) and 120° (Experiment 4) since this should significantly vary the likelihood that 570 

the contour would be seen as continuous at the point of intersection (Field, et al., 1993).  Figure 8 571 

illustrates the 60° change in orientation on the boundaries of the stimuli used in Experiment 3. 572 
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    573 

Figure 8: An illustration of the stimulus type used in Experiment 3.  The centres of the two RF 574 

patterns are separated by 64 minutes of visual angle.  At this separation distance the angle 575 

subtended by the concavity in the boundary of the composite pattern is 120° (indicated by the 576 

black circular arc between the two dashed black lines that are tangent to the two RF patterns at 577 

the concavity).  The orientation of the boundary changes by 60° at the apex of the concavity.  578 

This angle is illustrated in red (light grey). 579 

As is evident in Figure 8 the opening angle of the concavities on the boundaries of the 580 

stimuli used in this experiment are 120° and, therefore, the angle by which the boundary deviates 581 
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is 60°.  The angle by which it would have to deviate to project towards the concavity on the 582 

opposite side of the pattern is also 60°.  Under such circumstances we hypothesize that the 583 

integrity of the boundary is preserved by good continuation (Field, et al., 1993; Persike & 584 

Meinhardt, 2017).  We anticipate, therefore, that integration of information will be observed 585 

neither around the whole pattern nor the component RF patterns.  Rather, because the boundaries 586 

of the two merged RF patterns are not concentric to the merged pattern, we anticipate that the 587 

deviations from circularity in the RF patterns will be processed independently and that the 588 

decrease in amplitude threshold with increasing numbers of cycles of modulation across the 589 

whole pattern will be consistent with probability summation. 590 

5.2 Methods 591 

Example stimuli for Experiment 3 are presented in Figure 9.   592 

 593 
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Figure 9: Examples of the test stimulus types used in Experiment 3.  Reading down the column 594 

on the left, 1 and 2 cycles of modulation are applied to one of the two RF patterns that comprise 595 

each composite test stimulus.  Conditions using these stimuli will be described as Single 596 

conditions.  Reading down the column on the right 1 and 2 cycles of modulation are applied to 597 

each of the two RF patterns and conditions using these stimuli will be described as Double 598 

conditions. 599 

The stimuli were created as described in the General Methods section with the centre to 600 

centre separation of the RF patterns fixed at 64 minutes of visual angle.  Conditions were 601 

blocked and performed as per the description in the General Methods section.  Figure 10 602 

illustrates a single trial of this experiment. 603 

 604 

Figure 10:  An illustration of a single trial for Experiment 3.  The stimulus in the first interval is 605 

the test stimulus comprising one circle merged with an RF pattern with two cycles of modulation 606 

of amplitude 0.02, and the stimulus in the second interval is the reference stimulus comprising 607 

two merged circles. 608 

 609 

5.3 Results 610 
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Again results were similar across the observers (see Figure S3 of the Supplementary 611 

Material) and so the data were combined and the geometric mean of the modulation detection 612 

thresholds plotted against the total number of cycles of modulation for the Single and Double 613 

conditions in Figure 11.  614 

 615 

Figure 11:  Results of Experiment 3 combined across observers (the results for individual 616 

observers are presented in Figure S3 of the Supplementary Material).  The geometric mean of the 617 

thresholds of the six observers is plotted against the total number of cycles of modulation on the 618 

test patterns.  Error bars represent the 95% confidence intervals of the means.  A solid black line 619 

through circular black data points shows a power function joining the thresholds for the two 620 

Single conditions (see left column of stimuli in Figure 9) and a solid blue (dark grey) line 621 

through triangular blue (dark grey) data points a power function joining the thresholds for the 622 

two Double conditions (right column of Figure 9).  The power functions describing data for the 623 

Single and Double conditions have the indices -0.62 and -0.51 respectively.  SDT probability 624 
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summation predictions are plotted as a dashed red (light grey) line conforming to a power 625 

function with an index of -0.46.   626 

The results presented in Figure 11 show that the power functions describing the data 627 

across the Single and Double conditions, having indices -0.62 ± 0.19 and 0.51 ± 0.19 628 

respectively are almost coincident with the predictions of probability summation, which are 629 

described by a power function with an index of 0.46 ± 0.09.  Paired-sample t-tests show that the 630 

magnitude of the index of the function describing probability summation according to SDT is 631 

consistent with those fitted to the data of the Single; t(5) = 2.26, p = 0.073, ηp
2 = 0.51, BF10 = 632 

1.58 and Double; t(5) = 0.68, p = 0.524, ηp
2 = 0.05, BF10 = 0.449 conditions. 633 

5.4 Conclusions 634 

For the composite patterns with shallow concavities used in this experiment no 635 

integration of shape information was revealed, either within an RF pattern or within the whole 636 

composite pattern, as number of cycles of modulation was increased.  Performance conformed to 637 

the predictions of probability summation indicating that the information within each of the cycles 638 

of modulation is detected independently.   639 

6 Experiment 4:  Integration within RF components of composite 640 

patterns with deep concavities 641 

6.1 Introduction 642 

Experiment 3 demonstrated that composite patterns with orientation changes at the 643 

concavities on their boundaries of 60° displayed no integration of shape information within or 644 

across the RF patters.  The decrease in threshold with increasing numbers of cycles of 645 
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modulation was consistent with the predictions of probability summation both within and across 646 

the component RF patterns.  This result implies that as cycles of modulation are added they all 647 

contribute equally to the improvement in the probability of detecting a single cycle of 648 

modulation.  The information provided by the cycles of modulation can, therefore, be considered 649 

independent.  Experiment 4 manipulates the stimuli to increase the depth of the concavities of the 650 

composite stimuli by increasing the separation of the centres of the component RF patterns to 651 

104 minutes of visual angle.  At this separation distance the orientation changes on the boundary 652 

of the composite patterns at the concavities is 120°.  An illustration of the pertinent features of 653 

this stimulus type is shown in Figure 12. 654 
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  655 

Figure 12:  An illustration of the stimulus type used in Experiment 4.  The centres of the two RF 656 

patterns are separated by 104 minutes of visual angle.  At this separation distance the angle 657 

subtended by the concavity in the boundary of the composite pattern is 60° (indicated by the 658 

black circular arc between the two dashed black lines that are tangent to the two RF patterns at 659 

the concavity).  The orientation change of the boundary at the apex of the concavities is large, at 660 

120°.  This angle is illustrated in red (light grey). 661 

In contrast to the stimuli used in Experiment 3 the opening angle of the concavities on the 662 

boundaries of the stimuli used in this experiment are acute, at 60°.  The boundary turns back on 663 
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itself with the orientation of the boundary changing abruptly at the apex of the concavity by 120° 664 

as illustrated by the red (light grey) arc in Figure 12.  In contrast, the angle by which it would 665 

have to deviate to project towards the concavity on the opposite side of the pattern is only 30°.  666 

The large deviation in the orientation of the contour exceeds 90° and makes it likely that the 667 

principle of good continuation now serves to perceptually segregate the two component RF 668 

patterns at the matched concavities (Field, et al., 1993).  If this is the case then we might expect 669 

that integration of information will be restored around the individual RF patterns but that 670 

probability summation will predict the decrease in thresholds as cycles of modulation are added 671 

across patterns, as found in Experiment 2, as these are now treated independently.  672 

6.2 Methods 673 

Examples of the stimuli used in this experiment are presented in Figure 13.  The centres 674 

of the RF patterns that comprise each stimulus are separated by 104 minutes of visual angle 675 

resulting in concavities that have an opening angle of 60° and, therefore, a change in orientation 676 

of the boundary at the apex of the concavities of 120°.   677 

 678 
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 679 

Figure 13:  Examples of test stimuli used in Experiment 4.  Reading down the column on the left, 680 

1 and 2 cycles of modulation are applied to one of the two RF patterns that comprise each 681 

composite test stimulus.  Conditions using these stimuli will be described as Single conditions.  682 

Reading down the column on the right, 1 and 2 cycles of modulation are applied to each of the 683 

two RF patterns and conditions using these stimuli will be described as Double conditions.   684 
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The thresholds for each condition are derived as described in the General Methods 685 

section.  Figure 14 illustrates a single trial from Experiment 4.686 

 687 

Figure 14:  An illustration of a single trial for Experiment 3.  The stimulus in the first interval is 688 

the reference stimulus comprising two merged circles and the stimulus in the second is the test 689 

stimulus comprising two merged RF patterns with two cycles of modulation of amplitude 0.02. 690 

 691 

6.3 Results 692 

The combined thresholds for the conditions of Experiment 4 are presented in Figure 15 693 

plotted against the total number of cycles of modulation on the composite patterns.  A power 694 

function rendered as a solid black line joins the Single conditions and a power function rendered 695 

in blue (dark grey) the Double conditions.  A power function, representing the reduction in 696 

thresholds with increasing numbers of cycles of modulation that are predicted by probability 697 

summation under the assumptions of SDT, is represented by dashed red (light grey) line. 698 
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 699 

Figure 15:  Results of Experiment 4 combined across observers (the results for individual 700 

observers are presented in Figure S4 of the Supplementary Material).  The geometric mean of the 701 

thresholds of the six observers is plotted against the total number of cycles of modulation on the 702 

test patterns.  Error bars represent the 95% confidence intervals in the means.  A power function 703 

with an index of -0.83 and rendered in black joins circular black data points representing the 704 

thresholds for the two Single conditions (see left column of stimuli in Figure 13) and a power 705 

function with an index of -0.71 and rendered in blue (dark grey) joins triangular blue (dark grey) 706 

data points representing the thresholds for the two Double conditions (right column of Figure 707 

13).  SDT probability summation predictions are plotted as a dashed red (light grey) line.  The 708 

index of the power function representing the probability summation predictions is -0.43 and is 709 

the arithmetic mean of the predictions obtained for the individual observers.  710 

The results presented in Figure 15 show that the power functions describing the data 711 

across the Single and Double conditions, at -0.83 ± 0.19 and -0.71 ± 0.18 respectively, are 712 

inconsistent with the predictions of probability summation at -0.43 ± 0.16.  Paired-sample t-tests 713 
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show that the magnitude of the index of the function describing probability summation according 714 

to SDT differs from those fitted to the data of the Single; t(5) = 3.90, p = 0.011, ηp
2 = 0.75, BF10 715 

= 6.25 and Double t(5) = 4.23, p = 0.008, ηp
2 = 0.78, BF10 = 7.98 conditions.  If, however, we 716 

compare the indices of the power functions joining the data points for a single cycle of 717 

modulation and one cycle of modulation on each of the two RF pattern elements of a stimulus 718 

with the probability summation predictions we find a very clear correspondence (see Figure 15) 719 

and that they do not significantly differ; t(5) = 0.15, p = 0.885, ηp
2 = 0.005, BF10 = 0.377.  720 

Similarly, the indices of the functions joining the thresholds for the condition with two cycles of 721 

modulation with those for the condition with two cycles of modulation on both RF patterns is 722 

also consistent with the probability summation predictions (see Figure 15); t(5) = 1.18, p = 723 

0.129, ηp
2 = 0.40, BF10 = 0.623). 724 

The results of Experiments 3 and 4 can be compared directly by examining the thresholds 725 

for detection of two cycles of modulation when present on a single RF component of the 726 

composite pattern or distributed across the two patterns.  In a 2-way repeated measures ANOVA 727 

with matching of both factors where the factors are the depth of concavity (shallow – Experiment 728 

3 and deep – Experiment 4) and the distribution of two cycles of modulation (on the same and on 729 

different component parts of the test patterns).   There was a main effect of distribution (F(1,5) = 730 

43.37, p = 0.0012) but not of depth of concavity (F(1,5) = 1.187, p = 0.3256).  There was, 731 

however, an interaction between distribution and depth of concavity (F(1,5) = 6.824, p = 0.0475) 732 

as our hypotheses would predict.  Paired samples t-tests across same and different conditions 733 

demonstrate that the effect is present for the deep concavities of Experiment 4 (t(5) = 10.73, p = 734 

0.0001, BF10 = 206.1) but not for the shallow concavities of Experiment 3 (t(5) = 2.521, p = 735 

0.0531, BF10 = 1.999).      736 
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 737 

6.4 Conclusions 738 

The results of this experiment show that when the concavities in the boundary of a 739 

composite pattern are deep then integration of shape information around its component RF 740 

patterns can be demonstrated.  This suggests that the component RF patterns are being processed 741 

as though they are independent parts of the composite pattern. 742 

7 General Discussion 743 

Radial frequency (RF) patterns have previously been used to demonstrate the integration of 744 

shape information around simple shapes.  Signal is added incrementally by modulating the radius 745 

of the pattern in increasing numbers of cycles of modulation of a particular frequency.  For RF3 746 

patterns the threshold for detection of modulation decreases in inverse proportion to the number 747 

of cycles of modulation present on the pattern.  The most parsimonious interpretation of this 748 

result is that an equal amount of signal is added with each cycle of modulation and noise remains 749 

constant.  With signal to noise being constant at the threshold for detection of modulation the 750 

signal required from each cycle of modulation is in inverse proportion to the number of cycles of 751 

modulation.  If the noise is indeed constant this implies that the whole pattern is analyzed 752 

regardless of how many cycles of modulation are present on the pattern.  It appears, then, that RF 753 

patterns are treated as unitary parts of perception.  That is not to say that the visual system 754 

decomposes the visual field into RF patterns but that some simple shapes are analyzed 755 

holistically (Dickinson, et al., 2013).  RF patterns, therefore, potentially provide us with a novel 756 

method for examining how the visual system parses the visual field.  Typically the visual world 757 

is a jumble of overlapping, abutting and segmented objects.  The demonstration of integration of 758 
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shape information within an RF pattern embedded in a complex scene might be taken as 759 

evidence that the pattern has been perceptually abstracted from that scene for independent 760 

analysis.  Experiment 1 of this study showed, for the first time, that integration of shape 761 

information occurs around the boundaries of filled RF patterns, with efficiency similar to that 762 

seen for conventional wire frame outline RF patterns.  The rate of decrease of detection threshold 763 

with increasing numbers of cycles of modulation was faster than that predicted for probability 764 

summation, the increasing probability of detecting single cycles, for predictions based on SDT 765 

and HTT.  Probability summation predictions based on SDT require an estimate of the number of 766 

channels monitored by the system responsible for detecting the modulation and the a-priori 767 

assumption that the number of channels monitored was equal to the maximum number of cycles 768 

of modulation present in the stimulus resulted in predictions very similar to the HTT predictions.  769 

Probability summation estimates based on SDT were used for subsequent experiments with the 770 

number of channels equal to the maximum number of cycles of modulation possibly present 771 

within the stimuli.  Assuming higher numbers of channels would have increased the difference 772 

between probability summation slopes and the integration slopes obtained, but the numbers of 773 

channels assumed gives probability summation predictions that conform to the data obtained 774 

across RF3 patterns that are presumed to be processed independently.  Generalizing integration 775 

to filled patterns extrapolates the validity of the arguments proposed for shape processing on the 776 

basis of results of experiments using RF patterns towards stimuli present in the natural 777 

environment.  More pertinently for our purposes, it allowed filled RF patterns to be merged to 778 

create more complex patterns that might represent complex multi-segment objects.  779 

In Experiment 2 of this study it was shown that, when more than one RF pattern is presented 780 

simultaneously, integration of shape information occurs around filled RF patterns but not across 781 
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them.  This result supports a similar result obtained with RF paths presented in random phase 782 

(Green, et al., 2018) although when patterns are presented in predictable phases integration is not 783 

observed (Baldwin, et al., 2016), perhaps because local information is preferentially attended.  In 784 

this study the RF and composite patterns were presented in random phase to preclude the 785 

allocation of attention to particular areas of the visual field.       786 

Experiments 3 and 4 of this study exploited RF patterns to investigate whether complex 787 

profiles of objects might be perceptually segregated into simpler components to, perhaps, 788 

facilitate recognition of objects by their parts (Biederman, 1987; De Winter & Wagemans, 2006; 789 

Hoffman & Richards, 1984).  Complex composite patterns were created by merging two RF 790 

patterns.  Cycles of modulation were systematically added to one or both of the patterns to 791 

determine if integration of shape information could be demonstrated around the RF patterns, with 792 

the premise that if it could, then the patterns must have been perceptually segregated for analysis.  793 

This premise was based on the assumption that the composite pattern is not devoid of shape even 794 

if its components are unmodulated.  In conventional experiments examining integration in RF 795 

patterns shape signal is inferred from performance in detecting modulation from circular and so 796 

experimentally the circle is treated as a comparison shape.  However, the finding that detection 797 

threshold for RF3 patterns declines in inverse proportion to the increasing number of cycles of 798 

modulation suggests that the shape signal present in RF patterns is not present in a circle.  This 799 

implies that a circle represents a null or prototypical shape and so the shape signal might be 800 

expected to comprise deviations from a circle.  Evidence that this might be the case is provided 801 

by the observation that RF patterns are rapidly identified amongst circles in a visual search task 802 

but circles are difficult to identify amongst RF patterns (Dickinson, Haley, Bowden, & Badcock, 803 

2018).   804 
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The perceived centres of plane figures have been shown to be at the centres of gravity of 805 

those figures (Vos, et al., 1993; Westheimer & McKee, 1977)   The centre of a composite pattern 806 

comprised of two merged RF patterns will not, therefore, be at the centre of either of the RF 807 

patterns it is comprised of, and very little of the pattern contour would therefore be tangent to 808 

any circle around its centre.  Consequently, one might expect that a composite pattern comprised 809 

of two circles would also stimulate a mechanism that regarded signal as deviation of a path from 810 

circular.  The additional signal introduced by modulating the RF patterns would be small in 811 

comparison with and incremental to this signal.  A steep decrease in detection threshold would 812 

not, therefore, be anticipated because the proportional increase in signal would be small in 813 

comparison with the proportional increase in the number of cycles of modulation on the patterns.  814 

In Experiment 3 of this study the addition of cycles of modulation to composite patterns with 815 

shallow concavities resulted in a decrease in detection threshold both within and across the RF 816 

patterns of which they are comprised that was consistent with the predictions of probability 817 

summation, a result that is consistent with the individual cycles of modulation being detected by 818 

discrete mechanisms.  Experiment 4, however, showed that for patterns with deep concavities 819 

integration of shape information is restored around the two RF patterns, evidenced by a rate of 820 

decrease of threshold significantly steeper than probability summation predictions, suggesting 821 

that the two RF patterns have been perceptually segregated for analysis.  A rudimentary 822 

mechanism for the recognition of an object might rely on perceptual segregation of its parts for 823 

analysis and then comparison of the shapes of those parts with sets of prototypical shapes of 824 

object parts. Clearly a more complete analysis of an object would require the relative positions 825 

and configurations of the component parts to be considered (Marr & Nishihara, 1978).   826 
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The geon theory (Biederman, 1987; Hummel & Biederman, 1992) of shape recognition was 827 

the inspiration for Experiments 3 and 4 of this study and the perceptual segregation of the RF 828 

patterns which comprise the composite patterns of Experiment 4 for independent analysis of 829 

shape is consistent with that theory.  The geons of geon theory are volumetric primitives that 830 

have the property that they are recognizable from most, if not all, viewpoints (Biederman, 1993).  831 

This viewpoint invariance is arrived at through the identification of geons through non-accidental 832 

properties of edges and vertices on the primitives.  Biederman (1993) observes that a cylinder 833 

can be readily and rapidly identified as a cylinder except in the cases where its projection is an 834 

ellipse or a quadrilateral.  Objects that are more complex than geons are identified as distinctive 835 

arrangements of such viewpoint invariant parts known as geon structural descriptions 836 

(Biederman & Gerhardstein, 1993, 1995).  The geon structural descriptions (GSDs) rely on the 837 

non-accidental properties that define geons.  Complex objects that do not differ in non-accidental 838 

properties of the geons they are comprised of, or the projections of the angles subtended by their 839 

component parts are not easily distinguished (Biederman, 2000).  The non-accidental properties 840 

are, then, defined to be the properties that remain invariant under certain transformations of an 841 

object.  Of particular interest are those properties that remain invariant under rotation in depth.  842 

The requirement for invariance under rotation in depth eliminates what Biederman refers to as 843 

metric properties (MPs) of the objects, such as the aspect-ratio of a geon or the projection of the 844 

angle between geons, from the shape description (Biederman, 2000).  Given that we have argued 845 

that the complex patterns of our study are decomposed into their composite parts we are obliged 846 

to make the comparison between what we know about the visual processing of RF patterns and 847 

the theoretical properties required of geons.   848 
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A lot of emphasis has been placed on the analysis of curvature on closed paths.  In the only 849 

comprehensive model of RF perception Poirier and Wilson (2006) argue for a representation of 850 

shape through the comparison of curvature measured around the RF pattern with stored 851 

templates.  Such template matching is an anathema to geon theory but the paths describing RF 852 

patterns and geons are, of course, experienced through the oriented receptive fields of the 853 

primary visual cortex.  In this study the demonstration of integration of shape information around 854 

an RF pattern is arrived at through the measurement of the threshold amplitude for detection of 855 

modulation in the pattern which defines innately metric properties of the path such as curvature.  856 

This does not, however, mean that the shape of the pattern is experienced through those metric 857 

properties.  On the contrary, we have shown that patterns with substantial sinusoidal and rectified 858 

sinusoidal modulation are not rapidly discriminated in a visual search task despite the fact that 859 

the patterns with rectified sinusoidal modulation contain curvature discontinuities and those with 860 

sinusoidal modulation do not (Dickinson, et al., 2018).       861 

Thresholds are conventionally expressed as amplitudes of modulation and while it is the case 862 

that curvature changes with amplitude, previous studies using isolated RF patterns have shown 863 

that the property that is matched for patterns with the same number of cycles of modulation at 864 

detection threshold is the maximum angular deviation from circular (Dickinson, et al., 2012).  865 

This is true for patterns with a sinusoidal modulation of radius of particular frequencies within 866 

the patterns (Dickinson, et al., 2012), patterns with concatenated cycles of modulation with 867 

differing frequencies, and also for the patterns with rectified sinusoidal modulation (Dickinson, 868 

Cribb, Riddell, & Badcock, 2015) mentioned previously.  For the small amplitudes of 869 

modulation near threshold the maximum angular deviation from circular is linearly related to the 870 

amplitude but patterns with the same amplitude of modulation of differing frequencies have very 871 
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different maximum orientation difference from circular (Dickinson, et al., 2015).  In fact, for 872 

patterns with constant amplitude, maximum orientation difference from circular varies linearly 873 

with frequency.  In order to match the salience of the modulation the amplitude must be scaled 874 

by the inverse of the frequency.  Similarly, rectification of the modulation of an RF3 pattern at 875 

threshold would produce a pattern with six corners but the same maximum orientation deviation 876 

from circular.  Increasing the wavelength by a factor of two to produce a pattern with three 877 

corners reduces the deviation by half and in order to match the salience of the RF3 pattern the 878 

amplitude must then be doubled equating the maximum orientation difference from circular.  879 

These results suggest that determination of the position of the centre of a pattern represents an 880 

important step in the analysis of its shape and also that the deviation from circularity has a role to 881 

play in the definition of the shape of RF patterns.  It is important to note, though, that the metric 882 

properties of the RF patterns are not the properties that are used in the discrimination of shape.     883 

Dickinson, et al. (2013) showed that RF patterns with differing frequencies of modulation 884 

could be discriminated at their thresholds for detection if they contained at least two cycles of 885 

modulation, suggesting that information from at least two adjacent cycles of modulation is 886 

required to specify the shape of a pattern.  It was concluded that the feature that identifies the 887 

patterns is the angle subtended by two adjacent corners at the pattern centre (see also Bowden, 888 

Dickinson, Fox, and Badcock (2015) and Bell, Dickinson, and Badcock (2008)).  It is most likely 889 

that the positions of the corners are defined not by measurement of curvature but rather by the 890 

points of intersections of tangents to the patterns at the points at which they maximally deviate 891 

from circular.  The subtended angle property is, of course, not invariant under rotation in depth 892 

but it does co-vary with aspect-ratio, a property that we appear to have direct access to 893 

(Dickinson, Morgan, Tang, & Badcock, 2017). 894 
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We contend, therefore, that our demonstration that composite patterns comprising merged RF 895 

patterns are decomposed into their component parts offers the opportunity to exploit RF patterns 896 

in the investigation of the properties of geons and, potentially, geon structural descriptions.  RF 897 

patterns conform the requirement that geons are convex or singly concave, their shapes are 898 

defined by the arrangement of the positions of curvature maxima rather than by a measure of 899 

curvature, and they can be arranged such that the structural description of complex patterns can 900 

be controlled and that the parts can be perceptually segregated for analysis. 901 
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Supplementary Material 913 

 914 

Figure S1:  Results for individual observers for Experiment 1.   915 
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Figure S2:  Results for individual observers for Experiment 2 917 
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 918 

Figure S3:  Results for individual observers for Experiment 3 919 
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Figure S4:  Results for individual observers for Experiment 4 921 
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 g τ PS index 1-3 Cycles 
VW 0.2724 1.0775 -0.5718 -0.8518 
JC 0.2505 1.0963 -0.5621 -0.7923 
KL 0.3394 1.1915 -0.5174 -1.025 
ED 0.2158 1.6238 -0.3803 -1.142 
TM 0.2267 1.4016 -0.4403 -0.8923 
DP 0.3080 1.2652 -0.4874 -0.9661 
Mean   -0.4932 -0.9449 

 922 

Table S1:  Experiment 1.  A comparison of probability summation predictions and indices of 923 

power function fitted to detection thresholds.  Indices for the power functions describing the 924 

decrease in threshold with increasing numbers of cycles of modulation estimated using the 925 

measured psychometric function for one cycle of modulation and assuming probability 926 

summation are presented in the column headed PS index.  The indices of the measured power 927 

functions describing the performance of each of the observers are presented in the column 928 

headed 1-3 Cycles.  Columns headed g and τ present the free parameters fitted to the 929 

psychometric function measured for the single cycle condition and represent a stimulus scaling 930 

factor and the transducer exponent respectively.   931 
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 g τ PS index 1, 2, 3 
Cycles 

2, 4, 6 
Cycles 

VW 0.2362 1.3875 -0.4050 -0.6504 -0.5585 
JC 0.2224 1.8358 -0.3074 -0.6177 -0.4948 
KL 0.2674 1.4985 -0.3754 -0.5953 -0.7107 
ED 0.1576 2.1914 -0.2581 -1.118  -0.8683 
TM 0.2355 1.5264 -0.3687 -0.7985 -0.6476 
DP 0.2215 1.5874 -0.3548 -0.8545 -0.7037 
Mean   -0.3449 -0.7724 -0.6639 

  937 

Table S2:  Experiment 2.  A comparison of probability summation predictions and indices of 938 

power function fitted to detection thresholds.  The columns 1, 2, 3 Cycles and 2, 4, 6 Cycles 939 

present the indices of the power functions fitted to the data of the Single and Double conditions 940 

respectively. 941 

 g τ PS index 1, 2 Cycles 2, 4 Cycles 
VW 0.2821 1.0752 -0.5498 -0.5981 -0.5143 
JC 0.2669 1.2899 -0.4593 -0.4813 -0.7651 
KL 0.3542 1.2238 -0.4838 -0.8073 -0.4961 
ED 0.2132 1.9287 -0.3083 -0.5369 -0.5031 
TM 0.2492 1.1943 -0.4957 -0.8823 -0.6043 
DP 0.2162 1.2803 -0.4627 -0.4244 -0.2059 
Mean   -0.4599 -0.6217 -0.5148 

  942 

Table S3: Experiment 3.  A comparison of probability summation predictions and indices of 943 

power function fitted to detection thresholds.  The columns 1, 2 Cycles and 2, 4 Cycles present 944 

the indices of the power functions fitted to the data of the Single and Double conditions 945 

respectively. 946 

 947 

 948 
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 g τ PS index 1, 2 Cycles 2, 4 Cycles 
VW 0.3655 0.8182 -0.7198 -0.6081 -0.6671 
JC 0.2111 1.7087 -0.3477 -0.8529 -0.6081 
KL 0.3027 1.8106 -0.3282 -1.113  -0.8594 
ED 0.2035 1.8119 -0.3280 -0.9375 -0.7191 
TM 0.2713 1.3031 -0.4547 -0.6768 -0.5909 
DP 0.2135 1.4040 -0.4224 -0.7874 -0.8299 
Mean   -0.4335 -0.8293 -0.7124 

 949 

Table S4: Experiment 4.  A comparison of probability summation predictions and indices of 950 

power function fitted to detection thresholds.  The columns 1, 2 Cycles and 2, 4 Cycles present 951 

the indices of the power functions fitted to the data of the Single and Double conditions 952 

respectively. 953 
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