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ABSTRACT

To correctly parse the visual scene, one must detect edges and determine their underlying cause.
Previous work has demonstrated that image-computable neural networks trained to differentiate
natural shadow and occlusion edges exhibited sensitivity to boundary sharpness and texture
differences. Although these models showed a strong correlation with human performance on an
edge classification task, this previous study did not directly investigate whether humans actually
make use of boundary sharpness and texture cues when classifying edges as shadows or occlusions.
Here we directly investigated this using synthetic image patch stimuli formed by quilting together
two different natural textures, allowing us to parametrically manipulate boundary sharpness,
texture modulation, and luminance modulation. In a series of initial “training” experiments,
observers were trained to correctly identify the cause of natural image patches taken from one of
three categories (occlusion, shadow, uniform texture). In a subsequent series of “test” experiments,
these same observers then classified 5 sets of synthetic boundary images defined by varying
boundary sharpness, luminance modulation, and texture modulation cues using a set of novel
parametric stimuli. These three visual cues exhibited strong interactions to determine
categorization probabilities. For sharp edges, increasing luminance modulation made it less likely
the patch would be classified as a texture and more likely it would be classified as an occlusion,
whereas for blurred edges, increasing luminance modulation made it more likely the patch would
be classified as a shadow. Boundary sharpness had a profound effect, so that in the presence of
luminance modulation increasing sharpness decreased the likelihood of classification as a shadow
and increased the likelihood of classification as an occlusion. Texture modulation had little effect
on categorization, except in the case of a sharp boundary with zero luminance modulation. Results

were consistent across all 5 stimulus sets, showing these effects are not due to the idiosyncrasies
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of the particular texture pairs. Human performance was found to be well explained by a simple
linear multinomial logistic regression model defined on luminance, texture and sharpness cues,
with slightly improved performance for a more complicated nonlinear model taking multiplicative
parameter combinations into account. Our results demonstrate that human observers make use of
the same cues as our previous machine learning models when detecting edges and determining

their cause, helping us to better understand the neural and perceptual mechanisms of scene parsing.
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94 INTRODUCTION

95  One of the most fundamental tasks of the visual system is to parse the global scene into regions

96  representing distinct surfaces (Marr, 1982; Frisby & Stone, 2010). However, at the earlier stages

97  of the visual system, image analysis is very much “local” in nature, with neuronal receptive fields

98  only processing a limited region of the overall scene (Boussaoud, Desimone, & Ungerleider,

99  1991; Elston & Rosa, 1998; Kobatake & Tanaka, 1994; Op de Beeck & Vogels, 2000; Wilson
100 & Wilkinson, 2015). Nevertheless, local image regions potentially provide critical information
101 for computations essential for global scene segmentation, for instance, edge detection (Jing et al,
102 2022; Konishi et al., 2003; Zhou & Mel, 2008; DiMattina, Fox, & Lewicki, 2012; Mely et al.,
103  2016), region grouping (Ing, Wilson, & Giesler, 2010), figure-ground assignment (Ramenahalli,
104  Mihalas, & Niebur, 2014; Fowlkes, Martin & Malik, 2007; Burge, Fowlkes & Banks, 2010),
105 and edge classification (DiMattina et al., 2022; Ehringer et al., 2017; Breuil et al., 2019;
106  Vilankar et al., 2014). The importance of local image analysis is illustrated in Fig. 1, in which we
107  see three image regions whose correct and rapid categorization as an occlusion edge (red square),
108  acast shadow edge (green square) or a uniformly illuminated surface (blue square) by lower visual
109 areas is potentially useful as input to higher visual areas for segmenting the scene. While a large
110  body of work in vision science and computer vision has focused on identifying locally available
111 cues for edge detection (Konishi et al., 2003; Martin et al., 2004; Zhou and Mel, 2008) and
112 figure-ground assignment (Ramenahalli, Mihalas, & Niebur, 2014; Fowlkes, Martin & Malik,
113 2007; Burge, Fowlkes & Banks, 2010), relatively little work has investigated how local edges
114  are classified into different causes like surface boundaries or changes in illumination (DiMattina

115  etal., 2022; Breuil et al., 2019; Vilankar et al., 2014). This last problem is essential for accurate
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116  scene parsing, as it would be highly detrimental for an organism to mistake a cast shadow for a

117  physical object boundary.

118 Although it is well known that changes in color are useful for edge detection (Zhou & Mel,
119  2008; DiMattina et al., 2012; Hansen & Gegenfurtner, 2009, 2017), only in the past couple of
120  years has it been clearly demonstrated that changes in color are useful for classification of edges
121 as changes in material or illumination. In a recent study by Breuil et al. (2019), it was shown that
122 performance in classifying edges as illumination or material was greatly enhanced when both color
123 and luminance information were available. This is intuitive, because often at the boundary between
124  two surfaces there are changes in both luminance and chromaticity, whereas a shadow on a uniform
125  surface only gives rise to a change in luminance without an accompanying change in chromaticity.
126 However, color and luminance cues alone are incapable of accounting for human performance in
127  the task, as evidenced by the fact that machine classifiers utilizing these two cues were unable to
128  account for improved human performance observed with increased image patch size (Breuil et al.,
129  2019). This is likely because the increased context provided by larger image patches makes other
130  potentially useful cues like texture or penumbral blur more readily perceivable. To better
131 understand the various achromatic cues which may contribute to classifying grayscale edges as
132 occlusions or shadows, DiMattina et al. (2022), measured simple low-level image statistics from
133 40 x 40 pixel grayscale shadow and occlusion patches, including Michelson contrast, RMS
134  contrast, and proportion of the amplitude spectrum comprised of high-spatial frequencies. Using a
135  simple linear classification method, it was found that these simple statistics can distinguish
136  shadows from occlusions with 70 percent accuracy. These authors also trained image-computable
137  neural network classifiers to distinguish shadows and occlusions, with the first layer weights

138  comprised of multi-scale Gabor filters resembling V1 simple cells. It was found that performance
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139  of these image-computable neural network models was in excess of 80 percent, with units in the
140  trained models exhibiting tuning to penumbral blur and texture differences. Comparing model
141  performance to the results of a psychophysical experiment where human observers classified
142  natural image patches as shadows or occlusions, it was found that the models performed as well
143  as the best human observers, with model category probabilities exhibiting significant positive

144  correlations with human category probabilities on an image-by-image basis.

145 The study by DiMattina et al. (2022) established that simple neural network models
146  trained to distinguish shadows and occlusions exhibit tuning to boundary sharpness and texture
147  differences, and their performance correlates well with that of human observers on a natural image
148  patch classification task. However, this work did not establish that humans actually make use of
149  these cues when classifying edges as shadows or occlusions. Therefore, the aim of the current
150  study was to directly test the hypothesis that the cues of luminance, boundary sharpness, and
151  texture differences are utilized by human observers when classifying image patches as shadows,
152 occlusions, or uniformly illuminated textures (surfaces). To do this, we trained human observers
153  on a natural image classification task (with feedback) where they classified natural image patches
154  taken from databases of occlusions, shadows and uniformly illuminated textures (Olmos &
155  Kingdom, 2004; DiMattina et al., 2012, 2022). We then required them to classify synthetic image
156  patches (without feedback) generated by quilting together two textures with varying degrees of
157  boundary sharpness, texture modulation, and luminance modulation. This enabled us to directly
158  test the role of each of these parameters (and their various combinations) for local image patch
159  classification. We observed significant effects of each parameter and various combinations of
160  parameters on image patch classification, with image patches having sharp boundaries and strong

161  texture modulation being likely to be classified as occlusions, image patches with blurred
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boundaries and intermediate levels of luminance modulation being likely to be classified as
shadows, and patches without texture or luminance modulation being classified as uniform
surfaces. Fitting multinomial logistic regression models to our behavioral data revealed significant
effects of these variables, and these models were able to generalize well to predict the
categorization of stimuli not used for model training. This work demonstrates that humans are
making use of the same locally available cues of luminance modulation, boundary sharpness, and
texture modulation, extending the results from our previous study (DiMattina et al., 2022) and

confirming our hypothesis about the central importance of these achromatic cues.
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196 METHODS

197  Visual stimuli

198  Natural images

199  Previously developed databases of occlusions, shadows and textures (Olmos & Kingdom, 2004;
200 DiMattina et al., 2012; DiMattina et al., 2022) were used to obtain 40 x 40 image patches from
201  each of these categories. These image patches were used to define two training surveys which
202  participants completed in order to learn the classification task (additional details in the next
203  section). A set of N = 100 images (768 x 576 pixels) containing occlusions and uniformly
204 illuminated textures (surfaces) taken from DiMattina et al. (2012) and a set of N = 45 images
205 (768 x 576 pixels) containing shadows (DiMattina et al., 2022) was used in the current study.
206  Training Surveys 1 and 2 (TRN-1, TRN-2) were constructed by sampling 50 image patches
207 (40 x 40 pixels) containing each kind of stimulus (occlusion, shadow, texture) from the images in
208  our set, so that each survey contained 150 image patches. Examples of images patches from TRN-
209 1 from each category are shown in Fig. 2, and patches from TRN-2 are shown in Supplementary

210 Fig. S1.

211  Synthetic images

212 We created synthetic image patches by quilting together two different 40 x 40 texture patches from
213 the McGill database (Olmos & Kingdom, 2004) on opposite sides of a vertical boundary. These
214  stimuli allowed us to parametrically vary the degree of texture and luminance differences on
215  opposite sides of the boundary, as well as the sharpness of the boundary. Depending on the values
216  of these parameters, individual image patches could resemble occlusions, shadows, or uniformly

217  illuminated textures (which we will also refer to as surfaces). These synthetic image patches were
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218  used to create stimuli for 5 test surveys which we used to study the effects of various image
219  manipulations on classification performance (additional details in next section). A subset of the
220 images from Test Survey 1 (TST-1) are shown in Fig. 3. Mathematically, given textures T,;and T,
221 (each with zero mean luminance and 20 percent RMS contrast), a new texture T, was defined in
222 column j by

ToC. ) = QG NTC, ) + (1 - QG DTG, ), (1)
223

224 where Q(:,j)is an envelope defined by the equations

QC.J) =5 +57EC.)), (2)
225
226 where

E(:,j)=cos((j—c+%)%> )
227

228 forc—w/2<j<c+w/2, with E(:,j) = 1for j < c —w/2and E(:,j) = —1for j > c + w/2. The
229  parameter 0 <1 <1 in EQ. 2 determines the depth of the texture modulation (tm). When t = 0,
230  there is no texture modulation and the quilted texture T, is simply the arithmetic mean of T; and
231  T,. When 1t =1, there is complete texture modulation so that on the left, the quilted patch is identical
232 to T, and on the right side is identical to T,. In Eq. 3, c is the center pixel and w denotes the width
233 of the taper window in pixels, which is determined by w = (1 — 6)N , where N is the number of
234 pixels in the image. Here the parameter 0 < ¢ < 1 determines the sharpness (sp), or 1 minus the

235  proportion of the image over which the two textures transition into each other. ¢ = 1 corresponds
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236  to an abrupt transition between textures so that the left side is T; , the right side is T,, and there is
237  no central region over which they are mixed. ¢ = 0 corresponds to a gradual mixing of the two

238  textures on the left and right over the entire extent of the patch.

239 Finally, we manipulate the luminance modulation (Im) on opposite sides of the image
240  patch. This is accomplished by multiplying the quilted texture T, by a luminance modulation

241  envelope L, defined by

LG =—=EC )+ 4

242

243 so that our final stimulus image | is given by the element-wise product (©) of L and Tj,:

I=LOT,. (%)

244

245  In Eq. 4, the parameter 0 <A <1 determines the extent of luminance modulation. A = 0 corresponds
246  tono luminance modulation, whereas A = 1 corresponds to maximum luminance modulation where
247  one side of the image patch is black and the other has maximum luminance. Therefore, the three
248  parameters T, 6, and A allow one to manipulate the texture modulation, boundary sharpness, and
249  luminance modulation and hence vary the appearance of the texture patch so that it resembles a

250  shadow, occlusion, or uniform surface, as we can see in Fig. 3.
251
252
253

254

10
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255  Participants and Experimental Design

256  Participants

257  Participants consisted of N = 67 students at Florida Gulf Coast University enrolled in under-
258  graduate Psychology classes during the Spring 2024 semester. These participants completed online
259  surveys using Qualtrics (https://www.qualtrics.com) in which they had to classify image patches
260 as being occlusions, shadows, or textures (see below for additional details). All participants
261  provided informed consent prior to each survey, and all procedures were approved beforehand by
262  the FGCU Institutional Review Board (IRB Protocol 2021-78), in accordance with the Declaration

263  of Helsinki.

264 Surveys

265  To familiarize participants with the three image categories, participants first took two training
266  surveys in which they had to classify 40 x 40 grayscale natural image patches as being occlusions,
267 shadows, or textures. Occlusion, texture, and shadow patches were taken from hand-labeled
268  databases utilized in previous research (DiMattina, 2012; DiMattina et al., 2022). Each training
269  survey (Training Survey 1, Training Survey 2) was comprised of 150 questions (50 occlusions,
270 50 shadows, 50 textures), and participants were given feedback after each question indicating the
271  correct categorization of each image patch. The goal of providing feedback was for each
272 participant to learn how natural occlusions, shadows, and textures can appear, and what cues define
273 these natural categories. Examples of stimuli from each of these categories from Training Survey
274 1 (TRN-1) are shown in Fig. 2. Examples image patches from Training Survey 2 (TRN-2) are
275  shown in Supplementary Fig. S1. A sample question from TRN-1 is shown in Supplementary

276  Fig. S2. After completing both training surveys, participants completed 5 test surveys. In each test

11
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277  survey, participants had to classify 40 x 40 gray-scale computer-generated image patches as being
278  occlusions, shadows, or textures. Upon classifying each patch, participants were not given
279  feedback on how they answered. Each test survey (TST-1,..., TST-5), was comprised of 64
280  questions, each containing a single image patch. A subset of the images in the Test Survey 1 (TST-
281 1) is shown in Fig. 3, and a sample question is shown in Supplementary Fig. S3. Only those
282  participants who had successfully completed both training surveys were included in our analysis

283  of the test survey results shown here.

284  Logistic regression models

285  We sought to build a simple predictive model which would relate the defining parameters of the
286  synthetic image patches to the probability of that patch being classified by human observers as
287  each of the three categories (occlusion, shadow, texture). Perhaps the simplest such model is the
288  multinomial logistic regression (MLR) model, which generalizes binomial logistic regression
289  (Bishop, 2006; Murphy, 2012). In the most basic application of this model to our problem, there
290 are N = 3 predictor variables Im (u,), sp (u;), tm (u3) and K = 3 possible categorization behaviors
291 (occlusion, shadow, texture). The log-probability of classification in category k = 1, 2, 3 is given

292 by alinear combination of the predictor variables

u (6)
In(py) = Z aj u; — In(2)
j=1
293
294  where qy; are the linear coefficients, and Z is a normalization constant, given by
- (7)

B TR exp (SN, axjug)’

12
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295  The machine learning problem is to use categorization probabilities p, for each of the synthetic
296 image patches along with the values of the parameters (u,,u,,u3) used to define the synthetic
297  image patch to find the linear coefficients a,; that minimize the difference between the observed
298 and predicted log-probabilities. Both models were fit to our psychophysical data making use of
299  methods implemented in R (https://www.r-project.org/). The fitting methods implemented in R
300 simplify the machine learning problem by fitting the log-odds ratio of two of the three categories
301 relative to the reference category. In our analysis, the reference category was occlusions (k = 1).
302  Therefore, the fitting the model defined in Eq. 6, 7 reduces fitting a set of two linear equations

303  with 8 free parameters, defined in Eq. 8, 9.

n(22) = B8 + BPw + B, + B us, ®)
1
304

in(2) = 657 + B + B, + B us. ©)

305

306 In order to determine how well the model defined in Eq. 8 and Eq. 9 could predict observer
307  responses for datasets not used for model fitting, we formed 5 Jackknife Sets (JCK-1,...,JCK-5)
308 by pooling all of the test surveys, excluding one test survey (for instance, JCK-1 pools TST-2 to
309 TST-5, excluding TST-1). The model was fit to each of the 5 Jackknife sets (JCK-i), and used to

310 predict observer responses for the excluded test survey (TST-i).

311 We also fit a more complicated multinomial logistic regression model to our data. This
312  model was similar to the one in Eq. 8, 9, but also included all possible two-way and three-way

313  interactions between variables, as defined in Eq. 10, 11.

In (m) = (2) + ﬁ(z)ul + ﬁz(z)uz + ﬁgz)ug + ﬁg)uluz + 313 U uz + ﬂ23 Uz + +(10)

,8123u1u2u3,

13
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314
p 3 3 3 3 3 3 3
i (2) = B + Bus + B up + 555 + B wauy + BT wrus + B ugus +(11)
3
31(2)3u1u2u3-
315

316  Werefer to the logistic regression model defined by Eq. 8, 9 as the linear model, since the predictor
317  variables are simply those used to define the image patches, and the model defined by Eq. 10, 11
318 as the nonlinear model, since the predictor variables include all possible products of the variables
319  used to define the image patches. It is important to note however that both models are linear in the
320 coefficients, and hence can be estimated using standard methods. In order to assess whether there
321 was any improvement in model fitting, while penalizing for the increased model complexity of the
322 nonlinear model, we compared the two models using the AIC (Akaike Information Criterion), a
323  measure which rewards good fits to data while penalizing for model complexity (Akaike, 1974;

324  Bishop, 2006). The formula for the AIC is given by the expression

AIC = 2k — 2In(L) (12)

325

326  Where k is the number of model free parameters, and L is the value of the data likelihood function
327  atits maximum value. As we see from EqQ. 12, a smaller value of the AIC corresponds to a better

328  complexity-penalized fit.

329
330
331
332
333
334
335
336
337
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338 RESULTS

339 Classification of natural image patches

340 N =66 participants completed Training Survey 1 (TRN-1) and N = 66 completed Training Survey
341 2 (TRN-2), with N = 65 completing both surveys. Fig. 4 shows for each of the three types of image
342  patches (occlusions, shadows, textures) the probability of it being classified as such by the
343  participants. The leftmost panel of Fig. 4a shows the probability that image patches of each kind
344  (occlusions = red, shadows = green, textures = blue) in TRN-1 are classified as occlusions, sorted
345 by the probability of being classified as such. Similarly, the middle and rightmost panels of Fig. 4
346  show the probability that each of the image patches in TRN-1 are classified as shadows (middle)
347  or textures (right), sorted by the probability of being classified as such. Fig. 4b is the same as Fig.

348  4a but for TRN-2.

349 Table 1 and Table 2 show the confusion matrices for the classification task for training
350 surveys TRN-1 and TRN-2, respectively. From both Fig. 4 and these tables that on the whole,
351 participants perform well above chance in classifying the 40 x 40 image patches into three
352  categories, with 69.79% percent correct classifications for TRN-1, and 61.48% for TRN-2. For
353  TRN-1, occlusions were correctly classified 54.78% of the time, but were misclassified as
354 shadows 26.39% of trials and as textures 18.81% of trials. Similarly, for TRN-2, we find
355  occlusions to be correctly classified 51.30% of the time, but were misclassified as shadows 25.72%
356  of trials and textures 22.96% of trials. Therefore, the most common mistake for occlusions was to
357  misclassify them as shadows, although a substantial number were misclassified as textures. We
358 see from Table 1 and Table 2 that shadows were somewhat more likely to be correctly classified
359 (TRN-1: 67.6%, TRN-2: 56.21%), with the more common mistake to be to misidentify them as

360 occlusions (TRN-1: 24.6%, TRN-2: 23.48%) rather than misidentifying them as textures (TRN-
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361 1. 7.78%, TRN-2: 20.3%). Finally, textures were most likely to be correctly identified as such
362 (TRN-1: 87.0%, TRN-2: 76.93%), with relatively few misclassified as occlusions (TRN-1: 4.48%

363 , TRN-2: 9.03%) or shadows (TRN-1: 8.51%, TRN-2: 14.03%).

364  Classification of synthetic image patches

365  Effects of luminance cues

366  The effects of each of the three cues on the probability that a synthetic image patch was classified
367 as an occlusion, shadow, or texture were highly dependent on the values of the other cues. Fig. 5
368  shows the effect of luminance modulation for three values (0, 0.5, 1) of texture modulation (rows)
369 and sharpness (columns), averaged over all 5 test surveys. Remarkably consistent results were
370  obtained for all of the individual surveys (Supplementary Figs. S4-S6), justifying our averaging
371 procedure. As we see in the leftmost column of Fig. 5, with or without texture modulation, when
372  the boundary between regions was not sharp (sp = 0.0), as luminance was increased we observed
373  adecrease in the likelihood of classification as uniform texture (blue curve), and increase in the
374  likelihood of classification as a shadow (green curve). However, as we see in the upper right panel,
375  forasharp boundary with no texture modulation, as we increase the luminance cue the image patch
376 is less likely to be classified as a uniform surface and more likely to be classified as an occlusion.
377  Finally, we see that when there is a sharp boundary with strong texture modulation, it is almost
378  always classified as an occlusion, independent of the luminance modulation value (bottom row,

379  rightmost column).

380 We can also visualize the effects of luminance from an investigation of Fig. 8, where the
381 normalized (R, G, B) values of the colored squares surrounding each image patch are proportional

382  to the probabilities of the image patch in TST-1 being classified as an occlusion, shadow, and
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383  surface, respectively. We see that in the absence of luminance cues (Im = 1.0, upper left), as one
384 increases boundary sharpness the classification interpolates between surface (blue) to occlusion
385  (red), except in the case where there is no texture modulation (tm = 1.0). In cases with non-zero
386  luminance modulation (upper right, bottom), we see that regardless of texture modulation, as
387  boundary sharpness is increased the image patch goes from being classified as a shadow (green)
388  toanocclusion (red). Similar results were obtained for TST-2 to TST-5 (Supplementary Fig. S7-

389  S10).

390 Effects of texture cues

391  As we see from Fig. 6, texture modulation (tm) has little effect on categorization probability,
392  except in the absence of luminance modulation (top row). In this case, we see for sharp boundaries
393  (sp = 1.0) lacking luminance cues (Im = 0.0), as one increases texture modulation one reduces the
394  probability of classification as a texture (blue curve) and increases the probability of classification
395 asan occlusion (red curve). This can also be seen by examining Fig. 9. For luminance modulation
396  greater than zero, we see that for all non-zero levels of texture modulation (upper right, bottom)
397  as one increases boundary sharpness the classification interpolates between shadows (green) and
398  occlusions (red). For zero luminance modulation (Im = 0.0), in the absence of texture modulation,
399 the image patch will be classified as a surface (tm = 0.0, upper left panel), but in the presence of
400 texture modulation, as the boundary becomes sharper the patch goes from being classified as a
401  surface to being classified as an occlusion (upper right panel, bottom). Similar results were

402  obtained for TST-2 to TST-5 (Supplementary Fig. S11-S14).

403

404  Effects of boundary sharpness
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405 Boundary sharpness has a profound effect on categorization probability, although its effect
406  depends on the luminance modulation level. As we see in Fig. 7 (top row), in the absence of
407  luminance modulation, for high levels of texture modulation (tm = 1.0), as one increases the
408  boundary sharpness, the image patch is more likely to be interpreted as an occlusion (red curves)
409 than a texture (blue curve). In the presence of luminance modulation, then regardless of the level
410  of texture modulation, we see that as the boundary sharpness varies from 0.0 to 1.0, the patch goes
411  from being interpreted as a shadow (green curves) to being interpreted as an occlusion (red curves).
412  One can also see that Fig. 10 that for maximally sharp boundaries (sp = 1.0), in the presence of
413  any texture or luminance modulation, the image patch is very likely to be classified as an occlusion
414  (red, bottom right). We also see that for less sharp boundaries, regardless of texture modulation,
415 as luminance is increased the image patch goes from being classified as a surface (blue) to a
416  shadow edge (green). Similar results were obtained for TST-2 to TST-5 (Supplementary Fig.

417  S15-518).

418

419  Multinomial linear regression models

420  We nexttried to determine whether our classification results could be accounted for by some model
421  defined on the three variables defining the image patches. Perhaps the simplest such model is a
422  linear multinomial logistic regression model (with 8 free parameters) defined on the variables
423  defining the image patches (Im, tm, sp), as described in Eg. 8 and Eq. 9. A more complex
424  nonlinear model (16 free parameters) was also fit to the data (Eq. 10, 11), with this model including
425  all possible combinations of products of the defining variables. For each of the five test surveys,
426  the models were fit to all of the other surveys excluding one which was held back (Jackknife Sets

427  1-5), and then the fitted model was used to predict the results of the hold-out test survey.
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428 We found that qualitatively both the basic and derived models do a good job of predicting
429  the results of surveys not used to train the model. The implementation of multinomial logistic
430  regression in R fits the log of the ratio of each category (shadow, texture) relative to the reference
431  category (occlusion). Table 3 shows the coefficients of the linear model fit to Jackknife Set 1
432  (JCK-1). We see from these coefficients in the first row that increasing the luminance modulation
433  and texture modulation slightly decreases the likelihood of being classified as a shadow relative to
434  an occlusion, whereas increasing the sharpness of the boundary greatly decreases the likelihood of
435  ashadow relative to an occlusion. This is consistent with our observations in Figs. 5-7 which show
436  that increasing boundary sharpness strongly favors classification as an occlusion rather than a
437  shadow. We also see from the coefficients in the second row that increasing luminance modulation
438  and boundary sharpness drastically decrease the likelihood of being classified as a shadow relative
439  to an occlusion, again consistent with our results in Figs. 5-7. Coefficients for fits to all other
440  Jackknife Training Sets are shown in Tables 4-7, and we observe similar results to those in Table
441 3. Fig. 11 - Fig. 13 show observer classifications (solid lines, circles) and model predictions
442  (dashed lines, diamonds) for TST-1, where the model was fit to JCK-1. We see a strong agreement

443  between model predictions and observer performance.

444 In addition to the simple model defined by Eq. 8 and Eq. 9, we also fit a more complex
445  nonlinear model which regresses not only on the values of the variables, but also on the values of
446  pairwise products and three-way products, as defined in Eq. 10, Eq. 11. This more complex model
447  better fit the data than the simpler model, as evidenced by the values of the AIC for each model
448  shown in Table 8, with smaller AIC values indicating a better fit when a penalty is applied for
449  model complexity. However, as we can see from Fig. 11 - Fig. 13, both the linear (dashed lines,

450 diamonds) and nonlinear models (dashed-dot lines, squares) seem to fit reasonably well.
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451  Analogous results are shown in Supplementary Figs S19-S22 for all other test surveys, with

452  luminance modulation on the horizontal axis.
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487  DISCUSSION

488  Overview and Summary

489  Complex natural stimuli are defined by multiple features, and therefore it is often unclear which
490  features are most useful for distinguishing between two or more natural stimulus categories. One
491  useful approach for gaining traction on such questions is to create synthetic naturalistic stimuli
492  whose various features can be manipulated independently in order to determine which features are
493  most important for classification tasks. This approach has been widely used to better understand
494  the neural and behavioral representations of complex natural stimuli like human speech
495  (Lieberman, 1996), animal vocalizations (Margoliash & Fortune, 1992; DiMattina & Wang,
496  2006; Osmanski & Wang, 2023), and human faces (Loffler et al., 2005; Peterson et al., 2022).
497 In the current study, we developed a set of novel naturalistic image patch stimuli whose defining
498  features could be modified systematically, enabling us to investigate the role of multiple cues for
499  classifying image patches as being object boundaries, shadow edges, or uniformly illuminated
500 surfaces. To the best of our knowledge, this approach is novel, as previous psychophysical studies
501  addressing these issues have relied on natural image patch token stimuli whose features cannot be
502  varied parametrically (DiMattina et al., 2012; Vilankar et al., 2014; Breuil et al., 2019;

503 DiMattina et al., 2022).

504 A number of previous studies have compared the statistical properties of different edge
505  categories (Vilankar et al., 2014; Ehinger et al., 2017; Breuil et al., 2019; DiMattina et al.,
506  2022), or compared the statistical differences between edges and surfaces (DiMattina et al., 2012;
507 Mely et al., 2016). Recently, DiMattina et al. (2022) addressed the somewhat narrower problem
508 of what cues distinguish edges arising from changes in illumination (cast shadows) versus those

509  arising from object boundaries (occlusions). A statistical analysis of differences between shadow
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510 and occlusion edges revealed different distributions of luminance, and differences in the spatial
511  frequency content. Training image-computable neural network models to distinguish shadow
512  patches and occlusion patches revealed that the units in the network were sensitive to boundary
513  sharpness and texture differences. Furthermore, these relatively simple network models (2 or 3
514 layers deep) were able to perform the classification task as well as the best humans, and exhibited
515 strong positive correlations with human classification decisions on an image-by-image basis.
516  However, this study did not directly examine whether or not the cues which the networks are
517  sensitive to (texture, boundary sharpness) were cues which human participants were using to
518  classify images as shadows or occlusions. Therefore, in the present study, we utilized parametric
519  stimuli in order to directly demonstrate that all three of these cues are utilized by human observers

520 for classifying relatively small (40 x 40) image patches.

521 We found that luminance modulation was important for distinguishing uniformly
522 illuminated surfaces from shadow edges and occlusion boundaries, although it did not strongly
523  distinguish occlusions from shadows, as evidenced by the relatively small (and sometimes
524 insignificant) coefficients obtained from fitting the linear model to the 5 Jackknife training sets
525 (Tables 3-7). Boundary sharpness was found to reliably distinguish occlusions from shadows, as
526  well as distinguishing occlusions from uniform textures in the presence of texture modulation.
527  This is sensible since often the physics of shadow formation gives rise to a blurry boundary
528  between regions of high and low illumination (Elder & Zucker, 1998). Finally, texture
529  modulation, although less useful than the other two cues for category classification (as evidenced
530 by smaller model coefficients in Tables 3-7), still played a useful role in enabling one to
531  distinguish uniform surfaces from occlusions — even with a sharp boundary, in the absence of

532  texture modulation, one will classify a stimulus as a surface, whereas the presence of texture
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533  modulation enables its classification as a boundary. This is consistent with our analysis in

534 DiMattina et al. (2022).

535  Limitations and Future Directions

536  One limitation that is inherent to any study making use of artificial naturalistic stimuli is that they
537  are not exact replicas of natural stimuli, and it is possible that there may be aspects of natural
538  occlusions or shadows that are not well captured by the stimuli we used. However, for several
539  reasons, we think that our stimuli do a reasonably good job of emulating the natural categories.
540  One reason is that as we see from Figs. 5-7, for many values of the parameters (usually the
541  endpoints), there is almost universal agreement as to what category the stimulus is. Furthermore,
542  there is a remarkable degree of consistency between different test surveys (Supplementary Fig.
543  S4-S6), despite each survey being comprised of different pairs of textures. Finally, as we see in
544  Fig. 3, the stimuli certainly do bear a strong resemblance to all three categories, depending on the
545  parameter values. An interesting but technically challenging direction for future work would be to
546 make systematic modifications of natural image patches, for instance, enhancing texture
547  differences or blurring the boundary, to explore the effects this has on edge category classification.
548 A somewhat crude version of natural image patch manipulation in the form of removing texture
549 information entirely has been performed in our previous work to establish the importance of

550 texture as a cue for edge detection and classification (DiMattina et al., 2012, 2022).

551 Another limitation to this work is that we did not attempt here to establish the relative
552  importance of various cues for classification. Doing so properly would require a much more
553  difficult experiment in which we manipulate each parameter in units of perceptual discriminability,
554  as is often done in studies of cue combination (Kingdom et al., 2015; Saarela & Landy, 2012;

555  Hillis et al., 2004; Green & Swets, 1988). The purpose of the present study was to simply
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556  establish in broad strokes that these parameters are important for human performance on the task,
557 and it would be an interesting future study to better explore the relative importance of these
558  parameters for classification. A large number of mathematical cue-combination models exist in
559 the psychophysical and neuroscientific literature and could readily be applied to the current task

560  (Jones, 2016; Prins & Kingdom, 2018) in a refinement of the current study.

561 Additional limitations of any experiment seeking to understand the contributions that local
562  cues make to perceptual organization, is that local stimulus processing is profoundly influenced
563 by global context (Schwartz, Hsu, & Dayan, 2007; Neri, 2011; Gilbert & Li, 2013; Spillman,
564 Dresp-Langley, & Tseng 2015). For this reason, it is likely that our study under-estimates
565 classification performance, since in natural perception the local image would not be presented in
566 isolation but with contextual information as well. However, the utility of our approach is that it
567  demonstrates the sufficiency of locally available cues for image parsing, providing hints to workers
568 in neurophysiology where in the visual processing hierarchy one may find neurons that first

569  contribute information for image parsing, even if the task is ultimately performed upstream.

570 Finally, in our opinion the most interesting direction for future research lies not in
571  psychophysics or computational studies, but in visual neurophysiology. One of the essential
572 computations that the visual system performs is discounting the illuminant, enabling accurate
573 identification of surfaces and their boundary without regard to shading or cast shadows (Kingdom,
574 2003, 2008; Murray 2021). However, it is unknown exactly where in the visual system this
575 discounting of the illuminant takes place. Our work here and elsewhere (DiMattina et al., 2022)
576  demonstrates that information useful to this process may well take place relatively early in the
577  processing hierarchy, as small image patches (40 x 40 pixels) subtending only a few degrees of

578 visual angle seem to be reliably classified as changes in material or illumination. It would be of
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579  great interest for future work in neurophysiology to determine if neurons in these areas responsive
580 to our stimulus set exhibit the same ability to reliably distinguish image the categories considered
581  here (occlusion, shadow, texture) via population decoding of these visual regions. A hypothetical
582  neurophysiology experiment which directly complements with the psychophysics here would be
583  to present to a population of neurons all of the stimuli from the two training sets (TRN-1, TRN-
584  2), and then train a machine-learning classifier to decode the stimulus category from the neural
585  population responses. Then, present the neural population with stimuli from the test-sets (TST-
586 1,...,TST-5) and use the elicited neural responses as inputs to the trained classifier to obtain
587  category predictions which can be directly compared with our psycho-physical data. A strong
588 agreement between decoded neural responses and visual behavior would provide a strong
589  argument that the neural population in question may underlie the ability of the visual system to
590 perform this essential perceptual task. Given the fact that neurons in visual area V4 are sensitive
591 to form (Pasupathy & Connor, 2002), texture (Kim, Bair, & Pasupathy, 2019, 2022; Okazawa,
592  Tajima, & Komatsu, 2017) and blur (Oleskiw, Nowack, & Pasupathy, 2018), this may be a
593  reasonable place to look for neurons that can reliably detect edges and accurately classify them as

594  arising from shadows or occlusions.

595
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TABLES
Occlusion Shadow Texture Total
Occlusion 1808 871 621 3300
Shadow 812 2231 257 3300
Texture 148 281 2871 3300

Table 1: Confusion matrix for Training Survey 1 (TRN-1). Actual categories are in rows,

classified categories are in columns.
Occlusion Shadow Texture Total
Occlusion 1693 849 758 3300
Shadow 775 1855 670 3300
Texture 298 463 2539 3300

Table 2: Confusion matrix for Training Survey 2 (TRN-2). Actual categories are in rows,

classified categories are in columns.
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Intercept Im sp tm
Shadow 2.739 +/- 0.075 | -0.178 +/-0.066 | -3.626 +/- 0.068 | -1.028 +/- 0.063
Texture 4.875 +/-0.087 | -6.879 +/-0.130 | -4.026 +/- 0.083 | -1.516 +/- 0.075

Table 3: Coefficients (+/- standard error) for basic linear model for the log-odds ratio of two
categories (shadow, texture) relative to the reference category (occlusion) for model fitted to
Jackknife Set 1 (JCK-1). A negative coefficient means that increasing the value of the variable

decreases the likelihood of that category relative to the likelihood of an occlusion, whereas a

positive coefficient increases the likelihood of that category relative to an occlusion.
Intercept Im sp tm
Shadow 2.681 +/- 0.072 | 0.002 +/- 0.064* | -3.638 +/- 0.067 | -1.139 +/- 0.062
Texture 4567 +/-0.084 | -6.435 +/- 0.127 | -3.872 +/-0.082 | -1.647 +/- 0.075

* =p > 0.05 (fails to reach significance)

Table 4: Same as Table 3, but for JICK-2.
Intercept Im sp tm
Shadow 2.562 +/- 0.073 | 0.098 +/- 0.065* | -3.619 +/-0.068 | -1.130 +/- 0.063
Texture 4541 +/-0.084 | -6.114 +/-0.122 | -3.915 +/-0.082 | -1.590 +/- 0.074

* =p > 0.05 (fails to reach significance)

Table 5: Same as Table 3, but for JCK-3 and TST-3.
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Intercept Im sp tm
Shadow 3.190 +/- 0.080 | -0.579 +/- 0.069 | -3.968 +/- 0.072 | -0.922 +/- 0.065
Texture 5.340 +/- 0.093 | -7.294 +/- 0.133 | -4.480 +/- 0.088 | -1.342 +/- 0.077

768

769  Table 6: Same as Table 3, but for JCK-4 and TST-4.

770
Intercept Im sp tm
Shadow 2.582 +/-0.071 | 0.006 +/- 0.063* | -3.490 +/- 0.066 | -1.171 +/- 0.062
Texture 4.431 +/-0.082 | -6.038 +/- 0.121 | -3.706 +/- 0.080 | -1.762 +/- 0.074

771 *=p>0.05 (fails to reach significance)

772  Table 7: Same as Table 3, but for JCK-5 and TST-5.

773
Jackknife Set Linear Model Nonlinear Model

1 23289.28 22900.81

2 23901.89 23450.94

3 23497.64 23026.66

4 22482.04 22159.84

5 24114.99 23639.25
774

775  Table 8: AIC from fits of the linear and nonlinear models to each of the 5 Jackknife sets.

776
777
778
779
780
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781  FIGURE1

782

783

784  Figure 1: Local image patches arising from three different physical causes. The red square outlines
785  an image patch containing an occlusion boundary (change in material). The green square outlines
786 an image patch containing a cast shadow edge (change in illumination) on a uniform surface.

787  Finally the blue square outlines a singe surface region with no change in illumination.

788

789

790
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FIGURE 2

occlusion

shadow

texture

Figure 2: Examples of stimuli from Training Survey 1 (TRN-1) from each of the three categories.
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803 FIGURES3

804

texture modulation (tm)
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0.00 0.50 0.75 1.00
805  Figure 3: Synthetic image patches from Test Survey 1 (TST-1) which illustrate the effects of

806  varying specific parameters. Top row: Effects of varying the degree of texture modulation (tm)
807  with no luminance modulation (Im = 0) at maximum sharpness (sp = 1). Second row: Effects of
808  varying luminance modulation (Im) with no texture modulation (tm = 0) and maximum sharpness
809 (sp = 1). Third row: Effects of varying sharpness (sp) in a boundary with maximum texture
810 modulation (tm = 1) and no luminance modualtion (Im = 0). Fourth row: Effects of varying
811  sharpness (sp) in patch with no texture modulation (tm = 0) and maximum luminance modulation

812 (Im=1).
813

814
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816

817  Figure 4: Proportions that the image patches of each kind in the Training sets (red: occlusions,
818  green: shadows, blue: textures) were classified as each of the three categories (left: occlusions,
819  center: shadows, right: textures). Image patches from each category were sorted in order of their
820  probability of being classified as the column category. (a) Training Survey 1 (TRN-1) (b) Training

821  Survey 2 (TRN-2).
822
823
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835  Figure 5: Interaction of variables for image patch categorization probability, averaged across all
836  5testsurveys. Plots show probability of an image patch being classified as an occlusion (red lines),
837  shadow (green lines), or surface (blue lines) as a function of luminance modulation (Im) for the
838  endpoint (0, 1) and midpoint (0.5) values of sharpness (sp: columns) and texture modulation (tm:

839  rows).
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854  Figure 6: Interaction of variables for image patch categorization probability, averaged across all
855  b5testsurveys. Plots show probability of an image patch being classified as an occlusion (red lines),
856  shadow (green lines), or surface (blue lines) as a function of texture modulation (tm) for the

857  endpoint and midpoint values of sharpness (sp: columns) and luminance modulation (Im: rows).
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Figure 7: Interaction of variables for image patch categorization probability, averaged across all
5 test surveys. Plots show probability of an image patch being classified as an occlusion (red lines),
shadow (green lines), or surface (blue lines) as a function of sharpness (sp) for the endpoint and

midpoint values of texture modulation (tm: columns) and luminance modulation (Im: rows).
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885  Figure 8: All of the image patches from TST-1, together with the values of their defining

=
o

886  parameters. The (R,G,B) color of the border is determined by the proportion of times that the patch
887  was classified as an occlusion (R-value), shadow (G-value) or surface (B-value). Here the image

888  patches are grouped by the level of the luminance modulation (Im).
889

890

42


https://doi.org/10.1101/2025.02.26.640416
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.26.640416; this version posted March 2, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

bioRxiv.org Pre-print 0.0—-DO NOT CIRCULATE

891 FIGURE9

tm =0 tm = 0.5
. | e B | .
1 R - .d " - ] B e
2] = =i - - - -
- — =
0.5 - - = = - 1 - - - o=
‘ . . i} : . ‘
- ) —— — — - — N
025 - . ¥ - == =
0 I . . . . - '7
T T T T T T T T
tm = 0.75 tm =1
— —— p—
L. 9 — i P —
' ' - e ' - e
0.5 A - _— — J— 7 - — — ;zf
= J ' ' = J — — ' e
0.25 = = — — : = - - |~
- - - - -
0 A — | S [ S = i
T T T
0

0.25 0.5 1 0 0.25 0.5

n
©
(/2]
©

892

893  Figure 9: All of the image patches from TST-1, together with the values of their defining
894  parameters. The (R,G,B) color of the border is determined by the proportion of times that the patch
895  was classified as an occlusion (R-value), shadow (G-value) or surface (B-value). Here the image

896  patches are grouped by the level of the texture modulation (tm).
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902  Figure 10: All of the image patches from TST-1, together with the values of their defining
903  parameters. The (R,G,B) color of the border is determined by the proportion of times that the patch
904  was classified as an occlusion (R-value), shadow (G-value) or surface (B-value). Here the image

905  patches are grouped by the level of the boundary sharpness.
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917  Figure 11: Observer performance on TST-1 (circles, solid lines), together with the predictions of
918 alinear multinomial logistic regression model (diamonds, dashed lines) and nonlinear multinomial
919 logistic regression models (squares, dash-dot lines). Plot shows luminance modulation on the

920 horizontal axis.
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935  Figure 12: Observer performance on TST-1 (circles, solid lines), together with the predictions of
936 alinear multinomial logistic regression model (diamonds, dashed lines) and nonlinear multinomial
937 logistic regression models (squares, dash-dot lines). Plot shows texture modulation on the

938  horizontal axis.
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FIGURE 13
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Figure 13: Observer performance on TST-1 (circles, solid lines), together with the predictions of
a linear multinomial logistic regression model (diamonds, dashed lines) and nonlinear multinomial

logistic regression models (squares, dash-dot lines). Plot shows sharpness on the horizontal axis.
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