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ABSTRACT

While we live in a 3D world, each 3D object in our visual field projects to the retina as a
2D region bounded by a 1D closed contour. Humans are known to rely profoundly on these
bounding contours to segment the scene and to detect and recognize ohigtésKIis
complicated by interpositions of objects in the visual field that lead to occlusions: partial
blocking of one object by another. The impact of occlusions on human perception is mitigated by
our ability to perceptually complete partially occlddesounding contours, i.e., to fith missing

contour fragments.

Prior research hawaluatedboth local and global methods for shape completion, in terms of

their objective accuracy against ground truth. However, these methods have not been evaluated
against human perceptual completion. In this thesis, observers viewed a series of partial
boundng contours where an interval of each contour has been erased, simulating occlusion. A
virtual line passing through the missing interval is identified and observers are asked to adjust
the location of a dot along this line uritibppears to lie where the contour would be, were it

visible. The gap length of the missing interval varied from 10 to 50% of the total shape. After
analysis of the objective error and bias, it was found that humans employ more than local cues in

the praess of shape completidout it is unclear ithis directly suggests the use of global cues.



ACKNOWLEDGEMENT

First and foremost, | must acknowledge my supervisot@acher, Dr. James H. Elder. If
it is your logical and lightening sharp mind that makes you stand out, it must certainly be your
kindness, and patience that makes you truly remembered. Patience is one of the greatest
treasures, and it is a treasure notlgasquired by many. And the amount you have shown me
during my masters is otherworldly. Even with my ridiculously slow progress these past two years
of the pandemic, you have always been there for me when I really got stuck on a problem. And
whenever | gt nervous and overthink about some aspect, you always put my mind at ease. You
have a very calming presence and a calm manner of speech, which makes you so cool and
professional. | appreciate all the advice and the space and freedom you give me. fEhis enti

thesis would not be possible without you.

| would also like to acknowledge Professors Richard Murray and Laurence Harris for
writing me reference letters for graduate scholarstifthout which my research would not be
possible. Thank you so much for all your kindness and guiding me during resguadiuate
research years. | appreciate you both. | also want to thank Professor Joe Desouza, for giving me a
lot of research opportunities during undergrad, thank you! Next, | would like to acknowledge the
psychology graduate office members Lori, Fredé Rarbara, and the graduate program director
Dr. Suzanne Macdonald. Your kindness will be remembered and thanks for always responding
quickly to my emailseven on weekends! | would also like to thank Dr. Kevin Lande for his
guestions and emailing me wiplapers to look athanks. | would also like to thank my fellow
CVR trainees, lab membeespecially Shaiyan for his helpful clarificatierad friends, you
make the environment more welcoming and fun. | also must thank the individuals who

participated immy experiment.

Next, | must acknowledge some other teachers, both near and far, both in the past and

present. It is your purity and integrity that are my source of comfort, strength, and hope.

Lastly, I would like to acknowledge my parents. Without you two, my world would be

grayscale.



TABLE OF CONTENTS

AB ST R A CT ..ttt e e bbbttt ea et bbbttt ettt ettt e e e e e e eant e et eeteeeaaaaeaeeaeeaennanne i
ACKNOWLEDGEMENT ...ttt eees et e e e e e e s smmseseeeeeeeeeeeeaaaaeeaeesammmeaeeens Jii
TABLE OF CONTENTS L.ttt eeei bbbttt e e e e st et e e e e e e e e e e e e e e e e e e s s s ammmeeeeeeas iv
LIST OF FIGURES ..ottt eens bbbttt e e e e e e e e s smmsseeeeeeaaaaaees? Vi
INTRODUGCTION ..ottt eees et e e e e et e e s seessseeeeeeaaaaaaeaeaeeessssmmmraaaeaeeeeesesennans 1
I A S g = o 1= @0 a1 o] =21 o o PO 2
1.2  Local and GIobal CUES.........uuiiiiiiee e e 3
1.3 Local Methods: Linear Interpolation and Elastica...............ccccceivcceveevvviinnnnnnnnn. 4
1.4 Global Model: SNAPEIELS........uiiiiiiiiiii e 5
1.5 Global Model: FOrmMIEtS..........cooiiiiiiiiiiiiieeeniiiiiiieeeeeeee e snereseeeeeeeeeeeeeeeeeeeeesnma ]
1.6  Accuracy of Formlets and Shapelets for Contour Completian............ccccevvveen... 9
1.7 AIMS Of PreSent StUAY........coovviiiiiiiiiiiemmr et e e e e e e e e e e e ameenaas 11
17T 1 T T PP 13
2.1 HUMaN PSYCROPNYSICS.....ovviiiiiiiiiii e eeeer e nnne e 14
2.1.1 PArtICIPANTS .....uuiiiiiiiiiiiie ettt eeeeee ettt et et e e e e e e e e e e s e e e e e e e e e e e e e e e e e nnne e e e e 14

p N R Y o] o = L= L (U PP 14
2.1.3 SUMUIIL ... eeee e e e e s eerr et e et e e e e e e e e e e e e e e e e s ssmmmeeaeeeeeeessannnnnns 14
2.1.4 Defining the Completion TasK............uueiiiiiiii i eeeni e 16
2.1.5 RANQE Of ProDE LiNE........uuiiiiiiiiiiiiiit ettt 18

pZ G o o To o (1 =TT PP 18
2.1.7 ErrOr MEASUIEIMENLS. ...ccuuiii et eeeee e e ettt e e e ettt eeena e e e e e esta e e e e eessann smnnes 19

2.2 MOl PrediCliONS......cooi i eeee sttt eeet e e e e e e e e e e e e e e s emmeeaeaaeaeas 20
2.2.1 Linear INterpolation..........oooiiiiiiiiieeee e e 20
2.2.2 EIASHCA. .. .uviiiiiiiiiiiiiii e 21
2.2.3 Shapelet and Formlet ModelS...........ooooiiiiiicc e 25
RESUILS. ...ttt e e ettt et e e e eant bttt et et e e et e e e e e e e e e e e e e e e e s 28
3.1 Mean SigNed ErTOr (BIaS). ... . ueeeeteiiiiiiiie ettt 29
3.2 Standard DeVIALION. .........cociiiiiiiitieees bbbt e e eeer e e e e e e e e e e e e e e e e e e s s e e aaae s 36
3.3 MeEaN ADSOIULE EITQL........uiiiieeiiiiis s s et s s e e e e e e e e e e e enenas s s s e e e e e e e e e eeeeeeeeeeeannneeeeeees 39
3.4 Mean Absolute Deviation (MAD) between models and humans............................ 45
3.5 Outlier Model PrediClioNS. ..........eevuuieiiiiiiee e s e e e ememsenn e e e e e e e e e e e e e eeeens 51
(@] 3 T0d 101 [0] o H PR 63
A1 SUMMIMAIY. ¢ttt eeeei e e e e e e e e e e e ettt ee e mmee e e e e e e eeeeeeeeesesebbsa s ammme e e e e e e s enbbn s 64
4.2 FULUIE DIFECHIONS. ...ttt eee ettt ettt e e e e e e eeenn s 65
REFERENGCES...... ..ottt ettt et e e e e e e e e emmt e e e e e e e e e e e e e e e e e e e s s s srmmmeeaaaaaeeeeesannnnnnes 66



LI' ST OF TABLES

Table 1.0ptimalf on training SNAPES........ooviiiiii e 24
Table 2. Main Effects and Interactions for BiaS.............cooouiiiiiiiccce e 31
Table 3. Bias Significance for each level of gap at p<0.05..........coooiiiiiiiicce e 32
Table 4. Bias change with gap leVel............ooo e 33
Table 5. Shape class differences across systems for.bias............ccccoevveeeeiiiiiiii e, 34
Table 6.Differences in bias between humans and models.............coooiiiiccee s 36
Table 7. Main Effects and Interactioft® MAE. ...........ccoovriiiiiiiiiiiir e smeeees 40
Table 8. Significance of intercepts where p<Q.05............uuviiiiiiiieemiiriiiiiee e 41
Table 9. Slope contrasts across shape ClasSeS.......cccvvveeeeiiieeeiiiiiieiieeeeeeeeeeeeeeeieenee e AL
Table 10. Intercepts of MAE across natural and synthetic shapes.................cccccee......... 43
Table 11. Slopes Of MAE GCrOSS SYSIEIMIS.......cuuiiiiiiiiiiie ettt rrmmme e 44
Table 12. System intercepts of MAE for natural and synthetic shapes................cccoeeee. 44
Table 13. Main Effects and Interactiois MAD. . ...........cooooiiiiiiiiiiiieenn e 45
Table 14. Slope of MAD contrasts across shape Classes...........ccccceiviceeeveeiiiiiiiiiee e 46
Table 15. Significance Of INTEICEPLS .......uuuiiiiiiiiiiii et 48
Table 16. Intercepts of MAD across natural and synthetic shapes............cccccceeeeveeeee. . 49
Table 17. Slopes of MAD aCroSS SYSIEINIS.........c.uvuruuuiiiiimmreeeeerrrnrae e e e e e e emenranne e as 50
Table 18. INtercepts Of MAD..........uuu it eeee e e e e e e e e 50



LI'ST OF FI GURES

Figure 1. Contour COMPIETION. .......ei it ee e eeaaes 2
Figure 2.Local cues to contour COMPIETION.........coiiiiiiiiiieieeee e eeeeee e 3
Figure 3. Linear interpolation model for natural shape at 10% gap.level...................ce.c.. 4
Figure 4. Example SNapelel..........oouiiiiiiii e ereeis s e e enae e e 5
Figure 5. Instances of bases at different scales subject to transformations..................... 6
Figure 6. Sampling from the shapelet Model.............oooo e 7
Figure 7. Example formlet deformation.. ... ieeeii e 8
Figure 8. Figures (a) and (b) display several formlets applied to an ellipse..............c....... 9
Figure 9. Error definedusingd  Hausdorff diStANCE. ..........ooveveeeeeeeeeceeeeeeeeeeeee e 10
Figure 10.Examples of pursuit on 30% occluded shapes............cccccvvvvvieeeeeeeeieeeeeeiiiiiinn, 11
Figure 11.Sample natural (A) and synthetic (B) shapes with occlusian.......................... 15
Figure 12.Sample natural (A) and synthetic (B) shape stimuli................cccccommriiiiiinnnns 15
Figure 13.Probe Line CalCulation.........ccccciieieiiiiiiiieeee e eeeeeeeeme e 16
Figure 14.Ground truth calCulation...............coooiiiiiiiiieeer e 17
Figure 15 Experimental Paradigm.............couiiiiiiiiiiiieeie e 19
Figure 16.Error CalCUlatioN..............uuuiiiiiiiiiiii et 20
Figure 17.Linear COMPIELIONS........oovviiiiiiiiie et e e e e e e e e eeeer s e s s e e e e e e e e e e e e e e e eeessrnnnas 21
Figure 18.Elastica MAE on natural training Shapes............coovvviiiiiieeieeeeeeee e 22
Figure 19.Elastica MAE on synthetic training Shapes..........cccccooiiiiieen 23
Figure 20. Sample Elastica completions with optinfal.............ccccoooiiiiiiiccc s 24
Figure 21.Sample Shapelet COMPIELIONS..........cccuuuiiiiiiiiiieee e 25
Figure 22.Sample Formlet COMPIEtIONS...........iiiiiiiiiie e e 26
Figure 23.Formlet COMPIEtIONS...........uuiiiiiii e e e e e eaeaaae 27
Figure 24.Comparison of bias for humans and models............ccocooiiiiieeer i, 29
FIQUIE 25.MEAN DIAS ....ccii it ettt e e e e e e s emer e e e e e e e e eeeas 30
Figure 26.Mean bias averaged OVl QAP ......ccccuuurrriiiieiireeiiiiiierrrieeeeeeeeeeeesseesseseeeeeeeeeeens 34
Figure 27.Mean bias for (a) natural and b) synthetic shapes..............ccoooviimmriiiiiiinens 35
Figure 28.Comparison of standard deviations of signed error..............ccccceeiveeeeeeeeeeeeennnnn, 37
Figure 29.Standard deviations Of SIgNEd EILQL.............uuuuuuuiiiicceieiiirr e e e e reen s 38

Vi



Figure 30.Comparing MAE across humans and models.........cccooevviiiiieceiiiiiiiiiie e, 39

Figure 31.Mean Absolute Errofor all MOdels.............ovviuiiiiiiiii e 42
Figure 32.Mean absolute deviations of human estimates..............cccccvieerniiiciiiiinnnnne. a7
Figure 33.Mean absolute deviation of individual human participants..............cccceeveeeenns 49
Figure 34.Scatterplot of signed deviation for all participants and madels....................... 51
Figure 35. Outlier formlet prediction for a natural shape at 10% occlusian...................... 52
Figure 36.Scatterplot of signed deviations from ground truth................coooiiiic e 53
Figure 37.Oultlier elastica prediction for a natural shap5#b occlusion...............ccccceeeee... 54
Figure 38.Scatterplots of signed deviations for natural shapes at 50% occlusion........... 55

Figure 39.Outlier shapelet and formlet predictions for a natural shap€% occlusion....... 56

Figure 40.Scatterplot of signed deviations for synthetic shapes at 10% occlusian......... 57
Figure 41.Scatterplot of signed deviations for synthetic shapes at 25% occlusian......... 58
Figure 42.Outlier shapelet prediction for a synthetic shape at 25% occlusion................ 59
Figure 43. Scatterplot of signed deviations for synthetic shapes at 50% occlusian......... 60
Figure 44.Outlier shapelet prediction for a synthetic shape at 50% occlusion................ 61
Figure 45.Example shapelet salfitersections..............ccccuiiiiiiiimemiiiiiie e 62

vii



CHAPTER 1

| NTRODUCTI ON



l.1Shape Compl eti on

Shape completion is a process that allows for the perception of wlbjeles from visual
fragments (Bef¥osef&BenShahar, 2012). This is-iab6comptheh
shape when parts of the shape are occluded (Singh, 2004). This phenomenon of completion
involves two variations, amodal and modal completiagyife 1). Modal completion (shown as
the dashed red line) separates the two elephants, where contrast falls to near zero. Amodal
completion (dashed cyan line) occurs when objects are occluded; in this particular example, the
amodal contour completes theumalary of the elephant on the right where it is occluded by the

tree (Wagemans et al., 2012).

Figure 1. Contour completion. Red dashed line: Modal completion. Cyan dashed line: An
completion. Figure taken from Wagemans et al. (2012).

Humans have been known to use geometric properties of orientation and curvature,
among others, to perform contour interpolation and extrapolation (Wagemans et al., 2012).
Humans perceive the continuation of contours as smooth rather than jagged, evérevghisn
no cue to suggest that perc€pingh & Fulvio, 2005; Geisler & Perry, 200%hussuggesting

2



that the visual system could potentially be using priors based on regularities in the natural

environment to inform completion.

12Loc all and Gl obal Cues

For shape completion, we define a local cue as a feature of the visible contour defined at
a point. This cue coulmhclude position, orientation, and curvaturgpically, the values of these
local features at the endpoints of the visible contour bounding the missing contour interval are

posited to caletermine the completion (Figure 2).

(w1,91,01, 51)/ endpoint

\
\
\

\ endpoint
\

(2,Y2,02, K2)

Figure 2. Local cues to contour completion: 2Dsition (& ), orientationd and curvature
defined at the endpoints of the visible contour

In addition to local cues, ndocal or even global shape cues could potentially influence shape
completion. Global cues involve properties such as closure, convexity, and symmetry amongst
others (as cited in Elder, 2018). Here, we will consider two global shape niuatedsuld be

used forcompletion Shapelets (Dubinskiy & Zhu, 2003) and Formlets (Grenander et al, 2007
Oleskiw et al. 2010, Elder et al. 2013



13Loc al Met hods: Linear I nterpolation

The linear interpolation model uses only endpoint position information directly linking the two
endpoints of the visible part of the shape using a line segment (Figure 3).

Figure 3. Linear interpolation model for natural shape at 10% gap level. The linear interp
(black) connects the endpoints of the visible contour (in blue). Purple: midpoint of the line
interpolant.

This linear approach does not generate smooth curves. An alternative local model astileml

does yield smooth curves. The concept of elastica dates back to the works of the mathematician
Euler (Mumford,1994, pp.491). Elastica are curvds that minimize a weighted sufvof

squared curvaturg and arc length while ensuring that the tangent orientations at the endpoints

align with the visible curve:

Yo [0 )i (1)

Subjecttof i ="Yandr i =7Y, wherei is the unit arc length parameter aivdand”Y
are the tangent vectors of the visible curve at the two endpbists. free parameter that

controls the relative importance of curvature and arc length in the energy functional



(Yakubovich, 2014). If the curve i is approximated discretely as a polygon, the objective
function can be minimized by gradient descent. | optimized the lambda parameter by searching
through a range of values to find the value that minimizes the average Euclidean distance

between the grouhtruth and the model estimateasfinterpolated point.

1.4 Glob8hapMedet s

Shapelets are contebased shape representations that represent shapes by a linear
combination of basis function®(binskiy & Zhy 2013; Figure 4). The basis functions are
localized and capture information at different scales. The shapelet basis consists dik€abor
planar curves that map arclength to theimage andan be representéadthe complex plane
C: [ 0, 6.Each shapelet is controlled by two parameters: the arc length position parameter
(* ), which determines the position of the shapelet along the curve, and the scale paggmeter (

which affects the spatial extent of the shapelet. A shapadgti , has the specific form:

ronhk Agp—— AT O ,0 ° ‘WEJ* ,0 (2)

0.1 0.1

0.05 0.05

—0.05
—0.05

—0.1

—0.1

0-2 04 0.6 0.8 —0.05 0 0.05 0.1

a) b)

Figure 4. Example Shapelet. a) Coordinate functions and b) Trace. Figure taken from EId
al., (2013).



The basis functions are subject to an affine transformaffented by a 2 x 2 matrix of basis

coefficientso :

3)

(@]
€+ Ex
S e

This affine transformation is applied to each shapelet in image space prior to linear combination,
and captures different actions such as anisotropic scaling, rotation and shearing (Figure 5). An
overcomplete dictionary of basis functions is formed by-gampling over positioh, and

extent, (Dubinskiy & Zhu, 2013).

a) o b) rotation c) scaling d) shearing

Figure 5. Instances of bases at different scales subject to transform&amisshape base is ¢
lobe-shaped curve. Figure taken from Dubinskiy & Zhu (2003).

To learn the representation of a shape, Dubinskiy and Zhu (2013) apply a matching pursuit
algorithm, a greedy algorithm that at each iteration selects the shapelet that minimizes

reconstruction error, measured by thenorm of the residual:

03 B S 3 s (5)

Where3s isthe observed or target shape ands theapproximatiorafter adding) shapelets
Unfortunately, because this shapelet model does not explicitly capture regional properties of
shapesit tends to yield norsimple i.e., selintersecting curveshen used as a generative model
(Elder et al., 2013; Figure 6)
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Figure 6. Sampling from the shapelet model producessiample, i.e., seHintersecting curves.
Figure taken from Elder et al., (2013).

To apply the shapelet model to contour completion, the shapelet representation is fit only to the
visible portion of the curve. Since each shapelet is a complete closed curve, the resulting
representation will also be a complete closed curve, interpolagngnissing interval of the

curve it is fit to.

1.5G| obal Model : Forml et s

Formlets build on the Growth by Random Iterated Diffeomorphisms (GRID) model,
which models growth as a sequence of local and radial deformations (diffeomorphisms)
(Grenander et al., 2007), and has been used to track tumour growth in medical images. Elder e
al. (2013) called these diffeomorphisms Formlets. Formlets are localized in both scale and space.
They are defined using a GaHike deformation functioriQcentered at the poimstin the

complex plane and deforming space within a standard devi@tout—

Fzs.m0) =+ E—opllz = Clicna),
- 2
p(r;o,a) =r + asin (%TT) exp (U—2> (4)

v



A Formlet is characterized by its locatiBnscaleA, and gain|, which represents the magnitude

of the deformation. To preserve the topology, the authors place constraints on this gain parameter
1. A dictionary of formlets is constructed by grid sampling over poskiammd scal& (Figure

7). Figure 8 shows the effect efale and gain parameténgerms of the deformation applied to

a grid.

To represent a shapene begins with a simple embryonic shape generated by sampling a unit
circle and then applying an affine transformation to generate an elliptical shépe

minimizes thd) error between the target shape and theellipse.To then learn théormlet
representation’(838Q of theshapes , matching pursuit is employed to iteratively find the
formlet minimizing the reconstruction error when applied to the current model The

objective function for formlets is the same as for shapelets. The gainvaslwgptimized

analytically, subject to the diffeomorphism constraints.

cessegesesgeseeseecnttanaa,,,

H .
Seeedl soese

-----

.....
seee

......
B .

: :
SR JUUR N AOORS SO OOt SO
Fr - ]
M . .

......
--------

(a) Expansion (a > 0) (b) Compression (a < 0)

Figure 7. Exampleformlet deformationPositive and negative gainsproduce expansion and
contraction, respectivelfElder et al., 2013)The location- of theformlet isindicated by the
asterisk.



c) fwith gain d) f with scale
variation variation

TN

N

)

Figure 8. Figures (a) and (b) display several formlets applied to an ellipse. Figure taken fi
Elder et al., (2013).

As for shapelets, we can apply formlets to shape completidittibg them only to the visible
portion of the contour. Since it is based on a complete closed embryonic shape, the resulting

representation will interpolate the missing interval of the contour.

16Accur acy ®afn8harpedllc@ nt our Compl et i on

While neither the local nor the global models reviewed above have been assessed as
models of human shape completion for naturalistic shapes, Elder et al. (2013) did evaluate the
accuracy of Shapelet and Formlet models relative to ground truth. In partibelaassessed the
accuracy of completion for 10% and 30% intervals of animal shapes and found that Formlets
were more accurate (Figure 9). Formlets also preseimeddpologyof the shapeas can be seen
in Figure 10, while Shapelets failed to presé¢heatopology of the shapBoth Formlets and
Shapelets serve as shape models for which completions are determineddgahtactorsThe
use of these models is to determinthéy wouldmake more accurate predictions for natural
shapes, which have global regularities that the models might capture. As well as to determine

whether these models would therefore predict human judgements.



== Shapelet Visible
= = Shapelet Occluded
== Formlet Visible
= = Formlet Occluded

10% Occlusion 30% Occlusion
0.06 0.05

5 lmm e - - - H
E] 0.05 g 0.041S .~ e e e e e e .. e
n ~ o '
S 004 S~o_ 2| S~
m L g E 0'03 e o
= \ =
3 0.03 -
N \~ Q
= -0 X002
g 0.02 il py—— g
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Number of Components Number of Components

Figure 9. Error definedusingd Hausdorff distance of occlusion pursuit evaluation of Shap
(red) and Formlets (blue). Figure taken from Elder et al., (2013). Solid and dashed horizc
blacklines indicate the errors of the initial affine fit ellipse for visible and occluded interva
respectively.
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Figure 10. Examples of pursuit on 30% occluded shapes. Formlets (blue) and Sh
(red) in increasing iterations from left to right (k = 0,2,4,8,16,32). Solid limhsate
the visible contour and dashed lines indi¢datsoccluded portion of the contour. Figu
taken from Elder et al. (2013).

1.7 Aims of Present Study

The impact of occlusion on human perception is mitigated by the human ability to
perceptually complete partially occluded bounding contours, i.e., to filissing shape
information. This study aims to investigate the degree to which humans use local dockhon
cues to perform this perceptual completion task. The study analyzes the completion ability of the
four models reviewed above and compares tleehuman judgements in terms of accuracy and
bias. In addition to natural shapes, we will assess hamémodel shape completion on
synthetic shapes that match the curvature statistics of the natural shapes but are otherwise

maximum entropy and are thus lacking the global regularities of the natural shapes (Elder et al.,

11



2018). This will allow us to test whether these global regularities play a role in human or model

shape completion.

12



CHAPTER 2

Met hods
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2.1 Human Psychophysics

2.1.1 Participants

All 12 participants were recruited from York UniversiBarticipantgave their informed

consent to participate in the studyl participants were naive to the purpose of the experiment.
All experiments werapproved by the York University Human Participants Review Committee
(HPRC) prior to data collectioihe participants were ajraduate student volunteens

monetary incentive was given to participate in the experiment.

2.1.2 Apparatus

The experimenivas conducted in a laboratory settinging a PC desktop computer wikie
Windows 10 operating system. The stimuli were displayedronratorwith a resolution of
2560 x 1440 pixels, at a viewing distance of 60 cm, maintained with a chigxpstimental
stimuli were drawn and displayed usimgthon andPsychoPy3 (Peirce, 200All shape stimuli
were scaledo that the maximurguclidean distancef a point on the contodrom its centroid
was4 degreesA keyboard and mouse were usedapture the behavioral responses of

participantsAll statistical analyses were conducted using Python (version 3.7)

2.1.3 Stimuli

We employed 300 natural and 300 synthetic shapes, sampled at 120 points, roughly
uniformly spaced. The statistics of the turning angles (discrete curvatures) of the synthetic shapes
matched the turning angle statistics of the natural shapes. Otherwssesyi¢hetic shapes were
maximum entropy and lacked the global regularities of the natural shapes (Elder et al., 2018).

To avoid biasing results, we did not interpolate between the points to form a continuous contour,
but rather displayed the points as dots on the screen. Each dot subtended 1.2 arcmin. Figure 11
shows some sample natural and synthetic shape stifouitudy shape completion, we removed

a random, contiguous sequence of 11 (10 %), 29 (25%) or 59 (50%) dots (Figure 12).

14



Figure 11. Sample natural (A) and synthetic (B) shape stimuli.

Natur al
A
B . Synthetic
1% 2% 5%

Figure 12. Sample natural (A) and synthetic (B) shapes with occlusion intervals employec
this study.
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2.1.4 Defining the Completion Task

Linear Interpolant

For any given shape, first amterval of either 10 %, 25% or 50% of the shape was
removed (see Figure 1ext, the midpoint of the linear interpolant connecting the endpoints of

the visible part of the shape was determined (Figure 13).

Figure 11. Blue dots: visible contour. Orange dots: missing interval. Linear interpolant (bl
line), with the midpoint (m) in purple. Probe line (blue line) is orthogonal to the linear
interpolant and passes through the midpoint gaag=s is the line segmerdf the missing interve
that intersectsvith the probe line (blue). The completion contour (in orange) connects the
missing dots.

16



Probe Line

The participant will adjust the position of a dot ovirdual probe line until it appears to
align with the missing contour. The probe line is orthogonal to the linear interpolant and passes

through its midpoint. In homogenous coordinates, it can be represented3ayetttera
OO where® &, ® g and® tw wé,and@H) andl A

are the midpoinbf and normal to the linear interpolant, respectively.

Ground Truth

To obtain the intersection of the probe line with the completion line (Figure 14), |
consider in turn each line segment that has been remGuedider théf) segment with
endpoints) whd andb o o . For example, in Figure 18, 1] represents the'8
segment out of the 12 segments that make up the completion line. THSJinEn be
represented by thev&ctord  @Ffhod such that every pointdfto on the line satisfie® o
w0 o Tmwhere®d © ®,® ® and® ®®O ©w®.The point of intersection

N hih’ of this line with the probe ling is given by the cross produgt & @.

Figure 12. Ground truth calculation. The intersection of the completion contour (orange lit
with the blue probe line is denoted &¥. Black: Linear interpolant. Pink arrow: unit normato
linear interpolant.
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The Euclidean representatigh ¢S h5  of this point of intersection given by
ST ha T . Forn® to be between the endpoints of #ksegmenttwo conditions must be

satisfied.

M« s A ns

@n n n n m

At least one of the deleted segments must satisfy these conditions. If more than one segment

satisfies the conditions, the task is ambiguous, so we discard this construction.

2.1.5 Range of Probe Line

The range of the probe line was calculated by taking the maximum deviation (Euclidean
distance) of the ground truth intersectignof the completion line from the linear interpolant
over all stimuli. This was done separately for each gap level and shape class. | then set the range
of the probe line to be 30% beyond this value. | initialize the probe dot randomly over this range.
Figure 15 displays the range of the probe line.

2.1.6 Procedure

Participants sat with their chin resting on a chin resngure a viewing distance of 60
cm. They were informed about the procedure for the experiment and went through five practice
trials before beginning the experiment. No feedback was given during the practice trials or the
actual experimentand the participants had unlimited time to complete eachAfiak. the
practice trials, participants began the real experiment, which consisted of 100 trials per condition.
There was a total of six conditions (natural/synthetic shapes x 3 levels of occlusion),ge&sultin
600 trials per human participant, taking about one hour to completeorder of conditions was

randomized. Figure 15 displays an example of the stimuli and task.
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Figure 13. Experimental Paradigm. Black dots: visible shape. The participants move the |
probe dot using arrow keys where they think it would lie on the missing contour interval. -
black bar represents the range of the probe dot for this shape.

2.1.7 Error Measurements

Performance was measured by comparing the probe location selected by the participant with the
ground truth location (the intersection of the probe line with the completion contour). Error is
considered to be negative if the probe setting is displaceddmetative to the ground truth and

positive if displaced outwards (see Figure 16).

The results were analyzedinga linear mixed modelherethe predictors (gap level, shape
class and system) were a mix of categorical and continuous variavialsies were adjusted
using the Bonferroni adjustment for multiple comparisons, which controls the overall Type |

error rate.
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Figure 14. Error Calculation. We define thd Hisplacements of the completion estimgtieom
the ground trutm” as GHIN’) t £, wheret is the outward normal to the linear interpolant.

2.2 Model Predictions

The human completion judgements can be compared to model predictions, defined as the
intersection of their completions with the probe line (Figure 14).

2.2.1 Linear Interpolation

Figure I7 shows examples of completions predicted by linear interpolation. Note that errors can
be large.
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Figure 15. Linear completions for (ANatural and (B) Synthetic Shapes. Blue: visible shap
Dashed: occluded contour. Black: Linear completion.

2.2.2 Elastica

The Elastica model has a free paramktgetermining the balance between curvature and
length. To optimize this parameter, we employed as training stimuli 90 natural and 90 synthetic
shapes not used in the experiment, and randomly selected 10 occlusion intervals for each shape
and level of occlsion. We then swept over a rangd afalues to determine tHevalue that
minimized the mean absolute error of the prediction relative to the ground truth for both the
natural shapes (Figule3), as well as the syinetic shapes (Figurk9). Optimal_ values are
shown in Table lwhere_ values increased from 10% to 25% occlusion lex&dsnple shape

reconstructions at optimalvalues are shown in Figugeé.
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U:JSynthetic Shapes
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Tablel. Optimalf on training shapes

Level of )4
Occlusion Natural Shapes Synthetic Shapes
10% 0.45 0.6
25% 2.0 1.0
50% 0.9 1.0

A =045

2% S5 @

Figure 18 Sample Elastica completions with optinfalBlue: visible contour. Dashed orange
occluded contour. Yellow: Elastica completion.

24



2.2.3Shapelet and Formlet Models

| used 64 shapelets and 64 formlets to form completion predictions for Shapelet and Formlet
models (Figure 21 and Figure 2E)gure 46 shows the different iterations of formlets, starting
with the initial elliptical shapes that minimizes thé& error between the target shape and

theellipse

A Nat ur al Visible Shape
Occluded Shape

= ==0Occluded Portio

Visible Portion

NI ~,
B

—
/s
N

N

AN

~
\//
5 %

Figure 19. Sample Shapelet completions. Blue: visible contour. Grargrluded contour. Re
Shapelet completion.
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Figure 20. Sample Formlet completions. Blue: visible contour. Orange: occluded contour.
Magenta: Formlet completion.
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Visible Shape

Natur al - --0ccluded Shape
= ==Occluded Porti:
A Visible Portio

n=1 n=10 n=3 0 n=6 0

Figure 21. Formlet completions. Examples of pursuit on 5086luded shapes. A) Natural
Shape B) Synthetic shape. Formlets (magenta) in increasing iterations from left to right
(n=0,10,30,60).
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CHAPTER 3

Resul t s
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3.1 Mean Signed Error (Bias)

The mean signed errdoi6g of humans and models was evaluated and comparédth
natural and synthetic shap@sgure 2). This analysis identifies whether on average, human and
model judgements tend to be biased inward or outward relative to the actual shape, and by how

much.Figure B compares bias for natural and synthetic shapes within each system (human or

model).
. —8— Humans
a Natural b Synthetic —e— Linear
Elastica
0.6 0.6 —&— Shapelet
» —e— Formlet
0.4 0.4
0.2 0.2 g
8 00 I
) m SR T
-0.2 -0.2y  omssRL e IiTEEea
g L
-0.4 -0.4
—0.6 -0.6 ™
.
N= 12 N= 12
—08 5 25 50 —08 5 25 50

Gap Length (%) Gap Length (%)

Figure 22. Comparison obiasfor humans and model&) Natural shape (b) Synthetic shape
For the human datahaded bars represent standard error calculated over all participants (
For the model results, shading represents standard error over stimuli (N = 100).B@gsse
i n 6dshape uniavesagd-uclidearedistancelof a psint bnithe shape from its
centroid.

A linearmixed effects model was ustmanalyze hoveystem type (Human, Linear, Elastica,
Shapelet or Formletghape class (natural or synthetic shapes) and gap level (10%, 25% or 50%)
influence signed erroAll the analysis was done in RStudio softwarit the following model

with mean signed error as the dependent variable:

w ‘ T T T f dtd T otd T ©Otd

AR AR AR (5)
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a point on the shape from its centrdithading represenstandard error over subjects for human
data and over shapes for all models.
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The predictor variables include , representinghe gaplevel treated as a categorical varialobe,

representing the system tyflduman, Linear, Elastica, Shapelet or Forindetd representing
shape clasgatural, synthetic)We treatedhe gapas categorical as bias appeared to be
nonlinearly related to gag- and3-way interaction termwerealso includedPairwise

comparisons were done, and@ues were adjusted using the Bonferroni adjustment for multiple

comparisons.

The results of the interaction tests are shown in TAbMhereg represents the intercept,

represents the main effect of gap lejelis the main effect of system type dndis the main

effect of shape class. is the interaction between gap level and systemis the interaction

between gap level and shape class, whileis the interaction between system and shape class.

The threeway interaction is represented by

Table2. Main Effects and Interactioraf Linear Regression Model Coefficients for Bias.

Main Effects & Interactions p-level
I :0.021, t(35970)=1.710 0.087
I F(2,35970) =178.431 <0.001
I : F(4, 35970)=961.933 <0.001
I F(1, 35970) = 127.498 <0.001
I F(8,35970=700.015 <0.001
I F(2,35970= 6.692 <0.01
I : F(4,3597( =2.268 0.115
f : F(8,35970=8.118 0.227
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Sign of Bias

The bias for each gap level was tested for statistical significance against zero across both

shape categories and systems, as detailed in 3able

Table3. Bias Significancéor each level of gap qt<0.05.0: No significant biast :
Significantly positive bias, sSignificantly negative bias.

10% 25% 50%

Human 0 0 T
Linear 0 T T
Natural .
atra Elastica 0 T T
Shape
Shapelet + 0 +
Formlet 0 T +
Human 0 il 2l
Linear T T T
Synthetic Elastica T T T
Shape
Shapelet 0 T +
Formlet T T +

Bias is generally nosignificant or negative for small gaps (10%, 25%). For large gaps (50%)

bias is negative for humans and local models but positive for gioddels.

Bias as a Function of Gap

Pairwise comparisons were done to assess how bias changes as gap idifierasee (Table
4). As gap increases from 10% to 25%, bias either decreases or remains (statistically) constant.
But as gap increases further from 25% to 50%, bias decreases for humans and local models but

increases for global models.
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Table4. Bias change withap level §: increases significantly? : decreases significantly* : no
significant differenceSignificance at p<0.05.

10%-25% 25%- 50%

Human Y z
Linear z z
Natural . : 3
Elastica Z Z
Shape )
Shapelet Z y
Formlet Y ¥
Human Y Z
Linear Z Z
heti .
Synthetic Elastica Y Z
Shape i
Shapelet z y
Formlet z ¥

Bias as a Function ddhape Class

The mean bias averaged over gap, is shown in Figugias is, overall negative for humans

and local models, positive for shapelets and-significant for formlets. Rirwise comparisons

were conducted to examine the differences in bias across shape classes for each system, averaged
over gap levels. The results of these comparisons are summarized i, Tiabtleating thator

all systems bias was more positively (or less negative) for natural than synthetic shapes
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System

Figure 24. Meanbiasaveraged over gagrror bars represent standard error across shapes
models, and across participants for human.

Table5. Shapeclassdifferences across systems foas Shape Class separated by one or more
inequality symbols are significantly different at the p< 0.05 level.

System Shape Class Comparison

(+ve bias) > {ve bias) p-value
Human Natural > Synthetic <0.0001
Elastica Natural > Synthetic <0.0001
Linear Natural > Synthetic <0.0001
Shapelet Natural > Synthetic <0.0001
Formlet Natural > Synthetic 0.003
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Difference in Bias between Humans and Models

Figure 26 considered the effect of systétowever, it would be convenient to examine the

effect of shape class. To address this, Figure 27 displays the meavéraged over gap for

natural and synthetic shap@snong the models, shapelets generate the most pronounced

positive bias, whereas the linear model produces the greatest negative bias. The local linear and
elastica models, as well as humans, all demonstrate a tendency towards negative bias. This trend

is consistent across both natural and synthetic shapes.

a Natural b Synthetic -syiltjrr;in
B Linear
0.2 0.2 Elastica
B Shapelet
0.1 0.1 - s Formlet
)] ()
o 0.0 + © 0.0 +
c c
& 0.1 I € -0.1
s = I
-0.2 -0.2
-0.3 -0.3
System System

Figure 25. Mean biador (a) natural and b) synthetic shapes. Error bars represent standar:
over shapes for models, and over participants for the human system.

Analysis of pairwise differences between systems were carried out, and the results are
summarized in Tablé. The shapelet model demonstratesigmificantly higher positive bias

than the formlet model, followed by humans, and then the local models. The linear model
produced the most negative bias, and these trends were consistent across both natural and

synthetic shapes.
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Table6. Differences in bias between humans and mo&sistems separated by one or more
inequality symbols are significantly different at the p< 0.05 level.

System
(-) < > (+)
Natural Linear> Elastica> Human> Formlet> Shapelet
Shapes ) +)
Synthetic Linear >Elastica> Human> Formlet> Shapelet
Shapes ) 9 (

3.2t andard Deviati on

For each participant, the standard deviation of their signed errors across allveaspes
calculatedThen the meaand standard erraf these standard deviations across all participants
(N=12) was computed his provides a complement to the analysis of bias in Section 3.1,
identifying how variable the signed error is across trith® means and standard error of these

standard deviations plotted in Figure &.

Figure B shows that biagicreases with gagcross human@<0.05) as well thestandard
deviation is similar for humans and local models, though a bit higher for the models at 50%
occlusion(p<0.05) The standard deviation is higher for global models as @llilarly, the
standard deviation of signed errors across all shapes was computed for eadh Figded D.
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Figure 26. Comparison of standard deviations of signed error for natural and synthetic sh
(a) Natural shape condition (b) Synthetic shape conditl@an standard deviation was acros

participants for human data.
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Figure 27. Standard deviations of signed error faf Human (b) Linear model (c) Elastica
model (d) Shapelet model and (e) Fornmhetdel.
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33Mean Absolute Error

The mean absolute errMAE) of humans and modeislative totheground truth was
evaluated and compared (Figa@. A linearmixed model was employed é&malyze how
system (human, linear, elastica, shapelet or formlet), shape class (natural shape or synthetic
shape)lnd gap level (10%, 25% and 50%) influence mean absolute error (acclitecype of
systemi and shape clasg were treated as categorical variables, but gap T@mels treated as a
scalar variablesince MAE appeared roughly linear over gdijt.the following model with

mean absolute error as the dependent variable:

Wgg | T O 1T 1T O 1T Otd 1 OO 1 OO

I Ototd T (6)

Thepredictor variables includ® , representinghe gaplevel treated as eontinuousvariable,®

representing the system typedd® representing shape clafsvalueswere adjusted using the

Bonferroni adjustment for multiple comparisons.

—8— Humans

a Natural b Synthetic —e— Linear
0.8 0.8 Elastica
—8— Shapelet
0.7 0.7 ',*‘ —e— Formlet
(- f- > '/—"
©0.6 g 0.6 /’,’:{,/ 4
] wi //;4?:"
205 @05 /’/ g
=) = > =
©0.4 ©0.4 . AP
2 2 S
<03 <03 P
© 8 =
202 202{
0.1 01 ¥
0-0775 %5 50 0-0775 5 50
Gap Length (%) Gap Length (%)

Figure 28. Comparing MAE across humans and modgls Natural shapes (b) Synthetic sha
Mean absolute error i s ex pmeasEsciddan distanae sfla
point on the shape from its centro®hading represenstandard error over subjects for hume
data (N=12) and over shapes for all models
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The results of the interaction tests are shown in TabMherd represents the intercept

represents the main effect of gap lejelis the main effect of system type dndis the main

effect of shape class. is the interaction between gap level and systemis the interaction

between gap level and shape class, whileis the interaction between system and shape class.

The threeway interaction is represented by

Table7. Main Effects and Interactiord Linear Regression Modéloefficients for MAE.

Main Effects & Interactions p-level
I =0.033, t(35980) = 3.380 <0.001
I 1 F(1,35980) = 13149.5 <0.001
I :F(4, 35980)=441.272 <0.001
I 1 F(1,35980) = 22.275 <0.001
I :F(4,35980)=103.435 <0.001
I :F(1, 35980)=91.248 <0.001
I :F(4, 35980) =28.272 <0.001
f : F(4,35980)=1.135 0.227

Statistical Tests
Gap level was treated as a continuous varitbtietermine its effect on MA®&ithin systems

and shape classes. This involved testing the statistical significance of slope and intercepts against
zero(Table8).

40



Table8. Significance ointercepts wherp<0.05. + Error is significantlygreater tha®,
Error is significantly less than @ : Error is not significantly different from.0

Natural

Shape

Synthetic
Shape

Intercept p-value

Human + 0.00L
Linear 0 0.357
Elastica + 0.002
Shapelet + <0.001
Formlet + <0.001
Human + <0.001
Linear T 0.008
Elastica 0 0.218
Shapelet + <0.001
Formlet + <0.001

The results indicate that for all shape classes and systems, the slope is significantly greater than

zero (p<0.05). Synthetic shapes associated with steeper slopes for all systems compared to

natural shapes (Figurd 3Table9).

Table9. Slope contrasts across shape classespe Class separated by one or more inequality
symbols are significantly different at the p< 0.05 level.

System Slope Comparison p-value
(steep slope) > (less stee|

Human Synthetic > Natural 0.0001

Elastica Synthetic > Natural <0.0001

Linear Synthetic > Natural <0.0001

Shapelet Synthetic > Natural 0.0013

Formlet Synthetic > Natural 0.0001
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Figure 29. Mean Absolute Error for (a) Human (b) Linear model (c) Elastica model (d) Sh
mo d e | and (e) Formlet model. Error i s e
distance of a point on the shape from its centi®ithding represents standard error over sul
for human data (N=12) and over shapes for all models.
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Intercepts for natural and synthetic shapes were not significantly different for human and linear

systemsFor all other systems, natural shapes produced significantly greateeptthan

synthetic shapes (Tabl®).

Table10. Intercepts of MAEacross natural and synthetic shaj@mpe Classeparated by one
or more inequality symbols are significantly different at the p< 0.05 I8vfel. nonsignificance.

System Intercept Comparison p-value
(larger error) > (small error)

Human 0 0.4786
Elastica Natural > Synthetic 0.0182
Linear 0 0.7475
Shapelet Natural > Synthetic <0.0001
Formlet Natural > Synthetic <0.0001

Effect of SystenSlopes and Intercepts

Table11l summarises the differences in slope across systmdinear system showdide
steepest increase in MAE with increasing gap relative to all other systems, and humans and
elastica showed the smallest. Humans were not significantly different in steepness of slope with

elastica model for naturahapes buivere significantly different for synthetic shapes.
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Tablell Slopes oMAE acrosssystemsSystems separated by one or more inequality symbols
are significantly different at the p< 0.05 level.

System Slopes

(high +)< > fow
Natural Shapes Linear> Formlet, Shapelet Elastica, Human
(steep slope) (less ste
Synthetic Linear> Shapelet Elastica> Human
Shapes Linear > Formlet > Human

Table12 presents aummary of results from the pairwise comparisoinsitercepts between

systems within each shape class.

Tablel1l2 System intercepts of MAE faratural and synthetic shap&ystems separated by one
or more inequality symbols are significantly different at the p< 0.05 level.

Systenintercepts
(high +) < » (low-)
Natural Shapes Shapelet, Formlet Elastica, Humar Linear
(high erroj (low errop
Synthetic Shape Human,ShapeletFormlet> Elastica, Linear
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34Mean Absol u( MADg¢vbet wee tumaords.l s and

The mean absolute deviationrabdelestimatesrom humanrestimates was evaluated
and comparedrhis was done to evaluatew well each model could serve as a model of human
judgementsas opposed to their accuracy relativéisground truthThe type of systerh and
shape clas§) were treated as categorical variables, while gap 1evels treated as a scalar
variable since MAD was observed to be roughly linear over gépthe following model with

mean absolute deviation as the dependent variable:

w T T Te f otd T dtd T Ot

f Ototd T (7)

P-values were adjusted using the Bonferroni adjustment for multiple compai$ansesults of

the interaction tests are shown in Tali3e

Table13. Main Effects and Interactiorsf Linear Regression Model Coefficients for MAD.

Main Effects & Interactions p-value
I =0.048, t(35980% 5.409 <0.01
I :F(1, 35980) =11914.593 <0.001
I :F(4, 35980)=1417.828 <0.001
I F(1,35980) = 5.255 <0.01
T :F(4, 35980)=443.691 <0.001
I :F(1, 35980)= 150.508 <0.001
T :F(4, 35980) =10.56 <0.001
f : F(4,35980)=39.113 <0.001
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Mean Absolute Deviation as a Function of Gap.

The statistical significanoaf theslopeand intercepts of the Mean Absolute Deviation

(MAD) as a function of gawas analyzedexcept forthe linear system, synthetic shapes

consistently demonstrated a steeper slope than natural shapes across al($gbients

Figure 2).

Table14. Slopeof MAD contrasts across shape clasSégmpe Classeparated by one or more
inequality symbols are significantly different at the p< 0.05 level.

System Slope Comparison p-value
Human Synthetic > Natural 0.0001
Elastica Synthetic > Natural <0.0001
Linear Natural > Synthetic <0.0001
Shapelet Synthetic > Natural 0.0013
Formlet Synthetic > Natural 0.0001

All intercepts are positive or zero with the exception of the intercept for the strajoelelon

synthetic shapedable B), where the large positivairvaturein thedata has driven the

intercept to a negative value
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Table15. Significance of intercepts where p <0.85.Erroris significantlygreater tha®,
Error is significantly less than @ : Error is not significantly different from.0

Intercept  p-value

Human + 0.001
Linear 0 0.357
Natural )
Elastica + 0.002
Shape
Shapelet + <0.0001
Formlet + <0.0001
Human + <0.0001
Linear + 0.008
Synthetic .
Elastica 0 0.218
Shape
Shapelet 3 <0.0001
Formlet + <0.0001

Mean Absolute Deviation as a Function of Shape Class

The slope of MAD as a function of gap was smaller for synthetic shapes than for natural shapes
for humans and all modelsxcept for the linear model for which slope was higher for synthetic
shapes (Table4).

In terms of the interceptBuman and linear deviations from human estimates were found to be

not significantly different across shape cts§or the other three system deviations, natural

shapes produced largeterceptghan synthetic shapésee Table @).
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Tablel6. Intercepts of MAD across natural and synthetic shapleape Class separated by one
or more inequality symbols asggnificantly different at the p< 0.05 level. Ngignificance = 0.

System Intercept Comparison p-values
Human 0 0.389
Elastica Natural > Synthetic 0.002
Linear 0 0.220
Shapelet Natural > Synthetic <0.0001
Formlet Natural > Synthetic <0.0001

MAD as a Function of System
For both natural and synthetic shapes, slopes were highest for shapelets and lowest for humans

(Figure 3, Table T). Of the models, elastica had the smallest slopes for natural shapes and

linear and elastica models had the smallest slopes for synthetic shapes (J.able 1
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Figure 31. Mean absolute deviatioof individual humarparticipants from the mean judgeme
of other participants (Humadu man) toget her with the me.
judgement from mean human judgements.
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Tablel7. Slopes oMAD acrosssystemsSystemsseparated by one or more inequality symbols
are significantly different at the p< 0.05 level.

System Slopes
(high +) < > ow

Natural Shapes Shapelet > Linear, Formlet > Elastica > Human

Synthetic Shapelet > Formlet > Linear, Elastica > Human

Shapes ' il other slope contrasts were nsignificant.

For both natural ansiynthetic shapes, intercepts were largest for the shapelet model and smallest

for humans. Of the models, intercepts were smallest for the elastica (hadie B).

Table18. Intercepts of MADacross natural and synthegicapesSystems separated by one or
more inequality symbols are significantly different at the p< 0.05 level.

System
(high +)< > thow
Natural Shapes Shapelet Formlet, Linear Elastica> Human
Synthetic Shapelet Formlet> Linear> Elastica> Human
Shapes
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350utlier Mo d e | Predictions

To gain further insight into the quantitative results presented above, | checked whether any
particular shapes & completion tasks generated outlier or exttatador either humans or
models. Figure 8displays the signed error acrosstadls for the first condition (Natural Shapes
and 10% Gap levelXhere is one shape (Shape Egjure &) that generates an extreme

negative error for the formlet model.

Natural Shapes: 10% Occlusion

a
. b- 15
o 7 ©
—_ 1 | : l -
o w
o5k 05¢
c c
< © I
= or = 0
S =]
T -05 T-05
-1 -1
-1.5 : : : : : - -1.5 : : : : : ;
-1.5 -1 -0.5 0 0.5 1 1.5 -1.5 -1 -0.5 0 0.5 1 1.5
c Linear Error d Elastica Error
- _ = 157
o 15 o
: 1r @] : 1r o)
w L
0.5f 0.5
c <
© i © L
e O g O
=} =}
T -0.5 T -05
-1 -1
15 . . . . . ' 15 . . . . . '
5 1 05 0 05 1 15 15 -1 05 0 05 1 1.5
Shapelet Error Formlet Error

Figure 32. Scatterplot of signed deviation for all participants and nsdel
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Note that error is also negative and large in magnitude for the shapelet model. These errors are
caused by large amplitude oscillations in the completion contours. These are likely produced by

large amplituddormlets aeployedto fit the legs of the giraffe.
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Figure 33. Outlier formlet prediction foamnatural shape dt0% occlusion
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Figure & displays the signed error for natural shapes, at 25% gap Weebbserved one shape
(Shape 24) for which the Elastica model generated an unusually high positive error. This shape is
shown in Figure 3 We note that the endpoint tangéirections on which the elastica prediction

is based are misleading in this case. None of the models are accurate and human estimates are

broadly dispersed.
Natural Shapes: 25% Occlusion
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Figure 34. Scatterplot of signed deviatioffem ground trutHor all participants and models.
Red Ouitline: outlier in elastica completion and formlet completion
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Figure 35. Outlier elastica prediction fanatural shape &5% occlusion.
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The scatterplatfor natural shapes at 50% gap leiseshown in Figure & The shapelet
and formlet models generate negative errors for Shade &g&ure 3, the majority of human
participants experience a figugeound reversal. Interestingly, this experience is shared by the
global models, whereas by paying attention to only local cues at the endpoints, the local models

do much better.

Natural Shapes: 50% Occlusion

a3 b03.
5 2f 52
Cl- :l.
S AL © Al
g0 g 0
=2 S
i Tl
2F -2f
-3 -3
-3 -2 1 0 1 2 3 30 2 4 0 1 2 3
Linear Error Elastica Error
C o
03 03_
S =3 h2.
|.u2 w
1t 1t ae
c c @
c Al © Al C
g 0 g0
S i S L
I_l I'l
2t -27
-3 -3
-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3
Shapelet Error Formlet Error

Figure 36. Scatterplas of signed deviationBr natural shapes at 50% occlusion

55



Elastica

Shapelet

Formlet

Linear

Visible Contour

Occluded Contour

® Intersection Point of Model
Participants

Midpoint

% Ground Truth

Figure 37. Outlier shapelet and formlet predictions &amatural shapat50% occlusion
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Figure40represents the signed error across all trials for synthetic shapes at the 10% gap level.

No clearoutliersare apparent.

Synthetic Shapes: 10% Occlusion

a g, b1
o o
W 05¢f W 05f
c c
© I © L
g O g o
] jn}
T T
-0.5 057
-1 L ! ! | 1 . . . )
-1 0.5 0 0.5 1 -1 0.5 0 0.5 1
c Linear Error d Elastica Error
o Loy - 157
o o
_1f o1t
w w
051 0.5
< [
© I © I
g O g O
=} jn}
T-05 T-0.5
-1 -1
-1.5 * ' * * : -1.5 * * * * * !
-15 -1 -05 0 0.5 1 15 -15 -1  -05 0 0.5 1 1.5
Shapelet Error Formlet Error

Figure 38. Scatterplot of signed deviatiofw synthetic shapes at 10% occlusion
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Figure41 represents the signed error across all trials for synthetic shapes at the 25% gap level.
One notable extreme case is shape 83, where the shapelet confastiany large negative

error, while humans are much less bia@&dure42).

Synthetic Shapes: 25% Occlusion
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Figure 39. Scatterplot of signed deviations fynthetic shapes at 25% occlusion
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Figure 40. Outlier shapelet prediction for a synthetic shape at 25% occlusion.
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Figure 8 shows the signed error for synthetic shapes at 50% gap Téneeshapelet model
generated an unusually large negative emogreas humans were more spread out in their
estimation (Figure4), some generating large negative errors while others making predictions
that were fairly accurate. In this catigg endpoint tangents are quite predictive, and so the

elastica model performs quite well.

Figure 41. Scatterplot of signed deviatiofw synthetic shapes at 5086clusion Red outline:
Shapelet and formlet completions, corresponding to shape 42.
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