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Abstract 29 

For visually guided navigation, the use of environmental cues is essential. Particularly, detecting 30 

local boundaries that impose limits to locomotion and estimating their location is crucial. In a 31 

series of three fMRI experiments, we investigated whether there is a neural coding of 32 

navigational distance in the human visual cortex (both female and male). We used a Virtual 33 

Reality software to systematically manipulate the distance from a viewer perspective to different 34 

types of a boundary. Using a multivoxel pattern classification employing a linear support vector 35 

machine, we found that the occipital place area (OPA) is sensitive to the navigational distance 36 

restricted by the transparent glass wall. Further, the OPA was sensitive to a non-crossable 37 

boundary only, suggesting an importance of the functional constraint of a boundary. Taken 38 

together, we propose the OPA as a perceptual source of external environmental features relevant 39 

for navigation.  40 

 41 
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 50 

Significance Statement 51 

One of major goals in cognitive neuroscience has been to understand the nature of visual scene 52 

representation in human ventral visual cortex. An aspect of scene perception that has been 53 

overlooked despite its ecological importance is the analysis of space for navigation. One of 54 

critical computation necessary for navigation is coding of distance to environmental boundaries 55 

that impose limit on navigator’s movements. This paper reports the first empirical evidence for 56 

coding of navigational distance in the human visual cortex and its striking sensitivity to 57 

functional constraint of environmental boundaries. Such finding links the paper to previous 58 

neurological and behavioral works that emphasized the distance to boundaries as a crucial 59 

geometric property for reorientation behavior of children and other animal species. 60 

 61 

 62 
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 73 

Introduction  74 

The use of visual information plays a critical role for spatial navigation. For example, 75 

when a navigator is in an unfamiliar environment without an internal map of the space, the 76 

navigator has to rely on external visual cues to establish the sense of direction and guide his/her 77 

movements. How does the human visual system extract and encode navigationally relevant 78 

visual cues from a scene environment?  79 

A coherent set of recent evidence suggests that a scene-selective region in the human 80 

brain, the occipital place area (OPA; Dilks et al., 2013; Grill-Spector, 2003), is crucially engaged 81 

in processing navigation-related information of immediate environments. For example, the OPA 82 

showed sensitivity to a mirror-reversal of scenes (Dilks et al., 2011), which didn’t change a 83 

category or an identity of the scene but changed the significance for navigation as the mirror-84 

reversal flips the path’s orientation. Systematic investigation using multi-voxel-pattern-analysis 85 

showed that the OPA coded for the direction of navigable path, which was determined by the 86 

position of the doors or spatial arrangements of boundaries (“path affordance”, Bonner & Epstein, 87 

2017). The OPA also showed sensitivity to changes in the viewer’s distance to scenes 88 

(Persichetti and Dilks, 2016), and a voxel-wise encoding model of 3D scene-structure (e.g., 89 

distance and orientations of surfaces) explained the most variance of the OPA activation 90 

(Lescroart & Gallant, 2019). Henriksson, Mur, and Kriegeskorte (2019) further showed that 91 

multivoxel patterns of OPA represented the spatial layout of scenes invariant to changes in 92 

textures while the parahippocampal place area (PPA, Epstein & Kanwisher, 1998) represented 93 

texture more specifically than the layout, suggesting the OPA’s distinctive role in representing 94 
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the local environmental geometry. Altogether, there is converging evidence suggesting that OPA 95 

is crucial in representing three-dimensional boundary structures in visual scenes.  96 

However, there are remaining questions about the role of OPA in representing 97 

navigational information of visual boundaries. What boundary structure matters for a navigator, 98 

and does the OPA represent navigational cues that are functionally important? The OPA may be 99 

sensitive to the perceptual aspect of boundaries (e.g., walls with vertical structure that is visually 100 

distinctive from horizontal surface) or to the functional aspect of boundaries such as limits 101 

imposed on navigator’s movements (e.g., walls blocking the path). Earlier researchers have 102 

proposed that boundaries might be defined in terms of their functional affordance (Kosslyn, Pick, 103 

& Fariello, 1974; Muller & Kubie, 1987). For example, any environmental structure providing a 104 

functional constraint can be considered as a boundary, beyond visible tall walls. If so, it makes 105 

ecological sense that the visual system that represents boundary and distance developed 106 

sensitivity to represent not only the presence of a functional boundary but also how far the 107 

functional boundary is from an observer (which hereinafter referred to as the navigational 108 

distance). The functional constraint in an environment can come from multiple objects (proximal 109 

or distal), at gradient and subjective levels based on an observer’s physical abilities. For the 110 

purpose of this paper, we focus on one type of a functional boundary that has a significant impact 111 

on the navigational path and affordance in space, such as those that block an observer’s 112 

movement to move forward in an environment.  113 

Despite its importance, the neural correlate of navigational distance has not been 114 

explicitly tested. Imagine an environment where there is a glass wall in front of you that you can 115 

see through but cannot cross over. Will the OPA be sensitive to the navigational distance to the 116 

glass wall beyond the visible distance to the back wall? Here, we directly test this ecologically 117 
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important question—whether and how the OPA represents the navigational distance in scenes. 118 

We hypothesized that if the OPA encodes the functional aspect of boundaries, it will be sensitive 119 

to the presence of structures blocking the movements (“navigational boundary”) and will 120 

represent the distance to such navigational boundaries (“navigational distance”). We 121 

systematically manipulated the navigational distance by artificially generating scenes with 122 

transparent glass walls as navigational boundaries.  123 

 124 

 125 

Materials and Methods 126 

PARTICIPANTS 127 

Experiment 1 128 

Eighteen participants (6 male and 12 female; 1 left-handed; ages 19–31) were recruited 129 

from the Johns Hopkins University (JHU) community with financial compensation. Three 130 

participants were excluded from the analysis. One participant was excluded because his regions 131 

of interest (ROIs) were not localized. The other two participants were excluded due to excessive 132 

movements. All had normal or corrected-to-normal vision. Written informed consent was 133 

obtained, and the study protocol was approved by the Institutional Review Board of the JHU 134 

School of Medicine.  135 

 136 

Experiment 2 137 

Fifteen participants (6 male and 9 female; 2 left-handed; ages 18–26) were recruited from 138 

the JHU community with financial compensation. All had normal or corrected-to-normal vision. 139 
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Written informed consent was obtained, and the study protocol was approved by the Institutional 140 

Review Board of the JHU School of Medicine. 141 

 142 

 143 

Experiment 3 144 

Fourteen participants (6 male and 8 female; 3 left-handed; ages 18–29) were recruited 145 

from the JHU community for financial compensation. All had normal or corrected-to-normal 146 

vision. Written informed consent was obtained, and the study protocol was approved by the 147 

Institutional Review Board of the JHU School of Medicine. 148 

 149 

EXPERIMENTAL DESIGN 150 

Stimuli 151 

For all three experiments, artificially rendered indoor environments were used as the 152 

stimuli. The environments were constructed using a virtual-reality software (Unreal Engine 4 153 

[UE4]; Epic Games). Captured images from each environment were used as stimuli. The stimuli 154 

were presented in 600 x 465 pixel resolution (13.8° x 10.7° visual angle) in the scanner with an 155 

Epson PowerLite 7350 projector (type: XGA, brightness: 1,600 ANSI lumens).  156 

Each environment was identical in spatial layout but different in terms of surface texture 157 

on the floor and walls. For each environment, a unique set of two textures (floor and wall 158 

textures) were used. The texture on the ceiling was identical across all environments. In 159 

Experiment 1, 24 unique environments (see http://web.yonsei.ac.kr/parklab/IMAGE_SETS.html) 160 

were created separately for each distance level (i.e., Near, Middle, and Far). Critically, we 161 

manipulated the navigational boundary (e.g., glass wall) within each environment by adding or 162 
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removing the glass wall from same sets of environments. Thus, any texture difference across 163 

distance levels remained the same for the No-Glass-Wall and the Glass-Wall condition. In 164 

Experiment 2 and 3, we generated 36 unique environments 165 

(http://web.yonsei.ac.kr/parklab/IMAGE_SETS.html) and used the same set of environments to 166 

create the stimuli for all distance levels.  167 

 168 

Stimuli Validation with Behavioral Ratings 169 

To validate the distance perception of our stimuli, Johns Hopkins University 170 

undergraduate students who did not participate the fMRI experiment were separately recruited 171 

and compensated with course credits.  172 

In Experiment 1, the stimuli were presented one at a time in a random order, and 173 

participants were asked, “How far would you be able to walk forward?” Participants estimated 174 

the perceived navigational distance (in feet or meters) and typed their answers using a keyboard. 175 

When there was no glass wall (No-Glass-Wall), the perceived navigational distance was 176 

significantly different across Near, Middle, and Far (one-way repeated measures ANOVA: F(2, 177 

10) = 23.4, p < 0.01). A paired t-test revealed that there is a step-wise increment between 178 

distance levels (Near vs. Middle: t(10) = -5.08, p < 0.01, Middle vs. Far: t(10) = 4.29, p < 0.01). 179 

In contrast, when there was a glass wall at the same location (Glass-Wall), the perceived 180 

navigational distance was about the same across Near, Middle, and Far (one-way repeated 181 

measures ANOVA: F(2, 10) = 1.1, p = 0.35). The results suggest that the perceived navigational 182 

distance was substantially changed by the presence of a transparent glass wall.  183 

In Experiment 2 and 3, there were two questions asked. The first question was “Would 184 

you be able to reach the back wall of the room?”, and participants were asked to respond by 185 
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pressing either “Yes” or “No” button. The purpose of this question was to test whether the 186 

boundary was perceived as non-crossable. As predicted, almost all participants (15/16 in Exp2, 187 

17/18 in Exp3) chose to answer “No (cannot reach the back wall)” for the glass wall. On the 188 

other hand, 17 out of 18 participants in Experiment 3 answered “Yes (can reach the back wall)” 189 

for the Curtain condition, confirming that the curtain is perceived as an environmental feature 190 

that is easily crossable, whereas the glass wall is perceived as a non-crossable boundary.  191 

The second question was “How far would you be able to walk forward?”. In Experiment 192 

2, the perceived navigational distance was about the same across Near, Middle, and Far (one-193 

way repeated measures ANOVA: F(2, 14) = 0.91, p = 0.42) when the glass wall was located at 194 

the same position (Constant-Glass-Wall). On the contrary, when the location of glass wall was 195 

varied while the visible distance was kept the same (Varying-Glass-Wall), the perceived 196 

navigational distance was significantly different across Near-Navig, Middle-Navig, and Far-197 

Navig (one-way repeated measures ANOVA: F(2, 14) = 100.34, p < 0.01). Further, a paired t-198 

test revealed a step-wise increment of the perceived navigational distance between Near-Navig 199 

vs. Middle-Navig (t(14) = -10.92, p < 0.01), and Middle-Navig vs. Far-Navig (t(14) = -6.54, p < 200 

0.01). The results indicate that the perceived navigational distance is effectively manipulated by 201 

the location of the navigational boundary. In Experiment 3, the estimated navigational distance 202 

of Glass-Wall and No-Glass-Wall replicated findings from the previous experiments (Glass-203 

Wall, F(2, 17) = 2.25, p = 0.12; No-Glass-Wall, F(2, 17) = 10.79, p < 0.01). Most importantly, 204 

the Curtain condition showed a significant difference of the perceived navigational distance 205 

across Near, Middle, and Far (one-way repeated measures ANOVA: F(2, 17) = 11.01, p < 0.01), 206 

suggesting that the curtain did not limit the navigational distance as the glass wall did. 207 

 208 



 

 9 

fMRI Main Experimental Runs  209 

Experiment 1 consisted of 18 runs [each 4.17 min, 125 repetition time (TR)]. Twelve 210 

images from one of the six conditions were presented in blocks of 12 seconds each, and a 211 

fixation period (8 sec) always followed the condition block. Two blocks per condition were 212 

acquired within a run. Block order was pseudo-randomized with the following constraint. We 213 

first determined the block order by randomizing conditions within a mini epoch, which was a set 214 

of all condition blocks. For example, in Experiment 1, there were 6 conditions and each 215 

condition block were repeated twice. The presentation order of each run was determined by 216 

randomizing 6 conditions within an epoch twice independently and concatenating them. In 217 

concatenating, we put a constraint so that there is no repetition of the same condition appearing 218 

in two successive blocks. Within a condition block, each image was presented for 600 ms, 219 

followed by a 400 ms blank screen. The stimuli presentation and the experiment program were 220 

produced and controlled by MATLAB and Psychophysics Toolbox (Brainard, 1997; Pelli, 1997). 221 

Participants performed a one-back repetition detection task in which they pressed a button 222 

whenever there was a repetition of an image, while paying attention to how far they can walk 223 

forward if they were inside the presented environment. The specific instruction given to 224 

participants was “Imagine that you are in the room and think about how far you would be able to 225 

walk forward. While doing that, if the same image repeats in a row, press a button.” 226 

Experiment 2 consisted of eight runs [each 6.83 min, 205 repetition time (TR)]. Twelve 227 

images from one of the five conditions were presented in blocks of 12 seconds each, and a 228 

fixation period (8 sec) followed each block. Four blocks per condition were acquired within a 229 

run. The order of blocks was randomly decided for each run following the same procedure and 230 

constraint as in Experiment 1. Each image was presented for 600 ms, followed by a 400 ms 231 
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blank screen. The stimuli presentation and the experiment program were produced and controlled 232 

by MATLAB and Psychophysics Toolbox (Brainard, 1997; Pelli, 1997). Participants performed 233 

a one-back repetition detection task, in which they pressed a button whenever there was a 234 

repetition of an image. Participants were encouraged to immerse themselves in each environment 235 

while looking at the stimuli, but unlike in Experiment 1, they were not explicitly asked to 236 

perform any navigation-related tasks (e.g., imagining walking or estimating the distance). The 237 

specific instruction given to participants was “Pay attention to each image and try to imagine that 238 

you are in that room. While doing that, if the same image repeats in a row, press a button”. 239 

Experiment 3 consisted of 10 runs [each 6.17 min, 185 repetition time (TR)]. Twelve 240 

images from one of the nine conditions were presented in blocks of 12 seconds followed by a 241 

fixation period (8 sec). Two blocks per condition were acquired within a run. The order of blocks 242 

was randomly decided for each run, following the same procedure and constraint as the previous 243 

two experiments. Each image was presented for 600 ms, followed by a 400 ms blank screen. The 244 

stimuli presentation and the experiment program were produced and controlled by MATLAB 245 

and Psychophysics Toolbox (Brainard, 1997; Pelli, 1997). Participants performed a one-back 246 

repetition detection task, in which they pressed a button whenever there was a repetition of an 247 

image. There was no explicit task about navigation or distance estimation, but participants were 248 

encouraged to imagine they were inside each environment. The specific instruction given to 249 

participants was “Pay attention to each image and try to imagine that you are in that room. While 250 

doing that, if the same image repeats in a row, press a button.” 251 

 252 

Localizer Runs 253 
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For each of three experiments, two functional localizer runs were performed independent 254 

of the main experimental runs. In a localizer run, participants saw blocks of faces, scenes, 255 

objects, and scrambled object images. A localizer run consisted of four blocks per each of these 256 

four image conditions, and 20 images were presented in each block (7.1 min, 213 TR). In each 257 

trial, a stimulus was presented for 600 ms, followed by 200 ms blank. Participants performed 258 

one-back repetition detection task. 259 

 260 

fMRI data Acquisition  261 

 The fMRI data were acquired with a 3-T Philips fMRI scanner with a 32-channel phased-262 

array head coil at the F. M. Kirby Research Center for Functional Brain Imaging at JHU. 263 

Structural T1-weighted images were acquired by magnetization-prepared rapid-acquisition 264 

gradient echo (MPRAGE) with 1 x 1 x 1 mm voxels. Functional images were acquired with a 265 

gradient echo-planar T2* sequence [2.5 x 2.5 x 2.5 mm voxels; TR 2 s; TE 30 ms; flip angle = 266 

70°; 36 axial 2.5-mm sliced (0.5-mm gap); acquired parallel to the anterior commissure-posterior 267 

commissure (ACPC) line]. All three experiments followed the same scanning protocol.  268 

 269 

STATISTICAL ANALYSES 270 

Preprocessing  271 

 The fMRI data were analyzed with Brain Voyager QX software (Brain Innovation, 272 

Maastricht, The Netherlands). Preprocessing included slice scan-time correction, linear trend 273 

removal, and 3-D motion correction. No spatial or temporal smoothing was performed, and the 274 

data were analyzed in individual ACPC space. The same preprocessing pipeline was used for all 275 

three experiments.  276 
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 277 

Regions of Interest (ROIs)   278 

We defined three scene-selective areas (OPA, PPA, and RSC) to examine their 279 

independent roles in processing navigational distance in scenes. Recent fMRI literature suggests 280 

distinctive yet complementary roles of these scene-selective regions. The parahippocampal place 281 

area (PPA) respond to various aspects of scenes, such as spatial geometry (Epstein & Kanwisher, 282 

1998; Henderson, Zhu, & Larson, 2011; Park, Brady, Greene, and Oliva, 2011; Kravitz, Peng, 283 

and Baker, 2011), semantic categories (Walther, Caddigan, Fei-Fei, & Beck, 2009; Walther, 284 

Chai, Caddigan, Beck, & Fei-Fei, 2011), large objects (Konkle & Oliva, 2012; Konkle & 285 

Caramazza, 2013), and textures (Cant & Xu, 2012, 2014; Park & Park, 2017). In comparison to 286 

the PPA, retrosplenial complex (RSC) responds sensitively to the familiarity of scenes (Epstein, 287 

Higgins, Jablonski, & Feiler, 2007; Sugiura, Shah, Zilles, & Fink, 2005), the survey knowledge 288 

about environments (Wolbers & Büchel, 2005), and the heading direction (Marchette et al., 2014; 289 

Aguirre & D’Esposito, 1999; Silson et al., 2019). The OPA, our target region of interest, 290 

represents distance and boundary information from a navigationally relevant scene (Henriksson, 291 

Mur, and Kriegeskorte (2019, Bonner & Epstein, 2017, Persichetti and Dilks, 2016). Thus, we 292 

examined three scene-selective regions to examine unique and distinctive roles of these regions 293 

in representing navigational distance in scenes. 294 

 The ROIs were defined by following the same procedures across all three experiments, 295 

with two independent functional localizers for each experiment. The process of ROI localization 296 

was done in two steps. First, we individually identified ROIs using condition contrasts (Scenes – 297 

Faces; Epstein & Kanwisher, 1998) implemented in a general linear model. The single 298 

contiguous cluster of voxels that passed the threshold (p < 0.0001) was used. The OPA was 299 



 

 13 

defined by locating the cluster near transverse occipital sulcus. The PPA was defined by locating 300 

the cluster between posterior parahippocampal gyrus and lingual gyrus. The RSC was defined by 301 

locating the cluster near the posterior cingulate cortex.  302 

 Second, we redefined each ROI in each individual participant by intersecting the group-303 

based anatomical constraint derived from a large number (N = 70) of localizer subject database 304 

(Bainbridge et al., 2017). The database contained individually defined ROIs using the same 305 

contrast and threshold as the current study. The group-based constraint was initially generated in 306 

Talairach space and then transformed to each individual’s ACPC space. This second step ensured 307 

all ROIs have consistent anatomical locations across all participants. These ROIs were first 308 

identified separately for the left and right hemispheres and were tested whether there is a 309 

hemispheric difference. Specifically, we ran a two-way ANOVA with Condition and 310 

Hemisphere as factors and examined whether there is a significant interaction effect. The results 311 

suggested no hemispheric difference in any of ROIs across all experiments– Experiment 1 (OPA: 312 

F(1,52) = 0.11, p = 0.74; PPA: F(1,56) = 2.44, p = 0.12; RSC: F(1,44) = 0.8, p = 0.38), 313 

Experiment 2 (OPA: F(1,56) = 0.86, p = 0.36; PPA: F(1,56) = 0.67, p = 0.42; RSC: F(1,48) = 314 

0.59, p = 0.45), Experiment 3 (OPA: F(2,78) = 0.1, p = 0.9; PPA: F(2,78) = 0.34, p = 0.72; RSC: 315 

F(2,78) = 0.71, p = 0.5). Thus, we merged the left and right ROIs together and defined as 316 

bilateral ROIs. 317 

In addition, the early visual cortex (EVC) was defined based on the same database (N = 318 

70; Bainbridge et al., 2017) used to generate the group-based anatomical constraint. The EVC in 319 

the database were anatomically defined for each subject in a standardized space (Talairach). 320 

Using these individual EVCs, we created a probabilistic map. This map was then thresholded at 321 

60%, and the remaining voxels after thresholding were defined as the group-EVC. To define the 322 
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EVC of current study participants, the group-EVC was transformed into each individual’s ACPC 323 

space. Lastly, an experimenter visually inspected the ACPC-transformed EVC of each 324 

participant.  325 

 326 

 327 

Multivariate analysis – pattern classification 328 

 For MVPA, patterns of activity were extracted across the voxels of an ROI for each block 329 

of the six conditions. The MRI signal intensity from each voxel within an ROI was transformed 330 

into z-scores across time points for each run. The activity level of each individual voxel for each 331 

block was labeled with its respective condition. Four seconds (2 TR) of offset was added to 12 332 

seconds (6 TR) condition length to account for the hemodynamic delay of the blood oxygen level 333 

dependent (BOLD) response. The obtained values for each time points were averaged to generate 334 

a pattern across voxels within an ROI for each condition.  335 

 Using the extracted multivoxel patterns from each ROI, a linear support vector machine 336 

(SVM) (using LIBSVM, http://sourceforge.net/projects/svm) classifier was trained to test 337 

whether the trained algorithm can assign the correct condition label to the activation patterns. For 338 

each participant, the classification was performed separately for the Glass-Wall and No-Glass-339 

Wall conditions. For both conditions, the SVM classifier was trained to classify across three 340 

visible distance levels (Near, Middle, and Far). A leave-one-out cross validation method was 341 

used. First, one of the blocks was left out of the training sample. Then, the classifier was tested to 342 

see whether it could provide the correct label for the block that it was not trained on. These steps 343 

were repeated such that each block of the dataset played a role in training and testing. Because 344 

there were three possible labels (Near, Middle, or Far), the chance level for the classification was 345 
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one-third. The average classification accuracy of all tested blocks was used as a dependent 346 

measure for each participant. The same analysis steps were performed for the pattern 347 

classification in all three experiments.  348 

 For comparing the SVM classification performance across ROIs, we used a linear mixed-349 

effects model to take into account unequal number of subjects between the ROIs and the 350 

variance across subjects. Specifically, we modeled the classification accuracy using the code 351 

package implemented in R (lme4, Bates et al., 2015), where the fixed effects were ROI, 352 

Condition, and ROI x Condition (interaction) and the random intercepts for Subjects were 353 

included. To estimate the p-value for the model fit, we used the code package lmerTest, which 354 

uses Satterthwaite approximation (Kuznetsova et al., 2017, Satterthwaite, 1941). 355 

 356 

 357 

Results 358 

Coding of navigational distance limited by a boundary  359 

In Experiment 1, we straightforwardly tested whether the OPA codes for the navigational 360 

distance in a visual scene. For realistic yet controlled visual stimuli, we generated artificial 361 

indoor environments using a virtual-reality software (Unreal Engine 4; Epic Games). All 362 

environments had a flat and straight floor, which provided a clear path from the standpoint, and 363 

they were rendered to have the same width and height except for the distance to a back wall of an 364 

environment. Critically, to change navigational distance while minimizing the perceptual 365 

difference, a transparent glass wall was used as a boundary that limits one’s movement in a local 366 

environment. For example, if there is a glass wall between the viewer and the back wall, the 367 

viewer would be able to walk only up to the glass wall, even though the back wall would be still 368 
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visible. The glass wall minimizes perceptual change or visibility of space beyond the glass wall 369 

while creating significant difference to one’s movement in an environment. 370 

There were six stimuli conditions varied by two factors. A factor visible distance had 371 

three levels (Near, Middle, Far), which was defined as the distance from the standpoint to the 372 

back wall that was always visible. Another factor navigational boundary had two levels (Glass-373 

Wall, No-Glass-Wall). When there was no glass wall, the navigational distance was determined 374 

by the location of the back wall, because the viewer would be able to walk up to the back wall of 375 

the environment (No-Glass-Wall conditions; Figure 1, top panel). On the other hand, when there 376 

was a glass wall, the navigational distance was determined by location of the glass wall rather 377 

than the back wall, because the viewer would not be able to walk past the glass wall. Critically, 378 

we kept the location of the glass wall as the same across Near, Middle, and Far, which made the 379 

navigational distance identical regardless of the visible distance levels (Glass-Wall conditions; 380 

Figure 1 bottom panel). 381 

In Experiment 1, eighteen participants (twelve female) viewed blocks of images from 382 

each of six conditions while being scanned in a 3T Philips fMRI scanner. Participants performed 383 

a one-back repetition detection task in which they pressed a button whenever there was a 384 

repetition of an image, while paying attention to how far they can walk forward if they were 385 

inside the presented environment. Each ROI (PPA, RSC, & OPA) was functionally defined using 386 

independent localizers (scene – face, p < 0.0001, uncorrected, then thresholded using a group 387 

mask) (see Materials and Methods for more detail). A linear support vector machine (SVM) 388 

classifier was trained with multi-voxel patterns of activation from each ROIs to test whether the 389 

multi-voxel pattern can correctly classify between the conditions. For each participant, the 390 

classification was performed separately for the Glass-Wall and No-Glass-Wall conditions. For 391 
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both conditions, the SVM classifier was trained to classify across three visible distance levels 392 

(Near, Middle, and Far). A leave-one-out cross validation method was used (see Materials and 393 

Methods for more detail). Using this method, we make a pair of clear hypotheses about the 394 

classifier: if a brain region represents the navigational distance, multi-voxel patterns from such 395 

region will be distinguishable if the navigational distance differ. At the same time, if a brain 396 

region represents the navigational distance, multi-voxel patterns from such region will not be 397 

distinguishable if the navigational distance is equal. Note that our rationale about navigational 398 

distance is supported by fulfilling a combination of these two complementing hypotheses. 399 

The accuracy of three-way SVM classification across visible distance levels (Near, 400 

Middle, Far) was significantly above chance in the No-Glass-Wall condition (mean: 39.50%, 401 

t(13) = 3.45, p < 0.01) but not in the Glass-Wall condition in the OPA (mean: 34.9%, t(13) = 402 

0.75, p = 0.47) (Figure 2). In other words, the neural patterns from the OPA were distinguishable 403 

for three different navigational distances in No-Glass-Wall condition, but indistinguishable when 404 

a transparent glass wall was added to the environment to limit the navigational distance in the 405 

Glass-Wall condition. A paired t-test between No-Glass-Wall and Glass-Wall conditions was 406 

also significant (t(13) = -2.24, p < 0.05), suggesting that the neural pattern of the OPA is 407 

modulated by the navigational distance present in scenes. Further, an analysis of the confusion 408 

matrix suggested that the above-chance classification accuracy in the OPA was not driven by a 409 

single distance level. 410 

The evidence for the coding of navigational distance was specifically found in the OPA 411 

amongst scene-selective regions. Neither the PPA nor RSC showed above-chance classification 412 

for navigational distance present in any conditions and showed no difference across No-Glass-413 

Wall and Glass-Wall conditions– PPA (No-Glass-Wall: mean 35.62%, t(14) = 1.31, p = 0.21; 414 
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Glass-Wall: 35.17%, t(14) = 1.39, p = 0.19; no difference between conditions, t(14) = -0.17, p = 415 

0.87), and RSC (No-Glass-Wall : 34.55%, t(11) = 0.53, p = 0.61; Glass-Wall: 33.52%, t(11) = 416 

0.1, p = 0.92; no difference between conditions, t(11) = -0.39, p = 0.71). These results suggest 417 

that the OPA is specifically involved in the coding of navigational distance, let alone the 418 

sensitivity to the presence of navigational boundary (i.e., glass wall).  419 

To test whether the OPA’s results are driven by the low-level visual features, we also 420 

examined the early visual cortex (EVC) (see Materials and Methods for the localization process). 421 

Similar to the OPA, the EVC showed above-chance classification accuracy in the No-Glass-Wall 422 

condition (mean: 53.69%, t(14) = 6.7, p < 0.01); but, different from the OPA, it showed above-423 

chance accuracy in the Glass-Wall condition, where the navigational distance was kept the same 424 

(mean: 48.09%, t(14) = 4.75, p < 0.01). This result suggests that the EVC pattern is unlikely to 425 

reflect the coding of navigational distance, but a low-level visual difference across conditions. 426 

However, we conserve our conclusion about whether the OPA’s representation is unique from 427 

that of the EVC in Experiment 1, based on a following statistical test. We modeled the SVM 428 

classification accuracy with a linear mixed-effects model (lme4, Bates et al., 2015), where ROI, 429 

Condition, and ROI x Condition (interaction) were specified as fixed effects, and the random 430 

intercepts for Subjects were included. However, we could not find the significant ROI x 431 

Condition interaction (F(1,40.32)=0.049, p=0.83) in Experiment 1.  432 

The only visual difference between the No-Glass-Wall and the Glass-Wall conditions 433 

was the presence of a transparent glass wall. Despite this subtle visual difference, the neural 434 

pattern of the OPA was significantly modulated by presence of the glass wall. When the glass 435 

wall was added in a scene, the OPA patterns were no longer distinguishable across conditions. 436 

However, it remains as a question what was driving the non-significant classification result from 437 
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the Glass-Wall. There are at least two possible underlying reasons. One possibility is that the 438 

OPA is sensitive to the presence of the navigational boundary (i.e., the presence of a glass wall) 439 

but not the distance to it. In this case, the OPA detects the glass wall but does so without coding 440 

its specific location in a scene and will show non-significant classification for the three scenes 441 

with the glass wall because they all contain a glass wall. If this is the case, the OPA should not 442 

care whether the location of glass wall is the same or different across scenes. Another possibility 443 

is that the OPA actually codes for the navigational distance to the glass wall, and the non-444 

significant classification found in the Glass-Wall condition reflects the equal navigational 445 

distance that scenes in Glass-Wall conditions have in Experiment 1. If this is the case, the OPA 446 

should differentiate the three scenes with the glass wall if the location of glass wall changes 447 

across scenes. We directly parse out these two possibilities in Experiment 2 by changing the 448 

glass wall position in scenes.  449 

 450 

 Sensitivity to different amount of navigational distance to boundaries within a scene 451 

Experiment 2 tested whether the OPA is sensitive to different amount of navigational 452 

distance to the boundary (e.g., glass wall). If the OPA truly codes for the navigational distance, 453 

then multivoxel patterns from the OPA should be sensitive to a navigational distance change 454 

induced by different locations of the boundary. To test this in Experiment 2, the navigational 455 

distance was manipulated by changing the glass wall position only, while keeping the same 456 

visible distance (Varying-Glass-Wall conditions; Figure 3, bottom row). As a contrast, the equal 457 

navigational distance was maintained by keeping the same glass wall position, while varying the 458 

visible distance (Constant-Glass-Wall conditions; Figure 3, top row), which is the same 459 

condition from Experiment 1 Glass-Wall condition.  460 
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Fifteen new participants (nine female) viewed blocks of images from each condition in a 461 

3T Philips fMRI scanner. In Experiment 2, participants were instructed to simply detect a 462 

repeated image while passively viewing scenes (i.e., one-back task), contrasting with how 463 

Experiment 1 asked participants to pay attention to how far they can walk forward if they were 464 

inside the presented environment. As preview, consistent results were found across Experiments 465 

1 and 2 regardless of the difference in instructions, suggesting that the coding of navigational 466 

distance is not critically affected by specific tasks, which is in line with previously suggested 467 

automatic and rapid coding of navigational affordance in the OPA (Bonner and Epstein, 2017, 468 

Henriksson, Mur, & Kriegeskorte, 2019).  469 

For the Varying-Glass-Wall condition, the SVM classification was performed across 470 

Near-Navig, Middle-Navig, and Far-Navig, which differ only in terms of navigational distance. 471 

For the Constant-Glass-Wall condition, the classification was performed across Near, Middle, 472 

and Far, which differ only in terms of visible distance. The three-way SVM classification 473 

demonstrated that the OPA could successfully classify scenes when there was a difference in the 474 

navigational distance (Varying-Glass-Wall condition), but not when there was a difference in the 475 

visible distance only and not in navigational distance (Constant-Glass-Wall condition). The 476 

OPA’s classification accuracy was at chance in the Constant-Glass-Wall condition (mean: 477 

33.19%, t(14) = -0.08, p = 0.94), replicating Experiment 1. Importantly, the classification 478 

accuracy in the Varying-Glass-Wall condition was significantly above chance (mean: 37.22%, 479 

t(14) = 2.91, p < 0.05) and significantly different from the Constant-Glass-Wall condition (t(14) 480 

= -2.28, p < 0.05)) (Figure 4). These results suggest that the OPA is sensitive to the different 481 

amount of navigational distance changed by a position of a navigational boundary and reject an 482 

alternative possibility that the OPA represents the mere presence of a boundary.  483 
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Moreover, consistent with Experiment 1, other scene-selective areas did not show any 484 

significant modulation by the navigational distance– PPA (Constant-Glass-Wall: mean 34.58%, 485 

t(14) = 0.75, p = 0.47; Varying-Glass-Wall: 35.42%, t(14) = 1.91, p = 0.08; no significant 486 

difference between conditions, t(14) = -0.54, p = 0.6), and RSC (Constant-Glass-Wall: mean 487 

32.29%, t(12) = -0.6, p = 0.56; Varying-Glass-Wall: 34.29%, t(12) = 0.56, p = 0.58; no 488 

significant difference between conditions, t(12) = -0.98, p = 0.34. Also consistent with 489 

Experiment 1, EVC showed above-chance classification accuracy in both Constant-Glass-Wall 490 

(mean: 59.51%, t(14) = 5.05, p < 0.01) and the Varying-Glass-Wall conditions (mean: 46.25%, 491 

t(14) = 4.29, p < 0.01). We used a linear mixed-effects model (R package lme4, Bates et al., 492 

2015) to test whether there is a significant difference between the OPA and EVC (i.e., modeling 493 

the classification accuracy with the ROI and Condition as fixed effects and Subject as a random 494 

intercept), and there was a significant ROI x Condition interaction (F(1,42)=9.735, p<0.01). The 495 

result shows that the EVC can classify scenes regardless of the navigational distance difference, 496 

and such result hints that the above-chance classification in the EVC does not reflect whether 497 

scenes have the same or different navigational distance. Together, Experiment 2 results further 498 

support an idea that the coding of the navigational distance is a distinctive role of the OPA, 499 

rather than a part of general scene processing. 500 

 501 

 Sensitivity to the functional constraint of boundaries  502 

In Experiments 1 and 2, the glass wall has played a critical role in modulating the OPA 503 

response patterns. Multi-voxel patterns of the OPA could be differentiated only when the 504 

navigational distance determined by the glass wall differed across conditions. One question, 505 

though, is which properties of glass wall the OPA responds to. We have argued that the glass 506 
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wall is an important navigational boundary because it limits how far one can navigate. However, 507 

there is a possibility that such functional constraint may not be the critical feature modulating the 508 

OPA pattern; for example, the presence of an additional boundary features itself may have driven 509 

the observed effects. Although Experiment 2 showed that the OPA is sensitive to the location of 510 

the glass wall, it remains as a question whether the OPA represents the functional constraint of 511 

the glass wall. In other words, does it actually matter to the OPA that the glass wall is not 512 

crossable? 513 

To test this in Experiment 3, we generated a boundary that is easily crossable: a 514 

transparent curtain. The curtain is different from the glass wall in that it is an easily crossable 515 

boundary, but it is similar to the glass wall in that it adds additional local boundary features to a 516 

scene while allowing to see the space beyond it (e.g., back wall of the room). To validate our 517 

navigational distance manipulation, we ran a behavioral experiment with a separate set of 518 

participants and asked them to estimate how far they would be able to walk forward in each 519 

scene. The behavioral results confirmed that participants perceive the curtain as crossable, and 520 

the curtain does not significantly affect the navigational distance estimation as the glass wall 521 

does. To investigate how a boundary without the functional constraint affects the neural coding 522 

of navigational distance in a scene, we added a Curtain condition to the same experimental 523 

paradigm of Experiment 1 (Figure 5). All conditions (No-Glass-Wall, Glass-Wall, and Curtain) 524 

differed in terms of visible distance (i.e., Near, Middle, and Far). Just like in Experiment 1, the 525 

navigational distance differed in No-Glass-Wall condition, but not in Glass-Wall condition. The 526 

critical question was whether the curtain, a crossable boundary, will restrict the navigational 527 

distance in a scene. If the existence of any local boundary matters, then we expect to see a 528 

similar pattern in Curtain condition to the Glass-Wall condition. If, however, the functional 529 
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constraint that a boundary imposes matters, then we expect to see a pattern in Curtain condition 530 

similar to the No-Glass-Wall condition. Fourteen new participants (eight female) were recruited 531 

and scanned while looking at images from nine condition blocks. As in Experiment 2, 532 

participants performed a one-back repetition detection task without any navigation-related tasks. 533 

The SVM classification was performed for each boundary condition across three levels of 534 

visible distance: Near, Middle, and Far. In the OPA, the No-Glass-Wall and Glass-Wall 535 

conditions replicated the results from Experiment 1 (Figure 6). Just like in previous experiments, 536 

the classification accuracy was significantly above-chance in the No-Glass-Wall condition (mean: 537 

42.05%, t(13) = 3.3, p < 0.01), at chance level in the Glass-Wall condition (mean: 32.38%, t(13) 538 

= -0.36, p = 0.72), and the difference between these two accuracies were statistically significant 539 

(t(13) = -3.29, p < 0.01).  540 

Critically, we found that a crossable boundary (curtain) did not affect the OPA patterns as 541 

the non-crossable boundary (glass wall) did. As in the No-Glass-Wall condition, a significantly 542 

above-chance accuracy was observed in the Curtain condition (mean: 39.02%, t(13) = 3.36, p < 543 

0.01) (Figure 6), indicating that the OPA patterns were distinguishable across Near, Middle, and 544 

Far levels regardless of whether the curtain was present in a scene or not. Moreover, the 545 

classification performance of the Curtain condition was significantly higher than that of the 546 

Glass-Wall condition (t(13) = -2.19, p < 0.05), but not statistically different from the No-Glass-547 

Wall condition (t(13) = 1.01, p = 0.33), confirming that the OPA responded to the Curtain 548 

condition similarly to the No-Glass-Wall condition rather than the Glass-Wall condition. Taken 549 

together, these results showed that even if there is a boundary feature in a scene, if the boundary 550 

does not functionally restrict the navigational distance, it essentially does not affect the neural 551 

patterns of the OPA. This finding corroborates our claim that the OPA codes for the navigational 552 



 

 24 

distance in a scene and further highlights the importance of functional constraint a boundary 553 

imposes in such computation.  554 

Other scene-selective areas did not show any sensitivity to the functional constraint of a 555 

boundary or the navigational distance. The PPA and RSC both showed the chance-level 556 

classification accuracy in all conditions– PPA (No-Glass-Wall: mean 34.05%, t(13) = 0.37, p = 557 

0.72; Glass-Wall: 36.19%, t(13) = 1.17, p = 0.26; Curtain: 35.12%, t(13) = 0.85, p = 0.41), and 558 

RSC (No-Glass-Wall: 30.83%, t(10) = -1.76, p = 0.11; Glass-Wall: 36.07%, t(10) = 1.55, p = 559 

0.15; Curtain: 35.12%, t(10) = 0.55, p = 0.6). On the contrary, the EVC showed above-chance 560 

classification accuracy in all conditions (No-Glass-Wall: 53.55%, t(13) = 5.43, p < 0.01; Glass-561 

Wall: 50.48%, t(13) = 4.18, p < 0.01; Curtain: 43.81%, t(13) = 2.92, p < 0.05). When we 562 

compared classification accuracy of the EVC to the OPA using a mixed-effects model (R 563 

package lme4, Bates et al., 2015), we found a significant interaction between the ROI (EVC, 564 

OPA) and the Condition (Glass-Wall, Curtain, No-Glass-Wall) (F(2,65)=4.0, p<0.05). These 565 

results together suggest that the EVC is not sensitive to the functional constraint of a boundary 566 

and the above-chance classification in the Curtain condition is unlikely to be driven by the 567 

navigational distance.  568 

 569 

 570 

Discussion  571 

The current study examined the nature of neural coding for the navigational distance in 572 

visual scenes. In Experiment 1, we showed that neural patterns from the OPA is sensitive to the 573 

egocentric distance to a boundary limiting the navigational distance. Experiment 2 demonstrated 574 

that the OPA is sensitive to specific locations of boundaries that vary navigational distance rather 575 

than to the mere presence of the boundary in a scene. Experiment 3 directly tested the nature of 576 



 

 25 

navigational distance representation by asking whether the functional constraint on navigation 577 

imposed by the boundary plays a critical role. A boundary that does not block movements, such 578 

as a curtain, was treated as if there was no boundary, similar to the No-Glass-Wall condition.  579 

Throughout three fMRI experiments, we showed that the OPA codes for the navigational 580 

distance in visual scenes as influenced by a functionally limiting local boundary. To our 581 

knowledge, this is the first empirical evidence demonstrating that the OPA is sensitive to the 582 

navigational distance. 583 

 584 

Boundary and navigational path representation 585 

 The OPA consistently showed neural representation of navigational distance that is 586 

distinctive from other scene-selective areas. How might the OPA develop the sensitivity to 587 

functionally constraining boundary in a scene?  588 

 One possible explanation is based on the intrinsic retinotopic bias in the OPA. In contrast 589 

to the PPA that shows a bias for the upper visual field, the OPA shows a bias for the lower visual 590 

field (Arcaro & Livingstone, 2017; Silson et al., 2015). A study using a deep convolutional 591 

neural network (CNN) recently showed that the majority of explained variance for the OPA’s 592 

neural pattern could be attributed to the lower part of the image (Bonner & Epstein, 2018). 593 

Consistently, Henriksoon, Mur, and Kriegeskorte (2019) tested the relative contribution of each 594 

layout-defining components (back wall, ceiling, floor, and the left and right walls) and showed 595 

that the back wall and the floor have larger contribution to the explained variance of OPA. These 596 

results together highlight the importance of visual information at the low part of the image or the 597 

floor, where boundaries or obstacles often appear. Thus, the sensitivity of OPA to the lower 598 
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visual field of a scene probably facilitated OPA’s sensitivity to detect functional boundaries (e.g., 599 

glass wall) or obstacles on a path.  600 

Beyond simple detection of obstacle structure, estimation of distance often bases on 601 

lower part of a scene as well, as the measurement starts from the current viewer’s foot position, 602 

which usually matches to the bottom center of a scene view. Results of the current experiment 603 

adds to many recent fMRI findings that highlight the role of the OPA in representing 604 

environmental features in a scene important for navigation (Bonner & Epstein, 2017; Julian et 605 

al., 2016; Groen et al., 2018), as well as to a greater literature highlighting the importance of a 606 

boundary as one of the most fundamental spatial feature in scene space (Cheng, 1986; Cheng and 607 

Newcombe, 2005; Cheng, Huttenlocher, & Newcombe, 2013; Gallistel, 1990; Lee, 2017; Lee 608 

and Spelke, 2010). In this study, we demonstrate that the OPA’s representation of a boundary is 609 

constrained by the functional relevance of the boundary structure to a navigator. 610 

 611 

Functional constraint representation 612 

The navigational distance representation in the OPA was modulated only by a boundary 613 

with the functional constraint (e.g., a glass wall) but not by a boundary without the functional 614 

constraint on navigation (e.g., a curtain). These results suggest that the OPA can represent the 615 

functional value of an environmental structure.  616 

How does the OPA get such information? Although the current study did not focus on 617 

this question, it’s worth speculating about at least two broad possibilities here. First, the OPA 618 

neurons may be “tuned” to navigationally important perceptual features through learning. For 619 

example, as a child navigates through environments, the child will learn that a glass wall is 620 

impassible. After many repetitions of similar experience, the OPA neurons will develop 621 
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sensitivity to visual features of navigationally relevant boundaries in environments. Another 622 

possibility is that the OPA gets online feedback from semantic areas about functional value of 623 

the current stimuli. In this case, the OPA pattern may be susceptible to a context of how the 624 

stimulus is presented or interpreted. Future work should explore the role of high-level knowledge 625 

over boundary representation in the OPA.  626 

Another interesting question is whether the OPA represents the functional value of 627 

navigational boundaries in a binary or a more gradient manner. We operationalized the 628 

functional constraint in this study as binary (i.e., passable or impassable), but the boundaries in 629 

the real world have more fine-grained level of limits on movements. For example, a boundary 630 

like a half wall or a barrier may not completely block a viewer’s movements but handicap the 631 

movement to a certain level. Would the OPA be sensitive to those intermediate level of 632 

functional limit as well? Future attempts to quantify and parameterizing functional limits of 633 

different boundaries will provide a valuable insight into understanding how the OPA represents 634 

the functional value of boundaries.    635 

 636 

Navigational distance representation 637 

 How might the OPA represent navigational distance information? One possible 638 

interpretation is the observed effects are not purely driven by the distance representation but by 639 

other aspects of scenes, such as the volume of navigational space or the surface area of the 640 

navigable ground plane. Although those are naturally covarying factors in real environments, we 641 

acknowledge this as a potential limit of current study. A future study with systematic control of 642 

each geometric property will address the issue. 643 
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 Another possible interpretation is based on the OPA’s anatomical location, which partly 644 

overlaps with several retinotopically-defined areas such as V3B, V7, LO2, and partial V3A (Nasr 645 

et al., 2011; Silson et al., 2016). Since scene is a highly heterogeneous stimuli category, the 646 

scene-selectivity of the OPA may have developed based on the region’s ability to process diverse 647 

features based on overlap with multiple retinotopic maps (Silson et al., 2016). It is plausible that 648 

the OPA uses such retinotopic information to compute the egocentric distance in a scene. In fact, 649 

the retinotopic areas overlapping with the OPA, such as V3A and V7, represent the position in 650 

depth information (Finlayson et al., 2017). Consistently, a recent study reported the functionally 651 

defined OPA’s sensitivity to the depth information. The near or far depth activated higher 652 

univariate response in the OPA compared to the middle depth, and the OPA showed even 653 

stronger response when the stimuli were presented in both near and far depth plane, suggesting a 654 

bimodal preference to the depth information (Nag, Berman, & Golomb, 2019). Although these 655 

results are relevant to the findings in our study, there are several important differences. First, the 656 

depth information was provided in fundamentally different ways. We used monocular pictorial 657 

cues such as the perspective or texture gradient, whereas Nag, Berman, and Golomb (2019) used 658 

the binocular disparity with the red/green anaglyph glasses. Second, whereas the depth 659 

sensitivity was shown with stronger univariate responses of the OPA to near and far depth planes 660 

in Nag, Berman, and Golomb (2019), we did not find any significant univariate difference across 661 

Near, Middle, and Far navigational distances. Given that we were nonetheless able to 662 

differentiate the Near and Far navigational distances from the multivoxel patterns, it is possible 663 

that there are neurons in the OPA that represent the distance/depth information as a population, 664 

which would not necessarily lead to different univariate responses (Hatfield, McCloskey, & 665 

Park, 2016; Park. & Park, 2017). 666 
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 It is important to note that the navigational distance representation in the OPA is not a 667 

mere reflection of low-level inputs. In the current study, there were two measurable depth 668 

information: distance to local boundary (e.g., a glass wall) and distance to distal boundary (e.g., a 669 

back wall which is a visible boundary of a room). Nevertheless, the OPA was sensitive to the 670 

distance to the local boundary only. This selective sensitivity to a local boundary might be 671 

related the OPA’s connection to the visually guided navigation network (dorsal occipito-672 

premotor pathway). When navigating in an immediate environment, the local boundary has more 673 

critical value than a distal boundary due to its proximity to a navigator. In other words, 674 

estimating the distance to the back wall, which is located in the space already blocked by the 675 

glass wall, would not be as relevant as estimating the distance to the glass wall.  676 

 Thus, the OPA might use the low-level inputs (e.g., pictorial depth cues) to compute the 677 

navigational distance but the sensitivity to the distance is multiplied by its navigational value. 678 

The combination of low-level depth cues and the navigational relevance to a viewer will make 679 

OPA sensitive to the distance to only those boundaries that are directly relevant to the 680 

navigation. 681 

 682 

Conclusion 683 

The current study showed that the OPA codes for the navigational distance to 684 

environmental boundaries that limit one’s movements. We propose that the OPA acts as a 685 

perceptual source of navigationally-relevant information in visual environments, which supports 686 

for navigation in a local environment and also for the formation of cognitive map. 687 

  688 
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 824 

Figure Legends 825 

 826 

Figure 1. Experiment 1 Stimuli and schematic illustration of conditions. There were six 827 

conditions, which were varied in three visible distance levels (Near, Middle, and Far) and two 828 

navigational boundary levels (No-Glass-Wall and Glass-Wall). The left front-view column 829 

shows stimuli example from each visible distance condition, which were presented to 830 

participants in the scanner. The right side-view panel illustrates schematic structure of 831 

environment for each condition. A white box represents each environment (e.g., a room), and a 832 

light blue rectangle in the Glass-Wall represents a transparent glass wall. A yellow arrow 833 

represents the navigational distance within each environment. Importantly, the navigational 834 

distance in the No-Glass-Wall was different at each visible distance level, whereas the 835 

navigational distance in the Glass-Wall was the same across all visible distance levels. We 836 

validated our navigational distance manipulation with a separate set of participants through a 837 

behavioral experiment.  838 

 839 

Figure 2. The SVM classification results in Experiment 1. The y-axis shows the mean 840 

classification accuracy (%), and the dotted line marks the chance level of the three-way 841 

classification (0.33). The bar graph represents the mean accuracy, and gray dots on top of the bar 842 

represent individual subject data. The “*” at the bottom of a bar indicates above-chance 843 

classification accuracy. The statistical test suggested no hemispheric difference in any of ROIs, 844 

so we report results from bilaterally merged ROIs. Among three scene-selective regions, only the 845 

OPA showed above-chance classification across Near, Middle, and Far in the No-Glass-Wall 846 

condition. Further, an analysis of the confusion matrix suggested that the above-chance 847 
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classification accuracy was not driven by a single distance level. The EVC showed significant 848 

classification accuracy for both the No-Glass-Wall and Glass-Wall conditions. 849 

 850 

Figure 3. Experiment 2 Stimuli. There were five conditions in total. Note that the Far condition 851 

in Constant-Glass-Wall is the same as the Near-Navig condition in Varying-Glass-Wall 852 

condition. This condition is presented twice in this figure for illustration purposes only. In the 853 

Constant-Glass-Wall condition, there were three levels of visible distance (Near, Middle, Far) 854 

with the same navigational distance. In the Varying-Glass-Wall condition, the navigational 855 

distance was varied in three levels (Near-Navig, Middle-Navig, Far-Navig) while keeping the 856 

same visible distance. We validated our navigational distance manipulation with a separate set of 857 

participants through a behavioral experiment. The SVM classification was separately tested for 858 

the Constant-Glass-Wall and Varying-Glass-Wall conditions (separated by a horizontal line).  859 

Figure 4. The SVM classification results in Experiment 2. The y-axis shows the mean 860 

classification accuracy (%), and the dotted line marks the chance level of three-way classification 861 

(0.33). The bar graph represents the mean accuracy, and gray dots on top of the bar represent 862 

individual subject data. The “*” at the bottom of a bar indicates above-chance classification 863 

accuracy. The OPA showed above-chance classification for the Varying-Glass-Wall condition, 864 

where the navigational distance was different, but the chance-level classification performance for 865 

the Constant-Glass-Wall condition, where the navigational distance was identical. The EVC also 866 

showed significant classification accuracy for the Varying-Glass-Wall condition, but it showed 867 

the above-chance accuracy for the Constant-Glass-Wall condition as well, where the navigational 868 

distance was kept the same. 869 

 870 
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Figure 5. Experiment 3 Stimuli. There were nine conditions, which were varied in three visible 871 

distance levels (Near, Middle, and Far; columns) and three navigational boundary levels (No-872 

Glass-Wall, Curtain, and Glass-Wall; rows). The No-Glass-Wall and Glass-Wall conditions were 873 

identical to Experiment 1. In the Curtain condition, a transparent curtain was positioned instead 874 

of a glass-wall. The location of the curtain was identical across all visible distance levels. We 875 

validated our navigational distance manipulation with a separate set of participants through a 876 

behavioral experiment. The SVM classifier was trained and tested to classify across three visible 877 

distance levels (Near, Middle, and Far), separately for the No-Glass-Wall, Curtain, and Glass-878 

Wall conditions (separated by a horizontal line).  879 

 880 

Figure 6. The SVM classification results in Experiment 3. The y-axis shows the mean 881 

classification accuracy (%), and the dotted line marks the chance level of three-way classification 882 

(0.33). The bar graph represents the mean accuracy, and gray dots on top of the bar represent 883 

individual subject data. The “*” at the bottom of a bar indicates above-chance classification 884 

accuracy. The results for No-Glass-Wall and Glass-Wall conditions were replicated in all ROIs. 885 

Critically, the OPA showed above-chance classification for Curtain condition, suggesting that 886 

the functional constraint of a boundary is crucial for the OPA. Consistent with previous 887 

experiments, other ROIs were not sensitive to the navigational distance; the PPA and RSC 888 

showed the chance-level classification in all conditions, whereas the EVC showed the above-889 

chance classification in all conditions.  890 
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