
 What Is a Scene? 

 If  you were to look out my offi ce window at this moment, you would see a campus 
vista that includes a number of trees, a few academic buildings, and a small green 
pond. Turning your gaze the other direction, you would see a room with a desk, a 
bookshelf, a rug, and a couch. Although the objects are of interest in both cases, what 
you see in each view is more than just a collection of disconnected objects — it is a 
coherent entity that we colloquially label a  “ scene. ”  In this chapter I describe the 
neural systems involved in the perception and recognition of scenes. I focus in par-
ticular on the parahippocampal place area (PPA), a brain region that plays a central 
role in scene processing, emphasizing the many new studies that have expanded our 
understanding of its function in recent years. 

 Let me fi rst take a moment to defi ne some terms. By a  “ scene ”  I mean a section of 
a real-world environment (or an artifi cial equivalent) that typically includes both 
foreground objects and fi xed background elements (such as walls and a ground plane) 
and that can be ascertained in a single view ( Epstein  &  MacEvoy, 2011 ). For example, 
a photograph of a room, a landscape, or a city street is a scene — or, more precisely, 
an image of a scene. In this conceptualization  “ scenes ”  are contrasted with  “ objects, ”  
such as shoes and bottles, hawks and hacksaws, which are discrete, potentially movable 
entities without background elements that are bounded by a single contour. This 
defi nition follows closely on the one offered by  Henderson and Hollingworth (1999) , 
who emphasized the same distinction between scenes and objects and who made the 
point that scenes are often semantically coherent and even nameable. As a simple 
heuristic, one could say that objects are spatially compact entities one acts upon, 
whereas scenes are spatially distributed entities one acts within ( Epstein, 2005 ). 

 Why should the visual system care about scenes? First and foremost, because scenes 
are places in the world. The fact that I can glance out at a scene and quickly identify 
it as  “ Locust Walk ”  or  “ Rittenhouse Square ”  means that I have an easy way to 
determine my current location, for example, if  I were to become lost while taking a 
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walk around Philadelphia. Of course, I could also fi gure this out by identifying indi-
vidual objects, but the scene as a whole provides a much more stable and discrimina-
tive constellation of place-related cues. Second, because scenes provide important 
information about the objects that are likely to occur in a place and the actions that 
one should perform there ( Bar, 2004 ). If  I am hungry, for example, it makes more 
sense to look for something to eat in a kitchen than in a classroom. For this function 
it may be more important to recognize the scene as a member of a general scene 
category rather than as a specifi c unique place as one typically wants to do during 
spatial navigation. Finally, one might want to evaluate qualities of the scene that are 
independent of its category or identity, for example, whether a city street looks safe 
or dangerous, or whether travel along a path in the woods seems likely to bring 
one to food or shelter. I use the term  scene recognition  to encompass all three of these 
tasks (identifi cation as a specifi c exemplar, classifi cation as a member of a general 
category, evaluation of reward-related or aesthetic properties). 

 Previous behavioral work has shown that human observers have an impressive 
ability to recognize even briefl y presented real-world scenes. In a classic series of 
studies Potter and colleagues (Potter, 1975, 1976;  Potter  &  Levy, 1969 ) reported that 
subjects could detect a target scene within a sequence of scene distracters with 75% 
accuracy when the visual system was blitzed by scenes at a rate of 8 per second. The 
phenomenology of this effect is quite striking: although the scenes go by so quickly 
that most seem little more than a blur, the target scene jumps into awareness — even 
when it is cued by nothing more than a verbal label that provides almost no informa-
tion about its exact appearance (e.g.,  “ picnic ” ). The fact that we can select the target 
from the distracters implies that every scene in the sequence must have been processed 
up to the level of meaning (or  gist ). Related results were obtained by  Biederman 
(1972) , who reported that recognition of a single object within a briefl y fl ashed 
(300 – 700 ms) scene was more accurate when the scene was coherent than when it was 
jumbled up into pieces. This result indicates that the human visual system can extract 
the meaning of a complex visual scene within a few hundred milliseconds and can 
use it to facilitate object recognition (for similar results, see  Antes, Penland,  &  Metzger, 
1981 ;  Biederman, Rabinowitz, Glass,  &  Stacy, 1974 ;  Fei-Fei, Iyer, Koch,  &  Perona, 
2007 ;  Thorpe, Fize,  &  Marlot, 1996 ). 

 Although one might argue that scene recognition in these earlier studies reduces 
simply to recognition of one or two critical objects, subsequent work has provided 
evidence that this is not the complete story. Scenes can also be identifi ed based on 
their whole-scene characteristics, such as their overall spatial layout.  Schyns and Oliva 
(1994)  demonstrated that subjects could classify briefl y fl ashed (30 ms) scenes into 
categories even if  the images were fi ltered to remove all high-spatial-frequency infor-
mation, leaving only the overall layout of coarse blobs, which conveyed little informa-
tion about individual objects. More recently  Greene and Oliva (2009b)  developed a 
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scene recognition model that operated on seven global properties: openness, expan-
sion, mean depth, temperature, transience, concealment, and navigability. These prop-
erties predicted the performance of human observers insofar as scenes that were more 
similar in the property space were more often misclassifi ed by the observers. Indeed, 
observers ascertained these global properties of outdoor scenes  prior to  identifying 
their basic-level category, suggesting that categorization may rely on these global 
properties ( Greene  &  Oliva, 2009a ). Computational modeling work has given further 
credence to the idea that scenes can be categorized based on whole-scene information 
by showing that human recognition of briefl y presented scenes can be simulated 
by machine recognition systems that operate solely on the texture statistics of the 
image ( Renninger  &  Malik, 2004 ). 

 In sum, both theoretical considerations and experimental data suggest that the 
visual system contains dedicated systems for scene recognition. In the following sec-
tions I describe the neuroscientifi c evidence that supports this proposition. 

 Scene-Responsive Brain Areas 

 Functional magnetic resonance imaging (fMRI) studies have identifi ed several brain 
regions that respond preferentially to scenes (  fi gure 6.1, plate 12 ). Of these, the fi rst 
discovered, and the most studied, is the parahippocampal place area (PPA). This 
ventral occipitotemporal region responds much more strongly when people view 
scenes (landscapes, cityscapes, rooms) than when they view isolated single objects, and 
does not respond at all when people view faces ( Epstein  &  Kanwisher, 1998 ). The 
scene-related response in the PPA is extremely reliable ( Julian, Fedorenko, Webster, 
 &  Kanwisher, 2012 ): in my lab we have scanned hundreds of subjects, and we almost 
never encounter a person without a PPA. 

    The PPA is a functionally defi ned, rather than an anatomically defi ned region. This 
can lead to some confusion, as there is a tendency to confl ate the PPA with parahip-
pocampal cortex (PHC), its anatomical namesake. Although they are partially over-
lapping, these two regions are not the same. The PPA includes the posterior end of 
the PHC but extends beyond it posteriorly into the lingual gyrus and laterally across 
the collateral sulcus into the fusiform gyrus. Indeed, a recent study suggested that the 
most reliable locus of PPA activity may be on the fusiform (lateral) rather than the 
parahippocampal (medial) side of the collateral sulcus ( Nasr et al., 2011 ). Some 
earlier studies reported activation in the lingual gyrus in response to houses and build-
ings ( Aguirre, Zarahn,  &  D ’ Esposito, 1998 ). It seems likely that this  “ lingual landmark 
area ”  is equivalent to the PPA or at least the posterior portion of it. As we will see, 
the notion that the PPA is a  “ landmark ”  area turns out to be fairly accurate. 

 The PPA is not the only brain region that responds more strongly to scenes than 
to other visual stimuli. A large locus of scene-evoked activation is commonly observed 
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in the retrosplenial region extending posteriorly into the parietal-occipital sulcus. 
This has been labeled the retrosplenial complex (RSC) ( Bar  &  Aminoff, 2003 ). Once 
again there is a possibility of confusion here because the functionally defi ned RSC is 
not equivalent to the retrosplenial cortex, which is defi ned based on cytoarchitecture 
and anatomy rather than fMRI response ( Vann, Aggleton,  &  Maguire, 2009 ). A third 
region of scene-evoked activity is frequently observed near the transverse occipital 
sulcus (TOS) ( Hasson, Levy, Behrmann, Hendler,  &  Malach, 2002 ); this has also been 
labeled the occipital place area (OPA) ( Dilks, Julian, Paunov,  &  Kanwisher, 2013 ). 
Scene-responsive  “ patches ”  have been observed in similar areas in macaque monkeys, 
although the precise homologies still need to be established ( Kornblith, Cheng, 
Ohayon,  &  Tsao, 2013 ;  Nasr et al., 2011 ). 

 The PPA and RSC appear to play distinct but complementary roles in scene recog-
nition. Whereas the PPA seems to be primarily involved in perceptual analysis of the 
scene, the RSC seems to play a more mnemonic role, which is best characterized as 

 Figure 6.1 (plate 12) 
 Three regions of the human brain — the PPA, RSC, and TOS/OPA — respond preferentially to visual 
scenes. Shown here are voxels for which  > 80% of subjects ( n  = 42) have significant scenes  >  objects 
activation. Regions were defined using the algorithmic group-constrained subject-specific (GSS) method 
( Julian et al., 2012 ). 
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connecting the local scene to the broader spatial environment ( Epstein  &  Higgins, 
2007 ;  Park  &  Chun, 2009 ). This putative division of labor is supported by several 
lines of evidence. The RSC is more sensitive than the PPA to place familiarity ( Epstein, 
Higgins, Jablonski,  &  Feiler, 2007 ). That is, response in the RSC to photographs of 
familiar places is much greater than response to unfamiliar places. In contrast the 
PPA responds about equally to both (with a slight but signifi cant advantage for the 
familiar places). The familiarity effect in the RSC suggests that it may be involved in 
situating the scene relative to other locations, since this operation can be performed 
only for places that are known. The minimal familiarity effect in the PPA, on the other 
hand, suggests that it supports perceptual analysis of the local (i.e., currently visible) 
scene that does not depend on long-term knowledge about the depicted place. When 
subjects are explicitly asked to retrieve spatial information about a scene, such as 
where the scene was located within the larger environment or which compass direction 
the camera was facing when the photograph was taken, activity is increased in the 
RSC but not in the PPA ( Epstein, Parker,  &  Feiler, 2007 ). This suggests that the RSC 
(but not the PPA) supports spatial operations that can extend beyond the scene ’ s 
boundaries ( Park, Intraub, Yi, Widders,  &  Chun, 2007 ). A number of other studies 
have demonstrated RSC involvement in spatial memory, which I do not review here 
( Epstein, 2008 ;  Vann et al., 2009 ;  Wolbers  &  Buchel, 2005 ). 

 This division of labor between the PPA and the RSC is also supported by neuro-
psychological data ( Aguirre  &  D’Esposito, 1999 ;  Epstein, 2008 ). When the PPA is 
damaged due to stroke, patients have diffi culty identifying places and landmarks, 
and they report that their sense of a scene as a coherent whole has been lost. Their 
ability to identify discrete objects within the scene, on the other hand, is largely 
unimpaired. This can lead to some remarkable behavior during navigation, such as 
attempting to recognize a house based on a small detail such as a mailbox or a door 
knocker rather than its overall appearance. Notably, some of these patients still retain 
long-term spatial knowledge — for example, they can sometimes draw maps showing 
the spatial relationships between the places that they cannot visually recognize. 
Patients with damage to RSC, on the other hand, display a very different problem. 
They can visually recognize places and buildings without diffi culty, but they cannot 
use these landmarks to orient themselves in large-scale space. For example, they can 
look at a building and name it without hesitation, but they cannot tell from this 
whether they are facing north, south, east, or west, and they cannot point to any other 
location that is not immediately visible. It is as if  they can perceive the scenes around 
them normally, but these scenes are  “ lost in space ”  — unmoored from their broader 
spatial context. 

 The idea that the PPA is involved in perceptual analysis of the currently visible 
scene gains further support from the discovery of retinotopic organization in this 
region ( Arcaro, McMains, Singer,  &  Kastner, 2009 ). Somewhat unexpectedly, the PPA 
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appears to contain not one but two retinotopic maps, both of which respond more 
strongly to scenes than to objects. This fi nding suggests that the PPA might in fact be 
a compound of two visual subregions whose individual functions are yet to be dif-
ferentiated. Both of these subregions respond especially strongly to stimulation in the 
periphery ( Arcaro et al., 2009 ;  Levy, Hasson, Avidan, Hendler,  &  Malach, 2001 ;  Levy, 
Hasson, Harel,  &  Malach, 2004 ), a pattern that contrasts with object-preferring 
regions such as the lateral occipital complex, which respond more strongly to visual 
stimulation near the fovea. This relative bias for peripheral information makes sense 
given that information about scene identity is likely to be obtainable from across the 
visual fi eld. In contrast, objects are more visually compact and are usually foveated 
when they are of interest. Other studies have further confi rmed the existence of 
retinotopic organization in the PPA by showing that its response is affected by the 
location of the stimulus relative to the fi xation point but not by the location of 
the stimulus on the screen when these two quantities are dissociated by varying the 
fi xation position ( Golomb  &  Kanwisher, 2012 ;  Ward, MacEvoy,  &  Epstein, 2010 ). 

 Thus, the overall organization of the PPA appears to be retinotopic. However, reti-
notopic organization does not preclude the possibility that the region might encode 
information about stimulus identity that is invariant to retinal position ( DiCarlo, 
Zoccolan,  &  Rust, 2012 ;  Schwarzlose, Swisher, Dang,  &  Kanwisher, 2008 ). Indeed, 
Sean MacEvoy and I observed that fMRI adaptation when scenes were repeated at 
different retinal locations was almost as great as adaptation when scenes were repeated 
at the same retinal location, consistent with position invariance ( MacEvoy  &  Epstein, 
2007 ).  Golomb and colleagues (2011)  similarly observed adaptation when subjects 
moved their eyes over a stationary scene image, thus varying retinotopic input. Inter-
estingly, adaptation was also observed in this study when subjects moved their eyes 
in tandem with a moving scene, a manipulation that kept retinal input constant. Thus, 
PPA appears to represent scenes in an intermediate format that is neither fully depen-
dent on the exact retinal image nor fully independent of it. 

 The observation that the PPA appears to act as a visual region, with retinotopic 
organization, seems at fi rst glance to confl ict with the traditional view that the PHC is 
part of the medial temporal lobe memory system. However, once again, we must be 
careful to distinguish between the PPA and the PHC. Although the PHC in monkeys 
is usually divided into two subregions, TF and TH, some neuroanatomical studies have 
indicated the existence of a posterior subregion that has been labeled TFO ( Saleem, 
Price,  &  Hashikawa, 2007 ). Notably, the TFO has a prominent layer IV, making it 
cytoarchitechtonically more similar to the adjoining visual region V4 than to either TF 
or TH. This suggests that the TFO may be a visually responsive region. The PPA may 
be an amalgam of the TFO and other visually responsive territory. TF and TH, on the 
other hand, may be more directly involved in spatial memory. As we will see, a key 
function of the PPA may be extracting spatial information from visual scenes. 
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 Beyond the PPA, RSC, and TOS, a fourth region that has been implicated in scene 
processing is the hippocampus. Although this region does not typically activate above 
baseline during scene perception or during mental imagery of familiar places ( O ’ Craven 
 &  Kanwisher, 2000 ), it does activate when subjects are asked to construct detailed 
imaginations of novel scenes ( Hassabis, Kumaran,  &  Maguire, 2007 ). Furthermore, 
patients with damage to the hippocampus are impaired on this scene construction 
task, insofar as their imaginations have fewer details and far less spatial coherence 
than those offered by normal subjects ( Hassabis et al., 2007 ; but see  Squire et al., 
2010 ). Other neuropsychological studies have found that hippocampally damaged 
patients are impaired at remembering the spatial relationships between scene elements 
when these relationships must be accessed from multiple points of view ( Hartley et 
al., 2007 ;  King, Burgess, Hartley, Vargha-Khadem,  &  O ’ Keefe, 2002 ). These results 
suggest that the hippocampus forms an allocentric  “ map ”  of a scene that allows dif-
ferent scene elements to be assigned to different within-scene locations. However, it is 
unclear how important this map is for scene recognition under normal circumstances, 
as perceptual defi cits after hippocampal damage are subtle ( Lee et al., 2005 ;  Lee, 
Yeung,  &  Barense, 2012 ). Thus, I focus here on the role of occipitotemporal visual 
regions in scene recognition, especially the PPA. 

 What Does the PPA Do? 

 We turn now to the central question of this chapter:  how  does the PPA represent scenes 
in order to recognize them? I fi rst consider the representational level encoded by the 
PPA — that is, whether the PPA represents scene categories, individual scene/place 
exemplars, or specifi c views. Then I discuss the content of the information encoded 
in the PPA — whether it encodes the geometric structure of scenes, nongeometric 
visual quantities, or information about objects. As we will see, recent investigations 
of these issues lead us to a more nuanced view of the PPA under which it represents 
more than just scenes. 

 Categories versus Places versus Views 
 As noted in the beginning of this chapter, scenes can be recognized in several different 
ways. They can be identifi ed as a member of a general scene category ( “ kitchen ” ), as 
a specifi c place ( “ the kitchen on the fi fth fl oor of the Center for Cognitive Neurosci-
ence ” ), or even as a distinct view of a place ( “ the CCN kitchen, observed from the 
south ” ). Which of these representational distinctions, if  any, are made by the PPA? 

 The ideal way to answer this question would be to insert electrodes into the 
PPA and record from individual neurons. This would allow us to determine whether 
individual units — or multiunit activity patterns — code categories, places, or views 
( DiCarlo et al., 2012 ). Although some single-unit recordings have been made from 
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medial temporal lobe regions — including PHC — in presurgical epilepsy patients 
( Ekstrom et al., 2003 ;  Kreiman, Koch,  &  Fried, 2000 ;  Mormann et al., 2008 ), no 
study has explicitly targeted the tuning of neurons in the PPA. Thus, we turn instead 
to neuroimaging data. 

 There are two neuroimaging techniques that can be used to probe the representa-
tional distinctions made by a brain region: multivoxel pattern analysis (MVPA) and 
fMRI adaptation (fMRIa). In MVPA one examines the multivoxel activity patterns 
elicited by different stimuli to determine which stimuli elicit patterns that are similar 
and which stimuli elicit patterns that are distinct ( Cox  &  Savoy, 2003 ;  Haxby et al., 
2001 ). In fMRIa one examines the response to items presented sequentially under 
the hypothesis that response to an item will be reduced if  it is preceded by an identi-
cal or representationally similar item ( Grill-Spector, Henson,  &  Martin, 2006 ;  Grill-
Spector  &  Malach, 2001 ). 

 MVPA studies have shown that activity patterns in the PPA contain information 
about the scene category being viewed. These patterns can be used to reliably distin-
guish among beaches, forests, highways, and the like ( Walther, Caddigan, Fei-Fei,  &  
Beck, 2009 ). The information in these patterns does not appear to be epiphenomenal —
 when scenes are presented very briefl y and masked to make recognition diffi cult, the 
categories confused by the subjects are the ones that are  “ confused ”  by the PPA. Thus, 
the representational distinctions made by the PPA seem to be closely related to the 
representational distinctions made by human observers. It is also possible to classify 
scene category based on activity patterns in a number of other brain regions, including 
RSC, early visual cortex, and (in some studies but not others) object-sensitive regions 
such as lateral occipital complex (LOC). However, activation patterns in these regions 
are not as tightly coupled to behavioral performance as activation patterns in the PPA 
( Walther et al., 2009 ;  Walther, Chai, Caddigan, Beck,  &  Fei-Fei, 2011 ). 

 These MVPA results suggest that the PPA might represent scenes in terms of cat-
egorical distinctions — or at least, in such a way that categories are easily distinguish-
able. But what about more fi ne-grained distinctions? In the studies described above, 
each image of a  “ beach ”  or a  “ forest ”  depicted a different place, yet they were grouped 
together for analysis to fi nd a common pattern for each category. To determine if  the 
PPA represents individual places, we scanned University of Pennsylvania students 
while they viewed many different images of familiar landmarks (buildings and statues) 
that signify unique locations on the Penn campus ( Morgan, MacEvoy, Aguirre,  &  
Epstein, 2011 ). We were able to decode landmark identity from PPA activity patterns 
with high accuracy (  fi gure 6.2 ). Moreover, accuracy for decoding of Penn landmarks 
was equivalent to accuracy for decoding of scene categories, as revealed by results 
from a contemporaneous experiment performed on the same subjects in the same scan 
session ( Epstein  &  Morgan, 2012 ). Thus, the PPA appears to encode information that 
allows both scene categories and individual scenes (or at least, individual familiar 
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landmarks) to be distinguished. But — as we discuss in the next section — the precise 
nature of that information, and how it differs from the information that allows such 
discriminations to be made in other areas such as early visual cortex and RSC, still 
needs to be determined.    

 Findings from fMRI adaptation studies are only partially consistent with these 
MVPA results. On one hand, fMRIa studies support the idea that the PPA distin-
guishes between different scenes ( Ewbank, Schluppeck,  &  Andrews, 2005 ;  Xu, Turk-
Browne,  &  Chun, 2007 ). For example, in the  Morgan et al. (2011)  study described 
above, we observed reduced PPA response (i.e., adaptation) when images of the same 
landmark were shown sequentially, indicating that it considered the two images of the 
same landmark to be representationally similar (  fi gure 6.2 ). However, we did  not  
observe adaptation when scene category was repeated — for example, when images of 
two different beaches were shown in succession ( Epstein  &  Morgan, 2012 ). Thus, if  
one only had the adaptation results, one would conclude that the PPA represents 
individual landmarks or scenes but does not group those scenes into categories. 

 Indeed, other fMRIa studies from my laboratory have suggested that scene repre-
sentations in the PPA can be even more stimulus specifi c. When we present two views 
of the same scene in sequence — for example, an image of a building viewed from the 
southeast followed by an image of the same building viewed from the southwest — the 
two images only partially cross-adapt each other ( Epstein, Graham,  &  Downing, 
2003 ;  Epstein, Higgins, et al., 2007 ;  Epstein, Parker,  &  Feiler, 2008 ). This indicates 
that the PPA treats these different views as representationally distinct items, even 
though they may depict many of the same details (e.g., the same front door, the same 
building facade, the same statue in front of the building). Strikingly, even overlapping 
images that are cut out from a larger scene panorama are treated as distinct items by 
the PPA ( Park  &  Chun, 2009 ). 

 What are we to make of this apparent discrepancy between the fMRIa and MVPA 
results? The most likely explanation is that MVPA and fMRIa interrogate different 
aspects of the PPA neural code ( Epstein  &  Morgan, 2012 ). For example, fMRIa may 
refl ect processes that operate at the level of the single unit ( Drucker  &  Aguirre, 2009 ), 
whereas MVPA might reveal coarser topographical organization along the cortical 
surface ( Freeman, Brouwer, Heeger,  &  Merriam, 2011 ;  Sasaki et al., 2006 ). In this 
scenario PPA neurons would encode viewpoint-specifi c representations of individual 
scenes, which are then grouped together on the cortical surface according to place 
and category. Insofar as fMRIa indexes the neurons, it would reveal coding of views, 
with some degree of cross-adaptation between similar views. MVPA, on the other 
hand, would reveal the coarser coding by places and categories. However, other sce-
narios are also possible.  1   A full resolution of this topic will require a more thorough 
understanding of the neural mechanisms underlying MVPA and fMRIa. Neverthe-
less, we can make the preliminary conclusion that the PPA encodes information that 
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 Figure 6.2 
 Coding of scene categories and landmarks in the PPA, RSC, and TOS/OPA. Subjects were scanned with 
fMRI while viewing a variety of images of 10 scene categories and 10 familiar campus landmarks (four 
examples shown). Multivoxel pattern analysis (MVPA) revealed coding of both category and landmark 
identity in all three regions (bottom left). In contrast, adaptation effects were observed only when 
landmarks were repeated — repetition of scene category had no effect (bottom right). One interpretation 
is that fine-grain organization within scene regions reflects coding of features that are specific to 
individual landmarks and scenes, whereas coarse-grain organization reflects grouping by category. 
However, other interpretations are possible. Adapted from Epstein and Morgan (2012). 
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allows it to make distinctions at all three representational levels: category, scene/place 
identity, and view. 

 But how does the PPA do it? What kind of information about the scene does the 
PPA extract in order to distinguish among scene categories, scene exemplars, and 
views? It is this question we turn to next. 

 Coding of Scene Geometry 
 Scenes contain fi xed background elements such as walls, building facades, streets, and 
natural topography. These elements constrain movement within a scene and thus are 
relevant for navigation. Moreover, because these elements are fi xed and durable, 
they are likely to be very useful cues for scene recognition. In fact behavioral studies 
suggest that both humans and animals preferentially use information about the geo-
metric layout of the local environment to reorient themselves after disorientation 
( Cheng, 1986 ;  Cheng  &  Newcombe, 2005 ;  Gallistel, 1990 ;  Hermer  &  Spelke, 1994 ). 
Thus, an appealing hypothesis is that the PPA represents information about the geo-
metric structure of the local scene as defi ned by the spatial layout of these fi xed 
background elements. 

 Consistent with this view, the original report on the PPA obtained evidence that 
the region was especially sensitive to these fi xed background cues ( Epstein  &  Kan-
wisher, 1998 ). The response of the PPA to scenes was not appreciably reduced when 
all the movable objects were removed from the scene — specifi cally, when all the fur-
niture was removed from a room, leaving just bare walls. In contrast the PPA responded 
only weakly to the objects alone when the background elements were not present. 
When scene images were fractured into surface elements that were then rearranged so 
that they no longer depicted a three-dimensional space, response in the PPA was 
signifi cantly reduced. In a follow-up study the PPA was shown to respond strongly 
even to  “ scenes ”  made out of Lego blocks, which were clearly not real-world places 
but had a similar geometric organization ( Epstein, Harris, Stanley,  &  Kanwisher, 
1999 ). From these results, we concluded that the PPA responds to stimuli that have a 
scene-like but not an object-like geometry. 

 Two recent contemporaneous studies have taken these fi ndings a step further by 
showing that multivoxel activity patterns in the PPA distinguish between scenes based 
on their geometry. The fi rst study, by  Park and colleagues (2011) , looked at activity 
patterns elicited during viewing of scenes that were grouped according to either spatial 
expanse (open vs. closed) or content (urban vs. natural). These  “ supercategories ”  were 
distinguishable from each other; furthermore, when patterns were misclassifi ed by the 
PPA, it was more likely that the content than the spatial expanse was classifi ed wrong, 
suggesting that the representation of spatial expanse was more salient than the rep-
resentation of scene content. The second study, by  Kravitz and colleagues (2011) , 
looked at multivoxel patterns elicited by 96 scenes drawn from 16 categories, this time 
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grouped by three factors: expanse (open vs. closed), content (natural vs. man-made), 
and distance to scene elements (near vs. far). These PPA activity patterns were distin-
guishable on the basis of expanse and distance but not on the basis of content. 
Moreover, scene categories could not be reliably distinguished when the two spatial 
factors (expanse and distance) were controlled for, suggesting that previous demon-
strations of category decoding may have been leveraging the spatial differences 
between categories — for example, the fact that highway scenes tend to be open whereas 
forest scenes tend to be closed. 

 Thus, the PPA does seem to encode information about scene geometry. Moreover, 
it seems unlikely that this geometric coding can be explained by low-level visual dif-
ferences that tend to correlate with geometry. When the images in the Park et al. (2011) 
experiment were phase scrambled so that spatial frequency differences were retained 
but geometric and content information was eliminated, PPA classifi cation fell to 
chance levels. Furthermore,  Walther and colleagues (2011)  demonstrated cross catego-
rization between photographs and line drawings, a manipulation that preserves geom-
etry and content while changing many low-level visual features. 

 Can this be taken a step further by showing that the PPA encodes something more 
detailed than whether a scene is open or closed? In a fascinating study  Dilks and col-
leagues (2011)  used fMRI adaptation to test whether the PPA was sensitive to mirror-
reversal of a scene. Strikingly, the PPA showed almost as much adaptation to a 
mirror-reversed version of a scene as it did to the original version. In contrast, the 
RSC and TOS treated mirror-reversed scenes as new items. This result could indicate 
that the PPA primarily encodes nonspatial aspects of the scene such as its spatial 
frequency distribution, color, and objects, all of which are unchanged by mirror 
reversal. Indeed, as we see in the next two sections, the PPA is in fact sensitive to these 
properties. However, an equally good account of the Dilks result is that the PPA 
represents spatial information, but in a way that is invariant to left-right reversal. For 
example, the PPA could encode distances and angles between scene elements in an 
unsigned manner — mirror reversal leaves the magnitudes of these quantities unchanged 
while changing the direction of angles (clockwise becomes counterclockwise) and the 
 x -coordinate (left becomes right). 

 In any case the  Dilks et al. (2011)  results suggest that the PPA may encode quanti-
ties that are useful for identifying a scene but are less useful for calculating one ’ s 
orientation relative to the scene. To see this, imagine the simplest case, a scene consist-
ing of an array of discrete identifi able points in the frontoparallel plane. Mirror-
reversal changes the implied viewing direction 180 °  (i.e., if  the original image depicts 
the array viewed from the south, so that one sees the points A-B-C in order from 
left to right, the mirror-reversed image depicts the array viewed from the north, 
so that one sees the points C-B-A from left to right). A brain region involved in 
calculating one ’ s orientation relative to the scene (e.g., RSC) should be sensitive to 
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this manipulation; a brain region involved in identifying the scene (e.g., PPA) should 
not be. This observation is consistent with the neuropsychological evidence reviewed 
earlier that suggests that the PPA is more involved in place recognition, whereas the 
RSC is more involved in using scene information to orient oneself  within the world. 

 Perhaps the strongest evidence that the PPA encodes geometric information comes 
from a study that showed PPA activation during haptic exploration of  “ scenes ”  made 
out of Lego blocks ( Wolbers, Klatzky, Loomis, Wutte,  &  Giudice, 2011 ). As noted 
above, we previously observed that the PPA responds more strongly when subjects 
view Lego scenes than when they view  “ objects ”  made out of the same materials. 
Wolbers and colleagues observed the same scene advantage during haptic exploration. 
Moreover, they observed this scene-versus-object difference both in normal sighted 
subjects and also in subjects who were blind from an early age. This is an important 
control because it shows that PPA activity during haptic exploration cannot be 
explained by visual imagery. These results suggest that the PPA extracts geometric 
representations of scenes that can be accessed through either vision or touch. 

 Coding of Visual Properties 
 The strongest version of the spatial layout hypothesis is that the PPA  only  represents 
geometric information — a  “ shrink-wrapped ”  representation of scene surfaces that 
eschews any information about the color, texture, or material properties of these 
surfaces. However, recent studies have shown that the story is more complicated: in 
addition to coding geometry, the PPA also seems to encode purely visual (i.e., nongeo-
metric) qualities of a scene. 

 A series of studies from Tootell and colleagues has shown that the PPA is sensitive 
to low-level visual properties of an image. The fi rst study in the series showed that 
the PPA responds more strongly to high-spatial-frequency (HSF) images than to low-
spatial-frequency (LSF) images ( Rajimehr, Devaney, Bilenko, Young,  &  Tootell, 
2011 ). This HSF preference is found not only for scenes but also for simpler stimuli 
such as checkerboards. The second study found that the PPA exhibits a cardinal ori-
entation bias, responding more strongly to stimuli that have the majority of their edges 
oriented vertically/horizontally than to stimuli that have the majority of their edges 
oriented obliquely ( Nasr  &  Tootell, 2012 ). As with the HSF preference, this cardinal-
orientation bias can be observed both for natural scenes (by tilting them to different 
degrees) and for simpler stimuli such as arrays of squares and line segments. As the 
authors of these studies note, these biases might refl ect PPA tuning for low-level visual 
features that are typically found in scenes. For example, scene images usually contain 
more HSF information than images of faces or objects; the ability to process this HSF 
information would be useful for localizing spatial discontinuities caused by boundar-
ies between scene surfaces. The cardinal orientation bias might relate to the fact 
that scenes typically contain a large number of vertical and horizontal edges, both in 
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natural and man-made environments, because surfaces in scenes are typically oriented 
by reference to gravity. 

 The PPA has also been shown to be sensitive to higher-level visual properties.  Cant 
and Goodale (2007)  found that it responded more strongly to objects when subjects 
attend to the material properties of the objects (e.g., whether it is made out of metal 
or wood, whether it is hard or soft) than when they attend to the shape of the objects. 
Although the strongest differential activation in the studies is in a collateral sulcus 
region posterior to the PPA, the preference for material properties extends anteriorly 
into the PPA ( Cant, Arnott,  &  Goodale, 2009 ;  Cant  &  Goodale, 2007 ). This may 
indicate sensitivity in the collateral sulcus generally and the PPA in particular to color 
and texture information, the processing of which can be a fi rst step toward scene 
recognition ( Gegenfurtner  &  Rieger, 2000 ;  Goffaux et al., 2005 ;  Oliva  &  Schyns, 
2000 ). In addition material properties might provide important cues for scene recogni-
tion ( Arnott, Cant, Dutton,  &  Goodale, 2008 ): buildings can be distinguished based 
on whether they are made of brick or wood; forests are  “ soft, ”  whereas urban scenes 
are  “ hard. ”  

 In a recent study  Cant and Xu (2012)  took this line of inquiry a step further by 
showing that the PPA is sensitive not just to texture and material properties but also 
to the visual summary statistics of images ( Ariely, 2001 ;  Chong  &  Treisman, 2003 ). 
To show this they used an fMRI adaptation paradigm in which subjects viewed images 
of object ensembles — for example, an array of strawberries or baseballs viewed from 
above. Adaptation was observed in the PPA (and in other collateral sulcus regions) 
when ensemble statistics were repeated — for example, when one image of a pile of 
baseballs was followed by another image of a similar pile. Adaptation was also 
observed for repetition of surface textures that were not decomposable into individual 
objects. In both cases the stimulus might be considered a type of scene, but viewed 
from close-up, so that only the pattern created by the surface or repeated objects is 
visible, without background elements or depth. The fact that the PPA adapts to repeti-
tions of these  “ scenes ”  without geometry strongly suggests that it codes nongeometric 
properties in addition to geometry. 

 Coding of Objects 
 Now we turn to the fi nal kind of information that the PPA might extract from visual 
scenes: information about individual objects. At fi rst glance the idea that the PPA is 
concerned with individual objects may seem like a bit of a contradiction. After all, 
the PPA is typically defi ned based on greater response to scenes than to objects. Fur-
thermore, as discussed above, the magnitude of the PPA response to scenes does 
not seem to be affected by the presence or absence of individual objects within the 
scene ( Epstein  &  Kanwisher, 1998 ). Nevertheless, a number of recent studies have 
shown that the PPA is sensitive to spatial qualities of objects when the objects are 
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presented not as part of a scene, but in isolation. As we will see, this suggests that the 
division between scene and object is a bit less than absolute, at least as far as the PPA 
is concerned. 

 Indeed, there is evidence for a graded boundary between scenes and objects in the 
original paper on the PPA, which examined response to four stimulus categories: 
scenes, houses, common everyday objects, and faces ( Epstein  &  Kanwisher, 1998 ). The 
response to scenes in the PPA was signifi cantly greater than the response to the next-
best stimulus, which was houses (see also  Mur et al., 2012 ). However, the response to 
houses (shown without background) was numerically greater than the response to 
objects, and the response to objects was numerically greater than the response to faces. 
Low-level visual differences between the categories might explain some of these 
effects — for example, the fact that face images tend to have less power in the high 
spatial frequencies, or the fact that images of houses tend to have more horizontal 
and vertical edges than images of objects and faces. However, it is also possible that 
the PPA really does care about the categorical differences between houses, objects, 
and faces. One way of interpreting this ordering of responses is to posit that the PPA 
responds more strongly to stimuli that are more useful as landmarks. A building is a 
good landmark because it is never going to move, whereas faces are terrible landmarks 
because people almost always change their positions. 

 Even within the catchall category of common everyday objects, we can observe 
reliable differences in PPA responses that may relate to landmark suitability.  Konkle 
and Oliva (2012)  showed that a region of posterior parahippocampal cortex that 
partially overlaps with the PPA responds more strongly to large objects (e.g., car, 
piano) than to small objects (e.g., strawberry, calculator), even when the stimuli have 
equivalent retinal size. Similarly,  Amit and colleagues (2012)  and  Cate and colleagues 
(2011)  observed greater PPA activity to objects that were perceived as being larger or 
more distant, where size and distance were implied by the presence of Ponzo lines 
defi ning a minimal scene. 

 The response in the PPA to objects can even be modulated by their navigational 
history. Janzen and Van Turennout (2004) familiarized subjects with a large number 
of objects during navigation through a virtual museum. Some of the objects were 
placed at navigational decision points (intersections), and others were placed at less 
navigationally relevant locations (simple turns). The subjects later viewed the same 
objects in the scanner along with previously unseen foils, and were asked to judge 
whether each item had been in the museum or not. Objects that were previously 
encountered at navigational decision points elicited greater response in the PPA than 
objects previously encountered at other locations within the maze. Interestingly, 
this decision point advantage was found even for objects that subjects did not explic-
itly remember seeing. A later study found that this decision-point advantage was 
reduced for objects appearing at two different decision points ( Janzen  &  Jansen, 2010 ), 
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consistent with the idea that the PPA responds to the decision-point objects because 
they uniquely specify a navigationally relevant location. In other words the decision-
point objects have become landmarks. We subsequently replicated these results in an 
experiment that examined response to buildings at decision points and nondecision 
points along a real-world route ( Schinazi  &  Epstein, 2010 ). 

 Observations such as these suggest that the PPA is in fact sensitive to the spatial 
qualities of objects. Two groups have advanced theories about the functions of the 
PPA under which scene-based and object-based responses are explained by a single 
mechanism. First, Bar and colleagues have proposed that the PPA is a subcompo-
nent of a parahippocampal mechanism for processing contextual associations, by 
which they mean associations between items that typically occur together in the 
same place or situation. For example, a toaster and a coffee maker are contextually 
associated because they typically co-occur in a kitchen, and a picnic basket and a 
blanket are contextually associated because they typically co-occur at a picnic. 
According to the theory, the PPA represents spatial contextual associations whereas 
the portion of parahippocampal cortex anterior to the PPA represents nonspatial 
contextual associations ( Aminoff, Gronau,  &  Bar, 2007 ). Because scenes are fi lled 
with spatial relationships, the PPA responds strongly to scenes. Evidence for this 
idea comes from a series of studies that observed greater parahippocampal activity 
when subjects were viewing objects that are strongly associated with a given context 
(for example, a beach ball or a stove) than when viewing objects that are not 
strongly associated to any context (for example, an apple or a Rubik ’ s cube) ( Bar, 
2004 ;  Bar  &  Aminoff, 2003 ;  Bar, Aminoff,  &  Schacter, 2008 ). A second theory has 
been advanced by  Mullally and Maguire (2011) , who suggest that the PPA responds 
strongly to stimuli that convey a sense of surrounding space. Evidence in support 
of this theory comes from the fact that the PPA activates more strongly when 
subjects imagine objects that convey a strong sense of surrounding space than when 
they imagine objects that have weak  “ spatial defi nition. ”  Objects with high spatial 
defi nition tend to be large and fi xed whereas low-spatial-defi nition objects tend to 
be small and movable. In this view, a scene is merely the kind of object with the 
highest spatial defi nition of all. 

 Is either of these theories correct? It has been diffi cult to determine which object 
property is the essential driver of PPA response, in part because the properties of 
interest tend to covary with each other: large objects tend to be fi xed in space, have 
strong contextual associations, and defi ne the space around them and are typically 
viewed at greater distances. Furthermore, the aforementioned studies did not directly 
compare the categorical advantage for scenes over objects to the effect of object-based 
properties. Finally, the robustness of object-based effects has been unclear. The 
context effect, for example, is quite fragile: it can be eliminated by simply changing 
the presentation rate and controlling for low-level differences ( Epstein  &  Ward, 2010 ), 
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and it has failed to replicate under other conditions as well ( Mullally  &  Maguire, 2011 ; 
 Yue, Vessel,  &  Biederman, 2007 ). 

 To clarify these issues we ran a study in which subjects viewed 200 different objects, 
each of which had been previously rated along six different stimulus dimensions: 
physical size, distance, fi xedness, spatial defi nition, contextual associations, and place-
ness (i.e., the extent to which the object was  “ a place ”  instead of  “ a thing ” ) ( Troiani, 
Stigliani, Smith,  &  Epstein, 2014 ; see   fi gure 6.3 ). The objects were either shown in 
isolation or immersed in a scene with background elements. The results indicated that 
the PPA was sensitive to all six object properties (and, in addition, to retinotopic 
extent); however, we could not identify a unique contribution from any one of them. 
In other words all of the properties seemed to relate to a single underlying factor that 
drives the PPA, which we labeled the  “ landmark suitability ”  of the object. Notably, 
this object-based factor was not suffi cient to explain all of the PPA response on its 
own because there was an additional categorical difference between scenes and objects: 
response was greater when the objects were shown as part of a scene than when they 
were shown in isolation, over and above the response to the spatial properties of the 
objects. This  “ categorical ”  difference between scenes and objects might refl ect differ-
ence in visual properties — for example, the fact that the scenes afford statistical 
summary information over a wider portion of the visual fi eld.    

 Thus, the PPA does seem to be sensitive to spatial properties of objects, responding 
more strongly to objects that are more suitable as landmarks. The fact that the PPA 
encodes this information might explain the fact that previous multivoxel pattern 
analysis (MVPA) studies have found it possible to decode object identity within the 

 Figure 6.3 
 Sensitivity of the PPA to object characteristics. Subjects were scanned with fMRI while viewing 200 
objects, shown either on a scenic background or in isolation. Response in the PPA depended on object 
properties that reflect the landmark suitability of the item; however, there was also a categorical offset 
for objects within scenes (squares) compared to isolated objects (circles). For purposes of display, items 
are grouped into sets of 20 based on their property scores. Solid trend lines indicate a significant effect; 
dashed lines are nonsignificant. Adapted from Troiani, Stigliani, Smith, and Epstein (2014). 
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PPA. Interestingly, the studies that have done this successfully have generally used 
large fi xed objects as stimuli ( Diana, Yonelinas,  &  Ranganath, 2008 ;  Harel, Kravitz, 
 &  Baker, 2013 ;  MacEvoy  &  Epstein, 2011 ), whereas a study that failed to fi nd this 
decoding used objects that were small and manipulable ( Spiridon  &  Kanwisher, 2002 ). 
This is consistent with the idea that the PPA does not encode object identity per se 
but rather encodes spatial information that inheres to some objects but not others. 
Also, it is of note that all of the studies that have examined object coding in the PPA 
have either looked at the response to these objects in isolation or when shown as the 
central, clearly dominant object within a scene ( Bar et al., 2008 ;  Harel et al., 2013 ; 
 Troiani et al., 2012 ). Thus, it remains unclear whether the PPA encodes information 
about objects when they form just a small part of a larger scene. Indeed, as we see 
below, recent evidence tends to argue against this idea. 

 Putting It All Together 
 The research reviewed above suggests that the PPA represents geometric information 
from scenes, nonspatial visual information from scenes, and spatial information that 
can be extracted from both scenes and objects. How do we put this all together in 
order to understand the function of the PPA? My current view is that it is not possible 
to explain all of these results using a single cognitive mechanism. In particular, the 
fact that the PPA represents both spatial and nonspatial information suggests the 
existence of two mechanisms within the PPA: one for processing spatial information 
and one for processing the visual properties of the stimulus. 

 One possibility is that these two mechanisms are anatomically separated. Recall 
that Arcaro and colleagues (2009) found two distinct visual maps in the PPA. Recent 
work examining the anatomical connectivity within the PPA has found an anterior-
posterior gradient whereby the posterior PPA connects more strongly to visual corti-
ces and the anterior PPA connects more strongly to the RSC and the parietal lobe 
( Baldassano, Beck,  &  Fei-Fei, 2013 ). In other words the posterior PPA gets more 
visual input, and the anterior PPA gets more spatial input. This gradient is reminiscent 
of a division reported in the neuropsychological literature: patients with damage to 
the posterior portion of the lingual-parahippocampal region have a defi cit in land-
mark recognition that is observed in both familiar and unfamiliar environments, 
whereas patients with damage located more anteriorly in the parahippocampal cortex 
proper have a defi cit in topographical learning that mostly impacts navigation in novel 
environments ( Aguirre  &  D’Esposito, 1999 ). Thus, it is possible that the posterior 
PPA processes the visual properties of scenes, whereas the anterior PPA incorporates 
spatial information about scene geometry (and also objects, if  they have such spatial 
information associated with them). The two parts of the PPA might work together to 
allow recognition of scenes (and other landmarks) based on both visual and spatial 
properties. Interestingly, a recent fMRI study in the macaque found two distinct 
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scene-responsive regions in the general vicinity of the PPA, which were labeled the 
medial place patch (MPP) and the lateral place patch (LPP) ( Kornblith et al., 2013 ). 
These might correspond to the anterior and posterior PPA in humans ( Epstein  &  
Julian, 2013 ). 

 Another possibility is that the PPA supports two recognition mechanisms that are 
temporally rather than spatially separated. In this scenario, the PPA fi rst encodes the 
visual properties of the scene and then later extracts information about scene geom-
etry. Some evidence for this idea comes from two intracranial EEG (i.e., electrocorti-
cography) studies that recorded from the parahippocampal region in presurgical 
epilepsy patients. The fi rst study ( Bastin, Committeri, et al., 2013 ) was motivated by 
earlier fMRI work examining response in the PPA when subjects make different kinds 
of spatial judgments. In these earlier studies the PPA and RSC responded more 
strongly when subjects reported which of two small objects was closer to the wing of 
a building than when they reported which was closer to a third small object or to 
themselves. That is, the PPA and RSC were more active when the task required the 
use of an environment-centered rather than an object- or viewer-centered reference 
frame ( Committeri et al., 2004 ;  Galati, Pelle, Berthoz,  &  Committeri, 2010 ). When 
presurgical epilepsy patients were run on this paradigm, increased power in the 
gamma oscillation band was observed at parahippocampal contacts for landmark-
centered compared to the viewer-centered judgments, consistent with the previous 
fMRI results. Notably, this increased power occurred at 600 – 800 ms poststimulus, 
suggesting that information about the environmental reference frame was activated 
quite late, after perceptual processing of the scene had been completed. The second 
study ( Bastin, Vidal, et al., 2013 ) was motivated by previous fMRI results indicating 
that the PPA responds more strongly to buildings than to other kinds of objects 
( Aguirre et al., 1998 ). Buildings have an interesting intermediate status halfway 
between objects and scenes. In terms of visual properties they are more similar to 
objects (i.e., discrete convex entities with a defi nite boundary), but in terms of spatial 
properties, they are more similar to scenes (i.e., large, fi xed entities that defi ne the 
space around them). If  the PPA responds to visual properties early but spatial proper-
ties late, then it should treat buildings as objects initially but as scenes later on. Indeed, 
this was exactly what was found: in the earliest components of the response, scenes 
were distinguishable from buildings and objects, but buildings and objects were not 
distinguishable from each other. A differential response to buildings versus nonbuild-
ing objects was not observed until signifi cantly later. 

 These results suggest the existence of two stages of processing in the PPA. The 
earlier stage may involve processing of purely visual information — for example, the 
analysis of visual features that are unique to scenes or the calculation of statistical 
summaries across the image, which would require more processing and hence more 
activity for scenes than for objects. The later stage may involve processing of spatial 



124 Russell A. Epstein

information and possibly also conceptual information about the meaning of the 
stimulus as a place. In this scenario the early stage processes the appearance of the 
scene from the current point of view, whereas the later stage abstracts geometric 
information about the scene, which allows it to be represented in either egocentric or 
allocentric coordinates. The viewpoint-specifi c snapshot extracted in the fi rst stage 
may suffi ce for scene recognition, whereas the spatial information extracted in the 
second stage may facilitate cross talk between the PPA representation of the local 
scene and spatial representations in the RSC and hippocampus ( Kuipers, Modayil, 
Beeson, MacMahon,  &  Savelli, 2004 ). This dual role for the PPA could explain its 
involvement in both scene recognition and spatial learning ( Aguirre  &  D’Esposito, 
1999 ;  Bohbot et al., 1998 ;  Epstein, DeYoe, Press, Rosen,  &  Kanwisher, 2001 ;  Ploner 
et al., 2000 ). 

 Object-Based Scene Recognition 

 A central theme of the preceding section is that the PPA represents scenes in terms 
of whole-scene characteristics, such as geometric layout or visual summary statistics. 
Even when the PPA responds to objects, it is typically because the object is acting as 
a landmark or potential landmark — in other words, because the object is a signifi er 
for a place and thus has become a kind of  “ scene ”  in its own right. There is little 
evidence that the PPA uses information about the objects within a scene for scene 
recognition. This neuroscientifi c observation dovetails nicely with behavioral and 
computational work that suggest that such whole-scene characteristics are used for 
scene recognition ( Fei-Fei  &  Perona, 2005 ;  Greene  &  Oliva, 2009b ;  Oliva  &  Torralba, 
2001 ;  Renninger  &  Malik, 2004 ). 

 However, there are certain circumstances in which the objects within a scene might 
provide important information about its identity or category. For example, a living 
room and a bedroom are primarily distinguishable on the basis of their furniture — a 
living room contains a sofa whereas a bedroom contains a bed — rather than on the 
basis of their overall geometry ( Quattoni  &  Torralba, 2009 ). This observation suggests 
that there might be a second, object-based route to scene recognition, which might 
exploit information about the identities of the objects with a scene or their spatial 
relationships ( Biederman, 1981 ;  Davenport  &  Potter, 2004 ). 

 MacEvoy and I obtained evidence for such an object-based scene recognition 
mechanism in an fMRI study (MacEvoy  &  Epstein, 2011; see   fi gure 6.4, plate 13 ). We 
reasoned that a brain region involved in object-based scene recognition should encode 
information about within-scene objects when subjects view scenes. To test this we 
examined the multivoxel activity patterns elicited by four different scene categories 
(kitchens, bathrooms, intersections, and playgrounds) and eight different objects that 
were present in these scenes (stoves and refrigerators; bathtubs and toilets; cars and 



Neural Systems for Visual Scene Recognition 125

 Figure 6.4 (plate 13) 
 Evidence for an object-based scene recognition mechanism in the lateral occipital (LO) cortex. 
Multivoxel activity patterns elicited during scene viewing (four categories: kitchen, bathroom, 
intersection, playground) were classified based on activity patterns elicited by two objects characteristic 
of the scenes (e.g., stove and refrigerator for kitchen). Although objects could be classified from object 
patterns and scenes from scene patterns in both the LO and the PPA, only LO showed above-chance 
scene-from-object classification. This suggests that scenes are represented in LO (but not in the PPA) in 
terms of their constituent objects. Adapted from MacEvoy and Epstein (2011). 
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traffi c lights; slides and swing sets). We then looked for similarities between the scene-
evoked and object-evoked patterns. Strikingly, we found that scene patterns were 
predictable on the basis of the object-evoked patterns; however, this relationship 
was not observed in the PPA but in the object-sensitive lateral occipital (LO) cortex 
( Grill-Spector, Kourtzi,  &  Kanwisher, 2001 ;  Malach et al., 1995 ). More specifi cally, 
the patterns evoked by the scenes in this region were close to the averages of the pat-
terns evoked by the objects characteristic of the scenes. Simply put, LO represents 
kitchens as the average of stoves and refrigerators, bathrooms as the average of toilets 
and bathtubs.    

 We hypothesized that by averaging the object-evoked patterns, LO might be creating 
a code that allows scene identity (or  gist ) to be extracted when subjects attend broadly 
to the scene as a whole but still retains information about the individual objects that 
can be used if  any one of them is singled out for attention. Indeed, in a related study, 
when subjects looked at briefl y presented scenes with the goal of fi nding a target object 
(in this case, a person or an automobile), LO activity patterns refl ected the target 
object but not the nontarget object, even when the nontarget object was present 
( Peelen, Fei-Fei,  &  Kastner, 2009 ). Thus, LO can represent either multiple objects 
within the scene or just a single object, depending on how attention is allocated as a 
consequence of the behavioral task ( Treisman, 2006 ). 

 A very different fi nding was observed in the PPA in our experiment. The multivoxel 
patterns in this region contained information about the scenes and also about the 
objects when the objects were presented in isolation. That is, the scene patterns were 
distinguishable from each other, as were the object patterns. However, in contrast to 
LO, where the scene patterns were well predicted by the average of the object patterns, 
here there was no relationship between the scene and object patterns. That is, the PPA 
had a pattern for kitchen and a pattern for refrigerator, but there was no similarity 
between these two patterns. (Nor, for that matter, was there similarity between con-
textually related patterns: stoves and refrigerators were no more similar than stoves 
and traffi c lights.) Whereas LO seems to construct scenes from their constituent 
objects, the PPA considers scenes and their constituent objects to be unrelated items. 
Although at fi rst this may seem surprising, it makes sense if  the PPA represents global 
properties of the stimulus. The spatial layout of a kitchen is unlikely to be strongly 
related to the spatial axes defi ned by a stove that constitutes only a small part of a 
whole. Similarly, the visual properties of individual objects are likely to be swamped 
when they are seen as part of a real-world scene. 

 Thus, it is feasible that LO might support a second pathway for scene recognition 
based on the objects within the scene. But is this object-based information used to 
guide recognition behavior? The evidence on this point is unclear. In a behavioral 
version of our fMRI experiment, we asked subjects to make category judgments on 
briefl y presented and masked versions of the kitchen, bathroom, intersection, and 
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playground scenes. To determine the infl uence of the objects on recognition, images 
were either presented in their original versions, or with one or both of the objects 
obscured by a noise mask. Recognition performance was impaired by obscuring the 
objects, with greater decrement when both objects were obscured than when only one 
object was obscured. Furthermore, the effect of obscuring the objects could not be 
entirely explained by the fact that this manipulation degraded the image as a whole. 
Rather, the results suggested the parallel operation of object-based and image-based 
pathways for scene recognition. 

 Additional evidence on this point comes from studies that have examined scene 
recognition after LO is damaged, or interrupted with transcranial magnetic stimula-
tion (TMS).  Steeves and colleagues (2004)  looked at the scene recognition abilities of 
patient D.F., who sustained bilateral damage to her LO subsequent to carbon mon-
oxide poisoning. Although this patient was almost completely unable to recognize 
objects on the basis of their shape, she was able to classify scenes into six different 
categories when they were presented in color (although performance was abnormal 
for grayscale images). Furthermore, her PPA was active when performing this task. 
A TMS study on normal subjects found a similar result ( Mullin  &  Steeves, 2011 ): 
stimulation to LO disrupted classifi cation of objects into natural and manmade but 
actually  increased  performance on the same task for scenes. Another study found no 
impairment on two scene discrimination tasks after TMS stimulation to LO but sig-
nifi cant impairment after stimulation to the TOS ( Dilks et al., 2013 ). In sum, the 
evidence thus far suggests that LO might not be necessary for scene recognition 
under many circumstances. This does not necessarily contradict the two-pathways 
view, but it does suggest that the whole-scene pathway through the PPA is primary. 
Future experiments should attempt to determine what scene recognition tasks, if  any, 
require LO. 

 Conclusions 

 The evidence reviewed above suggests that our brains contain specialized neural 
machinery for visual scene recognition, with the PPA in particular playing a central 
role. Recent neuroimaging studies have signifi cantly expanded our understanding of 
the function of the PPA. Not only does the PPA encode the spatial layout of scenes, 
it also encodes visual properties of scenes and spatial information that can potentially 
be extracted from both scenes and objects. This work leads us to a more nuanced 
understanding of the PPA ’ s function under which it represents scenes but also other 
stimuli that can act as navigational landmarks. It also suggests the possibility that the 
PPA may not be a unifi ed entity but might be fractionable into two functionally or 
anatomically distinct parts. Complementing this PPA work are studies indicating that 
there might be a second pathway for scene recognition that passes through the lateral 
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occipital cortex. Whereas the PPA represents scenes based on whole-scene character-
istics, LO represents scenes based on the identities of within-scene objects. 

 The study of scene perception is a rapidly advancing fi eld, and it is likely that new 
discoveries will require us to further refi ne our understanding of its neural basis. 
In particular, as noted above, very recent reports have identifi ed scene-responsive 
regions in the macaque monkey ( Nasr et al., 2011 ), and neuronal recordings from 
these regions have already begun to expand on the results obtained by fMRI studies 
( Kornblith et al., 2013 ; see  Epstein  &  Julian, 2013,  for discussion). Thus, we must be 
cautious about drawing conclusions that are too defi nitive. Nevertheless, these caveats 
aside, it is remarkable how well the different strands of research into the neural basis 
of scene recognition have converged into a common story. A central goal of cognitive 
neuroscience is to understand the neural systems that underlie different cognitive 
abilities. Within the realm of scene recognition, I believe the fi eld can claim some 
modicum of success. 
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 Note 

 1.   In  Epstein and Morgan (2012)  we consider two other possible scenarios. Under the first scenario 
fMRIa operates at the synaptic input to each unit ( Epstein et al., 2008 ;  Sawamura, Orban,  &  Vogels, 
2006 ), whereas MVPA indexes neuronal or columnar tuning ( Kamitani  &  Tong, 2005 ;  Swisher et al., 
2010 ). If  this scenario is correct, the PPA might be conceptualized as taking viewpoint-specific inputs 
and converting them into representations of place identity and scene category. Under the second 
scenario, fMRIa reflects the operation of a dynamic mechanism that incorporates information about 
moment-to-moment expectations ( Summerfield, Trittschuh, Monti, Mesulam,  &  Egner, 2008 ), whereas 
MVPA reflects more stable representational distinctions, coded at the level of the neuron, column, or 
cortical map ( Kriegeskorte, Goebel,  &  Bandettini, 2006 ).   
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