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Abstract 18 

 Categorization performance is a popular metric of scene recognition/understanding in 19 

behavioural and computational research. However, categorical constructs and their labels can 20 

be somewhat arbitrary. Derived from exhaustive vocabularies of place names (e.g., Deng et 21 

al., 2009), or the judgements of small groups of researchers (e.g., Fei-Fei, Iyer, Koch, & 22 

Perona, 2007), these categories may not correspond to human-preferred taxonomies.  Here, 23 

we propose CIRCA: an unsupervised, data-driven clustering method for deriving ground-24 

truth scene categories.  In Experiment 1, human subjects organised 80 stereoscopic images of 25 

outdoor scenes from the SYNS dataset (Adams et al., 2016) into discrete categories.  In 26 

separate tasks, images were grouped according to (i) semantic content, (ii) 3D spatial 27 

structure, or (iii) 2D image appearance.  Subjects provided text labels for each group.  Using 28 

the CIRCA method, we determined the most representative category structure and then 29 

derived category labels for each task/dimension.  In Experiment 2, we found that these 30 

categories generalized well to a larger set of SYNS images, and new observers.  In 31 

Experiment 3, we tested the relationship between our category systems and the spatial 32 

envelope model (Oliva & Torralba, 2001). Finally, in Experiment 4, we validated CIRCA on 33 

a larger, independent dataset of same-different category judgements. The derived category 34 

systems outperformed the SUN taxonomy (Xiao, Hays, Ehinger, Oliva, & Torralba, 2010) 35 

and an alternative clustering method (Greene, 2019). In summary, we believe this novel 36 

categorization method can be applied to a wide range of datasets to derive optimal 37 

categorical groupings and labels from psychophysical judgements of stimulus similarity.   38 

 39 

Key words: High-Level Scene Perception, Scene Categorization, Clustering  40 
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Category Systems for Real-World Scenes 41 

The visual properties of real-world environments have enormous heterogeneity: no 42 

two scenes are exactly alike.  Scene categories allow us to organise environments into 43 

meaningful, discrete classes that represent their statistical regularities, and provide a coarse, 44 

efficient description of the environment.  Category membership provides information about 45 

the probable activities, objects, and layouts associated with a scene, and serves as a 46 

convenient descriptor - most people can easily visualise the typical characteristics of forests 47 

or beaches, for example.  It is unsurprising, then, that categorization performance is a 48 

popular metric of scene understanding in behavioural and computational research.   49 

Scene categorization is achieved with impressive efficiency and minimal cognitive 50 

resources: novel images can be categorized from brief presentation durations (Fei-Fei et al., 51 

2007; Potter, 1976), from only foveal, or only peripheral, visual information (Larson, 52 

Freeman, Ringer, & Loschky, 2014; Larson & Loschky, 2009), and in the near-absence of 53 

attention (Li, VanRullen, Koch, & Perona, 2002).  The computational processes that 54 

underpin this ability have been extensively investigated (Malcolm, Groen, & Baker, 2016), 55 

however, most research does not scrutinise the taxonomical structure of applied category 56 

systems – i.e., the ontological ‘realness’ of the individual categories, the lawfulness of the 57 

categorical boundaries, the number of categories, etc. In this introduction, we discuss 58 

different taxonomies of real-world scenes, and review a number of visual features that are 59 

thought to underpin human scene categorization.  We discuss behavioural and computational 60 

evidence that feature diagnosticity depends on taxonomy, and then outline the importance of 61 

establishing more rigorous taxonomies.  62 

Systems of Categorization 63 

Category systems can differ in their descriptive scope: a single environment might be 64 

described as ‘natural’, ‘forest’, or ‘deciduous thicket’.  Each description carries a different 65 

amount of detail.  Tree hierarchies have been used to represent the multi-level organisation 66 

of categories (Rosch, 1975; Rosch, 1999; Rosch & Lloyd, 1978; Rosch & Mervis, 1975; 67 

Tversky & Hemenway, 1983).  Superordinate categories (e.g. natural/man-made or 68 

indoor/outdoor distinctions) are located at the highest tier of the hierarchy, basic-level 69 

categories describe variations within superordinate categories (e.g., mountain and coast are 70 

subdivisions of natural scenes) and subordinate categories capture finer distinctions within 71 

basic-level categories (e.g., pebbly beaches and sea cliffs within coastal scenes).  72 

Rosch and Lloyd (1978) argue that “the task of category systems is to provide 73 

maximum information with the least cognitive effort” (pp. 10) and propose that basic-level 74 
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categories offer the most economical mode of description.  Indeed, basic-level names are 75 

usually the default: we tend to describe a scene as a ‘forest’, avoiding coarser descriptions 76 

such as ‘natural’, or finer qualifications like ‘a coniferous forest in autumn’ (Hajibayova, 77 

2013).  Basic-level categories purportedly offer an optimal trade-off between distinctiveness 78 

and informativeness (Murphy & Smith, 1982; Rosch & Lloyd, 1978; Tversky & Hemenway, 79 

1983), and, unlike superordinate categories, may be encoded automatically/involuntarily in 80 

response to visual images (Greene & Li, 2014).  81 

Category Systems and Feature Encoding 82 

While there seems to be a general preference for using basic-level categories, factors 83 

including stimulus presentation duration (Kadar & Ben-Shahar, 2012; Loschky & Larson, 84 

2010), presentation order (Mack & Palmeri, 2015), and familiarity (Anaki & Bentin, 2009), 85 

can bias scene categorization towards superordinate or subordinate distinctions. Similarly, 86 

the ‘entry level’ (i.e., most quickly accessed level) of object categorization is affected by 87 

stimulus typicality and the observer’s subjective expertise (Johnson & Mervis, 1997; 88 

Jolicoeur, Gluck, & Kosslyn, 1984; Murphy & Brownell, 1985; Tanaka & Taylor, 1991).  89 

Ease of categorization may reflect where an image sits relative to the boundaries that 90 

carve out the ‘perceptual space’ into distinct categories (Sofer, Crouzet, & Serre, 2015). 91 

Sampling images that maximize the distance to a relevant category boundary (e.g., natural / 92 

man-made), facilitates category discrimination (Sofer et al., 2015).  Thus, the category 93 

system, in addition to individual differences, may alter the cues that are informative for 94 

categorization (see Figure 1). In the related case of object categorization, encoding of 95 

background/context (Prass, Grimsen, Konig, & Fahle, 2013), orientation (Hamm & 96 

McMullen, 1998), and high spatial frequencies (Collin, 2006; Collin & McMullen, 2005) 97 

varies over different category systems (i.e., over different levels in the tree-hierarchy of 98 

categories). As we explore below, similar effects have been observed for scene 99 

categorization.  This interplay between perceptual coding and categorization highlights the 100 

importance of understanding the category systems that humans naturally use. 101 

 102 



CATEGORY SYSTEMS FOR REAL-WORLD SCENES 5 

 

 103 

Figure 1. A toy example of how particular category structures can determine the visual 104 

features informative for discrimination. Colour cues may be sufficient to discriminate natural 105 

images from street images (A), but less informative for discriminating subsets of natural 106 

scenes (B, field & forest categories). In this case, information about the spatial structure 107 

(among other features; see below for discussion) would be useful.  108 

 109 

 Objects. The hierarchical architecture of the human visual system suggests that 110 

complex perceptual representations are built from collections of simpler 111 

components/features.  Early theories similarly held that scene recognition proceeds from an 112 

initial stage in which the identity and position of individual shapes/objects is determined 113 

(Bulthoff & Mallot, 1988; Hildreth, 1987; Marr, 1982; Watt, 1990). Experimental work 114 

suggests that object identification improves subordinate scene category discrimination 115 

(Collin & McMullen, 2005; Malcolm, Nuthmann, & Schyns, 2014). However, basic-level 116 

and superordinate scene categories are identified in parallel with object categories (Fabre-117 

Thorpe, 2011; Joubert, Rousselet, Fize, & Fabre-Thorpe, 2007; Rousselet, Joubert, & Fabre-118 

Thorpe, 2005; VanRullen & Thorpe, 2001), and computing superordinate/basic-level scene 119 

category from object statistics is computationally expensive (Greene, 2013). These results 120 

suggest that objects are more useful for subordinate categorization, possibly due to stronger 121 

object predictability for subordinate categories, or redundancy between object identities and 122 

concurrently available low-level image features for coarser category discriminations (see 123 

below). It has also been argued that objects may be more frequent and diverse in indoor 124 

scenes (Greene, 2013).  As a result, empirical measurements of the utility of object 125 

identification for scene categorization may depend on the prevalence of indoor categories in 126 

the dataset/experiment.  127 

StreetNatural Field
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Street
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Hypothetical Colour Boundary
Hypothetical Colour Boundary
Hypothetical Spatial Structure Boundary



CATEGORY SYSTEMS FOR REAL-WORLD SCENES 6 

 

 Spatial Layout. According to the Spatial Envelope Model (Oliva & Torralba, 2001, 128 

2006; Torralba & Oliva, 2002, 2003), an image’s semantic category (e.g. beach/forest) can 129 

be recovered using a small set of image descriptors termed spatial envelope properties (e.g., 130 

openness, naturalness, roughness, etc.) that represent the spatial layout of the scene (Figure 131 

2). Classifiers trained to predict semantic categories from human-labelled spatial envelope 132 

properties perform similarly to humans (Greene & Oliva, 2006, 2009b).  Moreover, 133 

adaptation studies suggest that human category representations rely on spatial envelope 134 

properties, or correlated features: after prolonged viewing of an image set with similar 135 

spatial envelope properties, subsequent categorization is biased away from the adaptation set 136 

(Greene & Oliva, 2010). For example, adaptation to images high in openness generates a 137 

bias towards low-openness categories such as forests. Spatial envelope properties may be 138 

computed from statistics of low-level visual features (e.g., histograms of edges or Fourier 139 

amplitude spectra) pooled over large areas of the visual field (Oliva & Torralba, 2001). For 140 

example, human-rated spatial envelope properties can be predicted by the GIST image 141 

descriptor proposed by Oliva and Torralba (2001). The GIST descriptor computes a 142 

histogram of average responses to Gabor-like filters at different orientations and scales over 143 

different spatial regions of an image (usually a 4x4 grid). Because global GIST features 144 

predict human-rated spatial envelope properties, which in turn predict semantic categories, a 145 

core tenet of the Spatial Envelope Model is that category membership can be determined 146 

without parsing an image into its constituent objects (Oliva & Torralba, 2001).1  147 

 148 
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 149 

Figure 2. The spatial layout of natural scenes correlates with low-level global image 150 

features. (A) Images from the SYNS dataset (Adams et al., 2016). (B) Variations in pixel 151 

intensity across the image capture some characteristics of the scene’s spatial structure 152 

without object segmentation. Height corresponds to pixel luminance (images were low-pass 153 

filtered with a gaussian kernel: bandwidth = 50 pixels). (C) Spectrograms provide a 154 

visualization of the distribution of low-level image features. High energy is indicated in each 155 

polar plot by dark regions. For example, in the image on the right, contrast energy is 156 

concentrated in the lower half of the image, where there are horizontal image structures of 157 

high spatial frequencies (note that the high-energy, dark regions in the lower Fourier plots 158 

are vertically oriented and close to the centre of each plot). The GIST feature descriptor 159 

provides a summary of these image spectra. (D) Spatial envelope properties, such as 160 

roughness and openness, can be predicted from GIST. Figure adapted from Oliva and 161 

Torralba (2001).  162 
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 163 

 The spatial envelope model predicts that category systems that maximise between-164 

category differences in coarsely-localised GIST features will be discriminated more 165 

efficiently by humans. Although basic-level categories are thought to be encoded more or 166 

less automatically (see above), some work has shown that superordinate categorization in 167 

fact precedes basic-level categorization (Fabre-Thorpe, 2011; Kadar & Ben-Shahar, 2012; 168 

Loschky & Larson, 2010; Sun, Ren, Zheng, Sun, & Zheng, 2016). According to the spatial 169 

envelope model, this superordinate advantage emerges because superordinate categories are 170 

more separable in the GIST feature space than basic-level categories (Loschky & Larson, 171 

2010; Oliva & Torralba, 2001). Indeed, if a biased sample of images maximizes the 172 

discriminability of basic-level members in GIST-space, basic-level categorization precedes 173 

superordinate categorization (Sofer et al., 2015). The spatial envelope model also predicts 174 

that GIST features discriminate man-made/natural categories better than indoor/outdoor 175 

categories (Oliva & Torralba, 2001), and behavioural work confirms that natural/man-made 176 

category distinctions are faster than indoor/outdoor distinctions (Banno & Saiki, 2015; Kadar 177 

& Ben-Shahar, 2012). In other words, not all superordinate categories are distinguished 178 

equally easily, and this could reflect differences in the perceptual availability of 179 

discriminative spatial layout information. 180 

 Affordances. An alternative, affordance-centered account of category representations 181 

emphasises that the “conceptual structure of environments is driven primarily by the scene’s 182 

functions, or the actions that one could perform in the scene” (Greene, Baldassano, Esteva, 183 

Beck, & Li, 2016; Groen et al., 2018).  Greene et al. (2016) suggest that scene categories are 184 

better predicted by functional information than features such as colour, spatial layout, 185 

attributes (surfaces, materials, etc.), object co-occurrence statistics, etc. Importantly 186 

however, affordances necessitate objects to be acted upon, or spaces to be acted within – and 187 

thus rely on extracting objects and spatial structure.  Moreover, though Greene et al.’s (2016) 188 

affordances are stronger predictors of human categorization than categorization models 189 

based on GIST, or other low-level image statistics (e.g., Oliva & Schyns, 2000; Oliva & 190 

Torralba, 2001), the latter models were expressly formulated to reveal the diagnostic features 191 

of early visual representations and were tested on superordinate or basic-level categories 192 

(for example, the spatial envelope model was formulated to discriminate eight basic level 193 

categories; Oliva & Torralba, 2001).  In contrast, Greene et al. (2016) tested these models on 194 

311 subordinate categories.  Low-level image statistics may be more useful for basic- or 195 
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superordinate-level scene categorization, while subordinate-level scene categorization may 196 

be more closely related to affordances. 197 

Colour.  The greenness of forests, blueness of coastlines, and yellowness of deserts 198 

are highly predictive low-level features for categorization (Goffaux et al., 2005).  199 

Abnormally-coloured scenes (e.g., a beach scene with a yellow sky and blue sand) that 200 

contain the same colour-segmentation cues as normal scenes (i.e., with similar 201 

discontinuities in hue at object / surface boundaries) take longer to categorize (Castelhano & 202 

Henderson, 2008; Goffaux et al., 2005; Oliva & Schyns, 2000). Hence, colour improves 203 

categorization not only because it may benefit segmentation, but because some categories 204 

have well-defined colour profiles. Colour-based improvements are larger for indoor/outdoor 205 

urban discriminations than natural/manmade discriminations (Rousselet et al., 2005), 206 

presumably because artificially illuminated indoor scenes tend to be more 207 

‘yellowish/brownish’ than either natural or manmade outdoor scenes (Rousselet et al., 2005). 208 

Computational work confirms that colour cues reliably discriminate indoor/outdoor images 209 

(Szummer & Picard, 1998; Tong, Shi, Yan, & Wei, 2017).  Clearly, the benefit of colour 210 

information varies with the distribution of colours within and between category 211 

representations. 212 

In this brief review of four feature dimensions (objects, spatial structure, affordances, 213 

and colour), we have highlighted how the cues informative for categorization depend on the 214 

taxonomical structure of the chosen category system. This dependence highlights the 215 

importance of understanding the actual scene taxonomies that humans rely on when viewing 216 

real-world scenes.  Next, we discuss the strengths and weaknesses of existing approaches to 217 

taxonomizing real-world scenes. 218 

 219 

Existing Scene Taxonomies 220 

Large-scale databases such as ImageNet (Deng et al., 2009), Places (Zhou, 221 

Lapedriza, Xiao, Torralba, & Oliva, 2014), and SUN (Xiao et al., 2010) have used WordNet 222 

(Miller, 1995) to identify quasi-exhaustive dictionaries of category terms. These terms are 223 

then entered into search engines to collect image stimuli.  However, the fine granularity of 224 

WordNet labels is atypical of human language: humans show up to 32.7% disagreement 225 

regarding the meaning of these labels (Chklovski & Mihalcea, 2003). WordNet was built by 226 

expert lexicographers and many terms require substantial esoteric knowledge.  For example, 227 

‘dolmen’, ‘medina’, ‘indoor cloister’, ‘mastaba’, and ‘oast house’ are all categories from 228 

WordNet used in the SUN and Places databases (Xiao et al., 2010; Zhou et al., 2014). 229 
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Computational work has shown that merging these fine-grained representations into larger 230 

clusters improves word-sense disambiguation (i.e., the identification of the correct meaning 231 

of a word, given multiple meanings - e.g., 'Bass'; Navigli, 2006; Snow, Prakash, Jurafsky, & 232 

Ng, 2007), and recent behavioural work suggests that humans integrate these senses into 233 

simpler taxonomies with fewer categories (Greene, 2019). 234 

 Additional problems may stem from the putative interchangeability of category terms 235 

such as ‘coast’, ‘beach’ and ‘seaside’. Well-documented effects of cognitive-linguistic 236 

categories on early visual processing suggest that different category labels may elicit 237 

different visual representations, and different categorization behaviour (e.g., Bentin & 238 

Golland, 2002; Goffaux, Jemel, Jacques, Rossion, & Schyns, 2003; Schyns & Oliva, 1999). 239 

Semantic labels modulate low-level visual representations within 44-150 ms of stimulus 240 

onset (Boutonnet & Lupyan, 2015; Maier, Glage, Hohlfeld, & Rahman, 2014; Noorman, 241 

Neville, & Simanova, 2018) – a time-window in which important scene properties such as 242 

colour and spatial structure are encoded (Cichy, Khosla, Pantazis, & Oliva, 2017; Goffaux et 243 

al., 2005; Ramkumar, Hansen, Pannasch, & Loschky, 2016).  Thus, it is important to 244 

establish the category labels that participants would most frequently/naturally employ.    245 

 246 

Main Research Question 247 

We have argued that the taxonomical structure of category systems employed in 248 

empirical perceptual research can undesirably confound scene perception and categorization 249 

responses. To address this problem, we aim to develop a method to identify the categories 250 

that humans most naturally use to taxonomize visual environments. In Experiment 1 we 251 

present a novel method to derive ground-truth category systems from human grouping 252 

judgements in a flexible image sorting and labelling task that minimises 253 

instruction/experimenter bias.  We present category systems for three dimensions: 254 

Semantics, 3D spatial structure, and 2D appearance.  In Experiment 2 we label a larger 255 

number of images from the SYNS dataset using these categories, and examine the 256 

generalizability of the categories derived from Experiment 1. We also explore the 257 

relationships between generated categories across the three dimensions.  In Experiment 3, we 258 

examine the relationship between our category systems and the spatial envelope model. 259 

Finally, in Experiment 4, we evaluate our method on a larger and completely independent 260 

dataset, using a different experimental paradigm.  261 

 262 

Experiment 1 263 
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Method 264 

Participants.  A convenience sample of 24 naïve undergraduate and postgraduate 265 

students (19 female; age range: 18-26) from the University of Southampton participated as 266 

volunteers, or in return for course credits.  Each of the three tasks (semantic, 3D spatial 267 

structure, 2D appearance) was completed by 20 subjects (individual subjects completed 2 or 268 

3 tasks each; order was counterbalanced).  For all experiments, informed consent was 269 

obtained prior to experimentation, and ethical approval was acquired from the Research 270 

Governance Office, University of Southampton.   271 

 272 

Materials.  Eighty full-colour stereo-pairs (one randomly sampled pair from every 273 

scene) were sampled from the Southampton-York Natural Scenes (SYNS) database (Adams 274 

et al., 2016).  Stimuli were presented on a dual-monitor display (two 32-inch, 2560 x 1440, 275 

75-Hz, ASUS PB328Q monitors) via a single-bounce Wheatstone mirror stereoscope at an 276 

effective viewing distance of 83.5 cm.  Stimuli were presented en masse as monoscopic 277 

thumbnails (3.98 x 2.64 degrees of visual angle) but observers selected individual images for 278 

enlarged stereoscopic viewing. (Grouping was performed using stereoscopic images to 279 

capture the role of binocular depth cues in scene perception.) The stereoscopic images were 280 

displayed at 31.12 x 22.36 degrees of visual angle.  Every subject viewed the same images.  281 

The entire task was programmed in MATLAB (MathWorks, Inc., Natick, MA).  282 

 283 

Procedure.  Subjects sorted images into discrete categories. This task was completed 284 

separately for each of the three dimensions. Task instructions informed subjects of the 285 

grouping system they would use (see Appendix for full instructions). 286 

  Semantic Task.  Images were grouped by the “type of place” (e.g., mountain).   287 

3D Spatial Structure Task.  Images were sorted according to their depth structure.  288 

Subjects were encouraged “to think about the 3D model that you would have to physically 289 

build to represent each scene” and to consider how the physical structure of some scenes 290 

might be similar/different. 291 

2D Appearance Task.  Images were grouped by their two-dimensional appearance 292 

(ignoring variations in 3D structure).  Subjects were instructed to attend to the “colours, 293 

patterns… or textures”, materials, luminosity, etc., (e.g., blue or red).   294 

In every task, subjects were urged to consider each image in its entirety, and 295 

discouraged from focussing on smaller sub-regions like individual objects.  Subjects were 296 

limited to between 3 and 10 categories.  This constraint served as a liberal middle-ground 297 
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between accepted set-sizes of superordinate (2-3; e.g., Fei-Fei et al., 2007; Oliva & Torralba, 298 

2001), and basic-level categories (7-13; e.g., Fei-Fei & Perona, 2005; Vailaya, Jain, & 299 

Zhang, 1998).  Although there are undoubtably a larger number of possible categories than 300 

our limit of 10, the SYNS dataset only contains a subset of all possible outdoor scenes 301 

(Adams et al., 2016). Categories could contain a minimum of two images.  302 

Each Task contained three activities: ‘Sort’, ‘Group’, & ‘Label’ (Figure 3).  Subjects 303 

accessed each activity by clicking corresponding tabs at the bottom of the display using the 304 

mouse.   305 

 306 

 307 

Figure 3.  Schematic of the categorization task.  Images were initially presented in 5 ‘stacks’ 308 

of images (randomly assigned) on the left margin of the display.  Sort: Subjects dragged and 309 

dropped each image into the workspace, stacking same-category images.  Enlarged, 310 

stereoscopic versions of each image could be viewed at any time.  Group: Subjects checked 311 

the validity of all categories and returned to the Sorting stage if any categories contained 312 

only one image or if the number of categories fell outside the range of 3-10.  Label: Subjects 313 

labelled each category.   314 

  315 
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Sort.  All 80 images were initially stacked in random order on the left margin of the 316 

display.  Subjects created categories by dragging images, one at a time, into the workspace; 317 

categories were defined as any set of overlapping images.  Enlarged stereoscopic versions of 318 

the images were viewed by simultaneously pressing two mouse buttons.   319 

Group.  Category validity was automatically checked.  If subjects generated fewer 320 

than 3, or more than 10 groups, a thick black frame highlighted all categories. If any group 321 

contained fewer than 2 images, the invalid category/categories were highlighted.  Valid 322 

groups were each highlighted with a differently-coloured border.  Subjects continued to the 323 

‘Label’ stage once all categories were valid.   324 

Label.  Subjects typed between 1 and 5 labels to describe each group of images.  325 

Subjects had unlimited time to complete each categorization task and took an average 326 

of 30 minutes per task. 327 

 328 

The CIRCA Clustering Method. We developed the CIRCA method (Clustering by 329 

Increasing the Rand index via Coordinate Ascent) to organize images into categories based 330 

on psychophysical judgements of stimulus similarity. In an experiment that generates 331 

pairwise similarity responses, such as the sorting experiment described above, it is possible 332 

to represent each subject’s data using an ! x ! similarity matrix that codes the pairwise 333 

similarity between all images by a series of 1s and 0s (1 if a given pair were placed into the 334 

same group, and 0 if they were not).  Averaging these matrices across subjects gives ", a 335 

similarity matrix that codes the average association between every image pair.  Our ultimate 336 

aim is to identify the set of categories that maximises in-group similarities and minimises 337 

out-group similarities in ".   338 

The Rand Index quantifies the agreement between two sets of categories by summing 339 

(i) the number of pairs that are in the same category in both sets, and (ii) the number of pairs 340 

that are in different categories for both sets, and dividing by the total number of pairs (Rand, 341 

1971).  A score of 1 represents perfect agreement between two sets of categories, and 0 342 

represents no agreement.   343 

Since the Rand index quantifies the agreement between sets of hard categories 344 

(where each datapoint belongs to only one category), and " represents category membership 345 

on a continuum, we adapted the Rand index to determine #, the agreement between the 346 

similarity matrix " and a proposed clustering $ = &!, &", … &#, where &$ represents the 347 
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category to which image i has been assigned.  Let )$%	be the (+, ,)th element of ", measuring 348 

the similarity of images i and j.  Then, we define the affinity between $ and " as: 349 

 350 

(1)    #	 = 	 !
#(#(!)/"∑ 0&$ = &%1)$%	 + 0&$ ≠ &%101 − )$%	1%+$  351 

Our goal is to find the clustering $ that maximizes the affinity #. We maximize # by 352 

iterative coordinate ascent from a random initial clustering.  On each iteration, reassignment 353 

of a randomly selected image to a randomly selected category is proposed.  Proposals that 354 

increase #, and therefore improve the agreement between " and $, are accepted. This is 355 

repeated until no move increases # (i.e., until a stationary point is reached). Because it is 356 

possible for our method to converge at local maxima, this entire procedure is repeated from a 357 

number of different starting positions (initial clusterings).  358 

Given ! stimuli and 6 clusters, there are 6# possible clustering solutions, and, on 359 

every iteration of coordinate ascent, the maximum number of proposals before a single 360 

reassignment is !(6 − 1). We empirically tested the time complexity of our method on 361 

simulated datasets of various sizes, and found that time-to-convergence (i.e., stationarity) 362 

increases linearly as a function of !, and increases with 6 following a power law (see 363 

Supplementary Materials, Figure S1).  364 

To find the globally optimal clustering, our method can be implemented multiple 365 

times for different numbers of clusters. To protect against overfitting, we cross-validate 366 

clusterings on left-out data using the adjusted form of the Rand index (ARI), which controls 367 

for variation in chance-level agreement as a function of the number of clusters (Hubert & 368 

Arabie, 1985).2 If the validation data is a hard clustering, then the ARI is calculated as in 369 

Hubert & Arabie (1985), but if the validation data is a soft clustering (e.g., an average of 370 

responses from multiple observers), which has an undefined number of clusters, then the 371 

adjustment to the Rand index can be calculated by simulating the agreement between the 372 

validation set, and a random clustering with the same number of clusters as the model. The 373 

soft-clustering formulation of the ARI is then: 374 

(2)     789 = ,-!(,-"
!(,-"

 375 

Where 89. is the rand index from the model, and 89/ is the rand index from the random 376 

clustering. 377 

A comparison against popular alternative clustering algorithms (k-medoids and 378 

spectral clustering), reveals that our method is more robust against response noise 379 

(Supplementary Materials, Figure S2). Moreover, we show that our method tolerates high 380 
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levels of inter-observer disagreement, and reproduces the exact clustering given an internally 381 

consistent set of similarity judgements (Figure S3).   382 

Code for the MATLAB implementation of this algorithm is available at: 383 

https://github.com/mattanderson94/CIRCA_Clustering. 384 

 385 

Statistical Analyses. For the semantic, 3D spatial structure, and 2D appearance 386 

sorting tasks, we identified the category system that best represented the grouping 387 

judgements of all subjects.  To this end, we: (i) identified the optimal number of categories, 388 

(ii) determined the optimal category for each image, and (iii) selected names for each 389 

category from subjects’ labels.  We describe our method of solving each of these problems in 390 

turn. 391 

Identifying the Optimal Number of Categories. First, for a given task, we identified 392 

the optimal number of categories using the CIRCA method. We considered clusterings with 393 

between k = 1:20 distinct categories.  To avoid overfitting, we employed leave-one-out cross 394 

validation (LOOCV) over our 20 subjects, leaving each subject out in turn and calculating 395 

the averaged 80 x 80 similarity matrix from the remaining 19 subjects. We applied our 396 

method 1000 times (i.e., from 1000 different random initial clusterings) to find the clustering 397 

that produced the highest agreement with the left-out subject (measured using the ARI). The 398 

optimal number of categories was then identified as the k that produced the maximum ARI 399 

between the optimized clustering and left-out subjects’ data, averaged across all (left-out) 400 

subjects. 401 

Defining the Optimal Group-Level Solution. Having identified the optimal number 402 

of categories, we determined the optimal group-level clustering using the CIRCA method on 403 

a similarity matrix based on the data from all 20 subjects.  (Here, we used 10,000 random 404 

initializations).   405 

Assigning Subject-Generated Labels to Each Category.  Next, we assigned labels to 406 

the optimal group-level categories.  We used the ARI to quantify the agreement between 407 

every group-level category and every raw subject-generated category (and associated labels) 408 

while holding all other subject-generated, and group-level categories constant.  Consider, for 409 

example, a subject that constructed 4 categories.  First, we isolate category 1 – and partial 410 

out the rest – 2, 3 and 4 – by assigning them all to a common, second category, and then we 411 

apply the same treatment to the group-level categories.  The ARI determines how well the 412 

selected subject’s category (and associated label) describes the selected group-level category.  413 

ARIs for categories with matching labels from different subjects (i.e., multiple uses) were 414 
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summed.  Pluralisms, nouns, adjectives and verbs with a common stem were treated as the 415 

same – e.g., one observer might have used the label ‘farms’, and another observer, ‘farm’, or 416 

‘farming’.  The ‘winning’ label with the greatest summed ARI was assigned to each 417 

category.   418 

To ensure that the final labels represented all images in the category, a secondary 419 

label was assigned to a category where it (i) conferred novel meaning beyond the primary 420 

label, and (ii) was strongly associated with the images within the category.  To quantify 421 

requirement (i), we determined the semantic similarity between the primary label (i.e., the 422 

label with the greatest ARI per category), and every other label using spaCy v2.0 423 

(http//demos.explosion.ai/similarity/).  Labels with similarity scores below .50 were deemed 424 

sufficiently low to capture a new/different meaning.  For example, ‘Beach’ and ‘Seaside’ 425 

describe semantically overlapping concepts (semantic similarity = .71) and thus provide 426 

redundant information, whereas ‘Car Park’ and ‘Commercial’ (semantic similarity = .43) 427 

refer to different scene types.  Requirement (ii) was met by normalising per-label ARIs to 428 

range from 0 to 1, and rejecting values below .65.  429 

Data can be downloaded here: https://doi.org/10.5258/SOTON/D1649.  430 

 431 

Results 432 

Figure 4 summarises the results of the LOOCV analyses used to identify the optimal 433 

number of categories. Within each task / dimension, a single peak in the average ARI can be 434 

observed: the optimal number of categories for the semantic, 3D spatial structure, and 2D 435 

appearance categories were 6, 4 and 5 respectively (vertical dashed lines).  Inter-observer 436 

agreement (as indexed by agreement between the derived group-level categories and each 437 

observer’s data) was substantially higher in the semantic task (ARI = .59) than the 3D spatial 438 

structure (ARI = .35) and 2D appearance tasks (ARI = .37).   439 

 440 
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 441 

Figure 4. The optimal number of categories per dimension was determined via LOOCV.  442 

The y-axis gives the maximum ARI averaged over 20 subjects (from 1000 random 443 

initializations of LOOCV) as a function of the number of clusters, k, (x-axis). Shaded regions 444 

represent ±1 subject standard error. Vertical dashed lines identify the global maximum for 445 

each dimension. 446 

 447 

Semantic Categorization.  The images associated with each group-level derived 448 

category are presented in Figure 5, with the optimal label(s). The category labels are: 449 

‘Nature’, ‘Road’, ‘Residence’, ‘Farm’, ‘Beach’, ‘Car Park’ / ‘Commercial’. 450 

 451 
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 452 

Figure 5.  Images assigned to the 6 optimal semantic categories.  Above each category we 453 

present the category labels, which were derived by summing the ARIs over the multiple uses 454 

across different subjects, and picking the maximum/maxima.  455 

 456 

3D Spatial Structure Categorization.  The optimal 3D spatial structure categories 457 

are presented in Figure 6.  The category labels are: ‘Cluttered’ / ‘Pointy’, ‘Closed Off’, 458 

‘Flat’, and ‘Tunnel’ / ‘Navigable Routes’.   459 

 460 

Nature (Summed ARI = 2.93; 5 Uses)

Road (Summed ARI = 3.31; 7 Uses)

Residence (Summed ARI = 4.66; 6 Uses)

Farm (Summed ARI = 2.62; 4 Uses)

Beach (Summed ARI = 4.58; 5 Uses)

Car Park / Commercial (Summed ARI = 1.93 / 1.46; 5 / 6 Uses)
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 461 

Figure 6.  Images assigned to the 4 optimal 3D spatial structure categories.  Above each 462 

category we present the category labels, which were derived by summing the ARIs over the 463 

multiple uses across different subjects, and picking the maximum/maxima. 464 

 465 

2D Appearance Categorization.  The optimal 2D appearance categories are 466 

presented in Figure 7.  The category labels are: ‘Dark’, ‘Bright’, ‘Blue’ ‘Green’, and 467 

‘Brown’. 468 

 469 

Cluttered / Pointy (Summed ARI = 0.97 / 0.83; 2 / 1 Uses)

Closed O! (Summed ARI = 1.24; 2 Uses)

Flat (Summed ARI = 2.61; 11 Uses)

Tunnel / Navigable Routes (Summed ARI = 0.78 / 0.51; 2 / 1 Uses)
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 470 

Figure 7.  Images assigned to the 5 optimal 2D appearance categories.  Above each category 471 

we present the category labels, which were derived by summing the ARIs over the multiple 472 

uses across different subjects, and picking the maximum/maxima. 473 

 474 

Discussion 475 

Experiment 1 included only 80 images – a manageable number for our grouping task. 476 

In Experiment 2 we ask observers to use the labels derived in Experiment 1 to categorize a 477 

larger set of images from the SYNS dataset.  We then (i) test how well the categories 478 

Dark (Summed ARI = 1.29; 5 Uses)

Bright (Summed ARI = 1.57; 4 Uses)

Blue (Summed ARI = 2.74; 6 Uses)

Green (Summed ARI = 5.91; 8 Uses)

Brown (Summed ARI = 4.11; 8 Uses)
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developed in Experiment 1 generalize to the new stimuli and new observers, (ii) evaluate the 479 

relationships between category members across our category systems for the three 480 

dimensions. 481 

 482 

Experiment 2 483 

Method 484 

Participants.  Thirty-three naïve undergraduate and postgraduate students (27 485 

female; age range: 18-23) from the University of Southampton, none of whom participated 486 

in Experiment 1, were recruited as volunteers, or in return for course credits.  Twenty 487 

completed the semantic categorization task, 20 completed the 3D spatial structure task, and 488 

20 completed the 2D appearance task (Subjects performed 1 or 2 tasks each; the order was 489 

counterbalanced).  Informed consent was obtained prior to experimentation, and ethical 490 

approval was acquired from the Research Governance Office, University of Southampton.   491 

Materials.  For each of the 80 outdoor scenes in the SYNS database (Adams et al., 492 

2016) 18 stereo pairs compose a 360° panorama of each environment.  Adjacent stereo pairs 493 

overlap, so we selected every other image – 9 from each scene – to obtain a total of 720 494 

images.  Subjects viewed full-size stereoscopic images, subtending 31.12 x 22.36 degrees of 495 

visual angle (the same size as the large-scale images in Experiment 1).   496 

Procedure.  Separately for semantics, 3D spatial structure, and 2D appearance, 497 

subjects classified every image according to the category labels derived in Experiment 1.  498 

Subjects viewed one image at a time, and used a mouse to select the appropriate category 499 

label from the list displayed to the side of the image.  Once a label was chosen, subjects 500 

continued to the next image/trial.  Subjects categorized all 720 images.  Image order was 501 

randomized between subjects.   502 

Results 503 

 Per-image category membership was determined by the most frequently selected 504 

category label.  To quantify how well the categories derived in Experiment 1 generalized to a 505 

separate group of subjects, and a separate set of images, we examined inter-subject 506 

agreement for the 80 images used in Experiment 1, and the 640 remaining images (Table 1).  507 

Category judgements for the 80 images from Experiment 1 showed high agreement across 508 

the new subjects in all three category systems.  As in Experiment 1, agreement was greatest 509 

in the semantic task.  This result thus shows that our category systems generalize well to new 510 

observers.    511 
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Agreement for the new set of 640 images was similar to that for the original 80 512 

images from experiment 1.  Note, however, that for each new image, there is an image from 513 

Experiment 1 taken from the same location, but with a non-overlapping field-of-view.  This 514 

result thus shows that our category systems generalize well to new images, but it remains 515 

uncertain how well they will generalize to entirely new locations. 516 

 517 

Table 1. 518 

Average Inter-Subject Agreement in Experiment 2 by Category Systems (Columns) and 519 

Image Subset (Rows).   520 

  Semantic 3D Spatial Structure 2D Appearance 

Chance 16.67% 25% 20% 

80 Images from Experiment 1 82.19% 70.19% 71.13% 

Remaining 640 images 82.30% 71.71% 68.19% 

 521 

 522 

Inter-Category Relationships.  Phi coefficients (rφ) quantify the Pearson correlation 523 

between images with binary-coded categorical identity (images were either a member or not 524 

a member of a specified category).  Positive values correspond to high categorical similarity 525 

(images were frequently placed in both categories), and negative values correspond to low 526 

categorical similarity (images frequently placed in one category were seldom placed in the 527 

other category).  Figure 8A illustrates the inter-category correlations for our three category 528 

dimensions. Using this metric, intuitive inter-category relationships emerge (e.g., Nature and 529 

Green, Beach and Blue, Residence and Closed Off, etc., are all positively correlated).   530 

 531 
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 532 

Figure 8.  We examined the strength of the relationship between categories from different 533 

dimensions by (A) computing the phi coefficients between different categories, and (B) 534 

testing the performance of a Bayes classifier trained to predict the category of an image, via 535 

leave-one-out cross-validation. In A, the left, middle, and right panels show the association 536 

between semantics and spatial structure, semantics and 2D appearance, and spatial structure 537 

and 3D appearance respectively. In B, confusion matrices show the predictions from three 538 

non-naïve Bayes classifiers: Spatial structure & 2D Appearance →	Semantics (left), 539 

Semantics & 2D Appearance →	Spatial Structure (middle), and Spatial structure & Semantic 540 

→	2D appearance (right). Rows are model predictions, and columns are the true categories.  541 

 542 

 Next, we determined whether the relationships between category systems for the three 543 

dimensions were sufficient to drive reliable classification. In other words, we asked whether 544 

we can predict an image’s category in one dimension from its category in one or both of the 545 

other dimensions.  To explore this, we used Bayes Classifiers trained and tested via LOOCV.  546 

Table 2 presents the average classification accuracy over 720 left-out images for every 547 

combination of the category systems. 548 

 549 

Table 2. 550 

Bayes Classification Accuracy per Dimension.  Classifiers Tested using Leave-One-Out 551 

Cross-Validation.   552 
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Predictor Dimension(s) 
 

Predicted 

Dimension Chance 

Prior-

Only Semantic Structure Appearance 

Both 

(Naïve) 

Both 

(Non-

Naïve) 

Semantic 16.67% 37.36% -  53.47% 49.72% 55.97% 57.36% 

Structure 25.00% 31.53% 60.00% -  44.72% 58.19% 57.92% 

Appearance 20.00% 35.69% 43.75% 42.22% -  45.83% 50.56% 

 553 

Reliable relationships between category membership across the three dimensions are 554 

indicated by the fact that all classifiers performed better than chance (1/k), and better than a 555 

prior-only model in which the most prevalent/probable category is always selected. The two-556 

predictor classifiers outperformed the single-predictor classifiers, with the exception of 3D 557 

spatial structure, which was more accurately classified from semantic structure alone than 558 

both semantics and 2D appearance.   559 

Accuracy alone offers a limited picture of the behaviour of these models. 560 

Consequently, for each of the non-naïve classifiers, we plot confusion matrices between the 561 

true categories and predicted categories (from two predictors). The results are shown in 562 

Figure 8B. We found that categories vary substantially in difficulty. The semantic classifier 563 

accurately discriminated most ‘Nature’ images, and produced reasonable predictions for 564 

‘car-park’ images, but performed much more poorly on the other categories. A similar 565 

picture emerges for spatial structure classifier, which discriminated only the ‘closed off’ and 566 

‘flat’ categories well, and for the 2D appearance classifier, which discriminated only ‘Green’ 567 

categories well. These results indicate that the relationships observed between the three 568 

category systems may be limited to a subset of categories; not all categories are equally 569 

predictable.   570 

We then explored two different ways to combine the two predictors.  Let ;% represent 571 

the set of possible categories for dimension j and <$% represent the category of image i in this 572 

dimension.  In a naïve Bayes model, we assume that the two predictors are independent and 573 

factor the likelihoods.  For example, when predicting the category membership for 574 

dimension 1 from dimensions 2 and 3, we compute: 575 

 576 

(2)   <$! = arg	max
01	23#

B(<$! = &|<$")B(<$! = &|<$4) 577 

 578 
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In our non-naïve Bayes model, we do not assume independence, and use the joint 579 

distribution: 580 

 581 

(3)   <$! = arg	max
01	23#

B(<$! = &|<$", <$4) 582 

 583 

The non-naïve Bayes model performed better than the naïve Bayes model when predicting 584 

category membership within two of the three dimensions, and only marginally worse for the 585 

third (3D spatial structure).  This reveals a non-trivial interdependence between the 586 

classification systems for each dimension.   587 

To assess the consistency of this interdependence across subjects we tested naïve and 588 

non-naïve classifiers using LOOCV on N-1 subjects, evaluating how well each classifier 589 

predicted the left-out human categorization judgements (see Table 3).  Again, predictions 590 

were well above chance and prior-only predictions, and the non-naïve Bayes model 591 

performed better than the naïve Bayes model for two of the three category systems, and only 592 

marginally worse for the third (semantic).  This shows that the interdependence between 593 

classification systems is relatively stable across subjects. 594 

 595 

Table 3. 596 

Naïve and Non-Naïve LOOCV Bayes Classification Accuracy Per Dimension (i.e., Category 597 

System) 598 

  

Prior-

Only 

Semantic Structure Appearance 

Naïve Non-Naïve 

Semantic 37.36% - 42.27% 44.65% 48.44% 48.08% 

Structure 31.53% 15.33% - 30.58% 26.05% 50.69% 

Appearance 35.69% 39.49% 33.24% - 39.60% 41.27% 

   599 

 Typical Exemplar Classification.  Typical category instances can be defined as 600 

images with high inter-subject agreement; atypical images can be defined by low inter-601 

subject agreement, i.e., they are associated with multiple categories.  Typical exemplars have 602 

a special status in category representations: they share many features with other members of 603 

the same category, and few with members of other categories (Rosch & Mervis, 1975).  604 

Global image features – including colour and spatial structure – are more predictive of 605 
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typical category exemplars than atypical category members (Ehinger, Xiao, Torralba, & 606 

Oliva, 2011; Torralbo et al., 2013). 607 

We examined classification accuracy as a function of typicality by selecting the 30 608 

images from each category with the highest inter-subject agreement.  This produces a 609 

uniform prior, such that chance and ‘prior only’ performance is equated across categories as 610 

1/k. Classification accuracy for these typical images was compared against accuracy for two 611 

other images subsets: one consisting of 30 atypical images, i.e. those with the lowest inter-612 

subject agreement per category, and one consisting of 30 randomly selected images per 613 

category.  Once again, we used LOOCV to train/test each classifier.   614 

 The typical exemplar classifier outperformed the random and atypical image 615 

classifiers in every combination of categories (see Figure 9).  This ‘typicality advantage’ was 616 

particularly large for semantic classification using 3D spatial structure and 2D appearance 617 

(left panel), and 3D spatial structure classification (middle panel) using semantic categories. 618 

Most of the typical exemplar classifiers also outperformed the full-dataset classifiers from 619 

Table 2, despite comparatively small training dataset sizes (120-180 versus 720).  These 620 

results confirm that relationships between dimensions are strongest for typical category 621 

exemplars. 622 

 623 

 624 

Figure 9.  Bayes classification accuracy for random, atypical and typical images.  Most 625 

classifiers exceeded chance (1/k, dashed line), and typical exemplar classification was 626 

consistently more accurate than atypical and random image classification.  627 

 628 
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Discussion 629 

 In Experiment 2 we demonstrated that the categories developed from 80 images in 630 

Experiment 1 generalized well to 640 additional images, and different participants. Our 631 

category systems were not only representative of the 80 images they were derived from - 632 

they also captured the categorical structure of new images. However, given that 633 

generalization was only tested for images sampled from the same dataset, it’s still possible 634 

that each category system reflects idiosyncrasies of the images used to develop them (in our 635 

case, the SYNS dataset). The SYNS scenes were randomly sampled from a diverse range of 636 

outdoor environments identified in the UKLand dataset (GeoInformation Group, 637 

www.geoinformationgroup.co.uk) in order to capture a wide variety of real-world scenes 638 

(Adams et al., 2016).  Although we hope that this careful sampling will lead to good 639 

generalization, it remains to be seen how the category systems derived from our first 640 

experiment generalize to other image datasets. 641 

A second question is how the categories we derived in Experiment 1 relate to existing 642 

models of scene categorization. We address this in our third experiment.  The spatial 643 

envelope model (Oliva & Torralba, 2001) serves as a good comparison for our 3D spatial 644 

structure categories. Spatial envelope properties (e.g. Roughness and Openness) are thought 645 

to dominate early scene representations (Greene & Oliva, 2009a, 2009b, 2010), and may be 646 

encoded in a distinct cortical pathway that represents spatial boundaries (Harel, Kravitz, & 647 

Baker, 2012; Park, Brady, Greene, & Oliva, 2011). Moreover, prior work has found that 648 

spatial envelope properties predict semantic categories, but – notably – using a different set 649 

of semantic categories than those we derive from SYNS in Experiment 1 (Greene & Oliva, 650 

2006, 2009b; Oliva & Torralba, 2001).  Here we ask whether spatial envelope properties 651 

predict our SYNS-derived 3D spatial structure and semantic categories. 652 

The relationship between low-level features that comprise an image’s GIST (see 653 

Figure 2), and spatial envelope properties, may vary across datasets. Hence, we also test 654 

whether GIST features are consistently diagnostic of spatial envelope properties (regardless 655 

of the dataset), or whether this relationship is unstable and idiosyncratic. Previous 656 

computational work suggests that cluster-weighted models (CWMs) applied to GIST 657 

features are “well suited to encoding structural scene priors” (pp. 21, Ross & Oliva, 2010), 658 

so we examined whether we could apply CWMs to the GIST features of SYNS images in 659 

order to predict human spatial envelope ratings.  660 

To summarise, in Experiment 3 we ask human observers to directly estimate three 661 

spatial envelope properties of SYNS images (mean depth, openness and perspective). We 662 



CATEGORY SYSTEMS FOR REAL-WORLD SCENES 28 

 

examine how well these spatial envelope properties can be used to classify the SYNS images 663 

across the three category systems developed in Experiment 1, and assess improvements in 664 

classification as a function of typicality (as in Experiment 2). Finally, we quantify the 665 

relationship between SYNS image GIST features and spatial envelope properties, with an 666 

aim to replicate and generalize the results from Oliva & Ross (2010). 667 

 668 

Experiment 3 669 

Method 670 

Participants.  Three postgraduate students (2 male, including M.A, who was the 671 

only non-naïve participant; age range: 23-27 years) from the University of Southampton 672 

participated as volunteers. Informed consent was obtained prior to experimentation, and 673 

ethical approval was acquired from the Research Governance Office, University of 674 

Southampton.   675 

Materials.  Image and display specifications matched those reported in Experiment 676 

2.   677 

Procedure.  We replicated the task performed by Ross and Oliva (2010), wherein 678 

subjects viewed one monoscopic image at a time, and used three sliders to quantify ‘Mean 679 

Distance’, ‘Openness’, and ‘Perspective’ on a scale of 1 to 73. Subjects rated all 720 images 680 

in random order.   681 

Statistical Analyses.  First, we report human-rated spatial envelope properties across 682 

the image categories developed in Experiments 1 and 2. Second, we explore the relationship 683 

between image GIST features (see Figure 2) and human-rated spatial envelope properties. 684 

Specifically, we test whether cluster-weighted models (CWMs) operating on image GIST 685 

features provide a good, generalizable model of human perception of spatial layout, as 686 

suggested by Oliva and Ross (2010).  Accordingly, we predicted spatial envelope properties 687 

from image GIST features using CWMs: (i) trained and tested on SYNS images / ratings, or 688 

(ii) trained on Oliva and Ross’ images / ratings, and tested on SYNS images / ratings (see 689 

Table 4).  Our procedure, detailed below, replicates Oliva & Ross’ cross-validation method. 690 

By dividing an image into spatial grids of varying size (e.g., 2x2 or 4x4) and 691 

computing GIST features at every grid location, we can obtain GIST representations with 692 

different spatial resolutions. Oliva and Ross (2010) found that the strength of the relationship 693 

between GIST features and spatial envelope properties is modulated by this spatial 694 

resolution. We therefore determined the optimal spatial resolution for (independently) 695 

predicting the three spatial envelope properties from SYNS image GIST features. Firstly, we 696 
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projected the GIST features onto the PCA bases derived by Oliva & Ross (computed from an 697 

independent, third dataset - a measure taken to facilitate model generalization). 698 

Subsequently, using five-fold cross validation, we trained CWMs to predict the human-699 

generated spatial envelope properties from these GIST features, recording mean squared 700 

prediction errors (MSEs) over each left-out fold. Since CWMs are optimized for estimating 701 

data with context-dependent relationships between inputs and outputs (e.g., in our case, an 702 

enclosed forest scene may have different low-level features to an enclosed street scene, for 703 

details see Ross & Oliva, 2010), we also cross-validated, within each spatial resolution, the 704 

optimal number of model clusters. An additional set of models, trained on Oliva and Ross’ 705 

(2010) dataset and tested on the SYNS dataset, were developed to test generalization of the 706 

relationship between GIST features and spatial envelope properties (reflected in prediction 707 

accuracy relative to models trained & tested on the same dataset). 708 

Results 709 

 Human Ratings. Figure 10 shows the human spatial envelope ratings and the 710 

CWM-estimated ratings separated by 3D spatial structure category, over all 720 SYNS 711 

images. Intuitive patterns are evident in the human ratings. For example, the closed off 712 

category has low values on all three spatial envelope properties, whereas the flat category is 713 

high in openness and mean depth, and low in perspective. These results confirm that our 3D 714 

spatial structure categories capture environmental regularities also conveyed by human-rated 715 

spatial envelope properties. Indeed, a Naïve Bayes classifier trained to predict 3D spatial 716 

structure categories from the three human-rated spatial envelope properties (via LOOCV, as 717 

in Experiment 2), achieved 67.73% accuracy (Table 4) - substantially better than ‘prior only’ 718 

classification, predictions from semantics, 2D appearance, or both (Table 2).  719 

 720 
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 721 

Figure 10.  Mean human ratings (‘Human’) and CWM-estimates (‘SYNS-Est’ and 722 

‘Oliva&Ross-Est’) for three spatial envelope properties separated by 3D spatial structure 723 

category. Error bars show ±1 standard deviation.  724 

 725 

Table 4. 726 

Naïve Bayes Classification Accuracy Per Dimension (i.e., Category System). Models were 727 

trained to predict each dimension from three human-rated spatial envelope dimensions: 728 

Openness, Mean Depth, and Perspective.  729 

 
Subset 

  All 720 Typical Atypical Random 

Semantic 45.76% 44.44% 37.22% 39.44% 

19/01/2021 Figure10 SEPs_panels.sYg
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3D Spatial Structure 67.73% 85.83% 64.17% 62.50% 

2D Appearance 39.08% 40.14% 45.77% 45.07% 

 730 

 731 

Semantic and 2D appearance categories were classified from human spatial envelope 732 

ratings with 45.76% and 39.08% accuracy respectively (see Table 4). It is worth noting that 733 

classifiers using only an image’s 3D spatial structure category to predict its semantic and 2D 734 

appearance category performed better than predictions from these spatial envelope properties 735 

(Table 2).  736 

 737 

Typical Exemplars Only. Experiment 2 demonstrated that typical category 738 

exemplars have more predictable features. Isolating the 30 images from each category with 739 

the highest inter-observer agreement, and using the human-rated spatial envelope properties 740 

to predict 3D spatial structure, semantic, and 2D appearance categories, we achieved 741 

85.83%, 44.44%, and 40.14% classification accuracy, respectively (see Table 4). Although 742 

3D spatial structure classification showed a substantial improvement, semantic and 2D 743 

appearance categories produced negligible changes. This pattern was also found for atypical 744 

and randomly sampled images: 3D spatial structure classification was substantially poorer 745 

for atypical and random exemplars, but semantic and 2D appearance classification was 746 

relatively unaffected (Table 4).  747 

CWM Performance.  Table 5 shows the cluster-weighted model (CWM) prediction 748 

errors and optimal CWM parameters for predicting human-rated spatial envelope properties 749 

from GIST, within and across datasets. CWMs learn optimal regression functions to apply 750 

for specific contexts, thereby obtaining more accurate predictions than standard linear 751 

models (Ross & Oliva, 2010). Oliva and Ross’ (2010) images required higher spatial 752 

resolutions than SYNS images to optimally estimate spatial envelope properties (see Table 753 

5). Moreover, training and testing across different datasets caused a substantial increase in 754 

prediction error (compare the SYNS / SYNS and Oliva & Ross / SYNS MSEs in Table 5). 755 

These results suggest that the relationship between GIST features and spatial envelope 756 

properties varies between datasets. This cannot be attributed to weaker relationships between 757 

GIST features and spatial envelope properties, or poor suitability of CWMs for the SYNS 758 

images, because CWMs trained and tested on SYNS produce smaller errors across all three 759 

dimensions. 760 
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Table 5. 761 

 Optimal CWM Parameters and Mean-Squared Prediction Errors (MSEs) for Estimating Human-Rated Spatial Envelope Properties from GIST.  762 

 763 

 764 

 765 

 766 

 767 

 768 

 769 

 770 

Note: The cross-validation method for identifying the optimal CWM parameters (spatial resolution and number of clusters) for predicting the 771 

spatial envelope properties of Oliva & Ross’ images is described in Oliva & Ross (2010). The model trained on Oliva & Ross’ dataset and 772 

tested on SYNS used the optimal model parameters for the training data.773 

 Training / Test Data  SYNS / SYNS   Oliva & Ross / Oliva & Ross Oliva & Ross / SYNS 

   Resolution Clusters MSE   Resolution Clusters MSE  MSE 

Mean Depth  1x1 8 0.47   4x4 6 0.56  1.81 

Openness  4x4 5 0.35 
 

8x8 6 0.87  1.91 

Perspective  1x1 5 0.99   2x2 4 1.95  1.30 
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Inspection of the model-estimated spatial envelope properties across our 3D spatial 774 

structure categories in Figure 10 illustrates that the CWMs trained on SYNS data generated 775 

predictions that, for the most part, preserved category-specific patterns of spatial envelope 776 

ratings: the closed off category produced relatively low values across all three dimensions, 777 

and the flat category was low in perspective, but high in openness and mean depth (i.e., like 778 

the human ratings). By contrast, the CWMs trained on a different dataset markedly distorted 779 

these patterns: spatial envelope properties vary little between categories, and across every 780 

category, mean depth is substantially overestimated, and openness and perspective are 781 

underestimated. To explore this further, we trained two Naïve Bayes classifiers to predict our 782 

3D spatial structure categories from spatial envelope ratings (i) estimated from the SYNS-783 

trained model, and (ii) estimated from the Oliva & Ross-trained model. Classification was 784 

considerably more accurate using SYNS-trained estimations (57.16% versus 44.92%), 785 

confirming that the relationship between GIST and spatial envelope properties is unstable 786 

between datasets.  787 

Discussion 788 

Human-rated spatial envelope properties are closely related to our 3D spatial 789 

structure categories. Indeed, the impressive classification performance found for typical 3D 790 

spatial structure exemplars (i.e., 85.83%) suggests that spatial envelope properties and our 791 

categorical description of spatial structure encode similar scene properties. However, the 792 

relationship between spatial envelope properties and our other category systems (semantic, 793 

2D appearance) was weak – weaker in fact than the relationship between our 3D structure 794 

categories and those category systems. 795 

Notably, the GIST features that predict spatial envelope properties vary between 796 

datasets, thereby impeding generalization. While low-level differences between the datasets 797 

may account for this effect, the sensitivity of GIST to these low-level properties suggests 798 

that GIST features may not provide a robust route to scene understanding.  799 

 800 

Experiment 4  801 

In a final experiment, we examine the flexibility of the CIRCA method by applying it 802 

to data collected from a larger image set, using a different experimental task. Databases like 803 

ImageNet (Deng et al., 2009), SUN (Xiao et al., 2010), and Places (Zhou et al., 2014) use 804 

semantic labels to search crowd-sourced photography sites (e.g., Google images), enabling 805 

large-scale image sampling from a wide range of environments (albeit at the expense of 806 

control over intrinsic and extrinsic camera properties). These large-scale databases are 807 
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popular in computer-vision and behavioural research, and the categories that organise these 808 

databases are frequently used as class labels to evaluate model/human performance (e.g., in 809 

the burgeoning field of deep learning). In Experiment 4 we test (i) whether our clustering 810 

method can be applied to larger datasets and (ii) how well the resultant labels capture human 811 

classification judgements, relative to the existing ground truth labels for large datasets. 812 

Clearly, our sorting task of Experiment 1 would become infeasible for datasets 813 

containing thousands of images.  However, our method can be applied to data from various 814 

experimental paradigms that produce pairwise similarity judgements. Fortunately, 815 

appropriate data already exist from a same-different experiment conducted by Greene et al. 816 

(2016).  817 

 818 

Method  819 

Participants, Materials, and Procedure (from Greene et al., 2016). Here we 820 

provide a short summary of the study conducted by Greene et al. (2016). For a complete 821 

description of the study, please refer to the original paper.  822 

A total of 2,296 participants were recruited from Amazon Mechanical Turk 823 

(AmTurk), and stimuli were obtained by pooling 62,468 images from ImageNet (Deng et al., 824 

2009), SUN (Xiao et al., 2010), Corel, and an additional 15-scene database (Fei-Fei & 825 

Perona, 2005; Lazebnik, Schmid, & Ponce, 2006; Oliva & Torralba, 2001). 826 

On each trial, participants viewed two images side-by-side, and were asked to 827 

determine whether they belonged to the same or different category (via button press). 828 

Categories were defined by the instructions to participants:  “Consider the two pictures 829 

below, and the names of the places they depict. Names should describe the type of place, 830 

rather than a specific place and should make sense in finishing the following sentence ‘I am 831 

going to the …’ ”. Participants also named the category of every left image (as a free-text 832 

response). Image pairs were selected randomly, and participants were remunerated per trial, 833 

completing as many trials as they liked.  834 

Statistical Analyses. To validate the CIRCA method, we compared it against two 835 

competing models:  836 

(i) The SUN category system (Xiao et al., 2010). The majority (68.14%) of 837 

Greene et al.’s (2016) pooled dataset contains images taken from the SUN 838 

database. The SUN database was constructed by finding 2,500 unique terms in 839 

WordNet (Miller, 1995) that describe real-world environments. After collapsing 840 

over synonyms and expanding categories with multiple visual subtypes (e.g., 841 
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indoor vs. outdoor views of churches), 899 category labels emerged, and images 842 

for each category were retrieved by downloading the images returned by 843 

various search engines (e.g., Google Images).  844 

(ii) Greene’s (2019) clustering method. Greene (2019) proposed a simple 845 

clustering method using the same-different judgements in the dataset described 846 

above (Greene et al., 2016). First, images are assigned to their respective SUN / 847 

ImageNet / Corel categories, and the proportion of trials in which observers 848 

responded ‘same’ is computed for images from the same category, and images 849 

from different categories. This process is completed for every pair of categories 850 

to build a by-category similarity matrix. Categories (and the corresponding 851 

images) that produce within-category similarities below .75 are removed. Pairs 852 

of categories that produce between-category similarities greater than .5 are 853 

merged. Note that this method removes and merges whole categories, and does 854 

not operate on individual images. 855 

 856 

For a fair comparison with both of these models, we only retained the 42,927 images 857 

retrieved from the SUN database, used by Greene (2016). Of the ~921 million possible 858 

pairwise combinations of these 42,927 images, ~2.5 million (0.27%) were presented to 859 

participants at least once. Because the vast majority of image pairs never occurred in this 860 

experiment, the resulting 42,927 x 42,927 similarity matrix is highly sparse. Missing data 861 

introduces uncertainty: two images without similarity data could belong to the same or 862 

different categories. To minimize sparsity, we used an iterative sampling procedure to find 863 

the most densely connected subset of images (i.e., with the largest number of observations). 864 

We first selected the single image with the largest number of unique pairings with other 865 

images. Further images were iteratively added to our sample, by finding, on each iteration, 866 

the image with the maximum number of connections (i.e., same/different judgements) with 867 

the images already in the sample. For the current study, we selected the 1000 maximally 868 

connected images. Of the 499,500 possible unique pairings, 31,884 (6.38% - a vast 869 

improvement over 0.27%) had similarity data in this sample.  870 

In Experiment 1, we protected against overfitting while finding the optimal number of 871 

clusters by testing model predictions against data produced by left-out participants (i.e., 872 

leave-one-out cross-validation). As the current dataset omits participant identifiers, we 873 

employed k-fold cross-validation on individual trials instead. In most other respects, we 874 
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simply replicated the analyses described in Experiment 1. In short, we determined the 875 

optimal number of clusters by splitting the trial-by-trial data (i.e., individual similarity 876 

judgements) into 10 equally sized folds, training on 9 folds, and testing on each left-out fold 877 

in turn.  878 

 879 

Results 880 

 Figure 11 (purple line) shows the resulting ARI using our 10-fold cross validation 881 

over the 1000 selected images, as a function of the number of clusters.  The curve has been 882 

smoothed by kernel regression, with kernel scale optimized by leave-one-out cross-validation 883 

on the mean ARIs.  We find that the ARI peaks at 55 clusters, somewhat less than the 72 884 

SUN categories present in our sample of 1000 images.  885 

 886 

 887 

Figure 11. The optimal number of categories was determined via 10-fold cross-validation. 888 

The y-axis gives the adjusted Rand index averaged over 10 folds, and 1000 different random 889 

initializations of the CIRCA method per fold. Shaded areas around each line represents ±1 890 

standard deviation. The optimal number of categories (vertical dashed lines) is 55 for all 1000 891 

images, and 24 for Greene’s subset. 892 
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After fixing the number of clusters to the optimal number, the CIRCA method was 894 

rerun with all of the data included from 10,000 random initializations, to find the clustering 895 

that maximized the ARI. The resulting ARI is slightly higher than the ARI produced by the 896 

SUN category system (see Table 6, rows 1-2).  When we (sub-optimally) increased the 897 

number of categories to 72, to match the number of represented SUN categories, the ARI 898 

decreased as expected, but remained favourable compared to the SUN system (Table 6, row 899 

3).  900 

Greene’s (2019) method removes 26.17% of trials by excluding categories with an 901 

average within-category similarity rating below .75, leaving 712 images organised into 22 902 

categories (merging 35 SUN categories). For a fair comparison against Greene’s method, we 903 

repeated the CIRCA method with this reduced sample of 712 images. Cross-validation 904 

revealed that 24 clusters was optimal for this subset (Figure 11, green line) and the resulting 905 

optimal clustering ARI compares favourably with Greene’s categories and the SUN 906 

categories (Table 6, rows 4-6).  Finally, we compared these alternative models to our method 907 

for this image subset when we matched the number of clusters (Table 6, rows 7-8). Our 908 

method outperformed the two competing models, regardless of sample size, and regardless of 909 

whether we used the optimal number of clusters, or simply matched the number of clusters.  910 

 911 

Table 6. 912 

The adjusted Rand index (ARI) evaluates how well each model predicts similarity judgements 913 

in the same-different task. For the sample of 712 and 1000 images, the CIRCA method 914 

outperforms the two alternative models: the SUN category system, and Greene’s (2019) 915 

clustering method.  916 

Model N Images N categories ARI 

CIRCA 1000 55 0.7703 

SUN 1000 72 0.7354 

CIRCA 1000 72 0.7697 

CIRCA 712 24 0.8331 

Greene 712 22 0.8196 

CIRCA 712 22 0.8328 
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SUN 712 35 0.8326 

CIRCA 712 35 0.8338 

 917 

 We can also examine the similarity of the clusterings produced by the different 918 

methods using the ARI.  Our method produced clusterings highly similar to the SUN model, 919 

whereas Greene’s method produced clusterings that differed from the other two (see Figure 920 

12). When the number of clusters was matched, there was very close agreement between our 921 

method, derived using human same-different judgements, and the SUN system, derived 922 

entirely independently, via label-driven image searches (ARI=0.96, Figure 12B). 923 

 924 

 925 

Figure 12. Cluster similarity between models quantified using the adjusted Rand index 926 

(ARI). (A) In the 1000-image subset, our model produced clusterings that were highly similar 927 

to the SUN model. (B) In the 712-image subset, we observed similarly high agreement with 928 

the SUN clusterings, particularly when we matched the number of clusters. Greene’s method 929 

produces markedly different clusterings. 930 

 931 

Examples of agreements and disagreement between the three models are illustrated in 932 

Figure 13. While the SUN system separates ‘Grotto’ and ‘Underwater Ice’ images, our 933 

category system combines both into a ‘Sea’ category (our labelling method is described 934 

below). Also, our method splits ‘Flight of Stairs, Natural’ into ‘Mountain’ and ‘Forest’ 935 

categories based on the global context in which the stairs occur. Greene’s method subsumes 936 

A B
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‘Underwater Ice’ and ‘Underwater Pool’ under a single ‘Sea’ category. Importantly, 937 

however, many categories are identical across all three models (green bounding boxes).  938 

 939 

 940 

Figure 13. Example categories produced by our clustering method (left column), the SUN 941 

system (middle column), and Greene’s method (right column). To generate these examples, 942 

we sampled a small subset of images used in Experiment 3, and assigned them to their 943 

respective categories according to the three different category systems.  Bounding boxes 944 
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show the different categories, and labels above each box are the category labels either 945 

retrieved from the SUN database (middle column), or derived by computing the mean word-946 

vector of the subject-generated labels. In the left column, we provide a small number of 947 

example labels assigned to the images by observers. Green bounding boxes (bottom) signify 948 

that all three models generated the same category.   949 

 950 

 Another way of comparing our clustering method to existing models is to analyse the 951 

category labels that observers assigned to every left image in Greene’s experiment. A good 952 

category system should maximize the variance in word meaning between category labels, and 953 

should minimize variance within categories. Put simply, categories should represent 954 

independent concepts, but members of the same category should be relatively homogenous. 955 

We quantify word meaning using Word2Vec (Mikolov, Sutskever, Chen, Corrado, & Dean, 956 

2013). Word2Vec is a family of shallow, two-layer neural networks that produce word 957 

embeddings. These models are trained to predict the identity of single words from 958 

neighbouring words taken from the same sentence (using large-scale corpora). The hidden 959 

layer varies in dimensionality (from 100 to 1000; Mikolov, Chen, Corrado, & Dean, 2013), 960 

and represents a vector space. Each unique word inputted during training is assigned a 961 

corresponding ‘word vector’, or embedding, in this vector space. A useful property of these 962 

embeddings is that they are organized semantically, and can be manipulated algebraically (a 963 

well-established example is !"#$ −&'# + )*&'# = ,-..#). For our purposes, Word2Vec 964 

offers a useful quantitative representation of word meaning to evaluate clusterings.  965 

We used the GloVe model, which represents each label as a 300-dimensional word-966 

vector (Pennington, Socher, & Manning, 2014), to derive word embeddings for all the 967 

subject-generated labels. Word vectors were converted to unit vectors, and organized into 968 

categories based on the category of the images they describe. We calculated the grand-mean 969 

word-vector, and, for each category system, the category-mean word-vectors. Then, we 970 

computed: (i) the (summed) squared Euclidean distance between the grand-mean and the 971 

category-means (D!"#$""%), and (ii) the (summed) squared Euclidean distance between the 972 

category-means, and the individual word-vectors within categories (D$&#'&%). These two 973 

distances are the same as to the between-group and within-group variance estimates in the 974 

standard F-test. Accordingly, we tested model fit by calculating the ratio between D!"#$""% 975 

and D$&#'&%: 976 

 977 
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(5)     1 = 	(!"#$""%	/	+,'($(#)(%	/	+,*
 978 

 979 

 34- and 34. are the degrees of freedom: 34- = ! − 1, and 34. = 6 − !, where N 980 

represents the number of observations/labels, and k represents the number of categories.   981 

Our clustering method produces higher F-ratios when we use the optimal (cross-982 

validated) number of clusters, or match the number of clusterings in Greene’s method (see 983 

Table 7).  However, when we match the number of clusters in SUN, the SUN model achieves 984 

a higher F-ratio.  985 

 986 

Table 7. 987 

The F-ratio quantifies the variance in word meaning captured by the models. Our CIRCA 988 

method produced a superior fit to labelling data when we used the optimal number of clusters 989 

(24 and 55), but performed worse when we matched the number of clusters in SUN.  990 

Model N Images K categories F 

CIRCA 1000 55 537.22 

SUN 1000 72 447.36 

CIRCA 1000 72 417.68 

CIRCA 712 24 1127.15 

Greene 712 22 1121.06 

CIRCA 712 22 1190.57 

SUN 712 35 815.49 

CIRCA 712 35 794.52 

 991 

Using the Word2Vec representation, we can derive single-word category terms by 992 

computing the centroid (i.e., mean) word-vector for each category4. Examples of category 993 

terms produced using this method, alongside the raw subject-generated labels, are presented 994 

in Figure 13 (left and right columns, above each box/category). Compared to the category 995 

terms used in the SUN database, these terms are more general. For example, for the SUN 996 

category ‘Gatehouse’, human participants preferred to use the more general term ‘Castle’ 997 

(gatehouses are typically in the same grounds as castles). This process of simplification is 998 
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similarly borne out in the clustering results: our method produces fewer clusters than the 999 

SUN category system.   1000 

 1001 

Discussion 1002 

 In Experiment 4 we investigated the scalability of our proposed clustering algorithm. 1003 

We applied our method to human data from a large-scale same-different experiment, and 1004 

tested our clusterings against two alternative models: the SUN taxonomy, and a simple 1005 

thresholding method proposed by Greene (2019). We found that our method outperformed 1006 

both models. Moreover, we tested whether our category system was more consistent with the 1007 

labels used by subjects in the same experiment. When we used the optimal number of clusters 1008 

– determined via cross-validation – our clusterings outperformed the SUN category system. 1009 

These results suggest that our method can be applied to data from different tasks, and larger 1010 

datasets. 1011 

 1012 

General Discussion 1013 

We proposed a behaviourally grounded method of deriving category systems for real-1014 

world scenes, and validated it on the SYNS (Adams et al., 2016), and SUN databases (Xiao 1015 

et al., 2010).  In Experiment 1, we instructed subjects to categorize 80 SYNS images by their 1016 

(i) semantic content, (ii) 3D spatial structure, and (iii) 2D appearance, in a free-sorting task.  1017 

We determined the optimal category structure for each task, and assigned subject-generated 1018 

labels to each category.   1019 

In Experiment 2, a separate set of subjects used the optimal labels from Experiment 1 1020 

to categorize a larger set of 720 SYNS images.  We produced strong evidence that our 1021 

category systems generalized over a larger set of images.  Moreover, we found stable 1022 

category associations that enabled predictions of category membership in one dimension 1023 

from categorical properties across other dimensions.  1024 

In Experiment 3, we labelled the SYNS dataset using three spatial envelope 1025 

properties and found a reliable relationship with the 3D spatial structure categories, and 1026 

weaker relationships with the semantic and 2D appearance categories. We showed that 1027 

without dataset-specific training, GIST features are not diagnostic of spatial envelope 1028 

properties or scene category.  1029 

In Experiment 4, we tested our method on data from a same-different task using 712-1030 

1000 images from the SUN database. Our method generated categories that predict 1031 

same/different judgements more accurately than the SUN taxonomy, and an alternative 1032 
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clustering method (Greene et al., 2016). Moreover, our method generated categories that 1033 

captured a greater amount of variance in the meaning of subject-generated labels.  1034 

Deriving Subject-Driven Category Systems  1035 

Image categorization is a popular metric for scene recognition, yet potential problems 1036 

with contrived categorical taxonomies of real-world scenes are seldom discussed.  In most 1037 

categorization research, subjects are presented with category labels that ostensibly represent 1038 

the ground-truth categorical structure of real-world environments.  However, different 1039 

studies employ different category systems, under an implicit assumption that variations in 1040 

categorical structures have little or no effect on subject behaviour.  Surprisingly, this 1041 

assumption is maintained despite the known inequality of different categorical descriptions 1042 

(e.g., between basic-level and superordinate category systems; Sofer et al., 2015). We have 1043 

argued that different category systems codify different visual features and thus experimental 1044 

categorization tasks will produce unnatural behaviour insofar as applied category systems 1045 

fail to reflect human-preferred taxonomies of real-world environments.  Our subject-driven 1046 

method of deriving category systems directly identifies these human-preferred taxonomies 1047 

and thereby provides a means of obtaining a more principled ground-truth.   1048 

 1049 

Properties of the SYNS Category Systems 1050 

Applying our method to the semantic categorization task in Experiment 1 generated 1051 

intuitive labels like ‘road’, ‘car park’, ‘residence’ and ‘beach’ – all of which resemble 1052 

commonly applied categories in past research (e.g., 'highway', 'coast', etc.; Fei-Fei et al., 1053 

2007; Fei-Fei & Perona, 2005; Oliva & Torralba, 2001).  Interestingly, however, most 1054 

existing category systems discriminate between forest and countryside categories. Forests 1055 

and countryside are basic-level members of the superordinate nature category; existing scene 1056 

taxonomies assume a sharp division between these two levels of representation, partitioning 1057 

categories into discrete multi-level hierarchies (Rosch & Lloyd, 1978; Tversky & 1058 

Hemenway, 1983). Our ‘nature’ category unifies forest and countryside scenes, thereby 1059 

intermingling superordinate and basic basic-level categories. This finding suggests that the 1060 

accepted demarcation between superordinate and basic-level scene categories may be fuzzier 1061 

than previously thought. While it’s also possible that the ‘nature’ category was produced by 1062 

averaging over two types of subject: (i) those that generated superordinate categories, and 1063 

(ii) those that generated basic-level categories, we introduced a constraint on the number of 1064 

categories to prevent this problem. Within the specified range of 3-10 categories, the 1065 
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minimum number of semantic categories used by any subject was five. Hence, it’s doubtful 1066 

that some subjects were just performing superordinate categorization.  1067 

The variability in the granularity of individual categories within a category system 1068 

can be interpreted as an extension of what Rosch and Lloyd (1978) described as the 1069 

economic balance between low cognitive effort and maximum discriminability (though they 1070 

asserted that this was limited to basic-level category systems). Representing some categories 1071 

coarsely, and other categories at a finer level, may be optimal under certain conditions. For 1072 

example, plants and animals are hierarchically classified according to species, genus, family, 1073 

etc. in western scientific taxonomies. Many non-western cultures share similar taxonomies, 1074 

but eschew some redundant distinctions in favour of more generic categories that have 1075 

greater cultural utility (thereby generating sets of categories with mixed granularity; for a 1076 

review, see Malt, 1995). Real-world scene categories may vary with similar observer 1077 

characteristics such as stimulus familiarity, motivation, expertise, and of course, culture, that 1078 

cause humans to use mixtures of coarse and fine distinctions.  1079 

Our 3D spatial structure categories strongly resemble Oliva and Torralba’s (2001) 1080 

spatial envelope properties.  Categories of ‘flat’ and ‘closed off’ appear to correspond to 1081 

opposing poles along the openness dimension,  ‘cluttered’/’pointy’ corresponds to 1082 

‘roughness’, and ‘tunnel’/’navigable routes’ resembles the ‘expansion/navigability’ 1083 

dimensions (Greene & Oliva, 2006; Oliva & Torralba, 2001).  In Experiment 3, we verified 1084 

this mapping by testing the performance of Bayes classifiers trained to predict 3D spatial 1085 

structure category by encoding variations in human-rated spatial envelope properties. We 1086 

found that spatial envelope properties were strong predictors of category membership, 1087 

achieving 85.83% classification accuracy for typical category exemplars. The convergence 1088 

of our 3D spatial structure categorical model and the spatial envelope model (Oliva & 1089 

Torralba, 2001, 2006) suggests that both capture a robust vocabulary of natural scene 1090 

statistics.  1091 

A key tenet of the spatial envelope model is that humans compute an intermediate 1092 

representation of 3D spatial structure, which is in turn used to infer semantic category during 1093 

early visual processing (Greene & Oliva, 2006, 2009a, 2009b, 2010; Oliva, 2005; Oliva & 1094 

Torralba, 2001, 2006; Torralba & Oliva, 2002).  In support of this model, previous work has 1095 

shown that scene structure is extracted from natural scenes before semantic categories are 1096 

accessed (Greene & Oliva, 2009a), and that humans use spatial structure cues to inform 1097 

judgements of semantic category (Greene & Oliva, 2009b, 2010).  While we did not 1098 

manipulate presentation duration directly, in Experiment 2, we did find that a classifier 1099 
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trained to predict semantic category from 3D spatial structure category produced reasonable 1100 

results: 57.36% accuracy on all images, and 68.33% accuracy on only the typical category 1101 

exemplars. However, in Experiment 3, we also found that, human-rated spatial envelope 1102 

properties are poor predictors of semantic categories (45.76% correct). The reduced 1103 

discriminative power of spatial envelope properties (compared to our spatial structure 1104 

categories, and other classification results, e.g., Greene & Oliva, 2009b) may be due to the 1105 

taxonomical structure of our empirically derived semantic category system. Perhaps the 1106 

impressive performance of previously reported spatial envelope-driven semantic 1107 

classification (e.g., Greene & Oliva, 2009b) is produced, in part, by the selection of semantic 1108 

categories that are discriminable based on spatial envelope profiles (i.e., spectral signatures; 1109 

see Oliva & Torralba, 2001). It is also possible that this result is caused by an idiosyncratic 1110 

set of SYNS categories. Future research should examine whether empirically derived 1111 

category systems from other datasets also produce a weak association between spatial 1112 

envelope properties and semantic content. Or, perhaps a simpler explanation exists: prior 1113 

studies testing semantic classification from spatial envelope properties have used up to seven 1114 

properties (Greene & Oliva, 2006, 2009b), while we used three (used by Ross & Oliva, 1115 

2010). We would likely see an improvement in classification performance if we used 1116 

additional properties like ‘navigability’ and ‘temperature’ (Greene & Oliva, 2006, 2009b).  1117 

 Although observers were instructed to sort images based on multiple, complex, 1118 

feature dimensions, including ‘patterns’, ‘textures’ and ‘colour’, our 2D appearance 1119 

categories contain only two distinguishable feature dimensions: colour (Blue, Green, Brown) 1120 

and global luminance (Bright, Dark).  Though colour is known to be informative for scene 1121 

understanding (Castelhano & Henderson, 2008; Goffaux et al., 2005; Goffaux et al., 2003; 1122 

Oliva & Schyns, 2000), no prior studies have investigated the importance of global 1123 

luminance properties.  Furthermore, no efforts have been focussed on formulating 1124 

chromatic/luminance categories for real-world scenes (although Oliva & Schyns, 2000, did 1125 

use colour histograms to examine the diagnosticity of colour between different semantic 1126 

categories).   1127 

 The open-endedness (i.e., multidimensionality) of the 2D appearance task instructions 1128 

may explain the greater disagreement between observers relative to the semantic task (Figure 1129 

4), though it does not explain why agreement was higher than for the 3D spatial structure task 1130 

(which was more constrained). Either way, it is entirely possible that different observers were 1131 

grouping images based on different feature dimensions – a problem that highlights the 1132 

importance of carefully designing and standardizing observer instructions. 1133 
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 Various characteristics of the sorting task in Experiment 1 may undesirably bias 1134 

human behaviour away from natural categorization. The task instructions, number of images, 1135 

constraints on the number of images allowed per category (>1), and the range of permitted 1136 

categories (3-10) may influence observer sorting patterns. While it is difficult to conduct a 1137 

categorization experiment with no constraints on behaviour, it would be beneficial for future 1138 

work to investigate how various task demands bias categorization.  1139 

 1140 

Estimating Spatial Envelope Properties Using Cluster Weighted Models 1141 

Oliva and Ross (2010) previously suggested that CWMs are “well suited to encoding 1142 

structural scene priors” (pp. 21). Yet, in Experiment 3, we showed that the relationship 1143 

between low-level GIST features and spatial envelope properties – a relationship encoded by 1144 

the proposed CWMs – varied with the chosen dataset. We demonstrated that models trained 1145 

on Oliva & Ross’ dataset produce inaccurate estimations of spatial envelope properties in the 1146 

SYNS dataset. Similarly, the optimal spatial resolutions for estimating spatial envelope 1147 

properties varied between the datasets. Although the cause of this dataset-dependency is 1148 

unclear, it is conceivable that the perception of mean depth, openness and perspective co-1149 

vary with the photographic field of view, i.e., the focal length of the camera, which will 1150 

determine the amount of perspective apparent in the image.  While the field of view of the 1151 

stereoscopic SYNS images we used was fixed at 31.12 x 22.36 degrees (Adams et al., 2016), 1152 

the spatial envelope literature is based on crowd-sourced photography - images taken from 1153 

multiple different cameras, presumably with varying focal lengths.  Spatial perception may 1154 

also depend upon camera pose.  The SYNS stereo pairs were all taken at eye height, with a 1155 

horizontal optical axis.  In contrast, the crowd-sourced images used for spatial envelope 1156 

work vary substantially in camera height and angle. The sensitivity of the GIST 1157 

representation to low-level differences caused by camera properties, or even simpler changes 1158 

like modifications to global contrast (which also affects the GIST, Oliva & Torralba, 2001, 1159 

but has no effect on the spatial structure of an image), suggest that they may be poor at 1160 

representing scene layout information.  1161 

 GIST is a popular low-level summary statistic in computer vision, yet recent advances 1162 

in convolutional neural networks (CNNs) has produced better models of spatial structure 1163 

processing. For example, Cichy et al. (2017) measured the correlation between human MEG 1164 

responses to the dimension of scene size (i.e., the expansiveness of a scene), and the 1165 

predictions of three competing models: GIST, HMAX (a biologically inspired hierarchical 1166 

model; Serre, Wolf, & Poggio, 2005) and a CNN trained to classify scenes from the Places 1167 
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database. The CNN produced layer activations that correlated more strongly with human 1168 

responses than the other two models. It is plausible then, that with a state-of-the-art model of 1169 

spatial structure estimation (e.g., an appropriately trained CNN), we might observe less 1170 

dataset dependency, and stronger predictions of spatial structure properties. A thorough 1171 

analysis of how CNN feature representations relate to spatial structure categories is beyond 1172 

the scope of this paper, but future research may address this problem.  1173 

 1174 

Typicality Enhances Category Discrimination     1175 

Some images/scenes are clearer category members than others.  Prototype theory 1176 

conceptualises category membership as the proximity of an instance to a central exemplar 1177 

(Rosch, 1999; Rosch & Mervis, 1975).  Typical category instances have the “most attributes 1178 

in common with other members of the category and [the] least attributes in common with 1179 

other categories” (pp. 573; Rosch & Mervis, 1975).  Real-world scene categorization 1180 

behaviour supports this theory: Torralbo et al., (2013) found that the variance in spatial 1181 

structure and colour for typical images is smaller than atypical images.  Typical category 1182 

exemplars are categorized more efficiently than atypical images (Torralbo et al., 2013), and 1183 

classifiers trained on global image features achieve greater accuracy for typical category 1184 

exemplars (Ehinger et al., 2011).  Our findings are consistent with these results.  In 1185 

Experiment 2 and 3, we demonstrated that typical category exemplars are easier to classify 1186 

than atypical or randomly sampled images.  1187 

 1188 

The Scalability of our Clustering Method 1189 

The categories derived from the SYNS database may not be suitable for application 1190 

to all other databases.  Large-scale image repositories such as Places (Zhou et al., 2014), 1191 

ImageNet (Deng et al., 2009), and SUN (Xiao et al., 2010) have a greater range of 1192 

environments than SYNS, and while the SYNS dataset was designed to maximize 1193 

environmental variation, some scenes such as deserts and mountains – that would 1194 

conceivably comprise independent categories – are not included, as they do not occur in the 1195 

sampled region of southern England (Adams et al., 2016).  In Experiment 2, we tested the 1196 

generalizability of our category systems on novel images taken from the same locations and 1197 

using the same camera, with the same focal length, etc. A stronger test of generalization 1198 

might draw data from additional image repositories, but this introduces the problem of 1199 

applying unsuitable taxonomies to new/different datasets.  1200 
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To circumvent this problem, in Experiment 4, we applied our method to a distinct 1201 

dataset used in a same-different psychophysical task, in which subjects viewed pairs of 1202 

images sampled from the SUN database, and (i) judged whether they were drawn from the 1203 

same/different semantic category, and (ii) typed a category label for the left image (Greene et 1204 

al., 2016). We found that the categories generated by our method outperformed the SUN 1205 

taxonomy, and a competing clustering method (Greene, 2019), in predicting human 1206 

same/different judgements, and in capturing variance in the meaning of subject-generated 1207 

image labels.  1208 

It is worth noting, however, that performance differences were sometimes minor (see 1209 

Table 6 & 7). In fact, we observed a strikingly high agreement (near-perfect, when the 1210 

number of clusters is matched) between the clusters generated by our method, and the SUN 1211 

taxonomy. This is an impressive result because the SUN taxonomy was developed 1212 

completely independently of the experimental data used to derive our categories. The SUN 1213 

categories were determined by identifying place-names represented in WordNet, collapsing 1214 

over synonyms, and then using these as search-terms in various search engines to retrieve 1215 

images (Xiao et al., 2010).   1216 

WordNet organises words into concepts by grouping synonyms into sets termed 1217 

synsets. These synsets are structured hierarchically – a design decision inspired by early 1218 

investigations of semantic memory (Collins & Loftus, 1975; Miller, 1990). Expert 1219 

lexicographers generated these synsets manually. Consequently, the similarity between the 1220 

category systems produced by the ‘WordNet approach’ and our data-driven approach, may 1221 

reflect the universality of how category systems are represented by humans: lexicographers 1222 

and psychology subjects alike. Moreover, these results suggest that linguistic taxonomies 1223 

generalize to visual scenes – a finding consistent with research showing that long-term 1224 

semantic memory is modality-independent (Coccia, Bartolini, Luzzi, Provinciali, & Lambon 1225 

Ralph, 2004; Simanova, Hagoort, Oostenveld, & Van Gerven, 2014).  1226 

One prominent difference between the SUN taxonomy and our category systems is 1227 

the number of categories. Using k-fold cross-validation, we found that the optimal number of 1228 

categories for 1000 and 712 images was 35 and 24 respectively. The SUN taxonomy has 1229 

more than twice this number (72 and 55 categories for 1000 and 712 images respectively). 1230 

Our method generated simpler category systems with a larger number of images per 1231 

category. This difference may reflect the fine-grained differentiation between different word 1232 

meanings in WordNet. Humans show substantial disagreement regarding the meaning 1233 

denoted by different WordNet Synsets (Chklovski & Mihalcea, 2003), and, in the NLP 1234 
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literature, merging synsets into simpler taxonomies improves word-sense disambiguation 1235 

(Navigli, 2006; Snow et al., 2007).  1236 

In terms of human behaviour, the preference for coarse-grained taxonomies may 1237 

relate to basic-level categorization. Humans show a reliable bias towards categorizing 1238 

stimuli (visual and non-visual) at the basic-level (Hajibayova, 2013; Rosch, 1999; Rosch & 1239 

Lloyd, 1978; Rosch & Mervis, 1975; Rosch, Mervis, Gray, Johnson, & Boyesbraem, 1976; 1240 

Tversky & Hemenway, 1983), and previous work has demonstrated that visual scenes 1241 

involuntarily activate basic-level semantic concepts (Greene & Li, 2014). Inspection of the 1242 

category labels assigned to our categories supports this explanation: the SUN gatehouse 1243 

category is labelled ‘castle’, and the outdoor newsstand is labelled ‘shop’ (see Figure 13). 1244 

Because gatehouses are typically enclosed within the grounds of castles, and outdoor 1245 

newsstands are a subtype of shop, subjects appear to be collapsing over more fine-grained 1246 

categories. Similarly, the SYNS semantic category system derived in Experiment 1 is mostly 1247 

comprised of basic level-categories, with the exception of the superordinate ‘Nature’ 1248 

category. Taken together, our findings suggest that humans represent large numbers of visual 1249 

scenes using a relatively small set of coarse-grained categories.   1250 

Greene’s (2019) category systems showed weaker agreement with the SUN 1251 

taxonomy and the categories generated by our method (see Figure 12). This result may relate 1252 

to the constraints within Greene’s clustering method: SUN categories can be eliminated or 1253 

merged, but new categories cannot be created by dividing SUN categories into smaller units. 1254 

For example, our method produced two separate categories: ‘Forest’ and ‘Mountain’ for the 1255 

single SUN category: ‘Flight of Stairs, Natural’, based on the environmental context. By 1256 

contrast, Greene’s method simply reproduced the original SUN category (see Figure 13). 1257 

Despite these differences, both clustering methods frequently produced identical categories 1258 

(Figure 13, green boxes), and can be used for different purposes: our method can be used to 1259 

derive clusterings in the absence of any assumptions about the taxonomical structure of the 1260 

dataset; Greene’s (2019) method can be applied as an inexpensive method of simplifying and 1261 

refining existing category systems.  1262 

 1263 

The Limits of our Clustering Method 1264 

 Our method produced reasonable clusterings for a sparse dataset (see Figure 13) in 1265 

which over 90% of the datapoints were missing. Moreover, as reported in the Supplementary 1266 

Materials, we tested our clustering method on simulated data, and compare the results against 1267 

two alternative methods (k-medoids and spectral clustering). We found that our method was 1268 
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more robust against high levels (50%) of response noise. We also tested the behaviour of our 1269 

method under conditions of high inter-subject disagreement, and found that our method 1270 

produced the correct number of clusters even when inter-subject disagreement was as high as 1271 

25%. Thus, our method can be safely applied to experimental data: (i) containing a large 1272 

amount of missing data, (ii) with high levels of response noise, and (iii) collected from a 1273 

heterogenous population, where inter-subject agreement may be low.  1274 

 We tested our method on 80, 712, and 1000 images, but many large-scale databases 1275 

contain hundreds-of-thousands – even millions – of images. The sorting task in Experiment 1 1276 

works well for a small number of images (in our case, 80), but with larger sets of images, the 1277 

workspace would quickly become cluttered and unmanageable. A physical sorting task, 1278 

where participants arrange pictures of scenes in a large, open space, might fare better, but this 1279 

comes with its own limitations (e.g., error-prone manual data entry, time-consuming to run). 1280 

The same-different task described in Experiment 4 may seem better, but the number of 1281 

judgements needed to ‘fill’ a similarity/confusion matrix increases quadratically with the 1282 

number of images – a fact highlighted by Greene et al. (2016), who recruited over 2000 1283 

participants, and only managed to collect data for .27% of the possible image combinations 1284 

(of 42,000 images). 1285 

 Assuming a full, large-scale dataset can be practically collected, an additional limiting 1286 

factor is computational efficiency. Since the number of possible clusterings given # stimuli 1287 

and ! clusters is !%, the search-space grows rapidly as the dataset size increases. In the 1288 

Supplementary Materials, we examine the efficiency of our method as a function of the 1289 

number of stimuli (#), and number of clusters (!), and show that, while runtime increases 1290 

with both these variables, our method is still computationally feasible for large datasets 1291 

(albeit slow when # and ! are large, e.g., # = 50,000, ! = 500).  1292 

 Our method is also not limited to the domain of scene categorization: it can be applied 1293 

to data collected from any psychophysical experiment that yields similarity judgements 1294 

between pairs of stimuli. For example, our method could be used to derive object, colour, and 1295 

texture categories, and could be applied to other modalities to investigate auditory, tactile, 1296 

and olfactory processing.   1297 

 1298 

Further Questions Regarding the Utility of Categories 1299 

While it is evident that humans use categorical descriptions in everyday life to 1300 

communicate notions of place or location using labels like ‘Beach’ and ‘Residential’, 1301 
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categorical representations do not capture intra-category variations.  Further, we have 1302 

assumed that any given image must belong to exactly one category within a category system, 1303 

whereas it may be more natural to allow images to belong to multiple categories (Patterson, 1304 

Xu, Su, & Hays, 2014).  For example, a scene of a house on the seashore may belong to both 1305 

‘Beach’ and ‘Residential’ categories.  In contrast, attributes (e.g., materials or functions) can 1306 

traverse category boundaries and capture intra-category variation.  Attribute perception may 1307 

complement category representations by providing the fine-grained information that 1308 

categories lack (Ferrari & Zisserman, 2008).   1309 

Nativist approaches to category systems posit that categorization behaviour reflects a 1310 

universal taxa of perceptual ordering (Berlin & Kay, 1991; Rosch & Lloyd, 1978).  Others 1311 

have stressed that labelling systems vary to a large extent across individuals and cultures 1312 

(Hajibayova, 2013; Levelt, 2014).  For example, highly familiar category instances (e.g., to a 1313 

Neapolitan, Mt Vesuvius may be a familiar instance of ‘mountain’) are accessed at the 1314 

individual, rather than the categorical level (Anaki & Bentin, 2009).  Personal expertise may 1315 

therefore determine whether a scene is identified categorically or not.  This casts doubt over 1316 

the generality of not only our categorization system, but fixed categorical taxonomies in 1317 

general.  Future research will benefit from assessing how individual, geographical and 1318 

cultural variables shape psychological category representations (Nisbett & Masuda, 2006). 1319 

Our category formation method could serve as a useful tool for investigating these problems.  1320 

 1321 

Conclusion 1322 

 Scene understanding is commonly measured by assessing categorization behaviour, 1323 

but these measurements will only be useful if the right category system is employed.  We 1324 

have proposed a novel method for generating subject-driven category systems.  Using 1325 

stereoscopic images of real-world scenes from the SYNS database (Adams et al., 2016), we 1326 

established ground-truth categories across three dimensions (Semantics, 3D Spatial 1327 

Structure, 2D Appearance).  We explored some basic characteristics of our categories, and 1328 

presented results that suggest colour and spatial structure provide intermediate 1329 

representations useful for determining semantic category. We then tested our method on a 1330 

larger dataset, and observed a superior agreement with human judgements than rival 1331 

category systems, but also a surprising degree of agreement between our clusterings, and the 1332 

categories represented in the SUN taxonomy. Further simulations revealed that our method 1333 

is robust against response noise and participant heterogeneity. This method may be useful for 1334 
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creating and/or evaluating class label systems for existing databases and for investigating 1335 

specific hypotheses regarding the organization of categorical constructs.    1336 
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Appendix 1339 

 1340 

Participant Instructions 1341 

 1342 

You will view a large number of images from different scenes. Your task is to organise them 1343 

into groups by using the mouse to drag and drop the images. You are free to organise the 1344 

images into between 3 and 10 groups. All groups should contain more than one image, but 1345 

they do not have to all match in size.  1346 

 1347 

How to Group: 1348 

 1349 

Semantic 1350 

Your task is to group the images according to type of place. Think about the themes 1351 

across the images. Put together images that share a common place category. One possible 1352 

example is the category of ‘mountains’. In this case, all mountain images would be placed in 1353 

a single group.  1354 

3D Spatial Structure 1355 

Your task is to group together images that share similar three-dimensional properties. 1356 

Think about the structure of the real scene depicted in each image. Consider the model that 1357 

you would have to physically build to represent each scene. For example, you might decide 1358 

that some scenes are made of one uniform surface – the ground plane.  1359 

2D Image Appearance 1360 

Your task is to group together images that contain similarities in their two-1361 

dimensional appearance. For example, you might think commonalities in the colours, 1362 

patterns, or textures.  1363 

 1364 

It’s key to remember that there are no right or wrong judgements – choose whichever image 1365 

combinations make sense to you. Try not to focus on particular objects within the images. 1366 

For example, don’t group images according to whether or not they contain a car or a person. 1367 

However, it’s possible that your groups or labels may be influences by the type of objects 1368 

within the scenes.  1369 

 1370 

To group multiple images together, all you need to do is overlap them in the central 1371 

workspace in front of you. Press down the mouse wheel to reverse the order of the images, 1372 
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revealing the hidden ones that have other images stacked on top of them. To get a better, 3D 1373 

view of any image, select it with the left mouse button and simultaneously press down the 1374 

mouse wheel. We encourage you to view the larger, 3D images when making your grouping 1375 

judgements. When you have finished moving the images around and you are happy with your 1376 

groups, you can press the ‘GROUP’ tab on the bottom of the display. You will see that each 1377 

image within a group will be shown with the same colour frame. This is to help you catch any 1378 

sorting errors. If any of your groups have a wide, black frame around them, this means that 1379 

you have created either (i) too many categories, (ii) too few categories, or (iii) not enough 1380 

images in one or more categories. Please return to the ‘SORT’ stage if you see any black 1381 

frames. You can only manipulate the images when the ‘SORT’ tab on the bottom of the 1382 

display is highlighted. Finally, assign each of the categories a label / set of labels. You are 1383 

limited to 1-5 labels for each group, and each group must have a corresponding label. Once 1384 

this is done, you have completed the task.  1385 

1386 
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Footnotes 1387 
1 The fact that power spectra can be encoded efficiently, and discriminate semantic 1388 

categories well, does not mean they are necessarily used by humans. Indeed, humans process 1389 

the presence/absence of animals in natural scenes without exploiting the information 1390 

available from the power spectrum (Wichmann, Drewes, Rosas, & Gegenfurtner, 2010).  1391 

  1392 
2 We use the standard Rand Index for coordinate ascent, and the ARI for cross-validation 1393 

because, for :, the number of categories is undefined and has to be approximated by ;. For ; 1394 

and the categories generated by the left-out subject, the number of categories is defined, so 1395 

ARI is the preferred metric. 1396 
 1397 
3 Oliva and Ross (2010) additionally instructed subjects to perform a natural / man-made 1398 

categorization, but, because the semantic category system from Experiment 1 challenges the 1399 

assumption of a sharp division between superordinate categories and finer categorical 1400 

representations, we omitted this judgement. 1401 

 1402 
4In Experiment 1, participants assigned labels to whole categories, whereas in Experiment 4 1403 

they were assigned to single images. Therefore, we cannot use the same method as in 1404 

Experiment 1.  1405 
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