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Abstract 

Ensemble coding enables humans to quickly assess mean properties of visual cues. Researchers 

discriminate between low-level ensemble coding, enabling humans to quickly assess motion, 

direction, speed, colour, hue, facial expression, orientation, family resemblance or size of objects in 

an ensemble, and higher-level ensemble coding which enables humans to quickly assess the mean 

emotional state or gaze of groups of people. The mystery whether higher-level ensemble coding has a 

computational basis in low-level visual cues remains. There seems to be ample evidence suggesting 

spatial frequency playing a role in decoding emotional states. In this thesis it was investigated whether 

the low-level cue spatial frequency added to the computation of higher-level ensembles. Analyses 

showed no evidence to this effect suggesting high-level ensemble coding is primarily a feature based 

on holistic face perception. 
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Introduction 

While walking through a forest, field or on a beach. One thing which becomes clear is that 

the world is full of the same things: leaves, branches, blades of grass, grains of sands, 

droplets of water. This redundancy gives rise to the question how the brain copes with all 

these impressions and details without overheating. Research into this very question dates 

back to early Gestalt Psychology (Kofka, 1935). However, this research really flourished in 

the next century with numerous researchers investigating the phenomenon of Ensemble 

Coding.   

 Where there is structure, there is redundancy, and were there is redundancy there is an 

opportunity to form a compressed and efficient representation of information (Alvarez, 2011, 

Haberman & Whitney, 2012). To take advantage of this structure and redundancy the brain 

represents these objects as ensembles instead of individuals: the brain sees the forest first then 

the trees (Cavanagh, 2001). This mechanism called ensemble coding derives statistical 

summary information from similar objects in the environment (Whitney, Yamanashi Leib, 

2018). It makes it possible for humans to readily (within 100 milliseconds) report the motion, 

direction, speed, colour, hue, facial expression, orientation, family resemblance, gaze 

direction or size of objects in an ensemble (Whitney & Yamanashi Leib, 2018). Ensemble 

coding is so efficient, that humans can more easily report the average value of a parameter 

(e.g. colour) than judge whether an object was present (Potter, 1976; Rensink, Regan & 

Clark, 1997; Ariely, 2001).  

 Researchers discriminate between different levels of ensemble perception. Low-level 

ensemble perception has a computational basis in low-level cues, cues such as orientation, 

speed, hue, or size (Watamaniuk & McKee 1998,Watamaniuk et al. 1989). Ensemble coding 

seems to play a role in higher level features as well. Features such as emotion recognition, 

gaze direction and identity identification (Haberman & Whitney 2007, 2009). However there 

is some evidence which suggest two different ensemble coding mechanisms at work, one for 

low-level visual cues and one for higher-level cues (Haberman, Brady & Alvarez, 2015). 

How high-level ensemble statistics are computed remains a mystery (Li, Ji, Tong, Ren, Chen, 

Liu & Fu, 2016; Alvarez, 2011).  

 One theory suggests that high-level ensemble statistics are computed using both high- 

and low-level features, with these features both contributing to a holistic image: an image 

where the whole adds up to something that is more than its parts (Haberman & Whitney, 

2010; Whitney, Haberman & Sweeny, 2014; Han, Leib, Chen & Whitney, 2020). For 
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instance, ensemble perception of faces was negatively impacted by scrambling, a technique 

whereby holistic processing is impaired as it shows the parts instead of the whole (Haberman 

& Whitney, 2007; Sweeny, Haroz, & Whitney, 2013; Yamanashi Leib, Kosovicheva, & 

Whitney, 2016). However, Richler, Mack, Palmeri & Gauthier (2011) argued that alteration 

of photographs maybe only delays ensemble coding. And, furthermore, ensemble coding can 

still occur for inverted crowds (Elias, Dyer, & Sweeny, 2017; Sweeny & Whitney, 2014). To 

address the question whether ensemble coding also occurs for higher-level visual cues such 

as faces without part-based cues such as identifiable features or surface texture 

characteristics, Han, Yamanashi Leib, Chen & Whitney (2020) conducted experiments with 

Mooney faces. Mooney faces are black and white shadow defined images that cannot be 

recognized in a part-based manner, see  Figure 1 (Han, Yamanashi Leib, Chen & Whitney, 

2020). These researchers confirmed that integration of multiple Mooney faces into ensemble 

representations, concluding furthermore that ensemble perception functions when holistic 

information is maximized and that higher-level ensemble coding is more than averaging 

individual features.  

Figure 1.  

An example of Mooney faces used in the experiment of Han et al. (2020) described above. 

 

Note. From  

 

 But, it seems unlikely that high-level ensemble coding only works for holistic images. 

Numerous studies with stimuli containing both high- and low-level visual cues reported 

participants demonstrating ensemble coding (Leib, Puri, Fischer, Bentin, Whitney & 

Robertson, 2012; Rhodes, Neumann, Ewing, Bank, Read, Engfors, Emiechel & Palermo, 

2018; Roberts, Cant & Nestor, 2019; Robson, Palermo, Jeffery & Neumann, 2018, Li, Ji, 
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Tong, Ren, Chen, Liu & Fu, 2016). And having such a automatic and fast mental mechanism 

for computing ensemble statistics, which works even in people with impaired face perception 

(Unilateral Spatial Neglect), it makes hardly any sense that it solemnly relies on holistic 

representations. 

Figure 2. 

Showing a polar bear in both high and low spatial frequency (A); only in low frequency (B) 

and only in high spatial frequency (C). 

 

Note. From Predictive Feedback and Conscious Visual Experience [image], by Panichello, 

Cheung & Moshe, 2013, Frontiers in Psychology, 3, p. 620. 

 

 To test whether high-level ensemble coding has any computational basis in low-level 

visual cues, this paper proposes to investigate Spatial Frequency as a low-level cue whereof 

higher-level ensemble statistics could be computed. Low-level ensemble statistics seem to be  

computed using spatial frequency (Oliva & Torralba, 2001; Torralba & Oliva, 2003; Alvarez, 

2011; Kanaya, Hayashi, Whitney, 2018). Spatial frequency is a characteristic of luminance 

variations across space (Kumar & Srinivasan, 2011). High spatial frequency content provides 

local details from within a stimulus and low spatial frequency provides information about the 

global aspect of a stimulus (Kumar & Srinivasan, 2011). See Figure 2 for examples of high 

and low spatial frequency. Kumar & Srinivasan (2011) continue to conclude that higher 

spatial frequencies are linked to the identification of a sad expression and low spatial 

frequencies are linked to identification of a happy expression. Furthermore, Stuit, Kootstra, 

Terburg, van den Boomen, van der Smagt, Kenemans & van der Stigchel (2021) found 

spatial frequency to be a good predictor of initial eye movement between two faces. 

Additionally, Awasthi, Friedman & Williams (2011) found that patients with prosopagnosia 

(the inability to recognize faces) showed a 230ms delay in low spatial frequency processing 
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as compared to controls, suggesting that processing low spatial frequency information is 

critical for the development of normal face perception. On top of this, the field of machine 

learning has been incorporating spatial frequency information for training deep-learning 

algorithms to classify images based on emotions, age or gender with relative success as 

opposed to other methods of classification (Lee, Gu Kim, Kim & Ro, 2018). 

 Prior research has shown that humans are capable of computing average statistics, 

better known as ensemble statistics. Humans compute low-level ensemble statistics for e.g. 

orientation, color, shape and high-level ensemble statistics for e.g. faces. The exact visual 

stimuli and mechanisms exploited to compute these ensembles remains however, unknown. 

There seems to be ample evidence pointing towards the low-level visual cue spatial 

frequency as being involved in the computation of higher level ensemble statistics. This 

research will investigate whether high-level ensemble statistics have any computational basis 

in low-level visual cues. Does high-level ensemble coding have a computational basis in low-

level visual cues such as spatial frequency? 
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Methods 

Participants 

49 people participated in the current study. Prior to the experiment participants filled in a 

consent form informing the them their data would be anonymised. The study was approved 

by the ethical committee of the Utrecht University. 

Apparatus 

Stimuli were created with an Apple Mac Pro computer running OS X and Matlab 2019b with 

the psychophysics Toolbox extensions version 3.0. The experiment was coded in Inquisit 6. 

The experiment ran in InquisitPlayer, each participant was instructed on how to install it on 

their PC, the experiment could only be performed on a PC. After the experiment an 

explanation of how to uninstall the InquisitPlayer was shown. 

Stimuli 

The stimuli consisted of 480 displays. These displays contained 15 faces which could range 

from 0 angry or happy faces to 15 angry or happy faces, see Figure 2 for an example. 

Furthermore, next to face images the displays contained 30 noise patches. Depending on the 

condition, the noise patches were created by combining the Fourier magnitude spectrum of 

either happy faces or angry faces with a random phase spectrum. Each noise patch was based 

on a unique face. A third condition of noise patches consisted of 1/f noise patches. These 

faces were sampled from the Radboud Faces database. Only faces with a frontal gaze were 

used and all faces were converted to greyscale.  

Figure 3. 

An example of a display used in the experiment, the display contains 15 happy faces along 

with 30 noise patches containing the spatial frequency of either happy, angry or 1/f noise. 

Each display was shown for 100ms. 
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Design & Procedure 

Participants received written instructions on how to perform the experiment. Prior to the trials 

the participants were asked their age and sex. After that the participants did 10 practice trials 

whereafter the experiment began. Participants were shown a white cross for 1000ms in the 

middle of their display as a prompt, after that the display was shown for 100ms followed by a 

black display with an instruction reminder asking them whether they perceived the display as 

more angry or happy. Participants performed a two alternate choice task after the display was 

shown, they were instructed to press the “a” button if they thought the displays was more 

angry and they were instructed to press the “h” button if they thought the displays was more 

happy. The instruction reminder stayed on the screen until a response was recorded. 

Participants could stop at anytime by pressing  “ctrl + q”.  

Analyses 

To establish whether there was any difference between the white-noise, happy-noise and 

angry-noise conditions Points of Subjective Equality (PSE’s) were calculated. The PSE is the 

required number of angry faces in a display needed for a participant to give an angry response 

50% of the time as estimated by a fitted regression model. This linear regression model was 
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fitted over the data of each participant and each condition. Analyses were conducted in JASP 

and SPSS.   
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Results 

To test whether the participants demonstrated an ensemble effect. Using a one-sample t test 

the slope of the regressions were established to be significantly bigger than 0. The means and 

standard deviations of the slopes for the white noise, happy noise and angry noise are 

respectively: M = 0.051, SD = 0.012; M = 0.051, SD = 0.013; M = 0.052, SD = 0.013. The t 

tests of the white noise, happy noise and angry noise are respectively: t(48) = 29.760, p 

< .001, d = 4.251; t(48) = 27.985, p < .001, d = 3.998; t(48) = 28.916, p < .001, d = 4.131. 

See figure 3. 

Figure 4. 

A bar graph showing the means and standard deviations of the Points of Subjective Equality 

(PSE’s) per condition.  
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Figure 5. 

A table showing the mean PSE’s for each participant for each spatial frequency noise type. 

 

 

To test whether the spatial frequency noise types had an effect on ensemble coding of the 

faces in the display. The differences between the points of subjective equality (PSE’s) of the 

different noise types were investigated using a Bayesian repeated measures analysis of 

variance (ANOVA). The Bayesian ANOVA returned a BF of 0,908 in favour of the null-

hypotheses. Stating there is more evidence for the null-hypothesis than for the model. 

Mauchly’s test indicated the assumption of Sphericity was not violated.  See Figure 6. 

Figure 6. 

Bayesian ANOVA output table. 
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Discussion 

In this thesis the question whether high-level ensemble coding has a computational basis in 

low-level visual cues was investigated. People almost instantly recognize the average 

expressions on groups of faces, general scenes and mean directions of objects via ensemble 

coding (Haberman & Whitney, 2018). This paper found evidence adding to the validity of 

ensemble coding. Ensemble coding enables humans to perceive the mean, however, which 

information plays a role in assessing the mean emotional expression of a group of faces is 

quite unclear (Li, Ji, Tong, Ren, Chen, Liu & Fu, 2016; Alvarez, 2011). In this thesis it was 

hypothesized that spatial frequency is part of the computational basis of high-level ensemble 

coding. Based on the evidence provided in the Bayesian ANOVA, spatial frequency does not 

seem to influence the perception of the faces in the displays.  

 The mystery of how high-level ensemble statistics are computed still remains. In this 

experiment 15 faces ranging from happy to sad were shown for 100ms. The more angry faces 

shown the more angry responses were recorded. Prior research showed that when there is 

little time (around 50ms) there can be no precise individual representations, the brain then 

computes average statistics instead (Pavlovskaya, Bonneh, Soroker, & Hochstein, 2010; 

Yamanashi Leib, Landau, Baek, & Chong, 2012; Yamanashi Leib, Puri, Fischer, Bentin, 

Whitney & Robertson, 2012). It might be possible that when the stimuli were only shown for 

100ms the brain prioritizes to scan the 15 faces first and afterwards the spatial frequency 

noise patches. Maybe the brain ran out of time and did not register the spatial frequency noise 

patches correctly. This could explain why there is an ensemble effect but there is no influence 

on the ensemble effect from the noise patches.  

  Another explanation for the data might have to do with the emotions chosen in the 

trials. Kumar and Srinivasan (2011) found that happy expressions were identified faster than 

sad expressions. This was also found by other researchers (Alves et al., 2009; Eastwood et al., 

2001; Hitenan & Leppanen, 2004; Kirita & Endo, 1995; Srivastava & Srinivasan, 2010). In 

this research it was hypothesized that the display containing an incongruent situation, e.g. 

angry faces with happy spatial frequency noise would take more angry faces on average to 

record an angry response than a display containing an congruent situation, e.g. angry faces 

with angry spatial frequency noise. However the tendency to identify happy faces quicker 

does not show in this data. If high-level ensemble coding has a computational basis in low-

level visual cues such as spatial frequency, the incongruent displays would have taken more 

angry faces for a participant to categorize it as angry. This adds to the theory that high-level 
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ensemble coding is primarily based on holistic stimuli and has little basis in lower-level 

visual cues (Han, Yamanashi Leib, Chen & Whitney, 2020).  

  Evidence for primarily holistic perception of faces was provided by Han, Yamanashi 

Leib, Chen and Whitney (2020) when they showed that ensemble coding also occurs if 

participants were shown Mooney faces. Mooney faces, consisting only of black and white 

shadow based tones, can not be recognized in a part based manner (Han, Yamanashi Leib, 

Chen & Whitney, 2020). These findings show ensemble perception to be a broadly useful 

tactic to quickly summarize any level of visual representation (Han et al., 2020). They give 

however, little insight into whether there are different mechanisms at work for both high- and 

low-level ensemble coding. 

 It might very well be that there is one primary mechanisms at work which takes in 

information from both high- and low-level visual cues, on the other hand the theory of two 

different mechanisms: one for high-level ensemble coding and one for low-level ensemble 

coding is also possible (Haberman, Brady & Alvarez, 2015; Neumann, Ng, Rhodes, 

&Palermo, 2017; Li, Ji, Tong, Ren, Chen, Liu &Fu, 2016). Faces are holistic stimuli, and 

centuries of research into the human brain have already established the fusiform gyrus as 

having the solemn purpose of recognizing faces (Lopatina, Komleva, Gorina, Higashida & 

Salmina, 2018). As recognizing and conveying emotional states provides adaptational value, 

recognizing the emotions of an entire group might provide that value as well, resulting in 

there being a structure solemnly responsible for identifying higher-level ensembles (Parr, 

Winslow, Hopkins & de Waal, 2000). This remains, for the time being, only speculation. A 

lot more research is needed into the computational and biological basis of higher-level 

ensemble coding. It might be interesting to do EEG research on the fusiform gyrus of 

participants assessing emotional states of Mooney faces to give further insights into the bases 

of high-level ensemble coding. 

 This thesis investigated whether there is a computational basis for higher-level 

ensemble statistics in the low-level visual cue spatial frequency. Evidence for ensemble 

statistics was found, however spatial frequency seems not to influence these high-level 

ensemble statistics.  
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