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Abstract

A central goal of neuroscience is to understand the representations formed by brain
activity patterns and their connection to behaviour. The classic approach is to
investigate how individual neurons encode stimuli and how their tuning determines
the fidelity of the neural representation. Tuning analyses often use the Fisher
information to characterize the sensitivity of neural responses to small changes of
the stimulus. In recent decades, measurements of large populations of neurons have
motivated a complementary approach, which focuses on the information available
to linear decoders. The decodable information is captured by the geometry of the
representational patterns in the multivariate response space. Here we review neural
tuning and representational geometry with the goal of clarifying the relationship
between them. The tuning induces the geometry, but different sets of tuned
neurons can induce the same geometry. The geometry determines the Fisher
information, the mutual information and the behavioural performance of an ideal
observer in a range of psychophysical tasks. We argue that future studies can
benefit from considering both tuning and geometry to understand neural codes and
reveal the connections between stimuli, brain activity and behaviour.

The study of micro pattern clutter metrics and theirimpact on human
neurological responses is crucial for understanding how the brain processes
visual information in cluttered environments. Research has shown that the
presence of visual clutter can alter the flow of information in the brain,
affecting how efficiently information is relayed between neurons in the visual
cortex. This phenomenon, known as "visual crowding," can make it difficult to
identify objects located among clutter at the edge of the visual field. The study
of clutter metrics helps in developing models that can predict the influence of
clutter on perception, providing insights into how the brain adapts to varying
visual conditions.
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‘Visual clutter’ alters information flow in the brain

Too much stuff in the periphery of our vision can make it difficult to identify what
we’re seeing. Yale researchers now know how that clutter affects the brain.

Oct 22, 2024 By Mallory Locklear

Whether we’re staring at our phones, the page of a book, or the person across the
table, the objects of our focus never stand in isolation; there are always other
objects or people in our field of vision. How that visual “clutter” affects visual
processing in the brain, however, is not well understood.

In a new study published Oct. 22 in the journal Neuron, Yale researchers show that
this clutter alters how information flows in the brain, as does the precise location of
that clutter within the wider field of vision. The findings help clarify the neural
basis of perception and offer a deeper understanding of the visual cortex in

the brain.

“Prior research has shown that visual clutter has an effect on the target of your
perception, and to different degrees depending on where that clutter is with respect
to where you’re currently looking,” said Anirvan Nandy, an assistant professor of
neuroscience at Yale School of Medicine (YSM) and co-senior author of the study.
“So for example, if I’'m asked to read the word ‘cat’ out of the corner of my eye,
the letter ‘t” will have a much greater effect than the letter ‘c’ in my inability to
accurately identify the letter ‘a,” even though ‘c’ and ‘t’ are equidistant from ‘a.’”
This phenomenon is called “visual crowding,” and it’s why we can’t read out of
the corner of our eyes, no matter how hard we try, and why we have a hard time
identifying objects when they are located among the clutter at the edge of our
vision, said Nandy.

For the new study, researchers set out to determine what happens in the brain when
this visual clutter is present.

To do so, they trained macaque monkeys — a species whose visual systems and
abilities are most similar to humans — to fixate on the center of a screen while
visual stimuli were presented in and outside of their receptive fields. During this
task, researchers recorded neural activity in the monkey’s primary visual cortex,
the brain’s main gateway for visual information processing.

The researchers found that the specific location of this clutter within the monkey’s
visual field didn’t have much of an effect on how information was passed between
neurons in the primary visual cortex. It did, however, affect how efficiently that
information flowed.
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It’s kind of like a phone tree, in which individuals are asked to call one other
person to relay a piece of information until, one after another, every member of the
group has received the information. In the case of visual perception, researchers
say, the location of visual clutter didn’t change the order of the phone tree, but

it did change how well the message was relayed person to person.

“For example, visual clutter in one location would drive information in a particular
layer of the primary visual cortex to a lesser extent than clutter in another
location,” said Monika Jadi, assistant professor of psychiatry at YSM and co-senior
author of the study.

The researchers also uncovered a general property of the visual cortex that was not
previously known.

There are several brain areas involved in seeing and recognizing an object, and
information is passed through those regions in a particular order. For instance, the
primary visual cortex sends a package of information onto the secondary visual
cortex, which then sends its information onto the next stop.

“What was already well understood is that there are complex computations that take
place within individual visual areas and the output of these computations are then
transferred to the next area along the visual hierarchy to complete the whole object
recognition computation,” said Jadi.

What the researchers found in the new study was that there are also subunits within
these larger areas that are doing their own computations and relaying some, but not
all, of that information to other subunits. The finding bridges a disconnect that had
existed between different fields studying vision, said Nandy.

The researchers are now interested in how clutter might affect information
processing between brain regions and how attention influences this system.

“When you’re driving, for instance, you may be looking at the car in front of you,
but your attention could be focused on a car in the next lane as you try to determine
if they’re about to merge,” said Nandy.

Therefore, the detailed visual information you’re getting is from the car in front of
you, but the information of interest is outside of your focus.

“How does that attention compensate for the fact that while you don’t have the best
resolution information, you’re still able to perceive that attended part of the visual
space much better than where you’re actually looking?” said Jadi. “How does


https://medicine.yale.edu/profile/monika-jadi/

attention influence information flow in the cortex? That’s what we want
to explore.”

Xize Xu, a post-doctoral fellow at YSM, and Mitchell Morton, a former post-
doctoral associate at YSM, were co-first authors of the study.

The research was funded in part by the National Eye Institute of the National
Institutes of Health.
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Abstract

The ability to recognize objects in clutter is crucial for human vision, yet the
underlying neural computations remain poorly understood. Previous single-unit
electrophysiology recordings in inferotemporal cortex in monkeys and fMRI
studies of object-selective cortex in humans have shown that the responses to pairs
of objects can sometimes be well described as a weighted average of the responses
to the constituent objects. Yet, from a computational standpoint, it is not clear how
the challenge of object recognition in clutter can be solved if downstream areas
must disentangle the identity of an unknown number of individual objects from the
confounded average neuronal responses. An alternative idea is that recognition is
based on a subpopulation of neurons that are robust to clutter, i.e., that do not show
response averaging, but rather robust object-selective responses in the presence of
clutter. Here we show that simulations using the HMAX model of object
recognition in cortex can fit the aforementioned single-unit and fMRI data,
showing that the averaging-like responses can be understood as the result of
responses of object-selective neurons to suboptimal stimuli. Moreover, the model
shows how object recognition can be achieved by a sparse readout of neurons
whose selectivity is robust to clutter. Finally, the model provides a novel prediction
about human object recognition performance, namely, that target recognition
ability should show a U-shaped dependency on the similarity of simultaneously
presented clutter objects. This prediction is confirmed experimentally, supporting a
simple, unifying model of how the brain performs object recognition in clutter.
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SIGNIFICANCE STATEMENT The neural mechanisms underlying object
recognition in cluttered scenes (i.e., containing more than one object) remain
poorly understood. Studies have suggested that neural responses to multiple objects
correspond to an average of the responses to the constituent objects. Yet, it is
unclear how the identities of an unknown number of objects could be disentangled
from a confounded average response. Here, we use a popular computational
biological vision model to show that averaging-like responses can result from
responses of clutter-tolerant neurons to suboptimal stimuli. The model also
provides a novel prediction, that human detection ability should show a U-shaped
dependency on target—clutter similarity, which is confirmed experimentally,
supporting a simple, unifying account of how the brain performs object recognition
in clutter.

Keywords: clutter, HMAX, sparse coding, vision

Introduction

Much of what is known about how the brain performs visual object recognition
comes from studies using single objects presented in isolation, but real-world
vision is cluttered, with scenes usually containing multiple objects. Therefore, the
ability to recognize objects in clutter is crucial for human vision, yet its underlying
neural bases are poorly understood. Numerous studies have shown that the addition
of a nonpreferred stimulus generally leads to a decrease in the response to a
preferred stimulus when compared to the response to the preferred stimulus alone
(Sato, 1989; Miller et al., 1993; Rolls and Tovee, 1995; Missal et al., 1999). More
specifically, Zoccolan et al. (2005) showed that single-cell responses in monkey
inferotemporal cortex (IT) to pairs of objects were well described by the average of
the responses to the constituent objects presented in isolation. A follow-up study
showed that monkey IT cells' responses to pairs of objects ranged from averaging-
like to completely clutter invariant, meaning the response to the preferred stimulus
was not affected by the addition of a nonpreferred stimulus (Zoccolan et al., 2007).
However, a number of previous fMRI studies continued to report evidence of
averaging responses to object pairs in object-selective cortex at the voxel level
(MacEvoy and Epstein, 2009, 2011; Baeck et al., 2013). These findings have been
taken as support for an “averaging” model, in which neurons respond to
simultaneously presented objects by averaging their responses to the constituent
objects. This averaging model poses a difficult problem, however, in that it
requires the visual system to achieve recognition by somehow disentangling the
identity of individual objects from the confounded neuronal responses. Indeed,
previous theoretical work has shown that linear mixing, especially averaging,



https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B63
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B44
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B62
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B45
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B75
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B76
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B42
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B43
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B4

results in poor representations of object identity information for multiple objects
that are to be read out by downstream areas (Orhan and Ma, 2015).

An appealingly straightforward alternative is that recognition is based on a
subpopulation of neurons that are robust to clutter. This theory is supported by
intracranial recordings in human visual cortex (Agam et al., 2010) and fMRI
recordings from object-specific cortex (Reddy and Kanwisher, 2007; Reddy et al.,
2009), in which the response to a preferred object was largely unaffected by the
addition of a nonpreferred object. Is there a mechanistic explanation that can
account for the seemingly disparate findings for how the brain responds to clutter?

In the present study we use HMAX, a popular model of object recognition in
cortex (Fig. 1), to provide a unifying account of how responses to suboptimal
stimuli can lead to averaging-like responses at both the voxel/population level and
the single cell level despite nonlinear pooling steps in the visual processing
hierarchy. We then, for the first time, explore the relationship between shape
similarity in pairs of objects, expected level of interference in the neuronal or
BOLD response, and the implications of this interference on object detection
behavior. Interestingly, simulations using the HMAX model provide a novel
behavioral prediction of a U-shaped relationship between target—distractor
similarity and object recognition performance in clutter, with maximal interference
at intermediate levels of similarity. This interference pattern arises from the MAX-
pooling step at the feature level. Highly similar distractors activate the relevant S2
feature detectors at a similar enough level to the target object to cause little
interference, and highly dissimilar distractors activate those relevant S2 feature
detectors only weakly so that they are ignored at the MAX-pooling step, but there
is an intermediate level of distractor dissimilarity where some of the relevant S2
feature detectors are activated at a higher level by the distractor which is passed on
to the C2 level by the MAX-pooling function, causing a different enough
activation pattern over the afferents to the object-tuned units to cause interference.
We finally show that this U-shaped pattern for clutter interference is indeed found
in human behavior.

Figure 1.
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The HMAX model of object recognition in cortex. Feature specificity and
invariance to translation and scale are gradually built up by a hierarchy of “S”
(performing a “template match” operation, solid red lines) and “C” layers
(performing a MAX-pooling operation, dashed blue lines), respectively, leading to
VTUs that show shape-tuning and invariance properties in quantitative agreement
with physiological data from monkey IT. These units can then provide input to
task-specific circuits located in higher areas, e.g., prefrontal cortex. This diagram
depicts only a few sample units at each level for illustration (for details, see
Materials and Methods).

Materials and Methods
HMAX model.
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The HMAX model (Fig. 1) was described in detail previously (Riesenhuber and
Poggio, 1999a; Jiang et al., 2006; Serre et al., 2007b). Briefly, input images are
densely sampled by arrays of two-dimensional Gabor filters, the so-called S1 units,
each responding preferentially to a bar of a certain orientation, spatial frequency,
and spatial location, thus roughly resembling properties of simple cells in striate
cortex. In the next step, C1 cells, which roughly resemble complex cells (Serre and
Riesenhuber, 2004), pool over sets of S1 cells of the same preferred orientation
(using a maximum, MAX-pooling function), with similar preferred spatial
frequencies and receptive field locations, to increase receptive field size and
broaden spatial frequency tuning. Thus, a C1 unit responds best to a bar of the
same orientation as the S1 units that feed into it, but over a range of positions and
scales. To increase feature complexity, neighboring C1 units of similar spatial
frequency tuning are then grouped to provide input to an S2 unit, roughly
corresponding to neurons tuned to more complex features, as found in V2 or V4.
Intermediate S2 features can either be hard wired (Riesenhuber and Poggio, 1999a)
or learned directly from image sets by choosing S2 units to be tuned to randomly
selected patches of the C1 activations that result from presentations of images from
a training set (Serre et al., 2007a,b). This latter procedure results in S2 feature
dictionaries better matched to the complexity of natural images (Serre et al.,
2007b). For the simulations involving generic objects (the fMRI voxel-level and
single-unit simulations), S2-level features were the general-purpose 2000 “natural
image” features used previously (Serre et al., 2007b), constructed by extracting C1
patches from a large database of natural images collected from the Web. To obtain
a more face-specific set of features for the simulations of human face recognition
performance in clutter, S2 features were learned by extracting patches from the C1-
level representation of 180 face prototypes [the method used to create “class-
specific patches” in the study by Serre et al. (2007b)] that were not used as testing
stimuli, resulting in 1000 S2 face-specific features. To achieve size invariance over
all filter sizes and position invariance over the modeled visual field while
preserving feature selectivity, all S2 units selective for a particular feature are
again pooled by a MAX operation to yield C2 units. Consequently, a C2 unit will
respond at the same level as the most active S2 unit with the same preferred
feature, but regardless of its scale or position. C2 units are comparable to V4
neurons in the primate visual system (Cadieu et al., 2007). Finally, the recognition
of complex objects in the model is mediated by view-tuned units (VTUs),
modeling neurons tuned to views of complex objects such as faces, as found in
monkey inferotemporal cortex (Riesenhuber and Poggio, 2002). The VTUs receive
input from C2 units. A VTU's response to a given object is calculated as a
Gaussian response function of the Euclidean distance between the preferred
object's activation over the d most activated C2 units for that object and the current
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activation for those same d units at the C2 level (Riesenhuber and Poggio, 1999b).
The selectivity of the VTUs is determined by the Gaussian tuning-width parameter,
o, and the number of C2 afferents, d, with more C2 afferents leading to higher
selectivity.

A key prediction of the model is that object recognition is based on sparse codes at
multiple levels of the visual processing hierarchy (Riesenhuber and Poggio,

1999b; Jiang et al., 2006). Viewing a particular object causes a specific activation
pattern over the intermediate feature detectors, activating some strongly and others
only weakly, depending on the features contained in the object. A sparse subset of
the most activated feature detectors for a familiar object forms the afferents that
determine the activation of the VTUs for that object. Then, in turn, a sparse readout
of the most activated VTUs for a given object underlies the recognition of that
object.

fMRI voxel-level simulation.

To model the fMRI data from MacEvoy and Epstein (2009), a VTU population
tuned to the same 60 objects (15 exemplar images from four general object
categories: cars, shoes, brushes, and chairs) as those used in that study was defined,
and the same stimulus presentation conditions were simulated. Paired object
images contained one object on top and one on bottom, and both possible object
configurations were used to calculate VTU activations for each pair. The object
images were 128 x 128 pixels in size on a gray background, and were all padded
with a border of 39 extra background pixels to avoid edge effects. This made the
image inputs into the model 412 x 206 pixels, with a minimum separation of 78
background pixels for all image pairs. Model VTU responses were calculated for
the single objects in both the top position with the bottom position empty and vice
versa. For each object pair and the constituent individual objects, the activation of
a simulated object-selective cluster from the lateral occipital complex (LOC; a
visual cortical brain region thought to play a key role in human object
recognition; Grill-Spector et al., 2001) was calculated by averaging across the
responses of the 58 VTUs in the population. Since it is unlikely that object-
selective neurons in the LOC happen to be optimally tuned to the particular object
prototypes used in the MacEvoy and Epstein (2009) fMRI experiment, the VT Us
tuned to the two objects used for a particular object pair were excluded, thus
modeling the processing of novel instances of prototypes from familiar object
categories as in the MacEvoy and Epstein (2009). Results were similar, however,
even if those VTUs were included (see Results, below). For each object pair, a pair
“average” response was calculated by averaging the simulated voxel responses to
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the two possible object configurations (the average of object A on top and object B
on bottom, and object B on top and object A on bottom). A corresponding sum of
the responses to the constituent objects of the pair was calculated by adding the
averages of the presentations of the two possible locations for each single-object
presentation (the average of object A on top with the bottom empty and the top
empty with object A on the bottom plus the average of object B on top with bottom
empty and the top empty with object B on the bottom). Similar to our previous
study (Jiang et al., 2006), the selectivity of the VTU population was varied across
different simulation runs by varying the number of afferents, d (i.e., using

the d strongest C2 activations for each object), and the tuning width of the VTU's
Gaussian response function, G.

Single-unit simulation.

Zoccolan et al. (2007) defined an index of “clutter tolerance” (CT) as CT = <(Ryef
and flank — Rflank)/(Rret — Rilank)™, With Riefand flank denoting the mean neuronal response
to a given reference/flanker object pair presented simultaneously, Rrer and Rpank the
mean responses to the constituent objects of the pair presented in isolation, and <
and > indicating the average over all flanking conditions. Using the same 60
object-tuned VTUs from the fMRI voxel simulation, each VTU's response was
determined for the 59 stimuli different from its preferred object (to simulate the
experimental situation in which a neuron's preferred object was likewise not
known). Following the procedure used in Zoccolan et al. (2007), the one object of
the 59 test stimuli that activated each VTU most strongly was taken as its
“reference” object, and any of the other test stimuli that activated the VTU less
than half as strongly as the reference were taken as “flankers.” The model VTU
responses to the reference/flanker pairs were computed, and the results were used
to calculate CT values for each unit, as well as the mean CT values for each
parameter set.

Model predictions for human behavior.

A model containing 180 VTUs tuned to a set of prototype faces that would not be
used as the faces tested in the behavior prediction simulation was created to predict
human face recognition performance in clutter (Jiang et al., 2006). Unlike the
fMRI and single-unit simulations already described that used generic objects and
S2/C2 features extracted from a database of natural images, the S2/C2 features
used in the face detection simulations were extracted from the face prototype
images to obtain a face-specific set of intermediate features, following evidence
from fMRI studies for face feature-tuned neurons in the occipital face area
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(Gauthier et al., 2000; Liu et al., 2010). A key advantage of working with the
object class of faces is that there are ample behavioral data to constrain model
parameters: instead of a brute-force test of a large range of parameter sets, we used
the procedure described by Jiang et al. (2006) to find a small number of parameter
sets that could account for human face discrimination behavior on a task testing
upright versus inverted face discrimination (Riesenhuber et al., 2004). This fitting
process produced sets of parameters that determined the selectivity of the model
face units by setting the number of afferents d as well as the tuning width
parameter ¢ for each VTU. This fitting process also determined the level of
sparseness of the readout from the VTU representation by fitting the number of
VTUs, n, on which the simulated behavioral decision is made. This fitting process
resulted in 149 unique parameter sets to test in the clutter behavior prediction
simulation.

The VTU activation for a target face presented in isolation, as well as the
activations for the target face paired with a distractor face of varying dissimilarity,
was computed for each of the fitted parameter sets (see Fig. 5). Distractor faces of
0, 20, 40, 60, 80, or 100% dissimilarity were created using a photorealistic face-
morphing software (Blanz and Vetter, 1999). The predicted level of interference
for each distractor condition was then calculated as the Euclidean distance between
the activation vector of the » most active VTUs when the target face was presented
in isolation and the activation vector for those same # units when the target face
was presented with the distractors of varying dissimilarity. This process was
repeated for each parameter set for 10 separate face “morph lines,” with the face
prototype at one end of the morph line as the target, and the value reported for each
distractor condition is the average across the morph lines (see Fig. 5).

Figure 5.
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Predicting the interfering effect of clutter at the behavioral level. 4, An example a
“morph line” between a pair of face prototypes (shown at the far left and right,
respectively), created using a photorealistic morphing system (Blanz and Vetter,
1999). The relative contribution of each face prototype changes smoothly along the
line. For example, the third face from the left (the second morph) is a mixture of
60% of the face on the far left and 40% of the face on the far right. B, Example of
the target-plus-distractor clutter test stimuli used in the model simulations. Each
test stimulus contained a target prototype face in the upper left-hand corner (in this
case, prototype face A from the morph line in A) and a distractor face of varying
similarity to the target in the bottom right-hand corner (in this case, the distractor is
20% face A and 80% face B, or a morph distance of 80%). C, An example (for one
parameter set) of the predicted amount of interference as a function of clutter—
target dissimilarity, showing a significant decrease in predicted interference once
the distractor face became dissimilar enough. *p < 0.05; ~p < 0.1 (paired ¢ test).
The neural representation of a target face was defined as a sparse activation pattern
over the set of face units with preferred face stimuli most similar to the target face
(see Materials and Methods, Model predictions for human behavior). Interference
was calculated as the Euclidean distances between these face units' responses to the
target in isolation versus the response pattern caused by the target-plus-distractor
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images. Data shown are averages over 10 morph lines (same morphs as used

by Jiang et al., 2006). Error bars indicate SEM. Distractor faces for a particular
target face were chosen to lie at different distances along the morph line (0, 20,,
100%, with 0% corresponding to two copies of the target face and 100%
corresponding to the target face along with another prototype face), resulting in six
different conditions. For this parameter set, maximal interference is found for
distractors at 60% distance to the target face. D, Group data for all the parameter
sets tested with the HMAX model. The histogram depicts the counts of the
locations of the peaks in the clutter interference curves (like the one shown in C)
for each parameter set.

A second set of simulations using a divisive normalization rule were performed,
following suggestions that divisive normalization could account for the neuronal
responses in clutter (Reynolds et al., 1999; Zoccolan et al., 2005; Li et al.,

2009; MacEvoy and Epstein, 2009). For these simulations, VTU activations for the
target and distractor objects were calculated individually and then combined using
a divisive normalization rule as described by Li et al. (2009); namely, R =

(Rr+ Rp)/||Rr + Rp||, where R is the VTU activation vector for the pair, Rris the
activation vector for the target alone, and Rp is the activation vector for the
distractor alone. It should be noted that this is an idealized case, and it is not clear
how the visual hierarchy could process two stimuli in such a way that their
activations do not interfere at all before the level of IT. In this model, activation
patterns are compared using a correlation distance measure (Li et al., 2009) instead
of the Euclidean distance as in the HMAX simulations. The correlation distance
measure is computed as 1 — », where 7 is the correlation between the response

of n most activated units for the target and the response of those same units for the
target/distractor pairs. The parameters for the tightness of tuning of the VT Us
(number of afferents, d, and the tuning width parameter, 6) and the sparseness of
the readout (» most active VTUs to base behavior on) were determined in a similar
manner as above and in the study by Jiang et al. (2006), except the Euclidean
distance measure was replaced by a distance measure based on the 1 — 7 correlation
distance. This resulted in 77 parameter sets that could account for the previous
behavioral data. Additional simulations were attempted using the correlation
distance readout over the entire face-tuned VTU population, but no parameter sets
were found that could account for human face discrimination performance in that
model.

Participants.
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A total of 13 subjects (five female; mean + SD age, 23.9 + 4.8 years) took part in
the psychophysical experiment. All participants reported normal or corrected-to-
normal vision. Georgetown University's Institutional Review Board approved
experimental procedures, and each participant gave written informed consent
before the experiment.

Behavior experiment stimuli.

Face stimuli were ~3° of visual angle in size and were created with the same
automatic computer graphics morphing system (Blanz and Vetter, 1999; Jiang et
al., 2006) used in the behavior prediction simulations. For the behavioral
experiment, the morphing software was used to generate 25 “morph lines” through
interpolation between 25 disjoint sets of two prototype faces, as in the study

by Jiang et al. (2006). We then chose face images separated by a specified distance
along a particular morph line continuum as target/distractor pairs, with 100%
corresponding to the distance between two prototype faces, and 120% difference
created by extrapolation to increase diversity in face space (Blanz and Vetter,
1999; see Fig. 64). Stimuli were selected so that each face was presented the same
number of times to avoid adaptation effects. Experiments were written in
MATLAB using the Psychophysics toolbox and Eyelink toolbox extensions
(Brainard, 1997; Cornelissen et al., 2002).

Figure 6.
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“target” face that was presented in isolation (control condition, not pictured) or
surrounded by distractor faces of varying similarity to the target face. For details,
see Materials and Methods. The trial shown here 1s a “different” trial, with a
distractor morph distance of 60% (the “sample” is the 80% A/20% B face in A4, the
“target” is the —10% A/110% B face in A4, and the “distractors” are the 50% A/50%
B face in A). C, Behavioral performance for each target face/distractor face
similarity condition tested. As predicted, there is an initial drop in performance as
distractor dissimilarity increases, followed by a subsequent rebound in
performance as the distractor faces become more dissimilar (comparisons are
between the conditions at the tail of each arrow and the arrowhead, with
significance demarcated at the arrowhead; *p < 0.05, **p < 0.005, ***p < 0.0005,
*EHEp <0.00005). Accuracy is measured here using d’, though similar results were
found by analyzing the percentage of correct responses. Error bars show SEM.

Behavioral experiment procedure.

Subjects performed a “same/different” task in which a sample face was presented
at fixation for 200 ms, followed by a 300 ms blank, followed by presentation of a
target face 9° of visual angle away from fixation toward one of the four corners of
the screen for 500 ms. The sample face was selected from one of four possible
morph line positions (110% prototype A/—10% prototype B, 80% prototype A/20%
prototype B, 20% prototype A/80% prototype B, or —10% prototype A/110%
prototype B; see Fig. 64). On control trials, the target face was presented in
isolation, and on distractor trials, the target face was presented in the middle of two
flanking distractor faces at equal eccentricity from the fovea as the target face, each
arranged with a center-to-center distance of 3.5° from the target face. On the
“different” trials, the target face was 90% different from the sample face, and if a
distractor was present, it was morphed the defined distance back toward the sample
face. The similarity of the distractor faces to the target face was varied in steps of
30% morph distance along the morph line, resulting in five different distractor
conditions, from 0 to 120% dissimilarity. Subjects were instructed to press the “1”
key if the target face was the same as the preceding sample face and the “2” key if
it was different, and were given up to 2500 ms to respond (see Fig. 6B). Each
session included 1000 distractor trials (500 target same as sample/500 target
different from sample) and 200 control trials (100 target same/100 target different).
One hundred trials were presented for each distractor condition and target
same/different combination (four possible morph line positions for the sample face
across 25 independent morph lines), and the trial type order was randomized for
each subject. Subjects were instructed to maintain fixation on a cross in the center
of the screen throughout each trial. Gaze position was tracked using an Eyelink
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1000 eye tracker (SR Research), and trials were aborted and excluded from
analysis if subjects' gaze left a 3° window centered around the center of the
fixation cross. One subject was removed for failing to maintain fixation on at least
80% of the trials. The remaining 12 subjects maintained fixation on 94.56 £+ 2.73%
(mean = SD) of the trials.

Behavior experiment analysis.

Performance is reported here in terms of d', which is a standard measure of target
selectivity derived from signal detection theory; it accounts for response bias by
taking the Z-transform of the hit rate for a target (the rate at which a subject
correctly responds “same” when the target is the same as the sample) and
subtracting the Z-transform of the false alarm rate (the rate at which a subject
responds “same” when the target is actually different from the sample). An
analysis of the average percentage of correct responses on all trials showed similar
results.

Results
The HMAX model can account for previous average-like responses in fMRI

despite its nonlinear MAX-pooling steps

Some previous fMRI findings show that the responses to visual stimuli from the
preferred object classes in some high-level visual brain areas [faces in the fusiform
face area (FFA) and houses in the parahippocampal place area] are not affected by
the presence of stimuli from another nonpreferred object class (Reddy and
Kanwisher, 2007; Reddy et al., 2009). These findings are in good agreement with
the hypothesis that object recognition in clutter is driven by sparse object selective
responses that are robust in the presence of clutter. However, some previous
human fMRI studies (MacEvoy and Epstein, 2009; MacEvoy and Epstein,

2011; Baeck et al., 2013) argued for an account of object recognition in clutter
based on neurons showing response averaging as opposed to neurons whose
responses are minimally affected by the presence of clutter. Specifically, one
elegantly straightforward human fMRI study measured the activation in the LOC
in response to the presentation of single objects versus pairs of objects (MacEvoy
and Epstein, 2009). Stimuli were 15 exemplars from four object classes (cars,
brushes, chairs, and shoes), and objects were presented in isolation or in pairs, with
the two objects in each pair belonging to different categories. The authors
performed linear regressions of the fMRI responses to stimulus pairs versus the
sum of responses to their constituent objects and reported that in the most object-
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selective clusters of LOC voxels, regression slopes fell near 0.5, with * values
reaching up to 0.4. This was taken as support for some type of averaging
mechanism.

To investigate whether these fMRI results could be accounted for with the HMAX
model, we simulated an object-selective cluster of 60 neurons as a group of 60
view-tuned model IT units selective for each of the same 60 objects used

by MacEvoy and Epstein (2009). It should be noted that our model of voxel-level
activity 1s simply the average simulated spiking activity over a population of
object-tuned units. Although the relationship between the BOLD response and the
underlying neural activity is a complicated one (Logothetis et al., 2001; Sirotin and
Das, 2009), our simplified model is in line with previous reports that average
neuronal response is a surprisingly good predictor of BOLD responses (Mukamel
et al., 2005; Issa et al., 2013). To model the LOC responses for each object pair (90
total pairs, 15 from each of the six possible object type pairings)and each pair's
constituent objects, we took the average response over all VTUs (excluding the
two VTUs selective for the objects in a particular pair to model the case where the
stimuli presented were novel instances of objects from familiar object classes and
thus unlikely be the optimal stimuli for LOC neurons) to that object pair and its
constituent objects presented in isolation, respectively. These simulations were
performed over a range of VTU selectivities (see Materials and Methods).
Interestingly, the simulations revealed broad regions in the tested parameter space
with slopes similar to those found by MacEvoy and Epstein (2009). To

illustrate, Figure 24 shows an example for a particular parameter set yielding a
slope of 0.51 and an 72 value of 0.53, whereas B and C show slopes and 7 values,
respectively, for a range of VTU parameter values demonstrating a large region of
parameter space that results in slopes near 0.5 with high 7 values. A second set of
simulations in which the two VTUs selective for the constituent objects in the pair
were not removed, modeling the case where the voxel contained neurons optimally
tuned to the stimulus, gave results that were not qualitatively different, with a
similar region of parameter space with slopes near 0.5 with high 7? values (results
not shown).

Figure 2.
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Accounting for human fMRI data. 4, One example plot showing the linear
relationship between the average model VTU population response to object pairs
and the sum of the average population responses to the individual objects from that
pair (see Results). Fitting with linear regression gives a line with a slope of 0.51
and an 7 value of 0.53. B, The slopes of the best-fit lines for a range of different
VTU selectivity parameter sets. In the simulation data shown, the number of C2
afferents to each VTU was varied from 250 to 500 in increments of 25 and VTU o
was varied from 0.3 to 0.6 in increments of 0.025 to simulate different levels of
neuronal selectivity, with selectivity increasing for larger numbers of C2 afferents
and smaller values of ¢ (see Materials and Methods). C, The 7* values
corresponding to the slopes shown in B. The black circles in B and C indicate the
location of the parameter set used for the simulations in A (corresponding to 450
C2 afferents and a VTU o of 0.5), and a large subset of the tested parameter space
shows similar slopes and 7 values.

Although this agreement of model and fMRI data might at first seem surprising,
given the nonlinearities at several stages in the model, it can be understood as
arising from a population of object-tuned neurons that, on average, respond
similarly to the single- and two-object displays producing a slope of ~0.5 when
comparing the two-object response to the sum of the single-object responses, as
was observed in the experiment. There are on the order of 100,000 neurons in a
single voxel, and, given the large number of possible objects neurons can be
selective to, the majority of these neurons are likely tuned to objects different from
either of the single objects that make up a given pair. For the simulated units in the
HMAX model, where a VTU's response is determined by how closely the current
C2 feature activation pattern matches the preferred C2 activation pattern, the
combination of the two nonpreferred objects in a pair will almost always produces
another suboptimal C2 activation pattern, leading to a similar average VTU
response across the simulated population for the object pair and each of its
constituent single objects. The model therefore shows that the averaging-like
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responses found at the voxel level in fMRI studies might result from the fact that
the average activation level in the population inside the voxel is quite similar for
the object pair and each of its constituent single objects because all three are
suboptimal stimuli for all or nearly all neurons in the population, rather than
resulting from an averaging mechanism at the single cell level. To get a better idea
of the interactions of simultaneously presented objects at the neuronal level, one
must therefore turn to single-unit data.

Actual IT neurons and simulated HMAX VTUs show a similar range of clutter

tolerances

A previous single-unit electrophysiology study compared responses of monkey IT
neurons to object pairs to the responses to the constituent objects, and initially
reported that the responses to the object pairs were often well modeled as the
average of the responses to the constituent objects presented in isolation (Zoccolan
et al., 2005). The same group then expanded upon these findings in a follow-up
study (Zoccolan et al., 2007). In that study, clutter tolerance was quantified using a
clutter tolerance index, which was defined to have a value of 0.5 for neurons
perform an averaging operation, and 1.0 for neurons showing complete clutter
invariance, i.e., being unaffected by clutter (see Materials and Methods). Across
the population of neurons recorded from, CT values showed a broad distribution
from near 0.5 to values of 1 or more (Zoccolan et al., 2007; reproduced in Fig. 34).
Interestingly, the individual model IT units of Figure 24 that fit the fMRI data

of MacEvoy and Epstein (2009) also exhibited a broad distribution of CT values
(Fig. 3B) whose range and average were similar to those found in the IT
recordings, showing that the same parameter set that fit the fMRI data also
produced model neurons with clutter tolerances similar to those found in the
single-unit electrophysiology experiment. In both the previously recorded data and
the simulated data, there are a number of single-unit responses that demonstrate
responses that are very robust to clutter, i.e., with CT values close to 1. According
to the model, these units are the ones selective for objects similar to their preferred
presented stimuli, and it is these units that are hypothesized to drive the recognition
behavior of these stimuli. In the following sections, this hypothesis will be tested
by examining in the model and experimentally how the recognition of target
objects is affected by simultaneously presented distractors whose similarity to the
target object is varied parametrically, which allows us a finer investigation of the
effect of clutter than in previous studies in which target—distractor similarity was
not always controlled. We first present simulations using the HMAX model to
predict human object recognition performance in these conditions, followed by a
psychophysics experiment to test the model predictions.

20


https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B75
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B75
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B76
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B76
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#F3
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#F2
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#B42
https://pmc.ncbi.nlm.nih.gov/articles/PMC4683683/#F3

Figure 3.

A Averaging CCl
|

0.2, |
N ! |
E I I
-5 | |
© - : :
Qo
O
(a
0. .
0 0.5 1 1.9
Clutter Tolerance (CT)
BO.2 > Averaging C|CI
K y
3 :
[V I
Qo
o)
p -
(a
0 R B
0 0.5 1 15

Clutter Tolerance (CT)

Open in a new tab
Accounting for monkey electrophysiology data. A, Distribution of CT values of
single-unit IT recordings from Zoccolan et al.'s (2007) Figure 8. The black arrow
indicates the mean CT values for the entire population (mean CT, 0.74). B, Results
from our simulations. Results shown used the same parameter set as in Figure 24,
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which provided a good fit for the fMRI data. The black arrow indicates the mean
CT value from the simulated population of 60 VTUs (mean CT of model VTUs,
0.71). Notice that the CT values from the model VTUs cover a range of CT values
that 1s quite similar to the electrophysiological single-unit recordings in 4, with
similar means. In both panels, the dashed lines indicate the CT values
corresponding to an averaging rule (CT, 0.5) and complete clutter invariance (CCI,;
CT, 1.0).

The HMAX model predicts a U-shaped performance curve for object recognition

behavior in clutter as a function of distractor similarity

As stated previously, in the HMAX model, visual object recognition is mediated
by a sparse readout of VTUs, modeling neurons tuned to views of complex objects
(Riesenhuber and Poggio, 1999a), and the response of these VTUs is determined
by the activation patterns of their afferents, C2-level feature detectors. Crucially, a
view-tuned unit that is to exhibit robust selectivity to its preferred object even in
the simultaneous presence of a nonpreferred object should receive input only from
feature-tuned (C2) units strongly activated by the preferred object in isolation
(Riesenhuber and Poggio, 1999b). That way, if an instance of the preferred object
appears together with nonpreferred objects within the same C2 unit's receptive
field, the MAX-pooling operation of the C2 unit will tend to ignore the presence of
the nonpreferred objects, because its S2 afferents whose receptive fields contain
the nonpreferred objects will tend to be activated to a lower degree than the S2 cell
whose receptive field contains the preferred object, thus avoiding interference and
preserving selectivity (Fig. 4C).

Figure 4.
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The predicted U-shaped effect of clutter on neuronal responses of object-tuned
units in the visual processing hierarchy. This diagram demonstrates the effects of
clutter objects of varying levels of dissimilarity on a VTUs response to its
preferred object. A—C, Highly similar or identical (A4) or highly dissimilar (C)
clutter objects produce little to no interference, but at an intermediate level of
clutter similarity (B), clutter interference is maximal. This is an extremely
simplified example containing only two feature-tuned C2 units, whereas actual
simulations use on the order of hundreds of intermediate features (Fig. 2). The
image shown inside each unit is that unit's preferred stimulus: the VTU prefers a
particular house stimulus with a medium-sized chimney and paned window to the
right of the door, whereas the C2 afferents respond to different house-specific
features (one tuned to a door/paned window feature and one tuned to a small
chimney feature). The unit activation level is represented by outline thickness, with
thicker outlines representing higher activation. The dotted arrows represent a
MAX-pooling function, and the solid lines represent a template-matching function
(see Fig. 1), with the thickness of the arrow corresponding to the preferred
activation level of the afferent (when the thickness of the arrow matches the
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thickness of the unit at the tail of the arrow, the response of the downstream unit
will be highest). The bottom row of each panel depicts the visual stimulus and
parts of the stimulus covered by the receptive field (RF) of each unit, with each
units' outline color corresponding to the color of its outlined RF in the bottom row.
The VTU's preferred object is always shown in the upper left of the visual input
image, together with a simultaneously presented clutter object (the house in the
lower right). 4, When two copies of the preferred object are presented in the
VTU's RF, the S2-level feature-tuned units tuned to the same feature (but receiving
separate input from the two copies of the house) activate identically. Taking the
maximum of the two at the C2 level will therefore lead to the same C2 response as
when the preferred object is presented by itself, thus causing no interference at the
VTU level (strong response, thick outline). B, When the preferred object is
presented together with a similar clutter object, there are two possible scenarios:
(1) the clutter object could activate a particular S2 feature-tuned unit less strongly
than the target (as in the left, door/paned window feature); in this case the
corresponding C2 unit due to its MAX integration will show the same activation as
in the no-clutter case, i.e., there will be no interference; (2) the clutter object could
activate the S2 feature tuned unit more strongly (as in the right, small chimney
feature), leading to a higher C2 unit activation as a result of the MAX-pooling
operation, thus causing interference (shown by the thinner circle at the VTU level)
because the afferent activation pattern to the VTU unit is now suboptimal. Note the
mismatch between actual C2 activation and the VTU's preferred activation here,
demonstrated by the thickness of the circle depicting the activation for the C2
small chimney feature and the preferred activation for the house VTU indicated by
the thickness of the arrow between the C2 small chimney feature and the house
VTU: although the particular chimney causes a strong activation of the small
chimney feature (thick circle outline), this is suboptimal for the particular house
VTU whose preferred house stimulus activates the chimney feature more weakly
due to its medium-sized chimney (indicated by the thinner arrow from the chimney
feature to house VTU). C, A clutter object that is very dissimilar to the preferred
object activates the relevant features only weakly, making it unlikely that
activation from the clutter object will interfere at the C2 MAX-pooling level. This
leads to the behavioral prediction that recognition ability should show a U-shaped
curve as a function of target—distractor similarity.

Thus, whether the visual system can rapidly recognize a particular object in the

presence of another object crucially depends on the similarity between the objects
as well as the selectivity of the visual system's intermediate features, as illustrated
in Figure 4. In the first panel (Fig. 44), two copies of a VTU's preferred object are
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presented within the VTU/C2 receptive field. The resulting two identical S2
activation patterns at the two respective object locations lead to the same C2
activation pattern as in the single target case, due to the MAX pooling at the C2
level. Thus, in this i1dealized case, there is no interference caused at the VTU level
by the simultaneous presence of the two identical objects. In the second panel (Fig.
4B), an object that is similar but not identical to the VTU's preferred object is
presented together with the preferred object. In this case, one of the S2/C2-level
features that is included in the afferents to the VTU is activated more strongly by
the nonpreferred object. This leads to a change in activation of the C2 afferent for
that feature relative to the no-clutter case, creating a nonoptimal afferent activation
pattern for the VTU and resulting in decreased VTU activation due to clutter
interference. Finally, Figure 4C depicts a scenario with a nonpreferred object that
is even more dissimilar to the VTU's preferred object, with lower S2 activation
levels for both of the pertinent features compared to the S2 activations for those
features caused by the preferred object, because the nonpreferred object now
contains features that are different from the ones relevant for the VTU's activation
to the preferred object. MAX-pooling at the C2 level ignores this lower S2
activation, resulting in reduced clutter interference compared to the case with the
more similar distractor. Since behavior is read out from the VTU level, this leads
to the salient prediction for target detection in clutter that, with a sufficiently
selective intermediate feature representation, the interfering effect of clutter of
varying similarity to a particular target should follow an inverted U shape, with
little interference for distractors that are both highly similar and highly dissimilar
to the target, and highest interference for distractors of intermediate similarity.
Correspondingly, behavioral performance for target detection in clutter should
show the inverse profile (because performance is expected to be high if
interference is low), resulting in the prediction of a U-shaped curve for target
detection performance as a function of distractor dissimilarity.

To test this hypothesis quantitatively, we ran simulations using the HMAX model
(for model details, see Materials and Methods), applying it to the example of
detecting a face target in clutter. Faces are an attractive object class to focus on.
Because of their importance for human cognition, they are a popular stimulus class
to use in studies of object recognition in the presence of interfering objects (Louie
et al., 2007; Farzin et al., 2009; Sun and Balas, 2014), and we showed previously
(Jiang et al., 2006) that the HMAX model can quantitatively account for human
face discrimination ability (of upright and inverted faces presented in isolation) as
well as the selectivity of “face neurons” in the human FFA (Kanwisher et al.,
1997). Here we first created a VTU population of 180 “face units,” modeling face
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neurons in the FFA, each tuned to a different face prototype, as in the study

by Jiang et al. (2006). To account for the typically high human discrimination
abilities for upright faces and reduced discrimination ability for inverted faces
(Yin, 1969), the model previously predicted that face discrimination is based on a
population of face neurons tightly tuned to different upright faces, which, as a
result of their tight tuning, show little response to inverted faces (Jiang et al.,
2006). This high selectivity of face neurons implied that viewing a particular face
would cause a sparse activation pattern (Riesenhuber and Poggio,

1999b; Olshausen and Field, 2004), in which, for a given face, only a subset of
face neurons, whose preferred face stimuli were similar to the currently viewed
face, would respond strongly. The model predicted that face discrimination is
based on these sparse activation patterns, specifically the activation of the face
units most strongly activated by a particular face, i.e., those face neurons selective
to faces most similar to the currently viewed face. Indeed, previous fMRI studies
have shown that behavior appears to be driven by only subsets of stimulus-related
activations (Grill-Spector et al., 2004; Jiang et al., 2006; Williams et al., 2007), in
particular, those activations with optimal selectivity for the task. The
discriminability of two faces is then directly related to the dissimilarity of their
respective face unit population activation patterns. Previous behavioral and fMRI
experiments have provided strong support for this model (Jiang et al., 2006; Gilaie-
Dotan and Malach 2007).

For the present simulations that investigate the effects of clutter, model parameters
were fit as described previously (Jiang et al., 2006) to obtain face unit selectivity
compatible with the previously acquired face discrimination behavioral data on
upright and inverted faces (Riesenhuber et al., 2004). We then probed the
responses of model face units to displays containing either a target face by itself
(here a prototype from one end of a morph line) or two face images, a target face
and a distractor face, whose similarity was parametrically varied by steps of 20%
between two face prototypes using a photorealistic face-morphing program (Blanz
and Vetter, 1999; Fig. 54,B). Simulation results revealed that the degree of
interference (here calculated as the Euclidean distance between the activation
vector for the n most activated face VTUs for the target in isolation and the
activation for those same # units in response to the target—distractor pairs; see
Materials and Methods) caused by clutter depended on target—distractor similarity
in 148 of 149 of the fitted parameter sets that were tested (p < 0.05, one-way
repeated measures ANOVA). As predicted, a vast majority of the parameter sets
tested (128 of 149) showed an inverted U-shaped effect of distractor similarity on
target interference. Figure 5C shows interference for an example parameter set,
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and Figure 5D depicts a histogram of the peak locations of all tested parameter
sets. Note the remarkable degree of agreement in predictions of maximum
interference for distractors 60—-80% different from the target face.

It was suggested previously that divisive normalization may account for the
averaging-like behavior in single-unit and fMRI responses in clutter (Reynolds et
al., 1999; Zoccolan et al., 2005; Li et al., 2009; MacEvoy and Epstein, 2009). In
the divisive normalization account, the activity of individual neurons in a
population is normalized by the overall activity of the population or the overall
level of input to that population. It was also suggested that the absolute firing rate
of the neurons that represent an object are not what matters for object recognition
in clutter, but rather the preservation of the rank order of the firing rates of those
neurons (Li et al., 2009), motivating the use of a correlation-based interference
measure as opposed to the Euclidean distance measure used previously. To test
whether divisive normalization mechanisms would likewise predict a U-shaped
interference effect, a second set of simulations using a divisive normalization
model were performed in addition to the HMAX simulations, and the effects of
clutter were measured with an interference measure based on correlation distance
(see Materials and Methods). Unlike the HMAX clutter simulations, which
consistently showed a significant effect of distractor condition on interference
level, with peak interference at intermediate levels of distractor dissimilarity (M6
or M8; Fig. 5D), the effect of distractor condition on clutter interference in the
divisive normalization clutter simulations with the correlation distance were not
significant (one-way repeated measures ANOVA, p > 0.05) for any of the 77
candidate parameter sets, meaning that the divisive normalization model predicted
no effect of distractor similarity on object recognition performance in clutter.

Behavior shows a U-shaped effect of distractor interference

To behaviorally test the modeling predictions, we performed a psychophysical
experiment (for details, see Materials and Methods). Briefly, subjects were asked
to perform a target detection task in clutter, in which a sample face was presented
foveally on each trial followed by a display containing a target face in the
periphery flanked tangentially by distractor faces (Fig. 6B), or in a control
condition, with no distractor faces. On a given trial, the target face was either the
same as the sample face or a different face that was 90% dissimilar from the
sample. The subject's task was to decide whether the target face was the same as
the sample face or not. To investigate the effect of distractor similarity on target
discrimination, the similarity between the target face and the simultaneously
presented distractor faces was varied parametrically across trials in steps of 30%
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up to a morph distance of 120%. Peripheral presentation of the target stimuli was
used because the larger receptive fields in the periphery (Dumoulin and Wandell,
2008) made it more likely that the target and distractor faces fell within one cell's
receptive field and interfered with one another. Note that in the HMAX model,
receptive field size does not vary with eccentricity. Yet, since the target and
distractor stimuli in the behavioral experiment were presented at the same
eccentricity, this simplification in the model does not affect the predicted effect of
target—distractor similarity on clutter interference. The basic paradigm is similar to
paradigms in the crowding literature that investigate interference on discrimination
performance (e.g., for letters, digits, or bars/gratings) caused by related objects
presented in spatial proximity (Bouma, 1970; Andriessen and Bouma, 1976; He et
al., 1996; Intriligator and Cavanagh, 2001; Parkes et al., 2001 ; Pelli et al.,

2004; Balas et al., 2009; Levi and Carney, 2009; Dakin et al., 2010; Greenwood et
al., 2010). Whereas most of these studies have focused on the effect of varying
spatial arrangements between crowding stimuli (Pelli and Tillman, 2008), we focus
here on the effect of varying shape similarity between stimuli to test the model
predictions regarding how the human visual system performs object detection in
clutter, in particular, the U-shaped interference effect.

A one-way repeated-measures ANOVA with d' as the dependent variable and the
five distractor conditions as the within-subject factor revealed a significant effect
of distractor condition on behavioral performance (p = 1.35e-05), in agreement
with the HMAX simulation predictions, but not the predictions from the divisive
normalization model. Motivated by the model predictions, we expanded the morph
lines to 120% different to maximize the opportunity to see the predicted rebound.
Given that distractor faces of intermediate levels of dissimilarity caused the most
interference in the model predictions, particularly in the 60-80% range, we used
planned post hoc one-tailed paired ¢ tests to test the hypothesis that performance on
the 60 and 90% conditions was lower than on the control, 0 and 120%, conditions
(Figure 6C). The moderately dissimilar distractor faces (60 and 90% dissimilarity)
did, in fact, lead to a decrease in subjects' ability to discriminate the target
compared to the control condition (p = 0.0001 for control vs 60%; p = 1.59¢-05 for
control vs 90%), as well as the conditions in which the distractors were identical to
the target face (p = 0.0048 for 0 vs 60%; p = 0.0283 for 0 vs 90%). Moreover,
there was a significant rebound in detection performance for distractor faces that
were increasingly dissimilar to the target face (p = 0.0002 for the 60 vs 120%; p =
0.0011 for 90 vs 120%, one-tailed paired t-tests). This rebound confirms the U-
shaped prediction derived from the HMAX model simulations (Fig. SC,D). It is
worth noting here that the distractor faces were the same as the sample face on the
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90% dissimilar condition for the “different” trials, and this could have led to
decreases in performance if the subjects mistook the distractor faces for the target
face. However, this cannot account for the overall U shape seen in behavioral
performance because the 60 and 120% distractor dissimilarity conditions on the
“different” trial both contained distractors that were equally similar to the sample
face (30% morph distance from the sample), and yet the 60% condition shows low
performance and the 120% condition shows high performance. This rebound was
also not due to a speed/accuracy trade-off, because reaction time was not
modulated significantly by distractor dissimilarity (p = 0.2423, one-way repeated
measures ANOVA across the five distractor conditions).

Discussion

The feedforward account of rapid object recognition in clutter

Numerous studies have shown that humans are able to rapidly and accurately
detect objects in cluttered natural scenes containing multiple, possibly overlapping,
objects on complex backgrounds even when only presented for fractions of a
second (Potter, 1975; Intraub, 1981; Thorpe et al., 1996; Keysers et al., 2001). We
examined a simpler form of clutter, consisting of two or three nonoverlapping
objects on a uniform background, to investigate the core issue of feature
interference that arises when the visual system simultaneously processes multiple
objects. Although these stimuli do not permit the investigation of object
segmentation issues associated with clutter-induced object occlusion, they allowed
us to directly model previous results using similar displays (Zoccolan et al.,

2007; MacEvoy and Epstein, 2009) and to parametrically probe the effect of
target—distractor similarity on behavioral performance. It was proposed that rapid
object detection in cluttered scenes is based on a single pass of information through
the brain's ventral visual stream (Riesenhuber and Poggio, 1999a; VanRullen and
Thorpe, 2002; Hung et al., 2005; Serre et al., 2007a; Agam et al., 2010). How can
the neural representation of multiple simultaneously presented objects enable such
“feedforward” recognition in clutter? One popular hypothesis is that recognition in
clutter is mediated by neurons in high-level visual cortex that respond to displays
containing multiple stimuli with a response that is the average of the responses to
the objects presented individually (Zoccolan et al., 2005; MacEvoy and Epstein,
2009, 2011; Baeck et al., 2013). However, basing recognition on neurons
responding to multiple objects via an averaging mechanism requires that the visual
system achieve recognition by somehow disentangling the identity of individual
objects from the confounded population responses. It has been proposed

by MacEvoy and Epstein (2009, p. 946) that the visual system scales “population
responses by the number of stimuli present.” But this proposal creates a chicken-
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and-egg problem: to determine neuronal responses to cluttered displays, the visual
system would have to recognize the objects in a scene first to determine how many
there are, and then scale the responses accordingly. Indeed, recent computational
work has shown that linear mixing of the neural response to multiple stimuli is a
poor way of encoding object identity information to be read out by downstream
areas, with averaging performing particularly poorly (Orhan and Ma, 2015).
Divisive normalization (Heeger, 1992; Heeger et al., 1996; Carandini et al.,

1997; Recanzone et al., 1997; Simoncelli et al., 1998; Britten and Heuer,

1999; Reynolds et al., 1999; Schwartz and Simoncelli, 2001 ; Heuer and Britten,
2002), a mechanism whereby the activity of a neuron within a population is
normalized by the overall activity of that population or the level of input to the
population, was proposed as a possible explanation of the averaging phenomenon
that would not require explicitly recognizing the number of objects in a scene to
carry out the normalization step (Zoccolan et al., 2005; MacEvoy and Epstein,
2009). These models predict that at the individual neuron level, there is
interference because the magnitude of the firing rate is decreased, but at the
population level, the rank order of responses is maintained and that is what is
important for behavior (Li et al., 2009). The preservation of rank order along with
a correlation-based readout over the relevant neurons leads to the prediction of no
clutter interference, as was seen in the lack of a relationship between distractor
similarity and clutter interference in the divisive normalization simulations above,
which does not agree with the finding from our psychophysics results that
distractors of intermediate dissimilarity cause maximal clutter interference.
Alternatively, simulations have shown that the visual system could learn to identify
objects in clutter after being trained on thousands of clutter examples to extract
individual object identity from IT neuron population activity (Li et al., 2009).
However, given the virtually infinite variability of real-world visual scenes, it is
unclear how such a solution scales to variable numbers of objects present and how
much training would be required to recognize novel objects in new contexts.

In contrast to these theories, the HMAX model offers the hypothesis that individual
neurons can maintain their selectivity in clutter as long as their afferents are
selective enough that they respond more strongly to the neuron's preferred object
than to the clutter. Then downstream areas devoted to performing categorization
and identification tasks, like the ones shown by human fMRI and monkey
electrophysiology to reside in prefrontal cortex (Kim and Shadlen, 1999; Freedman
et al., 2003; Heekeren et al., 2004, 2006; Jiang et al., 2006, 2007), only read out the
most active neurons. This simple readout for behavior confers an advantage to this
model over the other models where the addition of more stimuli drives down the
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activity of the behaviorally relevant neurons, making it unclear how downstream
neurons “know” to use those neurons for behavior. Reddy and Kanwisher

(2007) found that classification accuracy for face and house stimuli based on fMRI
voxel activation was robust to the addition of clutter when based on the most active
voxels, supporting this method of readout. This model leads to the novel
hypothesis that target detection performance should show a U shape as a function
of target—distractor similarity, predicting a rebound in performance as distractors
become dissimilar enough to activate disjoint feature sets. This effect, not
predicted by the other models, was shown in the behavioral experiment.

Neuronal selectivity and object recognition in clutter

The relationship between neuronal selectivity in IT and clutter tolerance was
explored by Zoccolan et al. (2007) using electrophysiology and modeling using the
same HMAX model used here, revealing an inverse relationship: the more
selective a neuron, the less clutter tolerant it was (and indeed, we find the same
result in our simulations of single-unit clutter tolerance; results not shown). As was
shown by Zoccolan et al. (2007), this relationship can easily be understood in
terms of the model parameters that determine the selectivity of a VTU, with the
number of C2 afferents d playing a particularly important role. For a given feature
set, increasing the number of feature-level afferents to a particular VTU that have
to match a specific preferred activation level leads to a more selective VTU, but it
also leads to the inclusion of features that are activated more weakly by the
preferred object, leading to increased susceptibility to clutter interference.
However, both selectivity and clutter tolerance are required for successful object
recognition in clutter. This can be achieved by increasing the specificity of the
feature-level representation to better match the objects of interest (as in the case of
our simulations involving face stimuli), enabling VTUs to respond selectively with
fewer afferents. This leads to the interesting prediction that behavioral
requirements to perform object detection in clutter (rather than on blank
backgrounds) might lead to increased selectivity of feature-level representations,
e.g., in intermediate visual areas.

Implications of the model

In addition to predicting the U-shaped curve for the target detection performance,
the HMAX model also offers a parsimonious explanation for existing single-unit
(Zoccolan et al., 2007) and fMRI data (MacEvoy and Epstein, 2009) for responses
to multiple objects in the visual scene. The model shows that object-selective
neurons can show behavior that appears average-like in response to suboptimal
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stimuli, especially when averaging over large neuronal populations. These results
present an important caveat for fMRI and single-unit recording studies of clutter,
where it is generally not known whether the particular neurons recorded from are
actually involved in the recognition of the objects used in the experiment. In fact,
sparse coding models predict that a particular object is represented by the activity
of small numbers of neurons (Olshausen and Field, 2004), and it has been
postulated that sparse coding underlies the visual system's ability to detect objects
in the presence of clutter (Riesenhuber and Poggio, 1999b; Reddy and Kanwisher,
2006) by minimizing interference of neuronal activation patterns in ventral visual
cortex caused by different objects. Indeed, fMRI and single-neuron studies have
shown that only a subset of neurons responsive to a particular object appear to
drive recognition behavior (Afraz et al., 2006; Reddy and Kanwisher,

2007; Williams et al., 2007). Therefore, an absence of robustness to clutter in some
neurons' or voxels' responses might have little bearing on the behavioral ability to
perform detection in clutter, because the neurons recorded from simply might not
be involved in the perceptual decision. Conversely, the HMAX model's prediction
that the neurons driving behavior are robust to clutter is supported by previous
reports of robust neuronal object selectivity, as found previously in human
temporal cortex (Agam et al., 2010) and suggested by fMRI (Reddy and
Kanwisher, 2007). In summary, the sparse robust coding model not only accounts
for behavioral object detection abilities, but also provides a unified explanation for
human fMRI and monkey electrophysiology data, providing an appealingly simple
and integrative account for how the brain performs object detection in the real
world.
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The Neuroscience of Pattern Recognition: How Neurodivergence and
Trauma Shape Our Perception

Why Pattern Recognition Matters BRICE HILDRETH, LCSW

JAN 31, 2025

Pattern recognition is a cornerstone of human cognition—it allows us
to make sense of complex information and predict future outcomes.
From recognizing facial expressions to discerning social cues, pattern
recognition helps us interpret our environment and respond
accordingly. But not all brains process patterns in the same way.

For neurodivergent individuals (e.g., those with autism or ADHD)
and trauma survivors, pattern recognition can be heightened,
specialized, or even overwhelming, shaping how they experience the
world.

In neurotypical individuals, pattern recognition abilities vary widely.
However, in neurodivergent individuals, heightened or differently
wired cognitive processes can lead to more intense forms of pattern
recognition, particularly in areas of strong personal interest or high
emotional significance. Similarly, trauma survivors often

exhibit hypervigilance—a heightened state of sensory sensitivity and
awareness—which can elevate pattern recognition in social and
environmental contexts.

Understanding the neuroscience behind these differences is crucial. It
not only sheds light on the unique strengths and challenges of
neurodivergent and trauma-affected individuals but also opens the
door to more personalized interventions and support systems.
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2. The Neuroscience of Pattern Recognition

2.1 Brain Networks Involved

Pattern recognition is a complex process that involves multiple brain
networks working in concert. Here’s a breakdown of the key regions
and their roles:

« Sensory Processing Areas:

o Occipital Cortex: Critical for visual pattern
recognition, such as identifying shapes, faces, or
objects.

o Temporal Lobes (including the Fusiform Face Area):
Specialized in facial recognition and processing
complex stimuli like words or detailed patterns.

- Salience Network:

o Involves regions such as the anterior
insula and anterior cingulate cortex (ACC).

o Helps the brain decide what's important in the
environment—key for picking up on subtle patterns
in social or sensory data.

« Central Executive Network:

o Includes the dorsolateral prefrontal
cortex and posterior parietal cortex.

o Oversees working memory, planning, and problem-
solving—all vital for organizing and interpreting
patterns once they're perceived.

« Default Mode Network:

o Involves the medial prefrontal cortex, posterior
cingulate cortex, and precuneus.

o Associated with internal thought processes:
daydreaming, reflection, and pattern formation
based on memories or introspection.

Subscribe
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2.2 How We Measure Pattern Recognition in the Brain

Functional MRI (fMRI): Allows researchers to see which brain
regions activate during specific tasks, including pattern-
recognition tasks (like interpreting visual puzzles or detecting
social cues).

EEG (Electroencephalography): Measures electrical activity in
the brain, revealing real-time changes when people recognize
or predict certain patterns.

Machine Learning Analyses: Some labs use Al to analyze
fMRI /EEG data, detecting neural signatures of pattern
recognition in various conditions (e.g., autism vs. typical
development).

Supporting Studies

Gauthier & Tarr (2016): Highlighted how the fusiform gyrus
becomes specialized for certain categories of objects (like
faces or even Pokémon for enthusiasts), demonstrating how
focused interest can sharpen pattern recognition.

Uddin (2015): Explored how salience network dysfunction in
autism can lead to heightened attention to specific stimuli,
resulting in stronger or more selective pattern recognition
abilities.

3. Neurodivergence and Enhanced Pattern Recognition

3.1 Autism (Including PDA Profiles)

Hyperfocus: Autistic individuals (including those with PDA
profiles) often exhibit intense focus on topics of interest,
leading to a deep familiarity with patterns—be they social,
numerical, linguistic, or otherwise.

Detail-Oriented Perception: Many autistic people
demonstrate “enhanced perceptual functioning,” a theory
suggesting they process local details more acutely than
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neurotypical individuals. This can manifest as an exceptional
ability to notice subtle patterns in visual, auditory, or tactile
stimuli.

Social Pattern Recognition: Some autistic individuals may
excel at decoding consistent cues in others’ behaviors (e.g.,
microexpressions, vocal tones) but can be overwhelmed by
inconsistent or fast-changing social dynamics.

Key Research:

The Enhanced Perceptual Functioning (EPF) model by
Mottron et al. (2006) proposes that autistic brains allocate
more resources to lower-level perceptual processes,
increasing the ability to detect subtle patterns.

3.2 ADHD

Novelty-Seeking & Rapid Scanning: ADHD brains often crave
stimulation and may scan the environment quickly, picking up
unexpected patterns.

Hyperfocus Episodes: During periods of intense interest,
individuals with ADHD can exhibit laser-like attention,
allowing them to discern patterns others might miss.
Impulsivity and Pattern Detection: The same impulsive drive
that complicates task completion can also lead to fast,
intuitive leaps in noticing patterns, especially under time
pressure.

Key Research:

« A study by Malloy-Diniz et al. (2007) showed that individuals

with ADHD sometimes show enhanced creative problem-
solving, partly due to divergent thinking—a process closely
tied to recognizing unconventional patterns.
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4. Trauma, Hypervigilance, and Pattern Recognition

4.1 The Hypervigilant Brain

Trauma can rewire the brain’s threat detection system, making
individuals highly attuned to subtle cues in their environment.

« Amygdala: Often overactive in trauma survivors, leading to
heightened emotional responses to perceived threats.

- Hippocampus: May store detailed contextual memories,
helping survivors identify even minute triggers reminiscent of
past danger.

This can manifest as “seeing patterns everywhere”—especially warning
signs in social or environmental cues that might go unnoticed by
others.

4.2 Protective Mechanism

« Adaptive Advantage: From an evolutionary standpoint, being
highly sensitive to patterns (e.g., changes in tone of voice,
micro-expressions) can be protective in uncertain or abusive
environments.

« PTSD and Complex Trauma: The downside is that
hypervigilance can become chronic, causing anxiety and
misinterpretation of benign cues as threats.

Key Research:

« Van der Kolk (2014): Discusses how traumatic experiences can
cause the brain to remain in a constant state of alarm,
sharpening vigilance but also draining cognitive and emotional
resources.
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5. Is There a “Scan” for Pattern Recognition?

While there isn'’t a single “pattern recognition scan” specifically,
functional neuroimaging can pinpoint the networks most active when
someone engages in pattern recognition tasks. Researchers often
design controlled experiments (e.g., puzzle solving, detecting hidden
images, reading micro-expressions) and observe real-time changes in:

« Visual Cortex (for spatial /visual patterns)

- Frontal Lobes (for higher-order analysis and decision-making)

« Limbic Structures (for emotional content and threat

detection)

Al-driven analyses of these scans can reveal distinct brain activation
signatures. For example, an individual with trauma may show stronger
amygdala activity, while someone with autism might show unique
connectivity patterns in sensory integration areas.

6. Putting It All Together: Implications and Applications

« Diagnostic Clarity: Understanding how these brain networks
function could lead to more personalized diagnostic criteria—
beyond just behavioral questionnaires.

. Targeted Interventions: Therapies like CBT, EMDR (for
trauma), or occupational therapy (for autism /ADHD) can be
tailored to an individual’s pattern recognition profile.

- Leveraging Strengths: Employers, therapists, and educators
can harness hypervigilant or hyperfocused pattern
recognition abilities—turning them into career assets or
creative outlets rather than liabilities.
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7. Conclusion and Future Directions

Neurodivergence often comes with heightened or specialized pattern
recognition abilities. Trauma can further amplify these skills through
hypervigilance, though it carries its own emotional burdens. Functional
brain imaging shows real differences in how various populations
perceive and process patterns, suggesting that individualized
approaches to diagnosis and support could be the future.

Where to Go from Here

More Inclusive Research: We need larger studies that
examine real-life pattern recognition scenarios (social,
environmental, creative) in diverse neurodivergent and
trauma-affected populations.

Holistic Diagnostic Tools: Incorporate neuroimaging and Al-
based analysis alongside lived experiences to form more
accurate, empathetic diagnostic criteria.

Public Awareness: Educate the broader community about
hyperfocus, hypervigilance, and pattern recognition strengths,
reducing stigma and acknowledging the value these traits
bring.

Case Studies: Real-Life Examples of Pattern Recognition in
Neurodivergence and Trauma

Case Study 1: Autism and Visual Pattern Recognition

Background: A 12-year-old autistic boy demonstrates an
exceptional ability to recognize and replicate complex visual
patterns, such as intricate mazes or geometric designs.
Pattern Recognition in Action: His brain shows heightened
activity in the occipital cortex and fusiform gyrus during visual
tasks, indicating specialized processing of visual information.
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Therapeutic Intervention: His school incorporates his visual
strengths into his learning plan, using pattern-based puzzles
to teach math and science concepts.

Outcome: The boy excels in subjects that leverage his visual
pattern recognition skills, boosting his confidence and
academic performance.

Case Study 2: ADHD and Rapid Pattern Detection

Background: A 28-year-old woman with ADHD works as a
graphic designer. She often notices subtle design
inconsistencies that others miss, thanks to her rapid scanning
and novelty-seeking tendencies.

Pattern Recognition in Action: Her brain shows unique
connectivity between the salience network and frontal lobes,
allowing her to quickly identify and resolve design flaws.
Therapeutic Intervention: Her therapist helps her channel
her hyperfocus into productive work sessions, using timers
and structured breaks to maintain balance.

Outcome: She becomes a highly sought-after designer, known
for her keen eye and creative problem-solving.

Case Study 3: Trauma and Hypervigilance

Background: A 35-year-old trauma survivor works as a
security guard. His hypervigilance, a result of childhood abuse,
makes him exceptionally skilled at detecting potential threats
in his environment.

Pattern Recognition in Action: His brain shows heightened
activity in the amygdala and hippocampus, allowing him to
quickly recognize and respond to subtle cues.
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« Therapeutic Intervention: Therapy focuses on helping him
manage his hypervigilance, using grounding techniques and
EMDR to reduce anxiety.

« Outcome: He continues to excel in his job while learning to
balance his heightened awareness with self-care.

Worksheets and Tools

1. Pattern Recognition Strengths Inventory: Helps individuals
identify and leverage their unique pattern recognition
abilities.

2. Hypervigilance Management Guide: Provides strategies for
managing heightened awareness in trauma survivors.

3. Focus and Flow Journal: Encourages neurodivergent
individuals to track their hyperfocus episodes and optimize
productivity.

Books, Articles, and Support Groups

« Books:
o "The Autistic Brain" by Temple Grandin.
o "Driven to Distraction" by Edward Hallowell and John
Ratey.
o "The Body Keeps the Score" by Bessel van der Kolk.
« Online Resources:
o Psychology Today articles on neurodivergence and
trauma.
o National Institute of Mental Health (NIMH) resources
on ADHD and PTSD.
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Adaptive camouflage is a technology and biological phenomenon that allows
objects, particularly military vehicles and animals, to blend seamlessly into
their surroundings, enhancing stealth and concealment.

Definition and Mechanisms

Adaptive camouflage, also known as active camouflage, refers to the ability of
an object or organism to change its appearance in response to its
environment. This can be achieved through various mechanisms, including:

Color Change: Many animals, such as cephalopods (e.g., cuttlefish and
octopuses), can rapidly change their skin color and texture to match their
surroundings. This ability is used for both camouflage and communication.

Counter-Illumination: Some marine animals use bioluminescence to match
the brightness of the water surface, making them less visible from below.

Applications in Military Technology

Adaptive camouflage has significant implications for military applications.
Technologies are being developed to create systems that allow military
vehicles and personnel to become less detectable by enemy forces. Some
notable advancements include:

ADAPTIYV Technology: Developed by BAE Systems, this system enables
military vehicles to mimic their surroundings by adjusting their thermal
signature and appearance. It can make a tank look like a cow or a bush,
effectively rendering it invisible to thermal imaging systems.

Autonomous Camouflage Systems: Research is being conducted on robotic
vehicles that can dynamically adapt their surface color in real-time using
computer vision algorithms. This technology enhances stealth capabilities
during covert operations.

Bionic Materials and Future Prospects

Recent advancements in materials science have led to the development of
bionic adaptive camouflage materials that can change color based on
environmental conditions. These materials are inspired by nature and aim to
improve visual stealth in various military scenarios. Key features include:

Electrochromic Cells: These cells allow for real-time color changes on
surfaces, enabling instant adaptation to different environments.
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Photonic Crystals: These materials can manipulate light to achieve effective
camouflage, making them ideal for military applications.

Conclusion

Adaptive camouflage represents a fascinating intersection of biology and
technology, with applications that could revolutionize military operations and
enhance stealth capabilities. As research continues, the potential for more
advanced and effective camouflage systems grows, promising significant
advantages in various operational environments.

Active camouflage —
BAE Systems

Active camouflage, adaptive camouflage, or chameleonizing is camouflage that
adapts, often rapidly, to the surroundings of an object such as an animal or military
vehicle. In theory, active camouflage could provide perfect concealment from
visual detection.!!

Active camouflage occurs in several groups of animals, including reptiles on land,
and cephalopod molluscs and flatfish in the sea. Animals achieve active
camouflage both by color change and (among marine animals such as squid)

by counter-illumination, with the use of bioluminescence.

Military counter-illumination camouflage was first investigated during World War
1I for marine use. More recent research has aimed to achieve crypsis by using
cameras to sense the visible background, and by controlling systems that can vary
their appearance, such as coatings, or variable temperature infrared panels using
the Peltier effect.

In animals
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Counter-illumination camouflage of the firefly squid, Watasenia

scintillans uses bioluminescence to match brightness and color of the sea surface
above.

See also: List of camouflage methods and Animals that can change color

Active camouﬂage is used in several groups of animals including cephalopod
molluscs,!?! fish,*! and reptlles I There are two mechanisms of active camouflage
in animals: color change!® and counter-illumination.?

Counter-illumination
Further information: Counter-illumination

Counter-illumination is camouflage using the production of light to blend in
against a lit background. In the sea, light comes down from the surface, so when
marine animals are seen from below, they appear darker than the background.
Some species of cephalopod, such as the eye-flash squid and the firefly squid,
produce light in photophores on their undersides to match the

background.!?! Bioluminescence is common among marine animals, so counter-
illumination may be widespread, though light has other functions, including
attracting prey and signaling.>/l%!

Color change

Rt 7 RS Four frames of a peacock flounder show its
ability to match its coloratlon to the sea bed around and beneath it.
Further information: Chromatophore

Color change permits camouflage against different backgrounds. Many
cephalopods including octopuses, cuttlefish, and squids, and some terrestrial
amphibians and reptiles including chameleons and anoles can rapidly change color
and pattern, though the major reasons for this include signaling, not only
camouflage.//l¥] Cephalopod active camouflage has stimulated military research in
the United States.®!
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Active camouflage by color change is used by many bottom-living flatfish such
as plaice, sole, and flounder that actively copy the patterns and colors of the
seafloor below them.!¥) For example, the tropical flounder Bothus ocellatus can
match its pattern to "a wide range of background textures"®) in 2-8

seconds.”! Similarly, the coral reef fish, the seaweed blenny can match its
coloration to its surroundings.1?

In research

Active camouflage provides concealment by making an object not merely
generally similar to its surroundings, but effectively invisible with "illusory
transparency" through accurate mimicry, and by changing the appearance of the
object as changes occur in its background.!

Early research

Yehudi lights prototype raised the average
brightness of a Grumman Avenger from a dark shape to the same as the sky.
Further information: Diffused lighting camouflage and Yehudi lights

Military interest in active camouflage has its origins in Second World War studies
of counter-illumination. The first of these was the so-called diffused lighting
camouflage tested on Canadian Navy corvettes including HMCS Rimouski. This
was followed in the United States Army Air Forces with the airborne Yehudi
lights project, and trials in ships of the Royal Navy and the US Navy.!!) The
Yehudi lights project placed low-intensity blue lights on aircraft. As skies are
bright, an unilluminated aircraft (of any color) might be rendered visible. By
emitting a small, measured amount of blue light, the aircraft's average brightness
better matches that of the sky, and the aircraft is able to fly closer to its target
before being detected. 2!

Possible technologies

Active camouflage may now develop using organic light-emitting diodes and other
technologies which allow images to be projected onto irregularly shaped surfaces.
Using visual data from a camera, an object could perhaps be camouflaged well
enough to avoid detection by the human eye and optical sensors when stationary.
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Camouflage is weakened by motion, but active camouflage could still make
moving targets more difficult to see. However, active camouflage works best in
one direction at a time, requiring knowledge of the relative positions of the
observer and the concealed object.!

; : An invisibility cloak using active camouflage by
Susumu Tachi. Left: The cloth seen without a special device. Right: The same
cloth seen through the half-mirror projector part of the Retro-Reflective Projection
Technology

In 2003 researchers at the University of Tokyo under Susumu Tachi created a
prototype active camouflage system using material impregnated

with retroreflective glass beads. The viewer stands in front of the cloth viewing the
cloth through a transparent glass plate. A video camera behind the cloth captures
the background behind the cloth. A video projector projects this image on to the
glass plate which is angled so that it acts as a partial mirror reflecting a small
portion of the projected light onto the cloth. The retroreflectors in the cloth reflect
the image back towards the glass plate which being only weakly reflecting allows
most of the retroreflected light to pass through to be seen by the viewer. The
system only works when seen from a certain angle.'3] Phased-array optics would
implement active camouflage, not by producing a two-dimensional image of
background scenery on an object, but by computational holography to produce a
three-dimensional hologram of background scenery on an object to be concealed.
Unlike a two-dimensional image, the holographic image would appear to be the
actual scenery behind the object independent of viewer distance or view angle. '

Military prototypes
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An armoured vehicle fitted with Adaptiv infrared side panels, switched off (left),
and on to simulate a large car (right)!22!

In 2010, the Israeli company Eltics created an early prototype of a system of tiles
for infrared camouflage of vehicles. In 2011, BAE Systems announced

its Adaptiv infrared camouflage technology. Adaptiv uses about 1000

hexagonal Peltier panels to cover the sides of a tank. The panels are rapidly heated
and cooled to match either the temperature of the vehicle's surroundings, or one of

the objects in the thermal cloaking system's /ibrary such as a truck, car or large
rock. [LeI[15][17]
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