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SYSTEM AND METHOD FOR GENERATING
VISUAL IDENTITY AND CATEGORY
RECONSTRUCTION FROM
ELECTROENCEPHALOGRAPHY (EEG)
SIGNALS

TECHNICAL FIELD

[0001] The following relates generally to neural-based
image reconstruction; and more particularly, to systems and
methods for converting electroencephalography (EEG) sig-
nals to identifiable images.

BACKGROUND OF THE INVENTION

[0002] Researchers have attempted various ways to recon-
struct images that approximate the subjective mental content
associated with experiencing visual stimuli using neuroim-
aging techniques. One way involves reconstructing such
images from functional magnetic resonance imaging ({MRI)
data using encoding models that predict brain responses
from objective stimulus properties. Techniques using IMRI,
which measures brain activity by detecting changes in blood
flow, can generate fine details of activity in specific areas of
the brain. The use of fMRI is generally uncommon, expen-
sive, and/or unportable. Generally, fMRI also lacks temporal
resolution; meaning fMRI generally cannot make detailed
measurements of how a percept develops in time, for
example at millisecond granularity.

SUMMARY OF THE INVENTION

[0003] In an aspect, there is provided a computer-imple-
mented method for generating visual category reconstruc-
tion from -electroencephalography (EEG) signals, the
method comprising: receiving scalp EEG signals from one
or more channels; using a trained pattern classifier, deter-
mining pairwise discrimination of the EEG signals, the
pattern classifier trained using a training set comprising EEG
signals associated with a subject experiencing different
known visual identities; determining discriminability esti-
mates of the pairwise discrimination of the EEG signals by
constructing a confusability matrix; generating a multidi-
mensional visual representational space; determining visual
features for each dimension of the visual representational
space by determining weighted sums of image stimulus
properties; identifying subspaces determined to be relevant
for reconstruction; reconstructing the visual appearance of a
reconstruction target using estimated coordinates of the
target and a summed linear combination of the visual
features proportional with the coordinates of the target in the
visual representational space; and outputting the reconstruc-
tion.

[0004] In a particular case of the method, the method
further comprising separating the EEG signals into epochs
by selecting recordings from a given temporal interval
relative to a specific event.

[0005] In another case, the EEG signals from multiple
epochs pertaining to the same specific event are averaged.
[0006] In yet another case, the pattern classifier comprises
a linear Support Vector Machine.

[0007] In yet another case, the method further comprising
determining classification accuracy for each pair of the
pairwise discrimination by averaging across iterations.
[0008] In yet another case, generating the multidimen-
sional visual representational space comprises estimating a

Nov. 28,2019

fit between homologous spaces by aligning one space to the
other and measuring the badness of fit as the sum of squared
errors (SSE) between the two spaces.

[0009] In yet another case, identifying the subspaces com-
prises determining dimensions containing pixel values sig-
nificantly different from chance.

[0010] In yet another case, the visual features are from
human facial images, and wherein determining the visual
features comprises: converting face stimuli to a CIEL *¥a*b*
color space; summing the face stimuli proportionally to their
normalized coordinates on a given dimension of face space;
and determining the visual features as a linear approxima-
tion of the summed face stimuli along a specific dimension.
[0011] In yet another case, reconstructing the visual
appearance of the reconstruction target comprises aligning at
least one expressive face space to a neutral face space using
Procrustes transformation, and projecting a remaining
expressive face space into the neutral face space using
parameters of a Procrustes mapping function.

[0012] In yet another case, the visual features are images
of words, and wherein determining the visual features com-
prises: summing word stimuli proportionally to their nor-
malized coordinates on a given dimension of visual word
space; and determining the visual features as a linear
approximation of the summed word stimuli along a specific
dimension.

[0013] In yet another case, reconstructing the visual
appearance of the reconstruction target comprises aligning at
least an uppercase visual word space to a lowercase visual
word space counterpart using Procrustes transformation, and
projecting a remaining uppercase visual word space into the
lowercase visual word space using parameters of a Pro-
crustes mapping function.

[0014] In yet another case, the EEG signals are collected
from twelve electrodes situated over homologue occipito-
temporal areas.

[0015] In another aspect, there is provide a system for
generating visual category reconstruction from scalp elec-
troencephalography (EEG) signals, the system comprising
one or motre processors and a data storage device, the one or
more processors configured to execute: an input module to
receive the scalp EEG signals from one or more channels; a
classification module to, using a trained pattern classifier,
determine pairwise discrimination of the EEG signals, the
pattern classifier trained using a training set comprising EEG
signals associated with a subject experiencing different
known visual identities; a reconstruction module to: deter-
mine discriminability estimates of the pairwise discrimina-
tion of the EEG signals by constructing a confusability
matrix; generate a multidimensional visual representational
space; determine visual features for each dimension of the
visual representational space by determining weighted sums
of image stimulus properties; identify subspaces determined
to be relevant for reconstruction; and reconstruct the visual
appearance of a reconstruction target using estimated coor-
dinates of the target and a summed linear combination of the
visual features proportional with the coordinates of the
target in the visual representational space; and a display
module to output the reconstruction.

[0016] In a particular case of the system, the pattern
classifier comprises a linear Support Vector Machine.
[0017] In another case, generating the multidimensional
visual representational space comprises estimating a fit
between homologous spaces by aligning one space to the
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other and measuring the badness of fit as the sum of squared
errors (SSE) between the two spaces.

[0018] In yet another case, identifying the subspaces com-
prises determining dimensions containing pixel values sig-
nificantly different from chance.

[0019] In yet another case, the visual features are from
human facial images, and wherein determining the visual
features comprises: converting face stimuli to a CIEL *a*b*
color space; summing the face stimuli proportionally to their
normalized coordinates on a given dimension of face space;
and determining the visual features as a linear approxima-
tion of the summed face stimuli along a specific dimension.
[0020] In yet another case, reconstructing the visual
appearance of the reconstruction target comprises aligning at
least one expressive face space to a neutral face space using
Procrustes transformation, and projecting a remaining
expressive face space into the neutral face space using
parameters of a Procrustes mapping function.

[0021] In yet another case, the visual features are images
of words, and wherein determining the visual features com-
prises: summing a word stimuli proportionally to its not-
malized coordinates on a given dimension of visual word
space; and determining the visual features as a linear
approximation of the summed word stimuli along a specific
dimension.

[0022] In yet another case, reconstructing the visual
appearance of the reconstruction target comprises aligning at
least capital letter visual word space to a lowercase visual
word space counterpart using Procrustes transformation, and
projecting a remaining capital letter visual word space into
the lowercase visual word space using parameters of a
Procrustes mapping function.

[0023] These and other aspects are contemplated and
described herein. It will be appreciated that the foregoing
summary sets out representative aspects of the system and
method to assist skilled readers in understanding the fol-
lowing detailed description.

BRIEF DESCRIPTION OF THE DRAWINGS

[0024] A greater understanding of the embodiments will
be had with reference to the figures, in which:

[0025] FIG. 1 illustrates a block diagram of a system for
image reconstruction, according to an embodiment;

[0026] FIG. 2 illustrates a flow diagram of a method for
facial image reconstruction, according to an embodiment;
[0027] FIG. 3 illustrates a flow diagram of a method for
word image reconstruction, according to an embodiment;
[0028] FIGS. 4A and 4B illustrate reconstructions of facial
images with neutral and happy expressions, along with
estimates of their accuracy;

[0029] FIGS. 5A and 5B illustrate reconstructions of word
images, along with estimates of their accuracy;

[0030] FIGS. 6A and 6B illustrate graphs showing grand-
averaged event-related potentials (ERPs);

[0031] FIGS. 7A and 7B illustrate graphs that show the
time course of EEG-based classification accuracy for across
and within-expression discrimination of facial identity;
[0032] FIG. 8 illustrates a graph showing FEG-based
classification accuracy for across and within-expression
discrimination of facial identity with temporally cumulative
data;

[0033] FIG. 9A illustrates a graph showing neutral and
happy face space estimates along with their fit;
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[0034] FIG. 9B illustrates a histogram showing badness of
fit for the two spaces (i.e., neutral and happy face) compared
to their permutation-based counterpart;

[0035] FIGS. 10A and 10B provide examples of classifi-
cation images (CIMs) extracted from EEG-based face space
constructs for neutral and happy faces;

[0036] FIGS. 11A and 11B illustrate reconstruction results
for neutral and happy face images across consecutive 10 ms
windows of group-based data;

[0037] FIGS. 12A AND 12B illustrate an example of
EEG-based visual word space and classification images
(CIMs) extracted from this space;

[0038] FIG. 13 is an example of a word stimulus recon-
struction target (top) compared to three reconstructed frames
along with corresponding reconstruction accuracy; and
[0039] FIG. 14 is a graph showing an example of recon-
struction accuracy for words and for each letter separately.

DETAILED DESCRIPTION

[0040] Embodiments will now be described with reference
to the figures. For simplicity and clarity of illustration,
where considered appropriate, reference numerals may be
repeated among the Figures to indicate corresponding or
analogous elements. In addition, numerous specific details
are set forth in order to provide a thorough understanding of
the embodiments described herein. However, it will be
understood by those of ordinary skill in the art that the
embodiments described herein may be practiced without
these specific details. In other instances, well-known meth-
ods, procedures, and components have not been described in
detail so as not to obscure the embodiments described
herein. Also, the description is not to be considered as
limiting the scope of the embodiments described herein.
[0041] Various terms used throughout the present descrip-
tion may be read and understood as follows, unless the
context indicates otherwise: “or” as used throughout is
inclusive, as though written “and/or”; singular articles and
pronouns as used throughout include their plural forms, and
vice versa; similarly, gendered pronouns include their coun-
terpart pronouns so that pronouns should not be understood
as limiting anything described herein to use, implementa-
tion, performance, etc. by a single gender; “exemplary”
should be understood as “illustrative” or “exemplifying” and
not necessarily as “preferred” over other embodiments.
Further definitions for terms may be set out herein; these
may apply to prior and subsequent instances of those terms,
as will be understood from a reading of the present descrip-
tion.

[0042] Any module, unit, component, server, computer,
terminal, engine, or device exemplified herein that executes
instructions may include or otherwise have access to com-
puter-readable media such as storage media, computer stor-
age media, or data storage devices (removable and/or non-
removable) such as, for example, magnetic disks, optical
disks, or tape. Computer storage media may include volatile
and non-volatile, removable and non-removable media
implemented in any method or technology for storage of
information, such as computer-readable instructions, data
structures, program modules, or other data. Examples of
computer storage media include RAM, ROM, EEPROM,
flash memory or other memory technology, CD-ROM, digi-
tal versatile disks (DVD) or other optical storage, magnetic
cassettes, magnetic tape, magnetic disk storage or other
magnetic storage devices, or any other medium which can be
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used to store the desired information, and which can be
accessed by an application, module, or both. Any such
computer storage media may be part of the device or
accessible or connectable thereto. Further, unless the context
clearly indicates otherwise, any processor or controller set
out herein may be implemented as a singular processor or as
a plurality of processors. The plurality of processors may be
arrayed or distributed, and any processing function referred
to herein may be carried out by one or by a plurality of
processors, even though a single processor may be exem-
plified. Any method, application, or module herein described
may be implemented using computer readable/executable
instructions that may be stored or otherwise held by such
computer-readable media and executed by the one or more
processors.

[0043] Generally, scalp electroencephalography (EEG)
data can be used for image reconstruction and is relatively
inexpensive and portable. Advantageously, using embodi-
ments described herein, the present inventors have devel-
oped technical approaches for overcoming some of the
drawbacks of using scalp EEG signals; for example, such
drawbacks may include (1) EEG signals giving insufficient
information and containing artifacts; and (2) localization
issues arising from the scalp acting like a diffuser.

[0044] Further, the use of explicit encoding models are
generally constrained by assumptions regarding the nature
of the function responsible for mapping stimulus properties
onto brain responses and by the need to fit its parameters.
Hence, approaches of the present embodiments that obviate
the need for such models are advantageous because, for
example, they avoid incorrect assumptions by reducing the
complexity and increasing the efficiency of neural-based
image reconstruction.

[0045] Neural-based image reconstruction of mental con-
tent from scalp electroencephalography (EEG) signals, as
described herein, can be used in a number of applications.
For example, applications that: (a) assess and/or confirm
visual-cognitive functions indicative of awareness-con-
sciousness in patients diagnosed with locked-in syndrome;
(b) facilitate diagnosis for a range of neurodevelopmental
disorders (e.g., autism spectrum disorder), learning disabili-
ties (e.g., reading disorders), and personality or mood dis-
orders (e.g., borderline personality disorder) typically asso-
ciated with visual disturbances; (c) enhance face recognition
performance in dedicated personnel (e.g., law enforcement);
(d) augment eyewitness testimony (e.g., neural-based recon-
structions of facial appearance from the memory of an
eyewitness); (e) facilitate neural-based communication via
brain-computer interfaces (e.g., reconstructions of visual
word imagery), and the like.

[0046] Elucidating the dynamics of visual processing can
allow for an understanding of its underlying mechanisms. To
this end, characterizing a time course of visual processing
can be determined through the use of electroencephalogra-
phy (EEG) and magnetoencephalography (MEG) given the
temporal resolution of these methods. Accordingly, the
neural profile of face processing as reflected by spatiotem-
poral EEG patterns (i.e., across electrodes and time) can be
determined. Comparatively less is generally known about
the visual representations underlying the dynamics of neural
processing, especially as related to stimulus identity; for
example, a specific facial identity as opposed to human face
as a general category. To overcome this lack of knowledge,
one approach is to employ an image-reconstruction para-
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digm seeking to approximate the visual appearance of
individual stimuli from spatiotemporal EEG patterns. Gen-
erally, this approach can determine whether the visual infor-
mation involved in stimulus identification can be recovered
from EEG signals and, further, whether such information
can support the characterization of neural-based represen-
tational space along with the reconstruction of individual
face images.

[0047] Some applications of pattern analysis focus on a
temporal profile of stimulus discrimination at a category and
an exemplar (i.e., identity) level. For instance, facial identity
discrimination can be carried out using MEG and EEG.
Results of these approaches have found multiple, distinct
temporal windows sensitive to facial information and, con-
sistent with results from monkey neurophysiology and
human psychophysics, have estimated an early onset for
such sensitivity. Further, the cortical source of this informa-
tion is attributed primarily to the fusiform gyrus (FG) in line
with homologous investigations of face identification using
functional magnetic resonance imaging (fMRI).

[0048] Yet, the representational basis of stimulus identity
that allows successful discrimination from neural data is not
elucidated in the above approaches. For example, neural
patterns elicited by face perception generally speak to the
properties of a representational face space, or, more gener-
ally, of a representational similarity space. In an effort to
clarify the nature of such representations, using fMRI, the
study of representational spaces and neural-based image
reconstruction has been combined. Specifically, this
approach has derived visual features from the structure of
FG-based space and, then, used such features for image
reconstruction. However, this approach generally does not
consider the temporal aspects of visual processing. This
approach also generally does not assess the invariant struc-
ture of a representational space. For instance, face space
invariance over common image transformations (for
example, expression, lighting, or the like) is generally not
explicitly investigated; and thus, it is not clear whether
visual information critical for identification has been recov-
ered through reconstruction.

[0049] In view of the above, the present inventors experi-
mented with an exemplary approach, embodied in the
embodiments described herein, that aimed to derive repre-
sentational space constructs from the EEG signal associated
with consecutive time windows separately for different
stimuli; for example, individual faces with different emo-
tional expressions (for example, neutral and happy) or
individual words presented in different manners (for
example, different font or letter case). In this exemplary
approach, an appearance of one set of faces (e.g., happy)
were reconstructed based on a structure of a representational
space derived for other faces (e.g., neutral). This experiment
provided exemplary evidence that the spatiotemporal infor-
mation of EEG patterns, as described herein, is rich enough
to support: (1) identity-level face discrimination; (ii) neural-
based face space estimation; (iii) visual feature synthesis,
and (iv) facial image reconstruction. Further, this approach
can characterize the neural dynamics of expression-invariant
face processing while, more generally, providing for the
ability to perform EEG-based image reconstruction. Discus-
sion of this approach is described in more detail herein.
[0050] The following embodiments generally provide
technological solutions to the technical problems related to
image reconstruction from EEG signals; for example, facial
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image reconstruction or visual word reconstruction. In view
of these technical problems, the embodiments described
herein provide, at least, determination of discriminability
estimates based on classification of EEG patterns, estimation
of multidimensional representational spaces from the struc-
ture of EEG data, derivation and selection of relevant visual
features from the structure of representational spaces.
[0051] In the present embodiments, there is provided a
system and method for converting EEG signals into approxi-
mations of visual mental content as experienced by human
viewers. In this sense, approximations of mental content, in
the form of identifiable face and word images, are con-
structed from EEG signals recorded at the scalp of individu-
als engaged in viewing, remembering, or imagining indi-
vidual faces and words. In an embodiment, as described
herein, the system can acquire and process EEG data, then
combine derived image features into approximations of
mental content.

[0052] In an aspect, embodiments construct images from
EEG signals. Scalp EEG signals can be recorded from a
number of channels (e.g., 12-64 channels) with the use of an
EEG system (for example, Biosemi ActiveTwo, Biosemi B.
V.) in individuals viewing or remembering a variety of
images. BEEG recordings are analyzed and characterized
using, for example, signal processing and pattern classifi-
cation techniques. Visual features can be derived from the
structure of analyzed EEG recordings. Such features are
combined into approximations of visual impressions (i.e.,
percepts or memories) associated with viewing or remem-
bering, for example, individual images of faces and words.
[0053] One such embodiment is a method of constructing
images from EEG signals accomplished by performing
certain actions based on the above. These actions can
include: recording EEG signals from channels with the use
of an EEG system; analyzing and characterizing EEG
recordings; deriving image features from the structure of the
analyzed EEG recordings; and combining image features
into approximations of visual impressions associated with
viewing images. This method has been experimentally dem-
onstrated by the present inventors to produce recognizable
reconstructions of face images (above a statistically based
chance level) in individuals who have undergone testing, as
well as recognizable word images in an additional group of
individuals.

[0054] Turning to FIG. 1, a system for reconstructing
images from EEG signals 100 is shown, according to an
embodiment. In this embodiment, the system 100 is run on
a client-side device (for example, a smartphone or tablet). In
further embodiments, the system 100 can be run on any
other computing device; for example, a desktop computer, a
laptop computer, a server, a smartwatch, or the like.
[0055] In some embodiments, the components of the sys-
tem 100 are stored by and executed on a single computing
system. In other embodiments, the components of the sys-
tem 100 are distributed among two or more computer
systems that may be locally or remotely distributed.
[0056] FIG. 1 shows various physical and logical compo-
nents of an embodiment of the system 100. As shown, the
system 100 has a number of physical and logical compo-
nents, including a central processing unit (“CPU”) 102
(comprising one or more processors), random access
memory (“RAM”) 104, a user interface 106, a capture
interface 108, a network interface 110, non-volatile storage
112, and a local bus 114 enabling CPU 102 to communicate
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with the other components. CPU 102 executes an operating
system, and various modules, as described below in greater
detail. RAM 104 provides relatively responsive volatile
storage to CPU 102. The user interface 106 enables an
administrator or user to provide input via an input device, for
example a mouse or a touchscreen. The user interface 106
can also output information to output devices, such as a
display or speakers. In some cases, the user interface 106 can
have the input device and the output device be the same
device (for example, via a touchscreen). The capture inter-
face 108 communicates with an EEG system 140 to capture
one or more EEG signals. The EEG system 140 can com-
prise, for example, electrodes, a brain wave receptor, or the
like. In further embodiments, the system 100 can retrieve
already captured EEG signals directly from a database 130
that is locally stored or remotely from a database 130 via the
network interface 110. EEG signals, as used herein, are
understood to mean signals from the brain. The contents of
such EEG signals are described in greater detail herein.
[0057] The network interface 110 permits communication
with other systems, such as other computing devices and
servers remotely located from the system 100, such as for a
typical cloud-based access model. Non-volatile storage 112
stores the operating system and programs, including com-
puter-executable instructions for implementing the operat-
ing system and modules, as well as any data used by these
services. Additional stored data, as described below, can be
stored in a database 130. During operation of the system
100, the operating system, the modules, and the related data
may be retrieved from the non-volatile storage 112 and
placed in RAM 104 to facilitate execution. In an embodi-
ment, the system 100 further includes a number of modules
to be executed on the one or more processors 102, including
a reconstruction module 120, a classification module 122, a
discrimination module 124, an input module 126, and a
display module 128.

[0058] FIG. 2 illustrates a method for facial image recon-
struction 200, in accordance with an embodiment. In this
embodiment of the system 100, as part of the method 200,
the system 100 can reconstruct a facial image from EEG
signals.

[0059] At block 210, the input module 126 receives and
records EEG signals from the EEG system 140 via the
capture interface 108 across multiple electrodes for each
face. In an example, the input module 126 may record EEG
data received from a 64-electrode Biosemi ActiveTwo EEG
recording system. In this example, the electrodes can be
arranged according to the International 10/20 System and
the electrode offset can be kept below 40 mV. In some cases,
the EEG system 140 or the input module 126 can apply a
low-pass filter to the EEG data; for example, using a fifth
order sinc filter with a half-power cutoff at 204.8 Hz. In
some cases, the EEG system 140 or the input module 126
can digitize the EEG data, for example, at 512 Hz with 24
bits of resolution. In some cases, the EEG system 140 or the
input module 126 can digitally filter the EEG data; for
example, offline using a zero-phase 24 dB/octave Butter-
worth filter with a bandpass of 0.1-40 Hz.

[0060] In some cases, EEG data can be separated into
epochs by the input module 126 by selecting recordings
from a given temporal interval relative to a specific event;
for example, stimulus presentation, forced eye blink, or the
like. In an example, it can be divided into epochs from 100
ms prior to stimulus presentation or forced eye blink until
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900 ms later, and in some cases, can be baseline-corrected.
In some cases, epochs containing artifacts can be discarded.
In further cases, noisy electrodes can be interpolated if
necessary (for example, where it is desired to have no more
than 2 such electrodes per subject) and epochs can be
re-referenced to the average reference. In some cases, EEG
data can be further cleaned of ocular artifacts; for example,
using Infomax independent component analysis (ICA).

[0061] In an exemplary setup, twelve electrodes situated
over homologue occipitotemporal areas (P5, P7, P9, PO3,
PO7, O1 on the left and P6, P8, P10, PO4, PO8, O2 on the
right) may be selected for ERP analysis. Their selection can
be motivated by the relevance of these electrodes for face
processing as revealed by ERP analysis (e.g., robust N170
amplitudes) as well as by their ability to maximize classi-
fication and/or reconstruction results following feature
selection.

[0062] At block 220, the classification module 122 clas-
sifies patterns across the corresponding EEG signals. In
some cases, in order to classify the patterns, epochs may be,
for example, linearly detrended, z-scored across time and
electrodes, and corrected for outliers (for example, values
exceeding three standard deviations from the mean thresh-
olded at +3 to minimize the deleterious effect of extreme
values on pattern classification). In some cases, the epochs
may be normalized to the same range (for example, 0-1) and
mean (for example, 0.5). In some cases, in order to boost
signal-to-noise ratio (SNR) of spatiotemporal patterns, mul-
tiple epochs pertaining to a same condition (i.e., same
viewed stimulus or same recalled image) may be averaged
into ERP traces. In a particular case, all epochs correspond-
ing to the same image stimulus, for a maximum of 4 epochs,
may be averaged together resulting in 16 separate traces per
stimulus. Advantageously, this approach can also be useful
for handling missing data following epoch removal and in
balancing the number of observations for pattern classifica-
tion. Specifically, since it is possible that epochs associated
with a given stimulus be removed (e.g., due to artifacts), in
some cases this can lead to different numbers of epochs for
different stimuli. However, in some cases, averaging data
across consecutive epochs (i.e., 1-4 epochs per stimulus
following data removal) may ensure that equal numbers of
observations can be constructed for each pair of stimuli
undergoing pattern classification.

[0063] In some cases, to increase the temporal resolution
of pattern analyses and reconstruction (for example, when
reconstructing video sequences, frame by frame, rather than
a single stimulus image), epochs may be divided into
temporal windows containing multiple bins; for example, 5
consecutive bins (5 bins*1.95 ms=10 ms). Each window
being a length of the temporal interval over which record-
ings are used for classification and/or reconstruction pur-
poses (for example, a 10ms window). For each window, data
may be concatenated into observations; for example, data
across selected occipitotemporal electrodes can be concat-
enated into 60-dimension observations (5 time binsx12
electrodes). These observations can be constructed for the
purpose of pattern analyses in time, window by window. In
addition, more inclusive observations can be constructed
that contain all time bins between 50 ms and 650 ms after
stimulus presentation (3684-dimension vectors: 307 binsx12
electrodes), and, thus, both early and late information rel-
evant for visual processing. These higher-dimensional
observations can be constructed for the purpose of tempo-
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rally cumulative analyses being able to exploit more exten-
sive information over time, in some cases, at the cost of
reduced temporal resolution; in these cases, they may be
better suited for still image rather than video reconstruction.
[0064] In an embodiment, the classification module 122
can perform the classification using pairwise discrimination
of stimulus identity or category (for example, pairs of face
images displaying different individuals). In some cases, the
discrimination module 124 can use linear Support Vector
Machine (SVM) classification (c=1) and leave-one-out
cross-validation (e.g., one out of 16 pairs of observations can
be systematically left out for testing while the remaining 15
are used for training). In an example, the SVM can be
trained using EEG-based observations, for example, corre-
sponding to 1485 pairs of stimuli (i.e., each possible pair out
of 55 stimuli). In some cases, the data can be validated, for
example, using a leave-one-out cross-validation approach.
In this case, classification accuracy can be obtained for each
pair by averaging across the iterations. For example, in some
cases, classification can be conducted for each pair of facial
identities in two ways: (a) within expression, the classifier is
trained separately on one expression (for example, happy or
neutral) and tested on the same expression; and (b) across
expression, the classifier is trained on one expression and
tested on the other. Significance of classification accuracy
can be assessed, for example, via a permutation test, by
randomly shuffling identity labels (for example, for indi-
vidual 1) a sufficient number of times (for example, 10°
times). While the present embodiment describes using an
SVM, it is understood that any suitable machine learning
technique or approach can be used; for example, other
classification methods based on linear discrimination analy-
sis or neural networks.

[0065] In some cases, classification may be conducted for
data averaged across all or multiple participants (i.e., obser-
vations constructed from averaged ERP traces). In further
cases, classification can be performed for data from indi-
vidual participants. In some cases, the significance of the
overall classification accuracy can be assessed using, for
example, one-sample two-tailed t-tests against chance across
participants.

[0066] At block 230, the reconstruction module 120 deter-
mines face discriminability estimates using a confusability
matrix. In a particular case, classification accuracies for each
pair of stimulus identities, as determined by pattern classi-
fication, can be organized into a confusability matrix in
which each cell estimates the discriminability of a pair of
faces. Thus, the matrix can contain information regarding
the similarity and/or dissimilarity of any pair of stimulus
identities. In some cases, the values of the cells can be
further linearly scaled, for example, between 0 and 1.
[0067] In some cases, the reconstruction module 120 can
derive representational space constructs; for example, mul-
tidimensional spaces in which different neural representa-
tions correspond to different points and their pairwise simi-
larity is approximated as their space-dependent distance. For
example, metric multidimensional scaling (MDS) can be
applied to a confusability matrix to approximate a corre-
sponding space. In an example, the dimensionality of such
spaces can be restricted to 20, which may be sufficient to
account for most variance in the data (for example, over
90%). This procedure can be conducted on within category
estimates of discrimination; for example, within-expression
for faces or within-font for words. For example, the face
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reconstruction procedure can be conducted separately for
each expression, resulting in separate spaces for faces with
neutral and happy expressions.

[0068] At block 240, the reconstruction module 120 deter-
mines a multidimensional visual face space from the struc-
ture of the data; i.e., a representational space dedicated to the
encoding of facial identity. Face space invariance to image
changes introduced by emotional expression can be deter-
mined. In most cases, the extent to which the structure of the
space 1s sensitive to stimulus identity independently of other
sources of image variability can be quantified and assessed
by the reconstruction module 120. To this end, the fit
between homologous spaces (for example, neutral and
happy faces) can be estimated by aligning one space to the
other, for example via Procrustes transformation, and mea-
suring the badness of fit as the sum of squared errors (SSE)
between the two spaces. This estimate can serve to confirm
the presence of invariance and assess its robustness. For
example, if a significant proportion of space structure is
preserved despite image changes, the SSE fit should be
better than expected by chance. Significance testing can be
conducted, for example, through a permutation test for
multidimensional spaces: the labels of each point in one of
the two homologous spaces can be randomly shuffled and
the resulting space fit to the intact one as above. In an
example, this procedure can be carried out for a total of 103
permutations, by leaving intact each of the two spaces half
of the time while permuting the other space, and permuta-
tion-based SSE estimates can be determined each time. In
some cases, image-invariant information, quantified and
identified in this manner, can be used to constrain future
reconstructions (i.e., as a prior) irrespective of image vari-
ability (e.g., due to expression or lighting).

[0069] In further embodiments of the system 100, different
types of information, such as shape and surface information
in the case of faces, can be considered separately in the
reconstruction process. Since shape and surface often pro-
vide complementary cues to visual processing, separate
types of CIMs can be derived corresponding to this distinc-
tion and assessed with respect to their separate contribution
to image reconstruction; i.e., by separately reconstructing
the shape and the surface properties of a target and then
integrating the two into a joint reconstruction. Accordingly,
shape and surface can be extracted from any given facial
image using an active appearance model (AAM) approach
that separates facial information into a geometric configu-
ration of 2D or 3D fiducial points and a ‘shape-free’ surface
map containing colour and texture information. Shape and
surface descriptors can then be analyzed separately and,
upon their independent reconstruction, re-combined via their
AAM synthesis into image reconstruction.

[0070] At block 250, the reconstruction module 120 deter-
mines visual features for each dimension. Advantageously,
the reconstruction module 120 can capitalize on the structure
of neural-based representational space for the purpose of
feature derivation and image reconstruction. For example,
the reconstruction module 120 can capture spatiotemporal
information in EEG patterns and determine the ability of
invariant visual information to support image reconstruc-
tions of facial identity. In a particular case, the reconstruc-
tion module 120 can conduct this determination as follows:
initially derive visual features for each dimension of EEG-
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based representational space; identify subspaces relevant for
reconstruction purposes; and estimate the coordinates of a
reconstruction target.

[0071] The reconstruction module 120 may separately
derive visual features accounting for face space topography
for each dimension of EEG-based face space; see FIGS. 10A
and 10B for examples of such features. These features can
be computed as weighted sums of stimulus properties, using
for example, reverse correlation and/or image classification.
Hence, here they can be referred to as ‘classification images’
(CIM). Face stimuli, for example following their color
conversion to CIEL*a*b* color space, can be summed
proportionally to their normalized (for example, z-scored)
coordinates on a given dimension of face space. The result-
ing CIM (i.e., a triplet of images for the L*, a* and b* image
components, roughly corresponding to the three color chan-
nels of human vision) would generally amount to a linear
approximation of the visual information responsible for
organizing faces along that specific dimension. For each
expression, a total of, in this example, 20 different CIMs,
one for each corresponding dimension of face space, can be
determined.

[0072] In some cases, the reconstruction module 120 can
identify subspaces relevant for reconstruction purposes
using feature and/or dimension selection, since not all
dimensions may encode systematic visual information. To
this end, CIMs corresponding to each dimension can be
assessed regarding the inclusion of significant information;
information not due simply to noise. Specifically, for each
dimension, permutation-based CIMs can be generated after
randomly shuffling the coeflicients associated with stimulus
images; i.e., the coordinates of the stimuli in a given
representational space. Pixel intensities in the true CIM can
be compared to the corresponding intensities of pixels in
permutation-based CIMs, for example for 10° permutations.
In this way, multiple comparison correction can be per-
formed across pixels and/or color channels, for example
using FDR, and only CIMs that contained pixel values
significantly different from chance can be considered for
reconstruction purposes.

[0073] In some cases, the reconstruction module 120 can
estimate the coordinates of a target face in an expression-
specific face space. The estimation of the representational
space and its CIMs can be carried out, for example, using all
but one of the target identities. The remaining identity can be
projected in this space based on its similarity with the other
items. Advantageously, this approach can be used to ensure
that features are not generated from the reconstruction
target, thus guarding against circularity; i.e., the reconstruc-
tion target is not reconstructed from features derived from its
own image.

[0074] At block 260, the reconstruction module 120
reconstructs an approximation of the appearance of each
face (referred to as a “target face”) through the combination
of the visual features. The reconstruction module 120 can
construct the target face through a linear combination of
significant CIMs. Relevant CIMs, as identified through
feature selection above, can be multiplied by the target’s
coordinates in the representational space for the dimension
corresponding to each CIM. CIMs can be normalized under
specific constraints (e.g., proportional to the percentage of
variance explained by each corresponding dimension) and
summed together. This sum can be added to an average face
obtained from all remaining non-target items and playing the
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role of a prior. The resulting image can be further normalized
(e.g., with a set luminance average and contrast in case this
is already known or derived independently from the data).
Advantageously, the current procedure can capitalize on
face space invariance for reconstruction purposes. For
example, in the case of facial image reconstruction, a happy
version of face space can be aligned to its neutral counterpart
via, for example, Procrustes transformation using all but one
face. The remaining face from the happy version of face
space can be projected into the neutral space using, for
example, the parameters of the Procrustes mapping function.
In this case, the resulting coordinates in neutral face space
can be used to reconstruct the appearance of the target face,
with a neutral expression, from neutral CIMs. In further
cases, a happy version of the target face can rely on aligning
the neutral face space to its happy counterpart.

[0075] At block 270, the reconstruction can be output by
the display module 128 to a user or other computing device,
via the user interface 106 or network interface 110, respec-
tively.

[0076] In some embodiments, the method for image
reconstruction 200, including representational space estima-
tion, can be conducted for separate time windows of the ERP
trace as well as for temporally cumulative data.

[0077] FIG. 3 illustrates a method for visual word recon-
struction 300, in accordance with an embodiment. In this
embodiment of the system 100, as part of the method 300,
the system 100 can reconstruct a visual word from EEG
signals.

[0078] At block 310, the input module 126 receives and
records EEG signals from the EEG system 140 via the
capture interface 108 across multiple electrodes for each
word. The EEG system 140 may receive and record EEG
data using, for example, a 64-electrode Biosemi ActiveTwo
EEG recording system. In an example, the electrodes can be
arranged according to the International 10/20 System. In an
example, the electrode offset can be kept below 40 mV. The
EEG system 140 or the input module 126 can low-pass
filtered the EEG data; for example, using a fifth order sinc
filter with a half-power cutoff at 204.8 Hz. The EEG system
140 or the input module 126 can digitize the EEG data; for
example, at 512 Hz with 24 bits of resolution. In some cases,
the EEG data can be digitally filtered; for example, offline
using a zero-phase 24 dB/octave Butterworth filter with a
bandpass of 0.1-40 Hz. As described herein, in some cases,
EEG data can be separated into epochs by the input module
126.

[0079] After removing artifacts and/or false alarms, a
range of 75%-100% of trials (across participants) may be
selected for further analysis.

[0080] In an exemplary setup, twelve electrodes situated
over homologue occipitotemporal areas (P5, P7, P9, PO3,
PO7, O1 on the left and P6, P8, P10, PO4, PO8, O2 on the
right) may be selected for ERP analysis. Their selection can
be motivated by the relevance of these electrodes for visual
word processing (e.g., from results obtained from word
processing). EEG data from electrodes over the left hemi-
sphere and right hemisphere can be averaged by the input
module 126, separately creating two sets of signals, one for
each hemisphere.

[0081] In some cases, for example where there are uni-
variate tests, the EEG data can be averaged by the input
module 126 for each unfamiliar visual word identity pre-
sented to a subject across expressions. The P1, N170, and
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N250 components can be identified, either visually or auto-
matically, on a grand-average plot. Two-way repeated mea-
sures ANOVA over visual word identities and hemispheres
can be conducted on maximum amplitudes; for example, in
the 70-180 ms range for P1, and on minimum amplitudes in
the 160-250 and 260-350 ms ranges for N170 and N250,
respectively. In some cases, Greenhouse-Geisser correction
can be applied in case of violation of the sphericity assump-
tion.

[0082] At block 320, the classification module 122 clas-
sifies patterns across the corresponding EEG signals. In
some cases, in order to classify the patterns, epochs may be,
for example, linearly detrended, z-scored across time and
electrodes, and corrected for outliers (for example, values
exceeding three standard deviations from the mean thresh-
olded at +3 to minimize the deleterious effect of extreme
values on pattern classification). In some cases, the epochs
may be normalized to the same range (for example, 0-1) and
mean (for example, 0.5). In some cases, in order to boost
signal-to-noise ratio (SNR) of spatiotemporal patterns, mul-
tiple epochs pertaining to a same condition (i.e., same
viewed stimulus or same recalled image) may be averaged
into ERP traces. In a particular case, all epochs correspond-
ing to the same image stimulus, for a maximum of 4 epochs,
may be averaged together resulting in 16 separate traces per
stimulus. Advantageously, this approach can also be useful
for handling missing data following epoch removal and in
balancing the number of observations for pattern classifica-
tion. Specifically, since it is possible that epochs associated
with a given stimulus be removed (e.g., due to artifacts), in
some cases this can lead to different numbers of epochs for
different stimuli. However, in some cases, averaging data
across consecutive epochs (i.e., 1-4 epochs per stimulus
following data removal) may ensure that equal numbers of
observations can be constructed for each pair of stimuli
undergoing pattern classification. As described herein, in
some cases, to increase robustness of pattern analyses,
epochs may be divided into temporal windows containing
multiple conceptual bins.

[0083] The classification module 122 can perform the
classification using pairwise discrimination of visual word
identity/category. In some cases, the discrimination module
124 can use linear Support Vector Machine (SVM) classi-
fication (c=1). In some cases, cross-validation can be used,
for example, leave-one-out cross-validation (e.g., one out of
16 pairs of observations can be systematically left out for
testing while the remaining 15 are used for training). In an
example, the SVM can be trained using EEG-based obser-
vations corresponding to 1485 pairs of stimuli (i.e., each
possible pair out of 55 stimuli) using a leave-one-out cross-
validation approach. In this case, classification accuracy can
be obtained for each pair by averaging across the iterations.
For example, in some cases, classification can be conducted
for every pair of words in two ways: (a) within font/letter
case, the classifier is trained separately on different types of
font/case and tested separately for each; and (b) across
font/case, the classifier is trained on one type of font/case
and tested on the other. Significance of classification accu-
racy can be assessed, for example, via a permutation test, by
randomly shuffling identity labels (for example, for indi-
vidual 1) a sufficient number of times (for example, 10°
times. While the present embodiment describes using an
SVM, it is understood that any suitable machine learning
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technique or approach can be used; for example, other
classification methods based on linear discrimination analy-
sis or neural networks.

[0084] In some cases, the classification may be conducted
for data averaged across all or multiple participants (i.e.,
observations constructed from averaged ERP traces). In
further cases, classification can be performed for data from
individual participants. In some cases, the significance of the
overall classification accuracy can be assessed using, for
example, one-sample two-tailed t-tests against chance across
participants.

[0085] At block 330, the reconstruction module 120 deter-
mines word discriminability estimates using a confusability
matrix. In a particular case, classification accuracies for each
pair of stimulus identities, as determined by pattern classi-
fication, can be organized into a confusability matrix in
which each cell estimates the discriminability of a pair of
words. Thus, the matrix can contain information regarding
the similarity and/or dissimilarity of any pair of stimulus
identities. In some cases, the values of the cells can be
further linearly scaled, for example, between 0 and 1.
[0086] In some cases, the reconstruction module 120 can
derive representational space constructs; for example, mul-
tidimensional spaces in which different neural representa-
tions correspond to different points and their pairwise simi-
larity is approximated as their space-dependent distance. For
example, metric multidimensional scaling (MDS) can be
applied to a confusability matrix to approximate a corre-
sponding lower-dimensional space. In an example, the
dimensionality of such spaces can be restricted to 20, which
may be sufficient to account for most variance in the data
(for example, over 90%). This procedure can be conducted
on within category estimates of discrimination; for example,
within-expression for faces or within-font for words. For
example, the word reconstruction procedure can be con-
ducted separately for each font/case, resulting in separate
spaces for words displayed in different font/case. Other
techniques of dimensionality reduction such as non-metric
MDS or generalized MDS can also be used with the same
purpose.

[0087] At block 340, the reconstruction module 120 esti-
mates a multidimensional visual word space from the struc-
ture of the data. Visual word space invariance to image
changes introduced by font or letter case can be determined.
In most cases, the extent to which the structure of the space
is sensitive to stimulus identity independently of other
sources of image variability can be quantified and assessed
by the reconstruction module 120. To this end, the fit
between homologous spaces (for example, words displayed
in lower and upper font) can be estimated by aligning one
space to the other, for example via Procrustes transforma-
tion, and measuring the badness of fit as the sum of squared
errors (SSE) between the two spaces. This estimate can
serve to confirm the presence of invariance and assess its
robustness. For example, if a significant proportion of space
structure is preserved despite image changes, the SSE fit
should be better than expected by chance. Significance
testing can be conducted, for example, through a permuta-
tion test for multidimensional spaces: the labels of each
point in one of the two homologous spaces can be randomly
shuffled and the resulting space fit to the intact one as above.
In an example, this procedure can be carried out for a total
of 107 permutations, by leaving intact each of the two spaces
half of the time while permuting the other space, and
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permutation-based SSE estimates can be determined each
time. Image-invariant information, quantified and identified
in this manner, can be used to constrain future reconstruc-
tions (i.e., as a prior) irrespective of image variability (e.g.,
due to font or case).

[0088] At block 350, the reconstruction module 120 deter-
mines visual features for each dimension. Advantageously,
the reconstruction module 120 can capitalize on the structure
of neural-based representational space for the purpose of
feature derivation and image reconstruction. For example,
the reconstruction module 120 can capture spatiotemporal
information in EEG patterns and determine the ability of
invariant visual information to support image reconstruc-
tions of word identity. In a particular case, the reconstruction
module 120 can conduct this determination as follows:
initially derive visual features for each dimension of EEG-
based representational space; identify subspaces relevant for
reconstruction purposes; and estimate the coordinates of a
reconstruction target.

[0089] As described herein, the reconstruction module 120
may separately derive visual features accounting for repre-
sentational space topography for each dimension of EEG-
based representational space. A similar procedure can be
followed to the one described herein for the case of gray-
scale targets such as words, except that each CIM feature can
consist in a single image rather than a CIEL*a*b* triplet.

[0090] As described herein, in some cases, the reconstruc-
tion module 120 can identify subspaces relevant for recon-
struction purposes using feature and/or dimension selection,
since not all dimensions may encode systematic visual
information. As described herein, in some cases, the recon-
struction module 120 can estimate the coordinates of a target
visual word in a type-specific visual word space, as
described herein.

[0091] At block 360, the reconstruction module 120
reconstructs an approximation of the appearance of each
word (referred to as a “target word”) through the combina-
tion of the visual features. The reconstruction module 120
can construct the target word through a linear combination
of significant CIMs. Relevant CIMs, as identified through
feature selection above, can be multiplied with the target’s
coordinates in the representational space for the dimension
corresponding to each CIM. CIMs can be normalized under
specific constraints (e.g., proportional to the percentage of
variance explained by each corresponding dimension) and
summed together. This sum can be added to an average word
obtained from all remaining non-target items and playing the
role of a prior. The resulting image can be further normalized
(e.g., with a set luminance average and contrast in case this
is already known or derived independently from the data).
Advantageously, this approach can capitalize on visual word
space invariance for reconstruction purposes. Specifically, a
capital letter version of visual word space can be aligned to
its lowercase letter counterpart via, for example, Procrustes
transformation using all but one visual word. The remaining
visual word from the capital letter version of visual word
space can be projected into the lowercase letter space using,
for example, the parameters of the Procrustes mapping
fanction found above. In this case, the resulting coordinates
in lowercase letter visual word space can be used to recon-
struct the appearance of the target visual word, with lower-
case letters, from lowercase letter CIMs. In further cases, a
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capital letter version of the target visual word can rely on
aligning the lowercase letter visual word space to its capital
letter counterpart.

[0092] At block 370, the reconstruction can be output by
the display module 128 to a user or other computing device,
via the user interface 106 or network interface 110, respec-
tively.

[0093] FIG. 4A provides three separate examples of recon-
structions of facial images with neutral expressions 400
determined experimentally, using the system 100, along with
estimates of accuracy. The column of three facial images on
the left are examples of faces with neutral expressions as
viewed by participants (i.e., stimuli). The column of the
three images on the right are reconstructions from EEG data
(i.e., reconstructions). Numbers in the top corners of each
reconstruction mark estimates of accuracy according to two
different criteria (computer-based on the upper-left and
human-based on the upper-right).

[0094] FIG. 4B provides three separate examples of recon-
structions of facial images with happy expressions 450
determined experimentally, using the system 100, along with
estimates of accuracy. The column of three facial images on
the left include those with happy expressions as viewed by
participants (i.e., stimuli). The column of three images on
the right are reconstructions from EEG data (i.e., reconstruc-
tions). Numbers in the top corners of each reconstruction
mark estimates of accuracy according to two different cri-
teria (computer-based on the upper-left and human-based on
the upper-right).

[0095] FIG. 5A provides two examples of reconstructions
of word images 500, determined experimentally, using the
system 100, along with estimates of accuracy. These word
images include those viewed by participants (top row) and
corresponding reconstructions from EEG data (bottom row)
using the system 100. Numbers displayed under each recon-
struction represent estimates of accuracy according to two
different criteria (computer-based on the left and human-
based on the right). FIG. 5B provides another two examples
of reconstructions of word images 550, determined experi-
mentally, using the system 100, along with estimates of
accuracy, in the same manner as in FIG. 5A.

[0096] FIGS. 6A and 6B illustrate graphs showing
examples of ERPs, determined experimentally, using the
system 100. In FIG. 6A, there is a graph of grand-averaged
ERPs across left hemisphere electrodes 600 (P35, P7, P9,
P03, PO7,01) of a subject for 54 facial identities (averaged
across expressions). Head maps show voltage distributions
at N170. In FIG. 6B, there is a graph of grand-averaged
ERPs across right hemisphere electrodes 650 (P6, P8, P10,
PO4, PO8, 02) for 54 facial identities (averaged across
expressions). Head maps show voltage distributions at P1,
N250.

[0097] FIG. 7A illustrates a graph that shows an example
of a time course of EEG-based classification accuracy for
across-expression and within-expression discrimination of
facial identity 700, determined experimentally, using the
system 100. Classification was conducted across consecu-
tive 10 ms window patterns over 12 occipitotemporal elec-
trodes for group-based ERP data. Both types of analysis
exhibited above-chance discrimination across extensive
temporal intervals (permutation test; FDR-correction across
time, q<0.01). Shaded areas mark intervals of better-than-
chance discrimination for across-expression classification.
FIG. 7B illustrates a graph that shows an example of a time
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course of BEEG-based classification accuracy for across-
expression and within-expression discrimination of facial
identity for a single representative participant 750, deter-
mined experimentally, using the system 100. Classification
was conducted across consecutive 10 ms window patterns
over 12 occipitotemporal electrodes. Both types of analysis
exhibited above-chance discrimination across extensive
temporal intervals (permutation test; FDR-correction across
time, q<0.01). Shaded areas mark intervals of better-than-
chance discrimination for across-expression classification.
[0098] FIG. 8 illustrates graphs showing examples of
EEG-based classification accuracy for across-expression
and within-expression discrimination of facial identity with
temporally cumulative data (50-650 ms after stimulus
onset), determined experimentally, using the system 100. In
FIG. 8, there is a plot showing accuracy corresponding to
neutral and happy faces for group-based ERP data 800. In
graph 800, the plots display the results of permutation tests
(solid and dashed horizontal lines indicate average accuracy
and 99% confidence intervals estimated with 10° permuta-
tions). The plots illustrate that reconstruction accuracy is
well above chance and the overall performance of the
embodiments described herein is quite robust (especially in
the case of within-expression reconstructions).

[0099] FIG. 9A illustrates a graph showing examples of
neutral and happy face space estimates along with their fit
1000 (after Procrustes alignment), determined experimen-
tally, using the system 100. Estimates were derived through
MDS analysis of similarity matrices based on within-ex-
pression face discrimination of group-based temporally
cumulative data. The two face space estimates exhibited a
similar topography as found with their visualization across
multiple dimensions. Red and green circles (colors not
shown) indicate neutral and happy faces, respectively. Solid
lines connect face images with the same identity with the
thickness of the line proportionally reflecting shorter dis-
tances. The first four dimensions shown here account for
40% and 41% variance for neutral and happy face space.
FIG. 9B illustrates a graph showing an example of badness
of fit (sum of squared errors) for the two spaces compared
to their permutation-based counterpart 1050 (average fits
and 95% confidence intervals estimated with 10° permuta-
tions).

[0100] FIG. 10A shows examples of classification images
(CIMs) extracted from EEG-based face space constructs for
neutral faces 1100, determined experimentally, using the
system 100. FIG. 10B shows examples of classification
images (CIMs) extracted from EEG-based face space con-
structs for happy faces 1150, determined experimentally,
using the system 100. In both figures, pairs of images show
raw CIMs (odd columns) and their analysis (even columns)
with a pixelwise permutation-based test (FDR-corrected
across pixels; q<0.05). Various analyzed areas of the cap-
tures faces have been found to be brighter (L*), redder (a*),
or more yellow (b*) than chance in CIEL*a*b*. The exem-
plary results shown are separate for the first and fourth
dimensions of face spaces derived from group-based tem-
porally cumulative data.

[0101] FIGS. 11A and 11B illustrate examples of recon-
struction results for neutral and happy face images across
consecutive 10 ms windows of group-based data, deter-
mined experimentally, using the system 100. FIG. 11A
provides examples of face stimuli along with their corre-
sponding reconstructions at two different times 1200 (num-
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bers in the upper left corner indicate image-based estimates
of reconstruction accuracy). The reconstructions can be
formatted by converting them from CIEL*a*b* back to
RGB. In FIG. 11B, a graph is shown that illustrates an
example of a time course of reconstruction accuracy 1250.
Both neutral and happy face images exhibit above-chance
discrimination across multiple temporal intervals (permuta-
tion test; FDR correction across time, q<0.05; shaded areas
mark intervals of better-than-chance discrimination for neu-
tral faces). Reconstruction accuracy is maximized in the
vicinity of the N170 component (as shown in FIG. 6A) and
of the discrimination peak found with pattern classification
(as shown in FIGS. 7A and 7B).

[0102] FIG. 12A shows an example of visual word space
1300 derived from group-based EEG temporally cumulative
data using the system 100 (only 2 dimensions are shown for
convenience). FIG. 12B shows an example of classification
images (CIMs) extracted from two dimensions of that space.

[0103] The following describes an exemplary experimen-
tal approach used by the present inventors to illustrate the
described output of the system 100; for example, to arrive at
the data shown in FIGS. 4A to 12B. This approach was used
to derive face space constructs from the EEG signal asso-
ciated with consecutive time windows separately for differ-
ent facial expressions (i.e., neutral and happy). The experi-
mental approach provides exemplary experimental design,
exemplary results and outcomes, and provides at least some
of the experimental basis for at least some of the embodi-
ments described herein.

Participants and Stimuli

[0104] Thirteen healthy adults (6 males, 7 females; age
range: 18-27 years) with normal or corrected-to-normal
vision were recruited from a community to participate in the
experiment.

[0105] A total of 140 face images of 70 individuals, each
displaying a neutral and a happy expression were used as
experimental stimuli. Out of these, 108 images of 54 unfa-
miliar males were selected from three databases. The
remaining 32 images displayed faces of 6 famous male and
10 female individuals selected from open access sources. In
this experiment, unfamiliar male face stimuli were the focus,
while female faces were used as go trials in a go/no-go
gender recognition task, and additional famous male faces
were included to promote alertness.

[0106] All images featured young adult Caucasian indi-
viduals with frontal view, gaze, and illumination. The
stimuli were selected so that no facial accessories, hair, or
makeup obscured the internal features of the face and so that
all happy expressions displayed an open-mouth smile. These
images were: (a) scaled uniformly and aligned with roughly
the same position of the eyes and the nose; (b) cropped to
eliminate background; (c) normalized with the same mean
and root mean square (RMS) contrast values separately for
each color channel in CIEL*a*b* color space, and (d)
reduced to the same size (95x64 pixels).

Experimental Design

[0107] Prior to EEG testing participants were adminis-
tered the Cambridge Face Memory Test (CFMT) to confirm
that their face processing abilities fell within the range of
normal performance for young adults. Participants also
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completed the Vividness of Visual Imagery Questionnaire 2
(VVIQ-2) along with a custom familiarity-rating famous
face questionnaire.

[0108] During EEG sessions, participants were seated in a
dimly lit room at a viewing distance of 80 cm from an LCD
monitor (resolution: 1920x1080, refresh rate: 60 Hz). The
participants were instructed to perform a go/no-go gender
recognition task by pressing a designated key every time
they saw a female face, irrespective of expression. The
experiment consisted of 32 blocks of stimulus presentation
divided into 2 sessions carried out on different days. In each
session, experimental blocks were preceded by one training
block, subsequently discarded from all analyses. The blocks
were separated by self-paced breaks.

[0109] Over the course of any given block, each image of
a male face was presented twice and each image of a female
face was presented once, for a total of 260 trials. Images
were presented in a pseudorandom order under the con-
straint that no facial identity would appear consecutively.
Each stimulus was presented in the center of the screen
against a black background and subtended a visual angle of
3.2x4.9. A stimulus display lasted for 300 ms and it was
followed by a fixation cross for a duration ranging randomly
between 925-1075 ms. Each session, including participant
and equipment setup, lasted around 2.5 hours.

[0110] The procedure above, including face space estima-
tion, was conducted for separate time windows of the ERP
trace as well as for temporally cumulative data.

Evaluation of Reconstruction Results

[0111] Image reconstructions were compared to their tar-
get stimuli via two different approaches. First, image-based
accuracy was estimated as the percentage of instances for
which a reconstructed image in CIEL*a*b* was more simi-
lar to its target, by a pixel-wise L2 metric, than to any other
stimulus with the same expression. Average reconstruction
accuracy was then compared against permutation-based
chance estimates by shuffling reconstruction labels and by
recomputing average accuracy across reconstructions each
time (for a total of 103 permutations). This procedure was
applied to all types of reconstruction (e.g., both window-
based and temporally cumulative) separately for neutral and
happy faces.

[0112] Second, a single set of reconstructions, based on
temporally cumulative group-based data, was subjected to
experimental evaluation in a separate behavioral test. To this
end, 14 new participants (six males and eight females, age
range: 20-28) were requested to match image reconstruc-
tions to their targets in a two-alternative forced choice
(2AFC) task. Specifically, each of 108 unfamiliar face
reconstructions, including both expressions, was presented
in the company of two stimuli, one of which was the actual
target and the other was a foil (another face image). Thus, on
each trial, a display was shown containing a reconstructed
image, at the top, and two stimuli side by side, at the bottom,
all of which had the same expression and the same size (as
specified in Experimental Procedures). Each display was
presented until participants made a response to decide which
stimulus was more similar to the top image by pressing a
designated left/right key. For each participant, any recon-
structed image was presented 4 times in the company of
different foils; thus, across participants, all 53 possible foils
for a given reconstruction were exhausted. Stinulus order
was pseudorandomized so that different reconstructed
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images appeared on consecutive trials while target stimuli
appeared equally often on the left/right side.

[0113] Experimental-based estimates of reconstruction
accuracy were measured as the proportion of correct
matches across participants and tested for significance tested
against chance (50%) using a one-sample two-tailed t-test.
Experimental and homologous image-based estimates of
reconstruction accuracy were compared to each other via
Pearson correlation across images, separately for neutral and
happy faces.

Pattern Classification of Facial Identity

[0114] A total of 108 unfamiliar male faces (54 individu-
alsx2 emotional expressions) were classified based on ERP
traces associated with their viewing. Specifically, spatiotem-
poral ERP patterns across bilateral occipitotemporal elec-
trodes were averaged across participants and, then, evalu-
ated for their ability to support facial identity discrimination.
To assess the time course of individual face processing,
classification was conducted across consecutive 10 ms tem-
poral windows both within and across expression by training
and testing the classifier on faces with the same or different
expression.

[0115] This analysis found significant levels of discrimi-
nation across extensive intervals (permutation test; q<0.01).
Specifically, across-expression classification evinced above-
chance accuracy from 152 ms after stimulus presentation
until the end of the epoch, with two peaks at 170 ms and 295
ms (see FIG. 7A). Within-expression classification yielded a
similar time course but consistently higher levels of accu-
racy and an earlier onset, at 140 ms, in agreement with the
reliance on additional, lower-level image cues for this type
of discrimination. In addition, an earlier interval of signifi-
cance was found for across-expression classification
between 0-5 ms; however, given its very early occurrence,
its reduced amplitude, and the absence of its replication by
within-expression classification, this data point is treated as
a false positive. Of note, for both types of classification, it
was found that discrimination accuracy was maximized in
the vicinity of the N170 component as identified by univari-
ate analyses of ERP data (see FIGS. 6A and 6B).

[0116] Single-participant analyses was also conducted.
These analyses confirmed the feasibility of facial identity
discrimination from the data of single participants (see FIG.
7B). However, in some cases, discrimination levels may be
lower than in the group-based analyses, likely due to the
lower signal-to-noise ratio (SNR) of single-participant ERPs
and its impact on classification. There may also be multiple
intervals of discrimination, as opposed to a single, uninter-
rupted one.

[0117] Pattern classification was applied to temporally
cumulative data by concatenating data points from all time
bins between 50 ms-650 ms after stimulus onset. The aim of
this analysis was to maximize discrimination performance
by concomitantly exploiting relevant information from all
potentially relevant time points. Specifically, while the
approximately 61-fold increase in pattern dimensionality
(i.e., 12 electrodesx307 time bins) would, by itself, reduce
the effectiveness of classification, the possibility that any
ensuing classification decrement may be offset by the use of
complementary sources of information from different time
points was also examined.

[0118] Consistent with the examination described above, it
was found that this analysis yielded robust levels of dis-
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crimination for group-based data (see FIGS. 8): 64% and
71% for across and within-expression discrimination,
respectively (permutation test; p=0.001 for both types of
discrimination and both expressions). Of note, these results
outperform peak performance obtained with window-based
analyses in the proximity of the N170 component. Further,
single-participant estimates of discrimination with tempo-
rally cumulative data were also computed and averaged
across participants (see FIG. 8). Again, performance was
better than chance for both within-expression discrimination
(two-tailed t-test across participants against 50% chance-
level discrimination; t(12)=9.89 and 7.27, Cohen’s d=2.1
and 2.86 for neutral and happy faces, respectively; p’s=0.
001) and for across-expression discrimination (t(12)=6.84
and 7; d=2.02 and 1.97 for neutral and happy faces, respec-
tively; p’s<0.001). Further, a two-way repeated measures
analysis of variance (2 discrimination typesx2 expressions)
revealed a main effect of discrimination types (F(1,12)=50.
05, p<0.001, nP2:O.81), with higher accuracy for within
than across-expression discrimination, but no effect of
expression and no interaction.

[0119] To examine possible effects of the database of faces
used, the analysis above was repeated while restricting
pattern classification either to pairs of faces from the same
database or from different databases. A two-way repeated
measures analysis of variance (2 discrimination types:
within/across expressionx2 pair types: within/across data-
base) was carried out to this end, classification estimates
were collapsed across neutral and happy faces given the
absence of any expression effects above. This analysis
revealed a main effect of discrimination types (F(1,12)=45.
92, p<0.001, np2:0.79), with higher accuracy for within
than across-expression discrimination, as well as a main
effect of pair types (F(1,12)=38.73, p<0.001, np2:0.76),
with higher accuracy for within than across-database clas-
sification. Critically though, all classification estimates were
significantly above chance (two-tailed t-tests against 50%
chance-level discrimination); mean accuracy=56.3%, t(12)
=8.36, p<0.001, Cohen’s d=2.32 for within-expression,
within-database discrimination; mean accuracy=58.7%,
t(12)=8.38, p<0.001, Cohen’s d=2.32 for within-expression,
across-database discrimination; mean accuracy=53.9%,
t(12)=7.64, p<0.001, Cohen’s d=2.12 for across-expression,
within-database discrimination; mean accuracy=55.9%,
t(12)=6.88, p<0.001, Cohen’s d=1.91 for across-expression,
across-database discrimination).

[0120] Classification analyses also included repeating all
face pairs within and across databases with all 64 electrodes,
instead of the subset of 12 occipitotemporal electrodes noted
above. In this case, no consistent boost in discrimination was
found for any analysis in this case; and thus, the results were
sufficient based on occipitotemporal electrodes only.

Neural-Based Face Space and Expression-Invariance

[0121] Face space estimates were derived through the
application of MDS to within-expression face classification
of temporally cumulative data. Specifically, MDS was
applied to pairwise face discrimination values derived
through pattern analysis of group-based data, separately for
neutral and happy faces. The resulting spaces were reduced
to the first 20 dimensions and aligned with each other via
Procrustes transformation.

[0122] An examination of the resulting spaces for neutral
and happy faces, following their alignment, was consistent
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with the presence of a common topography across expres-
sions (see FIG. 9A). To assess their fit more rigorously, a
comparison with permutation-based alignment estimates
(see FIG. 9B) was computed. This comparison indicated that
the fit between the two spaces was considerably better than
chance (p<0.001). Advantageously, this finding allowed the
present inventors to exploit the structure of visual informa-
tion invariant across expression for reconstruction purposes,
as detailed herein.

Reconstruction Results

[0123] Visual features were derived from the structure of
face space, dimension by dimension. Such features, or
classification images (CIMs), were assessed through a pet-
mutation test for the presence of significant information
pixel-by-pixel separately for each CIEL*a*b* color channel.
[0124] An examination of CIMs containing significant
information revealed global contrast patterns across multiple
color channels (see FIGS. 10A and 10A). The emergence of
these features confirmed that neural-based face space is, at
least partly, organized by visual information (as opposed, for
instance, to higher-level semantic information). Thus, CIMs
were determined by the present inventors to be useful as
reconstruction features.

[0125] Accordingly, significant CIMs were linearly com-
bined to deliver an approximation of face appearance
broadly following an image reconstruction approach
recently used with fMRI data. Specifically, image recon-
struction was separately applied to neutral and happy
expressions. Thus, the common face space topography for
the two expressions can allow using the relative position of
a given identity in one space to deliver a reconstruction of
the same facial identity with the opposite expression.
[0126] The above procedure, as performed for separate
time windows with group-based data, found evidence for
multiple intervals capable of supporting above-chance
reconstruction (image-based permutation test; ¢<0.05).
Reconstruction accuracy was assessed via a pixelwise
image-matching test across reconstructed images and stimu-
lus images. The earliest interval had an onset at 160 ms and
170 ms for neutral and happy faces, respectively, while
accuracy peaked at 187 ms and 180 ms for the two expres-
sions (see FIG. 11B).

[0127] A representative example of image reconstruction,
interval by interval, is shown in a ‘Movie 1’ along with the
temporal profile of its reconstruction accuracy. FIG. 13
shows an example of Movie 1, whereby the top image
illustrates the reconstruction target (word stimulus) and the
low images show frames of Movie 1 with indications of time
in milliseconds (after stimulus presentation) along with the
corresponding reconstruction accuracy. FIG. 14 illustrates
reconstruction accuracy for words, as well as for each letter
separately, for the example of Movie 1; where onset is the
1st letter of the word, nucleus is the 2nd, and coda is the 3rd.
Horizontal segments on each bar and shaded areas indicate
chance-level performance and variability. Overall, the plots
illustrate that reconstruction for this example is well above
chance (p<0.001) for words and also for letters (especially
for the nucleus).

[0128] The application of the above procedure to tempo-
rally cumulative data was determined to have more robust
results: 69.46% image-based accuracy for neutral faces and
63.91% for happy faces (permutation test; p’s=0.001) (see
FIG. 8). Experimental-based estimates of accuracy, obtained

Nov. 28,2019

with a new group of participants, led to more modest levels
of accuracy (see FIG. 11B, described below); however, both
neutral and happy face reconstructions were still accurate
above chance (two-tailed t-test across participants against
50% chance-level discrimination: t(13)=6.70, 4.38; Cohen’s
d=1.86, 1.22, for neutral and happy, respectively; p’s<0.001
for all), with no difference between neutral and happy faces.
Further, reconstruction accuracies as estimated by the two
tests, image-based and experimental-based, were compared
with each other across facial identities and were found to
significantly correlate with each other (r=0.43 and 0.42;
p’s=0.001 and 0.002 for neutral and happy faces, respec-
tively), thus, mutually reinforcing their validity.

[0129] Across-expression classification estimates
obtained with temporally cumulative data were compared
with their corresponding reconstruction accuracies averaged
across expressions. Specifically, Pearson correlation across
facial identities found a positive relationship between
across-expression discrimination and image-based accuracy
(r=0.87, p<0.001). Thus, in some cases, the more discrim-
inable a facial identity is, the more accurately it can be
reconstructed.

[0130] Reconstruction was performed for single-partici-
pant data and evaluated with the aid of the image-based test.
Accuracy levels were found to be above chance (two-tailed
t-test across participants against 50% chance-level discrimi-
nation; mean accuracy=53.1%, t(12)=2.52, p=0.027,
Cohen’s d=0.73 and mean accuracy=53.3%, t(12)=2.24,
p=0.045, Cohen’s d=0.65 for neutral and happy face recon-
structions, respectively). Pearson correlations between clas-
sification accuracy and reconstruction accuracy across par-
ticipants were also found to be significant (r=0.83 and
r=0.84, for neutral and happy faces, respectively; p’s<0.
001). Thus, in some cases, participants who provided data
supporting higher levels of face classification also provided
more accurate reconstruction results.

[0131] Advantageously, the system 100 allows for EEG-
based pattern classification of facial identity across changes
in expression from EEG data. Discrimination peaks were
identified in the proximity of the N170 and N250 ERP
components, consistent with univariate analyses pointing to
the relevance of both components for face processing. The
onset of discrimination, around 150 ms, was intermediary to
early estimates in the vicinity of P1 and later estimates
around 200 ms as reported with MEG. In some cases, early
estimates, along with higher levels of discrimination, can be
triggered by the use of low-level image properties. In line
with this consideration, it was found that within versus
across-expression discrimination produced earlier and con-
sistently higher levels of discrimination accuracy. Impor-
tantly though, across-expression classification, which aims
to minimize reliance upon low-level cues, exhibited robust
levels of discrimination across an extensive interval (i.e.,
from -150 ms onwards).

[0132] Advantageously, the system 100 can perform tem-
porally cumulative analyses targeted identity discrimination
across a broad interval between 50-650 ms after stimulus
onset. Despite the increase in dimensionality for the classi-
fication patterns, these data supported even more robust
levels of accuracy for both within and across-expression
discrimination, consistent with the presence of relevant
information at multiple time points. Moreover, the superior
levels of discrimination obtained with temporally cumula-
tive data, as opposed to 10 ms windows, agrees with the
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presence of distinct sources of information at different time
points. That is, the boost in classification accuracy is related
with the ability to exploit complementary information about
facial identity at different times. Advantageously, the boost
in classification noted above is useful because it suggests
that placing less emphasis on clarifying the time course of
discrimination can be better served by exploiting patterns
across larger temporal intervals. Accordingly, face space
structure and image reconstruction can be determined with
both window-based and cumulative data.

[0133] Advantageously, the system 100 can perform a
neural-based estimate of face space constructed from EEG
data, using the presence of visual information captured by
CIMs. It was determined that pattern discrimination relies, at
least partly, on relevant visual information (e.g., as opposed
to higher-level semantic cues).

[0134] Advantageously, the system 100 can perform
image reconstruction with CIM features derived directly
from the structure of EEG data; as opposed to other
approaches that, for example use predefined visual features
selected due to their general biological plausibility. It was
found that multiple temporal intervals supported better-than-
chance reconstruction for both neutral and happy faces with
a peak in the proximity of the N170 component. Also,
reconstruction accuracy was further boosted by considering
temporally cumulative information, as used for pattern clas-
sification. The results are notable in that they exploit invari-
ant face space information for reconstruction purposes.
Thus, making use of the visual nature of facial identity
representations rather than just to lower-level pictorial
aspects of face perception.

[0135] Advantageously, the system 100 can perform
image reconstruction to neuroimaging modalities without
having to use fMRI like in other approaches. It shows that
EEG-based reconstruction can have high overall accuracy.
[0136] The present inventors have determined, using the
system 100, that individual faces can be discriminated from
their corresponding EEG patterns, that their time course
exhibits an extended interval of significant discrimination,
and that multiple discrimination peaks occur, including an
early one in the vicinity of the N170 component. It was also
found that such discrimination can be performed even with
a large, homogenous set of face images controlled for low
and high-level face properties (e.g., through geometrical
alignment and intensity normalization of 108 Caucasian
male face images). Not only does the system 100 allow for
the time course of individual face classification to be more
reliable and thorough but, it also utilizes its outcomes for the
purpose of facial feature derivation and image reconstruc-
tion.

[0137] Advantageously, EEG-based reconstruction, using
the system 100, allows for the ability to clarify the dynamics
of visual representations as they develop in response to a
given stimulus. For instance, it can speak to how a percept
evolves over time in response to a static stimulus by inspect-
ing image reconstruction across consecutive time windows.
In further embodiments, to the system 100 can also recover
fine-grained dynamic information as present in moving
stimuli. The superior temporal resolution of EEG could
make movie modalities an eflicient choice for the recovery
of dynamic visual information.

[0138] While the embodiments described herein generally
use 12 chanrnels, other channel quantities can be used. For
example, to determine a minimum number of channels
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needed to maximize classification and reconstruction results,
the present inventors conducted EEG feature selection
across the data of multiple participants. In this case, since
electrodes sometimes carry irrelevant or redundant informa-
tion at multiple time points, eliminating this information
from higher-dimensional spatiotemporal patterns (e.g.,
across all electrodes and time points) could benefit classi-
fication and reconstruction. One embodiment of this proce-
dure involved a sequence of steps as follows: (i) recursive
feature elimination (RFE) was conducted to rank the value
of different subsets of EEG channels for classification pur-
poses using the data of one group of participants (i.e.,
training group); (ii) estimates of classification accuracy were
computed for different subsets of EEG channels to identify
the channel subset that maximizes accuracy using the data of
another group of participants (i.e., validation group); (iii) an
independent estimate of classification for the optimal subset
of channels was computed in a third group of participants
(i.e., test group). As an example, the minimum number of
channels needed to achieve maximum classification and
reconstruction of individual faces and words was estimated
as 12 to 14 (out of 64). This quantity of channels has positive
implications for data collection and analysis (i.e., by reduc-
ing memory and processing load), for usability purposes
(i.e., by shortening set-up times and, thus, participant/user
comfort), as well as for the potential design of dedicated
hardware (i.e., by reducing costs associated with the use of
a smaller number of channels).

[0139] Given the high temporal resolution of EEG record-
ings, the embodiments described herein can be used for
frame-by-frame reconstructions of video stimuli (or of
dynamic memory/imagery content). In a particular case, the
present embodiments can be modified such that instead of
using a single epoch, a sliding window can be applied to
EEG recordings starting 50 ms after the onset of the visual
process. The optimal length of this window can be deter-
mined through a procedure of feature selection, for example,
using Recursive Feature Elimination (RFE). In this way, the
reconstruction described herein can be applied to any posi-
tion of the sliding window to deliver an approximation of the
visual mental content captured by the respective window;
for example, a sequence of words in a sentence or a face
changing expressions.

[0140] While the current system and methods described
herein generally focus on faces and words as a visual
category of interest, the embodiments described herein can
inform individual object recognition more generally, to any
suitable visual categories or objects. It is noted that other
visual similarity spaces are useable with the system 100 due
to the presence of common neurocomputational principles
underlying face and object identification as well as, meth-
odologically, by the ability to evaluate the dynamics of
invariant object recognition.

[0141] Although the foregoing has been described with
reference to certain specific embodiments, various modifi-
cations thereto will be apparent to those skilled in the art
without departing from the spirit and scope of the invention
as outlined in the appended claims. The entire disclosures of
all references recited above are incorporated herein by
reference.

1. A computer-implemented method for generating visual
category reconstruction from electroencephalography
(EEG) signals, the method comprising:
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receiving scalp EEG signals from one or more channels;

using a trained pattern classifier, determining pairwise

discrimination of the EEG signals, the pattern classifier
trained using a training set comprising EEG signals
associated with a subject experiencing different known
visual identities;

determining discriminability estimates of the pairwise

discrimination of the EEG signals by constructing a
confusability matrix;

generating a multidimensional visual representational

space;

determining visual features for each dimension of the

visual representational space by determining weighted
sums of image stimulus properties;

identifying subspaces determined to be relevant for recon-

struction;

reconstructing the visual appearance of a reconstruction

target using estimated coordinates of the target and a
summed linear combination of the visual features pro-
portional with the coordinates of the target in the visual
representational space; and

outputting the reconstruction.

2. The method of claim 1, further comprising separating
the EEG signals into epochs by selecting recordings from a
given temporal interval relative to a specific event.

3. The method of claim 2, wherein the EEG signals from
multiple epochs pertaining to the same specific event are
averaged.

4. The method of claim 1, wherein the pattern classifier
comprises a linear Support Vector Machine.

5. The method of claim 4, further comprising determining
classification accuracy for each pair of the pairwise discrimi-
nation by averaging across iterations.

6. The method of claim 1, wherein generating the multi-
dimensional visual representational space comprises esti-
mating a fit between homologous spaces by aligning one
space to the other and measuring the badness of fit as the
sum of squared errors (SSE) between the two spaces.

7. The method of claim 1, wherein identifying the sub-
spaces comprises determining dimensions containing pixel
values significantly different from chance.

8. The method of claim 1, wherein the visual features are
from human facial images, and wherein determining the
visual features comprises:

converting face stimuli to a CIEL*a*b* color space;

summing the face stimuli proportionally to their normal-

ized coordinates on a given dimension of face space;
and

determining the visual features as a linear approximation

of the summed face stimuli along a specific dimension.

9. The method of claim 8, wherein reconstructing the
visual appearance of the reconstruction target comprises
aligning at least one expressive face space to a neutral face
space using Procrustes transformation, and projecting a
remaining expressive face space into the neutral face space
using parameters of a Procrustes mapping function.

10. The method of claim 1, wherein the visual features are
images of words, and wherein determining the visual fea-
tures comprises:

summing word stimuli proportionally to their normalized

coordinates on a given dimension of visual word space;
and
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determining the visual features as a linear approximation
of the summed word stimuli along a specific dimen-
sion.
11. The method of claim 10, wherein reconstructing the
visual appearance of the reconstruction target comprises
aligning at least an uppercase visual word space to a
lowercase visual word space counterpart using Procrustes
transformation, and projecting a remaining uppercase visual
word space into the lowercase visual word space using
parameters of a Procrustes mapping function.
12. The method of claim 1, wherein the EEG signals are
collected from twelve electrodes situated over homologue
occipitotemporal areas.
13. A system for generating visual category reconstruction
from scalp electroencephalography (EEG) signals, the sys-
tem comprising one or more processors and a data storage
device, the one or more processors configured to execute:
an input module to receive the scalp EEG signals from
one or more channels;
a classification module to, using a trained pattern classi-
fier, determine pairwise discrimination of the EEG
signals, the pattern classifier trained using a training set
comprising EEG signals associated with a subject expe-
riencing different known visual identities;
a reconstruction module to:
determine discriminability estimates of the pairwise
discrimination of the EEG signals by constructing a
confusability matrix;

generate a multidimensional visual representational
space;

determine visual features for each dimension of the
visual representational space by determining
weighted sums of image stimulus properties;

identify subspaces determined to be relevant for recon-
struction; and

reconstruct the visual appearance of a reconstruction
target using estimated coordinates of the target and a
summed linear combination of the visual features
proportional with the coordinates of the target in the
visual representational space; and

a display module to output the reconstruction.

14. The system of claim 13, wherein the pattern classifier
comprises a linear Support Vector Machine.

15. The system of claim 13, wherein generating the
multidimensional visual representational space comprises
estimating a fit between homologous spaces by aligning one
space to the other and measuring the badness of fit as the
sum of squared errors (SSE) between the two spaces.

16. The system of claim 13, wherein identifying the
subspaces comprises determining dimensions containing
pixel values significantly different from chance.

17. The system of claim 13, wherein the visual features
are from human facial images, and wherein determining the
visual features comprises:

converting face stimuli to a CIEL*a*b* color space;

summing the face stimuli proportionally to their normal-
ized coordinates on a given dimension of face space;
and

determining the visual features as a linear approximation
of the summed face stimuli along a specific dimension.

18. The system of claim 17, wherein reconstructing the
visual appearance of the reconstruction target comprises
aligning at least one expressive face space to a neutral face
space using Procrustes transformation, and projecting a
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remaining expressive face space into the neutral face space
using parameters of a Procrustes mapping function.

19. The system of claim 13, wherein the visual features
are images of words, and wherein determining the visual
features comprises:

summing a word stimuli proportionally to its normalized

coordinates on a given dimension of visual word space;
and

determining the visual features as a linear approximation

of the summed word stimuli along a specific dimen-
sion.

20. The system of claim 19, wherein reconstructing the
visual appearance of the reconstruction target comprises
aligning at least capital letter visual word space to a lowet-
case visual word space counterpart using Procrustes trans-
formation, and projecting a remaining capital letter visual
word space into the lowercase visual word space using
parameters of a Procrustes mapping function.
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