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1
SYSTEM AND METHOD FOR DETECTING
SUBLIMINAL FACIAL RESPONSES IN
RESPONSE TO SUBLIMINAL STIMULI

TECHNICAL FIELD

The following relates generally to detection of human
subliminal responses and more specifically to a system and
method for detecting subliminal facial responses in response
to subliminal stimuli.

BACKGROUND

Humans have a multitude of ways of showing emotions as
a response to various stimuli. Some of the stimuli are
consciously perceptible, known as above the liminal thresh-
old or at the supraliminal level, and some of the stimuli are
not consciously perceptible, known as below the liminal
threshold or at the subliminal level.

Further, much of our emotional responses to subliminal
stimuli are physically represented in a person’s face.

In particular, subliminal response refers to the fact that
humans respond to sensory stimuli even when they are
presented below the liminal level, under which the stimuli
are not consciously perceived. Scientific research on human
subliminal responses for nearly a century has well estab-
lished that subliminal responses are real and robust human
responses. Subliminal responses reflect the reactions of the
human neural systems that are beyond conscious control.
These systems include the autonomous nervous sympathetic
and parasympathetic systems, as well as higher subcortical
and cortical structures.

Conventionally, subliminal responses have been detected
using behavioral techniques, for example measuring
response time to stimuli, and/or neuroimaging techniques,
for example via electroencephalogram (EEG), galvanic skin
response (GSR), functional magnetic resonance imaging
(fMRI), event-related potential (ERP), and the like. Con-
ventional approaches of detecting subliminal responses are
typically invasive, intrusive, highly expensive and/or requir-
ing of high technical expertise to operate. Accordingly, such
techniques are generally only accessible for heavily funded
medical and research purposes, but are not available for
wide everyday usage including practical applications, for
example, market analytics.

Some conventional techniques for detecting emotion,
such as computer vision, rely exclusively on facial expres-
sion and are ineffective for detecting subliminal responses.
Unlike facial-expression-based methods, physiological-in-
formation-based methods may be able to detect some sub-
liminal emotional responses. Typically, researchers detect
such physiological signals by attaching sensors to the face or
body. Polygraphs, electromyography (EMG) and electroen-
cephalogram (EEG) are examples of such technologies, and
are highly technical, invasive, and/or expensive. They are
also subjective to motion artifacts and manipulations by the
subject.

Detecting emotional responses based on imaging tech-
niques, such as fMRI, do not require attaching sensors to the
body. However, such techniques are prohibitively expensive
and susceptible to motion artifacts that can lead to unreliable
readings. Alternatively, hyperspectral imaging may be
employed to capture increases or decreases in cardiac output
or “blood flow” which may then be correlated to emotional
states. The disadvantages present with the use of hyperspec-
tral images include cost and complexity in terms of storage
and processing.
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Other conventional approaches are concerned with using
subliminal presentations to change a subject’s behavior or
control a subject’s mind. Such conventional approaches are
concerned with what subjects will do behaviorally when
being exposed to subliminal messages, rather than measur-
ing subliminal responses of the subjects to subliminal
stimuli.

SUMMARY

In an aspect, there is provided a computer-implemented
method for detecting subliminal facial responses of a target
human subject to subliminal stimuli, the method comprising:
receiving captured first facial response data approximately
time-locked with a presentation of subliminal target stimuli
to a plurality of human subjects; receiving captured second
facial response data approximately time-locked with a pre-
sentation of subliminal foil stimuli to the plurality of human
subjects; receiving captured unidentified facial response
data to a subliminal stimulus from the target human subject;
determining a target probability measure that the unidenti-
fied facial response data of the target human subject is in
response to the subliminal target stimuli using a machine
learning model trained with a subliminal response training
set, the subliminal response training set comprising the first
captured facial response data and the captured second facial
response data; and outputting the target probability measure.

In a particular case, the method further comprising deter-
mining a foil probability measure that the unidentified facial
response data of the target human subject is in response to
the subliminal foil stimuli, and outputting the foil probabil-
ity measure.

In another case, the method further comprising determin-
ing an intensity measure for the unidentified facial response
data of the target human subject in response to the sublimi-
nal target stimuli, and outputting the intensity measure.

In yet another case, the subliminal target stimuli and the
subliminal foil stimuli comprise visual stimuli.

In yet another case, the subliminal target stimuli and the
subliminal foil stimuli comprise auditory stimuli.

In yet another case, the subliminal target stimuli and the
subliminal foil stimuli are presented for less than approxi-
mately one second.

In yet another case, the subliminal target stimuli and the
subliminal foil stimuli are presented for less than approxi-
mately twenty milliseconds.

In yet another case, the first facial response data, the
second facial response data, and the unidentified facial
response data are captured from predetermined regions of
interest (ROIs) on the face of the subject, and the response
data is averaged for each of the ROIs.

In yet another case, the first facial response data, the
second facial response data, and the unidentified facial
response data each comprise at least one of transdermal
optical imaging data, facial expression data, thermal imag-
ing data, and eye tracking data.

In yet another case, the transdermal optical imaging data
is acquired by determining, using a machine learning model
trained with a hemoglobin concentration (HC) training set,
bit values from a set of bitplanes in a captured image
sequence that represent the HC changes of the human
subject, the set of bitplanes being those that are determined
to approximately maximize a signal-to-noise ratio (SNR),
the HC training set comprising bit values from each bitplane
of images captured from a set of subjects for which HC is
known.
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In an aspect, there is provided a system for detecting
subliminal facial responses of a target human subject to
subliminal stimuli, the system comprising one or more
processors and a data storage device, the one or more
processors configured to execute: a facial response module
to receive captured first facial response data from an input
sensing device approximately time-locked with a presenta-
tion of subliminal target stimuli by a stimuli device to a
plurality of human subjects, the facial response module
further receives captured second facial response data from
the input sensing device approximately time-locked with a
presentation of subliminal foil stimuli by the stimuli device
to the plurality of human subjects; the facial response
module further receives captured unidentified facial
response data from the input sensing device to a subliminal
stimulus presented by the stimuli device from the target
human subject; a machine learning module to determine a
target probability measure that the unidentified facial
response data of the target human subject is in response to
the subliminal target stimuli using a machine learning model
trained with a subliminal response training set, the sublimi-
nal response training set comprising the first captured facial
response data and the captured second facial response data;
and an output module to output the target probability mea-
sure.

In a particular case, the machine learning module further
determines a foil probability measure that the unidentified
facial response data of the target human subject is in
response to the subliminal foil stimuli, and the output
module outputs the foil probability measure.

In another case, the machine learning module further
determines an intensity measure for the unidentified facial
response data of the target human subject in response to the
subliminal target stimuli, and the output module outputs the
intensity measure.

In yet another case, the stimuli device presents the sub-
liminal target stimuli and the subliminal foil stimuli as visual
stimuli.

In yet another case, the stimuli device presents the sub-
liminal target stimuli and the subliminal foil stimuli as
auditory stimuli.

In yet another case, the stimuli device presents the sub-
liminal target stimuli and the subliminal foil stimuli for less
than approximately one second.

In yet another case, the stimuli device presents the sub-
liminal target stimuli and the subliminal foil stimuli for less
than approximately twenty milliseconds.

In yet another case, the first facial response data, the
second facial response data, and the unidentified facial
response data are captured by the input sensing device from
predetermined regions of interest (ROIs) on the face of the
subject, and the facial response module or the machine
learning module averages the response data for each of the
ROIs.

In yet another case, the first facial response data, the
second facial response data, and the unidentified facial
response data each comprise at least one of transdermal
optical imaging data, facial expression data, thermal imag-
ing data, and eye tracking data.

In yet another case, the transdermal optical imaging data
is acquired by determining, using a machine learning model
trained with a hemoglobin concentration (HC) training set,
bit values from a set of bitplanes in a captured image
sequence that represent the HC changes of the human
subject, the set of bitplanes being those that are determined
to approximately maximize a signal-to-noise ratio (SNR),
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the HC training set comprising bit values from each bitplane
of images captured from a set of subjects for which HC is
known.

These and other aspects are contemplated and described
herein. It will be appreciated that the foregoing summary
sets out representative aspects of systems and methods for
detecting subliminal facial responses in response to sublimi-
nal stimuli to assist skilled readers in understanding the
following detailed description.

BRIEF DESCRIPTION OF THE DRAWINGS

The features of the invention will become more apparent
in the following detailed description in which reference is
made to the appended drawings wherein:

FIG. 1 is an block diagram of a system for detecting
subliminal facial responses to subliminal stimuli, according
to an embodiment;

FIG. 2 is a diagrammatic representation of a memory cell;

FIG. 3 is a flowchart for a method for detecting subliminal
facial responses to subliminal stimuli, according to an
embodiment;

FIG. 4 illustrates re-emission of light from skin epidermal
and subdermal layers; and

FIG. 5 is a set of surface and corresponding transdermal
images illustrating change in hemoglobin concentration for
a particular human subject at a particular point in time.

DETAILED DESCRIPTION

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 embodi-
ments 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 methods, 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.

Various terms used throughout the present description
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 counterpart pro-
nouns so that pronouns should not be understood as limiting
anything described herein to use, implementation, perfor-
mance, etc. by a single gender; “exemplary” should be
understood as “illustrative” or “exemplifying” and not nec-
essarily 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 description.

Any module, unit, component, server, computer, terminal,
engine or device exemplified herein that executes instruc-
tions may include or otherwise have access to computer
readable media such as storage media, computer storage
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
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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
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.

The following relates generally to detection of human
subliminal responses and more specifically to a system and
method for detecting subliminal facial responses to sublimi-
nal stimuli.

In embodiments of the system and method described
herein, technical approaches are provided to solve the tech-
nological problem of detecting a human’s subliminal
responses based on examining their facial responses to
subliminal stimuli using a remote, touchless, non-invasive,
and non-intrusive system. In some cases, the approaches can
potentially be accomplished covertly. This approach capi-
talizes on the fact that human faces are highly responsive to
various stimuli, including visual and auditory stimuli (sub-
liminal or supraliminal), and subliminal and supraliminal
facial responses can be measured remotely and non-inva-
sively using optical imaging techniques.

Turning to FIG. 1, a system for detecting subliminal facial
responses 1300 is shown. The system 1300 includes one or
more stimuli devices 1302, one or more input sensing
devices 1304, a processing unit 1306, a storage device 1308,
and an output device 1320. The processing unit 1306
includes a facial response module 1310, a machine learning
module 1312, which includes a training set 1316 and a
computation response model 1318, and an output module
1314. The storage device 1308 communicating with the
processing unit 1306 provides a repository of data. The
output device 1320 can be any device suitable for providing
the information outputted by the output module; for
example, a computer monitor or a tablet display.

In an exemplary embodiment, the system 1300 presents
human subjects with target subliminal sensory stimuli via
the one or more stimuli devices 1302. The stimuli may be
visual, audio or other sensory stimuli. The stimuli device
1302 producing the visual stimuli can be, for example, a
computer monitor or a light display. The visual stimuli are,
in this example, presented transitorily via the stimuli device
1302. As an example, the visual stimuli can last less than
approximately a second, and preferably, less than approxi-
mately 20 milliseconds. The target visual stimuli can be
flanked by a pre-stimulus visual mask, for example a noise
pattern, and a post-stimulus visual mask, for example the
same noise pattern or a different noise pattern. The pre-
stimulus masks are used to block the sensory system from
detecting the presence of the subliminal stimulus and send-
ing the information to the supraliminal level. The post-
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stimulus masks are used to “erase” any traces of the sub-
liminal stimuli in the sensory system. The visual masks are
typically above the liminal level, i.e., at the supraliminal
level. In some cases, the target visual stimuli can be pre-
sented to the human subject, interspersed with the visual
masks, more than once.

In order to ensure specificity of the target stimuli
responses, the human subjects can also be presented with
foil subliminal visual stimuli via the stimuli device 1302.
The foil visual stimuli, in this example, are also presented
transitorily, for example lasting less than a second, or
preferably, less than approximately 20 milliseconds, via the
stimuli device 1302. These foil visual stimuli are similar to
the target stimuli in all aspects except for their information
content. As an example, the target subliminal stimuli may
include faces known to the human subject and the foil visual
stimuli may be faces that are unknown to the human subject.

In other embodiments, the stimuli device 1302 can pres-
ent subliminal target auditory stimuli to the human subject.
The stimuli device 1302 can be, for example, speakers or
headphones. The target auditory stimuli, in this example, are
presented transitorily, for example lasting approximately 20
milliseconds, via the stimuli device 1302. The target audi-
tory stimuli can be flanked by supraliminal audio masks
before and after the target auditory stimuli. In some cases,
the target audio stimuli can be presented to the human
subject, along with the audio masks, more than once.

To ensure specificity of the target-related responses, the
stimuli device 1302 can also present the same human
subjects with foil subliminal auditory stimuli also flanked by
supraliminal auditory stimuli. The foil auditory stimuli are
similar to the target auditory stimuli in all aspects except for
their information content. For example, the target auditory
stimuli might be the name of a person known to the human
subject, while the foil subliminal stimuli might be the name
of a person unknown to the human subject.

In further embodiments, the stimuli device 1302 can
include a combination of auditory and visual subliminal
stimuli. In yet further embodiments, the stimuli device 1302
can include other types of stimulation to the human subject
in the form of other sensory and perceptual modalities; for
example, tactile stimuli.

During the presentation of the target stimuli and the foil
stimuli to the human subject by the stimuli device 1302, the
facial responses, time-locked with the onset and duration of
the target stimuli and foil stimuli, are captured by the input
sensing device 1304. In an embodiment, the input sensing
device 1304 includes a conventional digital video camera
205. The digital video camera 205 is used to capture the
transdermal blood flow response using the transdermal opti-
cal imaging approach described herein. In further embodi-
ments, the digital video camera 205 can be used to capture
facial expressions (or microexpressions) of the human sub-
ject. In yet further embodiments, the input sensing device
1304 can include a thermal video camera to capture facial
thermal responses of the human subject. In yet further
embodiments, the input sensing device 1304 can include an
infra-red camera to capture information regarding eye move-
ments and/or pupillary dilations of the human subject.

In some cases, and particularly with respect to transder-
mal facial blood flow, the human subject’s face can be
divided into multiple regions of interests; for example,
forehead, nose, cheek, and the like. The regions of interest
can be manually or automatically selected.

In a further embodiment, the input sensing device 1304
will include combinations of input devices, for example,
capturing data related to two or more of the transdermal
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optical imaging (TOI), the thermal imaging, the eye track-
ing, and the facial expression (or microexpression). In this
case, the captured data will be multi-dimensional given that
the data is captured from multiple regions of the human
subject’s face. As an example, the facial expression and
transdermal optical imaging approaches can be done simul-
taneously because both use optical digital cameras 205. The
thermal imaging can be also included, for example, if the
digital camera 205 includes a thermal imaging component.
As well, the eye tracking can also be included, for example,
if there is infrared light source emitting from or adjacent the
digital camera 205.

As an example of multi-dimensional captured input data,
transdermal facial blood flow data can be obtained using the
TOI technique. It will be appreciated that the other above-
mentioned techniques may alternatively or additionally be
utilized. Using TOIL, the input sensing device 1304 can
capture facial blood flow data from a set of regions of
interests (ROIs) on the face of the human subject. Regions
of interest can include, for example, the forechead, nose, left
and right cheeks, chin, and the like. Data from each of the
regions of interest will be temporal sequences of facial blood
flow changes in that particular region of interest. In the case
of facial thermal response data, multi-dimensional captured
input data will also be from different areas of interests; for
example, the forehead, nose, eye lids, and the like. In the
case of multi-dimensional facial expression data, the input
sensing device 1304 can capture facial expressions in dif-
ferent emotional states and types; for example, in joy, anger,
sadness, and the like. Data for each facial emotion type can
include data representing moment by moment changes of
intensity, or a probability of that particular emotion. In the
case of multi-dimensional eye tracking data, the input sens-
ing device 1304 can capture at least one of the changes in the
directions of the eye movements, the speed of the eye
movements, the pupillary dilations of the right and left eyes
at each point in time. Emotion probability may be deter-
mined using a suitable statistical analysis utilizing a training
set of labeled data.

The transdermal optical imaging technique, as captured
by the input sensing device 1304, uses that fact that the
sympathetic and parasympathetic nervous systems have
changes in blood flow resulting from responses to various
stimuli. It has been found that an individual’s blood flow is
controlled by the sympathetic and parasympathetic nervous
system, which is beyond the conscious control of the vast
majority of individuals. Thus, an individual’s internally
experienced response can be readily detected by monitoring
their blood flow. Internal systems prepare humans to cope
with different situations in the environment, including those
as a result of stimuli, by adjusting the activations of the
autonomic nervous system (ANS). Basic stimuli responses
have distinct ANS signatures. Blood flow in most parts of
the face such as eyelids, cheeks and chin is predominantly
controlled by the sympathetic vasodilator neurons, whereas
blood flowing in the nose and ears is mainly controlled by
the sympathetic vasoconstrictor neurons; in contrast, the
blood flow in the forehead region is innervated by both
sympathetic and parasympathetic vasodilators. Thus, differ-
ent internal response states have differential spatial and
temporal activation patterns on the different parts of the face.
By obtaining hemoglobin data from the system, facial hemo-
globin concentration (HC) changes in various specific facial
areas may be extracted.

The blood flow data signal is specified by the interpreta-
tion of the HC changes. As an example, the system 100 can
monitor stationary HC changes contained by a selected ROI

30

40

45

55

8

over time, by observing (or graphing) the resulting temporal
profile (for example, shape) of the selected ROI HC intensity
values over time. In some cases, the system 100 can monitor
more complex migrating HC changes across multiple ROIs
by observing (or graphing) the spatial dispersion (HC dis-
tribution between ROIs) as it evolves over time.

It has been found that it is possible to isolate hemoglobin
concentration (HC) from raw images taken from a tradi-
tional digital camera 205. Referring now to FIG. 4, a
diagram illustrating the re-emission of light from skin is
shown. Light 201 travels beneath the skin 202, and re-emits
203 after travelling through different skin tissues. The re-
emitted light 203 may then be captured by optical cameras
205. The dominant chromophores affecting the re-emitted
light are melanin and hemoglobin. Since melanin and hemo-
globin have different color signatures, it has been found that
it is possible to obtain images mainly reflecting HC under
the epidermis as shown in FIG. 5.

In a particular case, isolating HC can be accomplished by
analyzing bitplanes in the sequence of video images
received from the camera 205 to determine and isolate a set
of' the bitplanes that approximately maximize signal to noise
ratio (SNR). The determination of high SNR bitplanes is
made with reference to an HC training set of images
constituting the captured video sequence, in some cases,
supplied along with other devices, for example, EKG, pneu-
matic respiration, blood pressure, laser Doppler data col-
lected from the human subjects in order to provide ground
truth to train the training set.

Bitplanes are a fundamental aspect of digital images.
Typically, a digital image consists of certain number of
pixels (for example, a widthxheight of 1920x1080 pixels).
Each pixel of the digital image having one or more channels
(for example, color channels red, green, and blue (RGB)).
Each channel having a dynamic range, typically 8 bits per
pixel per channel, but occasionally 10 bits per pixel per
channel for high dynamic range images. Whereby, an array
of such bits makes up what is known as the bitplane. In an
example, for each image of color videos, there can be three
channels (for example, red, green, and blue (RGB)) with 8
bits per channel. Thus, for each pixel of a color image, there
are typically 24 layers with 1 bit per layer. A bitplane in such
a case is a view of a single 1-bit map of a particular layer of
the image across all pixels. For this type of color image,
there are therefore typically 24 bitplanes (i.e., a 1-bit image
per plane). Hence, for a 1-second color video with 30 frames
per second, there are at least 720 (30x24) bitplanes. In the
embodiments described herein, Applicant recognized the
advantages of using bit values for the bitplanes rather than
using, for example, merely the averaged values for each
channel. Thus, a greater level of accuracy can be achieved
for making predictions of HC changes, and as described for
making predictions, because employing bitplanes provides a
greater data basis for training the machine learning model.

The raw signals can be pre-processed using one or more
filters, depending on the signal characteristics. Such filters
may include, for example, a Butterworth filter, a Chebycheft
filter, or the like. Using the filtered signals from two or more
ROIs, machine learning is employed to systematically iden-
tify bitplanes that will significantly increase the signal
differentiation (for example, where the SNR improvement is
greater than 0.1 db) and bitplanes that will contribute
nothing or decrease the signal differentiation. After discard-
ing the latter, the remaining bitplane images can optimally
determine the bold flow.

The machine learning process involves manipulating the
bitplane vectors (for example, 24 bitplanesx60 hz) using the
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bit value in each pixel of each bitplane along the temporal
dimension. In one embodiment, this process requires sub-
traction and addition of each bitplane to maximize the signal
differences in all ROIs over the time period. In some cases,
to obtain reliable and robust computational models, the
entire dataset can be divided into three sets: the training set
(for example, 80% of the whole subject data), the test set (for
example, 10% of the whole subject data), and the external
validation set (for example, 10% of the whole subject data).
The time period can vary depending on the length of the raw
data (for example, 15 seconds, 60 seconds, or 120 seconds).
The addition or subtraction is performed in a pixel-wise
manner. An existing machine learning algorithm, the Long
Short Term Memory (LSTM) neural network, or a suitable
alternative thereto is used to efficiently and obtain informa-
tion about the improvement of differentiation in terms of
accuracy, which bitplane(s) contributes the best information,
and which does not in terms of feature selection. The Long
Short Term Memory (LSTM) neural network allow us to
perform group feature selections and classifications. The
LSTM machine learning algorithm are discussed in more
detail below. From this process, the set of bitplanes to be
isolated from image sequences to reflect temporal changes in
HC is obtained.

The data captured by the one or more input sensing
devices 1304 are sent to the facial response module 1310 for
processing by the processing unit 1306. In some cases, the
facial response module 1310 can instead be integral to the
input sensing device 1304.

The captured data received by the facial response module
1310, representing the human subject’s facial responses
towards the target and foil subliminal stimuli, can be ana-
lyzed by the machine learning module 1312 using machine
learning approaches. The machine learning module 1312,
either supervised or unsupervised, aims to use the captured
data to optimally differentiate a pattern of subliminal facial
responses towards the target subliminal stimuli from a
pattern of subliminal facial responses towards the foil sub-
liminal stimuli. The machine learning module 1312 also can
develop computational response models 1318 to character-
ize the subliminal responses of the human subject towards
the target subliminal stimuli versus the subliminal responses
of the human subject towards the foil subliminal stimuli. In
this case, the captured data represents the training set 1316,
upon which the machine learning module 1312 uses to refine
the response model 1318.

A number of machine learning approaches can be used by
the machine learning module 1312. For example, the Long
Short Term Memory (LSTM) neural network, GPNet, or a
suitable alternative thereto, can be used by the machine
learning module 1312 to efficiently improve the accuracy of
differentiation between responses to target subliminal
stimuli and foil subliminal stimuli. As described herein, the
Long Short Term Memory (LSTM) neural network allows
the machine learning module 1312 to perform group feature
selections and classifications.

Using the training sets 1316 of subliminal data, machine
learning approaches by the machine learning module 1312
can employed to build computational models for responses
to target stimuli and responses to foil stimuli. The response
models 1318 are created using data relating to a training
group of human subjects; preferably those subjects include
a new multi-ethnic group of training subjects with different
skin types, gender, age, and the like. The training set 1316
includes facial responses for the training subjects when
those subjects were exposed to subliminal target stimuli and
subliminal foil stimuli. As an example, a set of visual stimuli
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are pictures of a familiar person as target subliminal stimuli
and pictures of unknown person as foil subliminal stimuli. In
further examples, the stimuli could include subliminally
presented sounds, auditory-visual combinations, or other
sensory and/or perceptual modalities.

In an exemplary embodiment, the machine learning mod-
ule 1312 uses a machine learning approach that involves a
portion of the captured response data (for example, 70%,
80%, or 90% of the captured response data) and uses the
remaining captured response data to validate the machine
learning model.

The machine learning module 1312 can build response
models 1318 to differentiate between subliminal responses
to targets and foils. To build the response model 1318, the
machine learning module 1312 intakes the captured data of
facial responses from multiple human subjects. The captured
data, representing the training set 1316, are extracted as a
function of time for the point in time when the human
subject was presented with a particular subliminal stimulus.
In some cases, to increase a signal to noise ratio (SNR), for
example in thermal imaging or transdermal optical imaging,
the human subject’s face can be divided into a plurality of
regions of interest (ROI), preferably divided according to
their differential underlying autonomic nervous system
(ANS) regulatory mechanisms. The ROIs can be automati-
cally detected with the use of a face tracking software. The
machine learning module 1312 can then average the data in
each ROI. This information can then form the basis for the
training set 1316.

Once the machine learning module 1312 has developed
the response model 1318, the machine learning module 1312
can capture unidentified facial response data to a stimulus of
any human subject and apply the captured data to the
response model 1318. With application to the response
model 1318, the machine learning module 1312 can identify
whether the human subject’s subliminal response, as cap-
tured by the one or more input sensing devices 1304, is to
subliminal target stimuli or foil stimuli. The output module
1314 can then utilize the information from the machine
learning module 1312 and output (1) an estimated statistical
probability that the human subject’s subliminal response
state belongs to either subliminal target stimuli or foil
stimuli, and/or (2) a normalized intensity measure of such
response. Normalized intensity can be determined, using all
subjects’ data, by suitable statistical methods to compute the
means and standardization of their facial subliminal
response levels to a particular subliminal stimulus and then
use these parameters to produce z-scores for each subject
that index his or her response intensity towards a particular
subliminal stimulus. Z-scores can be determined, for
example, using:

Z=(raw score—mean)/standard deviation.

In some cases, where there are long-running stimuli
device(s) 1302, such as long-running video streams, and
where subliminal states of the human subject change and
intensity fluctuates over time, then the output module 1314
can change the probability estimation and intensity scores
over time. Such changes can rely on the subliminal response
data based on a moving time window, for example 10, 15 or
20 seconds. It will be appreciated that in these cases, the
confidence level of categorization (subliminal target stimuli
versus foil stimuli) may be less than 100%.

In some embodiments, the machine learning module 1312
may use a Long Short Term Memory (LSTM) neural net-
work architecture, which is a category of neural network
model specified for sequential data analysis and prediction.
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The LSTM neural network comprises at least three layers of
cells. The first layer is an input layer, which accepts the input
data. The second (and perhaps additional) layer is a hidden
layer, which is composed of memory cells 1400 (illustrated
in FIG. 2). The final layer is output layer, which generates
the output value based on the hidden layer using Logistic
Regression.

Each memory cell 1400, as illustrated in FIG. 2, includes
an input gate 1402, a neuron 1404 with a self-recurrent
connection (a connection to itself) 1410, a forget gate 1406
and an output gate 1408. The self-recurrent connection 1410
can have a weight of 1.0, which ensures that, barring any
outside interference, the state of a memory cell can remain
constant from one time step to another. The gates serve to
modulate the interactions between the memory cell itself and
its environment. The input gate 1402 permits or prevents an
incoming signal to alter the state of the memory cell 1400.
On the other hand, the output gate 1408 can permit or
prevent the state of the memory cell from having an effect
on other memory cells that are in communication with the
subject memory cell 1400. As well, the forget gate 1406 can
modulate the memory cell’s self-recurrent connection 1410,
permitting the cell 1400 to remember or forget its previous
state, as needed.

The equations below describe how a layer of memory
cells is updated at every time step t. In these equations:

X, is the input array to the memory cell layer at time t. In our
application, this is the blood flow signal at all ROIs

X XX X
W, W, W, W, U, U;, U, U, and V, are weight
matrices; and b,, b, b, and b, are bias vectors .
First, we compute the values for i,, the input gate, and C,
the candidate value for the states of the memory cells at time
t.

i=o(WxqrUsh, 1 +b;)

Ctan W(Wx+Uh, 1+b,)

Second, we compute the value for £, the activation of the
memory cells’ forget gates at time t:

J=oWx AU, 1+by)

Given the value of the input gate activation i, the forget
gate activation f, and the candidate state value C,, we can
compute C, the memory cells’ new state at time t:

Ct:it*ét+f;*ct—l

With the new state of the memory cells, we can compute
the value of their output gates and, subsequently, their
outputs:

0FO(Wx UM +V,Citb,)

h=o0tan h(C,)

Based on the model of memory cells, for the blood flow
distribution at each time step, we can calculate the output
from memory cells. Thus, from an input sequence x,, X,
Xs, - - . , X,,, the memory cells in the LSTM layer will produce
a representation sequence hy,, hj, h,, ..., h,.

The goal is to classify the sequence into different condi-
tions. The Logistic Regression output layer generates the
probability of each condition based on the representation
sequence from the LSTM hidden layer. The vector of the
probabilities at time step t can be calculated by:

psoftmax(W,, .40,

output)
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where W,,,,.,,,, is the weight matrix from the hidden layer to
the output layer, and b, is the bias vector of the output
layer. The condition with the maximum accumulated prob-
ability will be the predicted condition of this sequence.

Turning to FIG. 3, a flowchart Is shown for a method 1500
for creating a training set of subliminal facial response and
a model for determining subliminal responses.

At block 1504, the one or more stimuli devices 1302
present the human subject with target stimuli for which it is
known with suitable confidence the human subject will
respond in a particular way (i.e., in such a way that the
observed response can be labeled). Each of the subliminal
target stimuli may be flanked by a pre-stimulus mask and/or
a post-stimulus mask. While the stimuli device 1302 pres-
ents the target stimuli, at block 1510, the one or more input
sensing devices 1304 capture facial response data, approxi-
mately time-locked to the presentation of the subliminal
target stimuli (i.e., response data received while the sub-
liminal target stimuli is presented to the subject).

At block 1506, the one or more stimuli devices 1302
present the human subject with subliminal foil stimuli. Each
of the subliminal foil stimuli may be flanked by a pre-
stimulus mask and/or a post-stimulus mask. While the
stimuli device 1302 presents the subliminal foil stimuli, at
block 1512, the one or more input sensing devices 1304
capture facial response data, approximately time-locked to
the presentation of the subliminal foil stimuli (i.e., response
data received while the subliminal foil stimuli is presented
to the subject).

At block 1508, the facial response module 1310 deter-
mines if more captured response data is required. If more
captured response data is required, the stimuli device 1302
once again, at block 1504, presents the target stimuli and, at
block 1506, presents the foil stimuli. If no more captured
response data is required, at block 1514, the facial response
module 1310 creates a training set 1316 by labeling the
captured response data, preferably comprising the response
data to both the target stimuli and the foil stimuli.

At 1516, the machine learning module 1312 applies
machine learning approaches to the training set 1316, and, at
1518, develops a computational response model 1318 by
either creating a computational response model 1318 or
refining an existing computation response model 1318.

In a further embodiment, the method 1500 can further
include, at 1520, capturing, by the input sensing device
1304, unidentified facial response data to a stimulus from a
separate human subject. The machine learning module 1312
then, at 1522, using machine learning techniques, employs
the response model 1318 to the unidentified facial response
data to determine whether the human subject’s subliminal
response was to subliminal target stimuli or foil stimuli. The
machine learning module 1312 can also produce a normal-
ized intensity measure of the unidentified facial response
data. At 1524, the output module 1314 outputs the determi-
nation of whether the unidentified facial response data was
subliminal target or foil stimuli, and the response intensity
measure, to the output device 1320.

In further embodiments, optical sensors pointing, or
directly attached to the skin of any body parts such as for
example the wrist or forehead, in the form of a wrist watch,
wrist band, hand band, clothing, footwear, glasses or steer-
ing wheel may be used. From these body areas, the system
may also extract blood flow data for subliminal responses.

In still further embodiments, the system may be installed
in robots and their variables (e.g., androids, humanoids) that
interact with humans to enable the robots to detect sublimi-
nal responses on the face or other-body parts of humans
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whom the robots are interacting with. Thus, the robots
equipped with transdermal optical imaging capacities read
the humans’ subliminal responses to enhance machine-
human interaction.

Applicant recognized the substantial advantages of the
system and method as described herein. As an example, the
foregoing embodiments can detect subliminal responses on
a human subject’s face remotely, non-invasively, non-intru-
sively, and, in some cases, covertly. Additionally, the fore-
going embodiments use a data driven approach, in addition
to machine learning approaches, that allows the develop-
ment of computational models to detect specific subliminal
responses to specific subliminal stimuli with high-degree of
accuracy. In addition, due in part to the forgoing embodi-
ments that use a data driven approach, the computational
response models 1318 can be based on a large sample of
human subjects. Therefore, the response models 1318 can be
applied to new, previously uncaptured, human subjects with
high accuracy (so long as the new subjects are similar to the
sample of subjects on whom the computational response
models 1318 are based).

The foregoing system and method may be applied to a
plurality of fields. In one embodiment the system may be
installed in police stations and collect videos of a subject
while being subliminally exposed to crucial crime-relevant
vs irrelevant information to determine whether the subject is
knowledgeable about a particular crime. In another embodi-
ment, this system can be used in intelligence or governmen-
tal agencies for security clearance and related purposes. A
further embodiment is at the border entry for detecting
threats or smuggling, for example whether passengers are
carrying explosives or illegal substances.

Further embodiments include marketing, advertising and
sales, in particular, as subliminal responses can predict
purchasing behavior and brand loyalty. In an embodiment,
the system may collect videos of individuals while being
exposed to a commercial advertisement, using a given
product or browsing in a retail environment. The video may
then be analyzed in real time to provide live user feedback
on a plurality of aspects of the product or advertisement.
Said embodiments may assist in identifying subliminal
stimulation and responses required to induce a purchase
decision in a consumer, as well as whether a product is
positively or negatively received.

In still further embodiments, the system may be used as
a tool in affective neuroscience. For example, the system
may be coupled with a MRI, near infrared spectroscopy
(NIRS) or EEG system to measure not only the neural
activities associated with subjects” emotions but also sub-
liminal facial response changes. Collected facial subliminal
response data may be used either to provide additional and
separating information regarding subjects’ separate con-
scious and subconscious responses.

Other applications may become apparent.

Although the invention has been described with reference
to certain specific embodiments, various modifications
thereof will be apparent to those skilled in the art without
departing from the spirit and scope of the invention as
outlined in the claims appended hereto. The entire disclo-
sures of all references recited above are incorporated herein
by reference.

The invention claimed is:

1. A computer-implemented method for detecting sub-
liminal facial responses of a target human subject to sub-
liminal stimuli, the method comprising:

20

25

30

35

40

45

55

14

receiving captured first facial response data approxi-
mately time-locked with a presentation of subliminal
target stimuli to a plurality of human subjects;

receiving captured second facial response data approxi-
mately time-locked with a presentation of subliminal
foil stimuli to the plurality of human subjects;

receiving captured unidentified facial response data to a

subliminal stimulus from the target human subject;
determining a target probability measure that the uniden-
tified facial response data of the target human subject is
in response to the subliminal target stimuli using a
machine learning model trained with a subliminal
response training set, the subliminal response training
set comprising the captured first facial response data
and the captured second facial response data; and
outputting the target probability measure.

2. The method of claim 1, further comprising determining
a foil probability measure that the unidentified facial
response data of the target human subject is in response to
the subliminal foil stimuli, and outputting the foil probabil-
ity measure.

3. The method of claim 1, further comprising determining
an intensity measure for the unidentified facial response data
of the target human subject in response to the subliminal
target stimuli, and outputting the intensity measure.

4. The method of claim 1, wherein the subliminal target
stimuli and the subliminal foil stimuli comprise visual
stimuli.

5. The method of claim 1, wherein the subliminal target
stimuli and the subliminal foil stimuli comprise auditory
stimuli.

6. The method of claim 1, wherein the subliminal target
stimuli and the subliminal foil stimuli are presented for less
than approximately one second.

7. The method of claim 6, wherein the subliminal target
stimuli and the subliminal foil stimuli are presented for less
than approximately twenty milliseconds.

8. The method of claim 1, wherein the first facial response
data, the second facial response data, and the unidentified
facial response data are captured from predetermined
regions of interest (ROIs) on the face of the subject, and
wherein the response data is averaged for each of the ROIs.

9. The method of claim 1, wherein the first facial response
data, the second facial response data, and the unidentified
facial response data each comprise at least one of transder-
mal optical imaging data, facial expression data, thermal
imaging data, and eye tracking data.

10. The method of claim 9, wherein the transdermal
optical imaging data is acquired by determining, using a
machine learning model trained with a hemoglobin concen-
tration (HC) training set, bit values from a set of bitplanes
in a captured image sequence that represent the HC changes
of'the human subject, the set of bitplanes being those that are
determined to approximately maximize a signal-to-noise
ratio (SNR), the HC training set comprising bit values from
each bitplane of images captured from a set of subjects for
which HC is known.

11. A system for detecting subliminal facial responses of
a target human subject to subliminal stimuli, the system
comprising one or more processors and a data storage
device, the one or more processors configured to execute:

a facial response module to receive captured first facial

response data from an input sensing device approxi-
mately time-locked with a presentation of subliminal
target stimuli by a stimuli device to a plurality of
human subjects, the facial response module further
receiving captured second facial response data from the
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input sensing device approximately time-locked with a
presentation of subliminal foil stimuli by the stimuli
device to the plurality of human subjects, the facial
response module further receiving captured unidenti-
fied facial response data from the input sensing device
to a subliminal stimulus presented by the stimuli device
from the target human subject;

a machine learning module to determine a target prob-
ability measure that the unidentified facial response
data of the target human subject is in response to the
subliminal target stimuli using a machine learning
model trained with a subliminal response training set,
the subliminal response training set comprising the
captured first facial response data and the captured
second facial response data; and

an output module to output the target probability measure.

12. The system of claim 11, wherein the machine learning
module further determines a foil probability measure that the
unidentified facial response data of the target human subject
is in response to the subliminal foil stimuli, and wherein the
output module outputs the foil probability measure.

13. The system of claim 11, wherein the machine learning
module further determines an intensity measure for the
unidentified facial response data of the target human subject
in response to the subliminal target stimuli, and wherein the
output module outputs the intensity measure.

14. The system of claim 11, wherein the stimuli device
presents the subliminal target stimuli and the subliminal foil
stimuli as visual stimuli.

15. The system of claim 11, wherein the stimuli device
presents the subliminal target stimuli and the subliminal foil
stimuli as auditory stimuli.
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16. The system of claim 11, wherein the stimuli device
presents the subliminal target stimuli and the subliminal foil
stimuli for less than approximately one second.

17. The system of claim 16, wherein the stimuli device
presents the subliminal target stimuli and the subliminal foil
stimuli for less than approximately twenty milliseconds.

18. The system of claim 11, wherein the first facial
response data, the second facial response data, and the
unidentified facial response data are captured by the input
sensing device from predetermined regions of interest
(ROIs) on the face of the subject, and wherein the facial
response module or the machine learning module averages
the response data for each of the ROIs.

19. The system of claim 11, wherein the first facial
response data, the second facial response data, and the
unidentified facial response data each comprise at least one
of transdermal optical imaging data, facial expression data,
thermal imaging data, and eye tracking data.

20. The system of claim 19, wherein the transdermal
optical imaging data is acquired by determining, using a
machine learning model trained with a hemoglobin concen-
tration (HC) training set, bit values from a set of bitplanes
in a captured image sequence that represent the HC changes
of'the human subject, the set of bitplanes being those that are
determined to approximately maximize a signal-to-noise
ratio (SNR), the HC training set comprising bit values from
each bitplane of images captured from a set of subjects for
which HC is known.



