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1
DEVICE AND METHOD FOR CLASSIFYING
A CONDITION BASED ON IMAGE
ANALYSIS

BACKGROUND
Technical Field

The present disclosure relates to computer-aided diagno-
sis in dysmorphology. Moreover, the present disclosure may
also be adapted for assessment of other conditions associ-
ated with facial dysmorphosis, and generally assessing facial
morphology or face recognition from basic images.
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DESCRIPTION OF RELATED ART

Many syndromes present facial dysmorphosis, such as
Down syndrome, Wolf-Hirschhorn syndrome, Williams-
Beuren syndrome, fetal alcohol syndrome, etc. Among them,
Down syndrome is the most common chromosomal abnor-
mality and it affects one out of every 300 to 1,000 babies
worldwide, depending on factors such as prenatal testing
and maternal age (Wiseman, Alford et al. 2009, de Graaf,
Haveman et al. 2011). It is caused by the presence of an extra
copy of chromosome 21. Patients with Down syndrome
have an increased risk for developmental disabilities, heart
defects, respiratory and hearing problems, and the early
detection of the syndrome is fundamental for managing the
disease. The early diagnosis may provide the best clinical
management of pediatric patients with Down syndrome for
lifelong medical care that may involve physical and speech
therapists, cardiologists, endocrinologists and neurologists.

Down syndrome may be diagnosed before or after birth.
Biochemical screening and cytogenetic diagnostic tests can
be performed prenatally. After birth, Down syndrome could
be identified by the presence of certain physical traits, but
this can require the expertise of a dysmorphologist. These
traits include upward slanting eyes, a small and flattened
nose, small ears and mouth, and protruding tongue, and
chromosomal analysis may be helpful to confirm the diag-
nosis. These tests are costly and time-consuming, and many
healthcare centers do not have ready access to this technol-
ogy in a time sensitive manner.

Objective techniques for assessing facial morphology by
anthropometry and photogrammetry have been investigated.
Anthropometry refers to the measurement of a human indi-
vidual. Photogrammetry is the practice of determining the
geometric properties of objects from photographic images.
Preliminary work by Herpers et al (R. Herpers 1993) inves-
tigated an artificial neural network approach to identify face
images with morphological abnormalities. For this study,
neither anatomical geometric information nor texture analy-
sis was included.

More recently, two-dimensional (2D) and three-dimen-
sional (3D) facial image analysis methods are used for
syndrome detection. Wieczorek et al have been working on
syndrome detection in groups and in pairs based on 2D facial
image analysis. In (Loos, Wieczorek et al. 2003), five
syndromes were classified from each other with 55 photo-



US 9,443,132 B2

3

graphs. Gabor wavelet transformation was used to represent
facial characteristics on frontal faces. Classification was
implemented based on the bunch graph matching algorithm.
The results proved that certain syndromes were associated
with a specific facial pattern that can be described in
mathematical terms. In (Boehringer, Vollmar et al. 2006),
they extended the study to include ten syndromes with 147
patients. Pairwise classification was achieved by linear dis-
criminant analysis, support vector machines and k-nearest
neighbors. The classification accuracy among the ten syn-
dromes was about the same accuracy achieved by five
syndromes in the previous study.

In their most recent work (Vollmar, Maus et al. 2008,
Burgin and Vasif 2011), a side-view pose was included in
analysis. The number of syndromes increased from ten to
fourteen. Along with Gabor wavelets, landmark coordinates
were used as geometry information to recognize syndromes.
The results showed improvements when combining wave-
lets and geometry, and frontal and side-view data. However,
their method required manual pre-processing and image
standardization. Moreover, they just discriminated syn-
dromes between groups and in pairs instead of identifying
syndromes from healthy population.

For Down syndrome detection, the authors in (Saray-
demir, Tas inar et al. 2012) applied a Gabor wavelet trans-
form globally to cropped face images. Principal component
analysis and linear discriminant analysis were used for
feature dimension reduction. The classification accuracy
achieved by k-nearest neighbor classifier and support vector
machines were 96% and 97.3%, respectively. But their
method also needs manual image standardization including
rotation and cropping. The small dataset only consisted of 15
Down syndrome and 15 normal cases. They extract global
texture features.

In (Burgin and Vasif 2011), Burgin et al separated Down
syndrome from healthy group using local binary patterns
(LBP) as facial features. For classification, template match-
ing based on Euclidean distance and Changed Manhattan
distance method were used. Still, manually cropping was
required in pre-processing. Moreover, they applied an LBP
operator on non-overlapped blocks covering the whole face.

Mutsvangwa et al investigated morphometric analysis and
classification of the facial phenotype associated with fetal
alcohol syndrome (FAS) in (Mutsvangwa, Meintjes et al.
2010). Procrustes analysis, regression and discriminant
function analysis were applied to 3D coordinates derived
from stereo-photogrammetry and facial surface imaging.
Their method required a special calibration frame for image
acquisition. Besides, no texture features were extracted.

Astley et al developed software to measure the magnitude
of expression of the three key diagnostic facial features of
FAS (short palpebral fissure length, smooth philtrum, and
thin upper lip). The software scores the outcomes of these
measures using the 4-Digit Diagnostic Code. To use the
software, the users need to take three digital photographs
(front view, ¥ view, and lateral view) and open it in the
software program. They also need to measure the three facial
features manually. More details can be found in (Astley and
Clarren 2001, Astley 2004).

Dalal et al in (Dalal and Phadke 2007) investigated
geometric morphometrics to analyze the variation in faces of
dysmorphic syndrome and normal individuals. Principal
component analysis was applied to the landmark coordinates
and discriminant analysis and binary logistic regression
differentiated the two groups. No texture features were
extracted and it also required manual landmark placement.
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Besides 2D facial image analysis, 3D facial morphology
was also investigated. One study (Aldridge, Boyadjiev et al.
2005) applied photogrammetry to 3D scans. Their results
suggested that the anthropometric landmarks can be posi-
tioned reliably which is useful for clinical dysmorphology
and surgery. Hammond et al in (Hammond, Hutton et al.
2004) used dense surface models to analyze 3D facial
morphology. The models allowed for the visualization of 3D
face shape variation. In (Wilamowska, Shapiro et al. 2009),
the authors described a method for identification of 22q11.2
deletion syndrome using a set of labeled 3D meshes
acquired from stereo imaging. But the image acquisition is
complicated for 3D scanning. Few healthcare centers have
access to 3D face scanning device, which also caused the
small database for 3D face morphology.

Overall, the current diagnostic methods for syndromes
associated with face dysmorphosis are complicated, time-
consuming, and require a high degree of experience and
expertise. Therefore, it is necessary and desirable to develop
a simple, non-invasive, automated method of quantitative
assessment of syndromes such as Down syndrome or others
where the condition is related to facial morphology.

SUMMARY

Among other things, the present disclosure relates to
computer-aided diagnosis in dysmorphology. Specifically,
the present disclosure describes a computer-aided diagnosis
and screening technique for automatic, non-invasive assess-
ment of syndromes in dysmorphology using simple facial
photographic data. An image analysis device according to
the present disclosure improves diagnostic accuracy, allows
for population screening and remote healthcare, and reduces
diagnostic time and cost. Processing in accordance with the
present disclosure also improves communication between
clinicians, between clinicians and patients, and the manage-
ment of patients with genetic syndromes. Moreover, the
present disclosure may be adapted for assessment of other
conditions associated with facial dysmorphosis, and gener-
ally assessing facial morphology or face recognition from
basic images.

In one embodiment, an image analysis device includes
circuitry configured to receive one or more input images and
detect a plurality of anatomical landmarks on the one or
more input images using a pre-determined face model. The
circuitry is configured to extract a plurality of geometric and
local texture features based on the plurality of anatomical
landmarks. The circuitry is configured to select one or more
condition-specific features based on the plurality of geomet-
ric and local texture features. The circuitry is configured to
classify the one or more input images into one or more
conditions based on the one or more condition-specific
features.

The foregoing general description of the illustrative
embodiments and the following detailed description thereof
are merely exemplary aspects of the teachings of this
disclosure, and are not restrictive.

BRIEF DESCRIPTION OF THE DRAWINGS

A more complete appreciation of this disclosure and many
of the attendant advantages thereof will be readily obtained
as the same becomes better understood by reference to the
following detailed description when considered in connec-
tion with the accompanying drawings, wherein:
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FIG. 1 illustrates an exemplary block diagram of an image
analysis device, according to certain embodiments of the
present disclosure;

FIG. 2 illustrates an exemplary schematic framework of
an image analysis and condition classification method,
according to certain embodiments of the present disclosure;

FIGS. 3A and 3B illustrate an exemplary schematic of a
method for facial landmark detection with a constrained
local model including model building and searching, accord-
ing to certain embodiments of the present disclosure;

FIG. 4 illustrates an example of facial landmarks, accord-
ing to certain embodiments of the present disclosure;

FIG. 5 illustrates an example of geometric features (lines
and angles that connect points) containing normalized hori-
zontal distances, vertical distances and corner angles
between landmarks, according to certain embodiments of
the present disclosure;

FIG. 6 illustrates an example of mean shape variation,
according to certain embodiments of the present disclosure;

FIG. 7 illustrates an example of statistical point distribu-
tion of training data including Down syndrome and healthy
populations shown by mean (points) and standard deviation
(ellipses), according to certain embodiments of the present
disclosure;

FIG. 8 illustrates an exemplary mean shape comparison
between Down syndrome (solid lines) and healthy group
(broken lines), according to certain embodiments of the
present disclosure;

FIG. 9 illustrates an exemplary Receiver Operation Char-
acteristic (ROC) curve of a support vector machine with
radial basis function kernel classifier for geometric (line
with points), local texture (line with circles) and combined
features (line with x marks);

FIG. 10 illustrates an exemplary mean shape comparison
among four emotional states, according to certain embodi-
ments;

FIG. 11 illustrates exemplary shape variations of an
emotional states dataset, according to certain embodiments
of the present disclosure;

FIG. 12 illustrates exemplary instances of emotional
states with detected facial landmarks, according to certain
embodiments of the present disclosure;

FIG. 13 illustrates exemplary shape variations of a talking
video dataset, according to certain embodiments of the
present disclosure;

FIGS. 14A and 14B illustrate exemplary shape distribu-
tions of a talking video dataset estimated by kernel density
estimation (KDE), Gaussian mixture model (GMM) (k=2)
and Gaussian distribution for a first independent mode and
a second independent mode obtained with independent
component analysis (ICA), according to certain embodi-
ments of the present disclosure; and

FIG. 15 illustrates an exemplary comparison of perfor-
mance by using constrained local model (CLM) with prin-
cipal component analysis (PCA) CLM-PCA, CLM-ICA-

KDE and CLM-ICA-GMM, according to certain
embodiments of the present disclosure.
DETAILED DESCRIPTION

Clinical diagnosis of dysmorphic syndromes needs a high
degree of experience and expertise, which usually includes
a physical examination and the evaluation of the overall
impression of a patient by a clinician. Imprecise and non-
standard nomenclature places a major difficulty for the
communication between dysmrophologists and patients. In
addition, the early diagnosis of syndromes may provide the
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best clinical management of patients for a lifelong medical
care. Therefore, there is a need for an objective, fully
automated and non-invasive clinical assessment tool for
syndrome diagnosis in dysmorphology which can increase
the diagnostic accuracy, improve communications between
clinicians and patients, reduce time and expense, and allow
for remote diagnosis.

The present disclosure provides a fully automated and
non-invasive objective assessment and screening method for
dysmorphic syndromes based on anatomical facial feature
analysis and machine learning techniques.

One embodiment of the present disclosure includes the
following attributes:

1) Fully automated procedures from patient’s photograph
input to diagnostic assessment to evaluation of outcome.

2) Adaptation to a wider variation in image quality that
may include illumination, background, varied resolution,
varied poses, etc.

3) Automated detection and placement of anatomical
landmarks based on a constrained local model.

4) Proposal of using independent component analysis
(ICA) in statistical shape models and a data-driven selection
method for selecting independent components.

5) Proposal of shape prior estimation using kernel density
estimation (KDE) and/or Gaussian mixture model (GMM).

6) A definition of geometric facial features derived from
anatomical landmarks to characterize the facial morphology
for syndrome patients and a healthy population.

7) Proposal of multi-scale local texture features based on
local binary patterns (LBP) computed within a local region
around each landmark, indicating clinical bases for each
specific syndrome.

8) Combination of geometric and local texture features to
represent both morphological and structural variation
between syndrome patients and healthy group.

9) The ability to create quantitative assessment models for
genetic syndrome detection, identify relevant facial charac-
teristics to a specific syndrome, and potentially support
remote diagnosis in areas without access to a genetic clinic.

10) Non-invasive assessment for multiple dysmorphic
syndromes that is potentially helpful for population screen-
ing, early diagnosis and lifelong healthcare for patients.

11) Detection and screening of emotional and psycho-
logical states, such as happiness, pleasure, distress, disgust,
anger, sadness, crying, pain, etc.

12) Surveillance of emotional and psychological states for
clinical, social or security reasons.

13) Screening of emotional states for marketing research/
assessment.

According to one embodiment, an image analysis device
according to the present disclosure captures and/or receives
basic photographs as input with varying illumination, back-
grounds, resolution, as well as subjects with different ages,
genders, ethnicities, poses, etc. It performs automated land-
mark placement based on a constrained local model which
considers both shape and appearance information of face.
The accurate placement of anatomical landmarks is the basis
for the following steps. The shape models also allow for
facial morphologic variation analysis between syndromes
and a baseline population, with respect to health or emo-
tional/psychological states.

Based on the anatomical landmarks, geometric and local
texture descriptors may be extracted to characterize facial
morphology and syndrome-specific textures, e.g., upward
slanting eyes, flattened philtrum, length of nose, appearance
of epicanthic folds, wrinkles, etc. The clinically relevant
geometric features are defined by geometric relationships
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between and among landmarks and those interrelationships
as opposed to simple landmark coordinates. The illumina-
tion invariant local texture features extracted around each
landmark using size-variant windows have the ability to
robustly discern micro-structures. The size-variant windows
make the texture features robust against image resolution.

Furthermore, the present disclosure provides a method-
ology for developing a computer-aided screening and diag-
nosis system for dysmorphic syndromes based on typical
facial morphological and textural characteristics of patients
in different types of pathologies. The method also identifies
the relevant facial characteristics to a specific syndrome and
selects the informative features from a clinical point of view.
With the combination of geometric and texture facial fea-
tures, discriminative models are learned for each specific
syndrome.

An image analysis device according to certain non-lim-
iting exemplary embodiments of the present disclosure has
the potential to impact the clinical practice of dysmorphol-
ogy at the following aspects:

1) Help a pediatrician without dysmorphology expertise

to identify a syndrome and refer to a specialist.

2) Aid a clinical specialist to point to an alternate syn-
drome out of their specialty.

3) Enable a dysmorphologist to make more rapid and
accurate diagnosis.

4) Identify an underlying syndrome during an alternate
condition warranting care.

5) Help move into screening and earlier diagnosis, allow-
ing for earlier interventions on some of severe co-
morbidities, and referral to specialized clinics.

6) Help detect and screen emotional and psychological
states for clinical, social, marketing or security reasons.

7) Reduce the costs of genetic diagnosis.

8) Improve communication between clinicians, and
between clinicians and patients.

9) Improve management of patients with genetic syn-
dromes.

The present disclosure proposes a method of automated
assessment for dysmorphic syndromes based on facial char-
acteristics derived from two-dimensional photographs. In
one embodiment, an image analysis according to the present
disclosure includes automated face detection, landmark
placement based on constrained local model, geometric and
local texture feature extraction, syndrome/dysmorphology-
specific feature selection, and discriminative model genera-
tion. From the shape model, variation of facial morphology
between syndromes and a control group can be analyzed to
assist in dysmorphology training, clinical diagnosis and
multidisciplinary studies of phenotype-genotype correla-
tions. The method is less sensitive to image quality, patient’s
age, gender and ethnicity, which makes remote diagnosis
possible.

At least some embodiments of the present disclosure
include:

Full automation ability: automation ability for input of a
patient’s facial photograph, face detection, landmark place-
ment, feature extraction, and syndrome assessment.

Shape model: ICA-based shape model is built with both
patients with syndrome and healthy group data. It provides
the mean shape and the allowable shape variation. Before
building the shape model, shape alignment is performed to
remove the translation, rotation and scale effect among
shapes. The independent components are selected using a
data-driven selection method and the shape prior is esti-
mated using either KDE or GMM.
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Appearance patch model: patch model describes the
appearance of a patch around each landmark using linear
support vector machine coefficients. Again the patch model
is built using both syndrome patients and healthy group
photographs.

Automatic landmark detection: with the built shape and
patch models, landmarks can be detected by local searching
automatically. The optimal landmark locations are obtained
by jointly optimizing appearance response functions and
shape constraints. Multi-resolution search (from coarse to
fine) is performed to achieve more efficient and robust
landmark detection.

Geometric features: the clinical relevant geometric fea-
tures are defined by geometric relationships between and
among landmarks and those interrelationships. Geometric
features include: normalized horizontal distance, normalized
vertical distance, and corner angles. Geometric features
characterize the facial morphology of dysmorphic syn-
dromes, e.g. slanting eyes, small nose, small mouth, pro-
truding tongue, etc.

Local texture features: the first-order statistics of a local
binary pattern (LBP) histogram of the region around each
landmark or the Gabor wavelet jet are used to describe local
texture information. Local texture features are extracted
using size-variant windows to achieve scale invariance. The
discriminative power of LBP allows it to capture the micro-
structures, e.g. wrinkle, shadow, flattened region, etc.

Feature fusion and selection: geometric features and local
texture features are combined to fuse more information. The
method identifies clinical relevant features to a specific
syndrome and selects the most informative features. The
combination of geometric and texture features describes
both morphology and structure of face.

Diagnostic protocol: using the geometric and local texture
features, discriminative models are built with, but not lim-
ited to one or more classifiers, such as support vector
machines (SVM), k-nearest neighbor (kNN), linear dis-
criminant analysis (LDA) and random forest to detect a
specific syndrome. As a result, a simple, non-invasive,
automated screening and diagnostic method for dysmor-
phology is achieved in one preferred embodiment of the
present disclosure.

Validation: the present disclosure provides that:

1) The shape alignment allows for landmark detection and

feature extraction with high precision.

2) The landmark detection has error normalized by dis-
tance between pupils 5.37%+/-1.15%.

3) Geometric features only detect Down syndrome with
average accuracy, precision and recall for linear Sup-
port Vector Machines (SVM), 95.0%%, 95.1%, 90.7%,
respectively.

4) Local texture features only predict Down syndrome
with high accuracy, precision and recall, 93.4%, 94.9%,
86.0%, respectively.

5) Performance of the method improves when using
combined features with 96.7% accuracy, 93.3% preci-
sion and 97.7% recall.

6) The diagnostic protocol optimally derived for Down
syndrome as one embodiment with a diagnostic area
under the receiver operating characteristic curve
(AUC) of 0.99.

7) The selected relevant features agree with the clinical
findings of specific syndrome.

Referring now to the drawings, wherein like reference

numerals designate identical or corresponding parts
throughout the several views.
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Referring first to FIG. 1, a hardware description of an
image analysis device according to exemplary embodiments
is described with reference to FIG. 1. In FIG. 1, the image
analysis device includes a CPU 100 which may be config-
ured to perform the processes described herein. Process data
and instructions may be stored in memory 102. These
processes and instructions may also be stored on a storage
medium disk 104 such as a hard drive (HDD) or portable
storage medium, or may be stored remotely. Further, the
claimed advancements are not limited by the form of the
computer-readable media on which the instructions of the
inventive process are stored. For example, the instructions
may be stored on CDs, DVDs, in FLASH memory, RAM,
ROM, PROM, EPROM, EEPROM, hard disk or any other
information processing device with which the image analy-
sis device communicates, such as a server or computer.
Moreover, instructions and/or other data ((e.g., images,
medical record data, criminal record data, etc.) related to
processing described herein may be stored and/or executed
remotely on one or more server devices accessible to one or
more client devices operating on a network, such as in a
cloud computing environment.

Further, the claimed advancements may be provided as a
utility application, background daemon, or component of an
operating system, or combination thereof, executing in con-
junction with CPU 100 and an operating system such as
Microsoft Windows 7, UNIX, Solaris, LINUX, Apple MAC-
OS and other systems known to those skilled in the art.

CPU 100 may be a Xenon or Core processor from Intel of
America or an Opteron processor from AMD of America, or
may be other processor types that would be recognized by
one of ordinary skill in the art. Alternatively, the CPU 100
may be implemented on an FPGA, ASIC, PLD or using
discrete logic circuits, as one of ordinary skill in the art
would recognize. Further, CPU 100 may be implemented as
multiple processors cooperatively working in parallel to
perform the instructions of the various processes described
herein.

The image analysis device in FIG. 1 also includes a
network controller 106, such as an Intel Ethernet PRO
network interface card from Intel Corporation of America,
for interfacing with network 10. As can be appreciated, the
network 10 can be a public network, such as the Internet, or
a private network such as an LAN or WAN network, or any
combination thereof and can also include PSTN or ISDN
sub-networks. The network 10 can also be wired, such as an
Ethernet network, or can be wireless such as a cellular
network including EDGE, 3G and 4G wireless cellular
systems. The wireless network can also be Wi-Fi, Bluetooth,
or any other wireless form of communication that is suitable
for a transfer of image data and other related data.

The image analysis device further includes a display
controller 108, such as a NVIDIA GeForce GTX or Quadro
graphics adaptor from NVIDIA Corporation of America for
interfacing with display 110, such as a Hewlett Packard
HPL.2445w LCD monitor. A general purpose [/O interface
112 interfaces with a keyboard and/or mouse 114 as well as
a touch screen panel 116 on or separate from display 110.
General purpose /O interface also connects to a variety of
peripherals 118 including printers and scanners, such as an
OfficeJet or DeskJet from Hewlett Packard.

The peripherals 118 section may also include a moving
and/or still image camera (e.g., a charge-coupled device or
other image capturing device) to capture images, e.g., of one
or more individuals’ face(s). In certain embodiments, image
data (e.g., individual face images) may be stored locally in
the memory 102, whereby the individual images included in
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the image data may be processed individually or in bulk. For
example, processes described herein may be implemented
such individuals corresponding to a particular diagnosis are
selected from a population (i.e., a group of individual
images) of individuals. In certain embodiments, image data
may also be received via the network 10, whereby any of the
processes described herein can be performed on the received
image data. For example, image data may be received from
a mobile device such as a smartphone that includes instruc-
tions for implementing an application that captures image
data and returns a diagnosis result based on processing
according to the present disclosure.

A sound controller 120 may also be provided in the image
analysis device, such as Sound Blaster X-Fi Titanium from
Creative, to interface with speakers/microphone 122 thereby
providing sounds and/or music.

The general purpose storage controller 124 connects the
storage medium disk 104 with communication bus 126,
which may be an ISA, EISA, VESA, PCI, or similar, for
interconnecting all of the components of the image analysis
device. A description of the general features and function-
ality of the display 110, keyboard and/or mouse 114, as well
as the display controller 108, storage controller 124, network
controller 106, sound controller 120, and general purpose
1/O interface 112 is omitted herein for brevity as these
features are known.

One of ordinary skill in the art will appreciate that the
processing described herein may be implemented in hard-
ware embodiments other than the above-described exem-
plary image analysis device. For example, aspects of the
present disclosure may be implemented with a mobile
device such as a tablet, a laptop computer, or a smartphone.
Moreover, in certain embodiments, a combination of devices
communicating on a network may be utilized in performing
processing features according to the present disclosure. For
example, image data may be captured with a mobile device
that includes a wireless communication interface capable of
transmitting the image data to a Web server. The image data
may be analyzed with the Web server (or another client
device connected to the server) according to processing
described herein, and a result of the analysis may be returned
to the mobile device.

Next, FIG. 2 illustrates an exemplary schematic frame-
work of an image analysis and condition classification
method, according to certain embodiments of the present
disclosure. The process illustrated in FIG. 2 may be imple-
mented by an image analysis device such as the device
described above with respect to FIG. 1.

At step S200, the image analysis device receives one or
more images as image data. The image data may be received
in real-time or near real-time by capturing the images locally
or receiving the images on a network, retrieving the images
from memory, or receiving the images from another source.
It is assumed that the received image data includes one or
more images that include an individual’s face. In certain
embodiments, the image analysis device may perform an
initial screening of received image data to determine
whether the images included in the image data include an
image area with a face image (e.g., by a basic facial
recognition algorithm). An error may be output and/or an
image may be excluded from subsequent analysis if the
initial screening processing determines that an image does
not include a face or another image feature.

After image data is received at step S200, the image
analysis device proceeds to step S205, where the image
analysis device performs a landmark detection process. In
certain embodiments, the landmark detection process of step
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S205 includes locating and placing anatomical landmarks on
the image data using an ICA-based constrained local model
(CLM). An exemplary method of generating the ICA-based
CLM for use in the landmark detection process will now be
described with reference to FIG. 3A.

FIG. 3A shows an exemplary process of CLM generation,
according to certain embodiments. This image acquisition
and preparation process may be performed only once for
generating a CLM for a given condition (e.g., a syndrome,
emotional state, psychological state, etc.). In other words, a
CLM generated in accordance with the present disclosure
may then be implemented several times in a landmark
detection process for a particular condition without the need
to re-generate the CLM prior to each landmark detection
process. Moreover, while the CLM generation process is
described in the present example as part of the feature
extraction process in step S205, the CLM generation process
in other implementations may be performed in advance of
the processing shown in FIG. 2. For example, a CLM may
be generated for a particular condition in advance of receiv-
ing image data to be screened for the condition/syndrome at
step S200.

Referring still to FIG. 3A, the inputs to the processing
device for CLM generation are training images correspond-
ing to basic facial photographs of both syndromes (or
emotional states or other types of facial morphology) and a
baseline group. In general, the baseline group relates to a
population that does not have a condition being analyzed by
the image analysis device. In the medical context, the
baseline group may correspond to image data of a healthy
population. In the context of analyzing emotional and psy-
chological states, the baseline group may correspond to
image data of individuals having some arbitrary neutral
emotional/psychological state. It should be appreciated that
while some examples described herein relate to the medical
context and comparisons with a healthy group, such
examples may be modified to include the more generic case
of a baseline group.

To learn a reliable model, a large set of training images
should be included in the processing (e.g., >100 subjects
across any age and ethnicity, but numbers may vary with the
application), but these images may be acquired only once
when constructing the models. In one embodiment, the
training images are annotated using 44 anatomical land-
marks. However, the annotation of anatomical landmarks
may differ based on, e.g., the condition being screened
and/or desired precision and therefore, the number of land-
marks annotated in this example is not limiting.

A statistical shape model and patch model are obtained
during the CLM generation process. The shape model
describes the face shape variation built with independent
component analysis. It provides the allowable shape con-
straints by bounding independent modes with empirical
shape variations. For the purposes of the present example,
three independent modes may be utilized: the first indepen-
dent mode may present the head pose up and down, the
second independent mode may describe the head pose left
and right, and the third independent mode may describe the
mouth deformation (close to open). In one or more embodi-
ments, greater or less than three independent modes may be
utilized, based on the application. As an example of allow-
able shape constraints described by the CLM shape model in
certain embodiments, FIG. 6 illustrates an exemplary shape
variation using the first, second and third independent
modes, where weights take values of negative width of
histogram of shape parameters, zero and the positive width
of histogram of shape parameters; FIG. 11 illustrates exem-
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plary shape variations of an emotional states dataset for the
first, second, and third independent modes, where weights
take values of the negative width of histogram of shape
parameters, zero and the position width of histogram of
shape parameters; and FIGS. 14A and 14B illustrate exem-
plary prior distributions of shape parameters estimated from
the training samples of talking video dataset estimated by
KDE, GMM (k=2) and Gaussian for the first independent
mode (FIG. 14A) and the second independent mode (FIG.
14B) obtained with ICA.

In certain embodiments, the distribution of shapes in the
shape space may be modeled as a non-Gaussian distribution
using either kernel density estimation or Gaussian mixture
models. Accordingly, the shape parameters are limited by
the empirical width of histogram of shape parameters which
describes 99.7% of the shapes. The variances of independent
components are ordered from largest to smallest using a
data-driven method. The first three independent modes show
the first three largest shape deformations. The point distri-
bution variation of the training data (shown in FIG. 7) is
large for the dataset used in this example, indicating the
variation between the syndrome group (or some general
condition) and healthy/baseline group. Applying data cor-
responding to Down syndrome and a healthy/baseline group
as an example, a comparison of the statistical mean shape
between the Down syndrome and healthy/baseline group
(shown in FIG. 8) agrees with clinical findings of Down
syndrome (e.g. small nose and protruding tongue).

As mentioned previously, the CLM generated in accor-
dance with the present disclosure may include a shape
model, which is described in detail above, and a patch
model. Regarding the patch model, the patch model included
in the CLM represents the appearance of each facial feature
(e.g. eyes, nose, mouth, etc.). The shape and patch models
together capture both face morphology and texture informa-
tion. As demonstrated herein and described later in detail,
screening and diagnosis based on image analysis processing
with the combination of morphology and texture features
according to the present disclosure increases detection rate
performance relative to the performance of conventional
techniques and/or processing relying upon only one group of
these features.

Moreover, the image analysis processing based on geo-
metric and texture features can also apply to detection/
screening of emotional states and surveillance of emotional
and psychological states for clinical, social, marketing or
security reasons. Such variations in implementations may be
accomplished by modifying the training data utilized for
CLM generation according to the desired condition for
detection. In an exemplary CLM generation process related
to emotional and psychological state, the mean shapes of
four emotional states (anger, disgust, happiness and sur-
prise) are shown in FIG. 10 with instances in FIG. 12. The
estimations of shape priors using Gaussian, KDE and GMM
are compared in FIGS. 14A and 14B, where the shape priors
show a highly non-Gaussian distribution. Feature detection
performances of PCA-CLM, ICA-CLM-KDE and ICA-
CLM-GMM are compared in FIG. 15.

As mentioned above, the CLM models generated in
accordance with the present disclosure may be applied in the
landmark detection process of step S205 shown in FIG. 2.
An exemplary landmark detection process that utilizes the
generated CLM will now be described with respect to FIG.
3B.

Referring to FIG. 3B, in a non-limiting exemplary CLM
searching process, a face region in a received image is
automatically detected and cropped. Facial features (e.g.,
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eyes, tip of nose and corners of mouth) are also detected for
search initialization, and an initial guess is made as to where
the landmarks are located on the received image. In certain
embodiments, the initial guess may be made based on
landmark locations in an average face. The remaining pro-
cessing described in detail below is focused on applying the
constraints of the CLM generated from the training data
such that the landmarks in the initial guess are altered to
optimally fit the model.

Using the landmarks in the initial guess, a patch is
centered on each landmark. The patch is then applied to a
filter, which is a statistical model of what the patch should
look like. In certain embodiments, the appearance of the
patch is described by linear support vector machine (SVM)
coeflicients/weights from the patch model, which results in
a response image. The response image of the linear support
vector machine is estimated using KDE. The statistical
model of the patch (i.e., the response image) is then fit and
optimized with respect to the constraints of the CLM. The
independent components of the ICA-based shape model are
selected using a data-driven method. The optimal landmark
positions are obtained by jointly optimizing appearance
response functions and shape constraints included in the
shape model. Multi-resolution search is performed, from
coarse to fine (general to specific), to achieve more efficient
and robust searching. That is, the landmark detection based
on the CLM may be performed in a hierarchical fashion. The
hierarchical nature of the processing may relate to multiple
aspects of image analysis. For example, the landmark detec-
tion process may first be applied to an entire face and then
subsequently applied to detecting landmarks on the inner
face (i.e., eyes, nose and mouth). As another example, the
processing may be initially performed based by applying
models from the general population (with and without the
relevant condition) and then at subsequent processing levels,
the landmark detection process may fit the closest model to
the face. The hierarchical features of the processing accord-
ing to the present disclosure helps improve landmark detec-
tion by accounting for the large variations of faces that may
be received as an input.

The result of the processing of FIG. 3B is an image
including the detected anatomical landmarks, which is illus-
trated in FIG. 4. The above process may then be repeated for
anew received image from a plurality of images correspond-
ing to a population being screened.

To reduce the landmark detection error, pseudo-land-
marks may be added to the image generated in the above
landmark detection process. In the example of FIG. 4, 37
more pseudo-landmarks are added by interpolation between
the 44 detected anatomical landmarks. The quantity of
pseudo landmarks (and anatomical landmarks) may be
selected such that suitable fidelity is achieved for a given
implementation, while also accounting for trade-offs in
terms of processing efficiency with respect to the number of
detected and interpolated landmarks.

Referring back to FIG. 2, based on the results of the
landmark detection process performed at step S205, a fea-
ture extraction process is performed by the image analysis
device at step S210. An exemplary feature extraction process
will now be discussed with reference to FIG. 5, which
illustrates geometric features (lines and angles that connect
points) containing normalized horizontal distances and cor-
ner angles between landmarks.

Syndromes present both special morphology (e.g.,
upward slanting eyes, small nose and mouth) and textures
(e.g., flattened philtrum and appearance of epicanthic folds).
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Accordingly, to describe these two types of information, the
image analysis device at step S210 extracts geometric and
texture features on an aligned image which is registered to
a reference image to remove the translation and in-plane
rotation. Geometric features are defined via interrelation-
ships between and among anatomical landmarks including
more clinical bases that morphologists suggest for each
specific syndrome. Geometric features may include normal-
ized horizontal distances, normalized vertical distances, and
corner angles between landmarks (shown in FIG. 5). For
example, the geometric features may describe the slanting of
the eyes, the width of the bridge of the nose, the length of
the bridge of the nose, the opening of the mouth, etc. In
certain embodiments, the distances may be normalized
based on a distance between pupils.

To characterize syndrome-specific textures, multi-scale
local texture features (e.g., changes in lines, shadows,
creases, etc.) are also extracted on a local region around each
landmark detected (or interpolated) from step S205. As an
example of local texture feature extraction, landmarks cor-
responding to the philtrum may be analyzed to determine
whether an individual’s philtrum is flattened relative to a
healthy/baseline population (e.g., by determining that the
lack of texture corresponding to shadowing and lines in this
area is consistent with a flattened philtrum). As another
example, the extraction of local texture features and related
image analysis may describe the prominence of an individu-
al’s epicanthic fold in the eye area. In this regard, shadowing
near the eye and other image features indicating a prominent
epicanthic fold may be indicative of a patient with Down
syndrome. Such image analysis is very difficult to represent
using only geometric features, thereby making classification
of a condition less effective. In detecting local texture
features, first-order statistics may be employed to describe a
local binary pattern histogram and/or Gabor wavelet jet
conveying texture information of micro-structure. Detected
multi-scale local texture features representing syndrome-
specific facial characteristics may then be applied in com-
bination with the detected geometric features in subsequent
steps. As demonstrated herein, the combination of geometric
and texture features has demonstrated significant improve-
ments with respect to previous methods.

Referring back to FIG. 2, at step S215 the image analysis
device performs a feature selection process based on the
results of the feature extraction at step S210. The combina-
tion of geometric features (global information) and local
texture features (local information) characterize facial mor-
phology and structure simultaneously. Feature selection via
an area under the receiver operating characteristic (ROC)
curve and the random classifier slope extracts informative
and syndrome-specific features as well as reduces the high
dimension of features.

In certain embodiments, machine learning techniques
may be applied in the feature selection process to identify
the features that are redundant or the features that are of
importance/significance in classifying a particular condition.
For example, machine learning techniques may be applied to
a multitude of features identified for a given condition (e.g.,
approximately 170 features were identified in image analysis
related to Down syndrome in one implementation) in order
to select, from the large set of features, a smaller number of
features (e.g., 10 of the 170 features were selected in the
Down syndrome case) that can statistically designate a given
condition with optimal accuracy. By analyzing the ROC
output, the image analysis device may determine whether
detection rate performance improves or not based on the
inclusion of a given feature (or combination of features) in
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the analysis. Thus, by selecting an optimal combination of
statistical variables that result in classification performance
above a predetermined desired threshold, processing effi-
ciency can be greatly improved while maintaining optimal
performance and accuracy.

Next, at step S220, the image analysis device performs a
classification process based on the feature selection result
from step S215. In this step, a supervised learning scheme is
utilized to analyze features selected by the previous steps
and to classify the syndromes from baseline cases. For
example, based on an analysis of a received image with
respect to the features identified from the feature selection
process, a probability score may be calculated for the
received image representing a likelihood that the patient has
a given condition. The probability score may be compared to
a predetermined threshold, and a binary result (e.g., a
positive or negative indication that the patient’s facial fea-
tures indicate a given condition at some degree of statistical
significance) may be output based on the comparison. Sev-
eral famous and effective classifiers may be employed
including support vector machine with radial basis function
kernel and linear kernel, k-nearest neighbor, linear discrimi-
nant analysis and random forests, etc. The cross-validation
validation, such as leave-one-out validation, is performed to
compare the geometric, local texture and combined features.
FIG. 9 shows the ROC curve for a support vector machine
with radial basis function kernel classifier. The largest area
under the ROC curve (AUC) was achieved by the combined
features. The predication by the classifiers can assist in
assessment for syndromes in a fast, automatic and non-
invasive way.

In certain embodiments, the image analysis device
according to the present disclosure may output a recom-
mended course of action based on the classification result.
For example, in the context of screening for genetic syn-
dromes, a recommendation for a particular medical practi-
tioner may be output when the classification result indicates
the patient likely has a given condition/syndrome, and
suggestions for condition/syndrome management may be
offered. In certain embodiments, condition management
features may include lifestyle management information such
as reminders/recommendations for treatment/appointments,
weight control recommendations (e.g., dietary control rec-
ommendations, exercise recommendations, etc.), stress
management recommendations, medication recommenda-
tions, etc. In one or more embodiments, an image analysis
device according to the present disclosure may interface
with a mobile health (mHealth) application and/or provide
recommendations for mHealth applications related to a
condition/syndrome.

In one or more embodiments, aspects of the present
disclosure may be implemented to screen for emotional and
psychological state (e.g., at security checkpoints or a clini-
cal/psychological evaluation), and a recommendation to
security personnel (e.g., conduct further security screening)
may be output based on the classification result. As another
example, aspects of the present disclosure may be imple-
mented in a marketing analysis system, whereby a recom-
mendation to advertise a particular product or service may
be output based on the classification result.

The above processing is described in the context of
performing image analysis with respect to front-view images
that include a facial region corresponding to an individual.
However, the processing described herein may be imple-
mented based on images other than front-view facial images,
or a combination of front-view and side-view images. For
example, in one embodiment, side-view photographs of
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individuals with syndromes and a healthy/baseline popula-
tion are alternatively or additionally employed. The lateral
view provides additional information to frontal photographs
(e.g. shape of ears, profile of face and nose) which is also
important to syndrome diagnosis in clinical practice.

In one or more embodiments, processing described herein
may be adapted to receive non-image data relating to an
individual in addition to the image data related to the
individual. For example, an image analysis device according
to the present disclosure may perform classifications based
on image data, as well as non-image data from a medical
record, test results, family history, criminal record, etc. This
additional non-image data may, e.g., be associated with the
received image data, and the combination of image data and
non-image data may be stored in memory such that some or
all of the stored data may be retrieved for classification
processing in accordance with the present disclosure. In
certain embodiments, the additional data may be received as
an input from an electronic medical record interface or
another user interface.

Obviously, numerous modifications and variations of the
present disclosure are possible in light of the above teach-
ings. It is therefore to be understood that within the scope of
the appended claims, the invention may be practiced other-
wise than as specifically described herein. For example,
advantageous results may be achieved if the steps of the
disclosed techniques were performed in a different
sequence, if components in the disclosed systems were
combined in a different manner, or if the components were
replaced or supplemented by other components. The func-
tions, processes and algorithms described herein may be
performed in hardware or software executed by hardware,
including computer processors and/or programmable pro-
cessing circuits configured to execute program code and/or
computer instructions to execute the functions, processes
and algorithms described herein. A processing circuit
includes a programmed processor, as a processor includes
circuitry. A processing circuit also includes devices such as
an application specific integrated circuit (ASIC) and con-
ventional circuit components arranged to perform the recited
functions.

The functions and features described herein may also be
executed by various distributed components of a system. For
example, one or more processors may execute these system
functions, wherein the processors are distributed across
multiple components communicating in a network. The
distributed components may include one or more client
and/or server machines, in addition to various human inter-
face and/or communication devices (e.g., display monitors,
smart phones, tablets, personal digital assistants (PDAs)).
The network may be a private network, such as a LAN or
WAN, or may be a public network, such as the Internet.
Input to the system may be received via direct user input
and/or received remotely either in real-time or as a batch
process. Additionally, some implementations may be per-
formed on modules or hardware not identical to those
described. Accordingly, other implementations are within
the scope that may be claimed.

It must be noted that, as used in the specification and the
appended claims, the singular forms “a,” “an,” and “the”
include plural referents unless the context clearly dictates
otherwise.
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The invention claimed is:

1. An image analysis device comprising: circuitry con-
figured to:

receive one or more input images; detect a plurality of

anatomical landmarks on the one or more input images
using a pre-determined face model;
extract a plurality of geometric and local texture features
based on the plurality of anatomical landmarks;

select one or more condition-specific features from the
plurality of geometric and local texture features; and

classify the one or more input images into one or more
conditions based on the selected one or more condition-
specific geometric and local texture features to generate
a classification result,

wherein the pre-determined face model is generated by
the circuitry being configured to generate a statistical
shape with non-Gaussian shape prior estimation,

and wherein the circuitry is configured to generate the

statistical shape with non-Gaussian shape prior estima-
tion using kernel density estimation (KDE).

2. The image analysis device of claim 1, wherein

the classification result is provided as an input to a disease

screening process.

3. The image analysis device of claim 1, wherein

the one or more conditions correspond to one or more

genetic syndromes, and

the one or more condition-specific features are syndrome-

specific or population-specific features corresponding
to the one or more genetic syndromes.

4. The image analysis device of claim 1, wherein

the circuitry is further configured to generate the pre-

determined face model by being further configured to:

receive a plurality of training images corresponding to
a facial morphology and a texture of a baseline group
and a group having at least one of the one or more
condition-specific features;

further generate a statistical shape model and generate
an appearance patch model based on the plurality of
training images; and

train a classifier with one or more geometric and
multi-scale local texture features based on the plu-
rality of training images, the statistical shape model,
and the appearance patch model.

5. The image analysis device of claim 4, wherein the
plurality of training images include image areas with indi-
viduals of different ages, ethnicities, illumination, image
background, resolution, or poses.

6. The image analysis device of claim 1, wherein

the pre-determined face model is based on a constrained

local model.

7. The image analysis device of claim 1, wherein

the classification of the one or more input images into the

one or more types of conditions is based on one or more
of a support vector machines technique, a k-nearest
neighbor technique, a linear discriminant analysis tech-
nique and a random forest technique.

8. The image analysis device of claim 1, wherein

the selection of the one or more condition-specific fea-

tures is based on an area between a receiver operating
characteristic curve and a random classifier slope.

9. The image analysis device of claim 1, wherein

the one or more types of conditions correspond to one or

more emotional states and/or one or more psychologi-
cal states.

10. The image analysis device of claim 9, wherein

the classification result is provided as an input to a

surveillance or security screening process.
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11. The image analysis device of claim 9, wherein

the one or more emotional states and psychological states
correspond to one or more of happiness, pleasure,
distress, disgust, anger, sadness, crying, or pain.

12. The image analysis device of claim 1, wherein

the circuitry is further configured to output a recommen-

dation of a medical practitioner based on the classifi-
cation result.

13. The image analysis device of claim 1, wherein

the circuitry is further configured to output a condition

management recommendation based on the classifica-
tion result.

14. The image analysis device of claim 13, wherein

the condition management recommendation includes a

recommendation for treating the condition.

15. The image analysis device of claim 13, wherein

the condition management recommendation includes life-

style management information related to the condition.

16. The image analysis device of claim 15, wherein

the lifestyle management information includes at least one

of a recommendation and a reminder related to diet
and/or exercise.

17. The image analysis device of claim 15, wherein

the lifestyle management information includes at least one

of a recommendation and a reminder related to sched-
uling and/or attending an appointment related to treat-
ing the condition.

18. An image analysis method comprising:

receiving one or more input images;

detecting, by circuitry, a plurality of anatomical land-

marks on the one or more input images using a pre-
determined face model;

extracting, by the circuitry, a plurality of geometric and

local texture features based on the plurality of anatomi-
cal landmarks;

selecting, by the circuitry, one or more condition-specific

features from the plurality of geometric and local
texture features; and

classifying, by the circuitry, the one or more input images

into one or more conditions based on the selected one
or more condition-specific geometric and local texture
features to generate a classification result,

wherein the pre-determined face model is generated by

the circuitry by generating a statistical shape with
non-Gaussian shape prior estimation, and

wherein the circuitry is configured to generate the statis-

tical shape with non-Gaussian shape prior estimation
using kernel density estimation (KDE).

19. A non-transitory computer readable medium having
instructions stored therein that when executed by one or
more processors cause a computer to perform an image
analysis method, the method comprising:

receiving one or more input images;

detecting a plurality of anatomical landmarks on the one

or more input images using a pre-determined face
model,;

extracting a plurality of geometric and local texture

features based on the plurality of anatomical land-
marks;
selecting one or more condition-specific features from the
plurality of geometric and local texture features; and

classifying, by the circuitry, the one or more input images
into one or more conditions based on the selected one
or more condition-specific geometric and local texture
features to generate a classification result,

wherein the pre-determined face model is generated by

the circuitry by generating a statistical shape with
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non-Gaussian shape prior estimation, and wherein the
circuitry is configured to generate the statistical shape
with non-Gaussian shape prior estimation using kernel
density estimation (KDE).

20. The image analysis device of claim 1, wherein the
circuitry is configured to classify the one or more input
images into one or more conditions based only on the
selected one or more condition-specific geometric and local
texture features.

21. The image analysis device of claim 1, wherein the
pre-determined face model is generated by the circuitry
being configured to

perform independent component analysis (ICA) to gen-

erate a statistical shape face model via data-driven
selection that selects independent components, and

perform shape prior estimation using kernel density esti-
mation (KDE) and Gaussian mixture model (GMM).
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22. The image analysis device of claim 1, wherein the
circuitry is configured to generate the statistical shape with
non-Gaussian shape prior estimation using kernel density
estimation (KDE) and Gaussian mixture model (GMM).

23. The image analysis device of claim 1, wherein the
pre-determined face model is generated by the circuitry
being configured to perform independent component analy-
sis (ICA) to generate a statistical shape face model.

24. The image analysis device of claim 1, wherein the
pre-determined face model is generated by the circuitry
being configured to perform data- driven selection that
selects independent components to generate a statistical
shape face model.

25. The image analysis device of claim 1, wherein the
circuitry is further configured to control display of an app
interface which implements obtaining of the one or more
input images and displays the result of the classification.
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