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(57) Abstract: An example embodiment of the present techniques receives an image of an object and a three-dimensional (3D) mod -
el of the object. A pose of the object in the image can be estimated based on estimation of a plurality of parameters. The plurality of
parameters may describe a 3D rotation and 3D translation and can be learned via error minimization over a plurality of training

o samples. A frontalized image of the object can be generated based on the estimated pose and the received 3D model of the object.
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GENERATING POSE FRONTALIZED IMAGES OF OBJECTS
BACKGROUND

[0001] Many situations exist in which object depictions in images are
detected, identified, or verified. For example, faces of people in images can be

identified or verified using various techniques.

BRIEF DESCRIPTION OF THE DRAWINGS

[0002] Certain example embodiments are described in the following detailed

description and in reference to the drawings, in which:

[0003] Fig. 1 is a block diagram of an example deep convolutional network
that includes a frontalization layer;

[0004] Fig. 2is a block diagram showing an example frontalization layer;
[0005] Fig. 3is a block diagram showing an example system that can
frontalize objects detected in an image;

[0006] Fig. 4 is a process flow diagram showing an example method of
generating pose frontalized images of objects; and

[0007] Fig. 5is a block diagram showing an example non-transitory, tangible
computer-readable medium that stores code for frontalization of faces in

images.

DETAILED DESCRIPTION

[0008] As described above, many situations exist in which features of objects

in images can be detected, identified, or verified. For example, faces are
objects of special importance and face frontalization is an important step for the
automated detection, identification, and verification of faces. Detection, as used
herein, refers to detecting and locating a face in an image. Identification, as
used herein, refers to identifying a person in an image. Verification, as used
herein, refers to deciding whether two images depict the same person or not.
For any of the three tasks, faces may appear in different poses in an image. For

example, a face may point to the lower-right in one image and to the far-left in
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another image. Frontalization can be used to reconstruct the frontal view of
such a face.

[0009] Accordingly, some examples described herein provide a method for
the frontalization of faces through 3D rotations and 3D translations that are
learned by a deep convolutional network. Such a frontalization can be used to
simplify the tasks of face detection, face identification, and face verification.
Moreover, face detection, identification, and verification is used in a variety of
security tasks. Thus, the techniques herein can be used for user authentication
as it may be less likely that such a system would be fooled by holding a picture
of the same person in front of a camera. Conversely, using the present
techniques, individuals cannot hide from security cameras by presenting only a
side view of their face because the system can transform the side views and
generate a frontal pose.

[0010] In addition, the present techniques for face frontalization can be used
in a host of security tasks including: border control; a national identity system;
access control to devices, homes, cars, secured areas; or face-based analysis
of age, sex, ethnicity, or facial expression. Overall, such systems can be used
to control access to devices on a small scale as well as access to buildings or
countries on a larger scale.

[0011]  Further, in some implementations, the present techniques include the
use of a separate frontalization layer for performing frontalization tasks in a
deep convolutional network. Thus, frontalization and identity tasks are learned
through representations in separate layers of the deep convolutional network,
rather than being learned by a representation spanning several layers. The
break-down into two subsequent tasks reduces the number of samples required
for training because frontalization is largely independent of the individual face in
the image, and improves the accuracy for the identity task because it can
leverage frontal poses, which is an easier task than recognizing identity in non-
frontal poses. In this case, working with fewer training samples also reduces
the training time for deep convolutional networks. Moreover, the present
techniques do not use landmarks for purposes of detection. Thus, the

techniques described herein may use fewer training samples resulting in a
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reduced training time. Moreover, the techniques enable identification with
higher accuracy because identification is performed using frontal poses.

[0012] Fig. 1 is a block diagram of an example deep convolutional network
that includes a frontalization layer. The example deep convolutional network is
generally referred to by the reference number 100 and can be implemented
using the example computing device 302 of Fig. 3 below.

[0013] The example deep convolutional network 100 includes a plurality of
functional layers. For example, the layers may include an image detection layer
102, a frontalization layer 104, a convolution layer 106, a bias layer 108, a non-
linearity layer 110, a pooling layer 112, a loss calculation layer 114, and a label
layer 116. In some examples, each layer of the deep convolutional network 100
may have hundreds to thousands of parameters that can be initialized and then
adjusted through training.

[0014] The example deep convolutional network 100 generally provides for
mapping of a non-frontal object pose to a frontal object pose from left to right in
Fig. 1, and a back projection of errors for training to adjust parameters using
transforms that define the frontalization layer 104 from right to left. For
example, the image detection layer 102 can detect an image. The image may
include one or more objects with non-frontal poses such as faces. In some
examples, the image detection layer 102 can send the image to the
frontalization layer 104 as indicated by an arrow 118 for frontalization of the
faces. No arrow is shown from the frontalization layer 104 to the image
detection layer 102, as no errors are back-projected to the input image.

[0015] The frontalization layer 104 receives a two-dimensional image from
the image detection layer 102 as indicated by an arrow 118 and outputs a
frontalized two-dimensional image as indicated by an arrow 120. For example,
a face frontalization can be performed through a 3D rotation and 3D translation
as described herein. The 3D rotation can be parameterized through
quaternions to avoid ambiguities within the rotation space that Euler angles
have. A quaternion is a complex number of the form w + xi + yj + zk, where w,
X, Y, Z are real numbers and i, j, k are imaginary units that satisfy certain

conditions. This quaternion representation introduces four 3D rotation
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parameters, which can be learned. Additional parameters may be used for 3D
translation of the face. For example, three additional parameters can be used to
represent translation in the x, y, and z axes of a coordinate frame.

[0016] In some examples, seven parameters may thus be used for face
frontalization. These seven parameters transform a face from any given pose
into the frontal pose. In some examples, the frontalization layer can receive an
image of a face in any pose as input and estimate the pose of this input face
through the estimation of the seven parameters. These parameters describe a
transform from the face in the image, which can appear in any pose, to a 3D
face model that appears in a frontal pose. Furthermore, bilinear interpolation
from the 3D face model into the 2D image space can be used to rasterize an
image of the face in frontal pose. This rasterized 2D image is the output from
the frontalization layer 104 as indicated by an arrow 120. In some examples,
the frontalization layer 104 can also receive projected output loss feedback as
indicated by an arrow 122. The operation of an example frontalization layer is
discussed at greater length with respect to the example frontalization layer of
Fig. 2 below.

[0017] The convolutional layer 106 reuses the same parameters within a
spatial neighborhood. Reuse, as used herein, is defined as a convolutional
operation between the parameters and input values. The parameters may be a
set of variables that define the convolutional kernel. In the example of Fig. 1,
the input values for the convolutional layer 106 can come from the frontalized
image that is received from the frontalization layer 104. The convolutional layer
106 can also receive values such as back-projected errors from the bias layer
108.

[0018] The bias layer 108 of the example deep convolutional network 100
computes an additive bias to each value. In some examples, the bias can be a
free parameter adjusted through training.

[0019] The non-linearity layer 110 computes the hyperbolic tangents of all
received values and has neither a spatial interaction nor any parameters. The
hyperbolic tangent provides a non-linearity important to provide learning and

generalization properties of a deep convolutional network. Instead of using the
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hyperbolic tangent rectified linear units (setting negative values to zero) can be
used as well. However; it is important to have a non-linearity.

[0020] The pooling layer 112 combines values within a spatial neighborhood
to form a single output. For example, the pooling layer 112 can use max-
pooling, which computes the maximum of four spatially neighboring locations in
an image as an output. Such max pooling can reduce the width and height of
an image by a factor of two in width and height. The pooling layer 112 has no
trainable parameters. However, the range of max-pooling and stride length are
fixed parameters.

[0021] The loss calculation layer 114 computes an output loss to be
projected back to the other layers. For example, the loss calculation layer 114
can compute a soft-max function between a ground-truth label received from the
label layer 116 as indicated by an arrow 142 and a predicted label received
from, e.g. the pooling layer 112 as indicated by an arrow 136, or, more
generally, any other layer preceding the loss layer 112 as indicated by arrows
120, 124, 128, and 132, to generate the output loss. As used herein, a soft-max
function refers to a generalization of the logistic function that "squashes” a K-
dimensional vector z of arbitrary real values to a K-dimensional vector o (z) of
real values in the range (0, 1) that add up to 1. As used herein, a label refers to
a class identifier (CID) for a given data point. A class identifier, as used herein,
refers to an identifier for a particular class of objects. A predicted label refers to
the output of the deep convolutional network 100 given a particular input. A
ground-truth label refers to a label supplied by a user. This output loss can then
be projected back through layers 104-112 as indicated by arrows 122, 126, 130,
134, and 138. In patrticular, as discussed in detail with regard to Fig. 2 below,
the frontalization layer 104 may receive the output loss and adjust its
parameters accordingly. In some examples, one or more other layers may also
receive the output loss and either process the output loss or pass the output
loss onto the next layer in the chain.

[0022] Thus, the label layer 116 may receive ground-truth labels from one or
more users. For example, to classify bananas and apples from images, images

of bananas and apples may be received and bananas may be assigned a CID
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of 0 and apples may be assigned a CID of 1. For example, a user can label
images as bananas or apples. A predicted label is the output of the deep
convolutional network 100 given an image of a banana or apple as an input.
For example, the output can be a CID of 0 or 1.

[0023] The diagram of Fig. 1 is not intended to indicate that the example
deep convolutional network 100 is to include all of the components shown in
Fig. 1. Rather, the example deep convolutional network 100 can include fewer
or additional components not illustrated in Fig. 1 (e.g., additional layers, etc.) as
indicated by dashed lines 140. Moreover, the diagram of Fig. 1 is not intended
to indicate that the components of the example deep convolutional network 100
are to be arranged in any particular order. For example, the frontalization layer
104 is shown between the image detection layer 102 and the convolutional layer
106, but can be alternatively plugged into the deep convolutional network 100
between any two layers.

[0024] Fig. 2 is a block diagram showing an example frontalization layer.
The frontalization layer is generally referred to by the reference number 200 and
can again be implemented using the example computing device 302 of Fig. 3
below.

[0025] The frontalization layer 200 includes grid generator component 202
and a rasterization component 204. The grid generator component 202 can
receive pose parameters © as indicated by an arrow 206 and a supplied 3D
model M as indicated by an arrow 208 and generate a two-dimensional (2D)
sample grid G. For example, the 3D model may be retrieved from a database
and represent a mean face given a plurality of 3D point cloud reconstructions of
thousands of faces. The 2D sample grid G can define the mapping of the 2D
non-frontal pose into a 2D frontal pose of the object in the image. The 2D
sample grid G can then sent to the rasterization component 204 as indicated by
arrow 210. The rasterization component 204 can receive the non-frontalized
object view in an 2D input image | as indicated by an arrow 212 and rasterize a
frontalized object view in the 2D image I’ as indicated by an arrow 214. The
above steps thus summarize the computations of the forward direction

corresponding to left to right in Fig. 1 above.
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[0026] The backward direction of Fig. 2 indicated by arrows pointing from
right to left can start with the rasterization component 204 receiving a differential
image dI’ as indicated by arrow 216. The differential image dI' may contain
errors or differentials for the given frontalized object view and object
classification. For example, the differential image dI' can include a mismatch
between the predicted label and ground-truth label. Thus, differential refers to
the partial derivative of the output loss with regards to input values. In the
example of Fig. 2, d{loss)/d(I') feeds into the frontalization layer and d(loss)/d(l)
is output in reverse direction to the layer that feeds this frontalization layer. In
some examples, through the use of partial derivatives, this differential image dI’
can then be linked back to the used sampling grid G resulting in the differential
sampling grid dG. In turn, the differential 2D sampling grid dG can be related
back as indicated by an arrow 218 to differentials in the pose parameters ©,
indicated by the differentials d© 222. The differential frontalized 2D image dI’
216 can likewise be related back to a differential 2D image dl as indicated by an
arrow 220. In some examples, the pose parameters © may only exist in the grid
generator G, which is indicated in Fig. 2 by the connection of the inward 206
and outward 222 going arrows for pose parameters with a dashed line 224. For
example, the pose parameters are internally used in the frontalization layer of
the example deep convolution layer of Fig. 1 above.

[0027] Accordingly, a backward pointing arrow for the dl of the frontalization
is absent in Fig. 1. This is because the input image has no free parameters that
need to be adjusted. In some examples, however, the frontalization layer could
alternatively be at other positions in the chain of layers of a deep convolutional
network. In those cases, a backward pointing arrow may be used to indicate the
relation back of parameters.

[0028] In some examples, pose parameters can be learned through error
minimization over training samples. For example, a given data set may include
10 individuals, with 25 poses for each individual. For example, the 25 poses
may include 5 elevation angles each at 5 azimuth angles. Each individual may
also be present 100 times in each pose. Thus, the training set may have a total

of 10 x 25 x 100 = 25,000 samples. The frontalization layer can be initialized
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using the identity transform, assuming only frontal poses. Any non-frontal face
that is presented to the network produces a large error for a given loss function
on the output when compared to the frontal view. For example, the non-frontal
face may have an azimuth angle of 10 degrees and an elevation angle 5
degrees. This error can be can be calculated at another layer and back-
propagated through the deep convolutional network to correct the seven
parameters in the frontalization layer. For example, the error can be calculated
at the loss layer of Fig. 1 above. Thus, the parameters of the frontalization layer
can be trained using any suitable training set. Moreover, the learning of
individualized parameters for the transform can compensate for any
inaccuracies of the mean 3D face model.

[0029] Fig. 3 is a block diagram of a system that can frontalize objects
detected within an image. The system is generally referred to by the reference
number 300.

[0030] The system 300 may include a computing device 302, and one or
more client computers 304, in communication over a network 306. As used
herein, a computing device 302 may include a server, a personal computer, a
tablet computer, and the like. As illustrated in Fig. 3, the computing device 302
may include one or more processors 308, which may be connected through a
bus 310 to a display 312, a keyboard 314, one or more input devices 316, and
an output device, such as a printer 318. The input devices 316 may include
devices such as a mouse or touch screen. The processors 308 may include a
single core, multiples cores, or a cluster of cores in a cloud computing
architecture. In some examples, the processors 308 may include a graphics
processing unit (GPU). The computing device 302 may also be connected
through the bus 310 to a network interface card (NIC) 320. The NIC 320 may
connect the computing device 302 to the network 306.

[0031] The network 306 may be a local area network (LAN), a wide area
network (WAN), or another network configuration. The network 306 may
include routers, switches, modems, or any other kind of interface device used
for interconnection. The network 306 may connect to several client computers

304. Through the network 306, several client computers 304 may connect to
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the computing device 302. Further, the computing device 302 may access
images across network 306. The client computers 304 may be similarly
structured as the computing device 302.

[0032] The computing device 302 may have other units operatively coupled
to the processor 308 through the bus 310. These units may include non-
transitory, tangible, machine-readable storage media, such as storage 322. The
storage 322 may include any combinations of hard drives, read-only memory
(ROM), random access memory (RAM), RAM drives, flash drives, optical drives,
cache memory, and the like. The storage 322 may include a store 324, which
can include any images captured or generated in accordance with an
embodiment of the present techniques. Although the store 324 is shown to
reside on computing device 302, a person of ordinary skill in the art would
appreciate that the store 324 may reside on the computing device 302 or any of
the client computers 304.

[0033] The storage 322 may include a plurality of modules 326. For
example, the modules 326 may be a set of instructions stored on the storage
device 322, as shown in Fig. 3. The instructions, when executed by the
processor 308, may direct the computing device 302 to perform operations. In
some examples, the instructions can be executed by a graphics processing unit
(GPU). In some examples, the grid generator 328, rasterizer 330, and/or task
performer 332 may be implemented as logic circuits or computer-readable
instructions stored on an integrated circuit such as an Application Specific
Integrated Circuit (ASIC), a Field Programmable Gate Array (FPGA), or other
type of processor. The grid generator 328 can receive an image of an object
and a three-dimensional (3D) model of the object. For example, the 3D model
can represent a mean object based on 3D point cloud representations of a
plurality of objects. In some examples, the objects may be faces. The grid
generator 328 can also estimate a pose of the object in the image based on
estimation of a plurality of parameters. For example, the parameters can
include four parameters describing a quaternion to represent a 3D rotation and
three components of a vector representing a 3D translation. In some examples,

the plurality of parameters describe a 3D rotation and 3D translation. For
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example, the plurality of parameters can be learned via error minimization over
a plurality of training samples. In some examples, the grid generator 328 can
generate a two-dimensional sample grid based on the estimated pose
parameters. The rasterizer 330 can generate a frontalized image of the object
based on the estimated pose and the 3D model of the object.

[0034] The task performer 332 can detect an object in another image based
on a comparison with the frontalized image. In some examples, the task
performer 332 can identify a person in another image based on the frontalized
image. In some examples, the task performer 332 can verify that a person
appears in another image based on the frontalized image. In some examples,
the task performer can detect a frontalized face within an image. The client
computers 304 may include storage similar to storage 322. For example, the
storage may be the non-transitory, tangible computer-readable medium of Fig. 5
below.

[0035] Fig. 4 is a process flow diagram showing a method of generating
frontalized images of objects. The example method is generally referred to by
the reference number 400 and can be implemented using the processor 308 of
the example system 300 of Fig. 3 above.

[0036] At block 402, the processor receives an image of an object and a
three-dimensional (3D) model of the object. For example, the object can be the
face of a person. The 3D model can be a face model. For example, the face
model may represent a mean face based on 3D point cloud representations of a
plurality of faces.

[0037] At block 404, the processor estimates a pose of the object in the
image based on estimation of a plurality of parameters. For example, the
plurality of parameters describe a 3D rotation and 3D translation and are to be
learned via error minimization over a plurality of training samples. In some
examples, the processor can receive a differential frontalized image and project
back a differential sample grid to generate a plurality of differential pose
parameters to be used to generate a set of new pose parameters. In some
examples, the processor can receive a differential frontalized image and

projecting back a differential image. For example, the differential frontalized
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image may be received from a layer of a deep convolutional network and the
differential image sent to another layer of the deep convolutional network.
[0038] At block 406, the processor generates a frontalized image of the
object based on the estimated pose and the 3D model of the object. For
example, the processor can rasterize the frontalized image through a bilinear
interpolation of the model of the object into a two-dimensional image space.
[0039] At block 408, the processor detects, identifies, or verifies an object
based on the frontalized image. For example, the processor can detect a face
in an image based on the frontalized image. In some examples, the processor
can identify a person in an image based on the frontalized image. In some
examples, the processor can verify that a person appears in an image based on
the frontalized image.

[0040] This process flow diagram is not intended to indicate that the blocks
of the example method 400 are to be executed in any particular order, or that all
of the blocks are to be included in every case. Further, any number of
additional blocks not shown may be included within the example method 400,
depending on the details of the specific implementation.

[0041] Fig. 5is a block diagram showing a non-transitory, tangible computer-
readable medium that stores code for frontalization. The non-transitory, tangible
computer-readable medium is generally referred to by the reference number
500.

[0042] The non-transitory, tangible computer-readable medium 500 may
correspond to any storage device that stores computer-implemented
instructions, such as programming code or the like. For example, the non-
transitory, tangible computer-readable medium 500 may include one or more of
a non-volatile memory, a volatile memory, and/or one or more storage devices.
[0043] Examples of non-volatile memory include, but are not limited to,
electrically erasable programmable read only memory (EEPROM) and read only
memory (ROM). Examples of volatile memory include, but are not limited to,
static random access memory (SRAM), and dynamic random access memory

(DRAM). Examples of storage devices include, but are not limited to, hard
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disks, compact disc drives, digital versatile disc drives, and flash memory
devices.

[0044] A processor 502 generally retrieves and executes the computer-
implemented instructions stored in the non-transitory, tangible computer-
readable medium 500 for frontalization of faces in images. A grid generator
module 504 can receive an image of a face and a three-dimensional (3D) face
model. In some examples, the module 504 can estimate a pose of the face in
the image based on estimation of a plurality of parameters. The plurality of
parameters can be learned via error minimization over a plurality of training
samples. For example, the plurality of parameters may describe a 3D rotation
and 3D translation. In some examples, the 3D rotation parameters may be four
quaternions.

[0045] A rasterizer module 506 can generate a frontalized image of the face
based on the estimated pose and the 3D face model. In some examples, the
rasterizer module 506 can receive a differential frontalized image and project
back a differential sample grid to generate a plurality of differential pose
parameters to be used to generate a set of new pose parameters. For example,
the new pose parameters can be used to generate an updated frontalized
image. In some examples, the rasterizer module 506 can rasterize the
frontalized image via a bilinear interpolation of the 3D face model into a two-
dimensional image space. In some examples, the rasterizer module 508 can
receive a differential frontalized image and project back a differential image.
[0046] A task module 508 can detect a face in another image based on the
frontalized image. For example, the face can be detected in a particular portion
of the other image. In some examples, the task module 508 can also identify a
person in another image based on the frontalized image. For example, given a
particular person’s face stored in a database of frontalized images, the same
person’s face can be identified in additional images based on the frontalized
image. In some examples, the task module 508 can verify that a person
appears in another image based on the frontalized image. For example, the
task module 508 can be used to compare faces having different poses in two

images.
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[0047] Although shown as contiguous blocks, the software components can
be stored in any order or configuration. For example, if the computer-readable
medium 500 is a hard drive, the software components can be stored in non-
contiguous, or even overlapping, sectors.

[0048] The present techniques are not restricted to the particular details
listed herein. Indeed, those skilled in the art having the benefit of this disclosure
will appreciate that many other variations from the foregoing description and
drawings may be made within the scope of the present techniques.

Accordingly, it is the following claims including any amendments thereto that

define the scope of the present techniques.



WO 2017/131672 PCT/US2016/015181

-14-
CLAIMS
What is claimed is:
1. A method for generating pose frontalized images of objects, comprising:

receiving an image of an object and a three-dimensional (3D) model of the
object;

estimating, via a processor, a pose of the object in the image based on
estimation of a plurality of parameters, wherein the plurality of
parameters describe a 3D rotation and 3D translation and are to be
learned via error minimization over a plurality of training samples; and

generating, via the processor, a frontalized image of the object based on the

estimated pose and the 3D model of the object.

2. The method of claim 1, wherein learning the plurality of parameters
further comprises receiving a differential frontalized image and projecting back a
differential sample grid to generate a plurality of differential pose parameters to

be used to generate a set of new pose parameters.

3. The method of claim 1, wherein generating the frontalized image further
comprises rasterizing the frontalized image via a bilinear interpolation of the

model of the object into a two-dimensional image space.

4. The method of claim 1, further comprising receiving a differential

frontalized image and projecting back a differential image.

5. The method of claim 1, further comprising detecting a face in another
image based on the frontalized image, identifying a person in another image
based on the frontalized image, verifying that a person appears in another

image based on the frontalized image, or any combination thereof.
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6. A system for generating pose frontalized images of objects, comprising:

a grid generator to receive an image of an object and a three-dimensional
(3D) model of the object and estimate a pose of the object in the
image based on estimation of a plurality of parameters, wherein
the plurality of parameters describe a 3D rotation and 3D
translation and are to be learned via error minimization over a
plurality of training samples; and

a rasterizer to generate a frontalized image of the object based on the
estimated pose and the 3D model of the object.

7. The system of claim 6, wherein the grid generator is to further generate a

two-dimensional sample grid based on the estimated pose parameters.

8. The system of claim 6, further comprising a task performer to detect an
object in another image based on a comparison with the frontalized image,
identify a person in another image based on the frontalized image, verify that
the person appears in another image based on the frontalized image, or any

combination thereof.

9. The system of claim 6, wherein the 3D model represents a mean object

based on 3D point cloud representations of a plurality of objects.

10.  The system of claim 6, wherein the parameters comprise four
quaternions representing the 3D rotation and three components of a vector
representing the 3D translation.

11. A non-transitory, tangible computer-readable medium, comprising code
to direct a processor to:
receive an image of a face and a three-dimensional (3D) face model;
estimate a pose of the face in the image based on estimation of a

plurality of parameters, wherein the plurality of parameters
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describe a 3D rotation and 3D translation and are to be learned via
error minimization over a plurality of training samples; and
generate a frontalized image of the face based on the estimated pose

and the 3D face model.

12.  The non-transitory, tangible computer-readable medium of claim 11,
further comprising code to direct the processor to receive a differential
frontalized image and project back a differential sample grid to generate a
plurality of differential pose parameters to be used to generate a set of new

pose parameters.

13.  The non-transitory, tangible computer-readable medium of claim 11,
further comprising code to direct the processor to rasterize the frontalized image
via a bilinear interpolation of the 3D face model into a two-dimensional image

space.

14.  The non-transitory, tangible computer-readable medium of claim 11,
further comprising code to direct the processor to receive a differential

frontalized image and project back a differential image.

15.  The non-transitory, tangible computer-readable medium of claim 11,
further comprising code to direct the processor to detect the face in another
image based on the frontalized image, identify a person in another image based
on the frontalized image, verify that a person appears in another image based

on the frontalized image, or any combination thereof.
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