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METHODS AND SYSTEMS FOR OBJECT RECOGNITION IN LOW
ILLUMINATION CONDITIONS

STATEMENT OF GOVERNMENT INTEREST

This invention was made with government support under grant number W909MY-12-
D-0008 awarded by the Department of Defense Army Research Office. The government has

certain rights in the invention.

FIELD OF THE DISCLOSURE

The present disclosure contained herein is in the general field of imaging methods and

systems for 3D object recognition.

BACKGROUND OF THE DISCLOSURE

Imaging a scene in low illumination conditions using conventional image sensors that

operate in the visible spectrum is difficult as the captured images become read-noise
dominant. Thus, signal-to-noise ratio (SNR) suffers resulting in poor scene visualization in
addition to making object recognition a difficult task.

The electron-multiplying CCD cameras (EM-CCD) and scientific CMOS (sCMOS)
cameras, used to for imaging in low-light conditions, are expensive and bulky. In particular,
the EM-CCD needs to be cooled to around -55° C prior to operation. Night vision operates by
amplifying the number of photons in the scene. Accordingly, if too few photons are available,
an active near infrared source is required to illuminate the scene. Infrared cameras have a
lower resolution compared with visible range cameras and may require bulkier and more
expensive optics.

These and other needs are effectively addressed by the systems and methods of the

present disclosure.

SUMMARY OF THE DISCLOSURE

Embodiments of the present disclosure include systems and methods for detecting and
classifying 3D objects in a 3D scene in a range of illumination conditions including in low
illumination conditions using three-dimensional (3D) integral imaging (Inlm). Low
illumination conditions are defined as having low light flux in the scene resulting in degraded
captured images compromised by detector noise which may be very difficult to visualize

and/or recognize. Low cost passive image sensors that operate in visible spectrum can be
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used to capture elemental images of 3D scene in low illumination conditions. The image
sensors may also operate beyond the visible spectrum. The elemental images are read-noise
dominant. Additionally, 3D Inlm is naturally optimal in the maximum likelihood sense for
read-noise dominant image as this follows a Gaussian distribution. Upon 3D Inlm
reconstruction of the 3D scene, signal-to-noise ratio (SNR) increases resulting in improved
image visualization. The 3D scene can be de-noised with total-variation regularization using
an augmented Lagrange approach (TV-denoising). Regions of interest can be identified and
input into a trained convolutional neural network (CNN) for facial/object recognition. The
regions/objects may partially occluded from view. The CNN can be pre-trained specifically
for object recognition in low-light conditions by training the CNN using 3D reconstructed
images from elemental images obtained under low-light conditions. The claimed system can
perform object detection and classification in low light levels using the CNN trained in the
dark. As an example, an object can include physical objects such as human body parts. In this
regard, the claimed system can perform face detection and recognition in low illumination
conditions.

In one embodiment, an object recognition system, method, and computer readable
medium can detect objects in low illumination using 3D integral imaging. The system can
include a computing system including a database and hosting a deep learning engine which
implements a deep learning model and an object detection application. The system further
includes one or more image capturing devices in communication with the computing system.
The one or more image capturing devices are configured to capture plurality of elemental
images of a 3D scene including one or more objects and in low illumination levels, and
transmit the plurality of elemental images to the computing system. The 3D scene and/or
object(s) in the 3D scene may be partially occluded from view. The computing system is
configured to receive the plurality of elemental images of the 3D scene, reconstruct the 3D
scene using the plurality of elemental images of the 3D scene, and de-noise the reconstructed
3D scene. Of note, the illumination conditions associated with the elemental images received
by the computing system are unknown, i.e., illumination conditions are not transmitted to the
computing system for use in downstream processing operations by the computing system.
The computing system is configured to input the 3D scene in the object detection application
to identify one or more regions of interest in the 3D scene. The computing system is further
configured to retrieve a set of training data from the database, and train the deep learning

engine using the training data on at least one instance. The computing system can input the
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identified regions of interest in the deep learning engine. The computing system, via the deep
learning engine implementing the deep learning model can identify the one or more objects in
the one or more regions of interest.

The object detection application can be configured to detect regions of interest
including objects. The objects can include physical objects such as human body parts. As an
example, the object detection application can detect regions of interest with human faces.

The deep learning model can be a CNN. The training data includes a set of elemental
images including elemental images captured in various illumination levels below the
threshold amount and having various levels of SNR. The training data further includes
augmented (i.e., additional) data obtained by taking an original set of elemental images and
perturbing them by adding Gaussian noise, and then translating the perturbed data. The
computing system is configured to de-noise the reconstructed 3D scene using total-variation
regularization using an augmented Lagrange approach. The computing system is configured
to implement a virtual pinhole array. The computing system is configured to reconstruct the
3D image by back-propagating captured light rays from the plurality of elemental images
through the virtual pinhole to a specified depth plane at a specified distance. The one or more
image capturing devices is one or more of a lenslett array, an array of cameras, and a moving
camera. The plurality of elemental images of the 3D scene include elemental images
capturing the 3D scene from different perspectives. The one or more objects may include at
least one human face. The plurality of elemental images are one or more of a still image and a
moving image.

Additional advantageous features, functions and benefits of the present disclosure will
be apparent from the description which follows, particularly when read in conjunction with

the accompanying figures.

BRIEF DESCRIPTION OF THE DRAWINGS

Features and aspects of embodiments are described below with reference to the
accompanying drawings, in which elements are not necessarily depicted to scale.

Exemplary embodiments of the present disclosure are further described with reference
to the appended figures. It is to be noted that the various features, steps and combinations of
features/steps described below and illustrated in the figures can be arranged and organized
differently to result in embodiments which are still within the scope of the present disclosure.

To assist those of ordinary skill in the art in making and using the disclosed assemblies,
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systems and methods, reference is made to the appended figures, wherein:

Fig. 1 is a block diagram of the 3D scene capture and reconstruction in accordance

with an exemplary embodiment;

Fig. 2 illustrates 3D reconstructed images for training a CNN in accordance with an

exemplary embodiment;

Fig. 3 is a block diagram illustrating an object recognition system according to an

exemplary embodiment;

Fig. 4 illustrates sample elemental images with corresponding SNR and photon/pixel

in accordance with an exemplary embodiment;

Fig 5 illustrates three-dimensional (3D) reconstructed images in accordance with an

exemplary embodiment;

Fig. 6 illustrates graphs of SNR as illumination decreases and SNR as photons/pixels

increase in accordance with an exemplary embodiment;

Fig. 7 illustrates a block diagram of an example computing device for implementing

exemplary embodiments of the present disclosure;

Fig. 8 illustrates an exemplary process of the object recognition system in accordance

with an exemplary embodiment; and

Fig. 9 illustrates an exemplary process of the object recognition system in accordance

with an exemplary embodiment.

DETAILED DESCRIPTION OF THE DISCLOSURE

The exemplary embodiments disclosed herein are illustrative of methods and related
systems. Described herein is an object recognition system that is operable in a range of
illumination conditions including in low illumination conditions using 3D integral imaging.
Low illumination conditions are defined as having low light flux in the scene resulting in
degraded captured images compromised by detector noise which may be very difficult to
visualize and/or recognize. The system includes a computing system including a database and
hosting a deep learning engine, and an object detection application. The system further
includes one or more image capturing devices in communication with the computing system.
The one or more image capturing devices are configured to capture a plurality of elemental

images of a 3D scene including one or more objects and in an illumination level lower than a
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threshold amount, and transmit the plurality of elemental images to the computing system.
The 3D scene and/or the object(s) in the 3D scene may be partially occluded from view. The
computing system is configured to receive the plurality of elemental images of the 3D scene,
retrieve a set of training data from the database, train the deep learning engine using the
training data on at least one instance, reconstruct the 3D scene using the plurality of or more
elemental images of the 3D scene, de-noise the reconstructed 3D scene, input the 3D scene in
the object detection application to identify one or more regions of interest in the 3D scene and
identify the one or more objects in the 3D scene by inputting the one or more regions of
interest of the 3D scene in the deep learning engine.

The object detection application can be configured to detect regions of interest
including objects. The objects can include physical objects such as human body parts. As an
example, the object detection application can detect regions of interest with human faces. As
noted above, the region(s) of interest and/or object(s) may be partially occluded from view.

The claimed system can use integral imaging for object recognition in a 3D scene
which can perform efficiently in degraded environments because of the large number of
apertures used to capture scene information which can mitigate the effects of degradations
and obscurations of the scene. In this regard, object recognition under low light conditions is
possible using the 3D reconstructed scene. Regions of interest of the 3D reconstructed scene
can be found and inputted into a convolutional neural networks (CNN) (implemented by the
deep learning engine). This CNN can be pre-trained specifically for low-light facial
recognition by training the CNN using 3D reconstructed images after de-noising from
elemental images obtained under low-light conditions having different SNRs. As the CNN
has detected and/or seen objects obtained under various illumination conditions, it is possible
to quickly perform object recognition.

The claimed system can use 3D integral imaging to classify objects in a scene under
low illumination conditions using passive imaging sensors that operate in the visible
spectrum. The disclosed passive imaging sensors may operate in other spectra across the
electromagnetic spectrum, i.e., beyond the visible spectra. For example, in addition to
operating in the visible spectrum, the disclosed passive imaging sensors may operate in
spectra that include infrared, ultraviolet, x-ray wavelengths, or some combination thereof.
The disclosed passive imaging sensors may also be effective for hyperspectral imaging. The
2D elemental images are read-noise dominant. Upon 3D Inlm reconstruction, signal-to-noise

ratio increases resulting in improved image visualization. The 3D scene can be de-noised
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with total-variation regularization using an augmented Lagrange approach (TV-denoising).
Regions of interest can be obtained to detect faces in the 3D scene using the Viola-Jones
object detection framework which are then inputted into a trained CNN for facial/object
recognition. The CNN can be trained specifically for low-light facial/object recognition by
training the CNN using 3D reconstructed images after TV-denoising from elemental images
obtained under low-light conditions having different SNRs.

Fig. 1 is a block diagram of the 3D scene 108 capture and reconstruction in
accordance with an exemplary embodiment. In one embodiment, 3D integral imaging (Inlm)
can be used to capture a 3D scene 108. It can be appreciated that the 3D scene 108 can
include humans and other physical objects. The 3D scene 108 can be a still or moving scene.
Integral imaging uses many apertures such as an MxN array of image capturing devices 102
to capture the 3D scene 108 and create 3D reconstructions of the 3D scene where M and N
denote the number of cameras in the x- and y- directions, respectively. Capturing the 3D
scene 108 can be implemented in a 3D Inlm pickup stage 100. The 3D Inlm pickup stage 100
can include image capturing devices 100 such as a lenslett array, an array of cameras, or a
moving camera to capture multiple 2D images of different perspectives of the 3D scene 108,
known or elemental images. Each lens or lenslet 104 can contain a unique projective
transformation that maps the 3D scene 108 onto the elemental images and is a function of the
lens or lenslet 104 position and the focal length. For example, the lens or lenslet 104 can
capture the 3D scene 108 at different angles and positions as shown by the projected rays
109. As aresult, an array of inverted real images is formed on an image sensor 106 of the
image capturing devices 102. The 3D Inlm pickup stage 100 captures both intensity and
angular information during the integral imaging.

Once the elemental images have been acquired, the 3D scene 108 can be
reconstructed. During the 3D Inlm reconstruction phase 110, the 3D scene 108 can be
reconstructed by back-propagating (or back-projecting) the captured light rays 111 through a
virtual pinhole 114 of a virtual pinhole array 112 to a particular depth plane a distance z
away. As an example, the 3D Inlm reconstruction phase 110 can include a depth plane 118 at
depth 1 and a depth plane 119 at depth 2.

The 3D Inlm reconstruction phase 110 can use a computer synthesized virtual pinhole
array 112 for inverse mapping of each elemental image into the object space. The virtual
pinhole array 112 can include virtual pinholes 114. Each of the elemental images are

computationally overlapped afterward. The intensity distribution can be reconstructed at
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arbitrary planes inside the 3D object volume (of the 3D objects in the 3D scene 108). The 3D
scene 108 includes depth information that can be recovered by post-processing the elemental
images. Each elemental image is back-projected through its own viewpoint on the particular
depth plane (e.g., depth plane 118 or depth plane 119). The chief ray, R; 120 from the object
surface in 3D space (x,y,z) at location (xy, vy, zo) with azimuth angle &;and zenith angle ¢, can

be imaged by the i-th lens located at (x;,y;,z;) and arriving at the sensor plane at (7, ).

In one embodiment, using the elemental images, the 3D Inlm reconstruction phase
110 can be performed optically or computationally. Computational 3D Inlm reconstruction is

implemented as follows:

K-18-1 L % L x
I(x,y;z)= ! E" (x—k Py py} @

where (x, y) is pixel index, z is reconstruction distance, O(x, y) is the overlapping
number on (x, ) , K and B are the total number of elemental images obtained in each column
and row, respectively; E?is the elemental image in the kth column and bth row, L, and L,
are the total number of pixels in each column and row, respectively, for each Ej,, M is the
magnification factor and equals z/ g, g is the focal length, p, and p, is the pitch between

image sensors, ¢y and c, are the size of the image sensor 106.

A captured image can be defined as E(x,y) = I(x,y)r(x,y) where 1(x,y)>0 is the
illumination factor and r(x,y) is the reflection coefficient between 0 and 1. As the illumination
for the 3D scene 108 decreases, the reflection coefficient diminishes. Moreover, read-noise
becomes greater for the 3D scene 108 than the 3D scene 108 signal hindering adequate scene
visualization. Accordingly, the captured image becomes read-noise dominant. Read-noise
results from on-chip sensor noise, is additive, and can be modeled as a zero-mean Gaussian

distribution. Using Equation 1, the 3D Inlm reconstruction of the 3D scene with read-noise is:

O(X’)’) k=0 5=0 '
L e 2
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where & (x',y'}is zero mean additive Gaussian noise (i.e. read noise) for the elemental

image in the kth column and bth row at location (x,y'), x'=x—k(L,xp,)/(c,xM) and
y'=y—k(Ly><py)/(cy><M).
Taking the variance of Equation 2, the variance of the noise component for a fixed z,

assuming that noise is wide sense stationary, is:

K-1B-1
var[ 1 sf*b(x',y')} Lo,

O(x,y) k=0 b=0 O(X’y) (3)

where var(.) is variance and & is the variance of the read-noise.

As the number of overlapping images increases, the variance or noise power, of the
read noise decreases. 3D Inlm reconstruction is naturally optimal in the maximum-likelihood
sense for read-noise limited images as the distribution is approximately Gaussian. Without

photon counting devices to measure the flux density, the SNR of the image is estimated as:

s~ (52} (D) @

where g; is the average power of the object region in the elemental image, <N%> is average noise
power defined as <N2> = (®,+ Dp)Qct + Dt + n,%, where ®, and P, are the photon flux of the object
and background (photons/pixel/second), D is dark current (electrons /pixel/second), Q. is the quantum
efficiency (electrons/photons), t is exposure time (seconds), n, is read noise (RMS electrons/

pixel/second), and <> denotes mean ensemble, respectively.
The number of photons per pixel (Npnoons) can be estimated as:

®r=N, _~SNRxn /0., %)

photons

where Nphotons 18 the estimated number of photons.

FIG. 2 is a block diagram illustrating the object recognition system 250 according to
an exemplary embodiment. The object recognition system 250 can include one or more
databases 205, one or more servers 210, one or more computing systems 200, and one or
more image capturing devices 102. The computing system 200 can be in communication with
the databases 2035, the server(s) 210, and the image capturing devices 102, via a
communications network 215. In one embodiment, the image capturing devices 102 can be

directly connected to the computing system 200. The computing system 200 can implement
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at least one instance of a control engine 220. The routing engine can be an executable
application configured to implement the object recognition system 250. The control engine
220 can also execute a deep learning engine 222. The deep learning engine 222 can
implement deep learning algorithms (i.e., a deep learning model) to implement the object
recognition system 250. The computing system 200 can further execute a virtual pinhole
array 112, and an object detection application 230. The object detection application can be
configured to detect regions of interest including objects in a 3D scene. The objects can
include physical objects such as human body parts. As an example, the object detection
application can detect regions of interest with human faces. The region(s) of interest and/or

the object(s) may be partially occluded from view.

In an example embodiment, one or more portions of the communications network 215
can be an ad hoc network, an intranet, an extranet, a virtual private network (VPN), a local
area network (LAN), a wireless LAN (WLAN), a wide area network (WAN), a wireless wide
area network (WWAN), a metropolitan area network (MAN), a portion of the Internet, a
portion of the Public Switched Telephone Network (PSTN), a cellular telephone network, a
wireless network, a WiFi network, a WiMax network, any other type of network, or a

combination of two or more such networks.

The computing system 200 includes one or more processors configured to
communicate with the databases 205 and image capturing devices 102 via the network 215.
The server 210 hosts one or more applications configured to interact with one or more
components of the object recognition system 250. The databases 205 may store
information/data, as described herein. For example, the databases 205 can include a training
data database 225, a 3D scenes database 225, and a regions of interest (ROI) database 240.
The training data database 225 can store information associated with training data for training
deep learning algorithms such as CNN. The 3D scene database 225 can store data associated
with 3D scenes. The ROI database 240 can store data associated with regions of interest in a
3D scene. The databases 205 and server 210 can be located at one or more geographically
distributed locations from each other or from the computing system 200. Alternatively, the

databases 205 can be included within server 210 or computing system 200.

In one embodiment, the one or more image capturing devices 102 can capture a 3D

scene by capturing a plurality of elemental images capturing different perspectives of the 3D
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scene, using 3D Inlm. As a non-limiting example, a 3D scene can be reconstructed using at
least two elemental images. The 3D scene can be captured in an illumination level lower than
a threshold amount. The low illumination levels can have low light flux. In one embodiment,
the elemental images can be 2D. The one or more image capturing devices 102 can be one or
more of a lenslett array, an array of cameras, and a moving camera. The 3D scene can include
one or more objects. The objects can include human faces. The one or more image capturing

devices 102 can transmit the captured elemental images to the computing system 300.

The computing system 300 can execute the control engine 220 in response to
receiving the elemental images of the 3D scene. The control engine 220 can implement the
virtual pinhole array 112 to reconstruct the 3D scene using the elemental images, using 3D
Inlm. As described above, the 3D scene can be reconstructed by back-propagating (or back-
projecting) the captured light rays of the elemental images through a virtual pinhole of a
virtual pinhole array 112 to a particular depth plane a specified distance away. In one
embodiment, the control engine 220 can store the reconstructed 3D scene in the 3D scene
database 235. It can be appreciated, the 3D scene can be reconstructed optically and

computationally.

The reconstructed 3D scene can have an increased SNR resulting in improved image
visualization. The control engine 220 can de-noise the reconstructed 3D scene using total-
variation regularization using an augmented Lagrange approach (TV-denoising). As an
example, the reconstructed 3D scene can have high Gaussian noise. Gaussian noise can be
caused by camera sensor due to the low illumination conditions. The augmented Lagrange
approach can be used for image restoration and to solve space-time TV minimization
problems of motion blur and noise. By using the total-variation regularization using an
augmented Lagrange approach on the reconstructed 3D scenes, the control engine 220 can

reduce and/or eliminate the blur and noise in the reconstructed 3D scene.

Once the reconstructed 3D scene has been de-noised, the control engine 220 can input
the image in the object detection application 230 to identify regions of interest. The object
detection application 230 can implement a Viola-Jones face detector. The Viola-Jones face
detector uses a face detection style algorithm which combines motion and image intensity
information to detect regions of interest such as human faces in an image (or moving image).

The Viola-Jones face detector uses rectangle filters to detect regions of interest such as

10
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human faces in the image (or moving image). In response to the object detection application
230 detecting the regions of interest, the control engine 220 can input the regions of interest
in the deep learning engine 222 to identify and classify the objects such as human faces. In
one embodiment, the control engine 220 can store the regions of interest in the ROI database
240. As described above, it can be appreciated that the object detection application can be
configured to detect regions of interest including objects. The objects can be any particular

physical objects including human faces.

The deep learning engine 222 can implement a trained CNN. CNN is a type of deep
learning architecture which can be used for analyzing imagery. CNN can be trained on low
illumination data for object/face recognition from the regions of interest. Feature extraction
when implementing CNN is not needed at the expense of computational complexity. The
CNN can be trained using training data. For example, the control engine 220 can retrieve
training data from the training data database 225. The training data can be training images
were 3D Inlm reconstructed images of faces/objects after TV-denoising obtained under
different illumination conditions. Training in photon-starved environments can improve the
classifier’s (i.e., CNN’s) ability to discern between different faces/objects in low illumination

conditions.

As non-limiting example, training data can be generated by the image capturing
devices 102 capturing elemental images of a 3D scene at varying illumination levels. The
image capturing devices 102 can transmit the images to the computing system. The control
engine 220 can reconstruct the 3D scene using the virtual pinhole array (as described above).
The control engine 220 can de-noise the reconstructed 3D scene using TV-denoising. The
reconstructed and de-noised 3D scene can be embodied as training data and can be used to

train the CNN. The control engine 220 can store the training data in the training data database

225

As a non-limiting example, normalized correlation can used to demonstrate the
difficulty in discriminating faces under low illumination conditions. With reference to Fig. 3,
image 300, 302, and 304 are images of people in low illumination conditions. Image 300
shows a 3D reconstruction reference image at z = 4.5 m after TV-denoising obtained using
elemental images under an SNR of 10.41 dB. The image 300 can be correlated with 3D

reconstructed images after TV-denoising whose elemental images were obtained under an

11
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SNR of -12.75 dB, shown in image 302 (true class object) and 304 (false class object), with
correlation values of 0.58 and 0.48, respectively. Accordingly, it is difficult to discriminate
objects under low-light conditions without training the classifier information about what
object appears in low-light. Image 300 can correlate well with both image 302 and image 304

even though the person in image 304 is a different than the person in image 300 and image

302.

With reference to Fig. 2, in response to inputting the regions of interest into the deep
learning engine 222, the deep learning engine 222 can identify and classify faces/objects from
the regions of interest. As a non-limiting example, the deep learning engine 222 can execute
face recognition from the regions of interest. It can be appreciated the deep learning engine

222 can implement other deep learning or machine learning architectures.

As a non-limiting example, the image capturing devices 102 can be embodied as
Allied Vision Mako-192 camera with 86.4 mm x 44 mm x 29 mm camera dimensions, in the
object recognition system 250. Additionally, the sensor (image sensor 106 of the image
capturing devices 102 as shown in FIG. 1) can be embodied as an e2v EV 76C570 and a
CMOS sensor type. The F/# is F/1.8 can be a focal length of 50 mm, pixel size of 4.5 um x
4.5 um, sensor size of 7.2 mm (H) x 5.4 mm (V), and image size of 1600 (H) x 1200 (V). The
camera read-noise can be 20.47 electrons/pixel/sec and the quantum efficiency at 525 nm can
be 0.44 electron/photons. A gain of 0 can be used. The 3D Inlm setup in this non-limiting
example, includes 72 elemental images using 3 x 24 array with 10 mm (H) x 80 mm (V) a

pitch and exposure time of 0.015 s.

In this non-limiting example, the conditions for capturing the 3D include low
illumination conditions and include a 3D Inlm setup with 6 subjects (i.e., objects/faces)
located a distance 4.5 m away from the camera array (i.e., image capturing devices 102). Of
note, the disclosed systems and methods are operable regardless of the distance of the
object(s) from the image capturing device(s). Thus, the object(s) in a scene may be located
an arbitrary distance within the field of view (FOV) of the imaging capturing device(s)
according to the disclosed systems and methods, i.e., the disclosed systems/methods are not
dependent on the object(s) being a predetermined distance from the imaging capturing

device(s) for the disclosed system/method to be efficacious.
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Each subject can be captured under different illumination conditions resulting in
different SNR levels. The illumination conditions can be altered by adjusting the intensity of
a light source. With reference to FIGS. 4 and 5, image 400 in FIG. 4 depicts the elemental
image with an SNR of 10.41 dB (i.e. good illumination) and image 500 in FIG. 5 shows the
3D reconstructed image (of the image 400 in FIG. 4) at z =4.5 m with an SNR of 12.39 dB.

Prior to 3D reconstruction, the elemental images can be registered and aligned due to
the conditions (e.g., unbalanced camera array). Fifty bias frames can be taken and averaged
for each camera in the camera array and subtracted from the elemental images. The SNR can
be computed by assuming <g02> is the object (i.e., the person’s face) while <N*> is an area of
scene that is completely dark. The elemental images acquired using the 3D Inlm under low
illumination conditions are shown in FIG. 4 images 402-410. In FIG 4 image 402, the SNR
can be 1.20 dB with approximately 48.75 photons/pixel on the object. The person captured is
still visible. In FIG. 4 image 404, the SNR decreases to -9.13 dB with 19.26 photons/pixel.

The average power of object is lower than the noise power for the images shown in

FIG. 2 (d)-(f). As aresult, SNR cannot be computed as <N2> g <g‘§ >msulting in an imaginary

number in Equation 4.

With reference to FIG. 5, 3D reconstructed images corresponding to the elemental
images shown in FIG. 4 images 400-410, at z= 4.5 m are shown. In FIG. 5 images 502-510,
the SNR increases to 8.93 dB, 0.96 dB, -5.28 dB, -9.67 dB, and -12.38 dB, respectively.
Moreover, the corresponding photons/pixel for FIG. 5 images 502-510 can be 130.02, 51.95
photons/pixel, 25.34 photons/pixel, 15.27 photons/pixel, and 11.18 photons/pixel,

respectively.

With reference to FIG. 6 depicts a first graph 600 of SNR as a function of decreasing
illumination and a second graph 602 displaying SNR (in dB) as a function of the number of
photons/pixel. In the first graph 600, the SNR of the 3D reconstructed images is higher than
that of the 2D elemental images. The SNR may not be computed for elemental images with
SNRs below -21.35 dB as the noise can be greater than the signal. With reference to the
second graph 602, the 3D reconstructed images have a higher number of photons/pixel

relative to their corresponding 2D elemental image.
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Continuing with the non-limiting example, a CNN implemented by the deep learning
engine 222, can be trained to perform facial recognition using data from the 3D Inlm
reconstructed data. A data set (i.e., training data set retrieved from the training data database
225) can include 6 different subjects, and 17 different illumination conditions acquired using
the 3D InIm. The images can be then computationally reconstructed over distances of 4 m to
5 meters with a step size of 50 mm where the true object distance can be 4.5 meter. The
dataset can be split into testing and training whereas 4 randomly chosen illumination
conditions having SNRs of approximately -1.41 dB, -8.322 dB, -8.971 dB, and -12.75 dB
may not be used to train the classifier and the other 13 illumination conditions were used for
training. The training images can be grayscale images of size 256 x 256 pixels and can be
perturbed by adding additive Gaussian noise with mean O and standard deviation of 0.01,
0.05 and 0.1, rotated -1, -0.5, 0.5 and 1 degrees, and translated -5, -3, 3, and 5 pixels in both
the x- and y- directions generating a total of 29,232 images. The data can be then de-noised
using total-variation regularization using an augmented Lagrange approach with a
regularization parameter of 20000 (as shown in FIG. 3 302). The CNN can include a
convolution layer [13 x 13, 20 filters], rectified linear unit layer (ReLU), 2 x 2 max pooling,
convolution layer [11 x 11, 20 filters], ReLU, 2 x 2 max pooling, fully connected layer, and a
SoftMax layer [6 outputs]. For training, stochastic gradient descent can be used with a
learning rate of .0001 and a maximum of 10 epoch used along with the cross-entropy metric
to evaluate model performance. In total, the model can take approximately 4 hours to train on
a high performance computer utilizing a GPU Tesla K40m running CUDA 8.0 and
implemented using MATLAB.

For classification, regions of interest of the 3D reconstructed image including of
information from 72 elemental images can be considered to reduce the size of the input
image. The 3D reconstructed image can be de-noised using total-variation regularization
using an augmented Lagrange approach (i.e., TV-denoising) with a regularization parameter
of 20000. The object detection application 230 implementing the Viola-Jones face detector
can be used to find regions of interest. The regions of interest can be input into the pre-trained
CNN classifier. This process can be repeated over all z. In the event, the same face appears in
the same region and detected over multiple depths, the face with the highest mean value can
be assumed to be the correct reconstruction depth as. The correct reconstruction depth is

assumed to be signal plus noise whereas incorrect depths can be considered noise.
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Table 1. summarizes the results of classifying the regions of interest using CNN.

Predicted

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6
Class 1 4 0 0 0 0 0
Class 2 0 4 0 0 0 0
Actual Class 3 0 0 4 0 0 0
Class 4 0 0 0 4 0 0
Class 5 0 0 0 0 4 0
Class 6 0 0 0 0 0 4

Table 1. Face detection results using CNN under low illumination conditions using 3D reconstructed
images
FIG. 7 is a block diagram of an exemplary computing device suitable for use in an

embodiment. The computing device 700 may be, but is not limited to, a smartphone, laptop,
tablet, desktop computer, server or network appliance. The computing device 700 can be
embodied as part of the computing system. The computing device 700 includes one or more
non-transitory computer-readable media for storing one or more computer-executable
instructions or software for implementing exemplary embodiments. The non-transitory
computer-readable media may include, but are not limited to, one or more types of hardware
memory, non-transitory tangible media (for example, one or more magnetic storage disks,
one or more optical disks, one or more flash drives, one or more solid state disks), and the
like. For example, memory 706 included in the computing device 700 may store computer-
readable and computer-executable instructions or software (e.g., applications 730 such as the
control engine 220, deep learning engine 222, virtual pinhole array 112, and object detection
application 230) for implementing exemplary operations of the computing device 700. The
computing device 700 also includes configurable and/or programmable processor 702 and
associated core(s) 704, and optionally, one or more additional configurable and/or
programmable processor(s) 702’ and associated core(s) 704’ (for example, in the case of
computer systems having multiple processors/cores), for executing computer-readable and
computer-executable instructions or software stored in the memory 706 and other programs
for implementing exemplary embodiments of the present disclosure. Processor 702 and
processor(s) 702’ may each be a single core processor or multiple core (704 and 704”)
processor. Either or both of processor 702 and processor(s) 702° may be configured to

execute one or more of the instructions described in connection with computing device 700.
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Virtualization may be employed in the computing device 700 so that infrastructure
and resources in the computing device 700 may be shared dynamically. A virtual machine
712 may be provided to handle a process running on multiple processors so that the process
appears to be using only one computing resource rather than multiple computing resources.

Multiple virtual machines may also be used with one processor.

Memory 706 may include a computer system memory or random access memory,
such as DRAM, SRAM, EDO RAM, and the like. Memory 706 may include other types of

memory as well, or combinations thereof.

A user may interact with the computing device 700 through a visual display device
714, such as a computer monitor, which may display one or more graphical user interfaces
716, multi touch interface 720, a pointing device 718, an image capturing device 734 and a

scanner 732.

The computing device 700 may also include one or more computer storage devices
726, such as a hard-drive, CD-ROM, or other computer readable media, for storing data and
computer-readable instructions and/or software that implement exemplary embodiments of
the present disclosure (e.g., applications). For example, exemplary storage device 726 can
include one or more databases 728 for storing information regarding training data, 3D scenes,
and objects. The databases 728 may be updated manually or automatically at any suitable

time to add, delete, and/or update one or more data items in the databases.

The computing device 700 can include a network interface 708 configured to interface
via one or more network devices 724 with one or more networks, for example, Local Area
Network (LAN), Wide Area Network (WAN) or the Internet through a variety of connections
including, but not limited to, standard telephone lines, LAN or WAN links (for example,
802.11, T1, T3, 56kb, X.25), broadband connections (for example, ISDN, Frame Relay,
ATM), wireless connections, controller area network (CAN), or some combination of any or
all of the above. In exemplary embodiments, the computing system can include one or more
antennas 722 to facilitate wireless communication (e.g., via the network interface) between
the computing device 700 and a network and/or between the computing device 700 and other
computing devices. The network interface 708 may include a built-in network adapter,
network interface card, PCMCIA network card, card bus network adapter, wireless network

adapter, USB network adapter, modem or any other device suitable for interfacing the
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computing device 700 to any type of network capable of communication and performing the

operations described herein.

The computing device 700 may run any operating system 710, such as versions of the
Microsoft® Windows® operating systems, different releases of the Unix and Linux operating
systems, versions of the MacOS® for Macintosh computers, embedded operating systems,
real-time operating systems, open source operating systems, proprietary operating systems, or
any other operating system capable of running on the computing device 700 and performing
the operations described herein. In exemplary embodiments, the operating system 710 may be
run in native mode or emulated mode. In an exemplary embodiment, the operating system

710 may be run on one or more cloud machine instances.

FIG. 8 is a flowchart illustrating an exemplary process of the object detection system
in accordance with an exemplary embodiment. In operation 800, one or more image
capturing devices (e.g., image capturing devices 102 as shown in FIGS. 1-2) can capture a
plurality of elemental images of a 3D scene (e.g., 3D scene 108 as shown in FIG. 1) including
one or more objects. The 3D scene can be captured in an illumination level than a threshold
amount. In operation 802, the one or more image capturing devices can transmit the
elemental images to a computing system. The computing system can include a database host
a deep learning engine (e.g., deep learning engine 222 as shown in FIG. 2) and an object
detection application 230 (e.g., object detection application 230 as shown in FIG. 2). In
operation 804, the computing system can receive the plurality of elemental images of the 3D
scene. The illumination conditions associated with the elemental images received by the
computing system are unknown, i.e., illumination conditions are not transmitted to the
computing system for use in downstream processing operations by the computing system. In
operation 806, the computing system can reconstruct the 3D scene using the plurality of
elemental images of the 3D scene. In operation 808, the computing system can de-noise the
reconstructed 3D scene. In operation 810, the computing system can input the 3D scene in an
object detection application to identify one or more regions of interest in the 3D scene. In
operation 812, the computing system can retrieve a set of training data from the database
(e.g., training data database 225 as shown in FIG. 2). In operation 814, the computing system
can train the deep learning engine using the training data on at least one instance.
Accordingly, once the deep learning engine is trained, it generally need not be retrained for

future implementations of the disclosed system/method. In operation 816, the computing
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system can input the one or more identified regions of interest in the deep learning engine. In
operation 818, the computing system, via the deep learning engine, can identify the one or

more objects the one or more regions of interest.

FIG. 9 is a flowchart illustrating an exemplary process of the object detection system
in accordance with an exemplary embodiment. The object detection system can be
implementing by executing process 900 and process 902. In process 900 and in operation
904, one or more image capturing devices (e.g., image capturing devices 102 as shown in
FIG. 1 and 2) can capture elemental images of a 3D scene (e.g., 3D scene 108 as shown in
FIG. 1) in various perspectives and transmit the elemental images to a computing system
(e.g., computing system 200 as shown in FIG. 2). The computing system can host virtual
pinhole array (e.g., virtual pinhole array 112), a deep learning engine (e.g., deep learning
engine 222 as shown in FIG. 2), and an object detection application (e.g., object detection
application 230 as shown in FIG. 2). In operation 906, the computing system can reconstruct
the 3D scene using the elemental images by back-propagating captured light rays from the
plurality of elemental images through virtual pinholes of a virtual pinhole array to a specified
depth plane at a specified distance. In operation 908, the computing system can de-noise the
reconstructed 3D scene. In operation 910, the computing system can identify regions of

interest in the reconstructed and de-noised 3D scene using the object detection application.

With reference to process 902, prior to operation 918 of process 900, the computing
system can implement process 902 of training a CNN being implemented by the deep
learning engine. In operation 912 , image capturing devices can capture elemental images of a
3D scene at various illumination levels. In operation 914, the computing system can
reconstruct the 3D scene using the elemental images captured in various illumination levels.
In operation 916, the reconstructed 3D scene is de-noised and can be embodied as training

data. In operation 918, the CNN is trained using the reconstructed and de-noised 3D scene.

Turning back to process 900, in operation 920, the identified regions of interest can be
input in the trained CNN being implemented by the deep learning engine. In operation 922,
the deep learning engine can identify and classify objects and/or human faces in the regions

of interest.

All documents cited herein and the following listed document, all referenced

publications cited therein, and the descriptions and information contained in these documents

18



10

15

20

WO 2020/036782 PCT/US2019/045477

are expressly incorporated herein in their entirety to the same extent as if each document or

cited publication was individually and expressly incorporated herein:

A. Markman and B. Javidi unpublished document entitled “Learning in the dark: 3D
Integral Imaging object recognition in very low illumination conditions using
Convolutional Neural Networks," [8 pages].

In describing exemplary embodiments, specific terminology is used for the sake of
clarity. For purposes of description, each specific term is intended to at least include all
technical and functional equivalents that operate in a similar manner to accomplish a similar
purpose. Additionally, in some instances where a particular exemplary embodiment includes
a multiple system elements, device components or method steps, those elements, components
or steps may be replaced with a single element, component or step. Likewise, a single
element, component or step may be replaced with multiple elements, components or steps
that serve the same purpose. Moreover, while exemplary embodiments have been shown and
described with references to particular embodiments thereof, those of ordinary skill in the art
will understand that various substitutions and alterations in form and detail may be made
therein without departing from the scope of the present disclosure. Further still, other

aspects, functions and advantages are also within the scope of the present disclosure.

Exemplary flowcharts are provided herein for illustrative purposes and are non-
limiting examples of methods. One of ordinary skill in the art will recognize that exemplary
methods may include more or fewer steps than those illustrated in the exemplary flowcharts,
and that the steps in the exemplary flowcharts may be performed in a different order than the

order shown in the illustrative flowcharts.
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Claims:

1. An object recognition system operable in a range of illumination conditions

including in low illumination conditions using 3D integral imaging, the system comprising:

a computing system including a database and hosting a deep learning engine, and an

object detection application;

one or more image capturing devices in communication with the computing system,

the one or more image capturing devices configured to:

capture a plurality of elemental images of a 3D scene in low illumination

conditions having low light flux, the 3D scene including one or more objects;
transmit the plurality of elemental images to the computing system;
wherein the computing system is configured to:
retrieve a set of training data from the database;

train the deep learning engine using the retrieved training data on at least one

instance;
wherein the computing system is further configured to:
receive the plurality of elemental images of the 3D scene;

reconstruct the 3D scene using the plurality of elemental images of the 3D

scene;
de-noise the reconstructed 3D scene;

input the reconstructed and de-noised 3D scene in the object detection
application to identify one or more regions of interest in the reconstructed and de-

noised 3D scene;
input the one or more regions of interest in the deep learning engine; and
identify, via the deep learning engine that has been trained on the at least one

instance, the one or more objects in the one or more regions of interest.

2. The system of claim 1, wherein the deep learning engine implements a

Convolutional Neural Network (CNN).
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3. The system of claim 2, wherein the training data includes (i) a set of elemental
images including elemental images captured in various low illumination levels and having
various levels of low signal-to-noise ratio (SNR), and (ii) augmented data obtained by

perturbing elemental images with Gaussian noise.

4. The system of claim 1, wherein the computing system is configured to de-

noise the reconstructed 3D scene using a denoising algorithm.

5. The system of claim 4, wherein the denoising algorithm comprises total-

variation regularization using an augmented Lagrange approach.

6. The system of claim 1, wherein the computing system is configured to

implement a virtual pinhole array for reconstructing the 3D scene.

7. The system of claim 6, wherein the computing system is configured to
reconstruct the 3D scene by back-propagating captured light rays from the plurality of
elemental images through virtual pinholes of the virtual pinhole array to a specified depth

plane at a specified distance.

8. The system of claim 1, wherein the one or more image capturing devices is

one or more of a lenslett array, an array of cameras, or a moving camera.

9. The system of claim 1, wherein the plurality of elemental images of the 3D

scene include elemental images capturing the 3D scene from different perspectives.

10. The system of claim 1, wherein the one or more objects include at least one
human face.
11. The system of claim 1, wherein the one or more identified regions of interest

include the one or more objects.

12. The system of claim 1, wherein the image capturing devices operate in

multiple bands across the electromagnetic spectrum.

13. The system of claim 12, wherein the image capturing devices operate in the
visible spectrum and at least one additional spectrum selected from the group consisting of

infrared, ultraviolet and x-ray, and combinations thereof.
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14. The system of claim 1, wherein the 3D scene or at least one of the one or more

objects in the 3D scene is partially occluded from view.

15. The system of claim 1, wherein the one or more objects in the 3D scene may
be located any distance from the one or more imaging capturing devices provided the

distance is within the field of view of the one or more imaging capturing devices.

16. The system of claim 1, wherein the computing system does not receive the

illumination conditions associated with the elemental images of the 3D scene.
17. An object recognition method operable in a range of illumination conditions
including in low illumination conditions using 3D integral imaging, the system comprising:

capturing, via one or more image capturing devices in communication with a
computing system, a plurality of elemental images of a 3D scene in low illumination

conditions having low light flux, the 3D scene including one or more objects;

transmitting, via the one or more image capturing devices, the plurality of elemental

images to the computing system;

receiving, via the computing system including a database and hosting a deep learning

engine, and an object detection application, the plurality of elemental images of the 3D scene;

reconstructing, via the computing system, the 3D scene using the plurality of

elemental images of the 3D scene;
de-noising, via the computing system, the reconstructed 3D scene;

inputting, via the computing system, the reconstructed and de-noised 3D scene in the
object detection application to identify one or more regions of interest in the reconstructed

and de-noised 3D scene;
retrieving, via the computing system, a set of training data from the database;

training, via the computing system, the deep learning engine using the training data on

at least one instance;

inputting, via the computing system, the regions of interest in the deep learning

engine;
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identifying, via the deep learning engine hosted on the computing system, the one or

more objects in the one or more regions of interest.

18. The method of claim 17, wherein the deep learning engine implements a

Convolutional Neural Network (CNN).

19. The method of claim 18, wherein the training data includes (i) a set of
elemental images including elemental images captured in various low illumination levels and
having various levels of low signal-to-noise ratio (SNR), and (ii) augmented data obtained by

perturbing elemental images with Gaussian noise.

20. The method of claim 17, further comprising de-noising, via the computing

system, the reconstructed 3D scene using a denoising algorithm.

21. The method of claim 20, wherein the denoising algorithm comprises total-

variation regularization using an augmented Lagrange approach.

22. The method of claim 17, further comprising implementing, via the computing

system, a virtual pinhole array for reconstructing the 3D scene.

23. The method of claim 22, further comprising reconstructing, via the computing
system, the 3D scene by back-propagating captured light rays from the plurality of elemental
images through virtual pinholes of a virtual pinhole array to a specified depth plane at a

specified distance.

24. The method of claim 17, wherein the one or more image capturing devices is

one or more of a lenslett array, an array of cameras, or a moving camera.

25. The method of claim 17, wherein the plurality of elemental images of the 3D

scene include elemental images capturing the 3D scene from different perspectives.

26. The method of claim 17, wherein the one or more objects include at least one
human face.
27. The method of claim 17, wherein the one or more identified regions of interest

include the one or more objects.
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28. The method of claim 17, wherein the image capturing devices operate in

multiple bands across the electromagnetic spectrum.

29. The method of claim 28, wherein the image capturing devices operate in the
visible spectrum and at least one additional spectrum selected from the group consisting of

infrared, ultraviolet and x-ray, and combinations thereof.

30. The method of claim 17, wherein the 3D scene or at least one of the one or

more objects in the 3D scene is partially occluded from view.

31. The method of claim 17, wherein the one or more objects in the 3D scene may
be located any distance from the one or more imaging capturing devices provided the

distance is within the field of view of the one or more imaging capturing devices.

32. The method of claim 17, wherein the computing system does not receive the

illumination conditions associated with the elemental images of the 3D scene.
33. A non-transitory computer readable memory medium storing instructions,
wherein the instructions are executable by a processor to:

capture, via one or more image capturing devices in communication with a computing
system, a plurality of elemental images of a 3D scene including one or more objects and in an

illumination level lower than a threshold amount;

transmit, via the one or more image capturing devices, the plurality of elemental

images to the computing system;

receive, via the computing system including a database and hosting a deep learning

engine, and an object detection application, the plurality of elemental images of the 3D scene;

reconstruct, via the computing system, the 3D scene using the plurality of elemental

images of the 3D scene;
de-noise, via the computing system, the reconstructed 3D scene;

input, via the computing system, the reconstructed and de-noised 3D scene in the
object detection application to identify one or more regions of interest in the reconstructed

and de-noised 3D scene;

retrieve, via the computing system, a set of training data from the database;
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input, via the computing system, the regions of interest in the deep learning engine;

and

identify, via the deep learning engine hosted on the computing system, the one or

more objects in the one or more regions of interest.
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