US 20170287137A1
a9y United States

a2y Patent Application Publication o) Pub. No.: US 2017/0287137 A1l

Lin et al. 43) Pub. Date: Oct. 5, 2017
(54) UTILIZING DEEP LEARNING FOR (52) US. CL

BOUNDARY-AWARE IMAGE CPC oo, GOG6T 7/0081 (2013.01); GOGK 9/66

SEGMENTATION (2013.01); GOGT 2207/20081 (2013.01); GO6T

2207/20076 (2013.01)
(71) Applicant: Adobe Systems Incorporated, San
Jose, CA (US)

57 ABSTRACT
(72) Inventors: Zhe Lin, Fremont, CA (US); Yibing
Song, Hong Kong (CN); Xin Lu,
Mountain View, CA (US); Xiaohui Systems and methods are disclosed for segmenting a digital
Shen, San Jose, CA (US); Jimei Yang, image to identify an object portrayed in the digital image
Merced, CA (US) from background pixels in the digital image. In particular, in
one or more embodiments, the disclosed systems and meth-
(21) Appl. No.: 15/086,590 ods use a first neural network and a second neural network

to generate image information used to generate a segmen-
tation mask that corresponds to the object portrayed in the
digital image. Specifically, in one or more embodiments, the
disclosed systems and methods optimize a fit between a

(22) Filed: Mar. 31, 2016

Publication Classification

(51) Int. CL mask boundary of the segmentation mask to edges of the
GO6T 7/00 (2006.01) object portrayed in the digital image to accurately segment
GO6K 9/66 (2006.01) the object within the digital image.

100\

114

st
Deconvolution
Network

112

Probability Map 122

h 4

Joint
Optimization

120

) 118 .
Input Image Object Detector Segmentation Mask

ond
Deconvolution
Network

116

Boundary Map




L b4

US 2017/0287137 Al

dejn Atepunog

= orr
- SHOMON
=] UOINIOAU0Y3(]
Y g
~N
3
= JSeAl uoneluswdag J0123919¢ 199[q0 adewy 1nduj
~
v
< —
A 0t
\n uohieziwndo
= juiop
o
77 dey Aujiqeqoud

bt
MHIOMIBN
UONIOAUOTS(]
s}

1423

v/os

Patent Application Publication



Patent Application Publication  Oct. 5,2017 Sheet 2 of 14 US 2017/0287137 A1

Refinement Map

Boundary Map
Fig. 2

Probability Map

Input image

200 \'




Patent Application Publication  Oct. 5,2017 Sheet 3 of 14 US 2017/0287137 A1

a4
1%
(1]
=
o
o]
=
]
-
<
(V]
&
Qo
= A
[0}
ey
o
2
rasy
[
P .
)
=
©
3
™
L]
i
i
<
/\ :
=
]
S
|
=
<
<Q
[p

Joint Optimization [
lteration 0

300
302



US 2017/0287137 Al

Oct. 5,2017 Sheet 4 of 14

Patent Application Publication

dejnf Juswiauyay

v "bi4

de Alepunog

dejn Alljigeqoad

1013938( 329/q0

../Sv



Patent Application Publication  Oct. 5,2017 Sheet S of 14 US 2017/0287137 A1

Segmentation Mask

Probability Map
Boundary Map

422

Fig. 4B

lteration n

404

lteration 2

lteration 1



Patent Application Publication  Oct. 5,2017 Sheet 6 of 14 US 2017/0287137 A1

o
=
w0
ool
Q
(Yo}
O
~
o
2 < Q
‘o
wn ©n
- -
(2] (=2
iy ™ ey
w Tl
3 <
10 o
w0
o~
B3

512



US 2017/0287137 Al

Oct. 5,2017 Sheet 7 of 14

Patent Application Publication

Mt
Mt

Dacore
& Deo

i

3
¥

netuned

s
£F

W

¥

#Qurs

. s
A

o

Fig. 6A

Mean 1L

Finetuned}

{

orpeiet

&y

£
O

#
¥

b

e

S

e

e

Fig. 68



Patent Application Publication  Oct. 5,2017 Sheet 8 of 14 US 2017/0287137 A1

Deconv 1

R AR R

i‘*&"&"&m« oo OO SCODOODOONa00.

Deconv 2

Deconv 3

Deconv 4

Deconv 5

Fig. 7

Conv6 Deconvbd

Conv 1

700




US 2017/0287137 Al

Oct. 5,2017 Sheet 9 of 14

Patent Application Publication

SHOMIBN
UoINIoAUQ33(Q]

pautel} g

\

0i8

HIOMBN
uoIN|oALI%a(
pauel{ s}

)

908

8 "bi4

HIOMJEN
UOGNIOALOS(]
psuIeluN pug

)

808

HIOMIBN
uonnjoAuoIa(
PRURRUN )

)

08

sagdew Suiuies |

/o%



Patent Application Publication  Oct. 5,2017 Sheet 10 of 14  US 2017/0287137 Al

Digital Segmentation System 900

Detection Manager 902

Probability Map Generator 904

Boundary Map Generator 906

Optimization Manager 908

Digital Image Manager 910

Neural Network Manager 912

Training Engine 916

Deconvolution Network One 91

Deconvolution Network Two 920

Storage Manager 914

Training Images 922

Digital Image Data 924

Fig. 9



US 2017/0287137 Al

Oct. 5,2017 Sheet 11 of 14

Patent Application Publication

9001
(s)lonseg

A

h 4

0L "bi4

P01
HHOMISN

02007
90iAa( JUalD

2001
3019 JUaD

8200}
80iA8Q] Juel|D

‘n////,,lgoch



Patent Application Publication  Oct. 5,2017 Sheet 12 of 14  US 2017/0287137 Al

1100

Generating A Probability Map That Indicates Object Pixels That Correspond
To An Object

h 4 1120

Generating A Boundary Map That Indicates Edge Pixels That Correspond
To Edges Of The Object

Y

1130
Generating A Segmentation Mask For The Object Based On The Probability /

Map And The Boundary Map

h 4

Identifying A Set Of Pixels Corresponding To The Object Based On The
Segmentation Mask

1140

Fig. 11



Patent Application Publication  Oct. 5,2017 Sheet 13 of 14  US 2017/0287137 Al

1200

Detecting An Object Within A Bounded Area Of An Input Image

A 4 1220

Determining A Portion Of The Object Is Outside The Bounded Area

h 4

1230
Expanding The Bounded Area To Capture The Portion Of The Object /
Outside The Bounded Area
A 4 1240
Optimizing A Segmentation Mask For The Object /
Y 1250

Identifying A Set Of Pixels Corresponding To The Object Based On The /
Segmentation Mask

Fig. 12



Patent Application Publication  Oct. 5,2017 Sheet 14 of 14  US 2017/0287137 Al

Computing Device
A 1300

Processor
1302

Iy
A 4

Memory
1304

A

Storage
1306

A

/O Interface
1308

Communication Interface
1310




US 2017/0287137 Al

UTILIZING DEEP LEARNING FOR
BOUNDARY-AWARE IMAGE

SEGMENTATION
BACKGROUND
[0001] 1. Technical Field
[0002] The present disclosure relates generally to identi-

fying objects in digital visual media. More specifically, one
or more embodiments of the present disclosure relate to
systems and methods that utilize deep learning techniques to
automatically identify objects in digital images.

[0003] 2. Background and Relevant Art

[0004] Recent years have seen a rapid proliferation in the
use digital media, such as digital photography. Digital
photography has several advantages that draw individuals
and businesses to increasingly utilize digital photography.
One significant advantage of digital photography is the
ability for a user to edit or otherwise customize a digital
image for a particular purpose. Although there are numerous
tools used to edit a digital image, one tool that users often
use is a segmentation tool that is able to identify and select
a specific portion of a digital image during the editing
process. For example, users routinely desire to select, seg-
regate, and/or modify a digital representation of an object
(e.g., a person) in a digital image separately from a back-
ground in the digital image (e.g., to replace the background
or otherwise modify the individual portrayed in the digital
image). Accordingly, there is an increasing demand for
systems that can distinguish between pixels that correspond
to an object in a digital image from pixels that correspond to
a background of the digital image.

[0005] Some conventional digital image editing systems
assist users in segmenting an image to distinguish an object
portrayed in a digital image from the background of the
digital image, however, these conventional systems have a
number of disadvantages. For example, conventional sys-
tems do not calculate or generate a cohesive boundary
between the pixels that correspond to an object portrayed in
the digital image and the pixels that correspond to a back-
ground. In particular, many conventional systems use a
segmentation process that ignores, or often degrades, the
quality of boundaries between the object portrayed in the
digital image and the background. Accordingly, conven-
tional systems frequently produce results that are unsatisfy-
ing and require significant manual labor to correct.

[0006] Specifically, conventional systems often produce
false positive pixel identification where pixels that corre-
spond to the background are incorrectly identified as pixels
that correspond to the object. The false positive pixel
identification produces results where several portions of the
background are incorrectly selected, which ultimately pro-
vides a flawed segmentation.

[0007] In addition, conventional systems produce false
negative pixel identification where pixels that correspond to
the object are incorrectly identified as background pixels. In
the case of false negative pixel identifications, the resulting
selection of pixels produces an incomplete capturing of the
object portrayed in the image. For example, a portion, or in
many cases several portions, of the object portrayed in the
digital image appear to be cutoff in the results of the
segmentation process. Therefore, based on the false negative
pixel identification, conventional systems often produce an
incomplete segmentation of the image.
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[0008] Moreover, many conventional systems produce
false negative pixel identification based on conventional
object detectors used in conventional systems. In general,
object detectors in conventional systems attempt to detect an
object within a digital image, and then crop out a portion of
the digital image that includes the object to obtain a smaller
portion of the image in the hopes of simplifying a segmen-
tation process. Conventional object detectors, however,
often cause more harm than good when used as part of a
conventional segmentation processes. In particular, conven-
tional object detectors often fail to detect the entirety of an
object, and as such, conventional object detectors often crop
out one or more portions of an object prior to segmentation.
As such, conventional systems often produce a segmentation
that completely fails to properly identify large portions of an
object.

[0009] Unfortunately, the process for a user to manually
fix an incorrectly segmented image resulting from a con-
ventional system is often time intensive and technically
difficult because of the irregular shapes that can exist in an
incorrectly segmented image. In fact, although the process to
manually select an object portrayed in a digital image is
difficult and time intensive, manually segmenting an image
is often faster and easier for a user compared to having to fix
or adjust an incorrectly segmented image produced using
conventional systems. Thus, many users become frustrated
in the segmentation capabilities of conventional systems and
choose to continue to simply use a manual segmentation
process.

[0010] These and other problems exist with regard to
identifying objects in digital visual media.

BRIEF SUMMARY

[0011] Introduced here are techniques/technologies that
identify objects within digital images utilizing deep learning
techniques. In particular, in one or more embodiments,
systems and methods utilize deep learning techniques to
segment images to select or delineate objects portrayed
within digital images. For example, in one or more embodi-
ments, the system and methods identify an object portrayed
in a digital image utilizing deep learning techniques in
combination with an optimization process to generate a
segmentation mask that accurately identifies pixels corre-
sponding to the object. In particular, the systems and meth-
ods utilize deep learning neural networks in combination
with an optimization process to accurately fit a segmentation
mask to the edges an object portrayed in a digital image.
[0012] More specifically, in one or more embodiments, the
systems and methods use a combination of two neural
networks to generate object identification information for a
digital image. For example, the systems and methods train a
first neural network to predict pixels within a digital image
that correspond to an object portrayed in a digital image. In
addition, the systems and methods train a second neural
network to predict pixels within the digital image that
correspond to edges of the object portrayed in the digital
image. Using the pixels identified using the two differently
trained neural networks, the systems and methods optimize
a segmentation mask to accurately identify pixels within the
digital image that correspond with the object.

[0013] For instance, in order to optimize a segmentation
mask, the systems and methods iteratively adjust a mask
boundary of the segmentation mask to better align or oth-
erwise fit with edges of the object portrayed in the digital
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image. Using the pixel identification information obtained
from the two neural networks as a guide, the systems and
methods iteratively optimize mask boundary of the segmen-
tation mask by focusing on areas of the digital image that are
proximate the edges of the object. Accordingly, the systems
and methods gradually adjust a mask boundary of the
segmentation mask to align with edges of the object por-
trayed in the digital image. Accordingly, the systems and
methods provide an easy and accurate way for a user to
segment an image to select or otherwise identify an object
within a digital image.

[0014] Additional features and advantages of exemplary
embodiments of the present disclosure will be set forth in the
description which follows, and in part will be obvious from
the description, or may be learned by the practice of such
exemplary embodiments.

BRIEF DESCRIPTION OF THE DRAWINGS

[0015] The detailed description is described with refer-
ence to the accompanying drawings in which:

[0016] FIG. 1 illustrates a diagram of a process of gener-
ating a segmentation mask of an object in a digital image in
accordance with one or more embodiments;

[0017] FIG. 2 illustrates a diagram of a process of gener-
ating a refinement map from a digital image in accordance
with one or more embodiments;

[0018] FIG. 3 illustrates a diagram of a process of opti-
mizing a boundary of segmentation mask in accordance with
one or more embodiments;

[0019] FIG. 4A illustrates a diagram of a process of
detecting an object in a digital image in accordance with one
or more embodiments;

[0020] FIG. 4B illustrates a diagram of a process of
detecting additional portions of the object in the digital
image that were undetected in FIG. 4A in accordance with
one or more embodiments;

[0021] FIG. 5A illustrates an example segmentation of a
digital image that identifies an object in the digital image in
accordance with one or more embodiments compared to
example segmentations of the object using conventional
systems;

[0022] FIG. 5B illustrates another example segmentation
of a digital image that identifies an object in the digital
image in accordance with one or more embodiments com-
pared to example segmentations of the object using conven-
tional systems;

[0023] FIG. 6A illustrates results from experimentation
conducted with regard to one or more embodiments;
[0024] FIG. 6B illustrates additional results from experi-
mentation conducted with regard to one or more embodi-
ments;

[0025] FIG. 7 illustrates an example of a deep learning
neural network in accordance with one or more embodi-
ments;

[0026] FIG. 8 illustrates a diagram of a process of training
deep learning neural networks in accordance with one or
more embodiments;

[0027] FIG. 9 illustrates a schematic diagram of a digital
segmentation system in accordance with one or more
embodiments;

[0028] FIG. 10 illustrates a schematic diagram of an
exemplary environment in which the digital segmentation
system can operate in accordance with one or more embodi-
ments;
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[0029] FIG. 11 illustrates a flowchart of a series of acts in
a method of selecting an object within digital visual media
in accordance with one or more embodiments;

[0030] FIG. 12 illustrates another flowchart of a series of
acts in a method of selecting an object within digital visual
media in accordance with one or more embodiments; and
[0031] FIG. 13 illustrates a block diagram of an exemplary
computing device in accordance with one or more embodi-
ments.

DETAILED DESCRIPTION

[0032] One or more embodiments of the present disclosure
include a digital segmentation system that identifies and
selects pixels corresponding to an object (e.g., a person)
portrayed in digital visual media. For instance, the digital
segmentation system identifies an object portrayed in a
digital image utilizing deep learning techniques in combi-
nation with an optimization process to generate a segmen-
tation mask that accurately identifies pixels corresponding to
the object. In particular, the digital segmentation system uses
deep learning techniques in combination with an optimiza-
tion process to accurately match a segmentation mask to the
edges an object portrayed in a digital image. The accuracy
of the resulting segmentation mask provides image segmen-
tation results that are significantly more accurate than con-
ventional systems. As such, the digital segmentation system
disclosed herein allows a user to quickly and easily segment
a digital image to identify an object portrayed in the digital
image for photo editing purposes (e.g., obtaining a cutout of
the object to edit, remove an object from a digital image, or
add an object to another digital image).

[0033] More specifically, in one or more embodiments, the
digital segmentation system processes a digital image using
a first neural network to generate a probability map indicat-
ing a probability that each pixel of the digital image is part
of the object. In addition, the digital segmentation system
processes the digital image using a second neural network to
generate a boundary map that predicts the pixels within the
digital image that correspond to the edges of the object.
Using the pixels identified in both the probability map and
the boundary map, the segmentation system optimizes a
segmentation mask to accurately match the object portrayed
in the digital image.

[0034] For instance, in order to optimize a segmentation
mask, the digital segmentation system fuses pixel data from
the probably map and the boundary map to generate a
refinement map. The refinement map indicates pixels within
the digital image that are identified both as object pixels in
a probability map and as edge pixels in a boundary map.
Using the refinement map as a guide, the digital segmenta-
tion system iteratively optimizes the segmentation mask by
focusing on areas of the digital image that are proximate the
edges of the object as indicated by the refinement map.
Accordingly, with each iteration of the optimization process,
the digital segmentation system gradually fits a mask bound-
ary of the segmentation mask to the edges of the object
portrayed in the digital image.

[0035] To further promote generating an accurate segmen-
tation mask, the digital segmentation system uses an object
detection process to create a cropped portion of a digital
image that includes an object, and then uses the cropped
portion to generate and optimize a segmentation mask, as
briefly explained above. In particular, and unlike conven-
tional systems, the digital segmentation system detects
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whether a portion of an object is missing from a cropped
portion of a digital image. In one or more embodiments,
upon detecting that a cropped portion may not include all
portions of an object portrayed in an image, the digital
segmentation system iteratively increases the size of the
cropped portion to capture any missing portions of the object
prior to generating and optimizing a segmentation mask for
the object.

[0036] By utilizing enhanced object detection, deep learn-
ing techniques, and an iterative optimization process, the
digital segmentation system detects an object portrayed in a
digital image quickly and accurately. Indeed, in one or more
embodiments, the digital segmentation system automatically
(i.e., without user input indicating objects, background, or
boundaries) identifies an accurate set of pixels representing
the object portrayed in the digital image. Accordingly, the
digital segmentation system significantly reduces the diffi-
culty and the amount of time required for a user to segment
a digital image to select/identify an object portrayed in the
digital image. Additional features and advantages of the
digital segmentation system will be further discussed below.
As an overview, FIG. 1 illustrates an input image 102 that
portrays an object 104 that a user seeks to segment. Addi-
tional detail of example embodiments of the segmentation
system will now be provided with reference to the figures.
Accordingly, FIG. 1 illustrates a process flow 100 that shows
an example sequence of systems and methods to segment an
image to identify object portrayed within a digital image.
[0037] As used herein, the term “object” refers to a
portrayal of a person or thing in digital visual media (digital
images or digital videos). One example of an object is a
human individual portrayed in a digital image. In particular,
with reference to the figures discussed below, the digital
segmentation system will be described with example digital
images in which the object is a person. The term “object,”
however, can also refer to a non-human object. For instance,
other examples of an object can include an animal (e.g., a
dog), a landscape feature (e.g., a mountain), or a man-made
item (e.g., a car or building). As such, the term “object”
generally refers to a portrayal of a person or item in a digital
image that a user seeks to identify.

[0038] As used herein, the term “segment” refers to iden-
tifying pixels within a digital visual media that represent an
object. In particular, the term “segment” refers to the process
of delineating between pixels that correspond to an object
portrayed in a digital visual media and pixels that corre-
spond to a background of the digital visual media. The term
“background” refers to all pixels within a digital visual
media that do not correspond to a particular object that a user
seeks to segment. As an example, the term “segment”
includes identifying a set of pixels that make up a person
portrayed in a digital image.

[0039] As shown in FIG. 1, in one or more embodiments,
a digital segmentation system includes an object detector
106 that detects the object 104 within the input image 102
to generate a cropped portion 110 that includes the object
104. As further shown in FIG. 1, a first deconvolution
network 112 analyzes the cropped portion 110 to generate a
probability map 114, and in addition, a second deconvolu-
tion network 116 analyzes the cropped portion 110 to
generate a boundary map 118. Using the probability map 114
and boundary map 118, the digital segmentation system
performs a joint optimization 120 process to generate a
segmentation mask 122 corresponding to the object 104, as
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shown in FIG. 1. Additional detail with respect to each
component of the process flow 100 will provided below.
[0040] In particular, FIG. 1 illustrates an input image 102
that portrays an object 104 and a background (i.e., pixels of
the input image 102 that do not make up the object).
Depending on the embodiment, the input image 102 can
comprise any type of digital visual media. As used herein,
the term ““digital visual media” refers to digital data capable
of producing a visual representation. For instance, the term
“digital visual media” includes digital images and digital
video. As used herein, the term “digital image” refers to any
digital symbol, picture, icon, or illustration. For example,
the term “digital image” includes digital files with the
following file extensions: JPG, TIFF, BMP, PNG, RAW, or
PDF. Accordingly, although FIG. 1 illustrates the input
image 102 as a digital photo, the digital segmentation system
can also segment objects from various other types of digital
visual media.

[0041] In one or more embodiments, a user can interact
with the digital segmentation system to identify the input
image 102. For example, the user interacts with the digital
segmentation system to import, upload, select, or otherwise
cause the digital segmentation system to identify and/or
access the input image 102. Additionally, in one or more
embodiments, the digital segmentation system detects addi-
tional user interaction that causes the digital segmentation
system to initiate a segmentation process. In some embodi-
ments, for instance, the user interacts with one or more
graphical elements within a graphical user interface that
causes the digital segmentation system to segment the input
image 102 to identify the object 104. Alternatively, in other
embodiments, the digital segmentation system automatically
segments the input image 102 to identify the object 104 upon
receiving or otherwise identifying the input image.

[0042] After the digital segmentation system identifies the
input image 102, one or more embodiments of the process
flow 100 include an object detector 106, as illustrated in
FIG. 1. In particular, and as mentioned above, the object
detector 106 detects the object 104 within the input image
102 to generate a cropped portion 110 of the input image 102
that includes the object 104. For example, and as illustrated
in FIG. 1, the object detector 106 detects the object 104 and
generates a bounded area 108 around the object 104 (e.g., a
polygon that surrounds the object 104). Although the
bounded area 108 in FIG. 1 is a square area, in alternative
embodiments the object detector 106 generates a bounded
area with a different geometric configuration based on the
size and/or shape of a particular object (e.g., rectangular,
oval, circular). Notwithstanding the geometric configuration
of the bounded area 108, the digital segmentation system
crops the input image 102 to create a cropped portion 110
that includes the object 104.

[0043] By identifying the object 104 and creating the
cropped portion 110, the object detector reduces the amount
of background pixels that, in many digital images, would
complicate the segmentation of the image 102. For instance,
removing portions of the background of the input image 102
reduces the number of pixels provided as input to the first
deconvolution network 114 and the second deconvolution
network 118. Therefore, generally speaking, by reducing the
number of pixels of input using the cropped portion 110, the
digital segmentation system generates more accurate results
compared to results using all pixels within the input image
102. Moreover, because the cropped portion 110 includes
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fewer pixels compared to the entire input image 102, the
processing resources and processing time for performing the
remaining segmentation steps are also reduced, leading to a
faster output and better user experience.

[0044] Depending on a particular embodiment, the object
detector 106 within the digital segmentation system can use
avariety of techniques to detect the object 104. For example,
the object detector 108 can analyze the input image 102
using a neural network to detect the object 104. In particular,
in one or more embodiments, the object detector 108 is a
region-based convolutional neural network (i.e., a RCNN)
or a fast region-based convolutional neural network (i.e., a
F-RCNN). For example, in one or more embodiments, the
digital segmentation system utilizes F-CNN object detec-
tion, as described in R. Girshick, Fast-rcnn, IEEE Interna-
tional Conference on Computer Vision (2015), which is
incorporated by reference herein in its entirety. The digital
segmentation system can use other forms of object detec-
tion, depending on a particular embodiment.

[0045] Notwithstanding a particular technique to detect
the object 104, the digital segmentation system can provide
a variety of user experiences during the object detection
process, depending on a particular embodiment. For
example, in some embodiments, the digital segmentation
system automatically detects the object 104 (e.g., without
receiving user input) by determining the object 104 is the
mostly likely object within the input image 102 that a user
would want to identify. For instance, the digital segmenta-
tion system can determine an object is the most prominent
object form amount a plurality of objects in an input image
based on one or more of a relative object size, object
position, or object focus with respect to other objects within
a digital image. Using input image 102 of FIG. 1 as an
example, the object detector 106 analyzes the visual features
of the input image 102 and determines that a user will most
likely desire to identify or select the individual compared to
the building based on the center position of the individual
and relatively larger size of the individual compared to the
bottom corner position and smaller size of the building.

[0046] Alternatively, in one or more embodiments, the
digital segmentation system uses the object detector to
present a plurality of detected objects (e.g., presenting
multiple bounding areas around each object of the plurality
of detected objects) for user selection or confirmation. For
example, the object detector 108 detects one or more objects
in an input image, and based on the detected objects, the
digital segmentation system provides each of the detected
objects using a bounded area 108 or other similar identifier.
The user then may select on one of the detected objects that
the user wishes to identify. Upon receiving the user selec-
tion, the object detector 108 creates a cropped portion
corresponding to the selected object.

[0047] Furthermore, in one or more additional embodi-
ments, the digital segmentation system may allow a user to
first indicate an object within an input image that the user
desires to identify or segment from the image. For example,
prior to the object detector analyzing an input image, a user
may select (e.g., via a touch screen or a mouse) a particular
object in an input image. Based on the user’s selection, the
object detector may then analyze the image to determine the
dimensions of the bounded area 108 needed to encompass
the object selected by the user. Once the object detector
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determines the bounded area 108, and as explained above,
the object detector 108 can create the cropped portion 110
for further processing.

[0048] In addition to the above details with respect to the
object detector 106, in one or more embodiments, the digital
segmentation system uses an iterative process to verify that
the object detector 106 determines a bounded area that fully
encompasses an entire object (e.g., all portions of an object
are included within the bounded area). Additional details
with respect to verifying that the object detector 106 did
indeed capture the entire object within the bounded area 108
will be explained further below with reference to FIGS.
4A-4B.

[0049] Upon creating the cropped portion 110, the digital
segmentation system causes the cropped portion 110 of the
input image 102 to be processed using two separate neural
networks. As used herein, the term “neural network™ refers
to a machine-learning model that can be tuned (e.g., trained)
based on training input to approximate unknown functions.
In particular, the term “neural network™ can include a model
of interconnected digital neurons that communicate and
learn to approximate complex functions and generate out-
puts based on a plurality of inputs provided to the model. For
instance, the term “neural network™ includes one or more
machine learning algorithms. In other words, a neural net-
work is an algorithm that implements deep learning tech-
niques, i.e., machine learning that utilizes a set of algorithms
to attempt to model high-level abstractions in data. Addi-
tional details with respect to the use of neural networks
within the digital segmentation system are discussed below
with respect to FIGS. 7-8.

[0050] As illustrated in FIG. 1, the digital segmentation
systems utilizes the first deconvolution network 112 and the
second deconvolution network 116 as the two separate
neural networks to process the cropped portion 110 of the
input image. Based on a particular embodiment, the first
deconvolution network 112 and the second deconvolution
network 116 can utilize various types of deconvolution
networks. For example, in one or more embodiments, the
first deconvolution network 112 and the second deconvolu-
tion network 116 are each a deconvolution network as
described in H. Noh, S. Hong, and B. Han, Learning
deconvolution network for semantic segmentation, IEEE
International Conference on Computer Vision (2015), which
is incorporated by reference herein in its entirety. The digital
segmentation system, however, may use other types of deep
learning neural networks, depending on a particular embodi-
ment.

[0051] Similarly, the digital segmentation system tunes
(e.g., trains) the first deconvolution network 112 with train-
ing input to generate a probability map. For instance, the
digital segmentation system can train the first deconvolution
network 112 using a series of image mask pairs. In particu-
lar, an image mask pair is a known data pair that includes an
image portraying an object and a corresponding object mask
that is known to accurately correspond to pixels representing
the object (e.g., a ground truth mask). Indeed, using several
image mask pairs, the digital segmentation system can train
the first deconvolution network 112 to produce a fine-tuned
deconvolution network for generating a probability map
corresponding to an object within a cropped portion of an
input image. As used herein, the term “fine-tuning” refers to
training a neural network using a set of training data
corresponding to a data domain. A “data domain,” for
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purposes of this application, refers to a set of data that is
related in one or more ways. For example, a set of training
images that all include people can be used to fine-tune a
neural network to accurately identify a person portrayed in
an input digital image (e.g., the data domain would be image
data that includes people). Additionally, a set of training
images that portray cats can be used to fine-tune a neural
network to accurately identify a cat portrayed in an input
digital image (e.g., the data domain would be image data that
includes cats). Additional information regarding the training
of the first deconvolution network 112 and the second
deconvolution network 116 is discussed further below with
reference to FIG. 8.

[0052] As mentioned, and as illustrated in FIG. 1, the first
deconvolution network 112 generates the probability map
114. The probability map 114 indicates the probability of
each pixel of the cropped portion 110 of the input image 102
belongs to the object 104. In other words, the first decon-
volution network provides a prediction that indicates
whether each pixel within the cropped portion 110 of the
input image 102 corresponds to the object 104 or the
background. As such, in one or more embodiments, and as
shown in FIG. 1, the probability map 114 includes either an
object label (i.e., the white portion of the probability map)
or a background label (i.e., the black portion the probability
map 114) for each pixel within the cropped portion 110 of
the input image 102.

[0053] In addition to tuning and utilizing the first decon-
volution network 112, the digital segmentation system also
tunes (e.g., trains) and utilizes the second deconvolution
network 116. In particular, the digital segmentation system
tunes the second deconvolution network 116 with training
input to generate a boundary map. For instance, the digital
segmentation system can train the second deconvolution
network 116 using a series of image boundary pairs. In
particular, an image boundary pair is a data pair that includes
an image portraying an object and a corresponding object
boundary (e.g., ground truth boundary) that is known to
accurately correspond to the edges of the object portrayed in
the image. Indeed, using the image boundary pairs, the
digital segmentation system trains the second deconvolution
network 116 to produce a fine-tuned deconvolution network
for generating a boundary map corresponding to the bound-
ary of an object within a cropped portion of an input image.

[0054] As stated above, the digital segmentation system
utilizes the second deconvolution network 116 to generate
the boundary map 118. The boundary map 118 indicates
pixels within the cropped portion 110 of the input image 102
that correspond to the edge or boundary of the object 104.
As used herein, the term “edge” refers to pixels that corre-
spond to an object portrayed in a digital image and are
located directly proximate to one or more pixels that corre-
spond to background. In other words, the edge of an object
can be understood as the pixels corresponding to the object
that create an outline of the object. For example, and as
shown in FIG. 1, the boundary map 118 indicates pixels that
the second deconvolution network 116 predicted to corre-
spond to the edge of the object 104. In one or more
embodiments, the boundary map 118 is a binary map where
edge pixels are labeled as 1 (i.e., the white portion of
boundary map 118) and non-edge pixels are labeled as 0
(i.e., the black portion of boundary map 118). Accordingly,
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FIG. 1 illustrates the boundary map 116 appears as a rough
outline of the individual (i.e., object 104) portrayed in the
input image 102.

[0055] More specifically, to generate the boundary map
118, the digital segmentation system trains the second
deconvolution network using a training set of boundary
pairs. In particular, the a boundary pair includes a digital
training image portraying an object, and an associated
ground mask that identifies each pixel corresponding to the
edge of the object in the digital training image. As such, the
digital segmentation system trains the second convolution
network to identify edges of an object portrayed in a digital
input image. Additional information regarding the training
of the deconvolution networks is discussed further below
with respect to FIG. 8.

[0056] Upon generating the probability map 114 and the
boundary map 118, the digital segmentation system uses the
pixel identification information included within the prob-
ability map 114 and the boundary map 118 to perform joint
optimization 120 to obtain the segmentation mask 122, as
illustrated in FIG. 1. In general, the joint optimization 120
improves the accuracy of the mask boundary of the seg-
mentation mask 122. In other words, the joint optimization
120 optimizes the fit of the mask boundary to the edge of the
object 104, and therefore, the joint optimization 120 results
in a segmentation mask 122 where the mask boundary fits or
matches the edge of the object with a high degree of
accuracy.

[0057] In particular, FIG. 1 illustrates the segmentation
mask 122 that the digital segmentation system provides as
an output. As used herein, the term segmentation mask refers
to data output of the digital segmentation system that
identifies a set of pixels corresponding to an object portrayed
in an input image. For example, the term “output mask”
includes a set of pixels reflecting an individual portrayed in
a digital image produced by a trained neural network. As
illustrated in FIG. 1, the segmentation mask 122 segregates
pixels corresponding to the object 104 in the input image
102 from other pixels, such as background pixels. In par-
ticular, the highlighted pixels in the segmentation mask 122
correspond to pixels representing the object 104 in the input
image 102, and accordingly, the non-highlighted pixels in
the segmentation mask 122 correspond to background pixels
in the input image 102 (i.e., pixels that are not part of the
object 104).

[0058] Referring now to FIGS. 2-3, additional detail is
provided with respect to the joint optimization 120 process.
Specifically, FIG. 2 illustrates a process flow 200 that the
digital segmentation system utilizes to generate a refinement
map during joint optimization 120. For example, and as
shown in FIG. 2, the digital segmentation system identifies
or otherwise accesses an input image 202 that includes an
object 204. As explained above, the digital segmentation
system detects the object 204, creates a cropped portion
including the object 204, and generates a probability map
206 and a boundary map 208 using one or more of the
systems and methods discussed above with reference to FIG.
1.

[0059] After obtaining the probability map 206 and the
boundary map 208, the digital segmentation system uses the
probability map 206 and the boundary map 208 to generate
a refinement map 210, as illustrated in FIG. 2. In particular,
the digital segmentation system fuses the pixel identification
information included in the probability map 206 and the
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boundary map 208 to generate the refinement map 210. To
fuse the probability map 206 and the boundary map 208, the
digital segmentation system determines boundary refine-
ment pixels (e.g., the white portion of boundary map 210) by
identifying pixels that are labeled as object pixels within the
probability map 206 and also labeled as edge pixels within
the boundary map 208. Accordingly, the boundary map 210,
as shown in FIG. 2, indicates boundary refinement pixels
that the digital segmentation system uses in the joint opti-
mization to generate a segmentation mask.

[0060] In particular, in one or more embodiments, the
digital segmentation system computes for each pixel i, the
refinement map as,

R=P;B;

where P denotes the probability map, B denotes the bound-
ary map, and R denotes the refinement map. For example,
for a pixel 1 within the input image 202, the digital segmen-
tation system computes R, based on whether or not the pixel
i is identified as an object pixel in the probability map 206,
and further based on whether or not the pixel i is identified
as an edge pixel in the boundary map 208. For instance, if
the pixel i is labeled an object pixel in the probability map
206 and is also labeled an edge pixel in the boundary map
208, then the pixel will be labeled as a boundary refinement
pixel in the refinement map 210.

[0061] Using the boundary refinement pixels identified in
the refinement map 210, the digital segmentation system
iteratively solves an energy function (discussed in detail
further below) to optimize the fit of a mask boundary of a
segmentation mask to an edge of the object 204. As an
overview of the joint optimization, FIG. 3 visually illustrates
various iterations 302, 304, and 306 of the joint optimization
that the digital segmentation system performs to generate the
segmentation mask 308. As illustrated in FIG. 3, as the joint
optimization proceeds through the various iterations 302,
304, and 306, the mask boundary of the segmentation mask
gradually fits precisely to the edges of the object.

[0062] For example, at iteration 302, the segmentation
mask includes multiple false positive and false negative
pixel identifications for the object, especially around the
edge of the object. In particular, at iteration 302, the indi-
vidual’s raised hand is identified as a false negative (e.g., the
individual’s hand is incorrectly identified as background).
Other false negative identifications exist at iteration 302,
such as the false negative portions located near the shoulder
and at the feet of the individual, as shown in FIG. 3. In
addition, iteration 302 includes false positive identifications
(e.g., portions of the background incorrectly identified as
object pixels). For example, FIG. 3 illustrates that in itera-
tion 302 the skateboard wheels, a portion of the skateboard
ramp, and background around the individual’s head are
incorrectly identified as object pixels. The joint optimization
that the digital segmentation system performs thereby
reduces or eliminates the false negative and false positive
errors.

[0063] In particular, and as FIG. 3 illustrates, as the digital
segmentation system iteratively optimizes the energy equa-
tion, the mask boundary precisely fits the edges of the object
with increasing accuracy. For instance, iteration 304 illus-
trates that the digital segmentation system has optimized the
fit of the mask boundary to correctly identify the individu-
al’s hand as part of the object. In other words, from iteration
302 to iteration 304, the digital segmentation system opti-
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mized the mask boundary to correct the false negative pixel
identifications in the area around the individual’s hand.

[0064] In addition to correcting false negative pixel iden-
tifications, iteration 304 further illustrates that the digital
segmentation system optimized the mask boundary to cor-
rect false positive pixel identifications from iteration 302.
For example, iteration 304 illustrates that the mask boundary
is more closely fitted to the individual such that the skate-
board wheels and the portion of the skateboard ramp are now
not identified as object pixels. Moreover, the mask boundary
near the individual’s head is now more aligned with the
individual such that the area of the false positive pixel
identifications is much smaller compared to iteration 302.

[0065] In addition to optimizing the mask boundary to
correct false negative and false positive pixel identifications
around the edges of an object, the joint optimization per-
formed by the digital segmentation system also optimizes
boundary smoothness. Specifically, in iteration 302, the
mask boundary corresponding to the edge of the individuals
back appears rough and inconsistent. In iteration 304, how-
ever, the digital segmentation system optimizes the mask
boundary corresponding to the edge of the individuals back
resulting in a smooth and well-defined mask boundary that
more accurately fits with the edge of the individual por-
trayed in the image.

[0066] The digital segmentation system performs joint
optimization iterations to obtain or otherwise provide as an
output, the segmentation mask 308. The number of iterations
that the digital segmentation system performs can include
any number “n” of iterations as needed to obtain an accurate
segmentation mask, as indicated by iteration 306. In one or
more embodiments, the digital segmentation system per-
forms up to “n” joint optimization iterations by comparing
results from a previous iteration with results from a current
iteration. For example, in some embodiments the digital
segmentation system compares the previous iteration with a
current iteration to compute whether the results of the two
iterations are within a defined matching threshold. For
instance, a defined matching threshold can include comput-
ing a percentage of object pixels and/or background pixels
in the current iteration that are also identified as object pixels
and/or background pixels, respectively, in the previous itera-
tion. Alternatively, the digital segmentation system performs
a pre-defined number of joint optimization iterations to
generate the segmentation mask 308.

[0067] Therefore, as shown in FIG. 3, joint optimization
iteratively fits the mask boundary of the segmentation mask
308 to the edges of the individual to allow for accurate
segmentation of the object. As mentioned above, to perform
the joint optimization, the digital segmentation system itera-
tively optimizes an energy function. In one or more embodi-
ments, the energy function formulation is a combination of
color modeling and boundary modeling. More specifically,
the energy function can be written as,

E=) U+y- Y, Vi ))

ick (=)

where U is a unary term which consists of iterative color
modeling using k Gaussian mixture models, V is a binary
term measuring the piecewise smoothness, j is the neigh-
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boring pixel of i in Q, and v is a constant that controls the
effect of V. To compute the binary term V, the formulation
can be written as,

L. R+ R;
V({, ) :max(O, 1-8- T]-6(L; +L))

where f is a constant that controls the influence from the
boundary refinement map R, and 9 indicates that that V will
only make a measurement when pixel i and pixel j are
labeled differently (e.g., pixel i is labeled as an object pixel
and pixel j is labeled as a background pixel).

[0068] In one or more embodiments, the digital segmen-
tation system solves the energy function using an iterative
graph cut algorithm that causes the mask boundary of the
segmentation mask to gradually be fitted to the edge of an
object portrayed in an input image during several iterations.
For example, in one or more embodiments, the digital
segmentation system utilizes the iterative graph cut algo-
rithm as described in C. Rother, V. Kolmogorov and A.
Blake, Grabcut-interactive foreground extraction using iter-
ated graph cuts, ACM Transactions on Graphics, SIG-
GRAPH (2004), which is incorporated by reference herein
in its entirety.

[0069] In practice, and based on the binary function
defined above, the binary term V will be small when pixels
iand j are both labeled as boundary refinement pixels within
the boundary refinement map R (e.g., pixels corresponding
to an edge of a object). Alternatively, the binary term V will
be large when pixels i and j are labeled different from one
another. Accordingly, when the binary term V is integrated
with color modeling using the energy function defined
above, the binary term V causes the energy function to focus
on the areas of the input image that mainly include the edge
of the object. Thus, using an iterative cut graph algorithm to
solve the energy equation, the digital segmentation system
jointly optimizes the color modeling and boundary modeling
to accurately generate a segmentation mask for an object
portrayed in an input image.

[0070] In one or more embodiments, the digital segmen-
tation system further performs a morphological operation to
fill in any tiny holes within the segmentation mask in a post
processing operation. In particular, because the digital seg-
mentation system optimizes the mask boundary of the
segmentation mask, a morphological fill operation can
assume that any pixels located within an area defined by the
mask boundary are to be identified as object pixels. Accord-
ingly, the digital segmentation system further increases the
accuracy of the segmentation map using the fill operation.
[0071] As mentioned above, and with reference now to
FIGS. 4A-4B, in one or more embodiments, the digital
segmentation system performs iterative object detection to
verify that the entirety of an object is within a cropped
portion provided to the deconvolution networks. For
instance, based on a pose of an individual portrayed in an
image, light/shadow characteristics of the input image, or
other factors, the digital segmentation system may fail to
generate a bounded area that fully encompasses an object to
be segmented (e.g., portions of the object are located outside
of'the bounded area). FIG. 4A illustrates an input image 402.
The digital segmentation system performs object detection
on input image 402 to generate bounded area 404. As shown
in FIG. 4A, based on the pose of the individual, the digital
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segmentation system may fail to detect the individual’s hand
and generate the bounded area 404 that excludes a portion of
the individual.

[0072] As described above in detail, the digital segmen-
tation system creates a cropped portion based on the
bounded area 404 and generates a probability map 406 and
boundary map 408 that are then fused together to generate
the refinement map 410. Using the refinement map 410, the
digital segmentation system performs a check of the refine-
ment map edges (e.g., the top, bottom, left, and right edges)
to determine whether any of the refinement map edges
include boundary refinement pixels. In other words, the
digital segmentation system detects when boundary refine-
ment pixels intersect, or alternatively, are positioned within
a pre-defined proximity of a refinement map edge. For
example, and as shown in FIG. 4A, the top edge 412 of the
refinement map 410 intersects with one or more boundary
refinement pixels that correspond to the individual’s arm.

[0073] Upon detecting that one or more boundary refine-
ment pixels are located at an edge of the refinement map
410, the digital segmentation system repeats the object
detection process to capture any portions of the object that
were excluded during the initial object detection, as shown
in FIG. 4B. In particular, the digital segmentation system
determines the direction to expand the bounded area 404
based on the particular edge or edges where boundary
refinement pixels are located. For example, and as illustrated
in FIG. 4B, the digital segmentation system can expand the
bounded area 404 upward based on determining that the
boundary refinement pixels interacted with the top edge of
the refinement map 410. In particular, the digital segmen-
tation system can increase the size of the bounded area 404
by adding an expanded portion 414, as indicated in FIG. 4B.

[0074] Using the bounded area 404 with the expanded
portion 414, the digital segmentation system again performs
the various processes discussed above to generate a refine-
ment map of an expanded cropped portion, which the digital
segmentation system then checks again to determine
whether one or more boundary refinement pixels are
included along any of the edges of the refinement map.
Accordingly, the digital segmentation system performs an
iterative object detection process that iteratively expands the
bounded area 404 until a refinement map of a cropped
portion portion of the input image 402 based on the
expanded bounded area 404 indicates that boundary refine-
ment pixels do not intersect or are otherwise located a
threshold distance away from the edges of the refinement
map.

[0075] For example, and as illustrated in FIG. 4B, the
digital segmentation system performs three iterations of
objection detection, where the digital segmentation system
adds one of expanded portions 414, 416, and 418 in each of
the iterations, respectively. Moreover, and as illustrated in
FIG. 4B, the digital segmentation system uses the third
iteration of the bounded area 404 to create a cropped portion
of'input image 402 used to generate probability map 420 and
boundary map 422 using the methods and techniques
described above. In particular, and as shown in FIG. 4B, the
probability map 420 and the boundary map 422 fully include
the entirety of the individual. As such, the digital segmen-
tation system will verify using a refinement map based on
the probability map 420 and the boundary map 422 that no
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refinement boundary pixels intersect or are otherwise
located within threshold proximity of the edges of the
refinement map.

[0076] Based on determining that the entirety of the indi-
vidual is included in the refinement map, the digital seg-
mentation system proceeds to joint optimization to generate
segmentation mask 424, as discussed in detail above with
reference to FIGS. 2-3. In particular, FIG. 4B illustrates that
segmentation mask 424 includes the forearm and hand
region of the individual that was originally undetected.
Accordingly, in one or more embodiments, the digital seg-
mentation system performs iterative object detection that,
when used in combination with the deep learning and
optimization techniques described herein, further increases
the accuracy of the segmentation mask 424.

[0077] As described above, the digital segmentation sys-
tem provides increased accuracy in segmenting objects
within a digital image. To illustrate, one or more advantages
of the digital segmentation system, experimenters have
conducted research to show that the digital segmentation
system produces more accurate segmentations compared to
conventional systems. In particular, experimenters created a
segmentation benchmark dataset from MSCOCO (i.e., MS
Common Objects in Context). The benchmark consisted of
467 images containing humans in various poses. The experi-
menters prepared ground truth masks for each image in the
benchmark dataset and the evaluated the digital segmenta-
tion system described herein against two conventional sys-
tems. The results of the evaluation were then analyzed
qualitatively and quantitatively.

[0078] FIGS. 5A and 5B illustrate the qualitative results
from the evaluation. In particular, FIG. 5A illustrates an
input image 502. Result image 504 was produced using a
conventional DeconvNet system. Result image 506 was
produced using a fine-tuned conventional DeconvNet.
Result image 508 was produced using the digital segmen-
tation system described herein. For result image 506, it is
seen that the generated segmentation mask is not accurate in
that false positives and false negatives occur. For example,
false negatives are present on the back of the shirt area and
on the helmet, whereas false positives are also present on the
lower right hand side of the individual.

[0079] With respect to result image 506, the results of the
fine-tuned network are improved over the conventional
DeconvNet alone. For example, result image 506 indicates
a segmentation mask that more accurately predicts the
individual’s body. Incorrect pixel identification, however,
still occurs around the boundary of the individual. For
example, result image 506 demonstrates false positive and
false negatives in the areas under the left-side arm of the
individual and on the forearm of the left-side arm.

[0080] Finally, result image 508 demonstrates a segmen-
tation mask generated using the digital segmentation system
described herein. As indicated in result image 508, all the
limitations shown in result images 504 and 508 are
improved in result image 508. In particular, the mask
boundary of the segmentation mask accurately matches the
edges of the individual to create a segmentation mask that is
demonstrably more accurate qualitatively compared seg-
mentation masks generated using conventional systems.
[0081] As mentioned, FIG. 5B illustrates additional result
images created during the evaluation of the digital segmen-
tation system. In particular, FIG. 5B illustrates an input
image 512. Result image 514 was produced using the
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conventional DeconvNet. Result image 516 was produced
using a fine-tuned conventional DeconvNet. Result image
518 was produced using the digital segmentation system
described herein. As with FIG. 5A, FIG. 5B demonstrates
the superior accuracy of the segmentation mask that the
digital segmentation system generates. In particular, result
image 514 shows a very inaccurate segmentation mask that
includes large numbers of false positive and false negative
pixel identifications.

[0082] Although result image 516 improves the result
based on fine-tuning the DeconvNet, the segmentation mask
in result image 516 includes several false positive and false
negative results, especially around the edges of the indi-
vidual (e.g., the individual’s hand, the individual’s feet, and
near the individual’s head). Finally, result image 518 dem-
onstrates that the accuracy of the segmentation mask gen-
erated by the digital segmentation system compared to the
conventional methods. In particular, result image 518 dem-
onstrates a segmentation mask that accurately fits the mask
boundary to the edge of the individual portrayed in the input
image 512.

[0083] In addition to the qualitative results shown in
FIGS. 5A and 5B, FIGS. 6A and 6B illustrate quantitative
results. In particular, the mean IOU (intersection verse
union) across the benchmark dataset was calculated for each
evaluated system. FIG. 6A illustrates a bar chart indicating
the results. As shown in FIG. 6A, the digital segmentation
system out performs the DeconvNet and the fine-tuned
DeconvNet with a significantly higher mean IOU. Specifi-
cally, the DeconvNet had a mean IOU of 73.1, the fine-tuned
DeconvNet had a mean IOU of about 79.2, while the digital
segmentation system provided a mean IOU of between 80.5.
The experimenters observed that the increase in mean IOU
between the fine-tuned DeconvNet and the digital segmen-
tation system is due in large part to the increased accuracy
of the mask boundary for the segmentation mask generated
by the digital segmentation system.

[0084] In addition, the experimenters calculated the per-
centage of images having a mean IOU exceeding a pre-
defined threshold for each evaluated system. FIG. 6B illus-
trates a bar graph showing the results of the calculations
based on the evaluation. As shown in FIG. 6B, the digital
segmentation system consistently outperformed the Decon-
vNet across all thresholds indicated. With respect to the
fine-tuned DeconvNet, for threshold levels of IOU>60% and
I0U>70%, the digital segmentation system has similar
results. Significantly, however, for threshold levels of
I0U>80% and I0U>90%, the digital segmentation system
considerably outperformed the fine-tuned DeconvNet. The
higher percentages of the optimized segmentation masks in
the higher IOU thresholds clearly demonstrates the ability of
the digital segmentation system to achieve the most accurate
results compared to conventional systems.

[0085] As indicated above in the explanation of FIG. 1
with respect to the first deconvolution network 112 and the
second deconvolution network 116, FIG. 7 illustrates, an
example deconvolution network the digital segmentation
system utilizes to generate a probability map and a boundary
map. In particular, FIG. 7 illustrates a deconvolution neural
network 700 in accordance with one or more embodiments.
For example, the deconvolution neural network 700 illus-
trates an example neural network that can be trained using
an image mask dataset to generate a probability map (e.g.,
the first deconvolution network 112 shown in FIG. 1).
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Additionally, the deconvolution neural network 700 illus-
trates an example neural network that can be trained using
an image boundary dataset to generate a boundary map (e.g.,
the second deconvolution network 116 shown in FIG. 1).
Additional information regarding the tuning or training
process of deconvolution neural network 700 is discussed
below with reference to FIG. 8.

[0086] As illustrated in FIG. 7, the deconvolution neural
network 700 receives as input a digital image 702. For
example, and as explained above, the deconvolution neural
network 700 can receive as input a cropped portion of an
input image. Upon receiving the digital image 702, the
deconvolution neural network 700 processes the digital
image 702 through a series of applied layers to generate an
output map 704 (e.g., a probability map or a boundary map),
as shown in FIG. 7. In particular, the deconvolution neural
network 700 utilizes a plurality of convolution layers (la-
beled Cony 1 through Cony 6 in FIG. 7) and a plurality of
deconvolution layers (labeled Deconv 1 through Deconv 6
in FIG. 7). Utilizing these layers, the deconvolution neural
network 700 generates the output map 704.

[0087] The series of convolution layers illustrated in FIG.
7 are representative of layers that apply a number of con-
volutional kernels. The convolutional kernels are trained to
extract important features from the digital image 702, such
as edges, corners or other informative region representa-
tions. Furthermore, the series of deconvolution layers are
layers that included deconvolutional kernels that are trained
to upsample the previous layers. Moreover, various convo-
Iution layers and deconvolution layers typically have par-
ticular functions. For example, the deconvolution neural
network 700 may utilize one or more pooling layers, loss
layers, or other layer(s) having a particular function. For
example, in one or more embodiments, the probability map
114 is extracted from the first deconvolution network 112
before the softmax layer of the first deconvolution network
112. The various layers of the deconvolution neural network
700 generate frameworks for a variety of computer vision
tasks such as semantic segmentation, classification, and
detection. Accordingly, and as described herein, these layers
can assist in segmenting pixels representing an object por-
trayed in an input image from background pixels in the input
image.

[0088] FIG. 8 illustrates a process flow 800 of the digital
segmentation system tuning or training a first untrained
deconvolution network 804 to produce a first trained decon-
volution network 806. For example, the first trained decon-
volution network 806 can represent the first deconvolution
network 112 illustrated in FIG. 1 that generates a probability
map. Moreover, FIG. 8 illustrates tuning or training a second
untrained deconvolution network 808 to produce a second
trained deconvolution network 810. For instance, the second
trained deconvolution network 808 can represent the second
deconvolution network 116 illustrated in FIG. 1 that gener-
ates a boundary map.

[0089] In particular, in one or more embodiments, the
digital segmentation system trains deconvolution networks
804, 808 utilizing a repository of digital training images 802,
as shown in FIG. 8. In particular, the digital segmentation
system can train deconvolution networks 804, 808 by
accessing or generating training input with regard to objects
in the digital training images 802. Specifically, the digital
segmentation system can access and/or generate training
input using the training digital images 802, where each
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training digital image portrays an object with a known
ground mask. The term “ground mask” refers to a known set
of pixels reflecting an object portrayed in a digital image.

[0090] For example, and as briefly discussed above, each
of the digital training images 802 can be part of a mask pair
and a boundary pair. In particular, the mask pair includes a
digital training image portraying an object, and an associ-
ated ground mask that identifies each pixel corresponding to
the object (e.g., a truth ground mask). Similarly, the bound-
ary pair includes the digital training image portraying the
object, and an associated ground mask that identifies each
pixel corresponding to the edges of the object. As such, the
digital training images 802 make up training input for the
deconvolution networks 804, 808. As used herein, the term
“training input” refers to information provided to train a
neural network. The deconvolution networks 804, 808 uti-
lize the training input to learn to accurately identify objects
portrayed in input images, as explained above.

[0091] The digital training images 802 can comprise any
group or collection of digital visual media items. For
instance, in one or more embodiments, the digital training
images 802 comprise a repository of digital images stored on
a remote server. For example, in one or more embodiments,
the repository comprises the PASCAL VOC segmentation
dataset, the MS coco dataset, or another dataset. Further-
more, as mentioned above, the digital training images 802
include digital images with training object data where object
pixels have been previously identified.

[0092] Turning now to FIG. 9, additional detail will be
provided regarding components and capabilities of one
example architecture of a digital segmentation system
according to one or more embodiments. In particular, FIG.
9 illustrates an embodiment of an exemplary digital seg-
mentation system 900 (e.g., “digital segmentation system,”
described above). As shown, the digital segmentation system
900 may include, but is not limited to, a detection manager
902, a probability map generator 904, a boundary map
generator 906, an optimization manager 908, a digital image
manager 910, a neural network manager 912, and a storage
manager 914. The neural network manager 912 further
includes a training engine 916, a first deconvolution network
918, and a second deconvolution network 920. Moreover,
the storage manager 914 includes training image repository
922 and digital image data 924.

[0093] As illustrated in FIG. 9, the digital segmentation
system 900 includes the detection manager 902. In particu-
lar, detection manager 902 performs one or more methods to
perform an initial detection of an object portrayed within an
input image. For example, and as discussed above, the
detection manager 902 detects an object within an input
image and determines a bounded area that surrounds the
detected object. Additionally, the detection manager 902 can
create a cropped portion of the input image based on the
determined bounded area, as described in detail above with
respect to FIG. 1. Furthermore, the detection manager 902
can perform an iterative object detection method that uses
the iterative process described with respect to FIGS. 4A-4B
to verify that a cropped portion of an input image includes
the entirety of the detected object.

[0094] As further illustrated in FIG. 9, the digital segmen-
tation system 900 includes a probability map generator 904.
For instance, the probability map generator 904 receives
image data for which to generate a corresponding probabil-
ity map. As explained above with reference to FIG. 1, for



US 2017/0287137 Al

example, the probability map generator 904 receives a
cropped portion of an input image that includes an object to
segment. The probability map generator 904 then coordi-
nates the utilization of a deconvolution network that in turn
produces the probability map, as described in detail above
with reference to FIGS. 1-2. For example, the probability
map generator 904 coordinates with the neural network
manager 912 to access the first deconvolution network 918
for generation of a probability map.

[0095] Similar to the probability map generator 904, the
digital segmentation system 900 includes the boundary map
generator 906. For instance, the boundary map generator
906 receives image data for which to generate a correspond-
ing boundary map. As explained above with reference to
FIG. 1, for example, the boundary map generator 906
receives a cropped portion of an input image that includes an
object to segment. The boundary map generator 906 then
coordinates the utilization of a deconvolution network that
in turn produces the boundary map, as described in detail
above with reference to FIGS. 1-2. For example, the bound-
ary map generator 906 coordinates with the neural network
manager 912 to access the second deconvolution network
920 for generation of a boundary map.

[0096] Furthermore, and as illustrated in FIG. 9, the digital
segmentation system 900 includes the optimization manager
908. In one or more embodiments, the optimization manager
908 performs various calculations and/or functions to gen-
erate a segmentation mask that accurately fits to an object
portrayed in an input image. In particular, and as described
above with reference to FIGS. 1-3, the optimization manger
908 can generate a refinement map using pixel identification
information contained in the probability map and the bound-
ary map. Using the refinement map, the optimization manger
908 can iteratively solve an energy function, which in turn,
iteratively fits a mask boundary for the segmentation mask
to the edges of the object portrayed in the input image, and
discussed in detail above with respect to FIG. 3.

[0097] Furthermore, as illustrated in FIG. 9, the digital
segmentation system 900 also includes the digital image
manager 910. The digital image manager 910 can access,
identify, modify, revise, and/or provide digital images. Fur-
thermore, the digital image manager 910 can receive selec-
tion information identifying an object, and accordingly,
modify the digital image (e.g., the identified object pixels or
background pixels). In particular, the digital image manager
910 can modify digital images or a portion of a digital
image. For example, in one or more embodiments, the
digital image manager 910 alters color, brightness, hue, or
any other visual characteristic of a segmented object. Simi-
larly, the digital image manager 910 can move, resize, rotate,
or orient a segmented object portrayed in a digital image.
Similarly, the digital image manager 910 can isolate, cut,
and paste a segmented object portrayed in a digital image.
Moreover, the digital image manager 910 can delete or
remove a segmented object (or background) in a digital
image.

[0098] As further illustrated in FIG. 9, the digital segmen-
tation system 900 includes the neural network manager 912
that manages the training engine 916. The training engine
916 can teach, guide, tune, and/or train one or more neural
networks. In particular, the training engine 916 can train a
neural network based on a plurality of digital training
images (e.g., training images 922). More specifically, the
training engine 916 can access, identify, generate, create,
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and/or determine training input and utilize the training input
to train and fine-tune a neural network. For instance, the
training engine 916 can train the first deconvolution network
918 to generate a probability map, as well as train the second
deconvolution network 920, as discussed above in detail
with respect to FIGS. 1, 2, 7, and 8.

[0099] In addition, and as mentioned directly above, the
neural network manager 912 can manage the training and
the use of various neural networks. In particular, the neural
network manager 912 manages the training and utilization of
the first deconvolution network 918 and the second decon-
volution network 920. The first and second deconvolution
networks 918 and 920 can include one or all of the features
and functions described above with respect to the first and
second deconvolution networks 112 and 116 of FIG. 1, as
well as the deconvolution network 700 described with
respect to FIG. 7. Moreover, alternative to using deconvo-
Iution networks to generate the probability map and/or the
boundary map, in one or more embodiments the probability
map and/or the boundary map can be generated using other
types of networks. For example, an FCN (fully convolu-
tional network) or semantic boundary detector such as
MCG/UCM boundary predictor can be used.

[0100] As illustrated in FIG. 9, the digital segmentation
system 900 also includes the storage manager 914. The
storage manager 914 maintains data for the digital segmen-
tation system 900. The storage manager 914 can maintain
data of any type, size, or kind as necessary to perform the
functions of the digital segmentation system 900. The stor-
age manager 914, as shown in FIG. 9, includes the training
images 922. The training images 922 can include a plurality
of digital training images associated with various ground
masks (e.g., mask pairs and boundary pairs), as discussed in
additional detail above with respect to FIG. 8. In particular,
in one or more embodiments, the training images 922
include digital training images utilized by the neural net-
work training engine 916 to train one or more neural
networks to generate a probability map and a boundary map.
[0101] As further illustrated in FIG. 9, the storage man-
ager 914 also includes digital image data 924. Digital image
data 924 can include information for any digital image
utilized by the digital segmentation system 900. For
example, digital image data 924 includes a digital image
provided by a user, where the user seeks to segment an
object portrayed in the digital image. Digital image data 914
can also include information or data generated by the digital
segmentation system 900 regarding digital images. For
instance, digital image data 914 includes pixel identification,
pixel labels, metadata, or other information regarding digital
images utilized by the digital segmentation system 900.
[0102] Each of the components 902-914 of the digital
segmentation system 900 and their corresponding elements
(as shown in FIG. 9) may be in communication with one
another using any suitable communication technologies. It
will be recognized that although components 902-914 and
their corresponding elements are shown to be separate in
FIG. 9, any of components 902-914 and their corresponding
elements may be combined into fewer components, such as
into a single facility or module, divided into more compo-
nents, or configured into different components as may serve
a particular embodiment.

[0103] The components 902-914 and their corresponding
elements can comprise software, hardware, or both. For
example, the components 902-914 and their corresponding
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elements can comprise one or more instructions stored on a
computer-readable storage medium and executable by pro-
cessors of one or more computing devices. When executed
by the one or more processors, the computer-executable
instructions of the digital segmentation system 900 can
cause a client device and/or a server device to perform the
methods described herein. Alternatively, the components
902-914 and their corresponding elements can comprise
hardware, such as a special purpose processing device to
perform a certain function or group of functions. Addition-
ally, the components 902-914 and their corresponding ele-
ments can comprise a combination of computer-executable
instructions and hardware.

[0104] Furthermore, the components 902-914 of the digi-
tal segmentation system 900 may, for example, be imple-
mented as one or more stand-alone applications, as one or
more modules of an application, as one or more plug-ins, as
one or more library functions or functions that may be called
by other applications, and/or as a cloud-computing model.
Thus, the components 902-914 of the digital segmentation
system 900 may be implemented as a stand-alone applica-
tion, such as a desktop or mobile application. Furthermore,
the components 902-914 of the digital segmentation system
900 may be implemented as one or more web-based appli-
cations hosted on a remote server. Alternatively or addition-
ally, the components of the digital segmentation system 900
may be implemented in a suit of mobile device applications
or “apps.” To illustrate, the components of the digital
segmentation system 900 may be implemented in a digital
image editing application, including but not limited to
ADOBE® PHOTOSHOP® or ADOBE® REVEL®.
“ADOBE®,” “ADOBE® PHOTSHOP®,” and “ADOBE®
REVEL®” are either registered trademarks or trademarks of
Adobe Systems Incorporated in the United States and/or
other countries.

[0105] For example, FIG. 10 illustrates a schematic dia-
gram of one embodiment of an exemplary environment 1000
in which the digital segmentation system 900 can operate. In
one or more embodiments, the environment 1000 includes a
server 1006 connected to a plurality of client devices 1002a-
10027 via a network 1004. The client devices 1002a-10027,
the network 1004, and the server 1006 may communicate
with each other or other components using any communi-
cation platforms and technologies suitable for transporting
data and/or communication signals, including any known
communication technologies, devices, media, and protocols
supportive of remote data communications, examples of
which will be described in more detail below with respect to
FIG. 13.

[0106] Although FIG. 10 illustrates a particular arrange-
ment of the client devices 10024-1002#, the network 1004,
and the server 1006, various additional arrangements are
possible. For example, the client devices 1002a-10027 may
directly communicate with the server 1006, bypassing the
network 1004. Or alternatively, the client devices 1002a-
10027 may directly communicate with each other.

[0107] Similarly, although the environment 1000 of FIG.
10 is depicted as having various components, the environ-
ment 1000 may have additional or alternative components.
For example, the environment 1000 can be implemented on
a single computing device with the digital segmentation
system 900. In particular, the digital segmentation system
900 may be implemented in whole or in part on the client
device 1002a.
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[0108] As illustrated in FIG. 10, the environment 1000
may include client devices 1002a-10027. The client devices
10024-10027 may comprise any computing device. For
example, client devices 1002a-10027 may comprise one or
more personal computers, laptop computers, mobile devices,
mobile phones, tablets, special purpose computers, TVs, or
other computing devices, including computing devices
described below with regard to FIG. 13. Although three
client devices are presented with regard to FIG. 10, it will be
appreciated that client devices 1002¢-10027 may comprise
any number of client devices (greater or smaller than
shown).

[0109] Moreover, as illustrated in FIG. 10, the client
devices 1002a-10027 and the server 1006 may communicate
via the network 1004. The network 1004 may represent a
network or collection of networks (such as the Internet, a
corporate intranet, a virtual private network (VPN), a local
area network (LAN), a wireless local network (WLAN), a
cellular network, a wide area network (WAN), a metropoli-
tan area network (MAN), or a combination of two or more
such networks. Thus, the network 1004 may be any suitable
network over which the client devices 1002¢-10027 may
access the server 1006, or vice versa. The network 1004 will
be discussed in more detail below with regard to FIG. 13.
[0110] In addition, the environment 1000 may also include
the server 1006. The server 1006 may generate, store,
receive, and transmit any type of data, including training
images 916, digital image data 924, or other information.
For example, the server 1006 may receive data from a client
device, such as the client device 10024, and send the data to
another client device, such as the client device 10025 and/or
1002n. The server 1006 can also transmit electronic mes-
sages between one or more users of the environment 1000.
In one example embodiment, the server 1006 is a data server.
The server 1006 can also comprise a communication server
or a web-hosting server. Additional details regarding the
server 1006 will be discussed below with respect to FIG. 13.
[0111] As mentioned, in one or more embodiments, the
server 1006 can include or implement at least a portion of
the digital segmentation system 900. In particular, the digital
segmentation system 900 can comprise an application run-
ning on the server 1006 or a portion of the digital segmen-
tation system 900 can be downloaded from the server 1006.
For example, the digital segmentation system 900 can
include a web hosting application that allows the client
devices 10024-10027 to interact with content hosted at the
server 1006. To illustrate, in one or more embodiments of
the environment 1000, one or more client devices 1002a-
10027 can access a webpage supported by the server 1006.
In particular, the client device 1002a can run a web appli-
cation (e.g., a web browser) to allow a user to access, view,
and/or interact with a webpage or website hosted at the
server 1006.

[0112] Upon the client device 1002a accessing a webpage
hosted at the server 1006, in one or more embodiments, the
server 1006 can provide access to one or more digital images
(e.g., the digital image data 924, such as camera roll or an
individual’s personal photos) stored at the server 1006.
Moreover, the client device 1002a can receive a request (i.e.,
via user input) to detect an object portrayed within a digital
image, and provide the request to the server 1006. Upon
receiving the request, the server 1006 can automatically
perform the methods and processes described above to
generate an optimized segmentation mask. The server 1006
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can provide the segmentation mask (e.g., the set of pixels)
to the client device 1002q for display to the user. Moreover,
the user can interact with the client device 10024 indicating
modifications to the object segmented from the image.

[0113] By way of an additional example, in one or more
embodiments, the server 1006 generates a trained neural
network (e.g., via the neural network training engine 916)
and provides the trained neural network to the client device
10024. In particular, the server 1006 embeds the trained
neural network in a digital image editing application
installed on the client device 10024 (i.e., ADOBE PHOTO-
SHOP). In one or more embodiments, the client device
10024 receives a request to segment an input image to
identify an object portrayed in the input image (e.g., a digital
image stored in digital image data 924 on the client device).
The client device 1002a utilizes the embedded, trained
neural network to select the target individual in the probe
digital image (e.g., via the neural network application man-
ager 906). Moreover, upon selecting the target individual,
the client device 10024 can modify (e.g., move, copy, paste,
or delete) the target object based on additional user input
(e.g., utilizing the digital image manager 908).

[0114] As just described, the digital segmentation system
900 may be implemented in whole, or in part, by the
individual elements 10024-1006 of the environment 1000. It
will be appreciated that although certain components of the
digital segmentation system 900 are described in the previ-
ous examples with regard to particular elements of the
environment 1000, various alternative implementations are
possible. For instance, in one or more embodiments, the
digital segmentation system 900 is implemented on the
client device 1002a. Similarly, in one or more embodiments,
the digital segmentation system 900 may be implemented on
the server 1006. Moreover, different components and func-
tions of the digital segmentation system 900 may be imple-
mented separately among client devices 1002¢-10027, the
server 1006, and the network 1004. For instance, in one or
more embodiments the neural network training engine 916
is implemented as part of the server 1006; the digital image
manager 910 is implemented as part of the client devices
10024-10027 and the server 1006; and the storage manager
914 is implemented as part of the client devices 1002a-
10027 and the server 1006. The environment 1000 can also
be implemented in a variety of additional or alternative
arrangements.

[0115] Moreover, the digital segmentation system 900
and/or server 1006 can actively collect information inde-
pendently of a particular client device and independent of
other components of the environment 1000. For example,
the digital segmentation system 900 and/or server 1006 can
actively collect information from interaction between users
and the server 1006 (or other servers). Specifically, in one or
more embodiments, the digital segmentation system 900
actively collects digital image data 924. For example, the
digital segmentation system 900 can actively collect masks
(or object boundaries) with regard to target individuals
identified in probe digital images. Accordingly, the digital
segmentation system 900 can actively collect masks, object
boundaries, digital images, or other data utilized by the
digital segmentation system 900. Moreover, the digital seg-
mentation system 900 can utilize collected information (e.g.,
masks, digital images, or other data) to train a neural
network (e.g., as part of training images 922).
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[0116] FIGS. 1-10, the corresponding text, and the
examples, provide a number of different systems and devices
that allows a user to facilitate selection of target individuals
within digital visual media. In addition to the foregoing,
embodiments can also be described in terms of flowcharts
comprising acts and steps in a method for accomplishing a
particular result. For example, FIGS. 11-12 illustrates flow-
charts of exemplary methods in accordance with one or
more embodiments. The methods described in relation to
FIGS. 11-12 may be performed with less or more steps/acts
or the steps/acts may be performed in differing orders.
Additionally, the steps/acts described herein may be
repeated or performed in parallel with one another or in
parallel with different instances of the same or similar
steps/acts.

[0117] FIG. 11 illustrates a flowchart of a series of acts in
a method 1100 of using deep learning to identify objects
portrayed in the digital visual media in accordance with one
or more embodiments. In one or more embodiments, the
method 1100 is performed in a digital medium environment
that includes the digital segmentation system 900. The
method 1100 is intended to be illustrative of one or more
methods in accordance with the present disclosure, and is
not intended to limit potential embodiments. Alternative
embodiments can include additional, fewer, or different
steps than those articulated in FIG. 11.

[0118] As illustrated in FIG. 11, the method 1100 includes
an act 1110 of generating a probability map that indicates
object pixels that correspond to an object. In particular, the
act 1110 can include generating, with a first neural network,
a probability map for an input image, wherein the probabil-
ity map indicates object pixels within the input image
predicted to correspond to an object portrayed in the input
image. For example, in one or more embodiments, act 1100
can include training the first neural network with a first
plurality of digital training image pairs to train the first
neural network to generate the probability map.

[0119] For instance, each digital training image pair within
the first plurality of digital training image pairs can include
a digital training image portraying an object and a ground
mask that identifies the pixels within the digital training
image that correspond to the object. Based on the digital
training image pairs, act 1100 can include the first neural
network using deep learning neural network techniques to
learn to generate an accurate probability map for a given
input image. In one or more embodiments the first neural
network is a fine-tuned deconvolution neural network.

[0120] As shown in FIG. 11, the method 1100 also
includes an act 1120 of generating a boundary map that
indicates edge pixels that correspond to edges of the object.
In particular, the act 1120 can include generating, with a
second neural network, a boundary map for the input image,
wherein the boundary map indicates edge pixels within the
input digital image predicted to correspond to edges of the
object portrayed in the input image. In one or more embodi-
ments, act 1120 can further include training the second
neural network with a second plurality of digital training
image pairs. Moreover, each digital training image pair of
the second plurality of digital training image pairs comprises
a digital training image portraying an object and a boundary
mask that identifies the pixels within the digital training
image that correspond to edges of the object. As with the first
neural network, the training of the second neural network
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comprises fine-tuning the second neural network to provide
a fine-tuned deconvolution neural network.

[0121] In addition, as illustrated in FIG. 11, the method
1100 also includes an act 1130 of generating a segmentation
mask for the object based on the probability map and the
boundary map. In particular, the act 1130 can include, based
on the probability map and the boundary map, generating,
by at least one processor, a segmentation mask for the object
by optimizing a fit between a mask boundary of the object
and the edges of the object. For example, in one or more
embodiments, the act 1130 includes optimizing the fit
between the mask boundary of the object and the edges of
the object with an iterative optimization process using a
combination of color modeling and boundary modeling.
[0122] In addition, in one or more embodiments, act 1130
can include generating a boundary refinement map to deter-
mine boundary refinement pixels using the probability map
and the boundary map. For example, the boundary refine-
ment pixels comprise a set of pixels from the input image
that are identified both as object pixels in the probability
map and as edge pixels in the boundary map. Moreover, act
1130 can also include focusing an energy function to areas
of'the input image corresponding to the boundary refinement
pixels, and wherein optimizing the fit between the mask
boundary of the object and the edges of the object comprises
iteratively solving the energy function to fit the mask bound-
ary to the edges of the object. For example, in one or more
embodiments, the energy function comprises a color mod-
eling function using Gaussian mixture models.

[0123] Furthermore, as illustrated in FIG. 11, the method
1100 also includes an act 1140 of identifying a set of pixels
corresponding to the object based on the segmentation mask.
In particular, the act 1140 can include, identifying, by at least
one processor, a set of pixels corresponding to the object
portrayed in the input image based on the segmentation
mask. For example, in one or more embodiments, the act
1140 can also include segmenting the object portrayed in the
input image for editing purposes. For example, act 1140 can
include copying the set of pixels, deleting the set of pixels,
replacing the set of pixels, as well as other editing function-
ality.

[0124] Moreover, in one or more embodiments, the
method 1100 further comprises the act of detecting the
object portrayed in the input image. For example, the
method 1100 can detect an area within the input image that
includes the object. Moreover, the method 1100 can further
comprise the act of determining a bounded area within the
input image within which the object portrayed in the image
is located. Based on the bounded area, the method 1100
further can comprise the act of creating a cropped portion of
a portion of the input image corresponding to the bounded
area. For example, in one or more embodiments, act 1100
comprises providing the cropped portion to the first neural
network to use in generating the probability map, and
providing the cropped portion to the second neural network
to use in generating the boundary map.

[0125] As mentioned, FIG. 12 also illustrates a flowchart
of a series of acts in a method 1200 of using deep learning
to identify objects portrayed in the digital visual media in
accordance with one or more embodiments. As shown in
FIG. 12, the method 1200 includes an act 1210 of detecting
an object within a bounded area of an input image. In
particular, the act 1210 can include detecting, by at least one
processor, an object portrayed within a bounded area of an
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input image. For example, in one or more embodiments, a
fast-RCNN detects and generates the bounded area.

[0126] In addition, as shown in FIG. 12, the method 1200
also includes an act 1220 of determining a portion of the
object is outside the bounded area. In particular, the act 1220
can include determining, by at least one processor, a portion
of the object is located outside of the bounded area by
detecting an indication within a refinement map correspond-
ing to the bounded area, wherein the refinement map is
based on fusing a probability map generated using a first
neural network with a boundary map generated using a
second neural network. For example, the act 1220 can
include detecting that one or more boundary refinement
pixels identified in the refinement map are positioned on an
edge of the refinement map.

[0127] Furthermore, as illustrated in FIG. 12, the method
1200 also includes an act 1230 of expanding the bounded
area to capture the portion of the object outside the bounded
area. In particular, the act 1230 can include, based on
determining the portion of the object is located outside of the
bounded area, expanding the bounded area within the input
image to include the portion of the object. For example, the
act 1230 can include increasing the size of the bounded area
in a direction associated with the edge of the refinement map
on which the one or more boundary refinement pixels are
positioned.

[0128] Additionally, as illustrated in FIG. 12, the method
1200 also includes an act 1240 of optimizing a segmentation
mask for the object. In particular, the act 1240 can include,
optimizing, by at least one processor, a segmentation mask
for the object by optimizing a fit between a mask boundary
of'the object and edges of the object using a cropped portion
of the input image corresponding to the expanded bounded
area. For example, the act 1240 can include generating,
using the cropped portion of the input image, an additional
refinement map, wherein the additional refinement map is
based on fusing an additional probability map generated
using the first neural network with an additional boundary
map generated using the second neural network.

[0129] Moreover, on one or more embodiments, act 1240
can further include generating an initial iteration of the
segmentation mask using the additional refinement map and
generating additional iterations of the segmentation mask,
wherein each additional iteration of the segmentation mask
adjusts the fit between the mask boundary and the edges of
the object. Furthermore, act 1240 can include comparing a
last iteration from the additional iterations of the segmen-
tation mask with an iteration previous to the last iteration to
determine a variance between the last iteration of the seg-
mentation mask and the iteration of the segmentation mask
previous to the last iteration, and based on the variance,
determining the segmentation mask is optimized. For
example, in some example embodiments, act 1240 includes
comparing the variance to a predefined threshold variance;
and determining the segmentation mask is optimized based
on the variance being less than the predefined threshold
variance.

[0130] Embodiments of the present disclosure may com-
prise or utilize a special purpose or general-purpose com-
puter including computer hardware, such as, for example,
one or more processors and system memory, as discussed in
greater detail below. Embodiments within the scope of the
present disclosure also include physical and other computer-
readable media for carrying or storing computer-executable
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instructions and/or data structures. In particular, one or more
of the processes described herein may be implemented at
least in part as instructions embodied in a non-transitory
computer-readable medium and executable by one or more
computing devices (e.g., any of the media content access
devices described herein). In general, a processor (e.g., a
microprocessor) receives instructions, from a non-transitory
computer-readable medium, (e.g., a memory, etc.), and
executes those instructions, thereby performing one or more
processes, including one or more of the processes described
herein.

[0131] Computer-readable media can be any available
media that can be accessed by a general purpose or special
purpose computer system. Computer-readable media that
store computer-executable instructions are non-transitory
computer-readable storage media (devices).

[0132] Computer-readable media that carry computer-ex-
ecutable instructions are transmission media. Thus, by way
of example, and not limitation, embodiments of the disclo-
sure can comprise at least two distinctly different kinds of
computer-readable media: non-transitory computer-readable
storage media (devices) and transmission media.

[0133] Non-transitory computer-readable storage media
(devices) includes RAM, ROM, EEPROM, CD-ROM, solid
state drives (“SSDs”) (e.g., based on RAM), Flash memory,
phase-change memory (“PCM”), other types of memory,
other optical disk storage, magnetic disk storage or other
magnetic storage devices, or any other medium which can be
used to store desired program code means in the form of
computer-executable instructions or data structures and
which can be accessed by a general purpose or special
purpose computer.

[0134] A “network” is defined as one or more data links
that enable the transport of electronic data between com-
puter systems and/or modules and/or other electronic
devices. When information is transferred or provided over a
network or another communications connection (either
hardwired, wireless, or a combination of hardwired or
wireless) to a computer, the computer properly views the
connection as a transmission medium. Transmissions media
can include a network and/or data links which can be used
to carry desired program code means in the form of com-
puter-executable instructions or data structures and which
can be accessed by a general purpose or special purpose
computer. Combinations of the above should also be
included within the scope of computer-readable media.
[0135] Further, upon reaching various computer system
components, program code means in the form of computer-
executable instructions or data structures can be transferred
automatically from transmission media to non-transitory
computer-readable storage media (devices) (or vice versa).
For example, computer-executable instructions or data
structures received over a network or data link can be
buffered in RAM within a network interface module (e.g., a
“NIC”), and then eventually transferred to computer system
RAM and/or to less volatile computer storage media (de-
vices) at a computer system. Thus, it should be understood
that non-transitory computer-readable storage media (de-
vices) can be included in computer system components that
also (or even primarily) utilize transmission media.

[0136] Computer-executable instructions comprise, for
example, instructions and data which, when executed at a
processor, cause a general purpose computer, special pur-
pose computer, or special purpose processing device to
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perform a certain function or group of functions. In some
embodiments, computer-executable instructions are
executed on a general-purpose computer to turn the general-
purpose computer into a special purpose computer imple-
menting elements of the disclosure. The computer execut-
able instructions may be, for example, binaries, intermediate
format instructions such as assembly language, or even
source code. Although the subject matter has been described
in language specific to structural features and/or method-
ological acts, it is to be understood that the subject matter
defined in the appended claims is not necessarily limited to
the described features or acts described above. Rather, the
described features and acts are disclosed as example forms
of implementing the claims.

[0137] Those skilled in the art will appreciate that the
disclosure may be practiced in network computing environ-
ments with many types of computer system configurations,
including, personal computers, desktop computers, laptop
computers, message processors, hand-held devices, multi-
processor systems, microprocessor-based or programmable
consumer electronics, network PCs, minicomputers, main-
frame computers, mobile telephones, PDAs, tablets, pagers,
routers, switches, and the like. The disclosure may also be
practiced in distributed system environments where local
and remote computer systems, which are linked (either by
hardwired data links, wireless data links, or by a combina-
tion of hardwired and wireless data links) through a network,
both perform tasks. In a distributed system environment,
program modules may be located in both local and remote
memory storage devices.

[0138] Embodiments of the present disclosure can also be
implemented in cloud computing environments. In this
description, “cloud computing” is defined as a model for
enabling on-demand network access to a shared pool of
configurable computing resources. For example, cloud com-
puting can be employed in the marketplace to offer ubiqui-
tous and convenient on-demand access to the shared pool of
configurable computing resources. The shared pool of con-
figurable computing resources can be rapidly provisioned
via virtualization and released with low management effort
or service provider interaction, and then scaled accordingly.

[0139] A cloud-computing model can be composed of
various characteristics such as, for example, on-demand
self-service, broad network access, resource pooling, rapid
elasticity, measured service, and so forth. A cloud-comput-
ing model can also expose various service models, such as,
for example, Software as a Service (“SaaS”), Platform as a
Service (“PaaS”), and Infrastructure as a Service (“laaS™). A
cloud-computing model can also be deployed using different
deployment models such as private cloud, community cloud,
public cloud, hybrid cloud, and so forth. In this description
and in the claims, a “cloud-computing environment” is an
environment in which cloud computing is employed.

[0140] FIG. 13 illustrates, in block diagram form, an
exemplary computing device 1300 that may be configured to
perform one or more of the processes described above. One
will appreciate that one or more computing devices such as
the computing device 1300 may implement the digital font
classification system 600. As shown by FIG. 13, the com-
puting device can comprise a processor 1302, memory 1304,
a storage device 1306, an I/O interface 1308, and a com-
munication interface 1310. In certain embodiments, the
computing device 1300 can include fewer or more compo-
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nents than those shown in FIG. 13. Components of com-
puting device 1300 shown in FIG. 13 will now be described
in additional detail.

[0141] In particular embodiments, processor(s) 1302
includes hardware for executing instructions, such as those
making up a computer program. As an example and not by
way of limitation, to execute instructions, processor(s) 1302
may retrieve (or fetch) the instructions from an internal
register, an internal cache, memory 1304, or a storage device
1306 and decode and execute them.

[0142] The computing device 1300 includes memory
1304, which is coupled to the processor(s) 1102. The
memory 1304 may be used for storing data, metadata, and
programs for execution by the processor(s). The memory
1304 may include one or more of volatile and non-volatile
memories, such as Random Access Memory (“RAM”), Read
Only Memory (“ROM?”), a solid state disk (“SSD”), Flash,
Phase Change Memory (“PCM”), or other types of data
storage. The memory 1304 may be internal or distributed
memory.

[0143] The computing device 1300 includes a storage
device 1306 includes storage for storing data or instructions.
As an example and not by way of limitation, storage device
1306 can comprise a non-transitory storage medium
described above. The storage device 1306 may include a
hard disk drive (HDD), flash memory, a Universal Serial Bus
(USB) drive or a combination these or other storage devices.

[0144] The computing device 1300 also includes one or
more input or output (“I/O”) devices/interfaces 1308, which
are provided to allow a user to provide input to (such as user
strokes), receive output from, and otherwise transfer data to
and from the computing device 1300. These 1/O devices/
interfaces 1308 may include a mouse, keypad or a keyboard,
a touch screen, camera, optical scanner, network interface,
modem, other known I/O devices or a combination of such
1/0 devices/interfaces 1308. The touch screen may be acti-
vated with a stylus or a finger.

[0145] The /O devices/interfaces 1308 may include one
or more devices for presenting output to a user, including,
but not limited to, a graphics engine, a display (e.g., a
display screen), one or more output drivers (e.g., display
drivers), one or more audio speakers, and one or more audio
drivers. In certain embodiments, devices/interfaces 1308 is
configured to provide graphical data to a display for pre-
sentation to a user. The graphical data may be representative
of one or more graphical user interfaces and/or any other
graphical content as may serve a particular implementation.

[0146] The computing device 1300 can further include a
communication interface 1310. The communication inter-
face 1310 can include hardware, software, or both. The
communication interface 1310 can provide one or more
interfaces for communication (such as, for example, packet-
based communication) between the computing device and
one or more other computing devices 1300 or one or more
networks. As an example and not by way of limitation,
communication interface 1310 may include a network inter-
face controller (NIC) or network adapter for communicating
with an Ethernet or other wire-based network or a wireless
NIC (WNIC) or wireless adapter for communicating with a
wireless network, such as a WI-FI. The computing device
1300 can further include a bus 1312. The bus 1312 can
comprise hardware, software, or both that couples compo-
nents of computing device 1300 to each other.
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[0147] In the foregoing specification, the invention has
been described with reference to specific exemplary embodi-
ments thereof. Various embodiments and aspects of the
invention(s) are described with reference to details discussed
herein, and the accompanying drawings illustrate the various
embodiments. The description above and drawings are illus-
trative of the invention and are not to be construed as
limiting the invention. Numerous specific details are
described to provide a thorough understanding of various
embodiments of the present invention.
[0148] The present invention may be embodied in other
specific forms without departing from its spirit or essential
characteristics. The described embodiments are to be con-
sidered in all respects only as illustrative and not restrictive.
For example, the methods described herein may be per-
formed with less or more steps/acts or the steps/acts may be
performed in differing orders. Additionally, the steps/acts
described herein may be repeated or performed in parallel
with one another or in parallel with different instances of the
same or similar steps/acts. The scope of the invention is,
therefore, indicated by the appended claims rather than by
the foregoing description. All changes that come within the
meaning and range of equivalency of the claims are to be
embraced within their scope.
We claim:
1. In a digital medium environment for editing digital
visual media, a method of using deep learning to segment
objects from digital visual media, the method comprising:
generating, by at least one processor with a first neural
network, a probability map for an input image, wherein
the probability map indicates object pixels predicted to
correspond to an object portrayed in the input image;

generating, by the at least one processor with a second
neural network, a boundary map for the input image,
wherein the boundary map indicates edge pixels pre-
dicted to correspond to edges of the object portrayed in
the input image;

based on the probability map and the boundary map,

generating, by the at least one processor, a segmenta-
tion mask for the object by optimizing a fit between a
mask boundary of the object and the edges of the
object; and

based on the segmentation mask, identifying, by the at

least one processor, a set of pixels corresponding to the
object portrayed in the input image.

2. The method of claim 1, wherein optimizing the fit
between the mask boundary of the object and the edges of
the object comprises an iterative optimization process using
a combination of color modeling and boundary modeling.

3. The method of claim 1, further comprising generating
a boundary refinement map to determine boundary refine-
ment pixels using the probability map and the boundary
map, wherein the boundary refinement pixels comprise
pixels identified both as object pixels in the probability map
and as edge pixels in the boundary map.

4. The method of claim 3, further comprising:

analyzing areas of the input image corresponding to the

boundary refinement pixels; and

wherein optimizing the fit between the mask boundary of

the segmentation mask and the edges of the object
comprises iteratively fitting the mask boundary to the
edges of the object based analyzing the areas of the
input image corresponding to the boundary refinement
pixels.
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5. The method of claim 4, wherein analyzing the areas of
the input image corresponding to the boundary refinement
pixels comprises performing a color modeling function on
the areas using Gaussian mixture models.

6. The method of claim 1, further comprising training the
first neural network with a first plurality of digital training
image pairs, wherein each digital training image pair of the
first plurality of digital training image pairs comprises an
object probability digital training image and a ground mask
that identifies pixels corresponding to an object within the
object probability digital training image.

7. The method of claim 6, further comprising training the
second neural network with a second plurality of digital
training image pairs, wherein each digital training image
pair of the second plurality of digital training image pairs
comprises an object boundary digital training image and a
boundary mask that identifies pixels corresponding to edges
of an object within the object boundary digital training
image.

8. The method of claim 7, wherein training the first neural
network and training the second neural network comprises
fine-tuning the first neural network and fine-tuning the
second neural network based on the first plurality of digital
training image pairs and the second plurality of digital
training image pairs having a related data domain.

9. The method of claim 1, further comprising:

detecting the object portrayed in the input image;

determining a bounded within which the object portrayed

in the image is located;

creating a cropped portion of a portion of the input image

corresponding to the bounded area;

providing the cropped portion to the first neural network

to use in generating the probability map; and
providing the cropped portion to the second neural net-
work to use in generating the boundary map.
10. In a digital medium environment for editing digital
visual media, a method of using deep learning to segment
objects from the digital visual media, the method compris-
ing:
detecting, by at least one processor, an object portrayed
within a bounded area of an input image;

determining, by the at least one processor, a portion of the
object is located outside of the bounded area based on
detecting an indication within a first refinement map;

based on determining the portion of the object is located
outside of the bounded area, expanding, by the at least
one processor, the bounded area within the input image
to include the portion of the object; and

optimizing, by the at least one processor, a segmentation

mask for the object by optimizing a fit between a mask
boundary of the segmentation mask and edges of the
object using a cropped portion of the input image
corresponding to the expanded bounded area.

11. The method of claim 10, further comprising:

generating a first probability map using a first neural

network;

generating a first boundary map using a second neural

network; and

fusing the first probability map with the first boundary

map to generate the first refinement map.

12. The method of claim 11, further comprising generat-
ing, using the cropped portion of the input image, a second
refinement map, wherein generating the second refinement
map comprises:
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generating a second probability map using the first neural

network;

generating a second boundary map using the second

neural network; and

fusing the second probability map with the second bound-

ary map to generate the second refinement map.
13. The method of claim 12, further comprising generat-
ing an initial iteration of the segmentation mask using the
second refinement map.
14. The method of claim 13, wherein optimizing the
segmentation mask comprises generating a second iteration
of the segmentation mask, wherein the second iteration of
the segmentation mask adjusts the fit between the mask
boundary and the edges of the object.
15. The method of claim 14, further comprising:
comparing the second iteration of the segmentation mask
with the initial iteration to determine a variance
between the second iteration of the segmentation mask
and the initial iteration of the segmentation mask; and

based on the variance, determining whether the segmen-
tation mask is optimized.

16. The method of claim 10, wherein detecting an indi-
cation within the first refinement map to determine the
portion of the object is outside the bounded area comprises
detecting that at least one boundary refinement pixel iden-
tified in the first refinement map is positioned on an edge of
the first refinement map.

17. The method of claim 16, wherein expanding the
bounded area comprises increasing the size of the bounded
area in a direction associated with the edge of the refinement
map on which the at least one boundary refinement pixel is
positioned.

18. A system for identifying objects within digital visual
media, comprising:

at least one processor; and

at least one non-transitory computer readable storage

medium storing instructions thereon, that, when

executed by the at least one processor, cause the system

to:

generate, using a first neural network, a probability map
for an input image, wherein the probability map
indicates object pixels predicted to correspond to an
object portrayed in the input image;

generate, using a second neural network, a boundary
map for the input image, wherein the boundary map
indicates boundary pixels corresponding to edges of
the object portrayed in the input image;

generate a segmentation mask for the object by opti-
mizing a fit between a boundary of the object deter-
mined from the probability map and edges of the
object determined from the boundary map; and

generate an output image with a set of pixels corre-
sponding to the object selected based on the seg-
mentation mask.

19. The system of claim 18, further comprising instruc-
tions that, when executed by the at least one processor, cause
the system to generate a refinement map by fusing the
probability map with the boundary map to identify boundary
refinement pixels, wherein the boundary refinement pixels
comprise pixels identified both as object pixels in the
probability map and as edge pixels in the boundary map.

20. The system of claim 19, wherein optimizing the fit
between the boundary of the object determined from the
probability map and edges of the object determined from the
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boundary map comprises performing an iterative optimiza-
tion process using a combination of color modeling and
boundary modeling, wherein the boundary modeling is
based on the refinement map.

#* #* #* #* #*

Oct. 5,2017



