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1
IMAGE DISTRACTOR DETECTION AND
PROCESSNG

BACKGROUND

The amount of images captured by users has increased
exponentially due to the increase in image capture device
availability, e.g., cameras as part of mobile phones and
tablets. Even a casual user may capture hundreds of images
in a variety of different settings, such as indoors (e.g., at a
user’s home) as well as outdoors (e.g., a kids sporting event).

As these images are typically captured in a casual manner,
however, the images may include distractors, which are
objects included in the image that may distract a user from
primary content in the image that is the subject of the image.
For example, an image captured of a couple in a beach
setting may also include other objects that are not relevant
to the couple or the beach setting, such as a dog running in
the background, a waste receptacle, and so forth. Thus, the
dog and the receptacle may distract from the primary content
of the image, i.e., the couple at the beach in this example.
Conventional techniques used to remove distractors from
images, however, typically required users to manually indi-
cate which objects are considered distracting as part of an
object removal process and are not able to be generalized to
support automatic detection and removal.

SUMMARY

Image distractor detection and processing techniques are
described. In one or more implementations, a digital
medium environment is configured for image distractor
detection that includes detecting one or more locations
within the image automatically and without user interven-
tion by the one or more computing devices that include one
or more distractors that are likely to be considered by a user
as distracting from content within the image. The detection
includes forming a plurality of segments from the image by
the one or more computing devices and calculating a score
for each of the plurality of segments that is indicative of a
relative likelihood that a respective said segment is consid-
ered a distractor within the image. The calculation is per-
formed using a distractor model trained using machine
learning as applied to a plurality images having ground truth
distractor locations.

In one or more implementations, a digital medium envi-
ronment is configured for image distractor detection by
generating a distractor model usable to detect inclusion of
distractors within images that are likely to be considered by
a user as distracting from content within the image. A
plurality of images are received by the one or more com-
puting devices having tagged distractor locations. Values are
calculated by the one or more computing devices for a set of
features for respective ones of a plurality of segments within
respective ones of the plurality of images. The distractor
model is generated by the one or more computing devices
using one or more machine learning techniques in which the
distractor model is trained for detection of the distractors,
the generating using the calculated values and the plurality
of' images having distractor locations tagged that function as
a ground truth for the one or more machine learning tech-
niques.

In one or more implementations, a digital medium envi-
ronment for image distractor detection includes a system
having a distractor processing system, implemented by one
or more computing devices, to detect one or more locations
within the image automatically and without user interven-
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tion that include one or more distractors that are likely to be
considered by a user as distracting from content within the
image. The distractor processing system includes a segmen-
tation module implemented at least partially in hardware to
form a plurality of segments from the image. The distractor
processing system also includes a segment prediction mod-
ule implemented at least partially in hardware to calculate a
score for each of the plurality of segments that is indicative
of a relative likelihood that a respective segment is consid-
ered a distractor within the image. The calculation is per-
formed using a distractor model trained using machine
learning as applied to a plurality images having ground truth
distractor locations. The distractor processing system also
includes a distractor removal module implemented at least
partially in hardware to control removal of the one or more
distractors.

This Summary introduces a selection of concepts in a
simplified form that are further described below in the
Detailed Description. As such, this Summary is not intended
to identify essential features of the claimed subject matter,
nor is it intended to be used as an aid in determining the
scope of the claimed subject matter.

BRIEF DESCRIPTION OF THE DRAWINGS

The detailed description is described with reference to the
accompanying figures. In the figures, the left-most digit(s) of
a reference number identifies the figure in which the refer-
ence number first appears. The use of the same reference
numbers in different instances in the description and the
figures may indicate similar or identical items. Entities
represented in the figures may be indicative of one or more
entities and thus reference may be made interchangeably to
single or plural forms of the entities in the discussion.

FIG. 1 is an illustration of an environment in an example
implementation that is operable to employ techniques
described herein.

FIG. 2 depicts a system in example implementation in
which a distractor model is generated using machine learn-
ing techniques that is usable to detect presence of distractors
in subsequent images.

FIG. 3 depicts an example of forming ground truth
distractor locations through tagging of distractors in images
that is usable to train the distractor model of FIG. 2.

FIG. 4 depicts a system in example implementation in
which a distractor model generated in FIG. 2 is used to
detect presence of distractors in subsequent images.

FIG. 5 depicts an example implementation of distractor
removal through retargeting.

FIG. 6 is a flow diagram depicting a procedure in an
example implementation in which a distractor model is
generated using machine learning.

FIG. 7 is a flow diagram depicting a procedure in an
example implementation in which distractors are detected
and removed from an image using a distractor model.

FIG. 8 illustrates an example system including various
components of an example device that can be implemented
as any type of computing device as described and/or utilize
with reference to FIGS. 1-7 to implement embodiments of
the techniques described herein.

DETAILED DESCRIPTION

Overview

Distractors refer to objects included in images that distract
from desired overall content of the image, e.g., content and
corresponding objects that are desired to be a primary or
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even secondary subject matter of the image by a user that
captured the image. A user, for instance, may capture a
“selfie” of the user along with a friend at a sporting event.
In this instance, the user and the friend are the content that
is the primary subject matter of the image along with other
content pertaining to the sporting event, e.g., a playing field,
logo of a sporting team, and so on that may be considered
secondary to the users. However, the image may also include
a distractor that distracts from this primary subject matter,
such as a person in the background staring directly into the
camera. Accordingly, inclusion of the distractor may render
the image unsuitable for its desired purpose and frustrate the
user capturing the image.

Conventional techniques used to remove distractors from
images had limited functionality. The most common tech-
nique involves object removal in which a user manually
identifies objects to be removed that are considered distract-
ing, and thus is inefficient and cumbersome. Although an
automated technique has been developed, that technique is
limited to a single type of distractor (e.g., spots) and is not
capable of generalization to other distractors (e.g., the per-
son staring at the camera above) and thus is incapable of
recognizing those other types of distractors.

Image distractor and processing techniques are described
that are usable to support generic image distractor detection
and removal through use of a distractor model. The distrac-
tor model is formed using machine learning techniques
applied to a database of images having ground truth distrac-
tor locations. The images, for instance, may be manually
tagged by users to identify locations of distractors in the
images to serve as a ground truth. A set of features is also
calculated per segment in the images (e.g., pixel, super pixel,
patch) and then through use of the ground truth distractor
locations from the manually tagged images, the distractor
model is trained using machine learning as a predictor for
distractors within images and thus may generalize to a
variety of types of distractors.

The distractor model is then used to identify whether
subsequent images include distractors automatically and
without user intervention. In one or more implementations,
the distractor model is configured to rank distractors and a
user interface control (e.g., slider) supports user interaction
to specify which distractors are removed from the subse-
quent image based on the ranking. A variety of other controls
are also contemplated as described in the following. Thus,
the distractor model learned through machine learning may
generalize to a variety of different types of distractors, which
may be used to detect the distractors automatically and
without user intervention.

In the following discussion, an example environment is
first described that may employ the techniques described
herein. Example procedures are then described which may
be performed in the example environment as well as other
environments. Consequently, performance of the example
procedures is not limited to the example environment and
the example environment is not limited to performance of
the example procedures.

Example Environment

FIG. 1 is an illustration of an environment 100 in an
example implementation that is operable to employ image
distractor detection and processing techniques described
herein. The illustrated environment 100 includes a comput-
ing device 102, which may be configured in a variety of
ways.

The computing device 102, for instance, may be config-
ured as a desktop computer, a laptop computer, a mobile
device (e.g., assuming a handheld configuration such as a
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tablet or mobile phone as illustrated), and so forth. Thus, the
computing device 102 may range from full resource devices
with substantial memory and processor resources (e.g.,
personal computers, game consoles) to a low-resource
device with limited memory and/or processing resources
(e.g., mobile devices). Additionally, although a single com-
puting device 102 is shown, the computing device 102 may
be representative of a plurality of different devices, such as
multiple servers utilized by a business to perform operations
“over the cloud” as further described in relation to FIG. 8.

The computing device 102 is illustrated as including a
distractor processing system 104 that is representative of
functionality implemented at least partially in hardware to
process an image 106 to locate distractors 108 within the
image 106. Although the distractor processing system 104 is
illustrated as implemented locally on the computing device
102, functionality represented by the distractor processing
system 104 may also be implemented as split between the
computing device 102 and functionality (e.g., a web service)
accessible via the network 110, implemented solely via the
web service, and so on.

The distractor processing system 104 is configured to
support generic and generalized automatic detection of
distractors 108 in an image. As such, a variety of types of
distractors 108 may be detected by the distractor processing
system 104, such as spots 112, manmade objects in natural
scenes 114, partial objects located at edges 116 of the image
106 (e.g., cropped objects), and so on. A variety of other
examples of distractors are also contemplated, such as
background objects that are unrelated to foreground objects;
text (e.g., writing on a wall or object); wires and poles;
shadows and highlights; other types of spots such as speck-
les, stains, dust; unnatural colors that do not correspond
without colors of primary subject matter of the image 106;
and semantic and context dependent objects such as to
include power pole in a downtown city scene as relevant but
not in a rural scene. The distractor processing system 104
may then remove the distractors 108, which includes reduc-
tion in appearance (e.g., blurring, removal of contrast,
desaturation, color transfer), object removal (e.g., content
aware fill and hole filling), and so on.

In the illustrated example, a display device 118 of the
computing device 102 displays an image 120 having a
primary subject matter of a forest scene 122 and thus objects
such as the trees, ground, and sky define the content that is
desired to be viewed by a user, i.e., the primary subject
matter of the image 120. The image 120 also includes
objects that are considered to distract from this content,
which are referred to as distractors 108 as described above.
Ilustrated examples of the distractors include a spot 124
e.g., from a fleck of dust or water disposed on a lens of an
image capture device that captured the image. The image
120 also includes a traffic cone 126 which is an example of
a man-made object in a natural scene 114 which is unex-
pected to a user viewing the image 120 and is thus consid-
ered distracting. Another example is a cropped object 128
involving a dog and is thus a partial object at an edge 116 of
the image 120. As the object is cropped it is likely that the
object does not pertain to the primary subject matter of the
image 120 and also is considered as a distractor 108 as a
user’s eye is typically drawn to this partial object and away
from the forest scene.

The distractor processing system 104 is thus configured to
support generic and generalized automatic image distractor
detection that employs a distinction between types of
saliency (e.g., prominence) of content within an image, such
as salient objects that are part of the primary subject matter
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of'the image 120 and salient distractors that distract from the
primary subject matter as further described below. This may
be performed in a variety of ways, an example of which
begins with a discussion of FIGS. 2, 3, and 6 in which
machine learning techniques are described to generate a
distractor model. Use of the distractor model to detect and
remove distractors 108 is subsequently described in relation
to FIGS. 4, 5, and 7.

FIG. 2 depicts a system 200 in an example implementa-
tion usable to create a model configured to identify distrac-
tors within an image by the distractor processing system 104
of FIG. 1. A distractor model creation module 202 of the
distractor processing system 104 is representative of func-
tionality to generate a distractor module 204 that is usable to
detect distractors 108 in an image 106. In this example, the
distractor model creation module 202 employs a machine
learning module 206 to generate the model, although other
examples are also contemplated.

To train the machine learning module 206, a set of images
208 are obtained having tagged distractors 210 such that
locations of the distractors within the images are indicated to
function as ground truth distractor locations 212. The images
208 and the tagged distractors 210 may be specified in a
variety of ways. As shown in FIG. 3, for instance, a
collection 300 of images 302, 304, 306, 308 is provided to
users for manual processing through exposure via a user
interface. A user may then interact with tools (e.g., a
freeform drawing tool, highlighter, obscuring tool) to indi-
cate one or more portions of the images 302, 304, 306, 308
that are considered distracting and thus are distractors.

For image 302, for instance, primary subject matter
includes two people taking a selfie. The image 302 also
includes a person in the background looking directly at the
camera and thus is considered a distractor 310, which is
circled and thus a location of the distractor is tagged. In
image 304, a nature scene of a hilly landscape is shown with
a car that is considered as distracting from the nature scene
and thus is circled as a distractor.

Likewise, an image 306 of an ocean scene is shown with
a buoy or platform that is considered a distractor 314 due to
distraction from a fishing net and water of an ocean scene.
For image 308, a person’s elbow at an edge of the image 308
is considered as a distractor 316 from primary subject matter
of a pizza. In this way, a distinction is made by users
between types of saliency, such as salient objects that are
part of the primary subject matter of the image 120 (e.g., the
people, landscape, ocean, and pizza) and salient distractors
that distract from the primary subject matter (e.g., the
bystander, car, buoy, and elbow) which may be learned by
the machine learning module 206.

Return is now be made to FIG. 2, in which the machine
learning module 206 receives the images 208 and tagged
distractors 210 that act as ground truth distractor locations
212 to generate the distractor model 204. First, values are
calculated for a set of features for segments (e.g., individual
pixels, super pixels, patches) of the images 208. A variety of
features may be used, such as color values and histograms;
average color in a segment; storable pyramid sub-bands;
color probabilities; HOG in window; distance to center;
distance to closest edge; car detector; people detector; face
detector; text detector, Hou saliency, Itti & Koch saliency;
PCA saliency; Torralba salience; relative saliency to a high-
est peak; distance to highest saliency peak; size of segment;
relative size to most salient segment; GIST; global features
per image area; concentric rings around a pixel; saliency
maps—distance from edges; saliency maps—distance from
primary peak; Poselets; scene classification-side-face detec-
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tor; people detector with relation towards main person;
dense SIFT; saliency via context elements; convolutional
neural network (CNN) features; and so forth.

The machine learning module 206 then uses the set of
features 214 and the ground truth distractor locations 212 to
train the distractor model 204 as a predictor of distractors
108, an example of which is illustrated in the following
expression:

P(distractor|f,Fc,s)

where “f” describes local features, “F” describes other
peaks’ features, “c” is an image class, and “s” is a segment
type. The machine learning module 206 may use a variety of
techniques to perform machine learning, including support
vector machines 216, LASSO 218, decision trees 220,
convolutional neural networks (CNNs) 222, and so forth.
The distractor model 204 is then usable to identify distrac-
tors in subsequent images, further description of which is
included in the following and shown in corresponding
figures.

FIG. 4 depicts a system 400 in example implementation
in which a distractor model 204 generated in FIG. 2 is used
to detect presence of distractors in subsequent images. In
this example, the distractor processing system 104 receives
an image 402 that was not used to train the distractor model
204 in FIG. 2. The distractor processing system 104 first
employs a segmentation module 404 to form a plurality of
segments 406 as individual portions of the image 402. A
variety of techniques are usable to support the segmentation,
such as an SLIC super pixel technique, edge detection,
clustering, and so forth.

The segments 406 of the image 402 are then processed by
a segment prediction module 408 using the distractor model
204. The segment prediction module 408 uses the distractor
model 204 to calculate a score 410 for each of the segments
406 that is indicative of a likelihood that the segment is
considered a distractor, which is illustrated through use of
different shades for the segments in the illustration.

The scores 410 are configurable in a variety of ways. For
example, the score 410 may be generalized to indicate an
overall likelihood of the segment 406 being considered a
distractor. In another example, the score 410 is configured to
indicate a likelihood of a type of distractor, e.g., spots 112,
man-made objects in natural scenes 114, partial objects at
edges 116, and so on as previously described. For example,
a plurality of distractor models 204 may be learned using the
process described in relation to FIG. 2, each corresponding
to a respective type of distractor. Thus, processing by
particular models may be used to indicate likelihoods of
corresponding types of distractors. In one or more imple-
mentations, the segment prediction module 408 may include
functionality usable to detect objects or subject matter of the
image 402 (e.g., a landscape) and then select one or more
distractor models 204 that are usable to types of distractors
for that subject matter, e.g., man-made objects.

The scores 410 for the corresponding segments 406 are
then usable by a distractor removal module 412 to control
removal of the distractors. For example, the distractor
removal module 412 may rank the segments 406 based on
the scores 410. In one or more implementations the ranking
may also take into account location of the segments 406,
such as to follow an “outside in” approach due to the
realization that distractors are typically located along an
edge of an image 402 while primary subject matter that is
desired by a user is located in the center of the image 402.

A control 130 as shown in FIG. 1 may then be used to
control an amount of distractors removed, such as by sliding
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the control 130 to the right to cause more distractors to be
removed and left to lower the number removed based on the
ranking. A variety of other examples are also contemplated,
such as to highlight potential distractors for selection by a
user for removal, automatic removal of distractors that have
scores 410 above a threshold amount, and so on.

The distractor removal module 412 may employ a variety
of techniques to remove the distractors from the image 402.
For example, a content aware fill 414 technique may be
used, also referred to as “hole filling,” to replace pixels at
locations of the images having descriptors, i.e., segments
associated with the descriptor, with pixels generated based
on pixels in the image outside this location. Other examples
are also contemplated that are used to de-emphasize the
descriptors, such as desaturation 416, contrast removal 418,
blurring 420, and color transfer 422. Other examples of
distractor removal are also contemplated, such as retargeting
as further described in the following and shown in a corre-
sponding figure.

FIG. 5 depicts an example implementation 500 of dis-
tractor removal through retargeting. In this example, a user
wishes to resize the image. Instead of resizing uniformly, the
distractor removal module 412 bases the resizing on dis-
tractors detected in the image 402 to form a resized image
502. In the illustrated instance, distractors including a stain
on the floor 504 and a partial object of a window 506 are
cropped from the image 402 to form image 502. The
techniques described herein are usable to support a variety
of other functionality, such as to improve image saliency
models such that given a saliency map “S” and a distractor
map “D”, removal of distractors from the saliency map
based on the distractor map is used to improve saliency.

Example Procedures

The following discussion describes image distractor
detection and processing techniques that may be imple-
mented utilizing the previously described systems and
devices. Aspects of each of the procedures may be imple-
mented in hardware, firmware, or software, or a combination
thereof. The procedures are shown as a set of blocks that
specify operations performed by one or more devices and
are not necessarily limited to the orders shown for perform-
ing the operations by the respective blocks. In portions of the
following discussion, reference will be made to FIGS. 1-5.

FIG. 6 depicts a procedure 600 in an example implemen-
tation in which a distractor model is generated using
machine learning. In this example, a digital medium envi-
ronment is configured for image distractor detection by
generating a distractor model usable to detect inclusion of
distractors within images that are likely to be considered by
a user as distracting from content within the image. A
plurality of images are received by the one or more com-
puting devices having tagged distractor locations (block
602). The distractor model creation module 202, for
instance, receives images 208 having tagged distractors 210
that act as ground truth distractor locations 212.

Values are calculated by the one or more computing
devices for a set of features for respective ones of a plurality
of segments within respective ones of the plurality of images
(block 604). Continuing with the previous example, features
214 are also received by the distractor model creation model
202 that describe characteristics of the images 208, which
are used to calculate values for those features for the images
208.

The distractor model is generated by the one or more
computing devices using one or more machine learning
techniques in which the distractor model is trained for
detection of the distractors. The generation of which uses the
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calculated values and the plurality of images having distrac-
tor location tagged that function as a ground truth for the one
or more machine learning techniques (block 606). The
distractor model creation module 202, for instance, uses a
machine learning module 206 to generate the distractor
model based on the ground truth distractor locations 212 and
the calculated values of the features 214. A variety of
machine learning techniques are usable, such as decision
trees 220, LASSO 218, support vector machines 216, or
convolutional neural networks (CNNs) 222.

FIG. 7 depicts a procedure 700 in an example implemen-
tation in which distractors are detected and removed from an
image using a distractor model. In this example, a digital
medium environment is configured for image distractor
detection that includes detecting one or more locations
within the image automatically and without user interven-
tion by the one or more computing devices that include one
or more distractors that are likely to be considered by a user
as distracting from content within the image (block 702). As
previously described, distractors 108 may draw a user’s
attention away from primary subject matter of the image
402, such as spots, man-made objects in natural scenes,
partial objects at edges, and so on.

The detection includes forming a plurality of segments
from the image by the one or more computing devices and
calculating a score for each of the plurality of segments that
is indicative of a relative likelihood that a respective said
segment is considered a distractor within the image (block
704). The calculation is performed using a distractor model
trained using machine learning as applied to a plurality
images having ground truth distractor locations (block 706).
The distractor processing system 104, for instance, may
employ a segmentation module 404 to form a plurality of
segments 406 from the image 402. The segment prediction
module 408 then employs a distractor model 204 to calculate
a score 410 for each of the segments.

The image is transformed by the one or more computing
devices based on the detecting (block 708). This include
removal of distractors by a content aware fill 414, desatu-
ration 416, contrast removal 416, blurring 420, color transfer
422, retargeting as shown in FIG. 5, and so forth. In this way,
generic distractors may be removed automatically and with-
out user intervention from the image 402, which is not
possible using conventional techniques.

Example System and Device

FIG. 8 illustrates an example system generally at 800 that
includes an example computing device 802 that is represen-
tative of one or more computing systems and/or devices that
may implement the various techniques described herein.
This is illustrated through inclusion of the distractor pro-
cessing system 104. The computing device 802 may be, for
example, a server of a service provider, a device associated
with a client (e.g., a client device), an on-chip system, and/or
any other suitable computing device or computing system.

The example computing device 802 as illustrated includes
a processing system 804, one or more computer-readable
media 806, and one or more I/O interface 808 that are
communicatively coupled, one to another. Although not
shown, the computing device 802 may further include a
system bus or other data and command transfer system that
couples the various components, one to another. A system
bus can include any one or combination of different bus
structures, such as a memory bus or memory controller, a
peripheral bus, a universal serial bus, and/or a processor or
local bus that utilizes any of a variety of bus architectures.
A variety of other examples are also contemplated, such as
control and data lines.
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The processing system 804 is representative of function-
ality to perform one or more operations using hardware.
Accordingly, the processing system 804 is illustrated as
including hardware element 810 that may be configured as
processors, functional blocks, and so forth. This may include
implementation in hardware as an application specific inte-
grated circuit or other logic device formed using one or more
semiconductors. The hardware elements 810 are not limited
by the materials from which they are formed or the process-
ing mechanisms employed therein. For example, processors
may be comprised of semiconductor(s) and/or transistors
(e.g., electronic integrated circuits (ICs)). In such a context,
processor-executable instructions may be electronically-ex-
ecutable instructions.

The computer-readable storage media 806 is illustrated as
including memory/storage 812. The memory/storage 812
represents memory/storage capacity associated with one or
more computer-readable media. The memory/storage com-
ponent 812 may include volatile media (such as random
access memory (RAM)) and/or nonvolatile media (such as
read only memory (ROM), Flash memory, optical disks,
magnetic disks, and so forth). The memory/storage compo-
nent 812 may include fixed media (e.g., RAM, ROM, a fixed
hard drive, and so on) as well as removable media (e.g.,
Flash memory, a removable hard drive, an optical disc, and
so forth). The computer-readable media 806 may be con-
figured in a variety of other ways as further described below.

Input/output interface(s) 808 are representative of func-
tionality to allow a user to enter commands and information
to computing device 802, and also allow information to be
presented to the user and/or other components or devices
using various input/output devices. Examples of input
devices include a keyboard, a cursor control device (e.g., a
mouse), a microphone, a scanner, touch functionality (e.g.,
capacitive or other sensors that are configured to detect
physical touch), a camera (e.g., which may employ visible or
non-visible wavelengths such as infrared frequencies to
recognize movement as gestures that do not involve touch),
and so forth. Examples of output devices include a display
device (e.g., a monitor or projector), speakers, a printer, a
network card, tactile-response device, and so forth. Thus, the
computing device 802 may be configured in a variety of
ways as further described below to support user interaction.

Various techniques may be described herein in the general
context of software, hardware elements, or program mod-
ules. Generally, such modules include routines, programs,
objects, elements, components, data structures, and so forth
that perform particular tasks or implement particular abstract
data types. The terms “module,” “functionality,” and “com-
ponent” as used herein generally represent software, firm-
ware, hardware, or a combination thereof. The features of
the techniques described herein are platform-independent,
meaning that the techniques may be implemented on a
variety of commercial computing platforms having a variety
of processors.

An implementation of the described modules and tech-
niques may be stored on or transmitted across some form of
computer-readable media. The computer-readable media
may include a variety of media that may be accessed by the
computing device 802. By way of example, and not limita-
tion, computer-readable media may include “computer-read-
able storage media” and “computer-readable signal media.”

“Computer-readable storage media” may refer to media
and/or devices that enable persistent and/or non-transitory
storage of information in contrast to mere signal transmis-
sion, carrier waves, or signals per se. Thus, computer-
readable storage media refers to non-signal bearing media.
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The computer-readable storage media includes hardware
such as volatile and non-volatile, removable and non-re-
movable media and/or storage devices implemented in a
method or technology suitable for storage of information
such as computer readable instructions, data structures,
program modules, logic elements/circuits, or other data.
Examples of computer-readable storage media may include,
but are not limited to, RAM, ROM, EEPROM, flash
memory or other memory technology, CD-ROM, digital
versatile disks (DVD) or other optical storage, hard disks,
magnetic cassettes, magnetic tape, magnetic disk storage or
other magnetic storage devices, or other storage device,
tangible media, or article of manufacture suitable to store the
desired information and which may be accessed by a com-
puter.

“Computer-readable signal media” may refer to a signal-
bearing medium that is configured to transmit instructions to
the hardware of the computing device 802, such as via a
network. Signal media typically may embody computer
readable instructions, data structures, program modules, or
other data in a modulated data signal, such as carrier waves,
data signals, or other transport mechanism. Signal media
also include any information delivery media. The term
“modulated data signal” means a signal that has one or more
of its characteristics set or changed in such a manner as to
encode information in the signal. By way of example, and
not limitation, communication media include wired media
such as a wired network or direct-wired connection, and
wireless media such as acoustic, RF, infrared, and other
wireless media.

As previously described, hardware elements 810 and
computer-readable media 806 are representative of modules,
programmable device logic and/or fixed device logic imple-
mented in a hardware form that may be employed in some
embodiments to implement at least some aspects of the
techniques described herein, such as to perform one or more
instructions. Hardware may include components of an inte-
grated circuit or on-chip system, an application-specific
integrated circuit (ASIC), a field-programmable gate array
(FPGA), a complex programmable logic device (CPLD),
and other implementations in silicon or other hardware. In
this context, hardware may operate as a processing device
that performs program tasks defined by instructions and/or
logic embodied by the hardware as well as a hardware
utilized to store instructions for execution, e.g., the com-
puter-readable storage media described previously.

Combinations of the foregoing may also be employed to
implement various techniques described herein. Accord-
ingly, software, hardware, or executable modules may be
implemented as one or more instructions and/or logic
embodied on some form of computer-readable storage
media and/or by one or more hardware elements 810. The
computing device 802 may be configured to implement
particular instructions and/or functions corresponding to the
software and/or hardware modules. Accordingly, implemen-
tation of a module that is executable by the computing
device 802 as software may be achieved at least partially in
hardware, e.g., through use of computer-readable storage
media and/or hardware elements 810 of the processing
system 804. The instructions and/or functions may be
executable/operable by one or more articles of manufacture
(for example, one or more computing devices 802 and/or
processing systems 804) to implement techniques, modules,
and examples described herein.

The techniques described herein may be supported by
various configurations of the computing device 802 and are
not limited to the specific examples of the techniques
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described herein. This functionality may also be imple-
mented all or in part through use of a distributed system,
such as over a “cloud” 814 via a platform 816 as described
below.

The cloud 814 includes and/or is representative of a
platform 816 for resources 818. The platform 816 abstracts
underlying functionality of hardware (e.g., servers) and
software resources of the cloud 814. The resources 818 may
include applications and/or data that can be utilized while
computer processing is executed on servers that are remote
from the computing device 802. Resources 818 can also
include services provided over the Internet and/or through a
subscriber network, such as a cellular or Wi-Fi network.

The platform 816 may abstract resources and functions to
connect the computing device 802 with other computing
devices. The platform 816 may also serve to abstract scaling
of resources to provide a corresponding level of scale to
encountered demand for the resources 818 that are imple-
mented via the platform 816. Accordingly, in an intercon-
nected device embodiment, implementation of functionality
described herein may be distributed throughout the system
800. For example, the functionality may be implemented in
part on the computing device 802 as well as via the platform
816 that abstracts the functionality of the cloud 814.

Conclusion

Although the invention has been described in language
specific to structural features and/or methodological acts, it
is to be understood that the invention defined in the
appended claims is not necessarily limited to the specific
features or acts described. Rather, the specific features and
acts are disclosed as example forms of implementing the
claimed invention.

What is claimed is:

1. In a digital medium environment for distractor detec-
tion in an image, a method comprising:

detecting one or more locations within the image auto-

matically and without user intervention by one or more

computing devices, the image including one or more

distractors that are likely to be considered by a user as

distracting from content within the image including:

forming a plurality of segments from the image by the
one or more computing devices; and

calculating a score for each of the plurality of segments
that is indicative of a relative likelihood that a
respective said segment is considered a distractor
within the image, the calculating performed using a
distractor model trained using machine learning as
applied to a plurality of images having ground truth
distractor locations.

2. A method as described in claim 1, wherein the calcu-
lating results in a classification of salient objects that are
included within respective said segments as:

salient objects that include the image content that is likely

to be considered important to the user; and

salient objects that include the distractors that are likely to

be considered as distracting from the image content that
is likely to be considered important to the user.

3. A method as described in claim 1, wherein the plurality
of segments are configured as having a single pixel, a
super-pixel, or a patch having a plurality of pixels.

4. A method as described in claim 1, further comprising
transforming the image by the one or more computing
devices based on the detecting.

5. A method as described in claim 4, wherein the trans-
forming includes removal of the likely one or more distrac-
tors, desaturation of the likely one or more distractors,
reduction in contrast of the likely one or more distractors,
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blurring of the likely one or more distractors, or a color
transfer of the likely one or more distractors.

6. A method as described in claim 4, wherein the trans-
forming including retargeting the image in which the image
is resized to remove the one or more distractors.

7. A method as described in claim 1, further comprising
generating the distractor model by the one or more comput-
ing devices using the one or more machine learning tech-
niques.

8. A method as described in claim 1, further comprising
selecting the distractor model from a plurality of said
distractor models based on type of the one or more distrac-
tors.

9. A method as described in claim 1, further comprising:

ranking the plurality of segments by the one or more

computing devices based on respective said scores; and
providing an option by the one or more computing device

that is accessible via a user interface to control removal

of the one or more distractors based on the ranking.

10. In a digital medium environment for image distractor
detection, a method of generating a distractor model usable
to detect inclusion of distractors within images that are
likely to be considered by a user as distracting from content
within the image, the method comprising:

receiving a plurality of images by one or more computing

devices, the plurality of images having tagged distrac-
tor locations;

calculating values by the one or more computing devices

for a set of features for respective ones of a plurality of
segments within respective ones of the plurality of
images; and

generating the distractor model by the one or more

computing devices using one or more machine learning
techniques in which the distractor model is trained for
detection of the distractors, the generating using the
calculated values and the plurality of images having
distractor locations that are tagged and that function as
a ground truth for the one or more machine learning
techniques.

11. A method as described in claim 10, wherein the one or
more machine learning techniques include decision trees,
least absolute shrinkage and selection operator (LASSO),
support vector machines, or convolutional neural networks
(CNNs).

12. A method as described in claim 10, wherein the
generating is performed to generate a plurality of said
distractor models, each corresponding to a respective one of
a plurality of types of distractors.

13. A method as described in claim 12, wherein the types
of distractors include spots and stains, blurry objects, partial
objects, partial objects located at an edge of an image,
unwanted text, unwanted highlights and bright regions,
inclusion of man-made objects in natural scenes, or inclu-
sion of objects representing signs, wires, or poles.

14. A method as described in claim 10, wherein the
plurality of segments are configured as having a single pixel,
a super-pixel, or a patch having a plurality of pixels.

15. A method as described in claim 10, wherein the set of
features includes:

a relative location of respective said segments within

respective said images;

relation of the location of respective said segments to

other said segments;

an object represented by the respective said segments;

colors of pixels included in respective said segments, or

size of the respective said segments.
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16. A method as described in claim 10, wherein the
distractor locations are tagged in the plurality of images
based on inputs received from users via a user interface.

17. In a digital medium environment for distractor detec-
tion, a system comprising:

a distractor processing system, implemented by one or
more computing devices, to detect one or more loca-
tions within an image automatically and without user
intervention that include one or more distractors that
are likely to be considered by a user as distracting from
content within the image, the distractor processing
system including:

a segmentation module implemented at least partially
in hardware to form a plurality of segments from the
image;

a segment prediction module implemented at least
partially in hardware to calculate a score for each of
the plurality of segments that is indicative of a
relative likelihood that a respective said segment is
considered a distractor within the image, the calcu-
lation performed using a distractor model trained
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14

using machine learning as applied to a plurality
images having ground truth distractor locations; and

a distractor removal module implemented at least par-
tially in hardware to control removal of the one or
more distractors.

18. A system as described in claim 17, wherein the
plurality of segments are configured as having a single pixel,
a super-pixel, or a patch having a plurality of pixels.

19. A system as described in claim 17, wherein the
removal includes removal of the likely one or more distrac-
tors, desaturation of the likely one or more distractors,
reduction in contrast of the likely one or more distractors,
blurring of the likely one or more distractors, a color transfer
of'the likely one or more distractors; or retargeting the image
in which the image is resized to remove the one or more
distractors.

20. A system as described in claim 17, wherein the
distractor removal module is configured to control removal
of the one or more distractors based on a ranking of the
segments based on respective said scores.
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