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COUPLED MULTI-TASK FULLY CONVOLUTIONAL NETWORKS USING MULTI-
SCALE CONTEXTUAL INFORMATION AND HIERARCHICAL HYPER-FEATURES
FOR SEMANTIC IMAGE SEGMENTATION

BACKGROUND

Semantic image segmentation (S15) is used to predict pixel-wise category labels in
images or video {rames. Unlike object classification or detection, SIS obtains semantic labels for
every pixel of an image or frame, not just image-wise labels. Therefore, SIS plays an important
role as an independent component in numerous computer vision tasks such as object tracking,
scene understanding, and human-machine interaction. Such technigues and systems may be
applied in products such as unmanned vehicles (e.g.. drones or cars), somatosensory gaming, and
robot vision. Fast and accurate semantic image segmentation technology is, therefore, of great

sigotficance.

Deep convolutional neural networks have attracted attention in many fields including
computer vision, patlern recognition, and big data analysis. Current techniques may be based on
deep fully convolutional networks (FCN) that deploy an end-to-end model jointly predicting
labels of all pixels in an image. Further techniques include using conditional random fields to
smooth the spatial prediction results from the FCN, symmetric de-convolution networks {o
discover small scale objects, and multi-task learning {rameworks that include object detection, 2-
class background segmentation and classification in order. However, such techniques suffer from

various drawbacks inclading increased computational costs and the like.

It may be advantageous to perform semantic image segmentation with high accuracy and
with less computational and memory resource requirements. It is with respect to these and other
considerations that the present improvements have been needed. Such improvements may
become critical as the desire to perform semantic image segmentation and using the resultant

semantic segraented images becomes more widespread.
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BRIEF DESCRIPTION OF THE DRAWINGS

The material described herein is iHlustrated by way of example and not by way of
limitation in the accompanying figures. For simplicity and clarity of illustration, elements
illustrated in the figures are not necessarily drawn to scale. For example, the dimensions of some

S elements may be exaggerated relative to other elements for clanty. Further, where considered
appropriate, reference labels have been repeated among the figures to indicate corresponding or

analogous elements. In the figures:

FIG. 1 llustrates an example semantic 1ruage segmentation system for perforroing

semantic image segmentation;

10 FIG. 2 illustrates example small and large sub-regions of a training image for training

semantic image segmentation system;
FIG. 3 illustrates cxample ground truth semantic labels corresponding to a training image;

FIG. 4 illustrates cxample ground truth objectness labels corresponding to a training

image;

15 FIG. 5 1s a flow diagram illustrating an example process for training semanfic image

segmentation system;

FIG. 6 1s a flow diagram iHustrating an example process {or performing semantic image

5

segmentation;

FIG. 7 is an illustrative diagram of an example system for performoing semaniic image

20 segmentation;
FIG. 8 is an illustrative diagram of an example system; and

FIG. 9 illustrates an example device, all arranged in accordance with at least some

implementations of the present disclosure.
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DETAILED DESCRIPTION

One or more embodiments or implerentations are now described with reflerence to the
enclosed figures. While specific configurations and arrangements are discussed, it should be
understood that this is done for illustrative purposes only. Persons skilled in the relevant art will
recognize that other configurations and arrangements may be employed without departing from
the spirit and scope of the description. It will be apparent to those skilled in the relevant art that
techniques and/or arrangements described herein may also be employed in a variety of other

systerns and applications other than what is described herein.

While the following description sets forth various implementations that may be
manifested in architectores such as system-on-a-chip (50C) architectures for example,
implementation of the techniques and/or arrangements described herein are not resiricted to
particular architectures and/or computing systems and may be implemented by any architecture
and/or computing system for similar purposes. For instance, various architectures employing, for
example, multiple integrated circuit (IC) chips and/or packages, and/or various computing
devices and/or consumer electronic (CE) devices such as set top boxes, smart phones, etc., may
implement the techniques and/or arrangements described herein. Further, while the following
description may set forth numerous specific details such as logic implementations, types and
interrelationships of system components, logic partitioning/integration choices, cte., claimed
subject matter may be practiced without such specific details. In other instances, some material
such as, for example, control structures and {ull software instruction sequences, may not be

shown in detail in order not io obscure the material disclosed herein.

The material disclosed herein may be implemented 1n hardware, firmware, software, or
any combination thereof. The material disclosed herein may also be implemented as instructions
stored on a machine-readable medium, which may be read and executed by one or more
processors. A machine-readable medivm may inchide any medium and/or mechanism for storing
or transmitting information in a form readable by a machine (e.g., a computing device). For
example, a machine-readable medium may inclnde read only memory (ROM); random access
memory {RAM); magnetic disk storage media; optical storage media; flash memory devices;
electrical, optical, acoustical or other forms of propagated signals (e.g., carrier waves, infrared

signals, digital signals, etc.), and others.
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eferences in the specification to "ove implementation”, "an implementation”, "an
example implementation”, etc., indicate that the implementation described may include a
particular feature, structure, or characteristic, but every embodiment may not vecessarily 1oclode
the particular feature, structure, or characteristic. Moreover, such phrases are not necessarily
referring to the same implementation. Further, when a particular feature, structure, or
characteristic is described in connection with an embodiment, it 1s submiited that it is within the
knowledge of onc skilled in the art to affect such feature, structure, or characteristic in

connection with other implementations whether or not explicitly described herein.

Methods, devices, apparatuses, computing platforms, and articles are described herein

related to performing semantic image scgmentation using fully convolutional networks.

As described above, it may be advantageous to perform semantic image segmentation
(SIS) with high accuracy and with less computational and memory resource requirements. The
techniques discussed herein perform SIS using a coupled multi-task (CMT) fully convolutional
network (FCN) incorporating multi-scale contextual (MO) information and hierarchical hyper-
features (HH) (CMT-MCHH). The discussed CMT-MCHH systems and techniques divide the
SIS task into two coupled steps: learning a 2-class objectness mask and classifying C-class {c.g.,
€ being the number of total classes) semantic labels. Such a divide and conquer strategy may
ctficiently remove the interference of image or video frame backgrounds. Furthermore, the
discussed CMT-MCHH systems and techniques may take different scales of contextual
information into consideration (e.g., during training), which can effectively capture both global
and local feature of objects. Also, the discussed CMT-MCHH systems and technigues roay
deploy muiti-scale hyper-features, which can recognize objects of different scale sizes. The
discussed systems and techuiques provide high performance, strong generalization capacity, and
a small memory footprint. During an implementation phase, the discussed CMT-MCHH systems
and technigues may receive an input image (¢.g., from a memory or other image or video source)
and provide a semantic image segmentation of the input (e.g., the semantic image segmentation
including pixel-level category labels for pixels of the input image) and/or an objectness image
segmentation of the input (e.g., the objectuess image segmentation including pixel-level object or

non-object labels for pixels of the input image).

In some embodiments discussed herein, semantic image segmentation may include
training a fully convolutional network system using training 1mages {(e.g., in a {raining phase) and

implementing the trained fully convolutional network system in an implementation or testing
- d -
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phase. During implementation, the {ully convolutional network system may implement, by a
multi-stage fully convolutional network, a number of stages based on an input image. The stages
may generate one or more feature maps corresponding to the input image such that successive
stages provide feature maps at lower and lower resclutions. Furthermore, feature maps from two
or more later or middle stages of the multi-stage fully convolutional network may be combined
{e.g., concatenated) to provide a hyper-feature corresponding to the input timage. The hyper-
feature, having a lower resolution than previous stages, is up-sampled to the higher resolution of
a previous stage and summed with the output from the previous stage. The process of up-
sampling and summing may be repeated any number of times to generate a final set of features
corresponding to the input image. Such techniques provide for a hierarchical hyper-feature (HH)
architecture for detecting small objects in images. The final set of {eatures is then evaluated to
provide a semantic image segmentation of the input image. For exaraple, the evaluation may
include application of a convolutional layer and a classifier. The semantic image segmentation
includes pixel-level category labels and/or pixel-level probabilities of labels for pixels of the

input tmage.

Furthermore, during implementation, the discussed hyper-feature process may also be
performed for an objectness classification. In an cmbodiment, the discussed hyper-feature may
be used for both semantic image segmentation and objectness classification. In an embodiment,
the hyper-feature process or network for objectness classification is different (e.g., different
stages may be used, different interpolations may be provided and so on). The second hyper-
feature may be used to perform a fused objectness classification and semantic image
segmentation. For example, the second hyper-feature may be provided to a convolutional layer
trained for objectness classification and the results of the objectness classification convolutional
layer and the semantic image segmentation discussed above may be sumimed or the resulis from a
objectness classification classifier and the semantic image segmentation classifier discussed
above may be summed. Based on the summation, the classifications may work together (e.g., in a
fused manner) to provide most likely object labels for the pixels. For example, a semantic image
segmentation label that provide a high confidence label (e.g., person or animal or the like) fora
pixel may be mitigated by an objectness classification indicating the pixel is not an object.
Similarly, a pixel with an objectness classification indicating a high likelihood a pixel is an
object may be labeled with the highest confidence semantic image segmentation label even

though the confidence is relatively low.
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During the training phase, the discassed fully convolutional network system may be
trained with coupled multi-task learning (CMT). As discussed, the fully convolutional network
system may include two tasks {(e.g., semantic itmage segmeuntation labeling and objectness
classification labeling). During training, the loss function for the semantic image segmentation
labehing and the objectness classification labeling may be {used such that the two tasks share a
{ully convolutional neural network and the two tasks supplement one another in training. Such
training improves the performance of the trained fully convolutional network system
significantly while reducing complexity. The loss functions may be fused using any suitable
technique or technigues such as applying a first weighting to the semantic image segmentation
labeling loss function and a second weighting to the objectness classification labeling loss

function and summing the weighted loss functions.

Also during training, the two task networks may be trained with multi-scale contextual
(MC) images. First, small scale images are cropped from the training images to train the mult-
stage fully convolutional network of the fully convolutional neural network system. Then, large
scale images {(¢.g., images larger than the smaller images) are cropped from the training images
to refine the training of the fully convolutional neural network system. Such techniques offer the
advantage of combining local and global featurcs of objects in the training of the fully
convolutional neural network. Furthermore, the training of the fully convolutional network
systemn may continue with training the hyper-feature networks discussed above. Finally, the
entire fully convolutional network system (e.g., multi-stage fully convolutional network,
semantic image segmentation hyper-feature network, and objectness classification labeling
hyper-feature network) is trained 1o an end-to-cnd manner based on the training images to

finalize the fully convolutional neural network system.

Such a coupled multi-task fully convolutional network system incorporating multi-scale
contextual and hierarchical hyper-feature (CMT-MCHH) techniques offer enhanced performance
and a small model size. The results during implementation, a semantic image segmentation
and/or objectness segmentation of an input image, have a wide range of uses in object tracking,
scene understanding, human-machine interaction, unmanned vehicles (e.g., drones or cars),

sormatosensory gaming, robot vision, and so on.

FIG. 1 illustrates an example semantic image segrmentation systern 100 for performing
semantic image segmentation, arranged in accordance with at least some implementations of the

present disclosure. As shown in FIG. 1, semantic image segmentation system 100 may include a
-6 -
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multi-stage fully convolutional network 105, a semantic label hyper-feature network 108, an
objectness label hyper-feature network 109, and a fused semantic and objectness classification
module 106. Semantic image segmentation system 100 may be implemented by any suitable
form factor device such as a server, a personal computer, a laptop computer, a tablet, a phablet, a
smart phone, a digital camera, a gaming console, a wearable device, a display device, an all-in-
one device, a two-in-one device, or the like. For example, semantic image segmentation system
100 may perform semantic image segmentation and/or other computer vision tasks as discussed
herein. Semantic image segmentation system 100 may provide a deep learning system having a
fully convolutional network using multi-task learning, multi-scale contextual information, and

hierarchical hyper-features.

Also as shown, multi-stage {ully convolutional network 105 may nclude fully
convolutional network stages such as a first fully convolutional network stage 151, a second fully
convolutional network stage 152, a third fully convolutional network stage 153, a fourth fully
convolutional network stage 154, and a {ifth {ully convolutional network stage 155. In the
illustrated example, multi-stage fully convolutional network 1035 has five stages. However, multi-
stage fully convolational network 105 may have any namber of stages. As shown, multi-stage
fully convolutional network 105 receives an input image 111 and the stages of multi-stage fully
convolutional network 105 provide {feature maps 112, 113, 114, 115, 116, respectively. Input
image 111 may include any suitable input image of any suitable size. For example, input image
111 may be an image in the red, green, blue (RGB) color space such that input image 111 has
NxM pixels each represented by three values corresponding to the three RGB color channels. In
an embodiment, tnput immage 111 has a resolution of 320x320. Although discussed with respect to
the RGB color space, the input pixel values may be in any suitable color space such as the YUV
(Y luminance, U chroma, and V chroma) color space, the YCbCr (luminance, blue difference,
and red difference) color space, the CMYK {cvan, magenta, vellow, key or black) color space, or
the like. Multi-stage fully convolutional network 105 may receive image data 103 from an image

SCNSOT, an Hl’iclgﬁ PrOCessor, 4 memory, or any other source

Each of convolutional network stages 151155 may inclade any number of convolutional
layers, rectified linear units, max pooling layers, local response normalization layers, or the like,
In an embodiment, first stage 151 includes two fully convolutional layers followed by a max
pocling layer, second stage 152 includes two fully convolutional layers followed by a max

pooling layer, third stage 153 includes three fully convolutional layers followed by a max

-7 -
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pooling layer, fourth stage 154 includes three fully convolutional layers followed by a max
pocling layer, and {ifth stage 155 includes three fully convolutional layers followed by a max
pooling layer. Network stages 151-155 may include other optional layers {e.g., rectified linear
units and/or local response normalization) and network stages 151155 any suitable fully
convolutional layers and/or stages. Furthermore, multi-stage fully convolutional network 105 and
semantic image segmentation system 100 may be characterized as a fully convolutional network

or system as it does not include any fully connected neural network layers.

As shown, first stage 151 outputs a feature map or maps 112, For example, first stage 151
may apply one or more convolutional layers and a max pooling layer or the like based on input
image 111 to generate feature maps 112, In an embodiment, first stage 151 applies two
convolutional layers and a max pooling layer based on inpuot image 111 to generale feature maps
112. In an embodiment, feature maps 112 include a set of feature maps each at a resolution less
than that of 1oput image 111, Furthermore, for each pixel location of a feature map, feature maps
112 may include multiple channels corresponding o a number of convolutional filters applied in
first stage 151. For example, if 100 filters arc applied at first stage 151 with max pooling that
reduces the resolation by one half in each dimension, feature maps 112 may include 100 featare
maps cach having a resolution of 1/2Nx1/2M. In an embodiment, feature maps 112 have a
resolution of 160x160. Feature maps 112 and any other feature maps discussed herein may be
characterized as a feature map, a sct of feature maps, a response map, a set of response maps, or

the like.

Second stage 152 may receive feature maps 112 and second stage 152 outputs a feature
map or maps 113. For example, second stage 152 may apply one or more convolutional layers
and a max pooling layer or the like based on feature maps 112 to generate feature maps 113. In
an embodiment, second stage 152 applies two convolutional layers and a max pooling layer to
generate featore maps 113, In an embodiment, feature maps 113 include a set of featore maps
each at a resolution less than that of feature maps 112, Furthermore, for each pixel location of a
feature map, feature maps 113 may include multiple channels corresponding (o a number of
convolutional filters applied in second stage 152. For example, if 50 filters are applied at second
stage 152 with max pooling that reduces the resolution by one half in cach dimension, feature
maps 113 may include 50 feature maps each having a resolution of 1/4Nx1/4M. In an

embodiment, feature maps 113 have a resolution of 80x30.
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Stnularly, third stage 153 may receive feature roaps 113 and third stage 153 outpuis a
feature map or maps 114. For example, third stage 153 may apply one or more convolutional
layers and a max pooling layer or the like based on feature maps 113 to generate {eature maps
114. In an embodiment, third stage 153 applies three convolutional layers and a max pooling
layer to gencrate feature maps 114, In an embodiment, feature maps 114 include a sct of feature
maps each at a resolution less than that of feature maps 113. Furthermore, {or each pixel location
of a feature map, feature maps 114 may include multiple channels corresponding to a number of
convolutional filters applied in second stage 152. For example, if 25 filters are applied at third
stage 152 with max pooling that reduces the resolution by one half in cach dimension, feature
maps 114 may include 50 feature maps each having a resolution of 1/8Nx1/8M. In an

embodiment, feature maps 114 have a resolution of 40x40.

Furthermore, fourth stage 154 may receive {eature maps 114 and fourth stage 154 outputs
a feature map or maps 115, For example, fourth stage 154 may apply one or more convolutional
layers based on feature maps 114 to generate feature maps 115. In an embodiment, fourth stage
154 applies three convolutional layers to generate feature maps 115. In an embodiment, feature
maps 115 include a set of feature maps each at a resolution equal to that of {eature maps 114. In
an embodiment, feature maps 113 have a resolution of 40x40. Furthermore, {or each pixel
location of a feature map, {eature maps 115 may include multiple channels corresponding to a
number of convolutional filters applied as discussed above. Similarly, fifth stage 155 may receive
feature maps 115 and {ifth stage 155 outputs a feature map or maps 116. For example, fifth stage
155 may apply one or more convolutional layers based on feature maps 115 to generate feature
maps 116. In an embodiment, fifth stage 155 applies three convolutional layers to generate
feature maps 116. In an embodiment, feature maps 116 include a set of feature maps each at a
resolution equal to that of featore maps 114 and feature maps 115, In an embodiment, feature
maps 116 have a resolution of 40x40. Furthermore, for each pixel location of a featare map,
feature maps 115 may include multiple channels corresponding to a nurnber of convolutional

filters applied as discussed above.

Also as shown n FIG. 1, feature maps 112116 are provided to semantic abel hyper-
feature network 108, Semantic label hyper-feature network 108 receives feature maps 112-116
and generates a {inal set of features 181 for semantic segmentation. In an embodiment, {feature
maps 114, 115, 116 are combined by a combiner 187 to generate hyper-feature 188. For example,
featore maps 114, 115, 116 may be concatenated to generate hyper-featore 188, For example, as
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discussed, feature maps 114, 115, 116 are of the same resolution due to pooling layers (e.g., max
pocling layers) of the stages of multi-stage fully convolutional network 105 decreasing the
resolution of feature maps through third stage 153. By combining feature maps 114, 115, 116
from middie layers or stages of multi-stage fully convolutional network 105 to generate hyper-
feature 188, features corresponding to small scale objects in input image 111 may be maintained

such that the small scale objects are not lost by multi-stage fully convolutional network 105.

Hyper-feature 188 may include muitiple feature maps or a single map with multiple
channels or the like. As shown, hyper-feature 188 may be provided to an up-sampler 186, which
may up-sample hyper-feature 188 to the resohution of feature maps 113. The up-sampled hyper-
featurc may be provided to an adder 185 to gencrate an up-sampled and summed features 182,
The up-sampling and summing may be perforroed using any suitable technique or techniques.
For example, up-sampler 186 may apply an up-sample filter and/or refinement filtering. In an
embodiment, the resolution and channel depth of the up-sampled hyper-featore roay match the
resolution and channel depth of feature map 113 such that adder 185 sums, in a pixel-wise and
channel-wisc manner, the values of the up-sampled hyper-feature and the values of {eature map

113.

Up-sampled and summed features 182 may be provided to an up-sampler 184, which may
up-sample up-sampled and sunumed features 182 to the resolution of feature maps 112, The up-
sampled features may be provided to an adder 183 to generate up-sampled and summed {eatures
characterized as final set of featurcs 181. The up-sampling and summing may be performed using
any suitable techniguoe or techniques. For example, up-sampler 184 may apply an up-sample filter
and/or refinement filtering. In an embodiment, the resolution and channel depth of up-sampled
and summrned features 182 may maich the resolution and chaunnel depth of feature map 112 such
that adder 185 sums, in a pixel-wise and channel-wise manner, the values of the up-sampled

hyper-feature and the values of feature map 113.

Although discussed with respect to three feature maps 114, 115, 116 being combined to
generate hyper-feature 188, any number of feature maps {e.g., two, four, or more) may be
combined or concatenated. Furthermore, semantic image segmentation systern 100 illustrates
feature maps 114, 115, 116 having the same resolution being combined. However, prior to being
combined, any of such feature maps may be up-sampled or down-sampled as needed to provide
the same resolution across the featore maps. Further still, sernantic image segmentation system

100 illustrates two up-sampling and sumiming operations {o incorporate previous stage feature
- 10 -
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maps into {inal set of features 181, However, the discussed up-sampling and summing operations
may be performed any number of times such as once, three times, or more depending on number
of stages of multi-stage fully convolutional network 105 and/or the architecture thereol. For
example, such up-sampling and sumning operations may not be performed for each stage such

that stages may be skipped or the like.

With continued discussion of FIG. 1, feature maps 112-116 are also provided to
objectness label hyper-feature network 109, Objectness label hyper-feature network 109 receives
feature maps 112-116 and generates a final set of features 191 for objectness segmentation. In an
embodiment, feature maps 114, 115, 116 are combined by a combiner 197 to generate hyper-
feature 198, For example, feature maps 114, 115, 116 may be concatenated to generate hyper-
feature 198. As discussed, feature maps 114, 115, 116 are of the same resolution due to pooling
layers (e.g., max pooling layers) and, by combining feature maps 114, 115, 116 from middle
layers or stages of mulii-stage {ully convolutional vetwork 105 to generate hyper-feature 198,

features corresponding to small scale objects in input image 111 may be maintained.

Hyper-feature 198 may include multiple feature maps or a single map with multiple
channels or the like and hyper-feature 198 may be provided to an up-sampler 196, which may up-
sample hyper-feature 198 1o the resolution of feature maps 113. The up-sampled hyper-feature
may be provided to an adder 195 to generate an up-sampled and summed features 192, The up-
sampling and summing performed by objectness label hyper-feature network 109 may be
performed using any suitable technique or techniques such as those discussed with respect to
semantic label hyper-feature network 108, Up-sampled and summed featores 192 may be
provided to an up-sampler 194, which may up-sample up-sampled and summed features 192 to
the resolution of feature maps 112 and the up-sampled features may be provided (o an adder 193

to generate up-sampled and summed features characterized as final set of features 191.

Although discussed with respect to {eature maps 112, 113, 114, 115, 116 being used to
generate final set of features 191 in a manner analogous to that of semantic label hyper-feature
network 108, objectness label hyper-feature network 109, objectness label hyper-feature network
109 may generate {inal set of features 191 using any suitable technigue or techniques. For
example, semantic label hyper-feature network 108 and objectuoess label hyper-feature network
109 may be the same {(c.g., such that one may be eliminated as redundant), they may utilize
different up-sampling filters and/or refinement filters, or they may use different architectures. For

example, semantic label hyper-feature network 108 and objectness label hyper-feature network
11 -
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109 may combine different feature maps to generate their respective hyper-features. In addition
or in the alternative, they may use differing numbers of up-sampling and summing operations {o
incorporate previous stage feature maps or the like. For example, objectness label hyper-feature
network 109 may skip stages while semantic label hyper-feature network 108 performs up-

sampling and summing for cach stage of multi-stage fully convolutional network 103,

Discussion now turns to fused semantic and objectness classification module 106. As
shown, fused semantic and objectness classification module 106 receives {inal set of features 181
and final set of features 191, Fused semantic and objectness classification module 106 includes a
semantic labels classification module 161 and an objeciness labels classification module 166.
During a training phase, scmantic labels classification module 161 includes convolutional layer
162, any other intervening layers, and loss function moduale 164 and objeciness labels
classification module 166 includes convolutional layer 167, any other intervening layers, and loss
function module 169. As discussed, semantic image segmentation system 100 provides an end-
to-end system for performing two tasks: semantic labeling and objectness labeling. That is,
semantic label hyper-feature network 108 and semantic labels classification module 161 perform
a C-class semantic label task (C being the namber of classifications being tmplemented) and
objectness label hyper-feature network 109 and objectness labels classification module 166

perform a 2-class label task {either object or non-object).

Duaring the training phase, loss function modale 164 and loss function module 169 are
fused to provide training for scmantic image segmentation system 100. For example, a loss
function may be defined for the semantic labeling task and another loss function may be defined
for the objectness labeling task. For example, semantic image segmentation system 100 may be
provided training images as input image 111 to generate labeling results (both semantic and
objectness labels). The results during training may be compared to ground truth labels {again for
both semantic and objectness labels) and the fused loss functions may minimized over the
training. In an embodiment, the two loss functions may be weighted and summed by adder 165
over the training images. The resultant loss values or parameters are provided as {raining
feedback 171 and the fused loss functions may be minimized over the training images and sob-
regions from cropping of the training images (as discussed further below) to train and generate

semantic image segmentation system 100,

-12 -
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For exaruple, given s fraining images labeled y; with features x;, the fused loss functions
may be weighed by weighting values w;, w; and fused or summed as shown below with respect
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such that Equation (2) below provides a loss function for semantic labeling and Equation (3)

below provides a loss function for objectness labeling.
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The discussed weights may include any suitable values. In an embodiment, the weights
sum to one. In an embodiment, the weight applied to the semantic segmentation loss function is
greater than the weight applied to the objectness segmentation loss function. In an embodiment,
the weight applied to the semantic segmentation loss function is twice the weight applied to the
objectness segmentation loss function. The discussed fusing of loss functions provides coupled
multi-task (CMT) learning for semantic image segmentation system 10 across semantic labeling
and objectness labeling. Thereby, the two tasks (semantic labeling and objectness labeling) are
coupled by sharing multi-stage fully convelutional network 105 and by training as discussed. For
example, semantic label hyper-feature network 108 and semantic labels classification module
161 {e.g., a semantics labeling network or the like} and objectness label hyper-feature network
109 and objectness labels classification module 166 {e.g., an objectness labeling network or the
like) may supplement each other via such {using or summation to reduce the complexity of the

semantic image segmentation task and to provide higher accuracy semantic image segmentation.
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Furthermore, during the training phase of semantic 1mage segmeuntation system 100,
multi-scale contextual image training may be provided. For example, during training, small scale
images (e.g., small sub-regions cropped from training images) are used to train an initial mult-
stage fully convolutional network 105 and/or other portions of semantic image segmentation
systemn 100. Such training of multi-stage fully convolutional network 105 may be characterized
as initial training or local training or the like. For example, such training may inclade training

based on local features of the training images.

Next, large scale images {(e.g., larger regions cropped from training images and/or the full
size training images themselves) are used to train the tnitial multi-stage fully convolutional
network 103 and/or other portions of semantic image segmentation system 100. The large scale
image training may provide additional rich contextual information to train a global multi-stage
fully convolutional network 105 and/or other portions of semantic image segmentation system
160, For example, such training may include training based on global features of the training
images. Such training may be provided such that all large scale images are larger than all small
scale images. Furthermore, the cropping of the training mages to generate the small and large
scale training sub-regions or images may be performed using any suitable technigue or
technigues such as randomly cropping the training images or the like. Although discussed with
respect to two level training (e.g., large and small sub-regions), any nomber of levels such as
three or four may be used such that cach subsequent training increases the sizes of the sub-
regions. Such multi-scale contextual (MC) image training offers the advantages of detection with

different context information may combining global and local features of objects.

FIG. 2 illustrates example small and large sub-regions of a training image 211 for training
semantic image segrmentation system 100, arranged in accordance with at least some
implementations of the present disclosure. As shown in FIG. 2, training image 211 may include
any suitable image for training semantic image segmentation system 100 such as an image
inclhuding objects of the classification labels to be trained such as people, antmals, horses, birds,
bikes, plancs, automobiles, boats, background, and so on. Furthermore, somge training images
may include objects that do not correspond to the classification labels. As discussed herein, any

number or C-classification labels may be provided.

FIG. 3 illustrates example ground truth semantic labels 311 corresponding to training
image 211, arranged o accordance with at least some impleroentations of the present disclosure.

As shown in FIG. 3, ground truth semantic labels 311 include labels 301 corresponding to a
- 14 -
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person, labels 302 corresponding to a horse or animal, and labels 303 corresponding to no object.
Although discussed with respect to labels of person, horse or animal, and no object, any suitable
labels may be used such as more generic labels, more specitfic labels, numeric labels that are
indexed to descriptive labels, or the like. As can be seen with respect to FIG. 2, ground truth
semantic labels 311 provide accurate labels to cach pixel of training image 211. Such ground
trath semantic labels 311 may be provided using any suitable technigque or technigues such as by

hand labeling or the like.

FIG. 4 illustrates example ground truth objectness labels 411 corresponding to training
image 211, arranged in accordance with at least some implementations of the present disclosure.
As shown in FIG. 4, ground truth objectness labels 411 include labels 401 corresponding to non-
object, not an object, background or the like and labels 402 corresponding to object, object of
interest, foreground, or the like. As shown, ground truth objectness labels 411 provide a binary
map of training image 211 indicating on a pixel-by-pixel basis whether the pixel corresponds to
an object to be labeled or not. For example, values of 1 may be provided for pixels with an object
to be labeled and values 0 may be provided for pixels without an object to be labeled. As can be
seen with respect to FIG. 2, ground truth objectness labels 411 provide accurate labels to each
pixel of training image 211. Such ground truth semantic labels 311 may be provided using any

suitable technique or technigues such as by hand labeling or the like.

With reference to FIGS. 1 and 2, during the training phase, smaller sub-regions such as
small sub-region 201 of training images such as training image 211 may be provided, along with
corresponding ground truth semantic and objeciness information, during the nitial training of
multi-stage fully convolutional network 105 and/or other portions of semantic image
segmentation system 100. For example, training image 211 may be cropped randomly to generale
small sub-region 201 and/or other small sub-regions of training image 211 and small sub-region
201 may be provided to multi-stage fully convolutional network 105 as input image 111 to train
multi-stage fully convolutional network 105 and/or other portions of semantic image
segmentation system 100. In an embodiment, multi-stage fully convolutional network 105 may
be pre-trained based on such small sub-regions without use of other components of semantic
image scgmentation system 100, In an cmbodiment, the entirety of semantic image segmentation
systerm 100 may be trained based on such small sub-regions. As will be appreciated, the training

set of training images including training image 211 may include hundreds, thousands, or more



W

10

=
W

N2
W

WO 2018/035805 PCT/CN2016/096707

training images and such small sub-regions may also include hundreds, thousands, or more

training sub-regions.

Furthermore, with continued reference to FIGS. 1 and 2, during the training phase, larger
sub-regions such as large sub-region 202 of training images such as fraining image 211 may be
provided, along with corresponding ground truth semantic and objectness information, during the
global training of multi-stage fully convolutional network 105 and/or other portions of semantic
image segmentation system 100, For example, training tmage 211 may be cropped randomly to
gencrate large sub-region 202 and/or other large sub-region of training image 211 and large sub-
region 202 may be provided to multi-stage fully convolational network 105 as input image 111 to
train multi-stage fully convolutional network 1035 and/or other portions of semantic image
segmentation system 100, To an embodiment, multi-stage fully convolutional network 105 may
be pre-trained based on such large sub-regions without use of other components of semantic
image segmentation sysiem 100, In an embodiment, the entirety of semantic 1mage segmentation

systemn 100 may be trained based on such large sub-regions.

Returning now to FIG. 1 and discussion of fused semantic and objectness classification
module 106, during an implementation or testing phase, semantic image segmentation system
100 receives input image 111 for semantic image segmentation. During implementation, input
image 111 is received for processing without ground truth information and it is the purpose of
semantic image segmentation system 100 to provide pixel level {e.g., pixel-by-pixel) output
semantic labels 121 that correspond to input image 111. Output semantic labels 121 may inchude
any suitable information, data structure, or the like that provide semantic image segmentation of
input image 111. For example, output semantic labels 121 provide pixel level category labels for
each pixel of input image 111 from available category labels (e.g., C classification options)

optionally including a non-object classification.

In addition or in the alternative, output objectness labels 122 may be provided
corresponding to input image 111. Output objectness labels 122 may include any suitable
information, data stracture, or the like that provide objectuness image segmentation of input tmage
111. For example, ouiput objectness labels 122 provide pixel level (e.g., pixel-by-pixel} object or
non-object labels for each pixel of input image 111. Output objectness labels 122 may be

characterized as a objectness binary map, objectness binary mask, or the like.
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QOutput semantic labels 121 and/or output objeciness labels 122 may be stored to memaory,
provided to another application, transmitted to another device, or the like. For example, such
output semantic labels 121 and/or output objectness labels 122 may be used in a wide array of
applications such as computer vision, gaming such as somatosensory gaming, object detection,
object tracking, scenc understanding, human-machine interaction, unmanned vehicles (e.g.,
drones or cars), and so on. With respect to FIGS. 2-4 it is the goal of semantic image
segmentation system 100 to, assuming the implementation phase input image is image 211, to, as
closely as possible, provide results matching ground truth semantic labels 311 and ground truth

objectness labels 411,

During implementation, semantic image segmentation system 100 receives input image

111. Fully convolutional network stages 151-155 provide {eature maps 112—-116 as discussed
herein. Two or more low resclution feature maps such as feature maps 114116 are combined to
generate hyper-feature 188, which is up-sampled to the higher resolution of featore maps 114 and
combined with feature maps 114. Such up-sampling and combining with an earlier stage feature
map may be repeated any number of times to generate {inal set of features 181. Similarly, two or
more low resolution feature maps such as feature maps 114-116 are combined o generate hyper-
feature 198, which is up-sampled to the higher resolution of feature maps |14 and combined with
featore maps 114 and such up-sampling and combining with an earlier stage feature map may be

repeated any number of times to generate {inal set of features 191,

Final sets of features 181, 191 are provided to {used semantic and objeciness
classification module 106, which, as discussed includes semantic labels classification module
161 and objectness labels classification module 166. During the implementation or test phase,
loss function modules 164, 169 are removed and classification modules 163, 1638 are provided.
For example, convolutional layer 162, which may be characterized as a semantic label based
convolutional layer, and/or additional layers are applied to final set of features 181 to provide
semantic scores corresponding to input image 111. Similarly, convolutional layer 167, which
may be characterized as an objectness label based convolutional layer, and/or additional layers
are applied to final set of features 191 to provide objectness scores corresponding to input image

11,

Based on the resultant semantic and objectness scores, classification modules 163, 168
and adder 165 provide a fused or summed classification to generate output semantic labels 121

and/or output objectness labels 122. For example, the resultant semantic scores and objeciness
-17 -
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scores may be summed and the resultant summed scores may be used for semantic segmentation
by classification module 163. Such classification may be performed using any suitable technique
or techniques. In an embodiment, the summed scores may be compared to a threshold and only
those scores comparing favorably to the threshold (e.g., exceeding the threshold or the like) are
provided a scmantic label. If a summed score does not compare favorably to the threshold, an
output label of no object is provided. In an embodiment, a highest probability semantic label
from the resultant semantic scores is provided for each pixel deemed to have an object
corresponding thereto. In an embodiment, a number of highest probability labels are provided
along with their corresponding probabilitics. Furthermore, region merging techniques, filtering
techunigues, or the like may be applied to spatially smooth the semantic labels to generate output

semantic labels 121.

Furthermore, classification module 168 may generate ouiput objeciness labels 122 based
on the resultant objectness scores {rom convolutional layer 167 and/or the resultant semantic
scores {rom convolutional layer 162. In an embodiment, output objectness labels 122 are based
on the resultant objectness scores from convolutional layer 167 without use of the resultant
semantic scores {rom convolutional layer 162. For example, output objeciness labels 122 may
provide the most probable result from the resultant objectness scores indicating whether ecach
pixel of nput image 111 is an object or not. In an embodiment, output objectness labels 122 are
based on the summed scores of the resultant objectness scores and the resultant semantic scores
as discussed. For example, output objectness labels 122 may provide the most probable result
from the resultant summed scores indicating whether each pixel of input image 111 is an object

Or not.

FIG. 5 is a flow diagram illustrating an example process 500 {or training semantic image
segmentation system 100, arranged in accordance with at least some implementations of the
present disclosure. Process 500 may include one or more operations 301-507 as illustrated in
FIG. 5. Process 500 may be performed by a device {e.g., system 100, any other devices or
systems discussed herein, or an external training device such as a computer device or the like) to
train a semantic image segmentation system for implementation as discussed herein. Process 500
or portions thercof may be repeated for any training image scts, semantic image scgmentation

system, or the like.

Process 500 may begin at operation 501, where a training set of images or image data

may be loaded. Such training data may include any suitable training data such as known or
- 18~
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generated images, ground truth semantic labels corresponding to such images, ground truth

objectness labels corresponding to such tmages, or the like.

Processing may continue at operation 502, where small sub-regions may be cropped from
the training 1mages (o train a two-class objectness network. The small sab-regions may be
cropped {rom the training images using any suitable technique or techniques. In an embodiment,
one or more small sub-regions are cropped from each training image randomly. In an
embodiment, one or more small sub-regions are cropped from each training tmage randomly
such that cach small region has the same size. In an ernbodiment, small (NgxNg) sub-regions are

randomly cropped from the training images to train a two-class object network.

For example, semantic image segmentation system 100 may be trained by process 500 in
a step-wise manner that builds on previous training. For example, at operation 502, a two-class
object network is trained. With reference to FIG. 1, the two-class object network may include
multi-stage fully convolutional network 105 (without use of semantic label hyper-feature
network 108 and objectness label hyper-featare network 109) trained using a loss function
provided by loss function module 169. For example, {eature maps 116 or the like and suitable
objectness classification may be used to initially train multi-stage fully convolutional network
105 vsing small sub-regions and two-class {e.g., objectness) classification only. For example,
training of semantic image scgmentation system 100 may begin on small sub-region images

using a two-class object sub-network of semantic timage segmentation system 100.

Processing may continue at operation 503, where a two task network may be jointly
trained based on the trained two-class objectness network and the small sub-regions. The two
task network may be jointly trained using any suitable technique or techniques. In an
embodiment, the two task network includes the two-class objectness network trained at operation
502 and a fused C-class semantic segrentation network {or C-class semantic segmentation. For
example, the two task network may include the initially trained multi-stage fully convolutional
network 103 (again without usc of semantic label hyper-feature network 108 and objectness label
hyper-feature network 109) trained using a fused loss {unction provided by loss function modules
164, 169 and adder 165 (e.g., a fused loss function such as the loss function provided by
Equation (1}). For example, featare maps 116 or the like and suitable objectness classification
and suitable semantic classification may be used to continue to train multi-stage fully
convolutional network 105 using small sub-regions and two task (e.g., objectness and sernantic)

classification. For example, training of semantic image segmentation system 100 may continue
-19 -



W

10

=
W

20

N2
W

30

WO 2018/035805 PCT/CN2016/096707

with small sub-region images using a fused two task network of semantic image segmentation

system 100.

Processing may continue at operation 504, where large sub-regions may be cropped from
the tratning images loaded at operation 301 to fine tune the two task object network traived at
operation 503. The large sub-regions may be cropped from the training tmages using any suitable
technique or technigues. In an embodiment, one or more large sub-regions are cropped from each
training image randomly. In an embodiment, one or more large sub-regions are cropped from
cach training image randomly such that each large region has the same size. In an embodiment,
one or more large sub-regions are cropped from each training image randomly such that the large
sub-regions all have a larger size than the small sub-regions cropped at operation 502, Inn an
embodiment, large (NpxNy) sub-regions are randoraly cropped from the training images to fine
tune the two task {(e.g., multi-task} networks including the objectness network and the semantic

segmentation network,

For example, as discussed, the two task network may fine tuned at operation 504 ruay be
the two class network discussed with respect operation 503. The fine tuning performed at
operation 504 may provide additional contextual information with respect to the training

provided at operation 502 and 503.

Processing may continue at operation 505, where feature maps of two or more final layers
of the multi-stage fully convolutional network may be combined (e.g., concatenated) to train
hyper-feature networks. For example, feature maps may be generated using small and/or large
sub-regions and/or entire training images based on the multi-stage fully convolutional network
fine tuned at operation 504. The feature maps (e.g., feature maps 114, 115, 116), at the same
resolution or scale, are combined using any suitable technique or techniques such as
concatenation technigques to generate hyper-features. The hyper-features are used to train
semantic label hyper-feature network 108 and/or objectness label hyper-feature network 109. For
example, the training of multi-stage fully convolutional network 105 may continue along with
the training of semantic label hyper-feature network 108 and objectness label hyper-feature

network 109,

Processing may continue at operation 306, where the hyper-feature may be up-sampled to
the resoluation or size of a previous stage of the multi-stage fully convolutional network, sammed
with the feature map or maps {rom the previous stage, such up-sampling and summing may be

-30 -
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repeated any nurober of ties and the whole network of the semantic image segmentation sysiern
may be trained hierarchically. For example, hyper-feature 188 and hyper-feature 198 may be up-
sampled and summed with feature maps 113 and the sumimation roay be up-sampled and
summed with feature maps 112. As discussed, such processing may be performed for any
number of previous stages of multi-stage fully convolutional network 105, The networks of
semantic image segmentation system 100 are then trained hierarchically based on the up-sampled

and summed feature maps and final sets of features 181, 191,

Processing may continue at operation 507, where the discussed networks are trained in an
end-to-end manner. For example, the networks of semantic image segmentation system 100 may
be trained based on the training images (and/or sub-regions thereof) by providing them {o
semantic image segmentation system 100 all at once (e.g., all components or networks together)

from the input to the output based on the fused loss functions as discussed herein.

FIG. 6 1s a flow diagram illustrating an example process 600 for performing semantic
image segmentation, arranged in accordance with at least some implementations of the present
disclosure. Process 600 may include one or more operations 601609 as illustrated in FIG. 6.
Process 600 may form at least part of a semantic image segmentation process. By way of non-
linniting example, process 600 may form at least part of a semantic image segmentation process
performed by system 100. Furthermore, process 600 will be described herein with reference to

system 700 of FIG. 7.

FIG. 7 is an illustrative diagram of an example system 700 for performing semantic
image segmentation, arranged in accordance with at least some implementations of the present
disclosure. As shown in FIG. 7, system 700 may include a central processor 701, a graphics
processor 702, and memory storage 703. Also as shown, central processor 701 may include or
implement multi-stage fully convolutional network 103, fused semantic and objectiness
classification module 106, semantic label hyper-feature network 108, and objectness label hyper-
feature network 109. Such modules may be implemented to perform operations as discussed
herein. In the example of system 700, memory storage 703 may store input image data, training
image data, image sub-regions, feature maps, hyper-features, output semantic labels, output

objeciness labels, training feedback, or any other information or data discussed herein.

As shown, in some examples, multi-stage fully convolutional network 103, fused
semantic and objectness classification module 106, semantic label hyper-feature network 108,
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and ohjeciness label hyper-{eature network 109 may be implemented via central processor 701.
in other examples, all, some, or portions of multi-stage fully convolutional network 105, Tused
semantic and objectness classification module 106, semantic label hyper-feature network 108,
and objectness label hyper-feature network 109 may be implemented via graphics processor 702
or an image processing unit (not shown) of system 700. In yet other examples. all, some, or
portions of multi-stage fully convolutional network 103, fused semantic and objectiness
classification module 106, semantic label hyper-feature network 108, and objectness label hyper-
feature network 109 may be implemented via an imaging processing pipeline, graphics pipeline,

or the like.

Graphics processor 702 may include any number and type of graphics processing units,
that may provide the operations as discussed herein. Such operations may be implemented via
software or hardware or a combination thereof. For example, graphics processor 702 may include
circuitry dedicated to manipulate 1mage data, semantic image segmentation system data, or the
like obtained from memory storage 703. Central processor 701 may include any number and type
of processing units or modules that may provide control and other high level functions for system
700 and/or provide any operations as discussed herein. Memory storage 703 may be any type of
memory such as volatile memory (¢.g., Static Random Access Memory (SRAM). Dynamic
Random Access Memory (DRAM), etc.) or non-volatile memory (e.g., {lash memory, ete.}, and
so forth. In a non-limiting example, memory storage 703 may be implemented by cache memory.
In an embodiment, all, some, or portions of multi-stage fully convolutional network 105, fused
semantic and objectness classification module 106, semantic label hyper-feature network 108,
and objectoess label hyper-feature network 109 may be impleroented via an execution unit (EU)
of graphics processor 702. The EUJ may include, for example, programmable logic or circuitry
such as a logic core or cores that may provide a wide array of programmable logic {voctions. In
an embodiment, all, some, or portions of multi-stage fully convolutional network 1035, fused
semantic and objectness classification module 106, semantic label hyper-feature network 108,
and objectness label hyper-feature network 109 may be implemented via dedicated hardware
such as fixed function circuitry or the like. Fixed function circuitry may include dedicated logic
or circuitry and may provide a set of fixed function entry points that may map to the dedicated
logic for a fixed purpose or function. In some embodiments, all, some, or portions of multi-stage
fully convolutional network 105, tfused semantic and objectness classification moduale 106,

semantic label hyper-feature network 108, and objectness label hyper-feature network 109 may
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be implemented via an application specific mtegrated circuit (ASIC). The ASIC may include an

integrated circuitry customized to perform the operations discussed herein.

Returning to discussion of FIG. 6, process 600 may begin at operation 601, where a
semantic image segruentation system including a mulii-stage {ully convolutional network may be
trained. The semantic image segmentation system may be trained using any suitable technique or
techniques. In an embodiment, central processor 701 may train multi-stage fully convolutional
network 103, fused semantic and objectness classification module 106, semantic label hyper-
feature network 108, and objeciness label hyper-feature network 109, In an embodiment, the
multi-stage {fully convolutional network to be trained includes a first stage to output a {irst feature
map at a first resolution, a second stage, subsequent to the first stage in the multi-stage fully
convolutional network, to ontput a second feature map at a second resolution less than the first
resolution, and a third stage, subsequent to the second stage in the multi-stage fully convolutional
network, (o output a third feature map at the second resolution. Furthermore, as discussed,
training the multi-stage fully convolutional network may include training other components of a
semantic image segmentation system such as semantic and objectness classification modules
{e.g., including semantic and objectness convolutional layers, respectively), a semantic label

hyper-feature network, and an objectness label hyper-feature network.

In an embodiment, the training may include generating a final set of training featurcs for
a training image, applying a semantic label based convolutional layer to the final set of training
features to provide semantic scores, applying an objectness based convolutional layer to the final
set of features to provide objectness scores, and applyiog a loss function based on both a
comparison of the semantic scores to ground truth semantic scores for the training image and a
comparison of the objectness scores {0 ground truth objectness scores for the fraining image. In
an embodiment, applying the loss function comprises weighting a first loss function including the
comparison of the semantic scores to the ground truth semantic scores with a first weight and
weighting a second loss function including the comparison of the objeciness scores to the ground

truth objectness scores with a second weight different than the first weight,

As discussed, the training may include generating a final set of training features for a
training tmage. In an embodiment, generating the final set of training features includes applying
the first stage of the multi-stage fully convolutional network to output a first training feature map
at a first resolution, applying the second stage of the multi-stage fully convolutional network (o

output a second training feature map at a second resolution less than the first resolution, applying
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the third stage of the multi-stage fully convolutional network {o output a third training feature
map at the second resolution, combining at least the second and third training feature maps to
generale a training hyper-feature corresponding to the training image, up-sampling the training
hyper-feature to the first resolution, and generating the final set of training features by at least
surnming the up-sampled training hyper-feature and the first training feature map. For example,
the final set of training featares may be generated as discussed with respect to operations 602

608 below.

In addition or in the alternative, the training may include cropping one or more {raining
images of the set of training images to generate {irst sub-regions, training, vsing the sub-regions,
an objectness network comprising the multi-stage fully convolutional network and an objectness
based convolutional layer, refining the training, using the sub-regions, of the objectness network
and training, using the sub-regions, a semantic label network comprising the multi-stage fully
convolutional network and a semantic label based convolutional layer, cropping the one or more
training images of the set of training images to generate second sub-regions, wherein all the
second sub-regions arc larger than all the first sub-regions, training a hyper-featore network, and
end-to-end training a system inclhuding the objectness network, the semantic label network, and
the hyper-feature network to gencrate a final semantic image scgmentation system. For example,
training the hyper-{feature network may be performed by concatenating feature maps, generated
based on the second sub-regions, from the second stage, the third stage, and a fourth stage
subsequent to the third stage to generate training hyper-features, up-sampling the training hyper-
features to the first resolution, generating final sets of training features corresponding to the
second sub-regions by at least summing the up-sampled training hyper-feature and a first set of
training feature maps, and hierarchically training the hyper-feature network based on the final

sets of training features.

Processing may continue at operation 602, where a multi-stage fully convolutional
network is implemented based on an input image. For example, a multi-stage fully convolntional
network as trained at operation 601 may be implemented at operation 602. As shown,
implementing the muolti-stage fully convolutional network may include at least sub-operations
603-605. For example, operation 602 may include sub-operation 603, where a first stage of the
multi-stage fully convolutional network may be applied to output a {irst feature map at a {irst
resolution, sub-operation 604, where a second stage of the multi-stage fully convolutional

network, subsequent to the {irst stage in the multi-stage fully convolutional network, may be
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applied to output a second feature map at a second resolution less than the first resolution, and
sub-operation 605, where a third stage of the multi-stage fully convolutional network, subsequent
to the secound stage in the multi-stage fully convolutional network, may be applied to output a
third feature map at the second resolution. The first, second, and third stages may ¢ach include
any number of convolutional layers, max pooling layers, or the like. In an embodiment, the first
stage includes two convolutional layers and a max pooling layer and the second stage includes

three convolutional layers and a max pooling layer.

Processing may continue at operation 606, where at least the second and third feature
maps are combined to generate a hyper-feature corresponding to the input image. The second and
third feature maps may be combined using any suitable technigue or technigues. In an
embodiment, the second and third feature maps are combined by concatenating the second and
third feature maps. In an embodiment, the second and third feature maps are output from middle
stages of shared two task networks (e.g., an objectness network and a semantic segmentation
network). As discussed below, in some embodiments the second and third feature maps are
further combined with another feature map at the same resolation of the second and third feature
maps to generate the hyper-feature. In an embodiment, the hyper-feature may be generated for
use in a semantic segmentation network as discussed herein. In an embodiment, the hyper-feature
is also be used in an object segmentation network. In an embodiment, a second hyper-feature

may be generated for use in the object segmentation network.

Processing may continue at operation 607, where the hyper-feature is up-sampled (o the
first resolotion. The hyper-featore may be up-sampled using any suitable technique or technigues.
Processing may continue at operation 608, where a final set of {eatures corresponding to the
input image may be generated by at least sumrming the up-sampled hyper-feature and the first
‘eature map. For example, the up-sampled hyper-feature and the first feature map may be
surnmed to generate a final set of features for a in a semantic segmentation network as discussed
herein. In an embodiment, the final set of features are also be used in an object segmentation
network. In an embodiment, a second final set of features may be generated for use in the object

segmentation network.

As discussed, two feature maps may be concatenated, ap-sampled, and summed with an
earlier stage feature map to generate a final set of features. In an embodiment, implementing the
multi-stage fully convolutional network for the input image {urther includes applying a {ourth

stage, prior to the first stage, to cutput a fourth feature map at a third resolution greater than the
-5
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first resolution and applying a fifth stage, subsequent to the third stage in the multi-stage fully
convolutional network, to ocutput a fifth feature map at the second resolution. Furthermore,
combining at least the second and third feature maps to generate the hyper-feature may include
combining the second, third, and fifth feature maps to generate the hyper-feature and generating
the final set of features may include up-sampling the sum of the up-sarmpled hyper-feature and
the first feature map to the third resolution and summing the up-sampled features and the fourth

feature maps.

Processing may continue at operation 609, where the final set of features are classified to
provide a semantic image segmentation of the input image such that the semantic image
segmentation includes pixel-level category labels for pixels of the input image. The classification
may be performed using any suitable technique or technigues. In an erabodiment, classifying the
final set of features includes applying a semantic label based convolutional layer to the final set
of features to provide semantic scores, applying an objectness based convolutional layer to the
final set of features {or a second set of final features) to provide objectness scores, and
classifying the semantic scores and the objectness scores to provide the semantic image
segmentation. In an embodiment, classifying the semantic scores and objectness scores inclhides

summing the semantic scores and objectness scores and classifying the summed scores.

As discussed, process 600 may provide a semantic image segmentation of an input image.
In an embodiment, an objectness image segmentation of the input image may also be provided.
In an embodiment, the semantic scores and the objectness scores are classified to provide an
objectuess image segmentation of the input image such that the objeciness image segmentation
including pixel-level object or non-object labels for pixels of the input image. The semantic
image segmentation and/or the objectness image segmentation may be stored in memory storage,
transmitted to another device, or used by another component of system 700. In an embodiment,
process 600 further includes performing. based on the semantic image segmentation and/or the
objectness image segmentation, at least one of object detection, object tracking, or scene

understanding.

Process 600 may provide for generating semantic image scgmentation and/or objectness
image segmentation based on input image data such as an image frame, a picture or frame of a
video sequence, or the like. Process 600 may be repeated any number of times cither in serics or
in parallel for any number of 1nput images, input frames, or the like. As discussed process 600

may provide for high guality semantic image segmentation and/or objeciness image segmeniation
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and 1o implementation {e.g., as implemented with respect to system 700) may provide {or

reduced memory and computational requirements.

Various components of the systems described herein may be implemented in software,
firmware, and/or hardware and/or any combination thereof. For exarmple, various components of
the systems or devices discussed herein may be provided, at least in part, by hardware of a
compuiing System-on-a-Chip (SoC) such as may be found in a computing system such as, for
example, a computer, a laptop computer, a tablet, or a smart phone. For example, such
components or modules may be implemented via a multi-core SoC processor. Those skilled in
the art may recognize that systems described herein may include additional components that have

not been depicted in the corresponding figures.

While implementation of the example processes discussed herein may include the
undertaking of all operations shown 1o the order illustrated, the present disclosure 1s not limited
in this regard and, in various examples, implementation of the example processes herein may
inclade only a subset of the operations shown, operations performed in a different order than

illustrated, or additional operations.

In addition, any one or more of the operations discussed herein may be undertaken in
response to instructions provided by one or more computer program products. Such program
products may inciode signal bearing media providing instructions that, when executed by, for
example, a processor, may provide the functionality described herein. The computer program
products may be provided in any form of one or more machine-readable media. Thus, for
example, a processor including one or more graphics processing unii(s} or processor corg{s) may
undertake one or more of the blocks of the exarnple processes herein in response to program code
and/or instructions or instruction sets conveyed to the processor by one or more machine-
readable media. In geoeral, a machine-readable medium may convey software in the form of
program code and/or instructions or instruction sets that may cause any of the systems or devices

discussed herein, or any other module or component as discussed herein,

As used in any implementation described herein, the term “module” refers to any
combination of software logic, firmware logic, hardware logic, and/or circuitry configured to
provide the functionality described herein. The software may be embodied as a sofltware package,
code and/or instruction set or instructions, and “hardware”, as used in any tmplementation
described herein, may include, for example, singly or in any combination, hardwired circuitry,
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programmable circuitry, state machine circuitry, fixed function circuilry, execution unit circuitry,
and/or firmware that stores instructions executed by programmable circuitry. The modules may,
collectively or individually, be ermbodied as circuitry that forms part of a larger system, for

example, an integrated circuit (IC), system on-chip (So("), and so forth.

FIG. 8 is an illustrative diagram of an example system 800, arranged in accordance with
at least sorue noplementations of the present disclosure. In various imoplementations, system 800
may be a computing system although system 800 is not limited to this context. For example,
system 800 may be incorporated into a personal computer (PC), laptop computer, ultra-laptop
computer, tablet, phablet, touch pad, portable computer, handbeld computer, palmtop computer,
personal digital assistant (PDA), cellular telephone, combination cellular telephone/PDA,
television, smart device {e.g., smart phone, smart tablet or smart television). mobile internet
device (MID), messaging device, data communication device, peripheral device, gaming console,

wearable device, display device, all-in-one device, two-in-one device, and so forth.

o various mplementations, system 300 1ncludes a platform 802 coupled to a display 8§20.
Platform 802 may receive content from a content device sach as content services device(s) 830 or
content delivery device(sy 840 or other similar content sources such as a camera or camera
module or the like. A navigation controlier 850 inclading one or more navigation features may be
used to interact with, for example, platform 802 and/or display 820. Each of these components is

described in greater detail below.

in various implementations, platform 802 may include any combination of a chipset 803,
processor 810, memory 812, antenna 813, storage 814, graphics subsystem 815, applications 816
and/or radio 818. Chipset 805 may provide intercommunication aroong processor 810, memory
812, storage 814, graphics subsystem 815, applications 816 and/or radio 818. For example,
chipset 805 may include a storage adapter (not depicted) capable of providing

intercommunication with storage 814.

Processor 810 may be implemented as a Complex Instruction Set Computer (CISC) or
Reduced Instruction Set Computer (RISC) processors, x86 instruction set compatible processors,
multi-core, or any other microprocessor or central processing unit {CPU). In various
implementations, processor 810 may be dual-core processor(s), dual-core mobile processor(s),

and so forth.
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Memory 812 may be iraplemented as a volatile memory device such as, but pot imited lo,
a Random Access Memory (RAM), Dynamic Random Access Memory (DRAM), or Static RAM
(SRAM).

Storage 814 may be mmplemented as a non-volatile storage device such as, but not limited

W

to, a magnetic disk drive, optical disk drive, tape drive, an internal storage device, an attached
storage device, flash memory, battery backed-up SDRAM (synchronous DRAM), and/or a
network accessible storage device. In various implementations, storage 814 may include
technology to increase the storage performance enhanced protection for valuable digital media

when multiple hard drives are included, for example.

10 (raphics subsystem 815 may perform processing of images such as still images, graphics,
or video for display. Graphics subsystem 815 may be a graphics processing unit (GPU), a visual
processing unit (VPU), or an image processing unit, for example. In some examples, graphics
subsystem 815 may perform scanned image rendering as discussed herein. An analog or digital

interface may be used to communicatively couple graphics subsystem 815 and display 820. For

=
W

example, the interface may be any of a High-Definition Multimedia Interface, DisplayPort,
wircless HDMI, and/or wircless HD compliant technigues. Graphics subsystem 815 may be
integrated into processor 810 or chipset 805. In some implementations, graphics subsystem 815

may be a stand-alone device communicatively coupled to chipset 805,

The image or video processing techniques described hercin may be implemented in
2( various hardware architectures. For example, image processing functionality may be integrated
within a chipset. Alternatively, a discrete graphics and/or image processor and/or application
specific integrated circuit may be used. As still another implementation, the image processing
may be provided by a general purpose processor, including a multi-core processor. In further

embodiments, the functions may be implemented in a consumer electronics device.

25 Radio 818 may include one or more radios capable of transmitting and receiving signals
using various suitable wireless communications techniques. Such technigues may involve
communications across onc or more wireless networks. Example wireless networks include (but
are not limited to) wireless local area networks (WLANSs), wireless personal area networks
{(WPANS5), wireless metropolitan area network {(WMANSs), cellular networks, and satellite

30 networks. In communicating across such networks, radio 818 may operate in accordance with
one or more applicable standards in any version.
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In various implermentations, display 820 may include any flat panel roonitor or display.
Display 820 may include, for example, a computer display screen, touch screen display, video
monitor, television-like device, and/or a television. Display 820 may be digital and/or analog. In
various implementations, display 820 may be a holographic display. Also, display 820 may be a
transparent surface that may receive a visual projection. Such projections may convey various
forms of information, images, and/or objects. For example, such projections may be a visual
overlay for a mobile augmented reality (MAR) application. Under the control of one or more

software applications 816, platform 802 may display user interface 822 on display 820.

in various implementations, content services device(s) 830 may be hosted by any national,
international and/or independent service and thus accessible to platform 802 via the Internet, for
example. Content services device(s) 830 may be coupled to platform 802 and/or to display 820.
Platform 802 and/or content services device(s) 830 may be coupled to a network 860 to
communicate {e.g., send and/or receive) media information to and {rom network 860. Content

delivery device(s) 840 also may be coupled to platform 802 and/or to display 820.

In various implementations, content services device(s) 830 may include a cable television
box, personal computer, network, telephone, Internet enabled devices or appliance capable of
delivering digital information and/or content, and any other similar device capable of um-
directionally or bi-directionally communicating content between content providers and platform
802 and/display 820, via network 860 or directly. It will be appreciated that the content may be
communicated uni-directionally and/or bi-directionally to and {rom any one of the components in
systemn 800 and a content provider via network 860. Examples of content may include any media

information including, for example, video, music, medical and gaming information, and so forth.

Content services device(s} 830 may receive content such as cable television programming
inclading media information, digital information, and/or other content. Examples of content
providers may include any cable or satellite television or radio or Internet content providers. The
provided examples are not meant to limit implementations in accordance with the present

disclosure in any way.

In various implementations, platform 802 may receive control signals {rom navigation
controller 850 having one or more navigation features. The navigation features of navigation
controller 850 may be used to interact with user interface 822, for example. In variouns
embodiments, navigation controller 850 may be a pointing device that may be a computer
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hardware component (specifically, a human interface device) that allows a user to input spatial
{e.g., continuous and multi-dimensional} data into a computer. Many systems such as graphical
user interfaces (GUI), and televisions and monitors allow the user to control and provide data to

the computer or television using physical gestures.

Movements of the navigation {features of navigation controller 850 may be replicated on a
display (e.g., display 820) by movemenis of a pointer, cursor, focus ring. or other visual
indicators displayed on the display. For example, under the control of software applications 816,
the navigation features located on navigation controlier 830 may be mapped to virtual navigation
features displayed on user interface 822, for example. In various embodiments, navigation
controller 850 may not be a separate component but may be integrated into platform 802 and/or
display 820. The present disclosure, however, is not limited to the elements or in the context

shown or described herein.

In various implementations, drivers {not shown) may include technology to enable users
to instantly turn on and off platform 802 like a television with the touch of a button after initial
boot-up, when enabled, for example. Program logic may allow platform 802 to stream content to
media adaptors or other content services device(s) 830 or content delivery device(s) 840 even
when the platform is turned “off.” In addition, chipset 805 may include hardware and/or software
support for 5.1 surround sound aundio and/or high definition 7.1 surround sound audio, for
example. Drivers may include a graphics driver for integrated graphics platforms. In various
embodiments, the graphics driver may comprise a peripheral component interconnect (PCI)

Express graphics card.

In various implementations, any one or more of the components shown in system 800
may be integrated. For example, platform 802 and content services device(s) &30 may be
integrated, or platform 802 and content delivery device(s) 840 may be wntegrated, or platform 802,
content services device(s) 830, and content delivery device(s) 840 may be integrated, for
example. In various embodiments, platform 802 and display 820 may be an integrated unit.
Display 820 and content service device(s) 830 may be integrated, or display 820 and content
delivery device(s) 840 may be integrated, for example. These cxamples are not meant to limit the

present disclosure.

in various embodiments, system 800 may be implemented as a wireless system, a wired
system, or a combination of both. When implemented as a wireless system, system 800 may
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include components and interfaces suitable for communicating over a wireless shared media,

such as one or more antennas, transmitters, receivers, transceivers, amplifiers, filters, control
logic, and so forth. An example of wireless shared media may include portions of a wireless
spectrum, such as the RF spectruom and so forth. When implemented as a wired system, system
800 may include components and interfaces suitable for communicating over wired
communications media, such as input/output (1/0) adapters, physical connectors to connect the
10 adapter with a corresponding wired communications medium, a network interface card (NIC),
disc controller, video controller, audio controller, and the like. Examples of wired
communications media may include a wire, cable, metal leads, printed circuit board (PCB),
backplane, switch fabric, semiconductor material, twisted-pair wire, co-axial cable, fiber optics,

and so forth.

Platform 802 may establish one or more logical or physical channels to communicate
information. The inforroation may include media information and control information. Media
information may refer to any data representing content meant for a user. Examples of content
may include, for example, data from a voice conversation, videoconference, streaming video,
electronic mail (“email”} message, voice mail message, alphanumeric symbols, graphics, image,
video, text and so forth. Data from a voice conversation may be, for example, speech information,
silence periods, background noise, comfort noise, tones and so forth. Control information may
refer to any data representing commands, instructions or control words meant for an automated
systen. For example, control information may be used to route media information through a
system, or instruct a node to process the media information in a predetermined manner. The
embodiments, however, are not limited to the elements or in the context shown or described in

FIG. 8.

As described above, system 800 may be embodied in varying physical styles or form
factors. FIG. 9 illustrates an example small form factor device 900, arranged in accordance with
at least some implementations of the present disclosure. In some examples, system 800 may be
implemented via device 900. In other examples, systerm 100 or portions thercof may be
implemented via device 900. In various embodiments, for example, device 900 may be
implemented as a mobile computing device a having wircless capabilities. A mobile computing
device may refer to any device having a processing system and a mobile power source or supply,

such as one or more batteries, for example.
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Exaroples of a mobile computing device may include a personal computer (PC), laptop
computer, ultra-laptop computer, tablet, touch pad, portable computer, handheld computer,
palmiop computer, personal digital assistant (PDA), cellular telephone, corabination cellular
telephone/PDA, smart device (e.g., smart phone, smart tablet or smart mobile television), mobile

internct device (MID), messaging device, data communication device, cameras, and so forth.

Exaroples ol a mobile computing device also may include computers that are arranged to
be worn by a person, such as a wrist computers, finger computers, ring computers, eyeglass
computers, belt-clip computers, arm-band computers, shoe computers, clothing computers, and
other wearable computers. In various embodiments, for example, a mobile computing device
may be implemented as a smart phone capable of executing computer applications, as well as
voice comymunications and/or data communications. Although some ernbodirnents may be
described with a mobile computing device implemented as a smart phone by way of example, it
may be appreciated that other embodiments may be implemenied using other wireless mobile

computing devices as well. The embodiments are not limited in this context.

e

As shown in FIG. 9, device 900 may include a housing with a front 901 and a back 902.
Device 900 includes a display 904,an input/output (O} device 906, and an integrated antenna
908. Device 900 also may inclade navigation features 912. YO device 906 may include any
suitable I/0O device for entering information into a mobile computing device. Examples for /O
device 906 may include an alphanumeric keyboard, a numeric keypad, a touch pad, input keys,
buttons, switches, microphones, speakers, voice recognition device and software, and so forth.
Information also may be entered into device 900 by way of microphone (not shown), or may be
digitized by a voice recognition device. As shown, device 200 may include a camera 905 (e.g.,
including a lens, an aperture, and an imaging sensor) and a flash 910 integrated into back 902 (or
elsewhere) of device 900. In other examples, camera 905 and flash 910 may be integrated into
front 901 of device 900 or both front and back cameras may be provided. Camera 905 and flash
910 may be components of a camera module to originate image data processed into streaming
video that is cutput to display 904 and/or communicated remotely from device 900 via antenna

908 for example.

Various embodiments may be implemented using hardware elements, software elements,
or a combination of both. Examples of hardware clements may include processors,
microprocessors, circuits, circuit elements {e.g., transistors, resistors, capacitors, inductors, and

so forth), integrated circuits, application specific integrated circuits {ASIC), programmable logic
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devices (PLD), digital signal processors (DSP), {ield programmable gate array (FPGA), logic
gates, registers, semiconductor device, chips, microchips, chip sets, and so forth. Examples of
software may include software components, prograrus, applications, computer programs,
application programs, system programs, machine programs, operating system software,
middleware, firmware, software modules, routines, subroutines, functions, methods, procedures,
software interfaces, application program interfaces (AP, instruction sets, computing code,
computer code, code scgments, computer code segments, words, values, symbols, or any
combination thereof. Determining whether an embodiment is implemented using hardware
elements and/or software elements may vary in accordance with any number of factors, such as
desired computational rate, power levels, heat tolerances, processing cycle budget, input data
rates, output data rates, memory resources, data bus speeds and other design or performance

consiraints.

One or more aspects of at least one embodiment may be implemenied by representative
instructions stored on a machine-readable medium which represents various logic within the
processor, which when read by a machine causes the machine to fabricate logic to perform the
techniques described herein. Such representations, known as 1P cores may be stored on a tangible,
machine readable medium and supplied to various customers or manufacturing facilitics to load

into the fabrication machines that actually make the logic or processor.

While certain features set forth herein have been described with reference to various
implementations, this description is not intended to be construed in a himiting sense. Hence,
various modifications of the implementations described herein, as well as other implementations,
which are apparent to persons skilled in the art to which the present disclosure pertains are

deemed to lie within the spirit and scope of the preseunt disclosure.

In one or more first embodiments, a computer-implemented method for performing
semantic umage segmentation comprises implementing a multi-stage fully convolutional network
based on an input image, wherein implementing the multi-stage fully convolutional network
comprises applying a first stage to output a first feature map at a first resolution, applying a
second stage, subsequent to the first stage in the multi-stage fully convolutional network, to
output a second feature map at a second resolution less than the first resolution, and applying a
third stage, subsequent to the second stage in the multi-stage fully convolutional network, to
output a third feature map at the second resolution, combining at least the second and third

feature maps to generate a hyper-feature corresponding to the input image, up-sampling the
-34 -
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hyper-feature to the first resolution, generating a final set of {eatures corresponding to the mput
image by at least summing the up-sampled hyper-feature and the first feature map, and
classifying the final set of features {o provide a semantic image segmentation of the mput image,
the semantic image segmentation including pixel-level category labels for pixels of the input

5  image.

Further to the first embodiments, implementing the muolti-stage fully convolutional
network based on the input image further comprises applying a fourth stage, prior to the first
stage, to output a fourth feature map at a third resolution greater than the first resolution and
applying a f{ifth stage, subsequent to the third stage in the multi-stage fully convolutional network,

10 to output a fifth feature map at the sccond resolution, wherein combining at least the second and
third feature maps (o generate the hyper-feature corprises combining the second, third, and fifth
feature maps to generate the hyper-feature, and wherein generating the final set of features
further comprises ap-sampling the sum of the up-sampled hyper-feature and the first {eature map

to the third resolution and summing the up-sampled features and the fourth feature maps.

=
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Further to the first embodiments, classifying the final set of features comprises applying a
semantic label based convolutional layer to the final set of {features to provide semantic scores,
applying an objectness based convohitional layer to the final set of {eatures to provide objectness
scores, and classifying the semantic scores and the objectness scores to provide the semantic

image segmentation.

20 Further to the first embodiments, classifying the f{inal set of features comprises applying a
semantic label based convolutional layer to the final set of features to provide semantic scores,
applying an objectness based convolutional layer to the final set of features to provide objeciness
scores, and classifying the semantic scores and the objectness scores to provide the semantic

image segmentation, wherein classifying the semantic scores and objeciness scores comprises

N2
W

summing the semantic scores and objectness scores and classifying the summed scores.

Further to the first embodiments, classifying the final set of features comprises applying a
semantic label based convolutional layer to the final set of {features to provide semantic scores,
applying an objectness based convohitional layer to the final set of features to provide objeciness
scores, classifying the scmantic scores and the objectness scores to provide the semantic image

30 segmentation, and classifying the semantic scores and the objectness scores to provide an
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objectuess image segmentation of the input image, the objectness irnage segmentation including

pixel-level object or non-object labels for pixels of the input image.

Further to the first embodiments, classifying the final set of features comprises applying a
semantic label based convolutional layer to the final set of features (o provide semantic scores,
applying an objectness based convolutional layer to the final set of features to provide objectness
scores, and classilying the semantic scores and the objectness scores to provide the semantic
image segmentation, wherein classifying the semantic scores and objectness scores comprises

summing the semantic scores and objectness scores and classifying the summed scores.

Further to the first embodiments, the method further comprises training the multi-stage
fully convolutional network based on a training image by generating a final set of training
‘eatures for the training image, applying a semantic label based convolutional layer to the final
set of training features to provide semantic scores, applying an objectuness based convolutional
layer to the final set of features to provide objectness scores, and applying a loss function based
on both a comparison of the semantic scores {0 ground truth semantic scores {or the training
image and a comparison of the objectness scores to ground truth objectness scores for the

training image.

Further to the first embodiments, the method further comprises training the multi-stage
fully convolutional network based on a training image by generating a {inal set of training
features for the training image, applying a semantic label based convolutional layer to the final
set of training features to provide semantic scores, applying an objeciness based convolutional
layer to the final set of features to provide objectness scores, and applying a loss function based
on both a comparison of the semantic scores to ground trath semantic scores for the training
image and a comparison of the objectness scores to ground truth objectness scores for the
training 1mage, wherein generating the final set of training features comprises applying the first
stage to output a {irst training feature map at the first resolution, applying the second stage to
output a sccond training feature map at the second resolution, applying the third stage to output a
third training feature map at the second resolution, combining at least the second and third
training feature maps to generate a training hyper-feature corresponding to the training image,
up-sampling the training hyper-feature to the {irst resolution, and generating the final set of
training features by at least summing the up-sampled training hyper-feature and the first training

feature map.
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Further to the first embodiments, the method further comprises training the multi-stage
fully convolutional network based on a training image by generating a final set of training
features for the traiving image, applying a semantic label based convolutional layer (o the final
set of training features to provide semantic scores, applying an objectness based convolutional
layer to the final set of features to provide objectness scores, and applying a loss function based
on both a comparison of the semauntic scores to ground trath semantic scores for the training
image and a comparison of the objectness scores to ground truth objectness scores for the
fraining tmage, wherein applying the loss function comprises weighting a fivst loss function
comprising the comparison of the semantic scores to the ground truth semantic scores with a first
weight and weighting a second loss function comprising the comparison of the objectness scores

to the ground truth objectness scores with a second weight different than the first weight.

Further to the first embodiments, the method further comprises training the multi-stage
fully convolutional network based on a training irnage by generating a final sef of training
‘eatures for the training image, applying a semantic label based convolutional layer to the final
set of training features to provide semantic scores, applying an objectness based convolutional
layer to the final set of features to provide objectness scores, and applying a loss function based
on both a comparison of the semantic scores to ground truth semantic scores for the training
image and a comparison of the objectness scores to ground truth objectness scores for the
training image, wherein generating the final set of training features comprises applying the first
stage to output a first training feature map at the first resolution, applying the second stage to
output a second training feature map at the second resolution, applying the third stage to output a
third training feature map at the second resolution, combining at least the second and third
training feature maps to generate a training hyper-feature corresponding to the training image,
up-sampling the training hyper-feature to the first resolution, and generating the final set of
training features by at least summing the up-sampled training hyper-feature and the first training
feature map, and/or wherein applying the loss function comprises weighting a first loss function
comprising the comparison of the semantic scores to the ground truth semantic scores with a {irst
weight and weighting a second loss function comprising the comparison of the objectness scores

to the ground truth objeciness scores with a second weight different than the {irst weight.

Further to the {irst embodiments, the method further comprises training the multi-stage
fully convolutional network based on a set of training images by cropping one or more {raining

images of the set of training images to generate first sub-regions, training, using the sub-regions,
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an objeciness network comprising the multi-stage fully convolational network and an objectness
based convolutional layer, refining the training, using the sub-regions, of the objectness network
and training. using the sub-regions, a semantic label network comprising the mulfi-stage fully
convolutional network and a semantic label based convolutional layer, cropping the one or more
training images of the set of training images to generate sccond sub-regions, wherein all the
second sub-regions are larger than all the first sub-regions, training a hyper-feature network by
concatenating feature maps, generated based on the second sub-regions, from the second stage,
the third stage, and a fourth stage subsequent to the third stage to generate training hyper-features,
up-sampling the training hyper-features to the first resolution, generating final sets of training
features corresponding to the second sub-regions by at least summing the up-sampled training
hyper-feature and a first set of training feature maps, and hierarchically training the hyper-feature
network based on the final sets of training features, and end-to-end training a system including
the objectness network, the semantic label network, and the hyper-feature network to generate a

final semantic image segmentation system.

Further to the first embodiments, the first stage comprises two convolutional layers and a
imax pooling layer and the second stage comprises three convolutional layers and a max pooling

layer.

Further to the first cmbodiments, the method further comprises performing. based on the
semantic image segmentation, at least one of object detection, object tracking, or scene

understanding.

In one or more second embodiments, a system for performing semantic image
segmentation comprises a memory storage configured to receive an input image and a processor
coupled to the memory storage, the processor to implement a multi-stage fully convolutional
network based on an input image, wherein (o implement the malti-stage fully convolutional
network, the processor is to apply a first stage to output a {irst feature map at a {irst resolution, to
apply a sccond stage, subsequent to the first stage in the multi-stage fully convolutional network,
to output a second feature map at a second resolution less than the first resolution, and to apply a
third stage, subsequent to the second stage in the multi-stage fully convolutional network, to
output a third feature map at the second resolution, combine at least the second and third feature
maps to generate a hyper-feature corresponding to the input image, up-sample the hyper-feature
to the first resolution, generate a final set of features corresponding (o the input image by at least

summing the up-sampled hyper-feature and the first feature map, and classify the final set of
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features to provide a semantic image segmentation of the input image, the semantic image

segmentation including pixel-level category labels for pixels of the input image.

Further to the second embodiments, the processor to implement the multi-stage fully
convolutional network based on the input image fturther comprises the processor to apply a fourth
stage, prior to the first stage, to output a fourth featare map at a third resolution greater than the
first resolution and to apply a {ifth stage, subsequent to the third stage in the multi-stage tully
convolutional network, to output a fifth feature map at the second resolution, wherein the
processor to combine at least the second and third feature maps to generate the hyper-feature
comprises the processor to combine the second, third, and fifth feature maps to generate the
hyper-feature, and wherein the processor to generate the final sct of features further comprises
the processor to up-sample the sum of the op-sampled hyper-feature and the first feature map to

the third resolution and sum the up-sampled features and the fourth feature maps.

Further to the second embodiments, the processor to classify the final set of features
comprises the processor Lo apply a sernantic label based convolutional layer to the final set of
featares to provide semantic scores, apply an objectness based convolutional layer to the final set
of features to provide objeciness scores, and to classify the semantic scores and the objectness

scores to provide the semantic image segmentation.

Further to the second embodiments, the processor to classify the {inal set of features
comprises the processor to apply a semantic label based convolutional layer to the {inal set of
featores to provide semantic scores, apply an objectness based convolutional layer to the final set
of features to provide objeciness scores, and to classify the semantic scores and the objectness
scores to provide the semantic image segmentation, wherein the processor to classily the
semantic scores and objectness scores comprises the processor o sum the semantic scores and

objeciness scores and classify the summed scores,

Further to the second embodiments, the processor to classify the final set of features
comprises the processor to apply a semantic label based convolutional layer to the final set of
features to provide semantic scores, apply an objectness based convolutional layer to the final set
of features to provide objectness scores, and to classify the semantic scores and the objectness
scores to provide the semantic image segmentation, wherein the processor is further to classify

the semantic scores and the objeciness scores to provide an objectness image segmentation of the
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input image, the objectness image segmentation including pixel-level object or non-object labels

for pixels of the input image.

Further to the second embodiments, the processor is further to train the multi-stage fully
convolutional network based ou a training image, wherein to {rain the multi-stage fully
convolutional network the processor is to generate a final set of training features for the training
image, to apply a semantic label based convolational layer to the final set of training features to
provide semantic scores, to apply an objectness based convolutional layer to the final set of
features to provide objectness scores, and to apply a loss function based on both a comparison of
the semantic scores to ground truth semantic scores for the training image and a comparison of

the objectness scores to ground truth objectness scores for the training image.

Further to the second embodiments, the processor is further to train the multi-stage fully
convolutional network based on a training image, wherein to train the multi-stage fully
convolutional network the processor is to generate a {inal set of training features for the training
image, to apply a semantic label based convolutional layer to the [inal set of training {eatures to
provide semantic scores, to apply an objectness based convolutional layer to the final set of
features to provide objectness scores, and to apply a loss function based on both a comparison of
the semantic scores to ground truth semantic scores {or the training image and a comparison of
the objectness scores to ground truth objectness scores for the training image, wherein to
generate the final set of training features comprises the processor to apply the first stage to output
a first training feature map at the first resolution, to apply the second stage to output a seccond
training feature map at the second resolution, to apply the third stage to output a third training
feature map at the second resolution, to combine at least the second and third training feature
maps to generate a training hyper-feature corresponding to the training tmage, to up-sample the
training hyper-feature to the first resolution, and to generate the final set of training features

based on at lecast a sum of the up-sampled training hyper-feature and the first training feature map.

Further to the second embodiments, the processor is further to train the multi-stage fully
convolutional network based on a training image, wherein to train the muiti-stage fully
convolutional network the processor is to gencrate a final set of training features for the training
image, to apply a semantic label based convolutional layer to the {inal set of training {eatures to
provide semantic scores, to apply an objectness based convolutional layer to the final set of
features to provide objectness scores, and to apply a loss function based on both a comparison of

the semantic scores to ground truth semantic scores for the training image and a comparison of
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the objectness scores to ground truth objectuess scores for the training image, wherein to apply
the loss function comprises the processor to weight a first loss function comprising the
comparison of the semantic scores to the ground truth semantic scores with a first weight and (o
weight a second loss function comprising the comparison of the objectness scores to the ground

truth objectness scores with a second weight different than the first weight.

Further to the second embodiments, the processor is further to train the multi-stage fully
convolutional network based on a set of training images, wherein to train the multi-stage fully
convolutional network the processor is to crop one or more training images of the set of training
images to generate {irst sub-regions, to train, using the sub-regions, an objectness network
comprising the multi-stage fully convolutional network and an objectness based convolutional
layer, to refine the training, using the sub-regions, of the objeciness network and to train, using
the sub-regions, a semantic label network comprising the muiti-stage fully convolutional network
and a semantic label based convolutional layer, to crop the one or more training images of the set
of training images to generate second sub-regions, wherein all the second sub-regions are larger
than all the first sub-regions, to train a hyper-feature network, wherein to train the hyper-feature
network, the processor is to concatenate feature maps, generated based on the second sub-regions,
from the second stage, the third stage, and a fourth stage subsequent to the third stage to generate
training hyper-features, to up-sample the training hyper-features to the {irst resolution, to
generate final sets of training features corresponding to the second sub-regions based on at least a
sum of the ap-sampled training hyper-feature and a first set of training feature maps, and to
hierarchically train the hyper-feature network based on the final sets of training features, and to
end-to-cund train a system including the objectness network, the semantic label network, and the

hyper-feature network o generate a final semantic image segmentation system.

Further to the second embodiments, the first stage comprises two convolutional layers
and a max pooling layer and the second stage comprises three convolutional layers and a max

pooling layer.

Further to the second embodiments, the processor is further to perform, based on the
semantic image segmentation, at least one of object detection, object tracking, or scene

understanding.

In one or more third embodiments, a system {or performing semantic image segmentation

comprises means for implementing a multi-stage fully convolutional network based on an input
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image, wherein the means for implementing the malti-stage fully convelutional network
comprise means for applying a first stage to output a first feature map at a {irst resolution, means
for applying a second stage, subsequent to the first stage in the multi-stage fully convolutional
network, to output a second feature map at a second resolution less than the first resolution, and
means for applying a third stage, subscquent to the second stage in the multi-stage fully
convolutional network, to output a third feature map at the second reselution, means for
combining at lcast the second and third feature maps to generate a hyper-feature corresponding to
the input image, means for up-sampling the hyper-feature to the first resolution, means for
generating a final set of features corresponding to the input image by at least surmming the up-
sampled hyper-feature and the first feature map, and means for classifying the final set of
features to provide a semantic image segmentation of the input image, the semantic image

segmentation including pixel-level category labels {or pixels of the input 1mage.

Further to the third embodiments, the means for implementing the mulii-stage fully
convolutional network based on the input image further comprises means for applying a fourth
stage, prior to the first stage, to output a fourth feature map at a third resolution greater than the
first resolution and means for applying a fifth stage, subsequent to the third stage in the multi-
stage fully convolutional network, to output a fifth feature map at the second resolution, whercin
the means for combining at least the second and third feature maps to generate the hyper-feature
comprise means for combining the second, third, and fifth feature maps to generate the hyper-
{feature, and wherein the means for generating the final set of features further comprise meauns for
up-sampling the sum of the up-sampled hyper-feature and the first feature map to the third

resolution and means for summing the up-sampled features and the fourth feature maps.

Further to the third embodiments, the means for classifying the final set of featores
comprises means for applying a semantic label based convolutional layer to the final set of
features to provide semantic scores, means for applying an objectness based convolutional layer
to the final set of features to provide objectness scores, and means for classifying the semantic

scores and the objectness scores to provide the semantic image scgmentation.

Further to the third embodiments, the means for classifying the final set of features
comprises means for applying a semantic label based convolutional layer to the final set of
features to provide semantic scores, means for applying an objectness based convolutional layer
to the final set of features to provide objectness scores, and means for classifying the sernantic

scores and the objectness scores to provide the semantic image segmentation, wherein the means
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for classifyving the semantic scores and objeciness scores comprises means for summing the

semantic scores and objectness scores and means for classifying the summed scores.

Further to the third embodiments, the means for classifying the final set of features
comprises means for applying a semantic label based convolutional layer to the final set of
featares to provide semantic scores, means for applying an objectness based convolutional layer
to the final set of features to provide objectness scores, means for classifying the semantic scores
and the objectness scores to provide the semantic image segmentation, and means for classifyving
the semantic scores and the objectness scores to provide an objectness image scgmentation of the
input image, the objeciness image segmentation including pixel-level object or non-object labels

for pixels of the input image.

Further to the third embodiments, the system further comprises means for performing,
based on the semantic image segmentation, at least one of object detection, object tracking, or

scene understanding.

In one or more fourth embodiments, at least one machine readable medium comprises a
plurality of instructions that, in response to being executed on a computing device, cause the
computing device to perform semantic image segmentation by implementing a muiti-stage fuily
convolutional network based on an input image, wherein implementing the multi-stage fully
convolutional network comprises applying a first stage to output a first featore map at a first
resolution, applying a second stage, subsequent to the first stage in the multi-stage fully
convolutional network, to output a second feature map at a second resolution less than the first
resolution, and applying a third stage, subsequent to the second stage in the multi-stage fully
convolutional network, to ontput a third feature map at the second resolution, combining at least
the second and third feature maps to generate a hyper-feature corresponding to the input image,
up-sampling the hyper-feature to the first resolution, generating a final set of features
corresponding to the input image by at least summing the up-sampled hyper-feature and the {irst
featurc map, and classifying the final set of features to provide a semantic image segmentation of
the input image, the semantic image segmentation including pixel-level category labels for pixels

of the input tmage.

Further to the fourth embodiments, implementing the multi-stage fully convolutional
network based on the input image further comprises applying a fourth stage, prior to the first
stage, to output a fourth feature map at a third resolution greater than the first resolution and
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applying a fifth stage, subsequent to the third stage in the multi-stage fully convolutional network,
to output a {ifth feature map at the second resclution, wherein combining at least the second and
third feature maps to generate the hyper-feature comprises combining the second, third, and fifth
feature maps to generate the hyper-feature, and wherein generating the final set of features

further comprises up-sampling the sum of the up-sampled hyper-feature and the first featore map

to the third resolution and summing the up-sampled features and the fourth feature maps.

Further to the fourth embodiments, classifying the final set of features comprises applying
a semantic label based convolutional layer to the final set of features to provide semantic scores,
applying an objectness based convolutional layer to the final set of features to provide objectness
scores, and classifying the semantic scores and the objectness scores to provide the semantic

image segmentation.

Further to the fourth embodiments, classifying the final set of features comprises applying
a semantic label based convolutional layer to the {inal set of features to provide semantic scores,
applying an objeciness based convolutional layer to the final set of features to provide objectoess
scores, and classifying the semantic scores and the objeciness scores to provide the semantic
image scgmentation, wherein classifying the semantic scores and objectness scores comprises

summing the semantic scores and objectness scores and classifying the sumimed scores.

Further to the fourth embodiments, classifying the final set of features comprises applying
a semantic label based convolutional layer to the final set of features (o provide semantic scores,
applying an objectness based convolutional layer to the final set of features to provide objectness
scores, classifying the semantic scores and the objectness scores to provide the semantic image
segmentation, and classifying the semantic scores and the objeciness scores to provide an
objectness image segmentation of the input image, the objectness image segmentation including

pixel-level object or non-object labels for pixels of the input image.

Further to the fourth embodiments, the machine rcadable medium further comprises a
plurality of instructions that, in response to being executed on the computing device, cause the
computing device to perform, based on the semantic image scgmentation, at least one of object

detection, object tracking, or scene understanding.
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In one or more filth embodiments, at least one machine readable mediom may include a
plurality of instructions that in response (o being executed on a computing device, causes the

computing device to perform a method according to any one of the above embodiments.

In one or more sixth embodiments, an apparatus may include means for performing a

method according to any one of the above embodiments.

It will be recognized that the embodiments are not limited to the embodiments so
described, but can be practiced with modification and alteration without departing from the scope
of the appended . For example, the above embodiments may include specific combination
of features. However, the above embodiments are not limited in this regard and, in various
implementations, the above embodiments may inclade the undertaking only a subset of such
‘eatures, undertaking a different order of such features, undertaking a different combination of
such features, and/or undertaking additional features than those features explicitly listed. The
scope of the embodiments should, therefore, be determined with reference to the appended

clairns, along with the full scope of equivalents to which such claims are entitled.
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CLAIMS

What is claimed is:

1. A computer-implemented method for performing semantic timage segmentation
comprising:
implementing a multi-stage fully convolutional network based on an mpuf image,
wherein implementing the multi-stage fully convolutional network comprises:
applying a first stage to output a first feature map at a first reschution;
applying a second stage, subsequent to the first stage in the multi-stage fully
convolutional network, to output a second feature map at a second resolution less than the
first resolution; and
applying a third stage, subsequent to the second stage in the multi-stage fully
convolutional network, to output a third feature map at the second resolution;
combining at least the second and third feature maps to generate a hyper-feature
corresponding to the input image;
up-sampling the hyper-feature to the {irst resolution;
generating a final set of features corresponding to the input image by at least summing the
up-sampled hyper-{feature and the first feature map; and
classifving the {inal set of features to provide a semantic image segmentation of the input
image, the semantic image segmentation including pixel-level category labels for pixels of the

input image.

2. The method of claim 1, wherein implementing the multi-stage fully convolutional
network based on the input image {further comprises:
applying a fourth stage, prior to the {irst stage, to output a {ourth feature map at a third

resolution greater than the first resolution; and
- 486 -
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applying a fifth stage, subsequent to the third stage in the multi-stage fully convolutional
network, to output a fifth feature map at the second resolution,
wherein combining at least the second and third feature maps to gencrate the hyper-

feature comprises combining the second, third, and fifth featore maps to generale the hyper-

W

feature, and
wherein generating the {inal set of features {urther comprises up-sampling the sum of the
up-sampled hyper-feature and the first feature map to the third resolation and summing the up-

sampled features and the {ourth feature maps.

10 3 The method of claim 1, wherein classifying the final set of features comprises:
applying a secmantic label based convolutional layer to the final set of features to provide
semantic scores;
applying an objectness based convolutional layer to the {inal set of features to provide
objeciness scores; and
15 classifying the semantic scores and the objectness scores to provide the sernantic image

segmentation.

4, The method of claim 3, wherein classifying the semantic scores and objectness scores
comprises summing the semantic scores and objectness scores and classifying the summed scores.
20
5. The method of claim 3, further comprising:
classifying the semantic scores and the objectness scores to provide an objectness image
segmentation of the input image. the objectness image segmentation including pixel-level object

or non-object labels for pixels of the input image.
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6. The method of claim 1, further comprising training the multi-stage fully convolutional
network based on a training image by:

generating a final set of training features for the training image;

applying a semauntic label based convolutional layer to the final set of training features to
provide semantic scores;

applying an objectness based convolutional layer to the final set of features to provide
objectness scores; and

applying a loss function based on both a comparison of the semantic scores to ground
truth semantic scores for the training tmage and a comparison of the objectness scores to ground

truth objectness scores for the training image.

7. The method of claim 6, wherein generating the final set of training features comprises
applying the {irst stage to output a first training feature map at the first resolution, applying the
second stage to output a second training feature map at the second resolution, applying the third
stage to output a third training feature map at the second resolution, combining at least the
second and third training feature maps to generate a training hyper-feature corresponding to the
training image, up-sampling the training hyper-feature to the {irst resolution, and generating the
final set of training features by at least summing the up-sampled training hyper-feature and the

first training feature map.

8. The method of claim 6, wherein applying the loss function comprises weighting a {first
loss function comprising the comparison of the semantic scores to the ground truth semantic
scores with a first weight and weighting a second loss function comprising the comparison of the
objectness scores to the ground truth objectness scores with a second weight different than the
first weight.
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9. The method of claim 1, further comprising training the multi-stage fully convolutional
network based on a set of training images by:
cropping one or more training images of the set of training tmages to generale first sub-
regions;
training, using the sub-regions, an objectness network comprising the multi-stage fully
convolutional network and an objectness based convolutional layer;
refining the fraining, using the sub-regions, of the objectness network and training, using
the sub-regions, a semantic label network comprising the multi-stage fully convolutional network
and a semantic label based convolutional layer;
cropping the onc or more training images of the sct of training images to generate second
sub-regions, wherein all the second sub-regions are larger than all the first sub-regious;
training a hyper-feature network by:
concatenating feature maps, generated based on the second sub-regions, from the
second stage, the third stage, and a fourth stage subsequent to the third stage to generate
training hyper-features;
up-sampling the training hyper-features to the first resolution;
gencrating final sets of training features corresponding to the second sub-regions
by at least summing the up-sampled training hyper-feature and a first set of training
feature maps; and
hierarchically training the hyper-feature network based on the {inal sets of training
features; and
end-to-end training a system including the objectness network, the semantic label

network, and the hyper-feature network to generale a final semantic timage segrentation system.
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10. The method of claim 1, wherein the first stage comprises two convolutional layers and a
max pooling layer and the second stage comprises three convolutional layers and a max pooling

layer.

It The method of claim 1, further comprising performing, based on the semantic tmage

segmentation, at least one of object detection, object tracking, or scene understanding.

12. A system for performing semantic image segmentation comprising:

a memory storage configured to receive an input image; and
a processor coupled to the memory storage, the processor to:

implement a multi-stage {ully convolutional network based on an input image,
wherein to irmoplement the multi-stage fully convolutional network, the processor is to
apply a {first stage to output a first feature map at a first resolution, to apply a second stage,
subscquent to the {irst stage in the multi-stage fully convolutional network, to output a
second feature roap at a second resolution less thao the {irst resolution, and to apply a
third stage, subsequent to the second stage in the multi-stage fully convolutional network,
to cutput a third feature map at the second resolution;

combinge at least the second and third feature maps to generate a hyper-feature
corresponding to the input image;

up-sample the hyper-feature to the {irst resolution;

generate a final set of features corresponding to the input image by at least
summing the up-sampled hyper-feature and the first feature map; and

classify the final set of features to provide a semantic image segmentation of the
input image, the semantic image segmentation including pixel-level category labels for

pixels of the input image.
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13. The system of claim 12, wherein the processor to implement the multi-stage fully
convolutional network based on the input image further comprises the processor to apply a fourth
stage, prior to the first stage, to output a {ourth feature map at a third resolution greater than the
first resohution and to apply a fifth stage, subsequent to the third stage in the multi-stage fully
convolutional network, to output a {ifth feature map at the second resolution, wherein the
processor to combine at least the second and third feature maps to generate the hyper-feature
comprises the processor o combine the second, third, and fifth feature maps to generate the
hyper-feature, and wherein the processor to generate the final set of features further comprises
the processor to up-sample the sum of the up-sampled hyper-feature and the first feature map to

the third resolution and sum the up-sampled features and the fourth feature maps.

14. The system of claim 12, wherein the processor to classify the final set of features
comprises the processor to apply a semantic label based convolutional layer to the final set of
features to provide semantic scores, apply an objectness based convolutional layer to the final set
of features to provide objectness scores, and to classify the semantic scores and the objectness

scores to provide the semantic image segmentation.

15. The system of claim 14, wherein the processor to classify the semantic scores and
objectness scores comprises the processor to sum the semantic scores and objectness scores and

classify the summed scores.

16. The system of claim 14, wherein the processor is further to classify the semantic scores

and the objectness scores to provide an objeciness image segmentation of the nput image, the
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objectness tmage segmentation including pixel-level object or non-object labels for pixels of the

input image.

17. The system of claim 12, wherein the processor is further to perform, based on the

semantic image segmentation, at least one of object detection, object tracking, or scene

understanding.
18. A system for performing semantic image segmentation comprising:

means for implementing a multi-stage fully convolutional network based on an input
image, wherein the means for implementing the multi-stage fully convolutional network
comprise:
means {or applying a first stage to output a first feature map at a first resolution;
meauns for applying a second stage, subsequent to the first stage in the multi-stage
fully convolutional network, to output a second feature map at a second resolution less
than the first resolation; and
meauns for applying a third stage, snbsequent to the second stage in the multi-stage
fully convolutional network, to output a third feature map at the second resolution;
means for combining at least the second and third feature maps to gencerate a hyper-
featore corresponding to the input image;
means for up-sampling the hyper-featare to the first resolution;
means for generating a final set of features corresponding to the input image by at least
summing the up-sampled hyper-feature and the first feature map; and
means for classilying the final set of {eatures to provide a semaniic image segmentation
of the input image, the semantic image segmentation including pixel-level category labels for

pixels of the input image.
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19. The system of claim 18, wherein the means for implementing the multi-stage fully
convolutional network based on the input image further comprises:

means for applying a fourth stage, prior to the {irst stage, to output a fourth featore roap at
a third resolution greater than the first resolution; and

means for applying a fifth stage, subsequent to the third stage in the multi-stage fully
convolutional network, to ountput a fifth feature map at the second resolution,

wherein the means for combining at least the second and third feature maps to generate
the hyper-featare comprise means for combining the second, third, and fifth feature maps to
generate the hyper-feature, and

wherein the means for gencrating the final set of features further comprise means for up-
sampling the sum of the up-sampled hyper-featore and the first feature map to the third resolution

and means for summing the up-sampled features and the fourth feature maps.

20. The system of claim 18, wherein the means for classifying the final set of features
COmprises:

means for applying a semantic label based convolutional layer to the final set of features
to provide scmantic scores;

means for applying an objeciness based convolutional layer {o the final set of features (o
provide objectness scores; and

means for classifying the semantic scores and the objectness scores (o provide the

semantic image segrcentation.

H
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21. The system of claim 20, wherein the means for classifying the semantic scores and
objectness scores comprises means for summing the semantic scores and objectness scores and

means for classifying the summed scores.

22. The system of claim 20, {urther comprising:
means for classifying the semantic scores and the objectness scores to provide an
objectness image segmentation of the input image, the objectness image segmentation including

pixel-level object or non-object labels for pixels of the input image.

23. The system of claim 18, further comprising means for performing, based on the semantic

image segmentation, at least one of object detection, object tracking, or scene understanding.

24, At least one machine readable medinm comprising a plorality of instructions that, in
response to being executed on a computing device, cause the computing device o perform
semantic image segmentation by:
implementing a multi-stage fully convolutional network based on an input image,
wherein implementing the multi-stage fully convolutional network comprises:
applying a first stage to output a first feature map at a first resolution;
applying a second stage, subsequent to the first stage in the multi-stage fully
convolutional network, to output a second featare map at a second resolution less than the
first resolution; and
applying a third stage, subsequent to the second stage in the multi-stage fully
convolutional network, to output a third feature map at the second resolution;
combining at least the second and third feature maps to generate a hyper-feature

corresponding to the input image;
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up-sampling the hyper-{eature to the first resolution;

generating a final set of features corresponding to the input image by at least summing the
up-sampled hyper-feature and the first feature map; and

classifying the final set of features to provide a semantic image segmentation of the input
image, the semantic image segmentation including pixel-level category labels for pixels of the

input image.

25. The machine readable medium of claim 24, wherein implementing the multi-stage fully
convoluational network based on the input image {urther comprises:

applying a fourth stage, prior to the first stage, to output a fourth feature map at a third
resolution greater than the first resolution; and

applying a {ifth stage, subsequent to the third stage in the multi-stage fully convolutional
network, to output a fifth feature map at the second resolution,

wherein combining at least the second and third feature maps to gencrate the hyper-
feature comprises combining the second, third, and fifth featore maps to generale the hyper-
feature, and

wherein generating the {inal set of features further comprises up-sampling the sum of the
up-sampled hyper-feature and the first feature map to the third resolution and summing the up-

sampled features and the {ourth feature maps.

26. The machine readable medinm of claim 24, wherein classifying the final set of features
comprises:
applying a semauntic label based convolutional layer to the final set of features {o provide

semantic SCOrEs,;
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applying an objeciness based convolutional layer to the {inal set of features to provide
objectness scores; and
classifying the semantic scores and the objectness scores to provide the semantic image

segmentation.

27. 'The machine readable medium of claim 26, wherein classifying the semantic scores and
objectness scores comprises sumnung the semantic scores and objectness scores and classifying

the summed scores.

28. The machine readable medinm of claim 26, further comprising a plurality of instructions
that, in response to being executed on the computing device, cause the computing device to
perform semantic image segmeuntation by:

classifying the semantic scores and the objectness scores to provide an objectness image
segmentation of the input image, the objectness image segmentation including pixel-level object

or non-object labels {or pixels of the ioput image.

29. The machine readable medium of claim 24, further comprising a plurality of instructions
that, in response to being executed on the computing device, cause the computing device to
perform, based on the semantic image segmentation, at least one of object detection, object

tracking, or scene understanding.
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