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(57) Abstract: An example apparatus for semantic image segmentation includes a receiver to receive an image to be segmented. The
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based on the generated semantic labels.
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SEMANTIC IMAGE SEGMENTATION USING GATED DENSE PYRAMID BLOCKS

Background
[0001] Semantic image segmentation (SIS) may be used to predict pixel-wise
category labels in images or frames from videos. SIS can obtain semantic labels for
every pixel, not just image-wise label like classification and detection. Thus, multiple
objects may be detected in an image using SIS semantic labels.
[0002] In some examples, SIS may be used in numerous artificial intelligence and
computer vision tasks. For example, the task may include object tracking, scene
understanding and human-machine interaction. Combined with object classification
and detection, SIS systems may be used in applications such as unmanned vehicles

including drones and cars, somatosensory games, and robot vision.

Brief Description of the Drawings
[0003] Fig. 1 is a block diagram illustrating an example system for semantic
image segmentation using gated dense pyramid blocks;
[0004] Fig. 2 is a diagram illustrating an example gated dense pyramid block;
[0005] Fig. 3 is a flow chart illustrating an example method for training a gated
dense pyramid network;
[0006] Fig. 4 is a flow chart illustrating a method for segmenting images
semantically using gated dense pyramid blocks;
[0007] Fig. 5 is block diagram illustrating an example computing device that can
segment images semantically using gated dense pyramid blocks; and
[0008] Fig. 6 is a block diagram showing computer readable media that store
code for segmenting images semantically using gated dense pyramid networks.
[0009] The same numbers are used throughout the disclosure and the figures to
reference like components and features. Numbers in the 100 series refer to features
originally found in Fig. 1; numbers in the 200 series refer to features originally found in
Fig. 2; and so on.
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Description of the Embodiments
[0010] As discussed above, SIS may be used to predict pixel-wise category
labels in images or frames from videos. For example, convolutional neural networks
(CNNs) may be trained to jointly predict labels of all pixels in an image. However,
the information flow between different layers of such CNNs may not be very efficient
or effective.
[0011] The present disclosure relates generally to techniques for segmenting
images semantically using gated dense pyramid (GDP) blocks. Specifically, the
techniques described herein include deploying dense connected networks from
different middle layers in each of the GDP blocks. Secondly, the GPD blocks may
include pyramid features that can capture different scale feature maps
simultaneously. In particular, a reverse up-sampling network is designed to recover
high resolution features from the low, but semantic, layers in each of the GDP
blocks. Finally, a gated weight function is adaptively trained for each of the GDP
blocks to balance the importance of features from different layers. In some
examples, a more complex cascade structure can be designed by repeating GDP
blocks.
[0012] The techniques described herein thus enable more powerful classification
via the use of dense connected layers rather than the use of single path networks
sequentially. In this manner, the techniques described herein can provide richer
context information for further classification tasks. Moreover, both global context
information and local context information inside the GDP blocks can be used more
effectively via the use of the pyramid features. In addition, the techniques described
herein may allow more effective integration of the whole information flow within each
of the GDP blocks through the use of the gated weight functions. In some examples,
the GDP blocks described herein can also be conveniently embedded into other
neural networks for improved performance in object classification or detection tasks.
Moreover, the techniques described herein may be implemented at near real-time
speed and may thus be used in applications such as robotics navigation and other
real-time applications. In addition, in one experiment, the techniques described
herein were found to perform with a 4.6% gain in accuracy over other methods using
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a metric of region intersection over union (loU) for comparison.

[0013] Fig. 1 is a block diagram illustrating an example system for semantic
image segmentation using gated dense pyramid blocks. The example system is
referred to generally by the reference number 100 and can be implemented in the
computing device 500 below in Fig. 5 using the methods 300 and 400 of Figs. 3 and
4 below.

[0014] The example system 100 includes an input image 102, a convolutional
neural network (CNN) 104, a plurality of gated dense pyramid blocks 106A, 1068,
and 106C, and an output image 108. In some examples, the input image 102 may
be a color image or frame from a video feed. The output image 108 shows three
detected objects, including two people 110A and 110B, and a horse 112. In addition,
the pyramid blocks 106A, 106B, and 106C are shown coupled by arrows 114.
[0015] Asshown in Fig. 1, the CNN 104 may receive an image 102 from any
image source. For example, the image source may be any suitable imaging devices,
such as a camera. The CNN 104 may preprocess the image and output a
preprocessed image to the GDP block 106A. The GDP 106A may receive the
preprocessed image and send the preprocessed image to GDP blocks 106B and
106C. In some examples, although the number of GDP blocks, shown in Fig. 1 is
three, any suitable number of GDP blocks may be used. Thus, the GDP blocks
106A, 106B, and 106C may process the preprocessed image concurrently as
indicated by the arrows 114 from GDP block 106A. For example, each of the GDP
blocks 106A, 106B, and 106C may be trained as described in Fig. 3 below to
process the preprocessed image as described in Figs. 2 and 4 below. The output of
the GDP blocks 106A, 106B, and 106C may be an output image 108 with one or
more detected objects. For example, the detected objects of the output image 108
of system 100 include two people 110A and 110B and a horse 112.

[0016] The diagram of Fig. 1 is not intended to indicate that the example system
100 is to include all of the components shown in Fig. 1. Rather, the example system
100 can be implemented using fewer or additional components not illustrated in Fig.
1 (e.g., additional input images, output images, detected objects, CNN, GDP blocks,
etc.).
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[0017] Fig. 2 is a diagram illustrating an example gated dense pyramid block.
The example gated dense pyramid block is generally referred to by the reference
number 200 and can be implemented in the computing device 500 below. For
example, the gated dense pyramid block 200 can be generated using the trainer 528
of the computing device 500 of Fig. 5, the method 300 of Fig. 3 below, or the trainer
module 606 of the computer readable media 600 of Fig. 6 below. The gated dense
pyramid block 200 may also be used as part of a processing network such as in Fig.
1 above, or in the computing device 500 of Fig. 5 and the computer readable media
600 of Fig. 6 below.

[0018] The gated dense pyramid block 200 of Fig. 2 includes a base scale layer
202 and a plurality of feature maps 204, 206, and 208 of different scales. For
example, feature map 204 may have a smaller scale compared to base layer 202,
feature map 206 may have a smaller scale as compared to feature map 204, and
feature map 208 may likewise have a smaller scale as compared to feature map
206. The gated dense pyramid block 200 also includes a plurality of gated weights
210A, 210B, and 210C associated with each of the plurality of features maps 204,
206, and 208, respectively. The base scale layer 102 is used to generate feature
maps 204, 206, 208 as indicated by arrows 212.

[0019] As shown in Fig. 2, the middle layers of the gated dense pyramid block
200, corresponding to feature maps 204 and 206, are densely connected. As used
herein, a dense connection refers to making almost all connections between any two
middle layers. For example, a dense connection may include including both forward
dense connections 214 and backward dense connections 216. In some examples, a
dense connection structure may utilize more of the information flow from different
layers. In particular, different feature maps from the densely connected layers can
be concatenated as shown by concatenated feature maps 218, 220, and 222. For
example, the base scale layer 202 may be concatenated with feature maps 218,
220, and 222 by gated and up-sampling of feature maps 204, 206, and 208 as
described below.

[0020] In the gated dense pyramid block 200 of Fig. 2, multi-scale feature
maps can be generated sequentially from one base scale layer. In some examples,
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the scale of the feature maps can be decreased at the forward layer connections to
compress the information. The compressed information can then be used to
generate a global contextual feature. For example, the global contextual feature
may be a concatenated collection of feature maps. In some examples, the global
contextual feature can be used to smooth the prediction results. In some examples,
the scale of the features maps can be increased by up-sampling at the backward
layer connections. For example, the up-sampling may be used to recover high
resolution feature information. The high resolution feature information may be
complementary to original large scale feature map. In some examples, the high
resolution feature information may be included in the global contextual feature. In
this way, more effective local context information can be extracted by this bi-direction
dense connection. Both global and local context information may be integrated to
improve the capacity of representation of the feature maps. For example, the feature
maps may better represent the objects to be detected such that accuracy of
detection is improved.

[0021] The multi-scale feature maps from both global and local contexts plays
may thus be used to improve pixel-wise classification. In some examples, a gated
function may also be used to assign different weights to different scale feature maps.
For example, the weights may be assigned using the sigmoid function represented
by the equation:

1
1+e™*

f=0(x) = Eq.1

where x is the feature map of the bottom layer. In particular, a gated loss branch
may be designed to perform segmentation early by a soft-max loss function
represented by the equation:

L®) = —~ 3, 25, 1y = jltog ——r Eq. 2

where N is the number of training samples, C is the number of classes, and y is the
ground truth label. Therefore, a prior weight function may be learnt to balance the
different scale feature maps. In some examples, the prior weight function may give
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more weight on more effective scale feature maps and less weight on the less useful
scale feature maps. Thus, such an adaptive weighting module may be used to
improve the performance of dense pyramid features. In some examples, in order to
train a gated weight, a classification layer followed by loss function may be added to
the top of gated weight layer. In the inference stage, these extra classification layers
can be removed, with only the gated weight layer remaining. Finally, more basic
GDP blocks can be added to create a cascade structure. For example, a cascade
structure may be a sequence of GDP blocks.

[0022] The diagram of Fig. 2 is not intended to indicate that the example gated
dense pyramid block 200 is to include all of the components shown in Fig. 2. Rather,
the example gated dense pyramid block 200 can be implemented using fewer or
additional components not illustrated in Fig. 2 (e.g., additional feature maps, gates,
connections, etc.).

[0023] Fig. 3is a flow chart illustrating an example method for training a gated
dense pyramid network. The example method is generally referred to by the
reference number 300 and can be used to train the GDP blocks 106A, 106B, and
106C in the system 100 of Fig. 1 above, the GDP block 200 of Fig. 2 above, or the
GDP network 534 of the computing device 500 of Fig. 5 below.

[0024] The method 300 may begin at block 302. At block 302, a processor trains
a block of a dense pyramid network forwards. For example, the processor may
assign parameter values for downscaling feature maps.

[0025] At block 304, the processor trains a dense pyramid block backwards with a
gated function. For example, the processor may assign parameter values for up-
scaling feature maps. In some examples, the processor can assign different weights
to different scaled feature maps. For example, the processor may assign the
weights using Eq. 2 as described above. In some examples, in order to train a gated
weight, a classification layer followed by loss function may be added to the top of
gated weight layer. In some examples, the gated function may be an adaptive
weighting module that provides more weight on more effective scale feature maps
and less weight on the less useful scale feature maps. In some examples, the
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processor can train a gated weight in the GDP block using a classification layer
followed by loss function added to a gated weight layer.

[0026] At block 306, the processor co-trains the gated dense pyramid block on a
whole of the gated dense pyramid block. For example, blocks 302 and 304 above
may be trained together. In some examples, co-training the GDP block may include
concatenating up-sampled feature maps from a plurality of densely connected layers
of the GDP block with a feature map of a base scale layer of the GDP block. In
some examples, the processor can generate a global contextual feature including
high resolution feature information from a plurality of densely connected layers of the
GDP block.

[0027] At decision diamond 308, the processor determines whether additional
GDP blocks remain to be trained. If additional GDP blocks remain to be trained,
then the method may proceed to block 302 as indicated by arrow 310. If additional
GDP blocks to be trained do not remain, then the method may end as indicated by
arrow 312.

[0028] This process flow diagram is not intended to indicate that the blocks of the
example method 300 are to be executed in any particular order, or that all of the
blocks are to be included in every case. Further, any number of additional blocks not
shown may be included within the example method 300, depending on the details of
the specific implementation.

[0029] Fig. 4 is a flow chart illustrating a method for segmenting images
semantically using gated dense pyramid blocks. The example method is generally
referred to by the reference number 400 and can be implemented in the system 100
500 of Fig. 1 above, the semantic image segmenter 530 of the computing device 500
of Fig. 5 below, or the computer readable media 600 of Fig. 6 below.

[0030] Atblock 402, a semantic image segmenter receives images to be
segmented. For example, the images may include one or more object to be
detected using segmentation.

[0031] At block 404, the semantic image segmenter segments the images using a
trained dense pyramid network with a gated function to generate semantic labels for
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each pixel in each image. For example, the gated dense pyramid network may be
trained using the method 300 above.

[0032] Atblock 406, the semantic image segmenter generates segmented
images based on the generated semantic labels. For example, the segmented
images may include one or more detected objects.

[0033] This process flow diagram is not intended to indicate that the blocks of the
example process 400 are to be executed in any particular order, or that all of the
blocks are to be included in every case. Further, any number of additional blocks not
shown may be included within the example process 400, depending on the details of
the specific implementation.

[0034] Referring now to Fig. 5, a block diagram is shown illustrating an example
computing device that can segment images semantically using gated dense pyramid
blocks. The computing device 500 may be, for example, a laptop computer, desktop
computer, tablet computer, mobile device, smart phone, or wearable device, among
others. In some examples, the computing device 500 may be a smart camera or a
digital security surveillance camera, or an Internet of Things (loT) device. The
computing device 500 may include a central processing unit (CPU) 502 that is
configured to execute stored instructions, as well as a memory device 504 that
stores instructions that are executable by the CPU 502. The CPU 502 may be
coupled to the memory device 504 by a bus 506. Additionally, the CPU 502 can be
a single core processor, a multi-core processor, a computing cluster, or any number
of other configurations. Furthermore, the computing device 500 may include more
than one CPU 502. In some examples, the CPU 502 may be a system-on-chip
(SoC) with a multi-core processor architecture. In some examples, the CPU 502 can
be a specialized digital signal processor (DSP) used for image processing. The
memory device 504 can include random access memory (RAM), read only memory
(ROM), flash memory, or any other suitable memory systems. For example, the
memory device 504 may include dynamic random access memory (DRAM).

[0035] The memory device 504 can include random access memory (RAM), read
only memory (ROM), flash memory, or any other suitable memory systems. For

example, the memory device 504 may include dynamic random access memaory
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(DRAM). The memory device 504 may include device drivers 510 that are
configured to execute the instructions for device discovery. The device drivers 510
may be software, an application program, application code, or the like.

[0036] The computing device 500 may also include a graphics processing unit
(GPU) 508. As shown, the CPU 502 may be coupled through the bus 506 to the
GPU 508. The GPU 508 may be configured to perform any number of graphics
operations within the computing device 500. For example, the GPU 508 may be
configured to render or manipulate graphics images, graphics frames, videos, or the
like, to be displayed to a user of the computing device 500.

[0037] The memory device 504 can include random access memory (RAM), read
only memory (ROM), flash memory, or any other suitable memory systems. For
example, the memory device 504 may include dynamic random access memaory
(DRAM). The memory device 504 may include device drivers 510 that are
configured to execute the instructions for generating virtual input devices. The
device drivers 510 may be software, an application program, application code, or the
like.

[0038] The CPU 502 may also be connected through the bus 506 to an
input/output (I/0O) device interface 512 configured to connect the computing device
500 to one or more I/O devices 514. The I/O devices 514 may include, for example,
a keyboard and a pointing device, wherein the pointing device may include a
touchpad or a touchscreen, among others. The I/O devices 514 may be built-in
components of the computing device 500, or may be devices that are externally
connected to the computing device 500. In some examples, the memory 504 may
be communicatively coupled to I/O devices 514 through direct memory access
(DMA).

[0039] The CPU 502 may also be linked through the bus 506 to a display
interface 516 configured to connect the computing device 500 to a display device
518. The display device 518 may include a display screen that is a built-in
component of the computing device 500. The display device 518 may also include a
computer monitor, television, or projector, among others, that is internal to or

externally connected to the computing device 500.
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[0040] The computing device 500 also includes a storage device 520. The
storage device 520 is a physical memory such as a hard drive, an optical drive, a
thumbdrive, an array of drives, a solid-state drive, or any combinations thereof. The
storage device 520 may also include remote storage drives.

[0041] The computing device 500 may also include a network interface controller
(NIC) 522. The NIC 522 may be configured to connect the computing device 500
through the bus 506 to a network 524. The network 524 may be a wide area
network (WAN), local area network (LAN), or the Internet, among others. In some
examples, the device may communicate with other devices through a wireless
technology. For example, the device may communicate with other devices via a
wireless local area network connection. In some examples, the device may connect
and communicate with other devices via Bluetooth® or similar technology.

[0042] The computing device 500 further includes a camera 526. For example,
the camera may include a plurality of image sensors. For example, the camera 526
may be a high-definition red-green-blue (RGB) sensor camera.

[0043] The computing device 500 further includes a trainer 528. For example, the
trainer 528 can be used to train GDP blocks of a GDP network to generate semantic
labels. The computing device 500 can further include semantic image segmenter
530. For example, the semantic image segmenter 530 may include an image
receiver 532, a GDP network 534, and an image generator 536. In some examples,
each of the components 532-536 of the semantic image segmenter 530 may be a
microcontroller, embedded processor, or software module. The image receiver 532
can receive an image to be segmented. For example, the image may be a color
image with one or more objects to be segmented. The GDP network 534 can
generate semantic labels for each pixel in the received image. For example, the
GDP network 534 may include a plurality of GDP blocks trained to generate the
semantic labels by the trainer 528. In some examples, the GDP network 534 may
include three cascades. In some examples, a GDP block can include a plurality of
middle layers coupled by dense connections comprising a forward dense connection
and a backward dense connection. For example, the GDP block can include a
forward dense connection with a middle layer having a decreased scale to generate

10
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down-sampled feature maps. In some examples, a GDP block can include a
backward dense connection with a middle layer to generate up-sampled feature
maps. In some examples, a GDP block can include a global contextual feature to
smooth prediction results. For example, the global contextual feature may include
the whole object, not just part of it, or relations between objects, such as people
often appears near the bicycle. In some examples, a GDP block can be a multi-
gated GDP block. In some examples, a GDP block can be a cascade. The image
generator 536 can generate a segmented image based on the generated semantic
labels. For example, the segmented image may include one or more segments
corresponding to detected objects.

[0044] The block diagram of Fig. 5 is not intended to indicate that the computing
device 500 is to include all of the components shown in Fig. 5. Rather, the
computing device 500 can include fewer or additional components not illustrated in
Fig. 5, such as additional buffers, additional processors, and the like. The computing
device 500 may include any number of additional components not shown in Fig. 5,
depending on the details of the specific implementation. For example, the computing
device 500 may also include a convolutional neural network to preprocess received
images. In some examples, the semantic image segmenter 530 may be a block
embedded into a neural network. Furthermore, any of the functionalities of the CPU
502 may be partially, or entirely, implemented in hardware and/or in a processor.

For example, the functionality of the semantic image segmenter 530 may be
implemented with an application specific integrated circuit, in logic implemented in a
processor, in logic implemented in a specialized graphics processing unit such as
the GPU 508, or in any other device.

[0045] Fig. 6 is a block diagram showing computer readable media 600 that store
code for segmenting images semantically using gated dense pyramid networks. The
computer readable media 600 may be accessed by a processor 602 over a
computer bus 604. Furthermore, the computer readable medium 600 may include
code configured to direct the processor 602 to perform the methods described
herein. In some embodiments, the computer readable media 600 may be non-

11
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transitory computer readable media. In some examples, the computer readable
media 600 may be storage media.

[0046] The various software components discussed herein may be stored on one
or more computer readable media 600, as indicated in Fig. 6. For example, a trainer
module 606 may be configured to train a gated dense pyramid (GDP) block of a
GDP network to generate semantic labels. For example, the trainer module 606 may
be configured to forward train a block of a GDP network. The trainer module 606
may also be configured to backward train the dense pyramid block with a gated
function to generate the GDP block. For example, the trainer module 606 can
provide more weight on more effective scale feature maps and less weight on the
less useful scale feature maps via a gated weight in the GDP block. The trainer
module 606 may further be configured to co-train the gated dense pyramid block on
a whole of the GDP block. For example, the trainer module 606 can forward train
and backward train the gated dense pyramid network together concurrently. In some
examples, the trainer module 606 can train a gated weight in the GDP block using a
classification layer followed by loss function added to a gated weight layer. In some
example, the trainer module 606 can concatenate up-sampled feature maps from a
plurality of densely connected layers of the GDP block with a feature map of a base
scale layer of the GDP block. In some examples, the trainer module 606 may also
be configured to train additional blocks in response to detecting additional blocks in
the GDP network. An image receiver module 608 may be configured to receive an
image to be segmented. In some examples, the image receiver module 608 may be
configured to receive frames of a video feed. A GDP network module 610 may be
configured to process the image to generate a semantic label for each pixel in the
image. For example, the GDP network module 610 may be configured to generate
an up-scaled feature map to recover high resolution feature information. In some
examples, the GDP network module 610 may be configured to generate a feature
map with a reduced scale to compress information to obtain a global contextual
feature. For example, the global contextual feature can be used to smooth
prediction results. In some examples, the GDP network module 608 may be
configured to adaptively weight differently scaled feature maps in the GDP block. An

12
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image generator module 612 may be configured to generate a segmented image
based on the received semantic labels.

[0047] The block diagram of Fig. 6 is not intended to indicate that the computer
readable media 600 is to include all of the components shown in Fig. 6. Further, the
computer readable media 600 may include any number of additional components not
shown in Fig. 6, depending on the details of the specific implementation.
EXAMPLES

[0048] Example 1 is an apparatus for semantic image segmentation. The
apparatus includes an image receiver to receive an image to be segmented. The
apparatus also includes a gated dense pyramid network including a plurality of gated
dense pyramid (GDP) blocks to be trained to generate semantic labels for each pixel
in the received image. The apparatus further includes and an image generator to
generate a segmented image based on the generated semantic labels.

[0049] Example 2 includes the apparatus of example 1, including or excluding
optional features. In this example, the plurality of GDP blocks are a cascade.

[0050] Example 3 includes the apparatus of any one of examples 1 to 2, including
or excluding optional features. In this example, a GDP block includes a plurality of
middle layers coupled by dense connections including a forward dense connection
and a backward dense connection.

[0051] Example 4 includes the apparatus of any one of examples 1 to 3, including
or excluding optional features. In this example, a GDP block includes a forward
dense connection with a middle layer including a decreased scale to generate down-
sampled feature maps.

[0052] Example 5 includes the apparatus of any one of examples 1 to 4, including
or excluding optional features. In this example, a GDP block includes a global
contextual feature to smooth prediction results.

[0053] Example 6 includes the apparatus of any one of examples 1 to 5, including
or excluding optional features. In this example, a GDP block includes a backward
dense connection with a middle layer to generate up-sampled feature maps.

13
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[0054] Example 7 includes the apparatus of any one of examples 1 to 6, including
or excluding optional features. In this example, a GDP block includes a multi-gated
GDP block.

[0055] Example 8 includes the apparatus of any one of examples 1 to 7, including
or excluding optional features. In this example, a GDP block is a cascade GDP
block.

[0056] Example 9 includes the apparatus of any one of examples 1 to 8, including
or excluding optional features. In this example, the apparatus includes a
convolutional neural network to preprocess the received image.

[0057] Example 10 includes the apparatus of any one of examples 1 to 9,
including or excluding optional features. In this example, the apparatus includes a
block embedded into a neural network.

[0058] Example 11 is a method for training gated dense pyramid networks. The
method includes forward training, via a processor, a GDP block including a dense
pyramid network. The method also includes backward training, via the processor,
the dense pyramid network with a gated function. The method further includes and
co-training, via the processor, the gated dense pyramid network on a whole of the
GDP block.

[0059] Example 12 includes the method of example 11, including or excluding
optional features. In this example, forward training the GDP block includes setting
one or more parameters to cause the GDP block to generate a feature map with a
reduced scale.

[0060] Example 13 includes the method of any one of examples 11 to 12,
including or excluding optional features. In this example, backward training the
dense pyramid network includes setting one or more parameters to cause the GDP
block to generate an up-scaled feature map.

[0061] Example 14 includes the method of any one of examples 11 to 13,
including or excluding optional features. In this example, the method includes
connecting two bi-directional layers in the GDP block using concatenation.
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[0062] Example 15 includes the method of any one of examples 11 to 14,
including or excluding optional features. In this example, the method includes
iteratively training additional GDP blocks.

[0063] Example 16 includes the method of any one of examples 11 to 15,
including or excluding optional features. In this example, co-training the gated dense
pyramid network on the whole of the GDP block includes forward training and
backward training the gated dense pyramid network together.

[0064] Example 17 includes the method of any one of examples 11 to 16,
including or excluding optional features. In this example, the gated function includes
an adaptive weighting module that provides more weight on more effective scale
feature maps and less weight on the less useful scale feature maps.

[0065] Example 18 includes the method of any one of examples 11 to 17,
including or excluding optional features. In this example, the method includes
training a gated weight in the GDP block using a classification layer followed by loss
function added to a gated weight layer.

[0066] Example 19 includes the method of any one of examples 11 to 18,
including or excluding optional features. In this example, the method includes
concatenating up-sampled feature maps from a plurality of densely connected layers
of the GDP block with a feature map of a base scale layer of the GDP block.

[0067] Example 20 includes the method of any one of examples 11 to 19,
including or excluding optional features. In this example, the method includes
generating a global contextual feature including high resolution feature information
from a plurality of densely connected layers of the GDP block.

[0068] Example 21 is at least one computer readable medium for segmenting
images semantically using gated dense pyramid networks having instructions stored
therein that. The computer-readable medium includes instructions that direct the
processor to train a gated dense pyramid (GDP) block of a GDP network to generate
semantic labels. The computer-readable medium includes instructions that direct the
processor to receive an image to be segmented. The computer-readable medium
includes instructions that direct the processor to process the image, via the GDP
network, to generate a semantic label for each pixel in the image. The computer-
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readable medium includes instructions that direct the processor to generate a
segmented image based on the received semantic labels.

[0069] Example 22 includes the computer-readable medium of example 21,
including or excluding optional features. In this example, the computer-readable
medium includes instructions to: forward train a block of a GDP network; backward
train the dense pyramid block with a gated function to generate the GDP block; and
co-train the gated dense pyramid block on a whole of the GDP block.

[0070] Example 23 includes the computer-readable medium of any one of
examples 21 to 22, including or excluding optional features. In this example, the
computer-readable medium includes instructions to adaptively weight differently
scaled feature maps in the GDP block.

[0071] Example 24 includes the computer-readable medium of any one of
examples 21 to 23, including or excluding optional features. In this example, the
computer-readable medium includes instructions to generate an up-scaled feature
map to recover high resolution feature information.

[0072] Example 25 includes the computer-readable medium of any one of
examples 21 to 24, including or excluding optional features. In this example, the
computer-readable medium includes instructions to generate a feature map with a
reduced scale to compress information to obtain a global contextual feature.
[0073] Example 26 includes the computer-readable medium of any one of
examples 21 to 25, including or excluding optional features. In this example, the
computer-readable medium includes instructions to forward train and backward train
the gated dense pyramid network together.

[0074] Example 27 includes the computer-readable medium of any one of
examples 21 to 26, including or excluding optional features. In this example, the
computer-readable medium includes instructions to provide more weight on more
effective scale feature maps and less weight on the less useful scale feature maps
via a gated weight in the GDP block.

[0075] Example 28 includes the computer-readable medium of any one of
examples 21 to 27, including or excluding optional features. In this example, the
computer-readable medium includes instructions to train a gated weight in the GDP
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block using a classification layer followed by loss function added to a gated weight
layer.

[0076] Example 29 includes the computer-readable medium of any one of
examples 21 to 28, including or excluding optional features. In this example, the
computer-readable medium includes instructions to concatenate up-sampled feature
maps from a plurality of densely connected layers of the GDP block with a feature
map of a base scale layer of the GDP block.

[0077] Example 30 includes the computer-readable medium of any one of
examples 21 to 29, including or excluding optional features. In this example, the
computer-readable medium includes instructions to smooth prediction results using a
global contextual feature.

[0078] Example 31 is a system for semantic image segmentation. The system
includes an image receiver to receive an image to be segmented. The system also
includes a gated dense pyramid network including a plurality of gated dense pyramid
(GDP) blocks to be trained to generate semantic labels for each pixel in the received
image. The system further includes an image generator to generate a segmented
image based on the generated semantic labels.

[0079] Example 32 includes the system of example 31, including or excluding
optional features. In this example, the plurality of GDP blocks includes a cascade.
[0080] Example 33 includes the system of any one of examples 31 to 32,
including or excluding optional features. In this example, a GDP block includes a
plurality of middle layers coupled by dense connections including a forward dense
connection and a backward dense connection.

[0081] Example 34 includes the system of any one of examples 31 to 33,
including or excluding optional features. In this example, a GDP block includes a
forward dense connection with a middle layer including a decreased scale to
generate down-sampled feature maps.

[0082] Example 35 includes the system of any one of examples 31 to 34,
including or excluding optional features. In this example, a GDP block includes a
global contextual feature to smooth prediction results.
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[0083] Example 36 includes the system of any one of examples 31 to 35,
including or excluding optional features. In this example, a GDP block includes a
backward dense connection with a middle layer to generate up-sampled feature
maps.

[0084] Example 37 includes the system of any one of examples 31 to 36,
including or excluding optional features. In this example, a GDP block includes a
multi-gated GDP block.

[0085] Example 38 includes the system of any one of examples 31 to 37,
including or excluding optional features. In this example, a GDP block includes a
cascade GDP block.

[0086] Example 39 includes the system of any one of examples 31 to 38,
including or excluding optional features. In this example, the system includes a
convolutional neural network to preprocess the received image.

[0087] Example 40 includes the system of any one of examples 31 to 39,
including or excluding optional features. In this example, the system includes a
neural network.

[0088] Example 41 is a system for semantic image segmentation. The system
includes means for receiving an image to be segmented. The system also includes
means for generating semantic labels for each pixel in the received image. The
system further includes means for generating a segmented image based on the
generated semantic labels.

[0089] Example 42 includes the system of example 41, including or excluding
optional features. In this example, the means for generating semantic labels
includes a cascade of GDP blocks.

[0090] Example 43 includes the system of any one of examples 41 to 42,
including or excluding optional features. In this example, the means for generating
semantic labels a plurality of middle layers coupled by dense connections including a
forward dense connection and a backward dense connection.

[0091] Example 44 includes the system of any one of examples 41 to 43,
including or excluding optional features. In this example, the means for generating
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semantic labels includes a forward dense connection with a middle layer including a
decreased scale to generate down-sampled feature maps.

[0092] Example 45 includes the system of any one of examples 41 to 44,
including or excluding optional features. In this example, the means for generating
semantic labels includes a global contextual feature to smooth prediction results.
[0093] Example 46 includes the system of any one of examples 41 to 45,
including or excluding optional features. In this example, the means for generating
semantic labels a backward dense connection with a middle layer to generate up-
sampled feature maps.

[0094] Example 47 includes the system of any one of examples 41 to 46,
including or excluding optional features. In this example, the means for generating
semantic labels includes a multi-gated GDP block.

[0095] Example 48 includes the system of any one of examples 41 to 47,
including or excluding optional features. In this example, the means for generating
semantic labels includes a cascade GDP block.

[0096] Example 49 includes the system of any one of examples 41 to 48,
including or excluding optional features. In this example, the system includes means
for preprocessing the received image.

[0097] Example 50 includes the system of any one of examples 41 to 49,
including or excluding optional features. In this example, the system includes a
neural network.

[0098] Not all components, features, structures, characteristics, etc. described
and illustrated herein need be included in a particular aspect or aspects. If the

specification states a component, feature, structure, or characteristic “may”, “might”,
“can” or “could” be included, for example, that particular component, feature,
structure, or characteristic is not required to be included. If the specification or claim
refers to “a” or “an” element, that does not mean there is only one of the element. If
the specification or claims refer to “an additional” element, that does not preclude
there being more than one of the additional element.

[0099] Itis to be noted that, although some aspects have been described in

reference to particular implementations, other implementations are possible
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according to some aspects. Additionally, the arrangement and/or order of circuit
elements or other features illustrated in the drawings and/or described herein need
not be arranged in the particular way illustrated and described. Many other
arrangements are possible according to some aspects.

[0100] In each system shown in a figure, the elements in some cases may each
have a same reference number or a different reference number to suggest that the
elements represented could be different and/or similar. However, an element may
be flexible enough to have different implementations and work with some or all of the
systems shown or described herein. The various elements shown in the figures may
be the same or different. Which one is referred to as a first element and which is
called a second element is arbitrary.

[0101] Itis to be understood that specifics in the aforementioned examples may
be used anywhere in one or more aspects. For instance, all optional features of the
computing device described above may also be implemented with respect to either
of the methods or the computer-readable medium described herein. Furthermore,
although flow diagrams and/or state diagrams may have been used herein to
describe aspects, the techniques are not limited to those diagrams or to
corresponding descriptions herein. For example, flow need not move through each
illustrated box or state or in exactly the same order as illustrated and described
herein.

[0102] The present techniques are not restricted to the particular details listed
herein. Indeed, those skilled in the art having the benefit of this disclosure will
appreciate that many other variations from the foregoing description and drawings
may be made within the scope of the present techniques. Accordingly, it is the
following claims including any amendments thereto that define the scope of the
present techniques.
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Claims
What is claimed is:

1. An apparatus for semantic image segmentation, comprising:

an image receiver to receive an image to be segmented;

a gated dense pyramid network comprising a plurality of gated dense pyramid
(GDP) blocks to be trained to generate semantic labels for each pixel in
the received image; and

an image generator to generate a segmented image based on the generated

semantic labels.

2. The apparatus of claim 1, wherein the plurality of GDP blocks
comprises a cascade.

3. The apparatus of claim 1, wherein a GDP block comprises a plurality of
middle layers coupled by dense connections comprising a forward dense connection
and a backward dense connection.

4. The apparatus of claim 1, wherein a GDP block comprises a forward
dense connection with a middle layer comprising a decreased scale to generate
down-sampled feature maps.

5. The apparatus of claim 1, wherein a GDP block comprises a global

contextual feature to smooth prediction results.
6. The apparatus of any combination of claims 1-5, wherein a GDP block
comprises a backward dense connection with a middle layer to generate up-sampled

feature maps.

7. The apparatus of any combination of claims 1-5, wherein a GDP block

comprises a multi-gated GDP block.
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8. The apparatus of any combination of claims 1-5, wherein a GDP block
comprises a cascade GDP block.

9. The apparatus of any combination of claims 1-5, comprising a

convolutional neural network to preprocess the received image.

10.  The apparatus of any combination of claims 1-5, wherein the apparatus
comprises a block embedded into a neural network.

11. A method for training gated dense pyramid networks, comprising:

forward training, via a processor, a GDP block comprising a dense pyramid
network;

backward training, via the processor, the dense pyramid network with a gated
function; and

co-training, via the processor, the gated dense pyramid network on a whole of
the GDP block.

12.  The method of claim 11, wherein forward training the GDP block
comprises setting one or more parameters to cause the GDP block to generate a
feature map with a reduced scale.

13.  The method of claim 11, wherein backward training the dense pyramid
network comprises setting one or more parameters to cause the GDP block to

generate an up-scaled feature map.

14.  The method of any combination of claims 11-13, comprising connecting
two bi-directional layers in the GDP block using concatenation.

15.  The method of any combination of claims 11-13, comprising iteratively
training additional GDP blocks.
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16. At least one computer readable medium for segmenting images
semantically using gated dense pyramid networks having instructions stored therein
that, in response to being executed on a computing device, cause the computing
device to:

train a gated dense pyramid (GDP) block of a GDP network to generate

semantic labels;

receive an image to be segmented;

process the image, via the GDP network, to generate a semantic label for

each pixel in the image; and

generate a segmented image based on the received semantic labels.

17.  The at least one computer readable medium of claim 16, comprising
instructions to:
forward train a block of a GDP network;
backward train the dense pyramid block with a gated function to generate the
GDP block; and
co-train the gated dense pyramid block on a whole of the GDP block.

18.  The at least one computer readable medium of claim 16, comprising
instructions to adaptively weight differently scaled feature maps in the GDP block.

19.  The at least one computer readable medium of any combination of
claims 16-18, comprising instructions to generate an up-scaled feature map to

recover high resolution feature information.

20.  The at least one computer readable medium of any combination of
claims 16-18, comprising instructions to generate a feature map with a reduced scale
to compress information to obtain a global contextual feature to be used to smooth
prediction results.
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21. A system for semantic image segmentation, comprising:

means for receiving an image to be segmented;

means for generating semantic labels for each pixel in the received image;
and

means for generating a segmented image based on the generated semantic
labels.

22.  The apparatus of claim 21, wherein the means for generating semantic

labels comprises a cascade of GDP blocks.

23.  The apparatus of claim 21, wherein the means for generating semantic
labels a plurality of middle layers coupled by dense connections comprising a

forward dense connection and a backward dense connection.

24.  The apparatus of any combination of claims 21-23, wherein the means
for generating semantic labels comprises a forward dense connection with a middle
layer comprising a decreased scale to generate down-sampled feature maps.

25.  The apparatus of any combination of claims 21-23, wherein the means

for generating semantic labels comprises a global contextual feature to smooth
prediction results.
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