
(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

(19) World Intellectual Property
Organization

International Bureau
(10) International Publication Number

(43) International Publication Date WO 2016/054779 Al
14 April 2016 (14.04.2016) P O P C T

(51) International Patent Classification: (74) Agent: SHANGHAI PATENT & TRADEMARK LAW
G06K 9/00 (2006.01) OFFICE, LLC; 435 Guiping Road, Shanghai 200233

(CN).
(21) International Application Number:

PCT/CN20 14/088 166 (81) Designated States (unless otherwise indicated, for every
kind of national protection available): AE, AG, AL, AM,

(22) International Filing Date:
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY,

October 2014 (09. 10.2014) BZ, CA, CH, CL, CN, CO, CR, CU, CZ, DE, DK, DM,
(25) Filing Language: English DO, DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT,

HN, HR, HU, ID, IL, IN, IR, IS, JP, KE, KG, KN, KP, KR,
(26) Publication Language: English KZ, LA, LC, LK, LR, LS, LU, LY, MA, MD, ME, MG,

(71) Applicant: MICROSOFT TECHNOLOGY LICENS¬ MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ, OM,

ING, LLC [US/US]; One Microsoft Way, Redmond, WA PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA, SC,

98052 (US). SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,
TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.

(72) Inventors; and
(71) Applicants (for US only): HE, Kaiming [CN/CN]; c/o (84) Designated States (unless otherwise indicated, for every

Microsoft Asia Pacific R&D Headquarters 14F, Building 2, kind of regional protection available): ARIPO (BW, GH,

No 5, Dan Ling Street, Haidian District, Beijing 100080 GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, ST, SZ,

(CN). SUN, Jian [CN/CN]; c/o Microsoft Asia Pacific TZ, UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU,

R&D Headquarters 14F, Building 2, No 5, Dan Ling TJ, TM), European (AL, AT, BE, BG, CH, CY, CZ, DE,

Street, Haidian District, Beijing 100080 (CN). ZHANG, DK, EE, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU,

Xiangyu [CN/CN]; c/o Microsoft Asia Pacific R&D LV, MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK,

Headquarters 14F, Building 2, No 5, Dan Ling Street, SM, TR), OAPI (BF, BJ, CF, CG, CI, CM, GA, GN, GQ,

Haidian District, Beijing 100080 (CN). REN, Shaoqing GW, KM, ML, MR, NE, SN, TD, TG).

[CN/CN]; c/o Microsoft Asia Pacific R&D Headquarters Published:
14F, Building 2, No 5, Dan Ling Street, Haidian District,
Beijing 100080 (CN). — with international search report (Art. 21(3))

(54) Title: SPATIAL PYRAMID POOLING NETWORKS FOR IMAGE PROCESSING

(57) Abstract: Spatial pyramid pooling (SPP) layers
are combined with convolutional layers and partition
an input image into divisions from finer to coarser
levels,and aggregate local features in the divisions. A
fixed-length output may be generated by the SPP lay
ers) regardless of the input size. The multi-level spa
tial bins used by the SPP layer(s) may provide robust
ness to object deformations. An SPP layer based sys
tem may pool features extracted at variable scales due
to the flexibility of input scales making it possible to
generate a full-image representation for testing.
Moreover, SPP networks may enable feeding of im
ages with varying sizes or scales during training,
which may increase scale-invariance and reduce the
risk of over-fitting.

© FIG. 3

v

o
o



SPATIAL PYRAMID POOLING NETWORKS FOR IMAGE PROCESSING

BACKGROUND

[0001] Computer vision includes acquisition, processing, analysis, and understanding of

images and, in general, high-dimensional data from the real world in order to produce

numerical or symbolic information, for example, in the forms of decisions. The image

understanding may be seen as the disentangling of symbolic information from image data

using models constructed with the aid of geometry, physics, statistics, and learning theory.

The image data may take many forms, such as video sequences, views from multiple cameras,

or multi-dimensional data from a medical scanner. Further areas of computer vision may

include scene reconstruction, event detection, video tracking, object recognition, learning,

indexing, motion estimation, and image restoration.

[0002] Computer vision technologies are typically complex undertakings involving

large amounts of computing resources and lacking accuracy in many cases. For example,

existing deep convolutional neural networks (CNNs) involve a fixed-size (e.g., 224x224)

input image. This requirement is "artificial" and may reduce the recognition accuracy for the

images or sub-images of an arbitrary size/scale.

SUMMARY

[0003] This summary is provided to introduce a selection of concepts in a simplified

form that are further described below in the Detailed Description. This summary is not

intended to exclusively identify key features or essential features of the claimed subject

matter, nor is it intended as an aid in determining the scope of the claimed subject matter.

[0004] Embodiments are directed to methods, devices, and systems to process images

using spatial pyramid pooling networks. An example method may include receiving an input

image; generating feature maps by one or more filters on one or more convolutional layers of

a neural network; spatially pooling responses of each filter of a top convolutional layer at a

spatial pyramid pooling (SPP) network following the top convolutional layer, where the SPP

network comprises one or more layers; and providing outputs of a top SPP network layer to a

fully-connected layer as fixed dimensional vectors.

[0005] These and other features and advantages will be apparent from a reading of the

following detailed description and a review of the associated drawings. It is to be understood



that both the foregoing general description and the following detailed description are

explanatory and do not restrict aspects as claimed.

BRIEF DESCRIPTION OF THE DRAWINGS

[0006] FIG. 1 illustrates conceptually the processes of CNN based image processing

and SPP based image processing;

[0007] FIG. 2 illustrates an example neural network structure with a spatial pyramid

pooling layer;

[0008] FIG. 3 illustrates block diagram of a system for image processing that includes

an SPP layer along with convolutional neural network layers according to some embodiments;

[0009] FIG. 4 is a block diagram of an example general purpose computing device,

which may be used to manage SPP networks for automatic image processing; and

[0010] FIG. 5 illustrates a logic flow diagram of a process for image processing using

SPP networks, according to embodiments.

DETAILED DESCRIPTION

[0011] As briefly described above, spatial pyramid pooling (SPP) layers may be

combined with convolutional layers and partition the image into divisions from finer to

coarser levels, and aggregate local features in the divisions. A fixed-length output may be

generated by the SPP layer(s) regardless of the input size. The multi-level spatial bins used

by the SPP layer(s) may provide robustness to object deformations. An SPP layer based

system may pool features extracted at variable scales due to the flexibility of input scales

making it possible to generate a full-image representation for testing. Moreover, SPP

networks may enable feeding of images with varying sizes or scales during training, which

may increase scale-invariance and reduce the risk of over-fitting.

[0012] In the following detailed description, references are made to the accompanying

drawings that form a part hereof, and in which are shown by way of illustrations specific

embodiments or examples. These aspects may be combined, other aspects may be utilized,

and structural changes may be made without departing from the spirit or scope of the present

disclosure. The following detailed description is therefore not to be taken in a limiting sense,

and the scope of the present invention is defined by the appended claims and their equivalents.



[0013] While some embodiments will be described in the general context of program

modules that execute in conjunction with an application program that runs on an operating

system on a personal computer, those skilled in the art will recognize that aspects may also be

implemented in combination with other program modules.

[0014] Generally, program modules include routines, programs, components, data

structures, and other types of structures that perform particular tasks or implement particular

abstract data types. Moreover, those skilled in the art will appreciate that embodiments may

be practiced with other computer system configurations, including hand-held devices,

multiprocessor systems, microprocessor-based or programmable consumer electronics,

minicomputers, mainframe computers, and comparable computing devices. Embodiments

may also be practiced in distributed computing environments where tasks are performed by

remote processing devices that are linked through a communications network. In a

distributed computing environment, program modules may be located in both local and

remote memory storage devices.

[0015] Some embodiments may be implemented as a computer-implemented process

(method), a computing system, or as an article of manufacture, such as a computer program

product or computer readable media. The computer program product may be a computer

storage medium readable by a computer system and encoding a computer program that

comprises instructions for causing a computer or computing system to perform example

process(es). The computer-readable storage medium is a computer-readable memory device.

The computer-readable storage medium can for example be implemented via one or more of

a volatile computer memory, a non-volatile memory, a hard drive, a flash drive, a floppy disk,

or a compact disk, and comparable hardware media.

[0016] Throughout this specification, the term "platform" may be a combination of

software and hardware components for image processing. Examples of platforms include,

but are not limited to, a hosted service executed over a plurality of servers, an application

executed on a single computing device, and comparable systems. The term "server"

generally refers to a computing device executing one or more software programs typically in

a networked environment. However, a server may also be implemented as a virtual server

(software programs) executed on one or more computing devices viewed as a server on the

network. More detail on these technologies and example operations is provided below.

[0017] FIG. 1 illustrates conceptually the processes of CNN based image processing

and SPP based image processing.



[0018] The use of deep convolutional neural networks (C s) and the availability of

large scale training data is resulting in revolutionary changes in the vision technologies,

specifically, in image analysis and object detection. Deep-networks based approaches are

used in image classification, object detection, and other recognition or non-recognition tasks.

As mentioned above, fixed-length output may be generated by the SPP layer(s) regardless of

the input size while sliding window pooling used in conventional deep networks cannot. The

multi-level spatial bins used by the SPP layer(s) may provide robustness to object

deformations while the sliding window pooling uses only a single window size.

[0019] A technical shortcoming of the CNNs is the fact that they require a fixed input

image size. As shown in diagram 100, a conventional CNN based image processing system

starts out with an input image 102, which may be subject to cropping or warping 104 as

shown in the example illustrations 106 and 108. The cropped or warped image may then be

processed by the convolutional layers 110, followed by the fully-connected layers 114, which

provide the output 116. The cropped region may not contain the entire object, while the

warped content may result in unwanted geometric distortion. Thus, recognition accuracy may

be compromised due to the content loss or distortion. Moreover, a pre-defined scale (for

example, 224) may not be suitable when object scales vary. Fixing the input size may

overlook the issues involving scales.

[0020] The convolutional layers may operate in a sliding-window manner and output

feature maps, which represent the spatial arrangement of the activations. Indeed,

convolutional layers may not require a fixed image size and may generate feature maps of

any sizes. On the other hand, the fully-connected layers may need to have fixed-size / length

input by their definition. Hence, the fixed-size constraint may come from the fully-connected

layers, which exist at a deeper stage of the network.

[0021] In contrast with the conventional neural networks for image processing, a system

according to embodiments may process the input image 102 at the convolutional layers 110

first regardless of its size or scale, then perform further processing at an SPP layer 112, which

may provide the needed fixed size input to the fully-connected layers 114.

[0022] The example image in FIG. 1 has been described with specific images of

particular size, type, and shape. Embodiments are not limited to the detection of objects of

particular sizes, shapes, or types, as well as images of particular size, type, or content. A

system for image processing using spatial pyramid pooling according to embodiments may be



implemented in configurations that can work with any size, type, or content of image and

detect objects of any size, shape, or type using the principles described herein.

[0023] FIG. 2 illustrates an example neural network structure with a spatial pyramid

pooling layer.

[0024] The convolutional layers 204 may accept arbitrary input image 202 sizes, but

they produce outputs of variable sizes. The fixed-length representations given by the pre-

trained networks may also be used to train classifiers (such as SVM or softmax) on other

datasets. The classifiers or fully-connected layers, on the other hand, may require fixed-

length vectors as input. Spatial pyramid pooling may generate such vectors while maintaining

spatial information by pooling in local spatial bins. The spatial bins may have sizes

proportional to the image size, so the number of bins may be fixed regardless of the image

size in contrast to the sliding window pooling of the conventional deep networks, where the

number of sliding windows depends on the input size.

[0025] To adopt the deep network for images of arbitrary sizes, the pooling layer after

convolutional layer 5 (conv5) may be replaced with a spatial pyramid pooling layer 210, for

example. In each spatial bin, the responses of each filter may be pooled. Maximum pooling

is one example method of pooling, but other pooling methods may also be used. In one

example implementation, the outputs 208 of the spatial pyramid pooling may be kM-

dimensional vectors with the number of bins denoted as M (k being the number of conv5

filters). The fixed-dimensional vectors may then be provided as input to the fully-connected

layer (fc6) 212.

[0026] With spatial pyramid pooling, the input image may be of any size allowing not

only arbitrary aspect ratios, but also arbitrary scales. The input image may be resized to any

scale (for example, min(w; h)=180, 224, ...) and the same deep network applied to the input

image. When the input image is at different scales, the network (with the same filter sizes)

may extract features at different scales.

[0027] The above described network structure may be trained with standard back-

propagation, regardless of the input image size. In practical graphical processing unit (GPU)

implementations, fixed input images may be used, however. Yet, the GPU implementations

may be taken advantage of while still preserving the spatial pyramid pooling behaviors.

[0028] In one example scenario, the network may receive a fixed-size input (224x224)

cropped from images. The cropping may be used for the purpose of data augmentation. For

an image with a given size, the bin sizes needed for spatial pyramid pooling may be pre-



computed. Considering the feature maps after conv5 that have a size of axa (for example,

13x13) with a pyramid level of nxn bins, the pooling level may be implemented as a sliding

window pooling, where the window size win = n and stride str = J with and J

denoting ceiling and floor operations. With a /-level pyramid, / such layers may be

implemented. The next fully-connected layer (fc6) may concatenate the / outputs. In an

example configuration, a 3-level spatial pyramid pooling network with a feature map size of

conv5 13x13 may have pooling layers with 3x3, 2x2, and lxl bins, respectively. Single-size

training may enable the multi-level pooling behavior and also provide increased accuracy.

[0029] To address varying image sizes in training, a set of pre-defined sizes may be

considered. For example, two sizes (180x180 and 224x224) may be used, although any

number of sizes may be implemented as well. Rather than crop a smaller 180x180 region, the

aforementioned 224x224 region may be resized to 180x180. Thus, the regions at both scales

may differ only in resolution but not in content and/or layout. For the network to accept

180x180 inputs, another fixed-size-input (180x180) network may be implemented. The

feature map size after conv5 may be axa = 10x10 in this case. Then, window size win = \-}i

and stride str = may still be used to implement each pyramid pooling level. The output of

the spatial pyramid pooling layer of this 180-network may have the same fixed length as the

224-network. As such, this 180-network may have exactly the same parameters as the 224-

network in each layer. In other words, during training the varying-size-input SPP-network

may be implemented by two fixed-size-input networks that share parameters.

[0030] To reduce the overhead of switching from one network (for example, 224) to the

other (for example, 180), each full epoch may be trained on one network, and then switched

to the other one (copying all weights) for the next full epoch. This may be performed

iteratively. The convergence rate of this multi-size training may be similar to the above

discussed single-size training. Multi-size training may be used to simulate the varying input

sizes while still leveraging the existing well-optimized fixed-size implementations.

Additional scales / aspect ratios may also be used, with one network for each scale / aspect

ratio and all networks sharing weights according to other embodiments. Alternatively, a

varying-size implementation may be used to avoid network switching. It should be noted that

the single/multi-size approached described herein may be used for training. At the testing

stage, the SPP-network may be applied on images of any sizes.



[0031] FIG. 3 illustrates block diagram of a system for image processing that includes

an SPP layer along with convolutional neural network layers according to some embodiments.

[0032] In a system according to embodiments, a gain of the multi-level pooling is not

simply due to more parameters. Rather, it is because the multi-level pooling is robust to the

variance in object deformations and spatial layout. Because the usage of a spatial pyramid

pooling based network does not depend on scale, the images may be resized so that the

smaller dimension and the same network may be used to extract features.

[0033] As shown in diagram 300, an image processing system according to

embodiments may employ one or more neural networks 304 to process an input image 302

and provide an output 316 that may be used in training a classifier, scene reconstruction,

event detection, video tracking, object recognition, image indexing, or motion estimation.

The feature maps may be extracted from the entire image once (optionally at multiple scales).

Then, the spatial pyramid pooling may be applied on each candidate window of the feature

maps to pool a fixed-length representation of this window. Because the potentially time-

consuming convolutional network is applied once, the system may detect objects on orders of

magnitude faster compared to approaches such as R-C .

[0034] In some embodiments, window-wise features may be extracted (310) from

regions of the feature maps 308. Thus, feature extraction may be enabled in arbitrary

windows from the deep convolutional feature maps 308. The input image 302 may be resized

to fit the structure of the network. An SPP network 312 of one or more layers that includes

spatial bins based on the number of filters a top convolutional layer may pool the extracted

features and generate fixed-size outputs for a fully-connected layer 314.

[0035] In some examples, the input image 302 may be resized such that min (w; h) = s,

where w is the width, h is the height, and s represents a predefined scale (e.g., 256) and the

feature maps of conv5 may be extracted from the entire image. In some example

implementations, a 4-level spatial pyramid (lxl, 2x2, 3x3, and 6x6, total of 50 bins) may be

used for each candidate window to pool the features. This may generate a 12,800-d (256x50)

representation for each window. The representations may be provided to the fully-connected

layers of the network.

[0036] In other embodiments, multi-scale feature extraction may also be used. The

image may be resized such that min (w; h) = s {480; 576; 688; 864; 1200}, and the feature

maps of conv5 may be computed for each scale. In some examples, the features from these

scales may be combined by pooling them channel-by-channel. In other examples, a single



scale s may be selected for each candidate window such that the scaled candidate window has

a number of pixels closest to a predefined value (e.g., 224x224). Then, the feature maps

extracted from this scale may be used to compute the feature of this window.

[0037] The examples in FIGs. 1 through 3 have been described using specific examples,

configurations, and processes spatial pyramid pooling based image processing. Embodiments

to perform image processing using spatial pyramid pooling are not limited to the specific

examples, configurations, and processes according to these example descriptions.

[0038] A system employing SPP-network to process images may advantageously

improve usability of object detection in searches, vision systems, and other image analysis

implementations, as well as reduce computational expense such as processor load, memory

load, and enhance reliability of object detection, for example, in satellite imaging, security

monitoring, and comparable systems.

[0039] FIG. 4 is a block diagram of an example general purpose computing device,

which may be used to process images using spatial pyramid pooling layers.

[0040] For example, computing device 400 may be used as a server, desktop computer,

portable computer, smart phone, special purpose computer, or similar device. In an example

basic configuration 402, the computing device 400 may include one or more processors 404

and a system memory 406. A memory bus 408 may be used for communicating between the

processor 404 and the system memory 406. The basic configuration 402 is illustrated in FIG.

4 by those components within the inner dashed line.

[0041] Depending on the desired configuration, the processor 404 may be of any type,

including but not limited to a microprocessor (µΡ), a microcontroller ^C), a digital signal

processor (DSP), or any combination thereof. The processor 404 may include one more

levels of caching, such as a level cache memory 412, one or more processor cores 414, and

registers 416. The example processor cores 414 may (each) include an arithmetic logic unit

(ALU), a floating point unit (FPU), a digital signal processing core (DSP Core), or any

combination thereof. An example memory controller 418 may also be used with the

processor 404, or in some implementations the memory controller 418 may be an internal

part of the processor 404.

Depending on the desired configuration, the system memory 406 may be of any type

including but not limited to volatile memory (such as RAM), non-volatile memory (such as

ROM, flash memory, etc.) or any combination thereof. The system memory 406 may include

an operating system 420, an application 422, and program data 424. The application 422 may



include an image processing module 426, which may be an integral part of the application or

a separate application on its own. The image processing module 426 may perform image

resizing, feature extraction (using deep convolutional feature maps), spatial pyramid pooling,

and classifier training. Optionally, multiple fixed-size networks may be used for different

size input images and results of the SPP layers concatenated at the fully-connected layer. The

program data 424 may include, among other data, image data 428 related to the enablement

of image processing using SPP layers, as described herein.

[0042] The computing device 400 may have additional features or functionality, and

additional interfaces to facilitate communications between the basic configuration 402 and

any desired devices and interfaces. For example, a bus/interface controller 430 may be used

to facilitate communications between the basic configuration 402 and one or more data

storage devices 432 via a storage interface bus 434. The data storage devices 432 may be one

or more removable storage devices 436, one or more non-removable storage devices 438, or a

combination thereof. Examples of the removable storage and the non-removable storage

devices include magnetic disk devices such as flexible disk drives and hard-disk drives

(HDDs), optical disk drives such as compact disk (CD) drives or digital versatile disk (DVD)

drives, solid state drives (SSD), and tape drives to name a few. Example computer storage

media may include volatile and nonvolatile, removable and non-removable media

implemented in any method or technology for storage of information, such as computer

readable instructions, data structures, program modules, or other data.

[0043] The system memory 406, the removable storage devices 436 and the non

removable storage devices 438 are examples of computer storage media. Computer storage

media includes, but is not limited to, RAM, ROM, EEPROM, flash memory or other memory

technology, CD-ROM, digital versatile disks (DVDs), solid state drives, or other optical

storage, magnetic cassettes, magnetic tape, magnetic disk storage or other magnetic storage

devices, or any other medium which may be used to store the desired information and which

may be accessed by the computing device 400. Any such computer storage media may be

part of the computing device 400.

[0044] The computing device 400 may also include an interface bus 440 for facilitating

communication from various interface devices (for example, one or more output devices 442,

one or more peripheral interfaces 444, and one or more communication devices 446) to the

basic configuration 402 via the bus/interface controller 430. Some of the example output

devices 442 include a graphics processing unit 448 and an audio processing unit 450, which



may be configured to communicate to various external devices such as a display or speakers

via one or more A/V ports 452. One or more example peripheral interfaces 444 may include

a serial interface controller 454 or a parallel interface controller 456, which may be

configured to communicate with external devices such as input devices (for example,

keyboard, mouse, pen, voice input device, touch input device, etc.) or other peripheral

devices (for example, printer, scanner, etc.) via one or more I/O ports 458. An example

communication device 446 includes a network controller 460, which may be arranged to

facilitate communications with one or more other computing devices 462 over a network

communication link via one or more communication ports 464. The one or more other

computing devices 462 may include servers, client devices, and comparable devices.

[0045] The network communication link may be one example of a communication

media. Communication media may typically be embodied by computer readable instructions,

data structures, program modules, or other data in a modulated data signal, such as a carrier

wave or other transport mechanism, and may include any information delivery media. A

"modulated data signal" may be a signal that has one or more of its characteristics set or

changed in such a manner as to encode information in the signal. By way of example, and

not limitation, communication media may include wired media such as a wired network or

direct-wired connection, and wireless media such as acoustic, radio frequency (RF),

microwave, infrared (IR) and other wireless media. The term computer readable media as

used herein may include both storage media and communication media.

[0046] The computing device 400 may be implemented as a part of a general purpose or

specialized server, mainframe, or similar computer that includes any of the above functions.

The computing device 400 may also be implemented as a personal computer including both

laptop computer and non-laptop computer configurations.

[0047] Example embodiments may also include methods to generic object detection in

an image. These methods can be implemented in any number of ways, including the

structures described herein. One such way may be by machine operations, of devices of the

type described in the present disclosure. Another optional way may be for one or more of the

individual operations of the methods to be performed in conjunction with one or more human

operators performing some of the operations while other operations may be performed by

machines. These human operators need not be collocated with each other, but each can be

only with a machine that performs a portion of the program. In other embodiments, the



human interaction can be automated such as by pre-selected criteria that may be machine

automated.

[0048] FIG. 5 illustrates a logic flow diagram for process 500 of a process to process

images using spatial pyramid pooling based neural networks, according to embodiments.

Process 500 may be implemented on a server or other system.

[0049] Process 500 begins with operation 510, where an image processing application

may receive an input image to process. The image processing application may be a vision

application, an analysis application, a monitoring application, a search engine, or any

comparable application that is configured to process the image using SPP network(s) as part

of its operation.

[0050] At operation 520, feature maps may be generated by one or more filters on one

or more convolutional layer of a neural network processing the input image. The filters may

be sliding filters. A number of filters at the top layer of the convolutional layers may

determine a number of bins needed in the following SPP network. The feature maps may be

generated once from the entire input image at one or more scales.

[0051] At operation 530, the image processing application spatially pool responses of

each filter at the one or more layers of the SPP network. The SPP network may pool the

responses of each filter in a plurality of spatial bins and generate a multi-dimensional output

vector, where a number of dimensions of the output vector is based on a number of the

plurality of spatial bins multiplied by a number of filters in a last convolutional layer.

[0052] At operation 540, outputs of a top layer of the SPP network may be provided to a

fully-connected layer as fixed dimensional vectors. An output of the fully connected layer

may be used for training a classifier, scene reconstruction, event detection, video tracking,

object recognition, image indexing, motion estimation, or comparable purposes.

[0053] The operations included in process 500 are for illustration purposes Image

processing using SPP layers may be implemented by similar processes with fewer or

additional steps, as well as in different order of operations using the principles described

herein.

[0054] In some embodiments, an image processing means for using SPP networks may

include means for receiving an input image; means for generating feature maps by one or

more filters on one or more convolutional layers of a neural network; means for spatially

pooling responses of each filter of a top convolutional layer at a spatial pyramid pooling (SPP)

network following the top convolutional layer, where the SPP network comprises one or



more layers; and means for providing outputs of a top SPP network layer to a fully-connected

layer as fixed dimensional vectors.

[0055] According to some examples, an image processing method using SPP networks

may include receiving an input image; generating feature maps by one or more filters on one

or more convolutional layers of a neural network; spatially pooling responses of each filter of

a top convolutional layer at a spatial pyramid pooling (SPP) network following the top

convolutional layer, where the SPP network comprises one or more layers; and providing

outputs of a top SPP network layer to a fully-connected layer as fixed dimensional vectors.

[0056] According to other examples, the method may further include employing an

output of the fully-connected layer for one or more of: training a classifier, scene

reconstruction, event detection, video tracking, object recognition, image indexing, and

motion estimation. Spatially pooling responses of each filter of the top convolutional layer at

the SPP network may include pooling responses of each filter in a plurality of spatial bins of

the SPP network. Providing outputs of the top SPP network layer to the fully-connected layer

may include providing the outputs of the top SPP network layer as kM-dimensional vectors,

where M denotes a number of the spatial bins in the SPP network and k denotes a number of

filters at the top convolutional layer.

[0057] According to further examples, the method may also include resizing the input

image to fit a window size of the SPP network, training the neural network using back-

propagation, and/or pre-computing a number of spatial bins of the SPP network based on a

size of the input image. The method may further include for an image size of axa and an SPP

network layer that includes nxn bins, implementing the SPP network layer as a sliding

window pooling layer, where a window size is defined by win = n and a stride is defined by

a

str = i with and J denoting ceiling and floor operations. The method may yet include

concatenating outputs of the SPP network layers at the fully-connected layer. Spatially

pooling responses of each filter of the top convolutional layer at the SPP network may also

include employing maximum pooling on responses of the filters of the top convolutional

layer.

[0058] According to yet other examples, a computing device to perform image

processing is described. The computing device may include an input module configured to

receive an input image through one or more of a wired or wireless communication, a memory

configured to store instructions, and a processor coupled to the memory and the input module.



The processor may execute an image processing application, which may be configured to

receive an input image; generate feature maps by one or more filters on one or more

convolutional layers of a neural network; spatially pool responses of each filter of a top

convolutional layer in a plurality of spatial bins at a spatial pyramid pooling (SPP) network

following the top convolutional layer, where the SPP network comprises one or more layers;

and provide outputs of a top SPP network layer to a fully-connected layer as fixed

dimensional vectors.

[0059] According to yet further examples, the feature maps may be generated once from

the entire input image at one or more scales. The image processing application may be

further configured to employ two or more fixed-size neural networks with respective SPP

networks to process images of two or more sizes. The outputs of top SPP network layers of

the two or more fixed-size neural networks may be configured to have a same fixed length.

The image processing application may also be configured to train a first full epoch on a first

one of the two or more fixed-size neural networks and train a second full epoch on a second

one of the two or more fixed-size neural networks. The image processing application may be

further configured to copy weights of the first one of the two or more fixed-size neural

networks to the second one of the two or more fixed-size neural networks prior to training the

second epoch on the second one of the two or more fixed-size neural networks, and perform

the training on different neural network in an iterative manner.

[0060] According to other examples, a computer-readable memory device with

instructions stored thereon to perform image processing is described. The instructions may

include receiving an input image; generating feature maps by one or more filters on one or

more convolutional layers of a neural network; spatially pooling responses of each filter of a

top convolutional layer in a plurality of spatial bins of a spatial pyramid pooling (SPP)

network following the top convolutional layer, where the SPP network comprises one or

more layers; providing outputs of a top SPP network layer to a fully-connected layer as fixed

dimensional vectors; and training a classifier to tag the input image based on the fixed

dimensional vectors received at the fully-connected layer.

[0061] According to further examples, The instructions may also include resizing the

input image such that min (w; h) = s, where w is a width of the image, h is a height of the

image, and s represents a predefined scale for the image, and training different full epochs on

different fixed-size neural networks by copying weights of a first fixed-size neural network to

subsequent fixed-size neural networks in an iterative manner.



[0062] The above specification, examples and data provide a complete description of

the manufacture and use of the composition of the embodiments. Although the subject matter

has been described in language specific to structural features and/or methodological acts, it is

to be understood that the subject matter defined in the appended claims is not necessarily

limited to the specific features or acts described above. Rather, the specific features and acts

described above are disclosed as example forms of implementing the claims and

embodiments.



CLAIMS
WHAT IS CLAIMED IS:

1. A method to perform image processing, the method comprising:

receiving an input image;

generating feature maps by one or more filters on one or more convolutional layers of

a neural network;

spatially pooling responses of each filter of a top convolutional layer at a spatial

pyramid pooling (SPP) network following the top convolutional layer, wherein the SPP

network comprises one or more layers; and

providing outputs of a top SPP network layer to a fully-connected layer as fixed

dimensional vectors.

2 . The method of claim 1, further comprising:

employing an output of the fully-connected layer for one or more of: training a

classifier, scene reconstruction, event detection, video tracking, object recognition, image

indexing, and motion estimation.

3 . The method of claim 1, wherein spatially pooling responses of each filter of the top

convolutional layer at the SPP network comprises:

pooling responses of each filter in a plurality of spatial bins of the SPP network.

4 . The method of claim 3, wherein providing outputs of the top SPP network layer to the

fully-connected layer comprises:

providing the outputs of the top SPP network layer as kM-dimensional vectors, where

M denotes a number of the spatial bins in the SPP network and k denotes a number of filters

at the top convolutional layer.

5 . The method of claim 1, further comprising:

resizing the input image to fit a window size of the SPP network.

6 . The method of claim 1, further comprising:

concatenating outputs of the SPP network layers at the fully-connected layer.



7 . A computing device to perform image processing, the computing device comprising:

an input module configured to receive an input image through one or more of a wired

or wireless communication;

a memory configured to store instructions; and

a processor coupled to the memory and the input module, the processor executing an

image processing application, wherein the image processing application is configured to:

receive an input image;

generate feature maps by one or more filters on one or more convolutional

layers of a neural network;

spatially pool responses of each filter of a top convolutional layer in a plurality

of spatial bins at a spatial pyramid pooling (SPP) network following the top

convolutional layer, wherein the SPP network comprises one or more layers; and

provide outputs of a top SPP network layer to a fully-connected layer as fixed

dimensional vectors.

8. The computing device of claim 7, wherein the image processing application is further

configured to:

employ two or more fixed-size neural networks with respective SPP networks to

process images of two or more sizes.

9 . The computing device of claim 8, wherein the outputs of top SPP network layers of

the two or more fixed-size neural networks are configured to have a same fixed length.

10. A computer-readable memory device with instructions stored thereon to perform

image processing, the instructions comprising:

receiving an input image;

generating feature maps by one or more filters on one or more convolutional layers of

a neural network;

spatially pooling responses of each filter of a top convolutional layer in a plurality of

spatial bins of a spatial pyramid pooling (SPP) network following the top convolutional layer,

wherein the SPP network comprises one or more layers;



providing outputs of a top SPP network layer to a fully-connected layer as fixed

dimensional vectors; and

training a classifier to tag the input image based on the fixed dimensional vectors

received at the fully-connected layer.
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