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BIDIRECTIONAL PAIRING ARCHITECTURE FOR OBJECT DETECTION IN VIDEO

BACKGROUND

Object detection, including oftline object detection, in video has great practical value and
application prospects. For example, object detection is an important prerequisite for many high-
level visual processing and analysis tasks such as behavior analysis, criminal investigation, event
detection, scene semantic anderstanding, video samimary, video recommendation, person re-
identification, cte. In some contexts, it is important to detect cach object as much as possible such
that false negatives are to be avoided and false positives are tolerable. For example, in criminal
investigation fields, false negative detection in frames, particularly key frames, causes failed
event detection or failure in semantic understanding of a scene, which ultimately 1ocreases
criminal investigation difficulty. Other contexts for object detection also rely on low false

negative rate detection in each frame such as automatic driving, robot vision, etc.

Current object detection technigues include still image detection and video detection.
However, such techuiques may fail to detect objects 1 a vaniety of situations sach as when
portions of the object are obscured by other objects. It may be advantageous to perform object
detection with high accuracy and very low false negative rates. It is with respect to these and
other considerations that the present improvements have been needed. Such improvements may

become crifical as the desire to perform object detection in video becomes more widespread.
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BRIEF DESCRIPTION OF THE DRAWINGS

The material described herein is illustrated by way of example and not by way of
limitation in the accompanying figures. For simplicity and clarity of illustration, elements
illustrated 1o the {igures are vot necessarily drawn to scale. For example, the dimensions of some
elements may be exaggerated relative to other elements for clarity. Further, where considered
appropriate, reference labels have been repeated among the {igores to indicate corresponding or

analogous elements. In the figures:

FIG. 1 illustrates an example device for performing object detection or recoguition in

video using a bidirectional pairing architecture;

FIG. 2 illustrates example video {rames having an object that is partially obscured for

detection using device;

FIG. 3 illustrates an example bidirectional pairing architecture inference network for

performing object detection or recognition in video;
FIG. 4 illustrates example bounding boxes or patches of an example frame;

FIG. 5 is a diagram of exemplary local searching pairing for adjacent frames to a current

frame;

FIG. 6 illustrates an example bidirectional pairing architecture training network for

performing object detection or recognition in video;

FIG. 7 is a flow chart llustrating a process for training a bidirectional pairing architecture
to perform object detection or recognition in video neural network to detect objects in video

frames;

FIG. 8 1s a flow chart illastrating a process for performing object detection or recognition

in video using a bidirectional pairing architecture;
FIG. 9 1s a flow diagram ilustrating an example process {or performing object detection;
FIG. 10 is an illustrative diagram of an example system for performing object detection;

FIG. 11 15 an illustrative diagram of an example system; and



WO 2020/124360 PCT/CN2018/121736

1G. 12 illustrates an example device, all arranged in accordance with at least some

implementations of the present disclosure.
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DETAILED DESCRIPTION

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

systems and applications other than what 1s described herein.

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

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

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

signals, digital signals, etc.), and others.
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References in the specification to "one implementation”, "an implementation”, "an
example implementation”, etc., indicate that the implementation described may include ¢
particular {eature, stracture, or characteristic, but every embodiment may not necessarily include
the particular feature, structure, or characteristic. Moreover, such phrases are not necessarily
referring to the same tmplementation. Further, when a particular {eature, structure, or
characteristic is described in connection with an embodiment, it is submitted that it is within the
knowledge of one skilled in the art to affect such feature, structure, or characteristic in
connection with other implementations whether or not explicitly described herein. As used herein
the terms “approximately” or “substantially” indicate a deviation from the target valoe of +/-5%

unless otherwise specified.

Methods, devices, apparatuses, computing platforms, and articles are described herein
related to bidirectional object recoguition in video using still image object recognition on each

frame and simlarity detection between frames {or improved object recognition.

As described above, it may be advantageous to perform object detection and recognition
with very low false negative rates in a variety of contexts. As used herein. the terms object
detection and object recognition are used interchangeably and indicate detecting or recognizing
instances of objects of a certain class (e.g., humans, buildings, animals, cars, etc.) in digital video.
The techniques discussed herein use bidirectional object recognition technigues for object
detection. In particular, the discussed techniques consider successor and predecessor video
information at the same time and detect key frames as much as possible to improve detection

accuracy for video, such as offline video, to better support high-level visual processing tasks.

In some embodiments, still image object detection is performed on each of a current
frame, a previous frame, and a subscquent frame of video (e.g., on all frames of a video sequence)
to determine initial feature maps comprising object detection localization and confidence scoring
for each of multiple potential object patches for the frames. As used herein, the term feature map
indicates a tensor that contains prediction results {e.g., feature values) for a frame. The term
prediction result indicates a detected class, a confidence score and, optionally, localization
information. In some embodiments, a feature map may include multiple feature roaps. For
example, a feature map for a frame may include a confidence feature map (or confidence
information) and a localization feature map (or localization information). The confidence feature
map indicates what 1s detected (e.g., a class: person, building, car, background eic.} and the

confidence in the detection (e.g., a score ranging from 0 to 1). For example, a person confidence
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map only includes person class and score combinations {e.g., “person”, 0.78), while a car
confidence map only includes car class and score combinations {e.g., “car”, 0.91). For one-stage
object detection {(e.g., YOLO, SSD), the localization {eature map indicates a location or location
offset based on a bounding box of the detection. For example, cach of any number of default or
predefined bounding boxes may be defined and indexed. As used herein, the terms bounding box,
region, and patch are used interchangeably. The localization feature map may then indicate the
location (by index or coordinates) offset based on default or predefined bounding boxes of the
features or information in the previously discusses confidence feature map. Together, the
confidence {eature map and localization feature map thereby provide a classification, confidence
score, and localization offset based on some or all of the predefined bounding boxes. For two-
stage object detection (e.g.. RFCN), the localization feature map indicates a location, not Jocation
offset, because there are no default or predefined bounding boxes for two-stage object detection.
For example, cach such classification, confidence score, and localization offset based on default
or predefined bounding boxes or localization may be characterized as a prediction resalt. Unless

otherwise indicated, the discussion herein focuses on one-stage object detection.

After still image object detection, paired patches between the current and previous frames
and paired patches between the corrent and subsequent {rames, respectively, are detected.
Thereby, forward and backward similar patches are detected. As used in this context, forward
refers to forward direction along the video frames, while backward refers to the reverse direction
along the video frames. As used in this context, forward and backward are not the same concepts
for training a neural network. Notably, such processing is performed in a forward direction along
the video {rames and in a reverse (or backward) direction along the video {rames. In some
embodiments, the results of forward processing are cached for later use as backward processing
is performed (or vice versa). Using the detected paired paiches, updates may be made to the
feature maps generated using still image detection. For example, for a pair of similar patches
between the current {frame and a previous frame, for the feature map of the current frame, a
prediction result of the feature map may be updated if the confidence in the paired prediction (as
previously stored in an enhanced feature map) result is higher. In some embodiments, it the
preliminary feature map for the current frame has a particular patch as “dog”, 0.5 and the paired
patch from the previous frame 1s scored as “cat”, 0.8, the prediction result for the preliminary
featare map for the current frame 1s updated to “cat”, 0.8 for that patch. As discussed, with
respect to the current frame, such processing is performed in a forward direction (thus

accumulating updates from all previous frames) as processing continues in a forward manuer
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through all video frames. Then, such processing is performed in a reverse direction (thus
accumulating updates from all subsequent {rames) as processing continues in a reverse or
backward manner through all video frames. As used herein, the terms forward, backward, etc. are
meant to indicate bidirectional processing of video once along the temporal direction of video
and once along the direction opposite the temporal direction. Such forward processing may be

performed first and reverse processing may be performed second or vice versa throughout,

As discussed, the preliminary feature map for the current frame is updated through
forward processing to generate a forward resultant or enhanced feature map. The preliminary
‘eature map for the current {rame is also updated through reverse processing to generate a reverse
or enhanced resultant {eature map. As noted above, both the forward and reverse {eature maps
may each include a confidence feature map and a localization feature map. Using the forward and
reverse {eature maps, object detection results for the current frame are generated. In some
embodiments, the object detection results are generated by concatenating the forward and reverse
featurc maps and providing them to a pretrained neural network layer or layers (optionally
inchuding a softmax function). In other embodiments, the object detection results are generated
by comparing shared object patches and retaining the prediction result having the higher
confidence. For example, if a particular bounding box or patch has a score of “cat”, 0.6 in the
forward feature map and a result of “dog”, 0.8 in the reverse feature map {e.g., the prediction
results are for the same patch index), the prediction result of “dog”, 0.8 1s retained as an object
detection result for the current frame. Thereby., a bidirectional enhanced feature map is generated
for the frame. The output for the current frame may then include prediction resulis having
confidence values exceeding a particular threshold, a top number of prediction results (prioritized
by confidence values), or the like. In some embodiments, the bidirectional enhanced feature map
may be provided to one or more trained neural network layers and/or a softmax function to

determine final object detection information.

In some embodiments, a frame sequence 1s reversed and object detection in one direction
of the video clip is performed and the results are cached (this utilizes the successor video
information). Then object detection is performed in the opposite direction for the same video clip
(this utilizes the predecessor video information). The cached feature map and the current feature
map are concatenated and provided to an election layer, which determines the final detection

output. In some embodiments, the election layer is a pretrained layer (¢.g., includes one or more
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neural network layers). In some embodiments, the election layer is predetermined to retain higher

confidence scores as discussed.

FIG. 1 illustrates an example device 100 for performing object detection or recognition in
video using a bidirectional pairing architecture, arranged in accordance with at least some
implementations of the present disclosure. As shown in FIG. 1, device 100 includes any number
of still image object detectors 101, 102, 103, 104, any number of similarity detectors 103, 106,
107, any number of concatenation modules 131, 132, 133, 134, and any number of clection
modules 151, 152, 153, 154. Notably, device 100 may implement any number of such detectors
and modules such as one each, two each, etc. and such available detectors and modules may be
used in a sequential manner to perform the processing discussed herein. Device 100 may be
implemented in any suitable form factor device such as a personal computer, a laptop computer,
a tablet, a motor vehicle platform, a robotics platforrn, a phablet, a smart phone, a digital camera,
a gaming console, a wearable device, a display device, an all-in-one device, a two-in-one device,
or the like. For example, device 100 may perform object detection as discussed herein. For
example, device 100 performs {orward object detection o generate forward enhanced feature
maps, reverse object detection to generate reverse cnhanced feature maps, and final detection
using the forward and reverse enhanced feature maps. For example, device 100 may include a

memory o store frames of video and a processor to perform the operations discussed herein.

As shown, a sequence of video frames 111, 112, 113, 114 are provided in the following
temporal order: F1, F2, F3, ... FN. Video frames 111, 112, 113, 114 may include any suitable
video frames, video pictures, sequence of video frames, group of pictures, groups of pictures,
video data, or the like in any suitable resolution. For example, the video may be video graphics
array {VGA), high definition (HD), Full-HD (e.g., 1080p), 4K resolution video, 5K resolution
video, or the like, and the video may include any number of video frames, sequences of video
frames, pictures, groups of pictures, or the like. Techniques discussed herein are discussed with
respect to frames for the sake of clarity of presentation. However, such frames may be

characterized as video piclures.

FIG. 2 lustrates exarople video {rames having an object that is partially obscuored for
detection using device 100, arranged in accordance with at least some implementations of the
present disclosure. As shown in FIG. 2, frames 201, 202, 203, 204 (also labeled as framel,
frame2, frame 3, {rame4) inclode an object 210 {e.g., an antmal) that goes in and out of being

obscured by trees of frames 201, 202, 203, 204. Notably, using still image object detection, some
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of frames 201, 202, 203, 204 may fail in detecting or recognizing object 210 due to it being
obscured. Furthermore, processing in the forward divection may detect object 210 in fraroe 203
and {rame 204, but not in frame 201, 202. Or, such forward processing may not detect object 210
at all. The technigues discussed hercin use both forward processing (e.g., frames in the order
frames 201, 202, 203, 204) and reverse processing {e.g., frames in the order frames 204, 203, 202,
201} to detect object 210 in all frames such that all of frames 201, 202, 203, 204 may be detected

as key frames (e.g., frames having the object) for further processing.

Retorning to FIG. 1, as shown, in forward processing 171, frame 111 1s processed by still
object detector 104 and frame 112 is processed by still object detector 103. Each of still object
detector 104 and still object detector 103 generates an initial feature map based ou their
respective frames. As discussed, each of the feature maps may include a confidence feature map
{(¢.g., indicating what, if anything, has been detected at each location) and a localization feature
map indicating where the feature is located. For example, each of the feature maps may include a
prediction result for each of thousands of potential object patches within cach frame. Such
feature map characteristics are discussed {further herein with respect to FIG. 4. Also as shown,
stmilarity detector 107 is applied for frames 111, 112 to detect similar patches between {rame
111 and frame 112. For similar patches, the preliminary feature map of frame 112 is updated as
discussed to generate a forward feature map 126. For example, for corresponding similar patches,
the prediction result for frame 112 is updated when the confidence for the detected object in the

patch of frame 111 exceeds the confidence for the detected object in the patch of frame 112.

With reference to FIG. 2, an animal is detected in a patch 211 of frame 203 and a similar
patch 212 is detected 1n frame 204 (notably the images within patches 211, 212 differ but have
substantial similarities, which may exceed a similarity threshold}. In the illustrated example,
patch 211 may have a prediction result of “cattle”, 0.8 while the prediction result of patch 212
may be “dog”, 0.5 or even “background”, 0.6, In such examples, the prediction result for paich
212 in the preliminary feature map for frame 204 15 updated to “cattle”, 0.8 based on the
confidence of the prediction result of similar patch 211 1o frame 203 exceeding the confidence of
the prediction result of similar patch 212 (e.g., 0.8>0.6 so use detection result “cattle”}. In some
embodiments, an object of any confidence replaces a result of “background”). To the iHustrative
embodiment, a prediction result of “cattle”, 0.8 for patch 211 would replace any confidence level

of “background”.
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Returning again to FIG. 1, forward feature map 126 for frame 112 may be cached and
saved for later processing. Notably, no detection results may be generated using only forward
feature map 126. Furthermore, a forward feature map 128 may be generated for frame 111
although no enhancements using another feature map may be gencrated {(as frame 111 15 the first
in the forward sequence). Such processing is repeated in a sequential manner for forward
processing 171, Enhanced forward feature map 126 s used in the same manner to enhance a
preliminary feature map for {frame 113 generated by still image object detector 102 based on
similar paiches detected by similarity detector 106. The resultant enhanced forward feature map
is shown as forward feature map 124, which again may be cached for future use. Sunular
processing is repeated for any number of frames through frame 114 (by still image object
detectors jocluding still 1mage object detector 101 and similarity detectors including simarity
detector 105) to generate forward feature map 122 (and any number of intervening feature maps),
all of which may be cached for later use. Although discussed with respect to forward processing
171 occurring prior to reverse processing 172, the forward and reverse processing may be

performed in cither order.

In reverse processing 172, frame 114 is processed by still object detector 101 and frame
113 1s processed by still object detector 102. As discussed with respect to forward processing 171,
each of still object detector 101 and still object detector 102 generates a feature map based on
their respective frames. Notably, such still image object detection may only be performed once
for each frame with the results being cached (still image object detection does not need to be
repeated n forward and reverse processing). Each of the [eature maps, as described above, roay
include a confidence feature map and a localization feature map. Similarity detector 105 is
applied to frames 114, 113 to detect similar patches between frame 114 and frame 113 (again
such processing may only be performed once with the results being cached). For similar patches,
the preliminary feature map of frame 113 is updated to generate a reverse feature map 123,
Notably, each of the forward and reverse feature maps may be characterized as enhanced feature
maps. As discussed, for corresponding similar patches, the prediction result for frame 113 is
updated when the confidence for the detected object in the patch of frame 114 exceeds the

confidence for the detected object in the patch of frame 113.

Again with reference to FIG. 2, an animal is detected in a patch 211 of frame 203 and a
stmilar patch 213 is detected in frame 202 (notably the images within patches 211, 213 differ but

may have a measured sumilarity that exceeds a stimilarily threshold). As discussed above, patch

10
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211 may have a prediction result of “cattle”, ¢.8. Notably, the prediction result of patch 211 may
have been froro still 1oage object detection or it muay have been carried over {rom subseguent
frames (e.g., frames subsequent to frame 204) due to the similarity and patch prediction result
processing discussed herein. Furthermore, the prediction result of patch 213 may again be “dog”,
0.4 or even “background”, 0.8. In such examples, the prediction result for patch 213 in the
preliminary feature map for frame 202 is updated to “cattle”, 0.8 based on the confidence of the
prediction result of similar patch 211 1n frame 203 exceeding the confidence of the prediction
result of similar patch 213 {(e.g., 0.8>0.6 so use detection result “cattle”). Similarly, the prediction
result of patch 214 may again be updated to “cattie”, 0.8 based on the confidence of the
prediction result of similar patch 213 in frame 202 exceeding the confidence of the prediction
result of similar patch 214, Thereby, a high confidence detection 1o a subsequent fraroe 1s carried
over to previous frames (in the reverse processing iteration) to similar patches. Such high
confidence detection is also carried forward in the previously discussed forward processing

iteration.

With reference to FIG. 1, reverse {eature map 123 and forward {eature map 124 (as
attained from cache) for frame 113 are concatenated by concatenation module 132 to generate
concatenated feature maps 142. As used herein, the term concatenate indicates the reverse feature
map 123 and forward feature map 124 are joined without loss of information. In an embodiment,
concatenation module 132 concaienates a confidence {eature map of reverse featore map 123 and
a confidence feature map of forward feature map 124 separately from concatenation of a
localization {eature map of reverse feature map 123 and a localization feature roap of forward
‘eature map 124 to generate two concatenated feature maps: a concatenated confidence feature
map and a concatenated localization feature map. In cither case, the resultant concatenated
feature maps are illustrated as concatenated feature maps 142 corresponding to frame 113
Similarly, reverse feature map 121 and forward feature map 122 (as attained from cache) for
frame 114 are concatenated by concatenation module 131 to generate concatenated feature maps
141, reverse feature map 125 and forward feature map 126 (as attained from cache) for frame
112 are concatenated by concatenation module 133 to generate concatenated feature maps 143,
reverse feature map 127 and forward feature map 128 {(as attained from cache) for frame 111 are
concatenated by concatenation module 134 to generate concatenated {eature maps 144, and so on

to generate concatenated feature maps for any frames of the video sequence.

11
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As shown, each of concatenated feature maps 141, 142, 143, 144 are provided,
respectively, to election modules 151, 152, 153, 154, Each of election modules 151, 152, 153,
154 may perform the same processing but any number of such election modules 151, 152, 153,
154 may be implemented by device 100 for parallel processing. For cach of concatenated feature
maps 141, 142, 143, 144, resultant object detection data 161, 162, 163, 164 are generated.
Resultant object detection data 161, 162, 163, 164 may include any suitable data or data
structures indicating resultant objects detected in respective ones of frames 114, 113, 112, 111.
For cxample, resultant object detection data 161, 162, 163, 164 may indicate object detection
localization (e.g., a bounding box index or bounding box location and size), a class {e.g., an
index of one of muitiple available object classes: person, building, car, dog, cattle, etc.), and a
confidence scoring (e.g., a value between 0 and 1 indicating a conlidence in the class) for one or

more detected objects.

Resultant object detection data 161, 162, 163, 164 may be generated using concatenated
featurc maps 141, 142, 143, 144 psing any suitable technigue or techniques. In an cmbodiment,
concatenated {eature maps 141, 142, 143, 144 are provided to and processed by one or more
neural network layers to gencrate resultant object detection data 161, 162, 163, 164. For example,
the neural network layer(s) may be pretrained as discussed further herein to generate resultant

object detection data 161, 162, 163, 164 based on concatenated feature maps 141, 142, 143, 144,

In another embodiment, shared object patches are determined between the reverse feature
maps and forward feature maps as provided by concatenated feature maps 141, 142, 143, 144,
For each shared object patch (as identified by shared object patch or bounding box indices), the
prediction result having the higher confidence is used to generate object detection data 161, 162,
163, 164 while the lower prediction result is discarded. For example, if a shared object patch has
a prediction result of “dog”, 0.8 in the forward feature map and a prediction result of “car”, 0.4 in
the reverse feature map, the prediction result of “dog”, 0.8 is used while the prediction result of
“car”, 0.4 1s discarded. The retained prediction results for all of the available object patches are
then used to generate object detection data 161, 162, 163, 164. For example, each object patch
having a confidence score above a threshold may be reported in object detection data 161, 162,
163, 164, only a top particular number {e.g., one, three, five, elc.) of top scoring object paiches

may be reported, etc.

In some embodiments, a shared object patch between first and second enhanced feature

maps are determined. As used herein, a shared object patch indicates two patches that have the

12
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same or similar localization information. Then, object detection localization and confidence
scoring are retained from the {eature map for the shared object paich (and the lower scoring
prediction results are discarded) in response to the object detection confidence scoring for the
shared object patch comparing favorably to the other object detection confidence scoring. In
some embodiments, object detection localization and confidence scoring for shared object
patches between first and second feature maps are retained based on higher confidence scoring
for each of the shared object patches to generate a bidirectional enhanced feature map for the
current frame. The bidirectional enhanced feature map may then be used to determine final object
detection data. In an embodiment, a softmax function is applied to the bidirectional enhanced
feature map to determine {inal object detection data. In an embodiment, a pretrained neural
network layer or layers is applied to the bidirectional enhanced feature map to determine final

object detection data.

{Object detection data 161, 162, 163, 164 may inclode any suitable data such as object
detection localization, class, and confidence scoring. As discussed, reverse or forward processing
is completed for a video sequence prior to the opposite direction processing being completed.
With reference to FIG. 1, in some embodiments, prior to modifying an initial feature map for any
frame N-x, enhanced feature maps including forward object detection localization and confidence
scoring (e.g., in a temporal order of the video or opposite the temporal order), are generate for all
frames 1 through N-1-x. Thereby, {or frame N-x, {rame N-1-x has been enhanced prior to frame
N-x processing. Furthermore, enhanced feature maps including forward object detection
localization and confidence scoring may be generated for all subsequent frames N-x+1 thoagh N
prior to opposite direction processing. Thereby, all first direction processing is finished prior to
any second direction processing beginning. Each enhanced feature map from the first direction
processing is the cached prior to any second direction processing beginning. The second direction
processing is then performed in a similar sequential manner. As each second direction enhanced
feature map is generated, it may be paired with its {irst direction {eature map partner and used to

generate final output object detection data.

FIG. 3 illustrates an example bidirectional pairing architecture inference network 300 for
performing object detection or recognition in video, arranged in accordance with at least some
implementations of the present disclosure. For example, network 300 may be implemented as
any combination of two still object detectors, a shared similarity detector, a concatenation

module, and an election module, as shown in FIG. 1. The modules and components discussed

13



WO 2020/124360 PCT/CN2018/121736

with respect to FIG. 3 may supplement those modules and components discussed with respect
FIG. 1. Network 300 may be implemenied in device 100 or any other device or system discussed

herein.

As shown, petwork 300 receives video data 301 inclading a sequence of {rames such as
frames 111, 112, 113, 114 or any other frames discussed hercin. For example, video data 301
imay be a video stream of frames received from an imaging device (not shown}. As shown, the
frames of video data 301 may be reversed at reverse layer 302 such that processing is performed
first in a first direction {e.g., forward) and subsequently in a second direction opposite the first
direction. As shown, a pair of {rames are established as pair of frames 303, 304 from video data
301 such that pair of frames 303, 304 are consecutive {frames of video data 301 in either a
temporal order or an order opposite the temporal order {(e.g., pair of frames 303, 304 may be a

current frame, i-1, and a subsequent frame, 1, or a previous frame, i-1, and a corrent frame, 1).

Network 300 includes a pair of still image object detectors including a still image object
detector 305 and a paired still image object detector 306. As shown, still image object detector
305 may receive frame i-1 and paired still image object detector 306 may receive frame i (in a
forward processing mode) or still image object detector 305 may receive frame 1 and paired still
image object detector 306 may receive {rame i-1 (in a reverse processing mode). Still image
object detectors 305, 306 may be any suitable still image object detectors such as region proposal
network (faster R-CNN) detectors, region-based fully convolutional network (R-FCN) detectors,
single-shot multibox (S5D) detectors, or vou only look once (YOLO) detectors. Still image
object detector 305, 306 may be any pair of still object detectors illustrated in FIG. 1 after the

training described in further detail herein.

As shown, still image object detectors 305, 306 generate {eature maps 307, 308,
respectively. As discussed, feature map 307 may include one or two {or more} feature maps
indicating localization information (loc) and confidence information or scores {conf) {or the
{rame provided to still image object detector 305. Similarly, feature map 308 may include one or
two {or more} feature maps indicating localization information (loc-p) and confidence
information or scores (conf-p) for pavred frame 304 provided to paired still image object detector
306. For example, the localization information may include predicted bounding box coordinates
(Xpins Ymind AN (Ko, Vmax) OF a predicted bounding box index (which may be used to access the
coordinates and/or bounding box size}. The confidence scores may indicate a level of confidence

that a bounding box is associated with one or more particular object categories. For example, the
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bounding box as indicated by the localization information may be a default prior bounding box
for one-stage object detector (e.g.. SSD, YOLO) or a postenior calculated bounding box for two-
stage object detector (e.g., RFCN). In some embodiments, the confidence scores may be any
number of confidence scores associated with a nomber of possible object types or classifications.

13

For example, given the possible classifications of “cat,” “dog,” “car,” and “background,” the
confidence information may he: {cat_score, dog_score, ..., car_score, background score), where
cat_score, dog_score, car_score, and background_score are confidence scores for each of the

possible classifications.

Network 300 also includes a similarity detector 309 communicatively coupled to still
image object detectors 305, 306. Similarity detector 209 may be any suitable similarity detector
to detect similar patches between pair of frames 303, 304. In an embodiment, similarity detector
309 1s a Siarese-CNN (convolutional neural network). Similarity detector 309 may be any
similarity detector illustrated in FIG. 1 after the training described in further detail herein.
Similarity detector 309 generates similarity detection 310, which may include any data or data
structures indicating similar paiches between frame 303 and paired frame 304. For example,
similarity detection 310 may provide pairings of patch indices between patches of frames 303,

304 that malch (e.g.. patch index 0301 of frame 303 matches of patch index 2843 of {rame).

Network 300 further includes a history max score cache 311 commuunicatively coupled o
an enhancement module 220, which is also communicatively coupled to similarity detector 309
to receive the simularity detection 310. History max score cache 311 includes a history of
maximum confidence scores for bounding boxes being evaluated. Enhancement module 312
generates an enhanced feature map 312 for frame 304 using similarity detection 310, feature map
307, feature map 308, and history max score cache 311 data. As discussed with respect to feature
maps, 307, 308, feature map 313 may include one or two (or more) feature maps indicating
localization information (Joc-p} and confidence information or scores {conf-p) for frame 304 after

feature map 308 is enhanced as discussed herein.

For example, similarity detector 309 detects paired object patches in frames 303, 304
based on a detected similarity between the paired objects. For example, sirotlarity detector 309
may be trained using a contrastive loss based on Euclidean distance as described herein below to
compare bounding boxes between frames 303, 304 to determive their simularity. In some
embodiments, if two paired bounding boxes demonstrate similarity above a predetermined

threshold (e.g., 0.3), then an indicator in similarity detection 310 is generated for the paired
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bounding boxes or patches. Enhancement module 312 can meodify the prediction result within
feature map 308 for frame 304 using the prediction result for the similar paich in frame 303 (as
stored in history max score cache 311) as discussed herein. For example, if the similar patch in
frame 303 has a higher confidence score, the prediction result for the patch in frame 304 1s

modified to the higher confidence score and classification.

For example, enhancement module 312 can generate an enhanced confidence score for
feature map 308 for cach detected paired patch as indicated by similarity detection 310 in {rame
304. Based on the localization information and the confidence scores in feature map 307, the
confidence score for the similar patch in frame 303 is reirieved and compared with the
confidence score of the patch in frame 304. When the confidence score in feature map 307 is
greater than the confidence score in feature map 308, the confidence score and classification for

the localization information of the patch is updated to generate enhanced feature map 313,

For example, if history max score cache 311 includes a prediction result with a greater
confidence value for a similar patch {(a max in the history) of any given patch, then the prediction
result may be changed to the prediction result in history max score cache 311 (by changing the
confidence score and classification but not the localization information). For example, history
max score cache 311 can store the enhanced confidence score and localization information for
each patch as frames are processed. Therefore, feature roap 313 juclodes maximum available

confidence scores for each patch from feature map 308 and history max score cache 311.

As shown, network 300 includes a judgment module 314. If there is not any output from a
reverse layer, judgment module 314 only selects feature map 313 for later utilization and feature
map 313 is cached for later use in feature map cache 315. The discussed processing is then
repeated for any number of frames in the forward direction. Subsequently, the discussed
processing is repeated in the reverse direction (o generate a feature map in analogy to {eature map
313 (e.g., feature map 313 is a forward enhanced feature map and the subsequent feature map is a
reverse enbanced feature map). Then, judgment module 314 selects the current enhanced feature
map (e.g.. reverse) and the previously cached enhanced feature map (e.g., forward) via {eature

map cache 315 and provides them to concatenation layer 316 for processing.

Concatenation layer 316 may be implemented via any of concatenation roodules 131, 132,
133, 134 illustrated in FIG. 1 after the training described in further detail herein. Concatenation

layer 316 concatenates the enhanced feature maps and provides them to election layer 317.
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Election laver 317 may be implemented via any of election modules 151, 152, 153, 154
itlustrated in FIG. 1 afler the training described in further detail herein. Election layer 317
generates resultant object detection data 318 using the concatenated feature maps. Resultant
object detection data 318 may include any suitable data or data structures indicating resultant
object detection. In some embodiments, election layer 317 applies one or more pretrained neural
network layers to the concatenated feature maps to generate object detection data 318, In some
embodiments, election layer 317 provides maximum confidence value prediction resulis for

shared object patches between the concatenated feature maps.

As discussed, feature maps may be generated for an input frame using a still object
detector and the resultant feature maps may be enhanced using previous frame information (in a
first direction of processing) and using subsequent frame information {in a second direction of
processing opposite the first divection). The enhanced {eature maps may then be concatenated

and processed to determine resultant object detection data.

FIG. 4 iliustrates example bounding boxes or patches of an example frame 400, arranged
in accordance with at least some implementations of the present disclosure. For frame 400, any
number of candidate or default bounding boxes may be established, a small number of which are
illustrated with respect to bounding boxes 401-407. Notably, for each of the candidate bounding
boxes {e.g., thousands of candidate bounding boxes), localization information and confidence
information are generated using still image object detection and enhanced as discussed herein.
Such processing is generally illustrated by operation 410. As shown, feature map 411 may
include a confidence feature map 412 and a localization feature map 413. As discussed herein,
localization feature map 413 may indicate localization information for the candidate bounding
boxes and confidence feature map 412 indicates object detection classification and scoring for

the candidate bounding boxes.

Furthermore, as discussed with respect to enhancement module 312, for bounding boxes
of a current frame, prediction results may be enhanced using patch similarity techniques and/or

history max score techniques.

FIG. 5 is a diagram of exemplary local searching pairing for adjacent frames to a current
frame, arranged 1o accordance with at least some implementations of the present disclosure. As
shown, for a current frame 501, the frame may be paired to a previous frame 502 during forward

processing and to a subsequent frame 503 during reverse processing. Current frame 501 includes

17



WO 2020/124360 PCT/CN2018/121736

a default bounding box 511 and additional bounding boxes 512 (all those not labeled AU).
Previous frame 502 includes a default booanding box 521 in the same position as defaunlt bounding
box 511 of current frame 501 (e.g., they are collocated). Previous frame 502 also includes a
second sct of default bounding boxes 5322 that border bounding box 521, Previous frame 502
further includes a third set of default bounding boxes 523 that border second set of defanlt
bounding boxes 522. Arrows 505, 506, 507 indicate a pairing of default bounding box 511 with
default bounding box 521, second set of default bounding boxes 522, and third set of defanlt

bounding boxes 523, respectively.

As shown, in forward processing, default bounding boxes that infer the highest
confidence scores for confidence information in current frame may be determined. For deflanit
bounding box 511, it may be paired with default bounding boxes including default bounding
boxes 521, 522, 523, For example, default bounding box 511 may be paired with 9 or more
default bounding boxes in previous {rame 502 including the default bounding box 521 and the
second set of default bounding boxes 522. In some embodiments, default bounding box 511 can
be patred with 25 bounding boxes in previous frame 502 including the default bounding box 521,
second set of default bounding boxes 522, and third set of default bounding boxes 523. The
resulting pairs may include (A0, a0), (AQ, b0), (A0, b1), ..., (A0, b7), (AD, ¢0), (AD, ¢y, ...,
(A0, ¢15). The sets of pairs can be used by a similarity module to compare and track the same

object patch, as described in greater detail hevein,

Similarly, in reverse processing, default bounding boxes that infer the highest confidence
scores for confidence information in current frame may again be determined. For default

bounding box 511, it may be paired with default bounding boxes including deflaunlt bounding

default bounding boxes in subsequent frame 503 (as shown via arrows 508, 509, 510) including a
default bounding box 531, a second set of default bounding boxes 532 and/or a third set of
default bounding boxes 533. The sets of pairs again can be used by a similarity module to

compare and track the same object patch

FIG. 6 illustrates an example bidirectional pairing architecture training network 600 for
performing object detection or recognition in video, arranged in accordance with at least some
implementations of the present disclosure. For example, training network 300 may be used to
pretrain network 300 for implementation in device 100. As used herein, the term true positives

(TP) indicates positive samples correctly labeled by the classifier, the term true negatives (TIN)
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indicates negative samples that were correctly labeled by the classifier, false positives (FP)
indicate negative samples that were incorrectly labeled as positive, and false negatives (FIN)

indicate positive samples that were mislabeled as negative.

As shown, training network 300 receives video data 601 including multiple sequence of
frames 1n analogy to frames 111, 112, 113, 114, For example, video data 601 may include
multiple video streams of {rames received as a training corpus to provide pretraining of system
for object detection or recognition in video. For example, video data 601 may be training data

including one or more objects within {frames such that the objects are at least partially occluded.

As shown, the frames of video data 601 may be reversed at reverse layer 602 such that
processing is performed first in a first direction {e.g., forward} and subsequently in a second
direction opposite the first direction. As shown, a pair of frames are established as pair of frames
603, 604 from video data 601 such that pair of frames 603, 604 are consecutive frames of a
sequence of video data 601 in cither a temporal order or an order opposite the temporal order
{(e.g., pair of frames 603, 604 may be a current {frame, i-1, and a subsequent {rame, i, or a

previous {rame, i-1, and a current frame, 1).

Training network 300 includes a pair of still image object detectors including a still image
object detector 605 and a paired still image object detector 606. As shown, still image object
detector 605 receives frame i-1 and paired still image object detector 606 receives {rame i (ina
forward processing mode) or still image object detector 305 receives frame 1 and paired still
image object detector 306 receives frame i-1 (in a reverse processing mode). Still image object
detectors 303, 306 roay be any suitable still image object detectors such as region proposal
network (faster R-CNN) detectors, region-based fully convolutional network (R-FCN) detectors,
single-shot multibox (85D detectors, or you only look once (YOLQO) detectors. Still image
object detector 3035, 306 may be any pair of still object detectors iHustrated in FIG. 1 after the

training described in further detail herein.

As shown, still image object detectors 605, 606 generate feature maps 607, 608,
respectively. As discussed, feature map 607 may include one or two {or more) feature maps
indicating localization information (loc) and confidence information or scores {conf) for the
frame provided to still imnage object detector 605. Simularly, feature map 608 may include one or

two {or more) feature maps indicating localization information (loc-p) and confidence
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information or scores {conf-p) for paired frame 604 provided to paired still image object detector

606.

Training network 300 further includes a similarity detector 609, which may be any
suitable similarity detector to detect similar patches between pair of frames 603, 604. In an
embodiment, similarity detector 609 is a Siamese-CNN. Similarity detector 609 determines
stmilar patches between frame 603 and paired frame 604. Training network 300 {further inclodes
an enhancement module 312, which generates an enhanced feature map 612 for frame 604 using
detected stmilarity, feature map 607, and feature map 608. For example, detected paired object
paiches (based on a detected similarity) between frames 603, 604 may be trained using similarity
detector 609 based on a contrastive loss based on Euclidean distance. Enhancement module 612
can then modify the prediction result within feature map 608 for frame 604 using the prediction
result for the siular patch in frame 603 as discussed herein. Enbancement module 612 may also
modify a prediction result within feature map 608 using a history max score cache as discussed

herein.

If there is not any output from a reverse layer, a judgment module 614 selects feature map
613 for later utilization and feature map 613 is cached for later use. The discussed processing is
then repeated for any number of frames in the forward direction. Subseguently, the discussed
processing is repeated in the reverse divection to generate {eature maps in analogy to feature map
613 for the reverse direction. Judgment module 614 then selects the current enhanced feature
map {e.g.. reverse) and the previounsly cached enhanced {eature map (e.g., forward) and provides
them to concatenation layer 616. Concatenation layer 616 concatenates the enhanced feature
maps and provides thero to election layer 617, which generates resultant object detection data by
applying one or more pretrained neural network layers to the concatenated featuire maps or
providing maximum confidence value prediction results for shared object patches between the

concatenated feature maps.

Training network 300 includes a localization (loc) and confidence {conf) loss calculator
618, a contrastive loss calculator 619, and a localization (loc) and confidence {conf) loss
calculator 620, Training vetwork 300 further includes a woulti-loss calculator 621 coupled to
localization and confidence loss calculator 618, contrastive loss calculator 619, and localization
and confidence loss calcalator 620. The training objective of training network 300 may be to
minimize the sum of a sinularity loss between two object patches {contrastive loss), the

localization loss for object bounding box detection (loc loss), and the confidence loss for object
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classification (conf loss). In some embodiments, before training is performed, defaunlt bounding
boxes corresponding to a ground truth detection may first be determined or established. As used
herein, a default bounding box indicates a kind of patch proposal policy used to determine a
detection region for an object (e.g., proposed regions for detection). Defaunlt bounding boxes may
also be referred to as default boxes, prior boxes, or anchor boxes. In some embodiments, a
default bounding box having a higher Jaccard overlap with the ground truth bounding boxes may
be referred to as a positive default bounding box. A ground truth bounding box is a bounding box
labeled with known true information in the datasct. For example, positive default bounding boxes
may have a Jaccard overlap with the ground truth bounding box that is more than a
predetermined threshold (e.g., 0.5). Otherwise, the defauit bounding box is negative. The Jaccard

overlap J may be calculated using Equation (1)

Sboxl N Sboxz

Spoxtr Spox2) =
j( boxi bf)xz) Shaxlugngz

BEquation (1)

where S 1s the area of each respective bounding box, and box 1 is the default bounding box and
box2 is the ground truth bounding box. Ground truth bounding boxes, as used herein, refer to a
tabel of a bounding box in the dataset, and may also be referred to as the ground truth box. Thus,
negative default bounding boxes may have a Jaccard overlap with ground troth bounding box that

is less than the predetermined threshold.

In an embodiment, the training objective can be based on the training of SSD networks.
For example, Xpij ={1,0} and ¥’ i = {1, 0} may be indicators for matching the i-th default
bounding box to the j-th ground truth bounding box of category p in the previous and reference
frame. Given predicted boxes in the previous and reference frame of Ir.q and 1y, and ground truth
bounding boxes in the previous and reference frame of gy and gr, and corresponding default
bounding boxes in the previous and reference frame of dgy and d, then the overall objective loss
function L can be calculated by the multi-loss calculator 621 as a weighted sum of the
localization loss (loc loss), the contrastive loss (contra loss) and the confidence loss {conf loss)

using Bquation (2):

L(X, v, C e, i’f‘“j. 5 Zf 5 fgf—-fi.' g}f; df"‘.’l" d}«)
- (.Lcmzf(xﬁ C) + o »Lloc(x» {'f - 1‘!9’}”“1))
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Eguation (2}

where M and N are the numbers of matched default boxes in the previous and reference frame. If
M =0 and N I={, then the trainer may only consider Legr and L. for the reference frame. If N =
0 and M 1= 0, then the trainer may only consider Ly and Ly for the previous frame. f M =0
and N = 0, then the trainer may set the overall loss to 0. In some examples, the localization loss
can be a smooth L1 loss between the predicted box (1) and the ground truth bounding box {(g)

parameters.

o some examples, since LigAx, U-1, gf-1) and Ly, If, g)) are the same formula, while
Leonf(X, ¢} and Leon(y, €) are also the same formula, Li(x, L, g) can be calculated using Equation

(3%

N A

Y ] m -
Z inismﬁaﬁzm(fi -g,)+ ()
icPosmelcx,oy,w,hl ieNeg

Lioc(xr {, g) =
A CX A CY

g, =(g"—dMd g, =(g¥ ~d)id!

w
AW N

o W W ) . h h
g, =logg; /d”) g, =logg)/d})
Equation (3)
Similarly, Leoar(X, ¢} can be calculated using Equation (4):

A[?
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- P Yy . ;o= d
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Equation (4)

'The contrastive loss is the loss of the corresponding default bounding boxes between two

adjacent frames, and can be calculated using Equation (5):

OMN
> (¥D* +(1-Y) max(threshold — D.0)")

Lc:mzifra(df"i’ dj) = 1=]
e

Equation (5}

‘:’Vh@fﬁ D= ” df'—l —

T a,which 1s the Euclidean distance of default bounding boxes between two
adjacent frames,Y is the label whether two boxes are paired or not, threshold is the threshold of
two boxes which are unpaired, and 8 is the proportion of paired boxes and unpatred boxes. The

weight terms o and 8 can be used to perform cross validation.

As discussed, after pretraining, components of training network 300 are implemented as

components of network 300.

FIG. 7 15 a flow chart illustrating a process 700 for training a bidirectional pairing
architecture to perform object detection or recognition in video neural network to detect objects
in video frames, arranged in accordance with at least some implementations of the present
disclosure. For example, process 700 may be performed by training network 300 or any other

system or device discussed herein.

Process 700 begins at operation 701, where a video sequence from a training data set is
recetved. For example, the video sequence may include various objects in which some are
partially obscured. Processing continues at operation 702, where a determination is made as to
whether to reverse the frames of the video sequence. For example, operations 703-706 may be
performed for the sequence in a first order and then performed in a second order opposite the first
order. At operation 707, when the {irst order processing is complete, the resaltant feature maps
are cached and, when the second order processing is complete, the resultant feature maps are

concatenated with the first resultant feature maps for each frame.

Processing continues at operation 703 where, in cither the first or second order, still

image object detection is performed on a {irst frame of the video {rames to generate a {eature
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map including a localization feature map and a confidence feature map and at operation 704
where still image object detection is performed on a next (second) frame of the video frames (in
the selected order) to generate a paired feature map including a localization feature map and a

confidence feature map.

Processing continues at operation 705 where similarity detection is performed between
the first and second frames to generate similarity detection data indicative of similar patches
between the first and second frames. Processing continues at operation 706 where the feature
map for the second frame is enhanced vsing the feature map for the first fame based on the
similar paiches. For example, any patches in the second frame having confidence values less than
their respective paiches in the first frame have their prediction results updated based on the

prediction result of the paired patch in the first frame.

As discussed, at operation 707, after processing in the first direction, the enhanced feature
map for the frame is cached. Furthermore, operations 703-706 arc performed for each pairing of
frames sequentially in the first order to generate an enhanced feature map for each frame, which
may be characterized as forward enhanced feature maps. Subseqguently, the order of the framces 1s
reversed and such processing is repeated in the second direction, opposite the first direction, to
generate a second enhanced feature map for each {rame, which may be characterized as reverse
enhanced feature maps. After such opposite direction processing, operation 707 is used to
concatenate, for each frame, the forward enhanced feature map and the reverse enhanced feature

map to determine a concatenated feature map for each frame.

Processing countinues at operation 708, where the concatenated feature map {or each
frame is provided to an election layer to generate a {inal feature map and/or {inal object detection
result data. As discussed, the clection layer may be one or more neural network layers or the
election layer may determine, for each shared patch of the concatenated feature map, a higher
scoring prediction result, retain the higher scoring prediction result, and discard the lower scoring

prediction result.

Processing continues at operation 709, where the localization loss and conflidence loss for
the first frame still image detection, contrastive loss for the similarity detector, and the
localization loss and confidence loss for final {eature map generation (e.g.. from operation 708)
are determined and summed to generate a multi-loss measure for the discussed implementation.

In some embodiments, the localization loss and confidence loss determinations include matching
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default bounding boxes to ground truth bounding boxes to generate positive default bounding
boxes and negative default bounding boxes, determining a class confidence score for each
positive default bounding box and a background confidence score for each negative defaunlt
bounding box, and determining a localization gap between the positive default bounding boxes

and the ground troth bounding boxes.

Processing continues at operation 710, where a gradieunt is determined based on the multi-
loss measurement and used to backward propagate the multi-loss measurement. For example, the
gradient may be calculated using partial derivatives with respect to each of the parameters of the
multi-loss function. In some examples, the gradient based on the multi-loss measurement is
propagated backwards through the entire training network or architecture, including the similarity

detector, still image object detectors, and the election layer.

Processing continues at decision operation 711, where a determination is made as {o
whether a convergence is detected. If so, process 700 ends at end operation 712, I not,
processing confinues at operation 701 where another sequence of video {rames for training is
recetved and processing continues as discussed until convergence is met. The convergence
decision may be based on the multi-loss measurement meeting a threshold, a maximum number

of iterations being reached, etc.

FIG. 8 is a flow chart illustrating a process 800 for performing object detection or
recognition in video using a bidirectional pairing architecture, arranged in accordance with at
least some implementations of the present disclosure. For example, process 700 may be

performed by network 300, device 100, or any other sysiem or device discussed herein.

Process 800 begins at operation 801, where a video sequence is received. The video
sequence may include any number of frames and may be received from a video camera, a
memory, another device, or any other suitable component or device. Processing continues at
operation 802, where a determination is made as to whether lo reverse the frames of the video
sequence. For example, operations 803-806 may be performed for the sequence in a first order
and theo performed in a secound order opposite the first order. At operation 807, when the first
order processing is complete, the resultant feature maps are cached and, when the second order
processing is complete, the resultant feature maps are concatenated with the first resultant feature

maps for each frame.
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Processing continues at operation 803 where, in either the first or second order, still
image object detection is perforroed on a {irst frame of the video {rames to generate a {eature
map including a localization featire map and a confidence featuire map and at operation 804
where still image object detection is performed on a next (second) frame of the video frames (in
the selected order) to generate a paired feature map including a localization feature map and a
confidence feature map. As with operations 703, 704, the still image object detectors may
generate potential object patches and perform object detection for the object paiches. For
example, the still image object detectors may perform a patch proposal to generate patches (or
candidate bounding boxes). The method used for paich proposal may be based on the type of still
image object detector used, including SSD, YOLO, Faster R-CNN, or R-FCN, among other
possible still image object detectors. In some embodiments, the prior proposal method may
include generating a fixed number and position of patches such as 8,732 paich proposals for each
frame with the paiches covering different areas, different aspect ratios, and different scale sizes.
In some embodiments, a posterior proposal method may be used with a two-stage object detector,
such as an R-FCN detector. The posterior proposal method may generate new patches for cach
sample first, and then perform confidence prediction based on new patches and similarity
detection based on new paired patches. For example, a selective search algorithm can be utilized
to perform patch proposal for a two-stage object detector such that the selective search algorithm
generates object localization hypotheses by picture content that are used to generate posterior

proposal patches, which are then used for object detection prediction.

Processing continues at operation 805 where similarity detection is performed between
the first and second frames to generate similarity detection data indicative of similar patches
between the first and second frames. Processing continues at operation 806 where the feature
map for the second frame is enhanced using the feature map for the first fame based on the
stmilar patches. For example, any patches in the second frame having confidence values less than
their respective patches in the {irst frame have their prediction results updated based on the
prediction result of the paired patch in the first frame. As with operation 706, such enhancement
may be performed as {ollows. First, all the default bounding boxes that successtully infer a
higher confidence score for confidence info in the second frame may be used to generate a first
paired patch or box 1o the second frame. Then, a second paired box in the first frame is
determined such that the first and second paired boxes are similar. For example, a patch or
default bounding box Ay in the second frame may pair with any of 9 (8§41}, 25 (1648+1) or more

patches or default bounding boxes in the first frame, as discussed herein. For example, the similar
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paired patches may include the same object, but the appearance of the object may differ
somewhat due to motion blur, partial occlusion, being in a different pose, etc. Next, a conlidence
score for the second frame may be modified based on localization information and/or a history

max score cache,

In some embodiments, a history max score cache is accessed using the localization
information to verify that the con{idence score for the second frame is inheriled from a historical
best detection result for a collocated patch. For example, an index for a patch in the second frame
may be 8721 and the patch may have a confidence score from the still image object detector of
(.45 for a cat category (8721, 0.45, cat). If the history max score cache includes a confidence
score for the patch index 8721 of 0.78 for the dog category (8721, 0.78, dog), then the confidence
score can be modified from (8721, 0.45, cat) to (8721, (.78, dog) in the feature map for the

second frame.

In addition or in the alternative, the feature map for the second frame is enhanced using
one or more paired confidence scores from the fivst frame based on the similarity detection. In
some embodiments, the prediction result from the paired still image object detector for the
second frame is enhanced by using the similarity detection and comparing the paired confidence
score with the confidence score of the corresponding confidence score of the paired paich in the
first frame. For example, an enhanced confidence score in the enhanced featore map may be used
for each detected paired object patch in the second frame based on a higher confidence score
from the feature map ({or the paired patch) for the first frame. In an embodiment, the confidence
scores corresponding to the patches are compared and the prediction result for the second frame
is only spdated when the confidence score for the patch in the first frame exceeds the confidence
score for the patch in the second frame. For example, a similarity detection result may indicate a
patch of index 8721 in the second frame is paired with a patch of index 6618 in the first frame.
Furthermore, the prediction result {for patch 8721 may be (8721, 0.39, cat) and the prediction
result for patch 6618 may be (8721, 0.78, dog). Notably, the prediction result for patch 6618 of
the first frame may have been previously enhanced or it may be from a still image object detector.
The confidence score of 0.78 (8721, .78, dog} is compared with the paired confidence score of
(.39 (6618, 0.39, cat). Since 0.78 is higher than 0.39, the former (dog) wins, and the feature map
is enhanced by changing the prediction result therein from (6618, (.39, cat) to (6618, (.78, dog).

In this example, 6618 is the defanit bounding box localization index in the second frame. Notably,
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the localization index does not change while the confidence score and classification (0.78, dog)

are changed.

As discussed, at operation 807, after processing in the first direction, the enhanced feature
map for the frame is cached. Furthermore, operations 803--806 are performed for each pairing of
frames sequentially in the first order to generate an enhanced feature map for each frame, which
may be characterized as forward enhanced feature maps. Subsequently, the order of the frames 1s
reversed and such processing is repeated in the second direction, opposite the first direction, to
generate a second enhanced feature map for each frame, which may be characterized as reverse
enhanced feature maps. After such opposite direction processing, operation 807 is used o
concatenate, for each frame, the forward enhanced feature map and the reverse enhanced feature

map to determine a concatenated feature map for each frame.

Processing continues at operation 808, where the concatenated feature map for each
frame is provided to an election layer to generate a final feature map and/or final object detection
result data. As discussed, the election layer may be one or more neural network layers or the
election layer may determine, for each shared patch of the concatenated feature map, a higher
scoring prediction result, retain the higher scoring prediction result, and discard the lower scoring

prediction result.

FIG. 9 is a flow diagram illustrating an example process 900 for performing object
detection, arranged in accordance with at least some 1mplementations of the present disclosure.
Process 900 may include one or more operations 901-905 as illustrated in FIG. 9. Process 900
may forro at least part of an object recogoition or detection process. By way of non-limiting
example, process 900 may form at least part of an object recognition or detection process
performed by device 100 as discussed herein during an implernentation phase. Furthermore,

process 900 will be described herein with reference to system 1000 of FIG. 10,

FIG. 18 is an tllustrative diagram of an example system 1000 for performing object
detection, arranged in accordance with at least some implementations of the present disclosure.
As shown in FIG. 10, system 1000 may include one or more central processing units (CPU) 1001,
a graphics processing unit 1002, and memory stores 1003. Also as shown, graphics processing
unit 1002 may include one or more still image object detectors 101, 102, one or more similarity
detectors 103, one or more concatenate modules 131, and one or more election modules 151,

Such modules may be implemented to perform operations as discussed herein. In the cxample of
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system 1000, memory stores 1003 may store input frame data, feature maps, enhanced feature
maps, concatenated feature maps, resultant object detection data, localization information,

confidence information, or any other data or data structure discussed herein.

As shown, in some examples, one or more still image object detectors 101, 102, one or
more simntlarity detectors 103, one or more concatenate modules 131, and one or more election
modules 151 are implemented via graphics processing unit 1002. In other examples, one or more
or portions of one or more still image object detectors 101, 102, one or more similarity detectors
1435, one or more concatenate modules 131, and one or more election modules 151 are
implemented via central processing units 1001 or an image processing unit (not shown) of system
1000. In yet other examples, one or more or portions of one or more still image object detectors
101, 102, one or more similarity detectors 103, one or more concatenate modules 131, and one or

more election modules 151 are implemented via ao imaging processing pipeline, graphics

pipeline, or the like.

Graphics processing unit 1002 may include any number and type of graphics processing
units that may provide the operations as discussed herein. Such operations may be implemented
via software or hardware or a combination thereof. For example, graphics processing unit 1002
may include circuitry dedicated to manipulate frame data, object detection architecture data, etc.
obtained from memory stores 1003, Central processing units 1001 may inclode any number and
type of processing units or modules that may provide control and other high level functions for
system 1000 and/or provide any operations as discussed herein. Memory stores 1003 may be any
type of memory such as volatile memory {e.g., Static Random Access Memory (SRAM},
Dynamic Random Access Memory (DRAM), etc.) or non-volatile memory (¢.g., flash memory,
ete.), and so forth. In a non-limiting example, memory stores 1003 may be implemented by cache
memory. In an embodiment, one or more or portions of one or more still image object detectors
101, 102, one or more similarity detectors 105, one or more concatenate moduales 131, and one or
more election modules 151 are implemented via an execution unit (EU) of graphics processing
unit 1002. The EU may include, for example, programmable logic or circuitry such as a logic
core or cores that may provide a wide array of programmable logic functions. In an embodiment,
one or more or portions of one or more still image object detectors 101, 102, one or more
stimilarity detectors 105, one or more concatenate modules 131, and one or more election
modules 151 are implemented via dedicated hardware such as fixed function circuitry or the like.

Fixed function circuitry may inclade dedicated logic or circuitry and may provide a set of fixed
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function entry points that may map to the dedicated logic for a fixed purpose or function. In some
embodiments, one or more or portions of one or more still image object detectors 101, 102, one
or more similarity detectors 105, one or more concatenate modules 131, and one or more election
modules 151 are implemented via an application specific integrated circuit (ASIC). The ASIC

imay include an integrated circuitry customized to perform the operations discussed herein.

Returning to discussion of FIG. 9, process 900 begins at operation 901, where still image
object detection is performed on each of a current, a previous, and a subsequent frame of video to
determine initial feature maps including object detection localization and confidence scoring for
cach of multiple potential object patches for the frames. For example, an initial feature map is
generated for cach of the current frame, the previous frame, and the subsequent frame, which
may be characterized as a current frame initial feature map, a previous frame initial feature map,
and a previous frame initial feature map, respectively. The still image object detection may be
performed using any suitable technique or technigues such as region proposal network (faster R-
CNN) detection, region-based fully convolutional network (R-FCN) detection, single-shot
multibox (S5} detection, or you only look once (YOLO) detection. The labels current, previous,
and subseguent for the {rames is meant to indicate an order of processing that may match a
temporal order of the {rames or may be opposite the temporal order of the frames. Notably, the
discussed techniques may first be performed in temporal order and then a reversed order or vice

versa.

Processing continues at operation 902, where, based on patch simularity, fivst and second
paired patches between the current and previous frames, respectively, and third and fourth paired
patches between the current and subsequent frames, respectively, are detected. Such patch
maiching based on patch similarity may be performed using any suitable technique or technigues
such as applying a pretrained neural network or the like. In an embodiment, detecting the first
and second paired patches and/or the third and fourth paired patches includes implementing a

Siamese convolutional neural network.

Processing continues at operation 903, where a first prediction result in the current frame
initial featore roap for the {irst paired patch of the current {frame is modified to a maximum
cached confidence score of the second paired patch of the previous frame to generate a first
enhanced feature map including forward object detection localization and confidence scoring for
the current frame. The first prediction result may include any suitable object detection prediction

information such as a confidence score and a class label. Notably, the localization information
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{e.g., bounding box or patch location are not updated). The first enhanced feature map may be
cached for later use in object detection as is discussed further below. In some embodiments,
modifying the first prediction result to the maximnmm cached confidence score is in response to a
confidence scoring of the maximum cached confidence score exceeding a confidence scoring of

the first prediction result.

Notably, the maximum cached confidence score is from a previously enhanced feature
map for the previous frame (and not from the initial feature map generated at operation 901). In
some embodiments, process 900 further includes sequentially generating, prior to said modifving
the first prediction result and in a temporal order of the video, a plurality of enhanced feature
maps comprising forward object detection localization and confidence scoring {oreach of a
plurality of frames of the video previous to the previous {rame and previous frame such that the
maximum cached confidence score is in the enhanced featore map for the previous frame. In
other emabodiments, the forward object detection may be in an order of the frames opposite the
ternporal order of the video. In some embodiments, process 900 further includes sequentially
generating, subsequent to said modifying the first prediction result and in the temporal order of
the video, a second plurality of enhanced feature maps including forward object detection
localization and confidence scoring for the subsequent frame and each of a plurality of frames of
the video subsequent to the subsequent frame. Notably, the discussed enhancements to the initial
feature maps may be made sequentially to video frames 1o a particular (first) order to generate a

sequence of enhanced feature maps, each taking advantage of previously made enhancements.

Processing continues at operation 904, where a third prediction result in the current {rame
initial featore roap for the third paired patch of the current frame is modified to a maximom
cached confidence score of the fourth object patch of the subsequent {frame to generate at least a
second enhanced feature map including reverse object detection localization and confidence
scoring for the carrent frame. Notably, operation 904 may enbance the initial feature map {or the
current frame using enhancements generated by processing frames in a direction opposite to that
apphied at operation 903, As with the first prediction result, the third prediction result may
include any suitable object detection prediction information such as a confidence score and a
class label (and the localization information is not updated). The second enhanced feature map

may be used immediately and may not need to be cached.

Processing continues at operation 905, where object detection iformation {(e.g., an object

detection localization, class, and confidence scoring) for the current frame are determined and
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output using the first and second feature maps. The object detection information may include any
suitable object detection information such as an object detection localization {(e.g., bounding box
location}, class (e.g., semantic class of the object expected to be in the bounding box), and
confidence scoring {e.g., a score indicating a confidence the object 1s in the bounding box) for

any number of detected objects or for one or more {even all) default bounding boxes.

The object detection information may be determined using any suitable technique or
technigues. In an embodiment, determining the object detection information includes
concatenating the {irst and second enhanced feature maps (e.g., the {orward and reverse enhanced
‘eature maps) and providing the concatenated first and second enhanced feature maps to at least
one neural network layer to generaie the object detection information. In an embodiment,
determining the object detection information includes determining a shared object patch between
the first and second feature maps (e.g., a paich having the same index, the same default patch,
ete.), retaining only object detection localization and confidence scoring from the {irst feature
map for the shared object patch and discarding object detection localization and confidence
scoring from the second feature map for the shared object patch in response to the object
detection confidence scoring for the shared object patch in the first feature map comparing
favorably to the object detection confidence scoring for the shared object patch in the second
‘eature map {e.g.. keeping the prediction result for the higher confidence score between the two),
and determining the object detection information based at least on the retained object detection
localization and confidence scoring from the first feature map. In an embodiment, a feature map
of combined highest scores may be provided fo a neural network layer, a softmax function, or the
like to generate the object detection information. In an embodiment, determining the object
detection information includes retaining only object detection localization and confidence scoring
for shared object patches between the first and second featare maps based on higher confidence
scoring for each of the shared object patches to generate a bidirectional enhanced feature map for
the current frame and determining the object detection information based on the bidirectional
enhanced feature map. In an embodiment, determining the object detection information based on
the bidirectional enhanced feature map inclades applying a softmax function to the bidirectional
enhanced feature map. In an embodiment, determining the object detection information based on
the bidirectional enhanced feature map includes applying at least one neural network layer to the

bidirectional enhanced feature map.

32



WO 2020/124360 PCT/CN2018/121736

Process 900 may provide {or generating object detection data or object label data based
on a video sequence of input frames. Process 900 may be repeated any nurnber of times either in
series or in parallel for any mumber of video sequences. As discussed, process 900 may provide

for high quality object recognition results.

Various components of the systems described herein may be implemented in software,
{irmware, and/or hardware and/or any combination thereof. For example, various components of
devices or systems discussed hercin may be provided, at least in part, by hardware of a
computing System-on-a-Chip (80() such as may be found in a computing system such as, for
example, a computer, a laptop computer, a tablet, or a smart phone. For example, such
components or roodules may be moplemented via a multi-core 5o( processor. Those skilled in
the art may recognize that systems described herein may include additional components that have

not been depicted in the corresponding {igures.

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

illustrated, or additional operations.

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

components discussed herein.

Asused in any implementation described herein, the term “module” refers to any

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

example, an integrated civcuit (1C), system on-chip (So(7), and so {orth.

FIG. 11 is an tllustrative diagram of an example system 1100, arranged in accordance
with at least some implementations of the present disclosure. In various implementations, system
1100 may be a computing system although system 1100 is not limited to this context. For
example, system 1100 may be incorporated into a personal computer (PC), laptop computer,
ultra-laptop computer, tablet, phablet, touch pad, portable computer, handheld computer, palmtop
computer, personal digital assistant {PDA), cellular telephone, combination cellular
telephone/PDA, television, smart device (€.g., smart phone, smart tablet or smart television),
mobile internet device (MID), messaging device, data communication device, peripheral device,
gaming console, wearable device, display device. all-in-one device, two-in-onge device, and so

forth.

o various implementations, system 1100 includes a platform 1102 coupled to a display
1120. Platform 1102 may receive content from a content device such as content services device(s)
1130 or content delivery device(s) 1140 or other similar content sources sauch as a camera or
camera module or the like. A navigation controller 1150 including one or more navigation
features may be used to interact with, for example, platform 1102 and/or display 1120. Each of

these components 1s described in greater detail below.

in various implementations, platform 1102 may include any combination of a chipset
1105, processor 1110, memory 1112, antenna 1113, storage 1114, graphics subsysterm 1115,
applications 1116 and/or radio 1118. Chipset 1105 may provide infercommunication among
processor 1110, memory 1112, storage 1114, graphics subsystem 11135, applications 1116 and/or
radio 1118. For example, chipset 1105 may 1oclude a storage adapter (not depicted) capable of

providing intercommunication with storage 1114,

Processor 1110 may be implemented as a Complex Instruction Set Computer (CISC) or

Reduced Instruction Set Computer (RISC) processors, x86 instruction set compatible processors,
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multi-core, or any other microprocessor or central processing unit {CPU). In various
implementations, processor 1110 may be dual-core processor(s), dual-core mobile processor(s),

and so forth.

Memory 1112 may be implemented as a volatile memory device such as, but not limited
to, a Random Access Memory (RAM), Dynamic Random Access Memory (DRAM), or Static
RAM (SRAM).

Storage 1114 may be implemented as a non-volatile storage device such as, but not
limited to, a magnetic disk drive, optical disk drive, tape drive, an internal storage device, an
attached storage device, flash memory, battery backed-up SDRAM (synchronous DRAM),
and/or a network accessible storage device. In various implementations, storage 1114 may
include technology to increase the storage performance enhanced protection for valuable digital

media when multiple hard drives are included, for example.

Graphics subsystem 1115 may perform processing of images such as still images,
graphics, or video {or display. Graphics subsystern 1115 may be a graphics processing unit
(GPU), a visual processing unit {(VPU), or an image processing unit, for example. In some
examples, graphics subsystem 1115 may perform scanned image rendering as discussed herein.
An analog or digital interface may be used to communicatively couple graphics subsystem 1115
and display 1120. For example, the interface may be any of a High-Definition Multimedia
Interface, DisplayPort, wireless HDMI, and/or wireless HD coropliant techniques. Graphics
subsystem 1115 may be integrated into processor 1110 or chipset 1105. In some implementations,

graphics subsystem 1115 may be a stand-alone device communicatively coupled to chipset 1105,

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

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

Radio 1118 may include one or more radios capable of transmtting and receiving signals
using various suitable wireless communications techniques. Such techniques may involve
communications across one or more wireless networks, Example wireless networks ioclade (but

are not limited to) wireless local arca networks (WLANSs), wireless personal area networks

35



WO 2020/124360 PCT/CN2018/121736

{WPANSs), wireless metropolitan area network (WMANSs), cellular networks, and satellite
networks. In communicating across such networks, radio 1118 may operate in accordance with

one or more applicable standards in any version.

in various implementations, display 1120 may include any {lat panel monttor or display.
Display 1120 may include, for example, a computer display screen, touch screen display, video
monitor, television-like device, and/or a television. Display 1120 may be digital and/or analog. In
various implementations, display 1120 may be a holographic display. Also. display 1120 may be
a transparent surface that may receive a visual projection. Such projections may convey various
forms of information, images, and/or objects. For example, such projections may be a visual
overlay for a mobile augmented reality (MAR) application. Under the control of one or more

software applications 1116, platform 1102 may display user interface 1122 on display 1128.

In vartous implementations, content services device(s} 1130 may be hosted by any
national, international and/or independent service and thus accessible to platform 1102 via the
Internet, for example. Content services device(s) 1130 may be coupled to platform 1102 and/or to
display 1120. Platform 1102 and/or content services device(s) 1130 may be coupled to a network
1160 to communicate {e.g., send and/or receive) media information to and {from network 1160.

Content delivery device(s) 1140 also may be coupled to platform 1102 and/or to display 1120.

In vartous implementations, content services device(s} 1130 may include a cable
television box, personal coraputer, network, telephoue, Internet enabled devices or appliance
capable of delivering digital information and/or content, and any other similar device capable of
uni-directionally or bi-directionally communicating content between content providers and
platform 1102 and/display 1120, via network 1160 or directly. It will be appreciated that the
content may be communicated uni-directionally and/or bi-directionally to and from any one of
the components in system 1100 and a content provider via network 1160, Examples of conlent
may include any media information including, for example, video, music, medical and gaming

information, and so forth.

Content services device(s) 1130 may receive content such as cable television
programming including media information, digital information, and/or other content. Examples
of content providers may include any cable or satellite television or radio or Internet content
providers. The provided examples are not meant to limit implementations in accordance with the

present disclosure in any way.
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In vartous implementations, platform 1102 may receive control signals from navigation
countroller 1150 having one or more navigation featares. The navigation features of navigation
controller 1150 may be used to interact with user interface 1122, for example. In various
embodiments, navigation controller 1150 may be a pointing device that may be a computer
hardware component {specifically, a human interface device) that allows a user to input spatial
{(¢.g., continuous and multi-dimensional) data into a computer. Many systems such as graphical
user interfaces (GUI), and televisions and monitors allow the user to control and provide data to

the computer or television using physical gestures.

Movements of the navigation features of navigation controller 1150 may be replicated on
a display (e.g., display 1120) by movements of a pointer, cursor, focus ring, or other visual
indicators displayed on the display. For example, under the control of software applications 1116,
the navigation features located on navigation controller 1150 may be mapped to virtual
navigation featares displayed on user interface 1122, for example. In various embodiments,
navigation controller 1150 may not be a separate component but may be integrated into platform
1102 and/or display 1120. The present disclosure, however, is not lmited to the elements or in

the context shown or described herein.

In various implementations, drivers {not shown) may include technology to enable users
to instantly turn on and off platform 1102 like a television with the touch of a button afier initial
boot-up, when enabled, for example. Program logic may allow platform 1102 to stream content
to media adaplors or other conlent services device(s) 1130 or content delivery device(s) 1140
even when the platform is turned “off.” In addition, chipset 1105 may include hardware and/or
software support for 5.1 surround sound audio and/or high definition 10.1 surround sound audio,
for example. Drivers may include a graphics driver for integrated graphics platforms. In various
embodiments, the graphics driver may comprise a peripheral component interconnect (PCI)

Express graphics card.

In various implementations, any one or more of the components shown in system 1100
may be integrated. For example, platform 1102 and content services device(s) 1130 may be
integrated, or platform 1102 and content delivery device(s) 1140 way be integrated, or platform
1102, content services device(s) 1130, and content delivery device(s) 1140 may be integrated, for
example. In various embodiments, platforro 1102 and display 1120 may be an integrated onif.

Display 1120 and content service device(s) 1130 may be integrated, or display 1120 and content
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delivery device(s} 1140 may be integrated, for example. These examples are not meant to limit

the present disclosure.

In various embodiments, system 1100 may be implemented as a wireless system, a wired
system, or a combination of both. When implemented as a wireless system, system 1100 may
include components and interfaces suitable for communicating over a wireless shared media,
such as one or more antennas, transmitters, receivers, transceivers, amplifiers, {ilters, contro}
logic, and so forth. An example of wireless shared media may include portions of a wireless
spectrum, such as the RF spectrum and so forth. When implemented as a wired system, system
1100 may include components and interfaces suitable for communicating over wired
communications media, such as input/output (/0O) adapters, physical connectors to connect the
1/O adapter with a corresponding wired communications medium, a network interface card (NIC),
disc controller, video controller, audio controller, and the like. Examples of wired
communications media may inclade a wire, cable, metal leads, printed circuit board (PCB),
backplanc, switch fabric, semiconductor material, twisted-pair wire, co-axial cable, fiber optics,

and so forth.

Platform 1102 may establish one or more logical or physical channels to communicate
information. The information may include media information and control information. Media
information may refer to any data representing content meant for a user. Examples of content
may include, for example, data from a voice conversation, videoconference, streaming video,
electronic mail (“email”) message, voice mail message, alphanumeric symbols, graphics, image,
video, text and so forth. Data from a voice conversation may be, for example, speech information,
stlence periods, background noise, comfort noise, tones and so forth. Control information may
refer to any data representing commands, instructions or control words meant for an automated
systemn. For example, control information may be used to route media information through a
systen, or instruct a node to process the wedia information in a predetermined manner. The
embodiments, however, are not limited to the elements or in the context shown or described in

FIG. 11,

As described above, system 1100 may be embaodied in varying physical styles or form
factors. FIG. 12 illustrates an example small form factor device 1200, arranged in accordance
with at least some implementations of the present disclosure. In some examples, system 1100
may be implemented via device 1200. In other examples, other systems, components, or modules

discussed herein or portions thereof may be implemented via device 1200. In various
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embodiments, for example, device 1200 may be implemented as a mobile computing device a
having wireless capabilities. A mobile computing device may refer to any device having a
processing system and a mobile power source or supply, such as one or more batteries, for

example.

Examples of a mobile computing device may include a personal computer (PC), laptop
computer, vltra-laptop computer, tablet, touch pad, portable computer, handheld computer,
palmtop computer, personal digital assistant (PDA), cellular telephone, combination cellular
telephone/PDA, smart device (e.g., smartphone, smart tablet or smart mobile television), mobile
internet device (MID), messaging device, data communication device, cameras (g.g. point-and-

shoot cameras, super-zoom cameras, digital single-lens reflex (DSLR) cameras), and so forth.

Exaroples of a mobile computing device also may include computers that are arranged to
be implemented by a motor vehicle or robot, or worn by a person, such as a wrist computers,
finger computers, ring computers, eyeglass computers, belt-clip computers, arm-band computers,
shoe computers, clothing computers, and other wearable computers. In various embodiments, for
example, a mobile computing device may be implemented as a smartphone capable of executing
computer applications, as well as voice communications and/or data communications. Although
some embodiments may be described with a mobile computing device implemented as a
smartphone by way of example, it may be appreciated that other embodiments may be
implemented using other wireless mobile computing devices as well. The embodiments are not

limtted in this contexi.

As shown in FIG. 12, device 1200 may include a housing with a front 1201 and a back
1202. Device 1200 includes a display 1204, an input/output (/O) device 1206, a color camera
1222, and an integrated antenna 1208, For example, color camera 1222 may attain video frames
for processing as discussed herein. Device 1200 also may include navigation features 1212,
VO device 1206 may include any suitable /O device for entering information into a
mobile computing device. Examples for VO device 1206 may include an alphanumeric keyboard,
a numeric keypad, a touch pad, input keys, buttons, switches, microphones, speakers,
voice recognition device and software, and so forth. Information also may be entered into device
1200 by way of microphone (not shown), or may be digitized by a voice recognition device. As
shown, device 1200 may include color caroera 1222 and a flash 1210 integrated into back 1202
{or elsewhere} of device 1200. In other examples, color camera 1222 and {lash 1210 may be

integrated into front 1201 of device 1200 or both front and back sets of cameras may be provided.
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Color camera 1222 and flash 1210 may be components of a camera module to originate color
image data with IR texture correction that may be processed into an image or streaming video
that is output to display 1204 and/or communicated remotely from device 1200 via antenna 1208

for example.

Various embodiments may be implemented using hardware elements, software clements,
or a combination of both. Examples of hardware elements may nclude processors,
microprocessors, circuits, circuit elements (e.g., transistors, resistors, capacitors, inductors, and
so forth), integrated circuits, application spectific integrated circuits (ASIC), programmable logic
devices (PLD), digital signal processors (DSP), field programmable gate array (FPGA), logic
gates, regisiers, semiconductor device, chips, microchips, chip sets, and so forth. Examples of
software may include software components, programs, applications, computer programs,
application programs, system programs, machine programs, operating system software,
middleware, firmware, software modules, routines, subroutines, functions, methods, procedures,
software interfaces, application program interfaces (APD), instruction scts, computing code,
computer code, code segments, computer code segments, words, values, symbols, or any
combination thereof. Determining whether an embodiment is implemented using hardware
elements and/or software elements may vary 1o accordance with any number of {actors, such as
desired computational rate, power levels, heat tolerances, processing cycle budget, input data
rates, output data rates, memory resources, data bus speeds and other design or performance

constraints.

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

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

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

deemed to lie within the spirit and scope of the present disclosure.
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It will be recognized that the embodiments are not imited to the embodiments so
described, but can be practiced with modification and alteration without departing from the scope
of the appended claums. For example, the above embodiments may include specific combination
of features. However, the above embodiments are not limited in this regard and, in various
implementations, the above embodiments may include the undertaking only a sabset of such
features, undertaking a different order of such features, undertaking a different combination of
such features, and/or underlaking additional features than those {eatures explicitly histed. The
scope of the embodiments should, therefore, be determined with reference to the appended

claims, along with the full scope of equivalents to which such clairus are entitled.
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CLAIMS
What 1s claimed is:
I. A system for performing object detection comprising:

a memeory to store a current, a previous, and a subsequent {rame of video; and
a processor coupled to the memory, the processor to:
perform still image object detection on the current frame to determine a current frame
initial featore map comprising object detection localization and confidence
scoring for the current frame;
detect, based on patch similarity, first and second paired patches between the current and
previous frames, respectively, and third and fourth paired patches between the
current and subsequent frames, respectively;
modify a first prediction result in the current frame 1nitial feature map for the first paired
patch of the current frame to a maximum cached confidence score of the second
paired patch of the previous frame (o generate a first enhanced feature map
comprising {orward object detection localization and confidence scoring for the
current frame;
modify a third prediction result in the current frame initial feature map for the third paired
patch of the current frame to a maximum cached confidence score of the fourth
object patch of the subsequent {rame to generate at least a second enhanced
feature map comprising reverse object detection localization and confidence
scoring for the current frame; and
determine and output an object detection localization, class, and confidence scoring for

the current frame using the first and second feature maps.
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2. The system of claim 1, wherein the processor to determine the object detection
locahization, class, and confidence comprises the processor to:

concatenate the first and second feature maps; and

provide the concatenated first and second enhanced feature maps to at least one neural network

layer to generate the object detection localization, class, and confidence.

3. The system of claim 1, wherein the processor to determine the object detection

localization, class, and confidence comprises the processor to:

determine a shared object patch between the {irst and sccond enhanced feature maps:

retain object detection localization and confidence scoring {rom the first enhanced feature map
for the shared object patch and discard object detection localization and confidence
scoring from the second enhanced feature map for the shared object patch in response to
the object detection confidence scoring for the shared object patch in the first enhanced
feature map comparing favorably to the object detection confidence scoring for the shared
object patch in the second enhanced feature map; and

determine the object detection localization, class, and confidence scoring based at least on the
retained object detection localization and confidence scoring from the first enhanced

feature map.

4. The system of claim 1, wherein the processor to determine the object detection

locahization, class, and confidence comprises the processor to:

retain object detection localization and confidence scoring for shared object paiches between the
first and second enhanced {eature maps based on higher confidence scoring for each of
the shared object patches to gencrate a bidirectional enhanced feature map for the current

frame; and
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determine the object detection localization, class, and confidence scoring based on the

bidirectional enhanced feature map.

5. 'The system of claim 4, wherein the processor to determine the object detection
locahization, class, and confidence scoring based on the bidirectional enhanced feature map

comprises the processor to apply a softmax function to the bidirectional enhanced {eature map.

6. The system of claim 4, wherein the processor to determine the object detection
localization, class, and confidence scoring based on the bidirectional enhanced feature map
comprises the processor to apply at least one neural vetwork layer to the bidirectional enhanced

feature map.

7. The systern of claim 1, the processor to:

sequentially generate, prior to said modilying the first prediction result and in a temporal order of
the video, a plurality of enhanced feature maps comprising {orward object detection
localization and confidence scoring for each of a plurality of frames of the video previous
to the previous frame and the previous frame, wherein the maximum cached confidence

score is in the enhanced feature map for the previous frame.

8. 'The system of claim 7, the processor to:

sequentially generate, subseguent to said modifying the first prediction result and in the temporal
order of the video, a second plurality of enhanced feature maps comprising {orward object
detection localization and confidence scoring for the subsequent frame and each of a

pharality of frames of the video subsequent to the subsequent frame;

44



WO 2020/124360 PCT/CN2018/121736

cache each of the plurality of enhanced feature maps, the first enhanced feature map, and the
sccond plurality of enhanced feature maps prior to and for use in generating enhanced

feature map in an order opposite the teraporal order.

9. The systern of claim 1, wherein the processor to modify the first prediction result to the
maximum cached confidence score is in response to a confidence scoring of the maximum

cached confidence score exceeding a confidence scoring of the first prediction result.

10. The system of claim 1, wherein said still image object detection comprises one of region
proposal network (faster R-CNN) detection, region-based fully convolutional network (R-FCN)
detection, single-shot multibox (§SD) detection, or you only look once (YOL(O) detection and
the processor to detect first and second paired patches comprises the processor to apply a

Siamese convolutional neural network.

11. A computer-tmplemented method for performing object detection comprising:

receiving a current, a previous, and a subsequent {rame of video;

performing still image object detection on the current frame of video to determine a current
frame nitial feature map comprising object detection localization and confidence scoring
for the current frame;

detecting, based on patch similarity, first and second paired patches between the current and
previous frames, respectively, and third and fourth paired patches between the current and
subsequent frames, respectively;

modifying a first prediction result in the current frame initial feature map for the first paired

patch of the current frame to a maximum cached confidence score of the second paired
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patch of the previous frame to generate a first enhanced feature map comprising forward
object detection localization and confidence scoring for the current frame;

modifying a third prediction result in the current frame initial feature map for the third paived
patch of the current frame to a maximum cached confidence score of the fourth object
patch of the subsequent frame to generate at least a second enhanced feature map
comprising reverse object detection localization and confidence scoring for the current
frame; and

determining and outputting an object detection localization, class, and confidence scoring for the

current frame using the first and second feature maps.

12. The method of claim 11, wherein said determining the object detection localization, class,
and confidence comprises:

concatenating the first and second feature maps; and

providing the concatenated first and second enhanced feature maps to at least one neural network

layer to generate the object detection localization, class, and confidence.

13. The mcthod of claim 11, wherein said determining the object detection localization, class,

and confidence comprises:

retaining only object detection localization and contidence scoring for shared object patches
between the first and second enhanced feature maps based on higher confidence scoring
for cach of the shared object patches to generate a bidirectional enhanced feature map for
the current frame: and

determining the object detection localization, class, and confidence scoring based on the

bidirectional enhanced feature map.
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14. 'The method of claim 11, further comprising:

sequentially generating, prior to said modifying the first prediction result and in a temporal order
of the video, a plurality of enhanced feature maps comprising forward object detection
localization and confidence scoring for each of a plurality of frames of the video previous
to the previous frame and the previous frame, wherein the maximurm cached confidence

score is in the enhanced feature map for the previous frame.

15. The method of claim 11, wherein modifying the first prediction result to the maximum
cached confidence score is in response {o a confidence scoring of the maximum cached

confidence score exceeding a confidence scoring of the first prediction result.

16. At least one machine readable medium comprising a plurality of instructions that, in

response to being executed on a computing device, cause the computing device to perform object

detection by:

recetving a current, a previous, and a subsequent frame of video;

performing still image object detection on the current frame of video to determine a current
frame initial feature map comprising object detection localization and confidence scoring
for the current frame;

detecting, based on patch similarity, first and second paired patches between the current and
previous frames, respectively, and third and fourth paired patches between the current and
subsequent frames, respectively;

modifying a first prediction result in the current frame initial feature map for the first paired
patch of the current frame to a maximum cached confidence score of the second paired
patch of the previous frame to generate a {irst enhanced feature map comprising forward

object detection localization and confidence scoring for the current frame;
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modifying a third prediction result in the current frame initial feature map for the third paired
patch of the current frame to a maximum cached confidence score of the fourth object
patch of the subsequent fraroe to generate at least a second enhanced feature map
comprising reverse object detection localization and confidence scoring for the current
frame; and

determining and ouiputting an object detection localization, class, and confidence scoring for the

current frame using the first and second feature maps.

17. The machine rcadable medium of claim 16, wherein said determining the object detection
localization, class, and conflidence comprises:

concatenating the first and second feature maps; and

providing the concatenated f{irst and second enhanced feature maps to at least one neural network

layer to generate the object detection localization, class, and confidence.

18. The machine readable medium of claim 16, wherein said determining the object detection

localization, class, and confidence comprises:

retaining only object detection localization and confidence scoring for shared object patches
between the first and second enhanced feature maps based on higher confidence scoring
for each of the shared object patches to generate a bidirectional enhanced feature map for
the current frame; and

determining the object detection localization, class, and confidence scoring based on the

bidirectional enhanced feature map.

48



WO 2020/124360 PCT/CN2018/121736

19. 'The machine readable medium of claim 16, further comprising instructions that, in

response to being executed on the computing device, cause the computing device to perform

object detection by:

sequentially generating, prior to said modifying the first prediction result and in a temporal order
of the video, a plurality of enhanced feature maps comprising forward object detection
localization and confidence scoring for each of a plurality of frames of the video previous

to the previous frame and previous {rame, wherein the maximum cached confidence score

is in the enhanced feature map for the previous {rame.

20. The machive readable mwediom of claim 16, wherein modifying the fitst prediction result
to the maximum cached confidence score is in response to a confidence scoring of the maximum

cached confidence score exceeding a confidence scoring of the first prediction result.

21 A system comprising:

means {or receiving a current, a previous, and a subsequent frame of video;

means for performing still image object detection on the current frame of video to determine a
current frame initial feature map comprising object detection localization and confidence
scoring for the current frame;

means for detecting, based on patch similarity, first and second paired patches between the
current and previous {rames, respectively, and third and fourth paired patches between the
current and subsequent frames, respectively:

modifying a first prediction result in the current frame initial feature map for the first paired
patch of the current frame to a maximum cached confidence score of the second paired
patch of the previous frame to generate a first enhanced feature map comprising forward

object detection localization and confidence scoring for the current frame;
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means for modifyving a third prediction result in the current frame initial feature map for the third
paired patch of the current frame to a maximum cached confidence score of the fourth
object paich of the subsequent frame to generate at least a second enhanced feature map
comprising reverse object detection localization and confidence scoring for the current
frame; and

means {or determining and outputiing an object detection localization, class, and confidence

scoring for the current frame using the first and second feature maps.

22. The system of claim 21, wherein said means for determining the object detection
localization, class, and conflidence comprise:

means for concatenating the {irst and second feature maps; and

means for providing the concatenated {irst and second enhanced feature maps to at least one

neural network layer to gencrate the object detection localization, class, and confidence.

23. The system of claim 21, wherein said means for determining the object detection

localization, class, and confidence comprise:

means for retaining only object detection localization and confidence scoring for shared object
patches between the fivst and second enhanced feature maps based ou higher confidence
scoring for each of the shared object patches to generate a bidirectional enhanced feature
map for the current frame; and

means for determining the object detection localization, class, and confidence scoring based on

the bidirectional enhanced feature map.

24. The system of claim 21, further comprising:
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means for sequentially generating, prior to said modifying the first prediction result and in a
temporal order of the video, a plurality of enhanced feature maps comprising forward
object detection localization and confidence scoring for each of a plurality of frames of
the video previous to the previous frame and the previous {rame, wherein the maximum

cached confidence score 1s in the enhanced feature map for the previous frame.

23. The system of claim 21, wherein modifying the {irst prediction result to the maximum

cached confidence score is in response to a confidence scoring of the maximum cached

confidence score exceeding a confidence scoring of the first prediction result.
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