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e Face Recognition has progressed from
high-powered off-line search to
ubiquitous loT devices.

* Current FR evaluations (from NIST)
measure the ability to match a single
Image against a reference database.

 This project aims to redefine FR
accuracy for real-time video and prove
the hypothesis that accuracy increases
with successive frames of a live video
feed.

» The two hypotheses we aimed to test

Confidence Compounds with each Recognition call

At the nth recognition call the
confidence, C, of a match,

C=1 - FNMR"
Faster algorithm can make

recognition calls more
frequently. —e—idemia-007

Realnetworks-004 reaches a

confidence of 0.999999 in

less than a second. That's

faster than any other —e—megvii-003
algorithm - even before some
algorithms have made their
first call.

were 1) That frames can support each other regardless of ordering. (This is
the hypothesis displayed on this poster), and 2) That a frame can exclude
members, reducing the search pool for subsequent frames.

« The code consists of an input module to input a video frame by frame, and a
comparison module to execute the main function of the code which is to
aggregate the recognition scores found over the sequential video frames

« The input identity database for testing should exceed 10,000 unique

identities.

* Number of testing videos: Estimated around 1000. Majority of them are
human facial images, including multiple faces presented in the same

pictures

 The team should utilize the RealNetworks SAFR SDK and consumer

algorithm to test this hypothesis and substantiate their claims

« The team should measure the similarity score, confidence, and FNMR to

analyze results.

« Maximum Process time: 5 images per second for application

ldentity Datasets

« Combined dataset of over 15,000
unique individual faces from the
following databases

« 10k US Adult Faces Database [1]

» Chicago Faces Database [2]

« FACES [3]

* (CelebA [4]

« Labeled Faces in the Wild [5]

Video Testing Dataset

e Original Dataset is the YouTube Faces
Database [6] labeled through 2D and
3D keypoints [/]

« Consists of 2200 test videos of 800
unique individuals
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Speed matters aims to determine if recognition values from previous video frames can
increase confidence for identification of people in future frames.

Phase 1:;

ldentity images are placed into the SAFR database to be used as reference images. The
SAFR database quantifies these identification frames as vectors.

Phase 2:

Video is decomposed into sequences Phase 1

People the database knows

SAFR Database

of probe JPEG frames. identification ierineation
. image for i J
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. image for \
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learned vector quantifying the face in il SAFR Database e
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vector against the identity vectors

These results are then analyzed to
see if information from successive
frames can improve recognition .
accuracy.
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Result 1:

Hypothesis: Accuracy of the model would
increase proportionally with the number of
frames utilized.

The result selection was determined
through the usage of selecting the image
with the maximum similarity score and the
identity with the greatest mean similarity
score over that frame set.

While individual runs produced different
results for the two methods, on average the
pattern was similar between the two.

The middle graph shows the increase in
recall based on frame count.

The recall (or identification percentage) was
a calculation showing the ratio of correct
outcomes over trials run: True positives /
(True positives + False negatives)

The precision data seemed to
approximately fit a sigmoid curve.

A graph showing the decreasing false
non-match rate based on the frame count
Both methods produced an approximate
negative exponential relationship of

FNMR = 0.018 * (057X + 0.00044
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Our hypothesis is confirmed that accuracy of the model increases with the number of
the frame utilized. The precision of the model appeared to have a sigmoid relation.
Furthermore, the False Non-Match Rate (FNMR) had also decreased with the increasing
number of frames, while both max and mean similarity score increases. These appeared
to decrease in an exponential manner. In short, our experiment results show that our
hypothesis of increasing accuracy with increase in number of frames stands true..

Video Facial Recognition allows user identification to be faster and more efficient. There
are fields where facial recognition shows promising future and prospect, such as security
verification, banking and retailing, resolving queuing problems in hospitals and public
areas, and more.

Our future objectives and milestones are listed below:

 |n the future of the project development, we will expand the size of the image gallery
to 100K images, and then 1 million images.

« We plan to open the application to 3rd party in order to test their own algorithm, as
well as giving beta test to the algorithms we had developed.

 |In addition, we will develop a strategy to interlace the face detection and recognition
that yields the lowest FNMR value.

« We also plan to develop a gallery of database that does various strategies to speed up
identity matching, such as sorting, indexing, and sharding

« We will also be experimenting with other potential approaches to speed up the
recognition process, and finding the optimal facial recognition strategy based on the
the FNMR values each strategy delivers.

‘ Global facial recognition market share, by end-use, 2020 (%)
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