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Age and gender characteristics can be
applied:

* Retail for contextual advertising

* Video surveillance systems

* Photo processing applications

* Analysis of multimedia data group

Microsoft How-old.net

The task of video classification is to assign the newly arriving
(to the input) sequence of T frames {X(t)}, t=1,2,...,T, with the
face of an individual to one of the L classes

The reliability of the existing solutions remains insufficient
for practical application
BN



Literature survey (1) . Traditional approach

Age prediction:
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Proposed algorithm
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Aggregation

The output of the CNN - the Softmax layer

P(1|1X(t)) = softmax z (1) =

Simple voting

The geometric mean

T T
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Arithmetical mean

T
[* = argmax % Y P(lX(1))

An expected value
(mathematical expectation)
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Experimental results and discussion
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PC parameters

Intel Core 15-2400 CPU, 64-bit machine with
NVIDIA GeForce GT 440




Inference time
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Datasets

IARPA Janus Benchmark A (1JB-A): 2043 video, 13900 frames + gender
information
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Gender recognition accuracy with classifier fusion
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Age recognition accuracy with classifier fusion
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Concluding comments and future plans

Conclusion

* The geometric mean (product rule) with normalization of the input video images is
the most accurate in gender classification task

* The most accurate age prediction is achieved with the computation of the expected
value

* The accuracy of the VGG-16 architecture is about 15% and 20% higher for the gender
recognition and age prediction than Age and Gender net models

* The inference time of the VGG-16 is 4-9 times lower

Future work

* Implementation the gender/age recognition in Android
mobile offline application

* Applying the modern techniques for fast classification and
optimization of deep CNNs
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