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Slg N |a N g U ag e There are more than 466 million deaf

Translate sign language to text for people in the world (WHO, 2019)
deaf/mute people

It is difficult to translate message using
sign language

e.g call emergency

Need to develop device which deaf people can use to communicate with
other people easily



System Configuration

1. Shooting hand with webcam
2. Infer meaning of sign language with a device
3. Output sign language meaning by voice or text
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Sequence Diagram
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Capturing sign language

Sign language Video Camera Image data
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American sign language

Getting Image information of sign language in a series of motion using video
camera as also as Ashio K sahoo, 2014.



Hand bone recognition

e Estimate hand bones using Openpose's method
o  Processing is fast because only hand recognition
o  Convertimages to coordinates to reduce data size

> CNN

OpenPose for detection
AHand image of Hands bones Hand bones 8




Hand bone to word conversion

e Infer words from time-series data of hand bones
o it can be implemented with small models, since input is coordinates
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Using Graphs to extract Meaning

“I am convinced that the crux of the problem of learning is recognizing relationships and being able to use them”
-Christopher Strachey in a letter to Alan Turing, 1954

We create a graph from the words generated in the previous step and use contextual
closeness to infer meaning from the words and take necessary action.
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Resilience Analysis and Improving
Fault Tolerance

e Hardware level fault

H H (a) Fault-free execution: A truck (b) SDC: Truck is incorrectly
® Sllent Data COI’I’UptIOﬂ is identified by the DNN and identified as bird and brakes

brakes are applied may be not applied

The Consequence Of Error Figure 2: Example of SDC that could lead to collision in

self-driving cars due to soft errors
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L. R L . Pre-trained DNN © DNN Modifications
have drastic impacts on its classification accuracy e N — (replace the unbounded
clipped ones and initialize
their thresholds
600 1 : tV:eight bitsd Baseline (clean case) accuracy A subset of the :
% networks is more than 100 MB ! 0 D¢ mappe 508 validation set Evaluation of @ Modified Pro-trained DNN
s 08 ®l o(1({of0 3 Validation DNNs for
S 400 3 : ol1lo]o 506 Dataset Statistical Profiling Network Network
B 06 & i 5 Architecture Parameters
z I 1/0/1/0 04 Classification <Witrt|' CIitPPed
154 04 = g accuracy activation Act
£ 200 8 : 0j011]1 s decreases with ’ i ivati functions)
3 0.2 %5 |Soft Mapping to & 0.2 an increase in c 2 Activation
g 0 = I 0 @ |error memory g the fault rate Accuracy Distribution I
@ ol [i[1]ofo] & °
O
S S A0 (D D I 1E08 1E-07 1E06 1E-05 J
SN @ eV Qv | ol1/0]0 Fault Tolerant DNN
WO N© q&*‘\@s“"‘ | Fault rate For Each Layer of the DNN
) | 1/0(1|0 Permanent Network Updated
Deep learning model | ARE I Threshold fine-tuning ol Architecture Activation
@ : fault ®) Char::t‘;l:istics Thresholdstor
Network Each L
(i.e., maximum | Iir:m:ﬁl ach Layer
. . fault rate)
Figure 1: (a) Memory consumption of state-of-the-art DNN

models. (b) The impact of hardware faults (bit flips in the Figure 4: Our methodol?gi'l tlg imPfOVg tlhe resilience of a
. . . re-traine NN mode
weight memory) on the classification accuracy of AlexNet. P

"FT-ClipAct: Resilience Analysis of Deep Neural Networks and Improving their Fault Tolerance using Clipped Activation” https:/arxiv.org/pdf/1912.00941.pdf
“Understanding Error Propagation in Deep Learning Neural Network (DNN) Accelerators and Applications * https:/people.csail.mit.edu/emer/papers/2017.11.sc.error_propagation in_DNNs.pdf
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Conclusion

We propose the following-

Interpretation and Understanding of sign language symbols(eg. ASL) from handicapped
people to help in emergency situations, in the absence of other human presence.

For this, we plan to use a combination of Visual Analytics and NLP to associate
meaning to the statements generated from the sign language symbols.

Thank You!
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