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IEEE Signal Processing Society (2014.9)

A A branch of electrical engineering which pulls meaning from the
broad sources of data all around us
L Tubel e : *

A branch of eIectrlcaI engmeerlng which
pulls meaning _— S

What is Signal Processing? ROHE Enns: 0 @@
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https://lwww.youtube.com/watch?v= R9OC|oncJU
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A A simplified description , especially a mathematical one, of a system or
process,to assist calculations and predictions.

Definition of model in English:

model © Q00

NOUN

3 Asimplified description, especially a mathematical one, of a system or process, to assist
calculations and predictions.

‘a statistical model used for predicting the survival rates of endangered species’

+ More example sentences + Synonyms

https://en.oxforddictionaries.com/definition/model
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