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[34] Boţ, R. I., Csetnek, E. R., and Hendrich, C. (2015). Inertial douglas–rachford

splitting for monotone inclusion problems. Applied Mathematics and Computation,

256:472 – 487.

[35] Bosede, A. O. and Rhoades, B. (2010). Stability of picard and mann iteration for a

general class of functions. Journal of Advanced Mathematical Studies, 3(2):23–26.
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