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Frequency Frequency

Fig. 6. Frequency domain representations of the toy problem (amplitude vs frequency). (Left) Frequencies used by the iDFT. (Right) Frequencies used by ND.
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Multiscaling behavior of atomic-scale friction
M. Jannesar. T. Jamali, A. Sadeghi, 5. M. S. Movahed, G. Fesler, E. Meyer, B. Khoshnevisan. and G. R. Jafari
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ABSTRACT =

The scaling behavior of friction between rough surfaces is a well-known phenomenon. It might be
asked whether such a scaling feature also exists for friction at an atomic scale despite the absence of
roughness on atomically flat surfaces. Indeed, other types of fluctuations. e.g.. thermal and
instrumental fluctuations. become appreciable at this length scale and can lead to scaling behavior of
the measured atomic-scale friction. Ve investigate this using the lateral force exerted on the tip of an
atomic force microscope {AFM) when the tip is dragged over the clean NaCl (001) surface in ultra-high
vacuum at room temperature. Here the focus is on the fluctuations of the lateral force profile rather than
its saw-tooth trend; we first eliminate the trend using the singular value decompesition technique and
then explore the scaling behavior of the detrended data, which contains only fluctuations, using the
multifractal detrended fluctuation analysis. The results demonsirate a scaling behavior for the friction
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data ranging from 0.2 to 2 nm with the Hurst exponent H — 0.61 + 0.02 at a 1o confidence interval. _
Moreover, the dependence of the generalized Hurst exponent. k(g). on the index variable g confirms . ; ; 3
the multifractal or multiscaling behavior of the nanofriction data. These results prove that fluctuation of (AFM) o~ S “.’)“‘Jasz’ Oipw 2 3)s o Gu
nanofriction empirical data has a multifractal behavior which deviates from white noise. gl b !g L {s01) o » NzCl A ,L | PRO
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sin(x) - Y5sin(2x) + Y4sin(3x) - Vysin(4x) + Visin(5x) - Visin(6x) +
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Ysin(x) = L A; *sin(K; * x + ¢; + 7/3).

https://kconrad.math.uconn.edu/mathi1132s10/sawtooth.html
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The Periodic Part Parameters
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