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Motivation

= Frictional contact behavior is hard to describe
= Large variety of parameters (velocity, pressure, temperature, humidity, load history,...)
= Difficult to represent contact behavior in numerical simulations properly

Analytical models often highly simplified

Data-driven approaches open up new opportunities

https://www.nowcar.com/blog/archive/basics- R a’r.—\braking/
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Proceeding

I.  Setup of a transient 2-D plane-stress Finite Element model
[I.  Training and validation data generation

[ll.  Selection of a neural network for regression

IV. Network training and performance assessment

V. Neural network model deployment within FE simulation
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Cantilever beam model

= Slender cantilever beam obeying Euler-Bernoulli beam theory
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Cantilever beam model

= Slender cantilever beam obeying Euler-Bernoulli beam theory
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Cantilever beam model

= Slender cantilever beam obeying Euler-Bernoulli beam theory

= Frictional contact with moving belt induces stick-slip vibration at the free end

ié < stick slip
é t =
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Cantilever beam model

= Slender cantilever beam obeying Euler-Bernoulli beam theory
= Frictional contact with moving belt induces stick-slip vibration at the free end

= Kinetic friction force estimated by neural network model

ié < stick slip
é t =

Aachen, August 18, 2022 GAMM 2022 Dynamics Group, Hamburg University of Technology K. Vater, M. Stender, N. Hoffmann



DYNAMICS GROUP

D¥YN

Proceeding

Partial Differential Equation Toolbox
R2022a by MathWorks

Il. Training and validation data generation . Solve partial differential equations using finite element analysis

I.  Setup of atransient 2-D plane-stress Finite Element model

[ll.  Selection of a neural network for regression 4\ MathWorks Toolbox

<\ MATLAB

IV. Network training and performance assessment

V. Neural network model deployment within FE simulation
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Mesh convergence study

= Static Finite Element analysis of a 2-D plane-stress problem
= Triangular mesh of quadratic Finite Elements

= Cantilever beam subjected to a point load at the free end
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Mesh convergence study

= Static Finite Element analysis of a 2-D plane-stress problem
= Triangular mesh of quadratic Finite Elements
= Cantilever beam subjected to a point load at the free end

= Comparison with Euler-Bernoulli beam theory:
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Mesh convergence study

1 Mesh convergence
10 ~ e 1 I T
—e—Rel. error
. 1’
10° F E |

= Static Finite Element analysis of a 2-D plane-stress problem

= Triangular mesh of quadratic Finite Elements

= Cantilever beam subjected to a point load at the free end

Comparison with Euler-Bernoulli beam theory:

1 2 3 4
10 10 10 10
n -
noges []
A - Choose h,,4,, = 0.02
= Very low relative error
= Number of nodes still manageable
h = 0.1153, nodes = 111, e = 0.3417 %.
n h = 0.0807, nodes = 158, e = 0.2133 %.
L h = 0.0565, nodes = 225, & = 0.1350 %.
. h = 0.03%5, nodes = 315, e = 0.0873 %.
> X h = 0.0277, nodes = 453, & = 0.0565 %.
| o = 0.0194, nodes = 639, = = 0.0402 %. |[€—
h = 0.0136, nodes = 897, & = 0.0381 %.
h = 0.0085, nodes = 2113, e = 0.0186 %.
h = 0.0066, nodes = 301%, e = 0.0138 %.
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Transient Finite Element algorithm
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Transient Finite Element algorithm

A
~\
FEM T
i+1 _
ui+1 = ... fi
v = e $ stick slip
Freact = ... (Bernoulli) s
_ t
vs - LR}

stick current

state?

set slip BC keep stick BC
Pytl = Fr(v) u;—xl:L = Uperrdt
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Transient Finite Element algorithm

FEM

i+1 _
i+1 _

Freact = ... (Bernoulli)
Vg = ...

set slip BC
Pl = Fr(vs)
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keep slip BC

keep stick BC
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Transient Finite Element algorithm

FEM f
ui: = .. =
vee = e D stick slip
Freact = ... (Bernoulli) s
Vg = ... t
[
stick Ak slip
no yes no
set slip BC keep stick BC set stick BC keep slip BC
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Transient Finite Element algorithm

A
FEM f
ui: = .. =
vee = e D stick slip
Freact = ... (Bernoulli) s
Vs = ... t
|
stick current slip
no yes no
set slip BC keep stick BC set stick BC keep slip BC
P)E-lz-}‘ = Ff(vs) u;-rxl:L = Vperdt u;/Tx1=L = Vperdt P;:-}, = Ff (vs)
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Proceeding
I.  Setup of a transient 2-D plane-stress Finite Element model Wf“ ““___ Statistics and Machine Learning Toolbox
m R2022a by MathWorks
[I.  Training and validation data generation T Analyze and model data using statistics and machine learing
—— . }
. . - P
[ll.  Selection of a neural network for regression | ! == 4\ MathWorks Toolbax

IV. Network training and performance assessment

V. Neural network model deployment within FE simulation

<\ MATLAB
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Friction data sampling and partitioning

Exponential friction model

Exponential-type friction model:

—a|vgl

n(ws) = p + (us — e

Ff(vs) = sgn(v,) X u(vs) X K,
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Friction data sampling and partitioning

Exponential friction model

Exponential-type friction model:

60 — )
e, u(vs) = e + (us — e %!
40 Ff(vs) = sgn(v,) X pu(vs) X Fy
20 — + artificial noise
— — Mimic real measurement data
= Training data (70 %)
= 0 Test data (30 %)
b [ Analytical friction model
-20 —
-40 - T 2 o6 Normal force F,
N ~ 5000 samples ; L
P 99 Friction force Fy
-60 — 100 o . >
04 101 Sliding velocity v, .

0-2 04 102 FIN]
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Proceeding

I.  Setup of a transient 2-D plane-stress Finite Element model
[I.  Training and validation data generation

[ll.  Selection of a neural network for regression

IV. Network training and performance assessment

V. Neural network model deployment within FE simulation
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Neural network selection

= Feedforward, fully connected neural network for regression

= Hyperparameter optimization studies

Normal force E,

— Friction force Fy

Sliding velocity v, —_—
—
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Neural network selection

Hyperbolic tangent (tanh)

= Feedforward, fully connected neural network for regression Tr

= Hyperparameter optimization studies 05

-10 -5 5 10

Normal force E,

Friction force Fy
Sliding velocity v,
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Proceeding

I.  Setup of a transient 2-D plane-stress Finite Element model
[I.  Training and validation data generation

[ll.  Selection of a neural network for regression

IV. Network training and performance assessment

V. Neural network model deployment within FE simulation
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Neural network training and performance

= Limited-memory BFGS optimization algorithm

= Minimizing MSE loss function

rnet = fitrnet(dataTrain, "Ff", ...
"ValidationData", dataTest, ...
"Activations™, “tanh", ...
"Lambda", e.0e4, ...
"LayerSizes", (100 100 1lee], ...
"Standardize", true, ...
"StoreHistory", true, ...
"Verbose", true);
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Neural network training and performance

Training data

= Limited-memory BFGS optimization algorithm Min. value -52.4010
= Minimizing MSE loss function Median 27.9940
Max. value 52.5140

rnet = fitrnet(dataTrain, "Ff", ...
"ValidationData", dataTest, ...
“"Activations™, "tanh", ...

"Lambda", e.0e4, ...
"LayerSizes", [1@@ 100 1ee], ... ..
"Standardize", true, ... Tralnlng
"StoreHistory", true, ...
"Verbose", true); Test MSE 45217
2 Training History
107 ' ' ' ' ' ' ! ] R-squared 0.9974
—— Training|
—_ — Test
B
=)
S 5-fold cross-validation
[
D Max. loss 9.0095
©
3
4 Mean loss 5.8957
S 107 -
= | Std. deviation 3.1606
. . | | | | . S — Validation RMSE 2.4281
0 5 10 15 20 25 30 35 40 45

lteration
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Regression neural network friction model | Predicted Test Set Response |

40
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= Good overall performance

Predicted friction force
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Regression neural network friction model | Predicted Test Set Response A

40
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= Good overall performance

= Discontinuity hard to capture by NN regression model

Predicted friction force
o
|

A
o
T

Predicted |’
True

_60 P 1 1 1 L 1
60 ~ 40 -20 0 20 40 60
True friction force

Friction Force

60 Ll T Ll 1 Ll T Ll
---------------------------------------------------------- Fn I
40 +
20 [ Fo By
Lo
20 L
—— Neural network
—— Analytical 17Fn s

-0.06 -0.04 -0.02 0 0.02 0.04 0.06
Vg [m/s]
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Regression neural network friction model

= Good overall performance
= Discontinuity hard to capture by NN regression model

= Jump at the origin is smoothed out

Friction Force

60 T T
---------------------------- Fn I
777777777777777777777777777 Fn Iy
___________________________ an 7
—— Neural network
—— Analytical 1-F,n
-0.06 -0.04 -0.02 0 0.02 0.04 0.06
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Predicted Test Set Response
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Predicted friction force
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60 Friction Force (Closeup)
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Predicted Test Set Response /\

Regression neural network friction model

40

]
o
T

= Good overall performance

= Discontinuity hard to capture by NN regression model

Predicted friction force
o
|

= Jump at the origin is smoothed out

- . .. . -40 : .
= Threshold value for sliding velocity £ mitigates this problem _Fr’:ﬁg'ded
_60 \o./ 1 1 1 1 1
-60 -40 -20 0 20 40 60
True friction force
60 Friction Force 60 Friction Force (Closeup)
T Ll T T T | f T T 1
____________________________ F u AN N I ; —JF pu
n S 40 I : {/’_—7 n S
I I
1 1
| i
fffffffffffffffffffffffffff Fate 20 f-----mmmmmmmmmmm ot 11— F.
i i
» L 1 1
: 0 e=1x10"3 >
1 1
——————————————————————————— ot 20pr g A s RLMY T
| i
1 1
—— Neural network 40T ‘/i : ——Neural network
—— Analytical 1°Fn #g — 1 Fo---- —— Analytical 1Fn b
1 1 -60 1 1 1 I . 1 1 1 1
-0.06 -0.04 -0.02 0 0.02 0.04 0.06 -5 -4 -3 -2 -1 0 1 2 3 4 5
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s s ~
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Proceeding

I.  Setup of a transient 2-D plane-stress Finite Element model
[I.  Training and validation data generation

[ll.  Selection of a neural network for regression

IV. Network training and performance assessment

V. Neural network model deployment within FE simulation
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Cantilever beam Finite Element analysis

%107 y-displacement at the beam tip
8 -
— 6r
E
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Cantilever beam Finite Element analysis

x1073 y-displacement at the beam tip
T T I I T
8 -
— 6T
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Cantilever beam Finite Element analysis

F(x=L)N]
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—— Neural network
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%1073 y-displacement at the beam tip
T T I I I
——Neural network
— Analytical
0 0.2 0.4 0.6 0.8 1 1.2
Relative sliding velocity at the beam tip
T T I I I
-|—— Neural network
—— Analytical
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Outlook

* Find better hyperparameters or network architectures

» |ntroduce physics awareness in the ML model

* [ncorporate more features in the friction model

* Leverage data from real measurements
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Plug and play!
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Plug and play!

) GitHub

https://github.com/TUHH-DYN/
NeuralNetworkFrictionModel FEA
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Parameter values

Cantilever beam model Computational parameters
Beam length L 2m Damping B 1x 1072
Cross-sectional area A 0.01 m? Threshold for sliding velocity € 1 x 10-3 m
S
Moment of intertia 1 1  10-6 m® (Outer) time step size dt 1x107*s
12
Mass density p kg Abs. solver tolerence 1x107°
1000 —
m
Young‘s modulus E 1 N Rel. solver tolerance 1x1073
2x 101t —
m
Belt velocity v 002 2
S
Axial load F, 100 N
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Friction data sampling and partitioning

Inputs
1 I | I I

—— Entire data set (100 %)
—— Training data (70 %)

Outputs
T 1 1 | T

——Entire data set (100 %)
——Training data (70 %)

ook —— Test data (30 %) | 0.9+ —— Test data (30 %) i
08 - 08 7]
0.7 - 0.7 7]

0.6 [ 06 .

0.5

04 04 7

Empirical cumulative probability [-]
|

Empirical cumulative probability [-]
o
(]
I
1

03

I
e
w

T
|
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