
SAND
SAND20
Unlimite
Printed M

A M
Form
Sys

Samuel 

Prepared by
Sandia Nat
Albuquerqu

Sandia Nat
a wholly ow
National Nu

Approved fo

DIA RE
014-2373 
ed Release 
March, 201

ethod
m Err
tems 

P. Wallen a

y 
ional Laborator

ue, New Mexico 

ional Laborator
wned subsidiary 
uclear Security A

or public releas

PORT 

4 

d for t
ror As

and Matthe

ies 
 87185 and Liv

ies is a multi-pr
of Lockheed M

Administration u

e; further dissem

the Q
ssocia

ew R. Brake

vermore, Califor

rogram laborato
artin Corporatio
under contract D

mination unlimit

Quanti
ated w

e 

nia  94550 

ry managed an
on, for the U.S. 
DE-AC04-94AL8

ted. 

ificati
with P

d operated by S
Department of 
85000. 

on of
Physi

Sandia Corpora
Energy's  

f Mod
cal 

tion,  

del 



 
 
 

 

Issued b
by Sand
 
NOTIC
United 
nor any
make an
accuracy
disclose
to any 
manufac
recomm
their co
necessa
of their 
 
Printed 
availabl
 
Availab
 U.S
 Of
 P.O
 Oa
 
 Te
 Fac
 E-M
 On
 
Availab
 U.S
 Na
 52
 Spr
 
 Te
 Fac
 E-M
 On
 
 

 

by Sandia Nation
dia Corporation. 

CE:  This report
States Governm

y of their employ
ny warranty, exp
y, completeness

ed, or represent t
specific comm

cturer, or othe
mendation, or fav
ontractors or su
rily state or refl
contractors. 

in the United St
le copy. 

ble to DOE and D
S. Department o

ffice of Scientific
O. Box 62 
ak Ridge, TN  37

lephone: 
csimile: 
Mail: 
nline ordering: 

ble to the public f
S. Department o

ational Technical
85 Port Royal R
ringfield, VA  2

lephone: 
csimile: 
Mail: 
nline order: 

 

nal Laboratories

t was prepared a
ment.  Neither th

yees, nor any of
press or implied
s, or usefulness
that its use woul
mercial product
rwise, does no

voring by the Un
ubcontractors.  
ect those of the 

tates of America

DOE contractors
of Energy 
c and Technical 

7831 

(865) 576-8401
(865) 576-5728
reports@adonis
http://www.osti

from 
of Commerce 
l Information Se

Rd. 
2161 

(800) 553-6847
(703) 605-6900
orders@ntis.fed
http://www.ntis

2 

s, operated for th

as an account o
he United States
f their contracto

d, or assume any
s of any inform
ld not infringe pr
t, process, or 
ot necessarily c
nited States Gov

The views an
United States G

. This report has

s from 

Information 

.osti.gov 

.gov/bridge 

ervice 

dworld.gov 
.gov/help/orderm

he United States

of work sponsore
s Government, n
ors, subcontracto
y legal liability o
mation, apparatu
rivately owned r
service by tr

constitute or im
vernment, any ag
nd opinions exp
Government, any

s been reproduce

methods.asp?loc

s Department of

ed by an agency
nor any agency 
ors, or their emp
or responsibility
us, product, or 
rights. Referenc

rade name, trad
mply its endor
gency thereof, o
pressed herein 

y agency thereof

ed directly from 

c=7-4-0#online 

f Energy 

y of the 
thereof, 
ployees, 
y for the 

process 
e herein 
demark, 
rsement, 
r any of 
do not 

f, or any 

the best 



3

SAND2014-2373 
Unlimited Release 

Printed March 2014 

A Method for the Quantification of Model Form 
Error Associated with Physical Systems 

Samuel P. Wallen and Matthew R. Brake 
Component Science and Mechanics 

Sandia National Laboratories 
P.O. Box 5800 

Albuquerque, New Mexico  87185-MS1070 

Abstract 

In the process of model validation, models are often declared valid when the 
differences between model predictions and experimental data sets are satisfactorily 
small.  However, little consideration is given to the effectiveness of a model using 
parameters that deviate slightly from those that were fitted to data, such as a higher 
load level.  Furthermore, few means exist to compare and choose between two or 
more models that reproduce data equally well.  These issues can be addressed by 
analyzing model form error, which is the error associated with the differences 
between the physical phenomena captured by models and that of the real system. 
This report presents a new quantitative method for model form error analysis and 
applies it to data taken from experiments on tape joint bending vibrations. Two 
models for the tape joint system are compared, and suggestions for future 
improvements to the method are given. As the available data set is too small to draw 
any statistical conclusions, the focus of this paper is the development of a 
methodology that can be applied to general problems. 
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1. INTRODUCTION 
 
Model validation is the process of determining the degree to which a model is an accurate 
representation of the real world from the perspective of the intended uses of the model.  For 
physical systems, this is usually accomplished by comparing a set of model predictions to a set 
of experimental results and refining the model until the two data sets are in satisfactory 
agreement.  However, the following problems may arise: 
 

1. The error between the model predictions and the experimental data may be very sensitive 
to small variations in model parameters. 

2. It may be possible to find many models, each accounting for different physics, that 
appear to fit the range of experimental data equally well. 

 
Each of these problems appears because the physical phenomena taken into account by the 
models may not actually reflect the physics of the real system.  The discrepancy between 
modeled physics and the true physics of the system is called model form error (MFE).  In order 
for a particular model to be properly validated and be the most appropriate model, its MFE 
should be at a minimum. 
 
Currently, there are no widely accepted methods that can be used to quantify MFE while 
addressing the problems mentioned above.  Akaike’s entropy-based information criterion [1] is a 
method that is widely used throughout many different research fields, including economics, 
psychometrics, ecology, and medicine. This report proposes a new extension of Akaike’s 
entropy-based information criterion to calculate MFE based on the concept of minimizing 
information entropy [2, 3, 4] and use it to assess the validity of models representing physical 
systems.  The concept of minimizing information entropy in order to select the most appropriate 
physical model for an engineering system was first proposed in [5], and is summarized as 
selecting the model that exhibits the lowest amount of parameter variation in fitting a set of data.  
For instance, if two models are used to fit a set of data for a single system resulting in one model 
having parameters that vary significantly while the other model has parameters that vary by only 
a few percent, the model with the larger variation in fitted parameters is said to have a higher 
information entropy.  By minimizing the information entropy, it is hypothesized that the 
resulting model is more representative of the real system since the real system’s parameters 
should not be changing appreciably as a model with high information entropy would imply.   
 
As Akaike’s entropy-based information criterion is a widely adopted method in several branches 
of statistics, there have been numerous extensions and refinements of the method [6]. These 
extensions have developed metrics to assess the complexity of a model [7] since a very complex 
model can fit the data well without necessarily having any interpretable relationship with the 
physical phenomena [8]. The use of information entropy is further extended to calculating a 
fuzzy distribution of the inputs for different models from the fuzzy distribution of measured 
outputs [9].  Once the inputs are identified, the model that predicts the correct response space 
with the least aleatoric uncertainty in input parameters is identified as the optimal model to use. 
 
Other alternatives to Akaike’s information criterion, of course, exist [10]. One recent method is 
to use polynomial chaos to assess epistemic uncertainty when incomplete or approximate 
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distributions of parameters exist [11, 12], or when data is convoluted with aleatoric uncertainty 
[13]. The maximum likelihood estimation method is another approach, developed in parallel to 
Akaike’s information criterion, that deduces model parameters and statistical reliability from 
discrete time series [14, 15, 16]. 
 
In the following sections, the process for calculating MFE is presented, and the method is used to 
compare two models for bending vibrations in a tape joint (one linear model and one nonlinear 
model). This report concludes with suggestions for future improvements of the MFE calculation 
method.  
 
It should be noted that the intended purpose of this report is to introduce a new methodology for 
MFE quantification.  The available data set for the tape joint application is far too small for use 
in a real model validation, and the results presented here are only meant to illustrate an example 
application of this methodology.  While the results given are not intended to validate or 
invalidate any particular model, the authors hope that the methodology presented here will 
eventually be used in applications where larger, more reasonable amounts of data are available.    
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2. CALCULATION OF MODEL FORM ERROR 
 
The processes for calculating the various types of MFE are outlined below. 
 
 
2.1. Fundamental Quantities 
 
In order to calculate MFE, the following quantities must be defined: 
 

Table 1: Definition of fundamental quantities 
Variable Definition 

  The  parameter of fit for a model with  fitted parameters, fitted using 
the  data point. 

  The  feature of interest predicted by a model fitted using the  data 
point. 

  The  feature of interest taken from the  data point of a set of 
experimental data 

  A vector containing all  elements of . 
  A vector containing all  elements of . 
  A vector containing all  elements of . 

  The number of different features of interest. 
  The number of fitted parameters. 

  The model that maps the fitted parameters  onto the predicted features of 
interest , such that . 

  The inverse model of  that maps the experimental features of interest  
onto the fitted parameters  for the   data point, such that 
	 . 

 
Note that  and  must represent the same quantity in order to be compared, but  need not be 
the raw experimental data itself; it can be calculated later.   
 
 
2.2. Model Form Error 
 
The model form error for a particular model  and experimental data set  is defined by the 
following two-dimensional array: 
 

, ≡
1

≡
1

 

 
The superscripted indices represent the  data points, and the subscripted index represents the  
features of interest.  Here, two superscripted indices are used because the model predictions 
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calculated for each data point are compared with all data points; therefore,  has  
elements.  Each element is the RMS error of the  feature of interest predicted using the  
data point, where the mean under the square root is computed over the  data points. 
 
 
2.3. Model Form Error from a Distribution 
 
More generally,  can be sampled many times from  probability density functions derived 
from the experimental data using kernel density estimation.  The kernel density estimation 
process is detailed in Appendix E:.  In this case, the MFE must be calculated for every 
combination of sampled parameters.  Therefore, the model form error for a distribution of fitted 
parameters is defined by 
 

, ≡
1

≡
1

 

 
where  represents  different indices, one for each fitted parameter.  Each of these N indices 
takes on integer values from one to the number of samples collected for its respective parameter.  
Therefore,  has a number of elements equal to  
 

 

 
where  is the number of samples of the  fitted parameter. 
 
After  and  are calculated, they are displayed as  histograms.  Each histogram 
represents the MFE of a particular feature of interest for a particular model and experimental 
data set. 
 
 
2.4. Model Form Error Average 
 
In order to compare the MFEs from distributions of two or more models, a normalized average 
error taken over all features of interest must be defined: 
 

1
 

 
Thus two models may be compared as long as the same features of interest can be calculated 
from each. 
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In the results for the tape joint bending vibration problem presented later, the MFE of a model 
will refer to the model form error based on models fitted directly from the data (  above), 
the MFED of a model will refer to the model form error based on models with parameters 
sampled from a distribution that resembles the data (  above), and the MFEA of a model 
will refer to the average error over all features of interest (  above). 
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Figure 3: Histograms of the resonant frequency MFE and resonant amplitude MFE for the 

linear model. 
 
 
PDFs of the model natural frequency and damping ratio are generated using kernel density 
estimation.  These model parameters are sampled from the PDFs, and the MFED of the linear 
model is calculated.  The bandwidths of the kernel density estimators and the numbers of 
samples for the parameters are shown below in Table 2, and the MFED histograms are shown in 
Figure 4. 
 
 

Table 2: KDE bandwidths and number of samples for the linear model. 
 

Model Parameter KDE Bandwidth Number of Samples 
Natural Frequency 50 100 

Damping Ratio 0.0002 100 
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Figure 4: Histograms of the resonant frequency MFED and resonant amplitude MFED for 

the linear model. 
 
 
3.3. Duffing Oscillator Model Results 
 
The second model used to fit the tape joint FRF data is a single-degree-of-freedom Duffing 
oscillator.  The Duffing oscillator has linear stiffness and damping, but has an additional 
nonlinear stiffness parameter.  When normalized in the same manner as in [18], the Duffing 
model has four features of interest (jump-down frequency, jump-down amplitude, jump-up 
frequency, and jump-up amplitude), and two fitted parameters (nonlinearity parameter and 
damping ratio).  The tape joint FRF data contains curves for three loading conditions, each 
having the four features of interest; therefore, three data points are available for use with the 
Duffing model.  A detailed description of the Duffing model is presented in Appendix B:. 
 
The results that follow are obtained using the numerical continuation method described in 
Appendix B:.  The continuation method is more accurate than the analytical approximation 
method, but has a much longer computational time. 
 
The MFE for the Duffing model is shown as a histogram in Figure 5.  Note that only three data 
points are available for this particular analysis; in the case of a real model validation, many more 
data points would be necessary. 
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Figure 5: Histograms of the jump-down frequency MFE, jump-down amplitude MFE, 

jump-up frequency MFE, and jump-up amplitude MFE for the Duffing model. 
 
 
In the same way as is done for the linear model, PDFs of the nonlinearity parameter and damping 
parameter were generated using kernel density estimation.  These model parameters are sampled 
from the PDFs, and the MFED of the Duffing model iss calculated.  The bandwidths of the 
kernel density estimators and the numbers of samples for the parameters are shown below in 
Table 3, and the MFED histograms are shown in Figure 6. 
 
 
 

Table 3. KDE bandwidths and number of samples for the Duffing model. 
 

Model Parameter KDE Bandwidth Number of Samples 
Nonlinearity Parameter 1 X 10-6 50 

Damping Parameter 0.003 50 
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Figure 6: Histograms of the jump-down frequency MFED, jump-down amplitude MFED, 

jump-up frequency MFED, and jump-up amplitude MFED for the Duffing model. 
 
 
3.4. Comparison of Linear and Duffing Models 
 
In order to compare the two models, the MFED of the linear model had to be recalculated to 
match the features of interest of the Duffing model; that is, for each set of sampled linear model 
parameters, the resulting predicted features of interest had to be compared separately to the 
jump-up and jump-down features of the Duffing model.  The MFED of the linear model (with 
the features of interest of the Duffing model) is shown in Figure 7. 
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Figure 7: MFED of the linear model with the Duffing model features of interest. 

 
 
The MFEA of each model is calculated by finding the mean of each MFED across all features of 
interest.  The MFEAs of the linear and Duffing models are shown in Figure 8 and Figure 9, 
respectively. 
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Figure 8: MFEA of the linear model. 

 

 
Figure 9: MFEA of the Duffing model. 
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As shown in Figure 8 and Figure 9, the MFEA of the linear model (ranging from approximately 
30% to 600%) is much greater than that of the Duffing model (ranging from approximately 25% 
to 100%, with most values between 25% and 40%).  This result makes sense because the linear 
model has only one characteristic frequency and one characteristic amplitude that can be 
compared to the data, but the data clearly has two characteristic frequencies and two amplitudes 
per point.  Because the Duffing model naturally can accommodate all four features of interest 
present in the data, it has a much lower MFEA. 
 
 
3.4.1. Other Models to Consider 
 
While the MFEA of the Duffing model is generally much lower than that of the linear model, it 
still has more than 20% average error for all sampled parameter combinations.  This implies that 
it may be possible to find a model that fits the tape joint data with much less error. 
 
One suggested model to examine in future work is 
 

sin 	. 
 
This equation is similar to that of the Duffing oscillator, but has an additional term that allows 
the overall damping of the system to vary with the response amplitude.  According to [17], the 
nonlinearity in the FRF of the tape joint structure is thought to exist because some regions of the 
joined surfaces lose contact at high amplitudes of vibration; this produces the softening 
(reduction if stiffness) effect shown in the FRF data.  Using this proposed model, a reduction in 
damping at high amplitudes can also be accommodated by setting 0.  More detail about this 
model is given in Appendix C:. 
 
Another model to consider is the one-way compliant Duffing oscillator, given by  
 

∗ sin 	 
 

	
,			 0

0,			 0 	. 

 
This model is also similar to the ordinary Duffing oscillator; the only difference is that the 
nonlinear stiffness term is non-zero only when 0.  More detail about this model is given in 
Appendix D:. 
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4. FUTURE WORK 
 
The following subsections provide recommendations for improvements to be made to the MFE 
calculation process in the future. 
 
 
4.1. Bandwidth Selection 
 
If the MFEDs of two models describing a single physical system are calculated using KDEs with 
drastically different smoothness, it would not be reasonable to compare the two models on the 
basis of MFED.  This is because a KDE with a higher smoothness would allow much more 
variation in the sampling of model parameters for a single model, resulting in dramatic changes 
in the MFED.  Therefore, in order to make a fair comparison between the MFEDs of two or more 
models for a single physical system, the bandwidths of the KDEs used to sample the fitted model 
parameters should be chosen such that the KDEs are all of similar smoothness. 
 
While the smoothness of a KDE can be approximately determined by visual inspection of its 
plot, it is recommended that a systematic method for bandwidth selection be developed.  This 
would allow fairer comparisons between models on the basis of their MFEDs. 
 
 
4.2. Sampling from a Distribution 
 
When calculating MFED, a large number of model parameter values must be sampled from the 
distributions described by the KDEs.  While this process is simple in concept, there are some 
problems that arise in implementation. 
 
 
4.2.1. Finding Samples 
 
Currently, the fitted model parameters used in the calculation of MFED are sampled from the 
distributions defined by the KDEs using the following process: 
 
The cumulative probability density function KDEC of each KDE is found by computing 
 

	, 

 
where  is the mean of the model parameters taken directly from experimental data,  is the 
standard deviation, and  is a positive integer that can be adjusted.  This integral is calculated 
numerically, with the highest value of  usually being .  The positive integer  should be 
chosen so that the integral is a satisfactory approximation of  

 

	, 



26 

 
which is the true cumulative density function.  That is,  should be chosen such that  

 
0 

 
and  

 
1	. 

 
A random number generator is used to generate  numbers between 0 and 1, where  is the 
number of samples desired for the model parameter. 
 
Treating  as the independent variable and model parameter values  as the dependent 
variable, interpolation is used to find the values of  corresponding to  evaluated at the 
random numbers generated in the previous step.  The interpolated values of  are the  samples 
of the model parameter. 

 
 
4.2.2. Problems with this Method 
 
Depending on the shape of ,  may be difficult to compute accurately.  For 
example, the numerically computed vector of values describing  could jump up 
discontinuously from the first element, which is 0, to the second element.  This vector could also 
reach a value of 1 (within numerical precision) before the last element and remain at that value, 
which causes problems with the interpolation process (the interpolation function used in the tape 
joint application above requires the independent variable to increase monotonically). 
 
While there are some ways to work around these problems (increasing the value of  can 
sometimes help, for example), it would be beneficial to find a more sophisticated and more 
accurate way to find samples from a distribution.  This would ensure that the samples resemble 
their respective KDEs as closely as possible. 
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5. CONCLUSIONS 
 
In this work, a method for the quantification of model form error is developed and applied to 
data taken from experiments on tape joined structures.  As expected, the average error of the 
linear model is significantly greater than that of the Duffing model; this is due to the fact that the 
linear model has fewer characteristic frequencies and amplitudes than the data appeared to 
contain.  However, it is important to note that the data set used here is too small to convincingly 
validate or invalidate either model. Consequently, the present work is focused on developing a 
methodology that can be applied to a larger data set once it becomes available. 
 
With the improvements discussed in the previous section, the authors hope that the methods of 
model form error analysis presented here will become a useful aid in the process of model 
validation and uncertainty quantification.  
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APPENDIX A: EQUATIONS FOR LINEAR OSCILLATOR MODEL 
 
A diagram of the system described by the single-DOF linear oscillator model is shown in Figure 
10, where , , and  are the lumped mass, damping, and stiffness of the system, respectively, 
and  is the amplitude of a sinusoidal load with angular frequency .  
 

 
Figure 10. Schematic of Linear Oscillator Model 

 
The equation of motion for this system is  
 

sin . 
 
This equation can be re-written in the general form 
 

2 	 sin , 
 
where  

,					 ,				 ,				
2√

	.				 

 
Here,  is the natural frequency and  is the damping ratio; these are the fitted parameters of 
the linear oscillator model. 
 
An FRF plot of an example linear oscillator is shown in Figure 11.  The amplitude plot (as well 
as the amplitude plots shown in the models explained later) is color-coded for stability, with blue 
points representing stable responses and red points representing unstable responses.  The real and 
imaginary parts of the eigenvalues that determine stability are also shown.  Note that all 
responses are stable for the linear oscillator. 
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Figure 11: FRF of a linear oscillator in terms of the amplitude, real part of the stability 

variable (where values greater than 0 indicate unstable responses), and imaginary part of 
the stability variable. 

 
Note that the FRF in Figure 11 has been normalized to the natural frequency, so only the 
damping ratio affects the response. 
 
 
Model and Inverse Model Functions 
 
A plot of the FRF for the normalized position  has a single resonance peak with frequency 
given by 
 

	 1  
 
and amplitude given by  
 

,
1
2
. 

 
These resonance values are the features of interest of this system. 
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Therefore, the model and inverse model functions for this system are given by 
 

1
1
2

,
, 

 

,

1
1

2 ,

. 

 
Note that in application, the inputs given to  are taken from experimental data and the inputs 
to  are either the outputs of  or parameters sampled from a distribution with peaks centered 
around those outputs.  To calculate MFE and MFED, the inputs of  are compared to the 
outputs of  for every combination of data points (as well as every combination of sampled 
model parameters in the case of MFED). 
 
 
Summary 
 
A summary of the parameters and functions used for this model in the context of the definitions 
given in Section 2 is shown below in Table 4. 
 
 

Table 4. Summary of Linear Oscillator Model 
 

Object(s) from General Definition Corresponding Object(s) from Linear Model 

Features of interest,  (observed) and  
(calculated) 

 and ,  

Model parameters,  (directly from data) and 
 (sampled from PDF) 

 and  

Model function,  
 

 

Inverse model function,  
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APPENDIX B: EQUATIONS FOR DUFFING OSCILLATOR MODEL 
 
A diagram of the system described by the single-DOF Duffing oscillator model is shown in 
Figure 12, where , ,  and  are the lumped mass, damping, linear stiffness, and nonlinear 
stiffness of the system, respectively, and  is the amplitude of a sinusoidal load with angular 
frequency . 
 

 
Figure 12. Schematic of Duffing Oscillator Model 

 
The equation of motion for this system is 
 

sin 	. 
 
If 0, the oscillator is said to be hardening because the total stiffness of the system increases 
as the response amplitude grows large, and the point of maximum response shifts to a higher 
frequency.  Conversely, if 0, the oscillator is said to be softening because the total stiffness 
of the system decreases as the response amplitude grows large, resulting in a downward shift in 
the point of maximum response. 
 
Analytical equations approximating the features of interest of the Duffing model are derived in 
[18], where the equation of motion is normalized as  
 

2 sin Ω , 
  
where 
 

,				 ,				 ,				 ,				
2

,				 ,				Ω 	. 

 
Here,  is the nonlinearity parameter and  is the damping parameter; these are the fitted 
parameters of the Duffing oscillator model.  Note that the notation used in [18] has been altered 
to maintain consistency with the rest of this report; the nonlinearity parameter  and the forcing 
function using  in [18] have been replaced here with  and , respectively. Also, it is 
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important to note that  depends on both the nonlinear spring constant  and the forcing 
amplitude . 
 
A plot of the FRF for the normalized position  versus the normalized frequency Ω for a Duffing 
oscillator has two characteristic frequencies and two corresponding characteristic amplitudes, 
each representing an apparent instantaneous jump in the response amplitude.  These jumps occur 
because there is a segment of the FRF that is unstable; the responses in this regime can be 
identified mathematically, but cannot be seen in experiments.  The jump-down frequency Ω  and 
jump-down amplitude  are the maximum response of the system.  The point Ω 	,  on the 
FRF appears in experiments only when the forcing frequency is swept in the direction with the 
same sign as the nonlinear stiffness parameter  (the positive direction for hardening systems 
and the negative direction for softening systems).  It is followed immediately by a very sharp 
drop in response amplitude as the unstable regime is skipped over.  When the forcing frequency 
is swept in the opposite direction, the jump-up frequency Ω  and jump-up amplitude  are 
identified as the unstable regime is skipped over and the response amplitude undergoes a sharp 
increase.  An FRF of an example Duffing oscillator with color coding for response stability is 
shown below in Figure 13, along with the real and imaginary eigenvalue parts. 
 
 

 
Figure 13: FRF of a linear oscillator in terms of the amplitude, real part of the stability 

variable (where values greater than 0 indicate unstable responses), and imaginary part of 
the stability variable. Blue points in the amplitude plot represent stable responses, and 

red points represent unstable responses. 
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The features of interest for this system are Ω , , Ω , and .  They can be calculated by using 
analytical approximations derived in [18], or more accurately by plotting the Duffing oscillator 
FRF for given values of  and .  The latter method uses a numerical continuation algorithm to 
generate an FRF, and the features of interest are found via inspection of the plot.  This method 
tends to be more accurate than the first, but is much more computationally expensive.  Theory 
and implementation of the numerical continuation process are detailed in Appendix F:.  Both 
methods will be explained in detail in what follows. 
 
 
Model and Inverse Model Functions 
 
 
Using Analytical Approximations   
 
As was derived in [18], the equations for the features of interest as functions of the fitted 
parameters  and  are given by 
 

Ω
1

2 ⁄ 1 1
3
4

⁄ ⁄

, 

 

2
3

1
3
4

⁄

1

⁄

, 

 

Ω
1

1
2
3
2

⁄

| | ⁄ , 0	

1
1
2
3
2

⁄

| | ⁄ , 0

			, 

 
2
3

⁄ 1
| | ⁄ 	. 

 
 
Therefore, the model function for this system is given by 
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1
2 ⁄ 1 1

3
4

⁄ ⁄

2
3

1
3
4

⁄

1

⁄

1
1
2
3
2

⁄

| | ⁄ , 0	

1
1
2
3
2

⁄

| | ⁄ , 0

2
3

⁄ 1
| | ⁄

Ω

Ω 	. 

 
 
By examining the products Ω  and Ω , it is possible to rearrange the equations for the 
features of interest to obtain more convenient expressions for the fitted model parameters: 
 

| |

2
3
Ω

3
4

, 0

2
3
Ω

3
4

, 0

	, 

 
1

2Ω
	. 

 
Using these expressions, the two model parameters can be fitted using contributions from all four 
features of interest.  Therefore, the inverse model function for this system is given by 
 
 	

Ω

Ω

2
3
Ω

3
4

, 0

2
3
Ω

3
4

, 0

1
2Ω

. 

 
 
Using Numerical Continuation 
 
Using continuation, a plot of the FRF of the Duffing system for given values of  and  can be 
generated, and the features of interest can be determined by inspection of the data in the plot.  
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The model function  is therefore a simple process of plotting the FRF curve and 
determining which data points correspond to the features of interest. 
 
For the inverse model , an optimization method must be used to generate an FRF with 
minimal error between the computed features of interest and the observed ones.  This may 
require many continuation runs, which makes the computation time much higher than that of the 
analytical method.  Also, if the static (zero-frequency) response of the system isn’t shown in the 
experimental data, the linear natural frequency  and the mass  must be assumed so that the 
data may be normalized according to the method described above.  In that case,  and  may 
need to be optimized as well. 
 
 
Summary 
 
A summary of the parameters and functions used for the Duffing Oscillator model in the context 
of the definitions given in Section 2 is shown below in Table 5. 
 
 

Table 5. Summary of Duffing Oscillator Model 
 

Object(s) from General Definition Corresponding Object(s) from Duffing Model 

Features of interest,  (observed) and  
(calculated) 

Ω , , Ω , and  

Model parameters,  (directly from data) and 
 (sampled from PDF) 

 and  

Model function,  
 

 

Inverse model function,  
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APPENDIX C: DUFFING MODEL WITH AMPLITUDE-AFFECTED 
DAMPING 

 
Future work may include an MFE analysis for the Duffing model with amplitude-affected 
damping (DMAAD), with an equation of motion is given as 
 

sin 	. 
 
In addition to the nonlinear stiffness term seen in the Duffing oscillator, the DMAAD has a 
nonlinear damping term that scales with the square of the position.  This means that the overall 
damping of the system increases with amplitude if 0 and decreases if 0. 
 
When normalized, the DMAAD has three fitted parameters:  (nonlinear stiffness parameter),  
(linear damping parameter), and  (nonlinear damping parameter).  The normalized equation of 
motion is given by 
 

2 sin Ω , 
  
where 
 

,				 ,				 ,				 ,				 ,				
2

,				 ,				Ω 	. 

 
 
The DMAAD has the same four features of interest as the ordinary Duffing oscillator.  However, 
analytical approximations are not available, so the MFE must be calculated using numerical 
continuation (as shown in Appendix F:).  
 
An FRF of an example DMAAD that has been color-coded for stability (along with the 
corresponding real and imaginary eigenvalue parts) is shown below in Figure 14. 
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Figure 14. FRF of a Duffing oscillator with amplitude-affected damping in terms of the 

amplitude, real part of the stability variable (where values greater than 0 indicate 
unstable responses), and imaginary part of the stability variable. Blue points in the 

amplitude plot represent stable responses, and red points represent unstable responses. 
 
 
It should also be noted that if the value of  is negative and sufficiently large, the overall 
damping of the system can become negative at large amplitudes.  This may result in the 
appearance of a regime with no stable response in the FRF.  This phenomenon is not physical to 
the tape joint system, but provides some interesting theoretical dynamics nonetheless.  An FRF 
of an example DMAAD with parameters resulting in negative overall damping at large 
amplitudes is shown below in Figure 15. 
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Figure 15. FRF of a DMAAD with negative overall damping with amplitude-affected 

damping in terms of the amplitude, real part of the stability variable (where values greater 
than 0 indicate unstable responses), and imaginary part of the stability variable. Blue 

points in the amplitude plot represent stable responses, and red points represent 
unstable responses. 
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APPENDIX D: ONE-WAY COMPLIANT DUFFING OSCILLATOR 
MODEL 

 
Future work may include an MFE analysis for the one-way compliant Duffing model, whose 
equation of motion is given by  
 

∗ sin 	 
 

	
,			 0

0,			 0 	. 

 
When normalized, this equation takes on the same form as that of the ordinary normalized 
Duffing equation, except that  is replaced by  
 

	 1
,			 0

0,			 0
		. 

 
The one-way compliant Duffing oscillator has the same four features of interest as the ordinary 
Duffing oscillator.  However, analytical approximations are not available, so the MFE must be 
calculated using numerical continuation (as shown in Appendix F:). 
 
An FRF of an example one-way compliant Duffing oscillator that has been color-coded for 
stability (along with the corresponding real and imaginary eigenvalue parts) is shown in Figure 
16.  
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Figure 16. FRF of a one-way compliant duffing oscillator in terms of the amplitude, real 
part of the stability variable (where values greater than 0 indicate unstable responses), 
and imaginary part of the stability variable. Blue points in the amplitude plot represent 

stable responses, and red points represent unstable responses. 
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APPENDIX E: KERNEL DENSITY ESTIMATION 
 
Kernel density estimation provides a convenient way to estimate the PDF of a distribution for 
which limited data is available.  For example, given a set of  experimental data points , the 
PDF of the data  can be estimated using a kernel density estimator defined by 
 

1
	, 

 
where  (known as the kernel) is a symmetric function satisfying 
 

1 

 
and  (known as the bandwidth) is a smoothing parameter.  A common kernel (the one used in 
the tape joint bending application earlier) is the standard normal density function  defined by 
 

1

√2
. 

 
The bandwidth  is crucial in determining the shape of KDE.  If  is too small, KDE will have 
very sharp, distinct peaks centered on the experimental data points.  If  is too large, KDE will 
appear as a single smooth hump with no distinct peaks to identify the experimental data. 
 
After one KDE is calculated for each fitted model parameter, the KDEs can be used to sample a 
large number of model parameters from distributions that approximate the distributions of the 
samples taken from experiments.   can then be calculated by comparing the model-
predicted features of interest for every combination of sampled model parameters with each 
available experimental data point.  
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APPENDIX F: NUMERICAL CONTINUATION METHOD 
 
Numerical continuation is a method used to examine the behavior of a system of equations with 
changes in a free parameter.  When given a single solution to a system with a free parameter, a 
continuation method finds a branch of new solutions corresponding to new values of that 
parameter.  The particular algorithm that was used to compute the Duffing oscillator FRFs 
mentioned earlier is called pseudo-arclength continuation.  Pseudo-arclength continuation is 
accomplished using the following process: 
 

1. An initial guess is provided. 
 This guess should be close to a solution of the system of equations if possible. 
 

2. A starting solution is calculated. 
 A Newton-Raphson method is used to find a starting solution close to the initial 

guess. 
 

3. A predictor-corrector method is used to calculate a branch of solutions. 
a. Prediction step: 

 The current solution is used to predict the next solution along the branch.  
In pseudo-arclength continuation, the prediction is made in a direction 
tangent to the branch. 

b. Correction step: 
 The predicted solution is used as the initial guess of a Newton-Raphson 

procedure that should converge on a new solution.  In this case, an 
additional equation is used to constrain the corrections to be orthogonal to 
the prediction. 

 If a solution is obtained, step 3 is repeated until some stopping criterion is 
met. 

 If a solution is not found (meaning convergence criteria were not met) 
within some predetermined number of iterations, the step size of the 
prediction is reduced, a new prediction is calculated, and the correction 
step is restarted using the new prediction. 

 
To create the Duffing oscillator FRFs, the pseudo-arclength continuation method is used to 
compute a branch of periodic orbits with the forcing frequency as the free parameter.  The 
process for finding periodic orbits using continuation (including the steps listed above) is 
explained in detail in [19].  Using the branch of periodic orbits, vibration amplitudes are 
calculated for each frequency.  These amplitudes are plotted as a function of frequency to obtain 
the FRFs.  From each FRF, the features of interest of the Duffing model are obtained.  An 
example FRF is shown in Figure 17. 
 



 
 

Figure 17
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Oscillator FRF with Feaatures of Innterest 
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