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SUMMARY: “Pushing the envelope” is a phrase commonly used to refer to the action of approaching or 
exceeding known performance boundaries. “Model validation” refers to the assessment of the accuracy of 
computational simulations with respect to experimental reference data. Recent advances in computational 
capability, coupled with an increasing demand for computational predictive accuracy and the ever-increasing 
cost of experimental data, have driven an increased interest in model validation for the assessment and 
improvement of the predictive accuracy of finite element simulations for structural dynamics. In this paper, a 
general process of model validation is reviewed with regard to the current state of the practice and for each step 
of the process it is illustrated how modern techniques are “pushing the envelope” of this technology. 
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I. INTRODUCTION 

The phrase “pushing the envelope” is credited to the United States Air Force test pilots of the 1940’s who 
were attempting to break speed and performance records of aircraft. (Later the term was popularized by author 
Tom Wolfe in his book The Right Stuff [1] and the movie of the same name.) “Pushing the envelope” refers to 
the action of approaching or exceeding known performance boundaries.  

Model validation is an issue currently of great interest and discussion in the fields of computational 
structural mechanics and dynamics. Usually model validation is considered together with computer code 
verification as the “Verification and Validation (V&V)” process or the “Verification, Validation & Accreditation 
(VV&A)” process. A very succinct definition of the terms “verification” and “validation” can be found in 
Roache [2], who states that verification refers to “solving the equations correctly,” i.e. performing the 
computations in a mathematically correct manner, whereas validation refers to “solving the correct equations,” 
i.e. formulating a mathematical model and selecting the coefficients such that physical phenomenon of interest is 
described to an adequate level of fidelity. 

One definition that captures many of the important aspects of model validation is taken from the simulation 
sciences literature: 

“The substantiation that a model within its domain of applicability possesses a satisfactory 
range of accuracy consistent with the intended applications of the model” [3] 

This definition illustrates several important aspects of model validation: “Intended applications” emphasizes that 
model validation is a process that changes depending on the application of interest. For example, the dynamic 
response of a structure will be validated in a different manner depending upon the time scale, loading 
environment, response quantities, boundary conditions, and materials of interest. “Satisfactory range of 
accuracy” emphasizes that the accuracy of a model prediction is not an absolute quantity, but rather is a relative 
measure that should be brought to some level of adequacy rather than an absolute level of equivalence. “Domain 
of applicability” emphasizes that the validity of a model is defined over some domain of the model form and 
model parameters. For example, a model that is validated for the response of the first 6 global vibration modes 
may not be expected to perform well in a shock-response regime, because that regime is outside of the domain 
of applicability for that model. 

Further points can be made regarding the differences between verification and validation: In the opinion of 
the author, verification is inherently a property of the computational code while validation is inherently a 
property of the model. Thus, when one speaks of “verification”, one is referring to the reliability of the 
computational tool itself (e.g. a finite element code) to produce an adequately correct solution to the equations of 
interest using the coefficients, boundary, and initial conditions that are supplied. On the other hand, when one 
speaks of “validation,” one is referring to the correct formulation and discretization of the equations of interest, 
and the correct selection of appropriate coefficients, boundary, and initial conditions such that the model will 
accurately represent the physical phenomena of interest. Thus it is proper to speak of “code verification” and 
“model validation”, whereas it is improper to speak of “code validation” and “model verification.” 

What does it mean to “push the envelope” in model validation? First, as computational models become 
increasingly larger and more detailed, it is desirable to validate the increasingly complex mechanics as well as 
validate the performance of the sub-models (e.g. joint characteristics, material behavior) within the large models. 
Validation is also pushing beyond the current practices in structural dynamics by using novel signal response 
characteristics such as shock spectra, temporal moments, load-deflection curve features, and peak accelerations 
and strains, as opposed to linear vibration characteristics such as modal frequencies and model shapes. 

The envelope is also pushed via the use of multi-dimensional sensitivity analysis techniques to establish 
relationships between model parameters and response signal features. Formal experiment design techniques are 
used both for parameter screening (to reduce the dimensionality of the model parameter validation space) and to 
formulate metamodels (e.g. response surfaces) to bypass repeated evaluation of the complex computational 
model. Test-analysis correlation techniques are also being pushed beyond conventional limits by including the 
evaluation of fidelity metrics over a domain of the simulation parameters. 

Further pushing of the envelope occurs in the area of uncertainty analysis and quantification: Identifying 
sources of uncertainty in both the predictions and the measurements, propagating uncertainties on model input 
parameters to estimate the uncertainties on the response predictions, and performing statistical tests between 
simulation and experimental results to put a quantitative level of uncertainty on the model prediction. 
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The revision of model parameters and model form based on the results of test-analysis correlation is also an 
area where current practices are being expanded to include more systematic investigation of parameter revisions, 
changes to the conceptual model (e.g. inserting or deleting a contact surface, or changing from 2-D to 3-D 
analysis), and formal assessment of the predictive accuracy of a simulation to answer the question “How good is 
good enough?” 

Furthermore, in many (most?) industries, full-scale testing facilities are becoming increasingly expensive to 
maintain, and so measuring the global response of full-scale test articles is not as common as it once was. In 
cases where measurements of the global response of the system are not available, the validation of 
computational predictions must rely increasingly on partial information, such as tests at the sub-system level. 
This new constraint further pushes the boundary of model validation, and what it means to validate a model 
without a complete picture of the global response. 

II. Conceptual Modeling 

The first step in the model validation process is to conceptualize the mechanical phenomena that are to be 
validated. Typically a structural dynamics analysis problem will consist of some sort of complex assembly, 
consisting of constituent components and sub-assemblies. In this context the representation of sub-assemblies 
and components can be referred to as “sub-models.” The material constitutive relations can also be referred to as 
sub-models. The current state of the practice is often to attempt to validate global models of an entire assembly 
directly from test data taken on the entire assembly. This can be problematic if there are a large number of 
components or if the sub-models of the components contain complex connections, energy dissipation 
mechanisms, or constituent materials. Thus if there is an error in the prediction relative to the experimental 
measurement, it is difficult to diagnose which sub-model is inaccurate. 

An alternative to the global validation approach, and one that pushes the envelope of structural mechanics 
validation practice is to take a “top-down” viewpoint of the problem. That is, use the global structural model to 
identify those component mechanics that exhibit the most influence on the response quantities of interest and 
have significant uncertainty associated with them, and then isolate those mechanics for validation at the 
component level. An example of this approach is shown conceptually in Figure 1. 

Typically this type of approach will lead to a larger number of less expensive tests when compared to the 
system-level testing requirements. An additional consideration is how to set the level of complexity for the 
conceptual model of each sub-model component. If the conceptual model is too simple, then the mechanics of 
interest in the study are not captured. However, if the conceptual model is too complex, then it is difficult to 
diagnose what the problem with the model is, and the same difficulties exist as when validating a global model. 

 

Figure 1: Isolation of Assembly and Component Mechanics Sub-Models 

Component

System 

Assembly

III: Feature Definition and Extraction 

Another key area of model validation where the envelope of current practice is being pushed is in the area 
of feature definition and extraction. In this context, “features” are those characteristics of the simulation 
response signal that are of interest from a validation standpoint; i.e. these are the quantities that the engineer 
wishes to predict accurately using the computational model. 
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Current practice in structural dynamics leans most often towards using modal and Fourier-based quantities 
as validation features. For linear vibration response, these quantities, including modal frequencies and mode 
shapes, provide a sound basis for ascertaining whether the prediction of a computational model will adequately 
represent the overall dynamic response of a structure. However, when the dynamics travel outside the regime of 
linear vibration, these features may no longer be appropriate to use. For example, in the modeling of system 
shock response of the type shown in Figure 2, the overall data period may be too short to allow adequate 
frequency resolution for precise identification of modal quantities. Furthermore, the representation of the 
dynamics of such a response event may require so many modes as to be impractical. In this case, it is logical to 
push the envelope by asking what other signal characteristics might be appropriate to use for model validation. 

In the case of pyroshock (explosive) response, NASA has proposed criteria [4] such as peak amplitude, 
signal decay rate, temporal moments, and shock response spectra as appropriate features of the response signal. 
As another example, for large-deformation pseudo-static response as shown in Figure 3, the various slopes of 
the load-deflection curve and the inflection points in this curve can serve as appropriate features. In every case, 
the primary consideration should be what the model is going to be used to predict in conjunction with what type 
of data are available from the experiment. 

  

Figure 2: Shock Response of the  
LANL Threaded Assembly 

Figure 3: Features of a Pseudo-Static Response 
Curve 
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IV: Sensitivity Analysis and Parameter Screening 

Once the features of interest have been obtained, a sensitivity analysis can be performed on the simulation 
to determine which of the simulation input parameters (referred to here simply as “parameters”) exhibit the most 
effect on them. Typical input parameters are material properties, compliance and energy loss characteristics of 
joints, preload, friction coefficients, load magnitudes, boundary stiffnesses, etc. Current practice typically 
involves a local sensitivity analysis around the design point or the hypothesized analysis point, and often 
involves a central-difference calculation with respect to the parameters individually. 

To push the envelope in this area, a global sensitivity analysis can be performed.[5] First think about the 
range of interest for each of the simulation input parameters. Now envision a domain of input parameter values 
defined jointly by the ranges of the individual parameters. Global sensitivity analysis refers to the determination 
of the sensitivity with respect to the simulation input parameters over this entire domain of the simulation input 
parameters. Techniques such as Analysis of Variance (ANOVA) [6] and Bayesian effects analysis [7] can be 
employed to rank the importance of each parameter to the response features of interest. Typical results for this 
type of analysis can be seen in Figure 4, where an initial set of 12 parameters is ranked according to their 
relative effects on the feature of interest. This type of ranking provides a quantitative basis for the analyst to 
eliminate those parameters that do not contribute significantly to the response of the features of interest. Thus 
the validation study can be conducted more efficiently because the unimportant parameters have been 
eliminated. This process is known as parameter screening. [6] 
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 ANOVA Effects for 1st Temporal Moment
Figure 4: Parameter Screening Criteria applied 
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VI: Test-Analysis Correlation 

The “meat” of the model validation process is test-analysis correlation (TA
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Another form of TAC metric for linear structural dynamics involves a “hybrid” set
in the eigen-equation is defined using the mass and stiffness matrices from the c
measured mode shapes and frequencies, as shown in Equation 2: 
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Pushing the envelope of model validation allows a more general definition of
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Comparing Equation 3 and Equation 1 indicates that the modal frequency error an
of these generalized metrics. Expanding validation to the idea of a parameter dom
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measured feature points to the simulation metamodel surface ( )pŜ . Generally, we can represent the minimum 
distance between the two as: 
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p

i
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In the example shown in Figure 7, the distance is simply computed as the vertical distance (parallel to the feature 
axis) and then the norm across all four measurements is taken as the aggregate validation metric. 

 

Figure 7: Test-Analysis Correlation Using a Metamodel for the LANL Threaded Assembly 

 
 

VII: Uncertainty Analysis 

Uncertainty analysis can be thought of as defining and quantifying the uncertainties associated with the 
simulation outputs, defining and quantifying the uncertainties associated with the experimental measurements, 
and then defining statistical metrics that account for these uncertainties when computing the error between the 
prediction and the measurement. Uncertainties in the computational model typically arise from variability in or 
lack of knowledge about the simulation input parameters. Uncertainties in the experimental measurements are 
typically classified as arising from test-to-test repeatability (TTT) or unit-to-unit variability (UTU).  

Current practice is typically to altogether ignore uncertainties in computational results, to perhaps quantify 
test-to-test repeatability error in the experimental measurements, and then use deterministic metrics for TAC as 
shown in Section VI. Uncertainty analysis is one area where the envelope needs some serious pushing. The first 
area is the propagation of uncertainty from the simulation input parameters to the simulation response features. 
Sampling techniques such as Monte Carlo, Latin hypercube, and bootstrap are most commonly used to 
accomplish this propagation. Sensitivity-based techniques such as the Advanced Mean Value method can also 
be used. [10] 

Design of experiments techniques can be used to establish parameter values for the physical experiments to 
discriminate test-to-test variability (i.e. “random noise”) from the systematic effects of parameter variations. 
DoE techniques allow an efficient sampling of the space to minimize the number of required experimental runs. 
When uncertainty bounds can be established on either the computational or experimental results (or both!) then 
statistical metrics, such as Maximum Likelihood, Bayesian, and Kullback-Leibler relative entropy can be used. 
These metrics enable a statistical confidence level to be assigned based on the value of the metric. 

An example of this type of uncertainty analysis is shown in Figure 8 as applied to the pseudo-static crush 
behavior of a set of spherical steel marine floats. [11] The experiment is repeated several times to establish a 
baseline statistical distribution for the experimental response. Distributions on the input radius, thickness, elastic 
modulus, and yield stress are used as inputs for the computational uncertainty analysis. A Monte Carlo sampling 
method is used to propagate these uncertainties through the simulation to produce distributions on the response 
curves. These are shown overlayed with the experimental results in Figure 8. By extracting corresponding 
features from the experimental and simulated data, statistical metrics can be applied to evaluate the differences 
between the simulations and the experimental measurements. An example of this type of comparison using the 
Kullback-Leibler relative entropy is shown in Figure 9. 
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Figure 8: Test-Analysis Correlation Curve Overlay 
Using Uncertainty Analysis for Float Crush Experiment 

Figure 9: Comparison of Statistical Feature 
Distributions from Float Crush Experiment 
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VIII: Model Revision and Updating 

Once a metric has been defined between the computational and experimental feature values, it is useful to 
think about what types of modifications might be made to the computational model to improve the fidelity of the 
prediction. Current practice generally involves the localization of errors in the model using a force-residual 
approach (as in Equation 2) or displacement-residual approach, then the calibration or updating of parameter 
values to bring the model predictions into agreement with the measurements by minimizing some measure of the 
residual. 

Pushing the envelope of model revision, the types of revisions that can be brought to a model can be 
divided into two broad classes: conceptual revisions and parametric revisions. Conceptual revisions include 
changing the model’s form such as adding a contact between two surfaces, changing damping energy loss to 
frictional energy loss, changing a fixed boundary condition to a compliant condition, or changing from 2-D to 3-
D finite element modeling. Parametric revisions can be thought of as a generalization of the calibration/updating 
procedure that is common today. Given a metric between simulated and measured feature values, the parameters 
of the model are changed such that the magnitude of the metric is minimized. Because an optimization is 
involved in this process, utilizing a metamodel (especially a smooth metamodel such as a polynomial) greatly 
increases the computational efficiency and numerical conditioning of this task. 

IX: Assessment of Model Predictive Accuracy 

A final step in the model validation process is the assessment of the predictive accuracy of the resulting 
model. Looking at this step from an objective viewpoint, it is logical to expect that this assessment would be 
conducted using a data set that is independent of the data used to validate and revise the simulation model. 
However, current practice generally does not put this requirement upon an analysis. For example it is not 
uncommon to use a measured set of modal data to calibrate joint parameters in a structure, then turn around and 
show that that model now “predicts” that data set with a high degree of fidelity!  

Pushing the envelope in the assessment of model predictive accuracy, the first thing that is evidently 
needed is systematic criteria for defining the independence of the data sets used for model revision from those 
data sets used for predictive assessment. The neural network community has a very clearly defined structure for 
partitioning data into a “training set” to calibrate network coefficients, a “validation set” to measure the 
convergence of the coefficients as they are trained, and a “testing set” to establish the predictive accuracy of the 
resulting network. [12] To the author’s knowledge, a corresponding systematic approach has not been proposed 
in the field of structural dynamics, but would probably be quite beneficial. 

Another aspect of model predictive accuracy that is not formally addressed in structural dynamics is the 
concept of interpolative vs. extrapolative predictions. If one visualizes the domain of validation for a simulation 
as a volume in the parameter space, predictions made at parameter values that fall within the domain would be 
considered “interpolative,” while those that fall outside the domain would be considered “extrapolative.” 
Generally, interpolative predictions would seem to be more trustworthy than extrapolative predictions, so it 
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would be desirable to bound the validation space as large as possible to minimize the necessity for extrapolative 
predictions. 

A final area where the envelope should be pushed is to answer the question “how good is good enough?” 
That is, when is the fidelity of our simulation prediction in sufficient agreement with the experimental 
observations? Current practice is relatively silent on this issue, but there are examples of particular application 
fields that maintain standards for model predictive accuracy. Consider the standards of the aerospace industry 
for modal vibration models of launch payloads, as shown in Table 1. (Adapted from [13]). These standards 
provide a guideline for analysts, but they are not necessarily based on any particular underlying scientific limit – 
i.e. is 7% frequency error really that much worse than 4% frequency error? A better approach to answer the 
“how good is good enough?” question might be to set acceptability thresholds on the response predictions from 
the computational code based on the error tolerance of the prediction, then base the acceptance of models on 
those thresholds. Setting an acceptable margin for error in the response predictions seems to be the difficult part 
of this task. 

Table 1: Comparison Chart of Model Fidelity Criteria for Aerospace Launch Payloads 

Source Modal Freq. Error Off-Diagonal  
Test/Test Orthogonality 

Diagonal Test/Analysis 
Orthogonality 

NASA ’91 <5% < 0.1 > 0.9 

NASA ’96 <5% < 0.1 > 0.9 

US Air Force ‘99 <3% < 0.1 > 0.95 

 

X: Conclusions: What Does the Future Hold? 

This paper has described the progress of working towards generalized, systematic criteria for model 
validation of structural dynamics. The goal is to develop the ability to define experimental and simulation 
requirements to ensure that the computational model is validated according to some level of adequate fidelity 
with respect to experimental measurements over a domain of the simulation parameters. 

However, just because the requirements can be defined does not mean that they can be made affordable. 
Ultimately, it will not be possible to do an “absolutely thorough” job of model validation; compromises must be 
made. But the predictive accuracy of models cannot be validated without experimental data – i.e. we cannot get 
something for nothing. Thus there will probably be some fundamental limits to model predictive accuracy, 
especially for complex phenomena, when the parameter space cannot be fully explored experimentally. The best 
solution to this quandary may be to define “predictive accuracy confidence levels” as a function of the parameter 
domain, then demonstrate how these confidence levels improve with each additional experiment, as well as how 
they degrade with each fall of the budget axe! This will define a “penalty” to model accuracy for each 
experiment not conducted, as well as define the “cost per unit increase in confidence” or “dollars per additional 
confidence” associated with additional experimentation and simulation. 

In any case, it is certain that model validation will remain an issue of primary importance in the field of 
structural dynamics, and that as researchers we should continue to “push the envelope” of current technology to 
enable better and better validation of our models. 
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