
 
 
General rights 
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright 
owners and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights. 
 

 Users may download and print one copy of any publication from the public portal for the purpose of private study or research. 

 You may not further distribute the material or use it for any profit-making activity or commercial gain 

 You may freely distribute the URL identifying the publication in the public portal 
 
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately 
and investigate your claim. 
  
 

   

 

 

Downloaded from orbit.dtu.dk on: May 23, 2023

Multiphysical tolerance analysis – Assessment technique of the impact of the model
parameter imprecision

Dantan, Jean-Yves; Eifler, Tobias; Homri, Lazhar

Published in:
Procedia CIRP

Link to article, DOI:
10.1016/j.procir.2020.05.192

Publication date:
2020

Document Version
Publisher's PDF, also known as Version of record

Link back to DTU Orbit

Citation (APA):
Dantan, J-Y., Eifler, T., & Homri, L. (2020). Multiphysical tolerance analysis – Assessment technique of the
impact of the model parameter imprecision. Procedia CIRP, 92, 206-211.
https://doi.org/10.1016/j.procir.2020.05.192

https://doi.org/10.1016/j.procir.2020.05.192
https://orbit.dtu.dk/en/publications/597f2c0b-abdc-438f-8659-371c35b8d756
https://doi.org/10.1016/j.procir.2020.05.192


ScienceDirect

Available online at www.sciencedirect.comAvailable online at www.sciencedirect.com

ScienceDirect
Procedia CIRP 00 (2017) 000–000

  www.elsevier.com/locate/procedia 

2212-8271 © 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 

28th CIRP Design Conference, May 2018, Nantes, France

A new methodology to analyze the functional and physical architecture of 
existing products for an assembly oriented product family identification 

Paul Stief *, Jean-Yves Dantan, Alain Etienne, Ali Siadat 
École Nationale Supérieure d’Arts et Métiers, Arts et Métiers ParisTech, LCFC EA 4495, 4 Rue Augustin Fresnel, Metz 57078, France 

* Corresponding author. Tel.: +33 3 87 37 54 30; E-mail address: paul.stief@ensam.eu

Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 
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1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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Abstract 

Tolerance analysis is a well-accepted key element in industry for ensuring product quality as well as for reducing manufacturing costs. At the 
same time, and particularly in light of the recent advances in simulation technology, tolerancing decisions are also becoming increasingly 
important during earlier stages of design. One critical task hereby is the simulation of the “real-world” behavior of the product with minimum 
uncertainty, i.e. the calculation how geometrical deviations impact the mechanical behavior and/or multiple simultaneous physical phenomena in 
a multiphysical system. Given the short iterations in design, this usually represents a compromise between two contradictory requirements: an 
acceptable computation time and the accuracy of the results. The presented paper addresses this challenge by presenting a framework to assess 
the impact of model parameter uncertainty of the multiphysical system behavior on the accuracy of the results. The framework integrates evidence 
and probability theories to propagate geometrical variability and model imprecision for tolerance analysis. The information regarding geometrical 
variability is modelled using probability distributions; and the information regarding the model imprecision is more faithfully modelled using 
families of probability distributions encoded by probability-boxes (upper & lower cumulative distribution functions). Monte Carlo simulation is 
used for probabilistic analysis while nonlinear optimization is used for interval analysis. 
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1. Introduction 

As performance requirements are continuously tightened, 
the cost and the required precision of assemblies increase as 
well. For industry, this implies a need for a coherent tolerance 
design approach as a key element for improving product quality 
and decreasing the manufacturing cost. However, particularly 
in the quick iteration cycles of early product design, it is still a 
significant challenge to simulate the “real-world” behavior of 
the product with the minimum of uncertainty [3] [22]  

In light of the above, one of the main scientific challenges 
concerns the development of approaches for propagating the 
impacts of geometrical deviations on the mechanical behavior 
or/and multiple simultaneous physical phenomena, hereinafter 
referred to as multiphysics tolerance analysis. For this purpose, 

it is necessary to simulate the influences of component 
deviations on the geometrical behavior and subsequently on the 
multiphysical behavior of the overall product (multiphysics 
refers to simulations that involve multiple physical models or 
multiple simultaneous physical phenomena). These behavior 
models need to include geometrical deviations of each 
component (position, orientation, size and form deviations) and 
relative displacements between components according to the 
gap [9] Furthermore, these models depend on a set of 
parameters: parameters of the multiphysics behavior laws and 
external parameters defined by the external environment. As 
the latter is often not controllable by the designer, the concrete 
values of these parameters are usually subject to significant 
imprecisions or uncertainties with a high influence on the 
accuracy of results. 
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1. Introduction 

As performance requirements are continuously tightened, 
the cost and the required precision of assemblies increase as 
well. For industry, this implies a need for a coherent tolerance 
design approach as a key element for improving product quality 
and decreasing the manufacturing cost. However, particularly 
in the quick iteration cycles of early product design, it is still a 
significant challenge to simulate the “real-world” behavior of 
the product with the minimum of uncertainty [3] [22]  

In light of the above, one of the main scientific challenges 
concerns the development of approaches for propagating the 
impacts of geometrical deviations on the mechanical behavior 
or/and multiple simultaneous physical phenomena, hereinafter 
referred to as multiphysics tolerance analysis. For this purpose, 

it is necessary to simulate the influences of component 
deviations on the geometrical behavior and subsequently on the 
multiphysical behavior of the overall product (multiphysics 
refers to simulations that involve multiple physical models or 
multiple simultaneous physical phenomena). These behavior 
models need to include geometrical deviations of each 
component (position, orientation, size and form deviations) and 
relative displacements between components according to the 
gap [9] Furthermore, these models depend on a set of 
parameters: parameters of the multiphysics behavior laws and 
external parameters defined by the external environment. As 
the latter is often not controllable by the designer, the concrete 
values of these parameters are usually subject to significant 
imprecisions or uncertainties with a high influence on the 
accuracy of results. 
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A significant amount of research has been devoted to the 
definition and classification of the uncertainty, often separated 
into two types: aleatory and epistemic [1] [10] [11] [22] [25] 
[26] Epistemic uncertainty is due to the lack of knowledge or 
the incompleteness. Some studies on Probability Risk 
Assessment propose to split the epistemic uncertainty further 
into the following three categories: parameter, model, and 
completeness uncertainty [2]    

Parameter uncertainty describes limited knowledge about 
parameter values due to expert judgments or small samples of 
recorded data. 

Model uncertainty describes the inaccuracy of the used 
model, including (1) Indefiniteness in its comprehensiveness, 
(2) Indefiniteness in its characterization 

Completeness uncertainties describes whether all 
significant phenomena and relationships have been considered 
in the PRA (Probabilistic Risk Analysis).  

Despite numerous classifications available, a systematic 
approach to consider epistemic uncertainty in a multiphysics 
tolerance analysis is still lacking. This contribution addresses 
this challenge by proposing a corresponding assessment 
framework. Using the example of parameter uncertainty from 
the classification above, the aim is twofold: (1) to illustrate the 
extent to which the accuracy of a tolerance analysis depends on 
the given epistemic uncertainty; and (2) to suggest a potential 
calculation procedure for an efficient analysis.  

Section 2 deals with the taxonomy of tolerance analysis 
issues, their mathematical formulations and the specific issue 
of a multiphysics tolerance analysis. Section 3 presents the 
proposed framework to assess the impact of the parameter 
imprecisions based on the probability-boxes (upper & lower 
cumulative distribution functions). In section 4, an application 
of the framework is demonstrated through an industrial case 
study, followed by a conclusion in section 5. 

2. Tolerance Analysis vs Multiphysics Tolerance Analysis 

In 2012, we provided an overview of tolerance analysis 
formulations and a classification of corresponding issues based 
on the type of the underlying behavior model [9] The behavior 
model is understood as the assembly response function, 
representing the deviation accumulation based on a 
parameterization of deviations from a theoretically ideal 
geometry of each individual component. The deviations and 
gaps are described by: 
 X={x1, x2, …., xn} are the parameters which represent 

each deviation of the components making up the 
mechanism; 

 G={g1, g2, …., gm} are the parameters which represent 
each gap between components. 

The analytic formulation of tolerance analysis takes into 
account the influence of geometrical deviations on the 
geometrical behavior of the mechanism and on the geometrical 
product requirements; all geometrical phenomena are modeled 
by constraints [10] Erreur ! Source du renvoi 
introuvable.[18] :  
 Cc(X,G)= 0    Composition relations of displacements 

in the various topological loops that express the 
geometrical behavior of the mechanism;  

 Ci(X,G) ≤ 0 and Ci*(X,G) = 0      Interface constraints 
that limit the geometrical behavior and characterize 
non-interference between substitute surfaces, which are 
nominally in contact; 

 Cf(Y,X,G) ≤ 0       Functional requirement that limits 
the geometrical deviations between surfaces, which are 
in functional relation. 

In the case of analytic formulation, many works have been 
devoted to tolerance analysis techniques: worst-case 
techniques and probabilistic techniques Erreur ! Source du 
renvoi introuvable.[22]  

In the case of a multiphysics system, the geometrical 
deviations influence some non-geometrical functional 
requirements. To propagate the geometrical deviations on these 
requirements, an analytic formulation cannot possibly be used. 
Therefore, the estimation of the functional characteristics Y is 
computed by the numerical simulation:  

 
Y=fnumerical simulation(X) or Y=fnumerical simulation(X,G) (1) 
 
In this case, there exists a strong need for statistical tolerance 

analysis to estimate two probabilities with high-precision [10]   
 PA: the probability of the assemblability. The 

assemblability condition describes the essential 
condition for the existence of gaps that ensure the 
assembly of the components in the presence of part 
deviations: 
 
PA = Proba(Ci(fns(X,G)) ≤ 0)  (2) 
 

 PFR: the probability of fulfilling the functional 
requirements. The functional condition describes that 
the functional requirements must be verified for all gap 
configurations: 
 
PFR = Proba(Cf(fns(X,G)) ≤ 0, G{G  Rm : behavior 
conditions are respected})   (3) 
 

Currently, many studies deal with tolerance analysis based 
on numerical simulation:  

In 1997, Ceglarek et al [5]  proposed a mechanical FEM 
modeling of compliant parts to predict assembly variation, 
using the influence coefficients method to evaluate the parts’ 
and whole assembly’s sensitivity matrix. Then, they proposed 
a methodology aimed to the prediction of dimensional variation 
considering complex hierarchical assembly trees. The results 
highlights that the propagation of variation during assembly is 
driven by the stiffness of the parts and sub-assemblies being 
assembled. 

Other technical papers addressing the problem of defining a 
methodology for tolerance stack-up analysis of compliant 
assembly were developed: [4] [7] [19] [20] [23]  

The first step of current approaches is to define the 
compliance and sensitivity matrix of each part by means of 
influence coefficients. The sensitivity matrix is computed once 
for all by FEM, with the parts located on a set of isostatic 
locators and then applying a unit displacement to the 
overconstrained joint at each part. The forces and deformations 
are stored. The compliance matrix of the whole assembly is 
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computed similarly applying a unit force on each joint. The 
displacement resulting on the control points can be defined as 
a linear combination of the effects computed on parts and 
assembly [7]  

While the approaches are well suited for Monte Carlo 
simulations, i.e. to calculate the probability function of 
variations and their contributors, this is usually a very time 
consuming step. Furthermore, the existing approaches 
essentially focus on the behavior model of flexible parts with 
applications in aerospace, automotive and appliance industries, 
without considering model imprecision or model uncertainty 
(the model of the physical behavior is supposed perfect). The 
following section therefore focuses on the impact of this 
imprecision and its assessment technique. 

3. Assessment technique of the impact of the model 
parameter imprecision 

The propagation of parameter uncertainty is an essential part 
of robust design approaches [6] including a clear distinction 
between internal, controllable parameters and external, non-
controllable parameters. At the same time, this focus has been 
seldomly considered in tolerancing though. Adopting the 
Robust Design viewpoint, this contribution therefore considers 
both, parameter uncertainties and Model uncertainty, as a form 
of epistemic uncertainty [25] [26] defines the accuracy of a 
mathematical model to describe an actual physical system of 
interest. All models are unavoidably simplifications of the 
reality that leads to a disturbing conclusion: every model is 
definitely false. In this paper, we consider only the Parameter 
uncertainties. 

Parameter uncertainty comes from the model parameters 
that are inputs to a multiphysics behavior model but whose 
exact values are unknown and cannot be controlled in reality. 
Differentiating uncertain model parameters from all 
geometrical deviations, the mathematical formulation of the 
response function is: 

 
Y=fnumerical simulation(X,G,MP)   (4) 
With: 
X: all geometrical deviations of each component 
G: all gaps (geometrical displacement between surfaces that 

are nominally in contact) 
MP: all model parameters (parameters of the multiphysics 

behavior laws and external parameters (external parameters are 
defined by external environment in which the designer does not 
have control over))  

 
Existing work on robust design predominately use classical 

probabilistic models and Monte Carlo simulations to assess the 
impact of parameter uncertainty [6] [8] also in form of usual 
sensitivity measures [17] These approaches require knowledge 
of the probabilistic distribution of each input variable, in order 
to specify the dependency structures between all input 
variables and to perform numerical analyses for evaluating the 
output uncertainty. That means that corresponding approaches 
on the one hand are based on a great amount of information and 
lengthy computations. On the other hand, they often require 

additional assumptions as a similar information level of all 
input factors is needed [16]  

An alternative approach is to use interval analysis to 
calculate the propagation of uncertainty. Instead of a full 
probabilistic distribution, it is assumed that only the intervals 
in which each parameter may vary are known, resulting in a 
best and worst case calculation. Compared to probabilistic 
analysis, interval analysis can therefore be seen as a 
conservative analysis.  

To cover both aspects in the analysis, the here suggested 
approach combines the probabilistic analysis and interval 
analysis. Based on the classification above, i.e. all geometrical 
parameters (X and G) as well as all further model parameters 
(MP), it can be stated that the mathematical formulation 
includes aleatory uncertainty, which is X, as well as parameter 
imprecision, which affects MP. An algorithm is proposed based 
on statistical sampling power of Monte Carlo simulation and 
on optimization to find the worst gap configuration in case of 
uncertaint MPs. A general flow chart describing the module for 
uncertainties propagation is shown in Figure 1.  
 

Fig. 1. General scheme of Tolerance analysis and Parameter uncertainty 
assessment by Monte Carlo simulation. 

The suggested approach adopts the idea of belief and 
plausibility measures from evidence theory [12] [14] [24]. 
While geometrical variability is modelled using probability 
distributions resulting in a cumulative distribution function 
(CDF) for the investigated oil flow, the model imprecision is 
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modelled more faithfully using families of probability 
distributions encoded by probability-boxes. These results are 
represented as cumulative belief and plausibility functions, 
shown as dotted lines in Fig. 1, and can be interpreted as the 
lower and upper bounds of a probability measure. 

In summary, the proposed framework includes: 
- Statistical tolerance analysis without taking into 

account the parameter imprecision, (CDF without 
consideration of epistemic uncertainty) 

- Statistical tolerance analysis and probabilistic 
propagation of the MP imprecision (CDF with 
probabilistic consideration of uncertainty), 

- Statistical tolerance analysis coupled with optimization 
to perform the evaluation of the cumulative belief and 
plausibility functions (Plausibility CDF & Belief CDF 
to represent the pessimistic and the optimistic case). 

The outcome is the non-conformance rate (in ppm) for the 
assemblability as well as functional requirement. The 
framework is based on one Monte Carlo simulation; so that all 
rates are estimated with the same sample. Therefore, the 
differences between all results only depend on the impact of the 
chosen techniques to propagate the model parameter 
imprecision.  

The following section illustrates these approaches on an 
industrial use case, an external gear pump. 

4. Application: Tolerance analysis of a gear pump 

An important research trend is to significantly reduce power 
consumption of machines, by reducing idle power, increasing 
efficiency, and optimizing duty cycles. In the case of an 
external oil gear pump, the importance of tolerances allocation 
on the final performance of the product can be illustrated. 
Reduction of losses can be achieved through better choices of 
component quality. Tolerances are acting in two different 
ways: guidance precision and flow leakage control, both based 
on the resulting distances between gears, shaft, as well as pump 
housing. The bearing assembly for example prevents the shaft 
to move against the casing, a motion that would cause the rotor 
to contact static parts, hence increasing friction and wear, 
modifying air gap and generating more vibrations. In common 
mechanical systems, the gap could be increased to avoid this 
problem, but for pumps, reducing the space between moving 
parts is the only way to ensure a limited flow leakage, hence to 
allow for better performance.  

A compromise has to be found to ensure the best global 
efficiency: limited friction but efficient fluid dynamics (which 
tends to increase during use as pressure may contribute to 
accidental contact between housing and gears, usually 
observed near the input port).  

A multiphysics model of the pump can allow the designer to 
determine pressure distribution in the whole circumference of 
rotor, deformable behavior of elements, and influence of part 
tolerances allocation on these functional specifications. 

Figure 2 shows the use case: External gear pump. The 
manufacture of the current oil pump expects an oil flow of 
4.35×10-4 m3/s. The designers know that the efficiency and oil 
flow of the pump is related to different backlashes. These 
backlashes are between the gears and the casing as well as 

between the gears and shafts. Too small backlashes will result 
in friction and too much of them will result in internal flow loss 
and therefore performance reduction. Achieving precise 
backlashes is the result of manufacturing precision to obtain 
tight tolerances.  

Table 1 summarizes several considered geometrical 
characteristics, their nominal values, their tolerances and their 
standard deviations. The used geometrical model of this 
external gear pump was detailed in Erreur ! Source du renvoi 
introuvable.The estimation of the leakage rate is based on a 
surrogate model which depends on the clearance between 
gears, pump housing and the shaft. 

 

 
 

 

Fig. 2. Use case: Renault external gear pump. 
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Random Sampling of the geometrical deviations: Ẋ  
Max G 
    s.t. Cc(Ẋ,G)= 0  
         Ci(Ẋ,G) ≤ 0     (5) 
         Ci*( Ẋ,G) = 0 
With: 
Cc(Ẋ,G) represents the displacements accumulation 
Ci(Ẋ,G) and Ci*( Ẋ,G)  represents the contact constraints 
 
Oil Flow= fsurrogate model(G,a,b,c,d)  (6) 
With: 
G: all gaps (geometrical displacement between surfaces that 

are nominally in contact) 
a, b, c, d: model parameters (table 2)  
 

Table 1. Geometrical characteristics of the use case. 

Table 2. Model parameters of the use case. 

 

The proposed approach was implemented in Python. The 
Monte Carlo simulation was performed with the OPENTURNS 
library (Python library including algorithms dedicated to the 
treatment of uncertainties). The chosen algorithm for the 
optimization (worst gap configuration identification) is 
Truncated Newton algorithm. Several algorithms, e.g. 
Sequential Least Squares Programming, are tested and provide 
similar results. The sample size of the Monte Carlo simulation 
is 106. The confidence interval of these probability estimations 
by Monte Carlo Simulation is ±8 ppm. All geometrical 
deviations are considered as Gaussian random variables, and 
all model parameter imprecisions as Uniform random variables 
or as intervals.  The Figure 3 shows the result of the tolerance 
analysis and the uncertainty propagation: the cumulative belief 
and plausibility functions (Belief CDF and Plausibility CDF), 
and the cumulative distribution functions (continuous curves – 
CDF of classical tolerance analysis and CDF of tolerance 
analysis with the probabilistic propagation of the model 
parameter imprecision). The differences between the Belief 
CDF and Plausibility CDF represent the impact of the model 

parameter imprecision on the probability of oil flow 
requirement. The small differences between the two continuous 
curves represent the impact of the random propagation of the 
model parameter imprecision. 

 

Fig. 3. Cumulative belief and plausibility functions (Belief CDF and 
Plausibility CDF – CDF: cumulative distribution function).). 

While Fig. 3 clearly illustrates the importance of 
considering the uncertainty of MPs, the corresponding 
difference around the minimal acceptable oil flow level 
(4.35×10-4 m3/s) appears to be negligible. For this reason, the 
visualization is detailed by an overview of probabilities of 
conformance and all non-conformance rates in Table 3. 
Calculated with epistemic uncertainty, the optimistic result of 
the analysis is 6 ppm, and the pessimistic result is 410 ppm. 
Disregarding the uncertainty of MPs, the classical result is 68 
ppm, while the result with probabilistic propagation of the 
model parameter imprecision is 112 ppm. In the automotive 
industry, the target of the statistical tolerance analysis is around 
20 ppm. As only, the optimistic result verifies this expected 
rate, the analysis shows clearly that a careful consideration of 
behavior models and model uncertainty should be a decisive 
step of every analysis. If the designer only considers the other 
three results, decision-making would most likely be biased 
towards a reduction of tolerances for each component instead.  

Table 3. Non-conformance rates of expected value of the oil flow (4.35×10-4 
m3/s) 

 
In this case the computing time of a classical tolerance 

analysis is 22min (Processor: Intel Core i5 2.5GHz, RAM: 
16Go) and the computing time of the four coupled tolerance 
analysis is 59min. The model parameter imprecision 
propagation has a significant impact on the computing time.  

Probability of 
conformance

Non conformance 
rate in ppm

Probaoptimist(Q>0,000435 & assembly) 0,999656 344
Probapessimist(Q>0,000435 & assembly) 0,999252 748
Probawithout(Q>0,000435 & assembly) 0,999594 406
Probawith(Q>0,000435 & assembly) 0,99955 450
Proba (assembly) 0,999662 338
Probaoptimist(Q>0,000435 | assembly) 0,999994 6
Probapessimist(Q>0,000435 | assembly) 0,99959 410
Probawithout(Q>0,000435 | assembly) 0,999932 68
Probawith(Q>0,000435 | assembly) 0,999888 112
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This approach provides all information to the designer. The 
designer can modify the tolerance allocation or can reduce the 
model parameter imprecision by new data collection.  

5. Conclusion 

As mentioned in the CIRP keynote paper [22]  tolerance 
analysis and variation simulation involves a large number of 
uncertainties that can be categorized according to 1) 
Tolerance models for representing the geometrical deviations 
on individual parts, 2) System behavior models for 
representing how variation propagates in a product or an 
assembly and 3) Tolerance and variation analysis techniques. 
It is essential to be aware of both modelling assumptions and 
simplifications, as well as model resolution. This paper focus 
on the type 2 and propose a framework to assess the impact of 
the model parameter uncertainty of the multiphysics system 
behavior on the accuracy of the tolerance analysis results.   

The proposed framework merges Tolerance Analysis 
techniques and Quantification of Margins and Uncertainty 
(QMU) techniques to manage heterogeneous uncertainties. In 
fact, tolerance analysis focuses on the manufacturing 
imperfections (aleatory uncertainty) propagation and QMU 
focuses on the model error (epistemic uncertainty) propagation. 

This framework provides all information about the impact 
of the model parameter imprecision on the accuracy of the 
tolerance analysis. The results obtained for the industrial use 
case (external gear pump) illustrate that the impact of the model 
parameter imprecision on the estimated non-conformance rates 
is not negligible.  
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