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ABSTRACT

Engineering change is a significant cost sink in many projects. While avoiding and
mitigating the risk of change is the ideal approach, mistakes and improvements are
recognized inevitably as more is learned over time about the quality of the deci-
sions made in a product’s design. This paper presents a feasibility and performance
analysis of automating engineering change requests to demonstrate the promise for
increasing speed, efficiency, and effectiveness of product-lifecycle-wide engineering-
change-request processes. To explore this idea, a comparatively simple case study
is examined both to mimic the reduced set of alterable aspects of a typical change
request and to highlight the need of appropriate search algorithms as brute force
methods quickly prohibitively resource intensive. Although such cases may seem
trivial for human agents, with the volume of expected change requests in a typical
facility, the potential opportunity gain by eliminating or reducing the amount of
human effort in low level change requests accumulate into significant returns for
industry on time and money. Within this work, the genetic algorithm is selected to
demonstrate feasibility due to its broad scope of applicability and low barriers to
deployment. Future refinement of this or other sophisticated algorithms leveraging
the nature of the standard representations and qualities of alterable design features
could produce tools with strong implications for process efficiency and industry
competitiveness in the execution of its projects.
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1. Introduction

Engineering change requests (ECRs) are burdensome. Significant human capital is
required to detect and correct suitability issues in a product’s digital-design specifica-
tions. A workshop centered around engineering change (Eckert et al. 2009) even sug-
gested that the primary strategy to deal with engineering change is simply avoiding it.
However, many argue that engineering change is omnipresent and unavoidable (Ham-
raz, Caldwell, and Clarkson 2013; Reddi and Moon 2013). Engineering change con-
sumes 33 to 50 percent of the total engineering capacity, as well as representing 20
to 50 percent of total tool costs (Tavéar and Duhovnik 2005). However, commercially
available tools and methods to address ECRs are significantly lacking (Eckert et al.
2009). Based on these estimated cost indicators, additional research to facilitate the
efficient reaction to change is needed. Especially as the industry progresses towards a
model-based (paperless) environment, significant changes are in need for developing
formal and highly traceable engineering change processes (Quintana et al. 2012).
This paper examines the feasibility of automating the ECR process by leveraging
the so-called “digital thread” (Hedberg et al. 2017). We present a feasibility study to
show the promise for increasing speed, efficiency, and effectiveness of product-lifecycle-
wide ECR processes. Since studies have shown that the majority of ECRs occur during
the manufacturing, fabrication, and testing phases (with one such study claiming 75
percent (Saeema and Yethish 2007)), we focus on demonstrating how an engineering
team can more broadly understand how well a detailed parametric design could be
manufactured or inspected before its actual production. In doing so, we present the

following research contributions:

e a proof-of-concept implementation of an autonomous or semi autonomous com-
puter generated change request (Auto-ECR) scenario to explore design alterna-
tives from a manufacturability and inspectability perspective,

e a design-for-inspection methodology that frames parametric design scenarios fa-
cilitating machine-based learning approaches,

e the implementation of an automated search algorithm tailored to leverage the

unique aspects of design parameterization to discover and compare design alter-
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natives, and
e a case study that demonstrates the use of the methodology by overcoming in-

spection issues related to combinatorial effects of design features.

This work contributes to the larger vision of leveraging existing machine learning (ML)
approaches, e.g., genetic algorithms (Goldberg and Holland 1988), to better inform
existing engineering approaches. We envision that this feasibility study will inspire
other implementations of similar techniques to further augment the capabilities of

human designers.

2. Background

Due to the risk in lost cost and time associated with ECRs among other nega-
tive effects, it is clear that proactive methods and processes to deal with ECRs
are necessary (Eckert, Clarkson, and Zanker 2004). Engineering change management
has remained a vital area of research based on the publication and citation track
record (Hamraz, Caldwell, and Clarkson 2013). Further, Iakymenko et al. (2020) found
that significant opportunities for improvement exist for managing ECRs and that tools
should be further studied. In this section, we specifically review (1) efforts to auto-
mate processes related to ECR, (2) the role of standard data representations in ECR
protocols, and (3) methods for design optimization and exploration across the product
lifecycle. For a broader perspective on ECR, including techniques for measuring the
impact of ECRs, risks of engineering change, and embedding features into designs to
lessen the likelihood of change, we encourage readers to investigate recent state-of-the-

art reviews (Jarratt et al. 2011; Ullah, Tang, and Yin 2016).

2.1. Automating the engineering change request process

Given the complexities of engineering change, automated techniques for carrying out
ECRs offer significant value to industry. In this paper, we refer to the process of au-
tomating these protocols as “Auto-ECR.” Here, we review some existing work to better

position this paper’s research contributions. Kocar and Akgunduz (Kocar and Akgun-
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duz 2010) developed a virtual environment to avoid expensive change requests during
production. Their tool uses historical data to analyze a product model and suggest
changes at the design phase. Chen, Shir, and Shen (2002) constructed a conceptual
model to formally characterize and articulate engineering changes to standardize their
reporting. Through their formal schema, they argue that automation can be imple-
mented to facilitate change requests in a cost effective manner at scale. Wang (2012)
found that a genetic algorithm (GA) can yield optimal solutions for ECRs, but the
focus was on changes caused by fluctuations in consumer preferences and not manufac-
turability or quality problems. Arnarsson et al. (2018) implemented Markov chains to
uncover patterns in ECRs across similar design structure matrices (DSM). Lee et al.
(2006) developed a set of ontologies to facilitate knowledge sharing during the design
process to deal with ECR. Wang and Che (2008) developed a genetic algorithm to
optimally find assembly alternatives based on ECRs. Hedberg et al. (2017) proposed
Auto-ECR as a use case that benefits from the digital thread by using process that first
aggregates data together, detects statistical anomalies, discovers engineering-design

problems, and then generates ECRs.

2.2. Role of standard data representations

The vast majority of recently proposed Auto-ECR tools rely on a model-based en-
terprise (MBE) perspective, wherein engineering data is digitally represented in an
efficient manner that is able to be both updated and queried. The idea is that mov-
ing away from physical signatures and paper-based drawings will reduce most of the
burdens associated with ECRs (Quintana et al. 2012), e.g., reducing rework based on
well-conceived product requirements (Kennedy, Sobek, and Kennedy 2014). We cer-
tainly agree with this notion; yet, MBE is far from full realization. Standard data
representations play a key role in facilitating the MBE vision because standards help
ensure methods repeatability and lower the cost of implementing solutions. For ex-
ample, Ou-Yang and Pei (Ou-Yang and Pei 1999) presented a pipeline for addressing
an engineering change request by limiting impact to inventory through a STandard
for the Exchange of Product Model Data (STEP)-based implementation. Peng and

Trappey (Peng and Trappey 1998) propose modifications to the existing STEP stan-
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dard to be able to better react to engineering change. These ideas eventually facilitated
the incorporation of standard engineering processes into a STEP application protocol,
e.g., ISO 10303-214 (Srinivasan 2011) and the more recent ISO 10303-242 (Barnard

Feeney, Frechette, and Srinivasan 2015).

2.3. Design space exploration and optimization

Our approach leverages existing design exploration and optimization techniques to
recommend design for inspection guidelines. Mechanical design represents a strong
candidate domain for use of such techniques given its underlying data’s complexity
and wide set of potential strategies, e.g., inspection rules (Rezaei-Malek et al. 2019).

Maybe the most studied domain in engineering design using exploration and opti-
mization methods is structural mechanics. For example, Bunnell et al. (2020) demon-
strated how to leverage principal component analysis for simplifying the discovery of
design strategies for complex structural analysis, i.e., finite element analysis. Similarly,
Schulz et al. (2017) built an interactive exploration framework for studying the effects
of changes to parameterized CAD models for structural analysis. Often, such problems
are overly complex and commit an unreasonable burden in terms of computation. In
response, there have been many studies leveraging meta-modeling (Wang and Shan
2007). For example, Bhattacharjee, Singh, and Ray (2018) focused on evaluating dis-
tance measures within the the design space to find better alternatives faster. Even
ontologies have been leveraged to better optimize the exploration process (Wang et al.
2018).

Though these works have shown massive promise and many organizations have im-
plemented techniques in practice, there seems to be gap in relating design parameters
to inspection strategies in an automated way. For example, Bendul and Blunck (2019)
extensively reviews the nature of different properties of the design space and how they
relate to production planning and control, while leaving out inspection characteris-
tics. Based on our knowledge, this appears to be a common trend in the literature.
Recent work manually relates inspection strategies to process and assembly capabili-
ties (Genta, Galetto, and Franceschini 2018). However, the pipeline to automatically

determine design characteristics seems to be missing.



118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

As suggested in Section 2.2, standards could play a key role in providing the under-
lying semantics in the data representations to make the use of such methods easier. For
example, STEP-NC, or ISO 10303 AP238, provides a set of inspection descriptors. Saif
et al. (2020) reviewed work that leverages such semantics for designing better inspec-
tion plans, particularly at the earlier stages of the lifecycle. Unfortunately, challenges
still remain in relating such strategies earlier in design (Stolt, Elgh, and Andersson

2017). This paper aims to address this particular point.

3. Methodology

This section describes the steps and requirements for creating an Auto-ECR algorithm.
Intended as a proof of concept, this work is built upon lessons learned during the
development of an example case study and related simulation experiments. We do not
present this work as the definitive or optimal enactment of an Auto-ECR, but instead
encourage readers to use this work as a guide and starting point for the development

of a solution tailored to their particular stakeholder needs.

3.1. Defining a Digital Design

The first step to creating a practical solution for generating recommended product
changes is to obtain a documented digital design of the product, that designates any
features, or aspects of features, that are allowed to be changed. Any Auto-ECR algo-
rithm will need these to restructure the product and test for suitable configurations.
Each alterable feature should be represented by a set of parameters that can be changed
on demand to create an updated “mock-up” version of the product suitable for rapid
digital testing. If possible, the parameterization of the design features should specify
maximum and minimum values to define a search space for the Auto-ECR algorithm.
When this is not applicable, a sense of scaling conveyed generally in a cost function
is valuable. Described in detail in later sections of this work, a cost function relays
loosely the relative difficulty in implementing a specific configuration. Other design
information such as tolerances and interaction limits can also be useful in defining

any search or optimization algorithm. Such considerations will typically be enacted as
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feasibility tests, stepping functions, or in the cost functions as described later.

3.2. Ewvaluating Design Alternatives

Multiple layers of testing can be enacted upon a design configuration to ensure it meets
some user-defined criteria. These various tests can be enacted in series or parallel, and
can be binary (i.e., pass/fail), ordinal categories, or provide some graded performance
on a continuum. These tests can be used to rank the product design and provide goals
and or stopping criteria for the Auto-ECR search algorithm. In general, many of these
tests will be highly case-specific and will need to be defined by some end user at or
before the running of any developed software. Some specific examples and general
requirements are highlighted in the case study, but anything beyond that is out of
scope of this work and not explicitly addressed in this section. Ultimately, any design
or change request should be reviewed and approved by a human before acceptance,
but constructing in as many automated tests as possible will reduce the workload on

that human operator.

3.2.1.  Testing Physicality Constraints

One obvious and necessary test is checking for physical limitations, e.g., can the design
configuration physically exist, and be constructed to the required precision on the
machines available? This test is really two-fold and should be enacted in parts.

First, the algorithm must check if the design configuration is something that could
physically exist outside of a digital format. For example, solid boundaries should not
protrude through other solid boundaries and length metrics should be positive values.
Setting upper and lower bounds for design parameters, as well as interaction rules,
to evaluate with simple logical tests can be used to avoid the rendering process, and
speed up the ECR search. A good example of this type of rule could be requiring that
the sum of two different edge heights must be less than a measurable diameter. Such
a rule could be expressed by the logical expression: Height, + Height, < Diametery,.
Due to the complexity of a given design, it may be required to construct the product

digitally to be able to perform collision testing or other tests for physical limitations.
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However, since rendering the product would be computationally expensive, it is best
to avoid or minimize it when possible with closed-form constraints.

The second aspect to physicality testing is whether or not the current available
machines are able to produce the design configuration. This may include, but not
limited to, testing for error allowances, angles of entry, or other aspects. In some
cases, manufacturablity issues could be difficult to test without specialized software!.

Where possible, such software should be linked to any Auto-ECR algorithm, as we

demonstrate in the case study presented in this work.

3.2.2.  Testing Suitability & Constructing the Cost Function

Once a physicality testing procedure is defined, the next stage is to create a function
that ranks each tested configuration on a relative scale. This scale could be representa-
tive of suitability, difficulty of machining, cost of manufacturing, another user-defined
metric, or even a complex combination of metrics. This evaluation function is where
product goals, requirements, and any other desirable quantities, such as suggested
changes, can be implemented into the search routine. For example, it is possible for
two features to exist that can be changed in the design, but one is easier to implement
than the other. Such a tradeoff can be captured as components in a cost function.
There are countless possible unique cost functions that can be enacted during testing,
largely dependant on the goals of the design and any capabilities/limitations of the
eventual fabrication environment. If multiple functions are used, they can be enacted
in parallel or in series, but must be combined in such a way to give definitive rank-
ing of any evaluated product configuration. In this work, we present a general guide
for requirements applicable to most cases of ECR. Based on these requirements, we
demonstrate a working prototype through instrumented code. This code is not in-
tended to represent the optimal solution for all situations; instead, it is presented as
a singular instance of a potential class of solutions.

One of the simplest cost functions (i.e., penalty function) that can be implemented

is the Euclidean distance from the initial parameter set, as shown in Equation 1. In

INote that there exist commercial software specialized in simulating production systems that include fully
described kinematic descriptions of machines. This paper does not intend to compete with these powerful tools,
but rather focuses on the pipeline of necessary data transfer and linking.
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this equation, P represents the value set representing the parameters of a particular
design configuration, with P;, as the original design value of a given parameter and F;
as the current value of that parameter. This distance-based cost function is useful to

both guide the search and encourage minimum disruption from any suggested change.
Cost =Y /(P — B;,)? (1)
i

Obviously, this will not be the optimal cost function in every situation. A more
generally applicable variation of the distance-based cost function can be seen in Equa-

tion 2.

Cost = Z \/ <Wiw> 2 (2)

range;

Here, Prqnge; is a normalization factor and represents the allowable range for each
individual parameter. This is useful to ensure that parameters with largely different
scales or units are treated equally within the search algorithm. Alternatively, W is
a relative importance weighting that can be used to guide search algorithms to pref-
erentially change parameters with lower associated W values. A normalized distance
function similar shown below, is typical of a penalty function that could be selected to
encourage the search algorithms to find the minimum acceptable change when search-
ing for feasible design solutions. By incurring higher normalized penalties across each
of the searchable parameters, the search algorithm will preferentially tend towards
smaller deviations from the original design parameters. Although this may not always

be desirable, it was selected as a typical case for the work presented in this paper.

3.2.8.  Choosing a Search Algorithm

Choosing an appropriate search algorithm can greatly improve the expected perfor-
mance of the overall optimization of the automated change request algorithm. Inter-
ested readers can refer to the textbook by Boyd for further context and explanation on
optimization design and development (Boyd and Vandenberghe 2004). The selection of

a search algorithm can be tailored to the specific needs and framing of any particular
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design request. For example, if it is known that there are comparatively few possible
configurations, e.g., less than 50, of the product due to discrete physical limitations
of the product, a brute force method of evaluating every configuration will guarantee
that the optimal solution will be found. However, if the set of possible values for the
parameters features is much higher, or unknown, this method is simply not feasible.
Note that even with a fairly low number off feasible configurations, conducting a full
factorial design may not be practical if heavy function evaluations are involved, such
as computationally expensive simulations.

One of the most easily implemented search algorithms is the biology inspired GA. A
solid introduction to GAs can be found in the guide by Riccardo Poli (2008). Although
not the best algorithm for every case, GAs are well-suited to illustrate the feasibility of
the Auto-ECR concept. A GA is especially suited to the Auto-ECR problem because
of its ability to efficiently search large solution spaces and to be easily tailored to
beneficially utilize bounding properties of many change-request needs. A GA also
accommodates multiple search objectives, allowing for custom guidance or searching
to minimize any array of possible costs and criteria. This work presents the GA as a
low entry barrier option for deployment in a broad range of Auto-ECR. applications.
Other more sophisticated solutions such as methods based on reinforcement learning,
Bayesian statistics, or stratified sampling could be adapted or employed to create more
optimized or tailored solutions with the requisite level of expertise.

The initial set of design parameters provide a good starting point for creating an
initial set of potential design configurations that become the population through which
the GA iterates. Most GAs create a pool of possible solutions to search through in three
ways: perturbations (mutations), combinations (crossover), and random explorations.
The proportional amount of each of these parts can have large effects on the speed of
finding a solution in different situations. For simplicity, we leverage each method in
equal proportion to produce configurations at each iteration of the GA. After designat-
ing the pool of potential design configurations, each one must be evaluated and ranked
for feasibility and cost via tests as described earlier. At the end of each iteration, the
top ranked performers are set aside and used to create the pool of configurations for

the next iteration of the GA. This process continues until an appropriate number of

10



257

258

259

260

261

262

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

acceptable solutions are found or some other stop criteria is reached, such as total
time elapsed or a maximum number of iterations have been completed.

The top ranked configurations of each generation are primarily used in two ways,
crossover and perturbation. Firstly, the top performers are perturbed with small ran-
dom (physically sensible) changes to improve the likelihood of finding a solution that
might be slightly off from the previous solution pool. Next, the top ranked configu-
rations have their various parameter elements randomly swapped with corresponding
values from other top performing configurations to create new configurations. Where
applicable, such as cases with multiple feasibility tests, high ranking configurations
with complimentary performance rankings should be combined to increase odds of
“completing the puzzle” and to find a configuration that maximizes all objective func-
tions. If a configuration passes the first two out of four tests (e.g., [1 1 0 0]) a good
choice for combination would be a different configuration that passes the last two tests
(e.g., [0 0 1 1]). This is not going to guarantee that some combination of these two
configurations will provide the desired solution, but it should increase the odds of
finding a solution as well as help diversify the evaluation pool.

A final subset of the new configurations created by each ECR GA iteration should be
random (yet physically feasible) selections of configuration parameters. Particularly in
cases where minimal changes from the original configuration are preferable, one minor
adaption is to specify that this random searching be set to have increasing spread with
the starting configuration as a center. Each GA iteration can expand the spread of
random values (stopping at bounding limits where applicable). Including these random
exploratory configurations helps inject new values into the parameter configurations
and avoid converging into a recurring pool of unacceptable solutions. If upper and
lower bounds are applicable to any or all of the parameters, it may help expedite
solution discovery to inject as many “edge case” configurations that are applicable.
Configurations that are comprised only of the most extreme allowable values, or those
that represent the bounding edges of the search space.

In the case where serial testing is applied, the ranking should be set such that
further tests need not be performed after the first disqualifying test is encountered.

For example, if a configuration is found to be physically impossible via a simple logic

11
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test, there is no need to evaluate its suitability further. Priority ranking of multiple
tests to sort each configuration is an effective way to reduce the total computation
investment required by the algorithm. We explore this concept further in the case

study.

3.2.4. Workflow Summary

For this work, the general set of actions needed to perform Auto-ECR can be sum-
marized in six loose steps with the goal of automating the operational process of
conducting change analyses described in Wu et al. (2014). As would be expected, the
first step is to define the digital design. Ideally, this design should be constructed in
such a way that different features could be altered and updated algorithmically via sets
of associated parameters. Next, the allowable ranges and tolerances for any changes
need to be defined in terms of the parameter sets. The third step is to define a digital
testing procedure that can be used to create a series of metrics to rank any design
alteration in terms of the overall goal of the product. After designing the tests, the
fourth and fifth steps could be done in parallel. These include creating a functional
importance / combination of the tests in a manner appropriate for the optimization al-
gorithm to process, and the selection of an appropriate optimization algorithm. While
the method for ranking or weighting the importance of the test metrics can be informed
largely by real-world goals and logistics of the manufactured part, the selection of the
optimization routine may require a nuanced selection process based on the type of
changes allowable in the part and the expertise of the workers creating the Auto-ECR
scenario. The final step is to simply connect the tests to the optimization algorithm,
allow dummy changes to be made to the part, and let the optimization algorithm
perform its search for a viable solution as described in the section. This process is
summarized in Figure 1.

The next section applies these steps to a realistic case study developed to highlight

the feasibility of such a process.

12
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Figure 1. Auto ECR Workflow

4. Case Study

We present a comparatively simplistic case study to demonstrate the feasibility of
the Auto-ECR concept. The form and parameter set of this case study was selected
to mimic the common real-world scenario where a small subset of design features
have alterable aspects, and to showcase the difference in utilizing a proper automated
search method versus the naive solution of attempting to brute force test all possible
scenarios.

The case study follows the development of a parametric design of a product as well as
the testing and implementation of a GA-based Auto-ECR algorithm. The constructed
algorithm was linked with commercially available software to provide feasibility testing
representative of what can be found in industry. Physical constraints and feature in-
teraction limitations are all defined to replicate actual intent to produce the developed
product design. The goal within this case study is for the computer-aided tools to first
detect that the hole, as specified, is placed in a position that can not be machined
and/or measured, and then suggest a feasible alternative to the design. The results
of the case study and the simulations based on the lessons learned from enacting this

case study are showcased in the following sub-sections.

4.1. Defining a Digital Design

Figure 2 provides details of the part examined in the case study. The part comprises
of multiple cylindrical features with a common reference axis in the center. The part

is defined parametrically with respect to two key features: (1) the hole through the

13
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Figure 2. Design Model Specification Overview

Table 1. Case Study Feature Limits

Feature | Upper | Lower | Initial
T Hole 19mm Imm 3mm
hiole 66mm 7mm 25mm

hedge 66mm Tmm 25mm

inner cylindrical feature and (2) the outside ledge that surrounds the inner cylindrical
feature. These key features, which most exist to function properly in a hypothetical
assembly, are manipulated via three design parameters (as shown in Figure 2): the
radius of the hole (7o), the height of the hole (hpoe), and the height of the ledge
(hLedge). These design parameters can be varied based on the characterized require-
ments shown in Table 1. For example, the radius of the hole is set to 3 mm as its

initial value and can vary between 1 mm and 19 mm.

4.2. Choosing a Search Algorithm

We developed a genetic algorithm as the driving force for the case study’s Auto-ECR
algorithmic search for a suitable configuration. The GA was selected due to the broad
scope applicability towards both continuous and discontinuous optimization spaces
which are commonly found in the complexity rule sets of required design feature in-
teraction. Additionally, the low expertise barriers to use and interpretation of internal
operations are useful tools to build confidence and trust of the tool and any suggested
changes in end users. Interactivity, ease of use, and understanding of output are all
key to user adoption and industry buy-in to any new toolset.

Following the methodology described above, the GA generation pool was set to

14
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generate and evaluate 10 perturbations, 10 combinations, and 10 random exploration
(for a total of 30) configurations during each iteration. The spread of the random search
configurations (op) was linked to the current iteration (I) and follows Equation 3. The
spread factor was additionally bounded between 1 percent and 100 percent of the range
for each corresponding feature parameter (P,4nge). This ensures that the maximum
allowable spread would be reached after half of the maximum iterations (Ipsq,) have
been performed. This creates focus near the initial values, but also achieves the ability
to explore the entire space for at least half of the allowable iterations.

2% I % Prapge
op= ————

Inviax ®)

A special case injection of the eight extreme bounding configurations was also per-
formed at 1 percent of Ipq.. This helps provide maximum coverage of the search space
by allowing combinations of edge scenarios occurring early in the search.

There are three separate termination criteria for the search algorithm. Optimally,
the searching algorithm is set to terminate upon finding a single configuration that
passes all suitability tests (described below). If no suitable configuration is found, the
search will terminate after 10,000 iterations (Ipsq.) or after 60 hours of operation.

Each of these criteria could easily be altered to suit individual needs.

4.3. FEwvaluating Design Alternatives

Testing of potential configurations is performed in multiple stages. There are the rule-
based logical tests and more intricate digital probe tests. For this work, the logical tests
are implemented prior to the digital tests, because the logical tests can be enacted
on the parameter sets directly without a need to render the design configuration. The
rules-based tests comprise of all the physicality tests as well as one of the suitability

tests for this design. Each of the testing procedures in the following subsections.

15



376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

4.8.1.  Testing Physicality Constraints

The first stage of the design evaluation is to check if the physical limitations of the
design are met. This design has both upper and lower allowable values as well as one
feature interaction rule. Recall, Table 1 shows the upper and lower bounds for each
feature parameter. Any proposed configuration that has values beyond the limits has
those values corrected to be within the bounds. Additionally, logical tests that specify
the hole to have a minimum of 3 mm clearance to the nearest edge were enacted.
These tests validated that the part made sense physically before moving on to tests

that specified more specialized design requirements.

4.8.2.  Testing Suitability

For this design, the suitability tests require one simple rule-based test and also a series
of digital probe tests that required specialized software to enact. The part must pass

all of the suitability tests for the part configuration to be considered acceptable.

4.3.2.1. Logical Tests. The first suitability test was based on feature interactions,
the feature limits in Table 1, and stated that the outer edge of the hole can not exceed
70 mm from the bottom base. This translated into the logical test shown in Equation 4.

Any configuration that does not pass this test is rejected as unsuitable.

THole + hHole < 70 (4)

4.3.2.2. Measurability Tests. In addition to the logical test, a series of measur-
ability tests built upon the use of a commercially available coordinate-measurement
system (CMS) were also enacted. A CMS consists of a coordinate-measurement ma-
chine (CMM), computer numerical control (CNC), computer-aided inspection (CAI)
planning and execution software, and a database. The chosen CMS for the measurabil-
ity tests includes an automated-planning capability in the CAI planning software. The
planning software takes the design’s associated computer-aided design (CAD) model
and inspection rules as input, analyzes the model, selects the appropriate inspection

technique based on the rules, and generates a CMM execution program for inspecting
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the part with both a virtual simulation and physically. There are 44,460 possible design
configurations using the design model specification shown in Figure 2 with the feature
limits in Table 1 and allowing each feature to change by an interval of 1 mm. However,
not all of the configurations can be measured using commercially available inspection
equipment. Therefore, a feasible design selected by the Auto-ECR algorithm must be
analyzed for measurability. The design model is passed to the CMS, which returns
a pass/fail message for the measurability of the features in the design. If the design
passes, then the process for determining the proposed design change is complete and
the ECR is generated. If the design fails the measurability test, then the algorithm

determines the next optimal feasible design and repeats the testing protocol.

4.8.8.  Constructing the Cost Function

The case study’s cost function took the form of Equation 2. All three parameters are
considered of equal importance (i.e., W = [1 1 1] ), which reduces the cost function to

have the form in Equation 5.

(P, = Pi)\?
Cost =3 (G=2) (5)

Equation 5 was used to rank each configuration tested by the search algorithm
along with suitability tests. The Auto-ECR is set to minimize the number of failed
tests and the effective cost. When ranking the configurations, the design alternatives
are first ordered in ascending number of failed tests, then with the secondary ordering
of the cost function. This configuration prioritizes solutions passing physicality and
suitability tests over minimizing changes characterized via the cost function without
disregarding the effects of the cost function. Other configurations considered, but not
enacted, involved normalized summations of both the cost function and the number

of failed logical tests.
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4.4. Simulation Setup

In addition to the live example described above, two sets of simulation tests were made
to help characterize the expected performance of an Auto-ECR algorithm. The first
simulation test mirrors the live case study yet removes additional computational cost
linked to the external digital probe evaluation software. In its place, additional logical
tests mimic some of the tests provided by the software. This suitability test requires
that the lower edge of the hole remain above the upper edge of the ledge by at least

2 mm. This translates to the logical test shown in Equation 6.

hHole — THole > hLedge +2 (6)

The second simulation creates a random set of starting configurations with differing
complexities for each simulation. These are reported comparing how many of the con-
figurations would be considered viable (i.e., pass all physicality and suitability tests)
versus the total amount of allowable configurations. The tests run with random initial
configurations to explore the importance of initial configurations versus how long an
Auto-ECR would be expected to run. All performance indicators are listed in iter-
ations instead of real-time due to the huge variance of requirement implementation
possibilities and options for computational speed up through optimal coding. In gen-
eral, a single configuration evaluation required less than 10 seconds with our physical

setup.

4.5. Simulation Results

Each simulation was set to perform 1,000 trials with randomized initial configurations
and goals. The cost functions and search algorithms used were identical to those of
the live case study. These simulations not only help to characterize the expected per-
formance of an Auto-ECR but help to illuminate the applicability and limitations in

the broad class of ECR scenarios.
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Figure 3. Simulation 1 Feasibility Tests

5. Results

In this section, the results of the case study and all simulation metrics are reported.
This work explored two simulations. The first was designed to reasonably imitate the
live example performed in the case study. The other was set to explore a larger set
of the Auto-ECR problem by simulating random goals and starting conditions with
various dimensionality. All simulations are ranked via the proportion of the acceptable
configurations in comparison to the total amount of possible configurations, effectively
ranking them by how easy it would be to achieve a viable solution with random
guessing.

In Simulation 1, a rule-set was devised to mimic the search space and suitability
metrics of the case study. Shown in the left plot of Figure 3, the acceptable region,
represented by the dots outlined with black rings, covers approximately 25 percent of
the possible configurations. To be acceptable, a configuration must pass all physicality
tests. The colors of the dots represent the number of physicality tests for which that
configuration passed.

The right plot of Figure 3 shows the progression of the cost function (Equation (5))
for the search space. The red “X” represents the initial configuration. The cost function
becomes worse (light to dark) as configurations become more distant from these initial
parameters.

Figure 4 combines these two pieces of information to show the rankings of con-

figurations across the search space. This ranking, shown in Equation 7, is based on
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Figure 4. Simulation 1 Configuration Rankings.

the total negative sum of the cost (Equation 5) and the fraction of failed feasibility
tests. This ranking is used to evaluate the absolute and relative suitability of each
configuration. From this figure the approximate location of the optimal configuration
can be inferred as the configuration closest to the original design that lies within the
acceptable zone. This trivial case could be easily performed by a human agent but is
still useful for illustrating the concept of what the rankings of a search space might
look like when explicit knowledge of that space is not known. Note that the same two
tiered sort algorithms as used in the live case study is applied, first by number of

passed physicality tests then by the cost function value.

Rank = — (Cost + Z Testsy “”Gd) (7)

Testsiotal

The simulation representing the initial setup and rule-set for the live case study

was run through the Auto-ECR algorithm 1,000 times to characterize the expected
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number of configurations that need to be tested before a solution is found. Across the
1000 trials, the Auto-ECR algorithm typically found a solution within 4.5 percent of
the optimal solution after evaluating less than 25 configurations during the search.

Testing revealed that there is a general trade-off between the number of configu-
rations attempted and the suitability of the final solution that can be adjusting by
manipulating the exploration and perturbation (mutation) parameters in the algo-
rithm. A more reliable approach to increase the suitability of the final solution would
be to run beyond the first feasible solution. This parameter is not addressed in the
simulations, but would adhere to the trade-off of probability for a better solution
requiring more configurations to be checked.

These results are very encouraging, but ultimately reflect a single case study. To
give a better sense of the performance of the Auto-ECR search algorithm in general,
simulations creating more varied scenarios are evaluated. In this secondary set of
simulations, the initial configuration is varied in such a way as to evenly cover the
maximum amount of the search space, excluding the predefined “solution space.” The
size of this solution space was set as a percentage of the total search space, centered
in the middle of the search space. The the search consisted of 3 parameters that were
able to be changed.

For a target zone that is one percent of the total search space, results showed
that tests starting close to an optimal solution typically needed under 50 evaluations
to produce good results. This drops to approximately 20 expected evaluations if the
target zone is increased to 10 percent of the search space. These results are particularly
encouraging as most reasonable setups of an problem for an Auto-ECR would generally
have similarly good initial configurations and likely have target zones near 25 percent
or more of the search space. Even without these considerations, the average number
of evaluations required for a 1 percent target with a needed change up to 50 percent
change from the initial configuration is about 1,200 (£550).

Another consideration when evaluating the expected performance of an Auto-ECR
search algorithm is the number of parameters that are being optimized. In general,
the fewer parameters being optimized (or altered), the less complex the search space

and the fewer configurations needed to find a solution. Figure 5 shows the effects of
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increasing dimensionality on simulations with various sizes of target “acceptable con-
figuration” areas. These results include the general spread of starting configurations,
implying that tests with small “Target zones” will inherently have a greater number
of poor (e.g., far from solution) starting configurations. This, in part, explains why
the expected number of evaluations increases as the size of the target zone decreases.
Also, smaller targets are intuitively harder to find in general.

3000 Effects of Number of Parameters in Search

—&— 01% Target
10% Target
2500 25% Target a

2000

1500

1000 Y 1 1

Expected Number of Evaluations

1 2 3 4
Number of Parameters

Figure 5. Expected Number with Standard Deviation of Evaluations per Number of Parameters Being Al-
tered

5.1. Discussion

The Auto-ECR approach was compared with making changes to the design manually
to generate the ECR. After the design changes were made to assist in comparing the
current design state to the proposed future state, an ECR form was populated in a

Portable Document Format (PDF) / Product Representation Compact (PRC) file,
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CURRENT VERSION REVISION A DATE 2019-08-16 PROPOSED VERSION REVISION 8 DATE 2019-08-16
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APPROVEDBY  [Dr. Approver | APPROVALDATE | 2019-08-16

Chnage 03 Dimension modification

DESIGN CHANGE REQUEST

PART NUMBER Design01 REVISION 01

DESIGN CHANGE NOTIFICATION

Figure 6. Example of Engineering Change Request Form

Table 2. Time to complete ECRs using manual and automated processes. All times given in minutes.

Run | Manual ECR | Auto-ECR
1 26.75 295.37
2 26.17 476.29
3 26.82 489.28

more commonly known as a three-dimensional (3D) PDF2. An example ECR form is
shown in Figure 6. Six total ECRs were generated. Three ECRs were generated using a
manual process and three ECRs were generated using the Auto-ECR approach. Table 2
provides the total time it took to complete each ECR using manual and automated
processes. The average time to complete a manual ECR was 26.58 minutes, whereas the
Auto-ECR took 420.31 minutes on average. However, comparing only the completion
time does not provide a full picture of the benefits gained from Auto-ECR. While the
Auto-ECR process took almost 16 times longer to complete, it costs significant less to
complete.

A technician would most likely prepare the ECR for submission and review. The me-
dian hourly rate for a Mechanical Engineering Technician is $27.04 according the most

recent data available from the Bureau of Labor Statistics (Bureau of Labor Statistics

23D PDF is a combination of technologies that embed a 3D model, using the PRC format, into
a PD container. For more information on the technology, visit http://3dpdfconsortium.org/project/
change-request-tetra-4d/
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2018). Conversely, using a high-power instance of a popular cloud-computing platform?
costs $0.23 per hour after rounding. Therefore, in this work, the average cost to gen-
erate an ECR manually is $11.98 and the average cost using the Auto-ECR approach
is $1.59. The Auto-ECR process demonstrated an 86.7 percent cost improvement over
the manual ECR process. While the Auto-ECR approach took longer to generate a
valid ECR, the process did not require human involvement except to verify the final
output. Instead, the human was free to work on a more value-added task. Therefore,
our work here provides evidence to the feasibility of automating the ECR process in
near real-time and providing opportunities to engineering managers for optimizing the

assignment of tasks between human and machine resources.

6. Conclusion

Over the course of this work, the requirements for an Auto-ECR are explored and ap-
plied through a simple case study. Furthermore, a series of simulations were performed
to evaluate the expected performance of the particular Auto-ECR algorithm, with the
intent to illuminate trends that are applicable more generically to broad challenges
related to Auto-ECR.

The setup of an Auto-ECR algorithm requires five considerations:

(1) Documented product design with each requirement properly specified and char-
acterized

(2) Parameters representing the set of feature characteristics that are allowed to be
changed

(3) Tests for evaluating and ranking possible configurations represented by various
sets of those parameters

(4) A search/optimization algorithm that can utilize the results of those tests to
select the best parameter set

(5) A human agent to verify final output from search algorithm

The initial setup for any Auto-ECR requires all features that may be altered to be

represented as one or more parameters, such as arc center or wall thickness. These

3 Amazon Web Services EC2 t3a.xlarge instance, US East (N. Virginia), 4 cores, 16 GB RAM, 50 GB storage
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parameters should be created in such a way that the design could be digitally recon-
structed repeatedly with arbitrary sets of parameters and have their suitability eval-
uated. This suitability can be any user-defined metric, either continuous or discrete,
that can be ranked and for which some minimally acceptable value can be measured
or calculated. Encoding proper evaluation tests is key and can range in difficulty from
trivial to nearly unmanageable. Commercial software can be employed to help with
this task. However, as an example, the case study presented requires the design to
be digitally rendered for the evaluation of each configuration. This, or any rendering
process, is a major culprit of computational resources and drastically increases the the
time investment to find a suitable solution for an Auto-ECR. To minimize this, any
short-cut testing, or other techniques that avoid full rendering of the design should be
enacted.

In broad terms, the Auto-ECR problem is a specific example of the more general
search and optimization problem, and as such suffers from many of the same restric-
tions and trade-offs. Any search algorithm suffers the curse of dimensionality, meaning
that allowing more parameters to be altered will increase the average number of con-
figurations that need to be evaluated to find an acceptable solution. Regardless of
the complexity of the problem, finding optimal solutions is a trade-off between time
searching versus likelihood of true optimality.

This work demonstrated the feasibility of enacting semi-autonomous computer-
aided search algorithms for finding suitable configurations for fulfilling arbitrary de-
sign requirements based on altering some set of feature parameters. The algorithms
and software described here are not intended to be the definitive or optimal meth-
ods, instead are just meant to provide a proof of concept. Also, we only focused on
parametric-based design models (i.e., 3D CAD). Missing from this work is how we
could address non-parametric concepts (e.g., material selection, free-form surface de-
sign). We remind the reader that the goal of this work is a feasibility study. Therefore,
we did not set out to address all types of ECR.

However, there is current work in the literature where tightly integrated models that
can link design intent and requirements to non-parametric concepts (Malak, Aughen-

baugh, and Paredis 2009; Raina, McComb, and Cagan 2019). We suggest this type
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of work could be operationalized to assist with automating ECRs related to non-
parametric concepts in design datasets. Further research is needed to determine how
best to address the integrated, contextually different, viewpoints present in an ECR
process. Also, additional work and development should be invested to produce an
optimized in-house solution specialized to one company’s needs or a more generic
commercial product.

While the use case in this work focused solely on measurability, an eventual Auto-
ECR solution must consider multiple viewpoints (e.g., manufacturability, assemblabil-
ity, and measurability). Further, the search algorithms could be used to analyze de-
signs as the engineering decisions are happening. This would help reduce the number of
avoidable changes required later in a product’s lifecycle. Commercially available design
for manufacturing (DFM) tools are not supportive of near-real-time design analysis,
which results in the application of DFM tools in industry taking place near the end
of the design process or only in high-risk situations (Bernstein et al. 2018; Hedberg Jr
et al. 2017). Having an effective and efficient search algorithm that can quickly run
in the background would enable near-real-time feedback to the designer at the point
decisions are being made.

Manufacturing standards play a key role in addressing these challenges as they
aim to facilitate “higher data quality, higher product and process quality, improved
transparency of the engineering change process, shortened process time, and a higher
reliability for decisions on engineering change requests” (Wasmer, Staub, and Vroom
2011). However, as research has shown (Bernstein et al. 2018; Brundage et al. 2018),
such standard data representations, e.g., STEP (Pratt 2001), were conceived and de-
veloped in isolation to meet the needs of select use cases and stakeholders. STEP, as
commonly referenced from ISO 10303, was designed for representing 3D CAD models,
but is not intrinsically compatible with other needed representations of a product, such
as the machining commands of G-Code or the standard quality-inspection informa-
tion gathered after production. This lack of intrinsic interoperability creates a barrier
when attempting to perform complex analyses, such as ECRs, that must leverage
many data representations across a product’s lifecycle to overcome even a seemingly

simple conflict. Standard interfaces between different domains and data representa-
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tions are needed to enable better contextualization of problems to support integration.
Regardless, standard data representations still provide the necessary foundation that
facilitates the creation of robust tools and methods to respond to engineering change.

Context in which data is used varies based on the function or role in the product life-
cycle that is interacting with the data and Industry struggles continuously with man-
aging alignment of all the different contexts (Hedberg et al. 2017). Large portions of a
project’s cost is committed during the design phase while the later lifecycle phases in-
cur the cost (Ullman 2010, p. 5). Effective decision-making is paramount for managing
products over their lifecycle, but we undertook this study because decision-making for
lifecycle management and integrated engineering change remains an under-researched
area (MacCarthy and Pasley 2020). Further, every decision made in design becomes a
constraint on the lifecycle, whereas the solution space can never be increased after the
decision is made (Salado and Nilchiani 2015; Salado, Nilchiani, and Verma 2016). The
only way to increase the solution space is to change the decision. While avoiding and
mitigating the risk of change is the ideal approach, mistakes and improvements are
recognized inevitably as more is learned over time about the quality of the decisions
made in a product’s design. Reducing the human capital involved in the engineering-
change process by automating ECRs would provide significant opportunities for saving

industry both time and money in the execution of its projects.
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