
Laetitia Monnier
Burgundy Computer Laboratory,

University of Burgundy Franche Comte,
Besancon 25000, France

e-mail: laetitia.monnier@nist.gov

William Z. Bernstein1

Manufacturing and Industrial Technologies
Division,

Air Force Research Laboratory,
Wright-Patterson AFB, OH 45433
e-mail: william.bernstein@us.af.mil

Vincenzo J. Ferrero
System Integration Division,

National Institute of Standards and Technology,
Gaithersburg, MD 20899

e-mail: vincenzo.ferrero@nist.gov

Sebti Foufou
Computer Science, College of Computing and

Informatics,
University of Sharjah,

Sharjah 27272, United Arab Emirates
e-mail: sfoufou@sharjah.ac.ae

An Automated Approach
for Segmenting Numerical
Control Data With Controller
Data for Machine Tools
Developing a more automated industrial digital thread is vital to realize the smart manu-
facturing and industry 4.0 vision. The digital thread allows for efficient sharing across
product lifecycle stages. Current techniques are not robust in relating downstream data,
such as manufacturing and inspection information, back to design for better decision
making. We previously presented a methodology that aligns numerical control (NC)
code, a standard for representing machine tool instructions, to controller data represented
in MTConnect, a standard that provides a vocabulary for generalizing execution logs from
different machine tools and devices. This paper extends our previous work by automating
the tool identification using a k-means clustering algorithm to refine the alignment of the
data. In doing so, we compare different distance techniques to analyze the spatial-temporal
registration of the two datasets, i.e., the NC code and MTConnect data. Then, we assess the
efficiency of our method through an error measurement technique that expresses the quality
of the alignment. Finally, we apply our methodology to a case study that includes verified
process plans and real execution data, derived from the smart manufacturing systems test
bd hosted at the National Institute of Standards and Technology. Our analysis shows that
dynamic time warping achieves the best point registration with the least errors compared
with other alignment techniques. [DOI: 10.1115/1.4064036]
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1 Introduction
Reports show that on average, 60–73% of enterprise data remain

unused [1]. Automated methods can help to relate disparate data in
order to infer insights and knowledge from it [2]. Stark [3] defined
product lifecycle (PL) management from the design stage
(“as-designed”), process planning stage (“as-planned”), manufac-
turing execution stage (“as-executed”), and the inspection stage
(“as-inspected”). Practitioners have developed tools and methods
for each PL stage “in silo” to address domain-specific needs [4].
Within the design silo, data representations primarily store geomet-
ric dimensioning and tolerancing (GD&T) information. In the man-
ufacturing execution silo, data representations capture information
from device controllers. Current methods are mostly using
manual techniques that do not enable automated integration of
these data representations. To facilitate such integration, many
SDOs, industrial consortia, and academia have embraced the
digital thread paradigm [5]. Hedberg et al. [6] reported that a

“need exists for information standards that derive requirements to
facilitate upstream and downstream flows in the product lifecycle,
[and] data-format standards are not enough.” In other words, realiz-
ing the digital thread is recognized to be a grand challenge for man-
ufacturing enterprises [7,8].
Efforts have been made to add a layer of descriptive semantics to

promote interoperability through formal standards such as MTCon-
nect [9] and through ontologies and knowledge graphs [10–12].
However, the adoption of such semantics is not a given. For
example, International Organization of Standardization (ISO)
10303 application protocol (AP) 238 [13], used in the “as-designed”
stage, defines a detailed data model that includes semantic tags and
descriptions for CNC machine instructions used in the “as-planned”
stage, such as tags for specific machining features. Still, the adop-
tion of such a standard with enriched semantics remains an open
question. Previous work [14] revealed opportunities for making
informed design decisions by manually mapping data between life-
cycle representations. However, aligning the PL’s different data
standards in an automated way from downstream stages, e.g.,
inspection and production, to upstream stages, e.g., design, is not
trivial. The manufacturing data remain mostly unused as its curation
remains disjointed and unavailable across enterprises. Considering
this issue, mapping methods must be able to operate on a small
set of training data preventing the use of traditional big data
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technologies. West and Blackburn [15] concluded that achieving a
“digital thread” can be cost-prohibitive considering its full imple-
mentation. Thus, emerging PL data mapping techniques must
address scalability [16].
This paper proposes an automated approach for aligning data

between the “as-planned” and “as-executed” stages. We assume
that “as-planned” and “as-executed” information is captured as
numerical control (NC) code and pipe-delimited controller data,
respectively. We leverage TDPs hosted on the smart manufacturing
systems (SMS) test bed2 developed at the National Institute of
Standards and Technology (NIST) to validate our method. Our
research contributions include the following:

(1) A methodology for aligning “as-planned” and “as-executed”
data through spatial-temporal registration;

(2) A technique for quantifying the error of aligning the two
coordinate systems;

(3) A clustering-based approach for automatically identifying
tool changes from execution data;

(4) A real-world case study comparing different approaches for
spatial-temporal registration; and

(5) Recommendations for automated post-hoc mapping between
machine instructions and execution data.

2 Product Lifecycle Data Representations
2.1 Design Phase Data: As-Designed. The design stage

defines the product “as-designed” before its production. At this
stage, all design-specific information and knowledge become
fixed. Such information includes GD&T specifications, manufactur-
ing process requirements, and assembly considerations. Tradition-
ally, designers leverage commercial computer-aided design
(CAD) tools to develop constraint-based geometric features. ISO
10303 AP 242 [17] was developed as a technology-agnostic
design representation that enables import/export of design informa-
tion from a variety of CAD tools. ISO 10303 is often referred to as
the standard for the exchange of product data (STEP). Abiding by
an EXPRESS schema, STEP AP242 has been leveraged across
other PL stages [18].

2.2 Manufacturing Phase Data. The fabrication stage is sep-
arated into two different phases which consist of the process plan-
ning of the part or assembly and of the actual execution of the
processes. Those two phases focus on the operation and execution
of the manufacturing resources necessary to carry out the planned
processes. As shown in Fig. 1, we can refer to these two phases
as as-planned and as-executed. Though the planning and execution
data relate to one another, these data are often mismatched due to
inconsistencies in the execution of the manufacturing resources.
Causes of such inconsistencies could include overrides from oper-
ators, acceleration ramp-ups, and axis motor errors.
The as-planned stage includes detailed process plans, including

machine-execution instructions required to build the part.
As-planned data are derived from the as-designed stage but might
vary depending on the manufacturing strategy and machine setups
adopted to build the part. NC code [19] is the most widely used
data format for expressing machine instructions. Recently, ISO
TC184 SC4 developed STEP-NC (or STEP AP238 or ISO
10303–238), which can segment NC instructions based on individ-
ual design and/or machining features [20]. In other words,
STEP-NC aims to provide computer-interpretable semantics to
NC code, which is further explained in Sec. 3.1.
The as-executed stage refers to the actualization of the physical

part through the execution of the manufacturing resources. Such
considerations describe the tool behaviors during execution activi-
ties. MTConnect [9], an emerging standard for semantic interoper-
ability that also offers a read-only communication protocol from
shop-floor systems, can be used to capture execution data.

2.3 Inspection Phase Data: As-Inspected. The inspection
stage generates as-inspected data that relate to quality-based mea-
surements, including the plans of how to perform the measurement
and the analysis of the actual results of those measurements. One
standard data representation that helps systematically store and
exchange inspection data is the quality information framework
(QIF) standard [21]. QIF provides the semantics to link data
upstream to design and manufacturing.
Figure 1 shows each stage of the product lifecycle. The main

challenge is aligning, mapping, and registering different data to
inform decision-making.

3 Related Work
3.1 Semantic Extension Through Data Standards. Since

each PL stage consumes/generates different data and leverages its
own representations (see Sec. 2), information is often lost when
converting from one data standard to another. For example, NC
code generated through computer-aided manufacturing (CAM)
software uses the CAD model as its basis. However, the resulting
NC code is based on a discretized set of motions which does not
reflect the geometry properties embedded in the part’s design.
To prevent such loss of information, previous research adds

semantic descriptions to the existing data workflow. Adding spe-
cific information to the data standards will facilitate mapping data
across different stages. In a similar vein, companion specifications
have also been developed to provide consistency and encode rela-
tionships between different data standards. For example, the OPC
UA—MTConnect companion specification [22] ensures interoper-
ability for messaging on the shop floor. Another example is the
mapping specification between STEP and QIF, which remains a
work-in-progress [23]. Other directions focused on directly
adding information onto those data standards. STEP AP238 has
been defined as an enhanced NC code by adding machining require-
ments traditionally embedded in design data [13]. AP238 aims to
broaden the data contained within the NC file, which allows for
transferring of information from the as-designed stage toward the
as-planned stage. Extending standards by adding data or semantics
to them help only locally to partially realize the digital thread. In
other words, solutions are developed for one standard to another
but do not take into account the entire PL, as defined in Fig. 1.

3.2 Product Lifecycle Data Semantical Description Using
Ontologies. Model-based methods have also been explored
toward the idea of describing the different data types used in the
PL stages to establish both implicit and explicit relationships.
This approach incorporates an abstract layer on top of the existing
data types, e.g., ontologies and reasoners. OntoSTEP [10] provides
tools to translate STEP AP203 schema into an ontology that can be

Fig. 1 Proposed mappings of the data between the different PL
stages. Each dotted line represents a mapping between two
stages and the circle shows the resulting mapped data shared
throughout the PL. Our goal is to realize the digital thread.

2All data are available here: https://smstestbed.nist.gov/tdp/d2mi/
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used with CAD software. Danjou et al. [24] developed an ontology
describing the STEP AP238 data model which creates a semantic
representation of NC code. Here, local ontologies are created to
address individual PL stages and domain-specific needs [5].
Kwon et al. [11] tackled this problem by developing a methodology
to automatically translate QIF into an ontology that can then be
linked with the OntoSTEP [10] ontology of AP203.
The optimal solution would be to have a single upper ontology

across the PL stages, including design, manufacturing, and inspec-
tion. However, there are different perspectives across the PL and
even many more across the different manufacturing domains,
making it challenging to validate a unique ontology. Those con-
straints are primary barriers to the development of a true ontology-
based digital thread.

3.3 Virtualization Approaches. Since no robust solution to
transfer data through PL stages has been demonstrated, data-driven
applications have emerged that use simulations to deduce informa-
tion without having to link the PL stages data standards. VERICUT3 is
a commercial CAM software package that simulates the execution
of machine operations from NC code. VERICUT allows users the
detection of errors in the machining process by visualizing the
path execution of the machine tool. The software contains data
about existing machine tools and sequentially runs NC command
from the as-planned stage to infer the as-executed output.
However, one should note that those simulations show significant

differences between the simulated data and the actual measured
data. Feng et al. [25] highlighted different cycle time between the
simulated and measured build of a part. The actual build time was
extended in specific areas where the operator chose to override
the planned machining process in order to ensure the quality of
the part. The root causes of these differences depend on multiple
real-life factors [4]. Mapping techniques aiming to retrieve the mea-
sured data and relate it to the expected execution data could address
such challenges.

3.4 Motivations. Past work (presented throughout Secs. 2 and 3)
essentially focused on developing the “digital thread” to solve a
specific manufacturing problem. To solve this challenge through
semantically enriching native data structures, many changes are
necessary in industry (both end users and technology providers).
However, machines and software already in use may not adopt
new standards. Upgrading manufacturing assets, especially legacy
equipment, may not be feasible in many cases. Hence, efforts that
leverage existing equipment and software already in place are still
required. Another challenge lies in the expertise for manufacturing
end users. Usually, an expert must be trained to acquire sufficient
experience with the technology developed to follow data-intensive
processes. Then, a verification stage is mandatory to check whether
results derived from data capture are meaningful, appropriate, and
accurate. Finally, the data need to be analyzed by human experts
to infer knowledge.
Our work aims to develop a method that focuses only on transfer-

ring information from downstream PL stages, e.g., inspection and
manufacturing stages, toward upstream PL stages, e.g., design
stage. The end vision will be to leverage the data produced through-
out the PL to provide insights and guidance to PL stakeholders, each
with unique perspectives. This paper presents a “black box” meth-
odology for mapping between as-planned and as-executed data.
Moving forward this alignment will be leveraged toward the other
PL stages, e.g., “as-designed” and “as-inspected” [11]. In this
paper, we analyze the spatial-temporal registration issues between
execution data and machine instructions. Figure 2 illustrates the
goal of this paper. We propose a technique for segmenting and
aligning “as-executed” data in the form of MTConnect with
“as-planned” data in the form of NC code. The outcome of our

mapping technique is a MTConnect-based segments labeled by
the NC code line that led to its creation. The spatial and temporal
nature of both data formats, i.e., NC code and MTConnect,
justify a close look at existing spatial-temporal registration tech-
niques. In the next section, we review such methods.

4 Spatial-Temporal Registration
Beyond the manufacturing domain, this work broadly relates to

spatial and temporal alignment techniques. Figure 3 illustrates our
goal to align the NC Code and MTConnect data by registering
the two dataset points based on their coordinates and following
their timeline. Our method relies on using existing alignment tech-
niques to extend this work and apply it to the PL interoperability
challenge.

4.1 Triangular Inequality Measures (Euclidean Measure).
The triangular inequality measures are distance measurements that
follow the “straight-line” distance measure paradigm [27], e.g.,
the shortest distance between the points in Euclidean space. The
Euclidean distance is the main distance measurement used in geom-
etry to compute a “regular” distance between different spatial
objects. This distance measure has been often applied for registering
and indexing time-series data. Lin et al. [28] focused on mapping
similar time-series curves by comparing the points in each curves
using an Euclidean distance measure. The “insignificant noises,”
e.g., the discrepancies in the curves, are first removed to improve
the comparison of similarity, by computing the Euclidean distance,
of the different curve sequence patterns.
Keogh and Pazzani [29] demonstrated that coupling the notion of

weighting features to the regular Euclidean distance measurement
can increase the time-series classification accuracy. They pushed
this work further by applying this upgraded distance, weighted
Euclidean metrics, to identify the most similar curve sequences in

Fig. 2 Schematic representing the goal of this work. Per each
NC code line, the corresponding MTConnect snippet is identi-
fied. Adopted from our previous work [26].

Fig. 3 Representation of our goal in aligning the NC Code data
and MTConnect data based on spatial and temporal comparison3http://www.cgtech.com/
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a dataset [30]. Manually applied weights are attributed to the fea-
tures forming the curves in the dataset. The “significant” features,
i.e., “picks” on the curves, have higher weight than the more
common features such as “lines.” The Euclidean distance is then
balanced by these weights which gives a more flexible measure
that allows a better registration of the similarities between the
curve patterns.

4.2 Iterative Techniques. Using a Euclidean-based measure
is a common approach to analyzing similar spatial datasets in align-
ment, registration, and indexing. To improve its efficacy, Besl and
McKay [31] coupled the Euclidean distance measure with an itera-
tive algorithm. The implementation created a new way of correlat-
ing similar points in a spatial dataset. The iterative closest point
(ICP) algorithm uses a “triangular” measure (Sec. 4.1), such as
the Euclidean distance measurement, to identify the closest point
of the shape of the resulting object. Each iteration adds more
points considered “closest to the object shape” until a stable
shape is found. Bearee et al. [32] applied this method to an Aircraft
deburring problem. The ICP allowed the convergence of the sensor
point alignment to identify and match the burring contour on an air-
craft nose. Chen and Medioni [33] pushed this method further.
Instead of using a squared distance measure, a tangent plane is
created from the point to match. The goal is to minimize the dis-
tance between this tangent plane and the other closest point.
The issue with ICP is that it does not handle temporal data well.

The algorithm focuses on aligning multiple datasets to identify a
contour shape, but the time sequences are lost in the process.
Note that we deploy the tangent plane idea from Chen and
Medioni [33] as a model to derive an error measurement in order
to validate the alignment of the “as-planned” and “as-executed”
datasets.

4.3 SlidingWindows Comparison. Time-series datasets have
very specific characteristics. In a time series, data are correlated to
the sequence in which the data appears. Faloutsos et al. [34] took
this notion into account by introducing a sliding window that
allows to detect patterns based on sequence. The window scans
by comparing the average Euclidean distance between the points
in the sliding window and the pattern found in the dataset. Then,
this matching result is stored for each iteration in a R-Tree allowing
the best results to be selected given the final similarity indexing.
This method does not scale well with larger datasets. Since the
R-Tree is used for storage, there exists a time limitation. Rafiei
and Mendelzon [35] managed to lighten the previous algorithm
by using linear transformations. The patterns are compared follow-
ing the sliding window method and for each iteration a linear trans-
formation is applied. A Euclidean distance is used to compare the
similarities of the transformed curves and the searched patterns.
This method shows a faster performance than the regular scanning
but is an approximate matching and cannot guarantee an exact
matching.
The issue that we found here is that it focuses on matching similar

patterns that have been identified prior to the execution. This
method could miss identifying important features that could help
the alignment of the data. Moreover, we assume that we do not
have technical insights (a priori) on the datasets. Thus, our goal is
to have a naive approach on the data so that the algorithm can iden-
tify and align potential patterns in an automated way.

4.4 Dynamic Time Warping. Dynamic time warping (DTW)
is a method aiming to serve as a distance measurement to align
similar datasets following an underlying time sequence. Sakoe
and Chiba [36] introduced DTW for use in speech recognition.
The goal is to merge the sliding window idea (defined in Sec.
4.3) with an iterative algorithm (defined in Sec. 4.2) that will
measure a standard distance, e.g., Euclidean distance (defined in
Sec. 4.1), between the points in the dataset. Following the timeline,

the distance is computed between the points and based on the results
the corresponding points are added to the sliding window attributed
to a specific portion of the respective dataset. Each iteration refines
the different windows identified until a stable alignment is found.
Itakura [37] validated this method by applying it again with
speech recognition.
The advantage of using DTW compared to regular distance mea-

sures is that it can identify the time distortion that may occur
between the compared datasets. Chu et al. [38] explains that dis-
tance measures such as Euclidean approaches struggle to match
time series when time distortions come into play. The alignment
method should take into account the “elastic shifting of the
X-axis” (see Fig. 2) which is not taken into account with exact
matching methods. Thus, DTW is a good alternative to distance
measure for time-series datasets. DTW has been vastly used to
analyze time-series data. In the medical domain, Aach and
Church [39] applied this method to identify RNA expression data.
Gavrila et al. [40] deployed DTW to align biometric data (GAIT).
Image recognition has also been interested in DTW. Munich and
Perona [41] used DTW to solve the problem of signature verifica-
tion, whereas Rath and Manmatha [42] applied it to index reposito-
ries of handwritten historical documents. Attempts have also been
made in manufacturing, Helu et al. [4] used DTW to relate simula-
tion of execution data to the actual real-life execution data. Such
examples of past successes with DTW motivate our approach,
detailed in Sec. 5.

5 Mapping Algorithm
In this section, we present the methodology for aligning

three-axis execution data back to NC code, see Fig. 2. The intervals
of MTConnect code (partially shown on the right side of the figure)
are mapped to the corresponding line of NC code. Our approach
consisted of three different steps: data processing, applying our
algorithm, and controlling the error discrepancies. In our previous
work [26], we presented preliminary results of this mapping algo-
rithm. Updates presented here are focused on automating the tool
change analysis (Sec. 5.2) and implementing improved distance
measures (Sec. 5.4) to have a better alignment of the datasets.

5.1 Data Pre-Processing. First, the dataset must be verified
and cleaned to initialize the alignment algorithm. MTConnect pro-
vides time-stamped execution data based on the machine tool’s
activities whereas the NC code captures the low-level instructions
fed into that machine to cut the part. Note that the MTConnect
data might contain information beyond the scope of the NC code
and it is common to find multiple part builds within the same
MTConnect data file. We assume that once the machine tool
begins following instructions per the NC code, the machine tool
follows the subsequent NC code lines in their provided sequence.
In other words, there is an implicit timeline associated with each
command, which can be simulated based on instructed feed rate
and distance traveled. This data segment must be identified in the
MTConnect stream. Then, all data not related to spatial-temporal
registration must be removed from the dataset to facilitate the align-
ment. At the end of this step, the MTConnect dataset contains only
execution data related to the NC code instructions.
The second step of pre-processing is to retrieve and relate the

coordinate systems of the two datasets. Both coordinate systems,
the NC code and execution data, are defined in R3 in xyz-space.
We retrieve and store the first triple from R3 as (x0, y0, z0). NC
code reports the overall position with respect to a coordinate
system or it reports the relative change to the previous point. As a
result, for each new instruction, one or more point coordinates
must be inferred. For example, if only the x dimension is changed
then the resulting point would keep the previous y and z dimensions.
Hence, the new triple is stored as (x1, y0, z0). Similarly, controller
data (in the form of MTConnect) report both axial position and
the direction of the tool. Often, axial positions are reported in
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isolation. To store a set of triples in R3, we assume no change in
unreported positions. Applying this process will provide two
array sets of R3 triples that relate to the corresponding MTConnect,
Pmt, and NC code, Pnc. The two standards contain other information
besides coordinate data which must also be stored. For example,
MTConnect files might report several lines corresponding to
feeds and speeds before sending new coordinate data.
The final step for our data pre-processing phase is to retrieve the

path of the tool from the MTConnect dataset and identify the tool
changes in the NC code dataset. The live stream data from the
machine should directly contain the vector for which the tool
follows to execute cutting operations. If not available, we can
derive the vectors between new MTConnect points from the previ-
ously retrieved coordinates of the MTConnect dataset. These
vectors represent the tool path executed by the machine. The NC
code contains explicit commands for tools changes, so the
method should identify and store the different parts of the files
where the tool must be changed. These two truncated datasets are
then stored to serve as input parameters for helping the alignment
algorithm perform on the MTConnect and NC Code datasets.

5.2 Tool Changes Analysis. Identifying the tool changes in
the NC code and MTConnect datasets is critical. Each tool
change causes the tool offsets to differ which will alter the align-
ment of the Pnc and Pmt points. The MTConnect standard facilitates
the sending of information when tool changes occur per each NC
code line. However, not all machines report tool changes. To this
end, we must deduce when tool changes occur based on the tool
paths retrieved from the MTConnect dataset and instructed tool
changes from the NC Code. Large deviations of tool trajectory rel-
ative to the workpiece can be attributed to tool operation such as
tool changes, e.g., as opposed to machining operation. Here, we
used a clustering algorithm, e.g., k-means [43], to automatically
identify deviations in the tool paths. These deviations represent
the command from the NC code to change the tool. The k-means
algorithm partitions the tool paths into several clusters that each rep-
resents an abnormal behavior of the tool compared to operations
realized on the workpiece. Once tool changes have been identified
in the MTConnect tool paths, the MTConnect points dataset, Pmt, is
segmented by the different operations for each tool and associated
to the corresponding NC code points dataset, Pnc, of the same
operation.

5.3 Mapping Alignment. Figure 4 (left) presents an automata
state diagram of our mapping algorithm. First, we use Eq. (1) to
refine the triple lists, i.e., to cluster similar points that have been
recorded by the machine controller. This step allows to improve
the efficiency of the algorithm by (1) reducing the number of
points in the dataset and thus quickening the algorithm’s execu-
tion and (2) facilitating the correct identification of the points
without distortion based on the data frequencies afforded by a
given controller.

∑n−1

i=0

d(Pi, Pi+1) ≤ cr(k) (1)

where n= |P|, d is the distance between two points, cr is the refining
coefficient, and k is the coefficient value identified for the case study
based on its operations and parameters. Defined per each use case
and depending on the machining operations and parameters, the
refining coefficient, cr, is a threshold for assigning adjacent points
to the same NC point. Multiple refining coefficients can be identi-
fied, based on the machining operations, parameters, and tools
deployed. Since execution data are logged as time-series data, it
is possible that two points are recorded at the same location (e.g.,
during machine idling or during an adjustment from the operator).
Moreover, since the NC code and the execution data are generated
independently, we cannot guarantee that if Pnc(i) is very close to
Pnc(i+1) a relative Pmt( j) will be found. Thus, the coefficient cr is

important to identify those cases. The value of the coefficient
should be chosen depending on the machining operation (e.g., drill-
ing, turning, milling) and the data feed rate. For example, in finer
operations cr should be low in order better to capture the tool
movement.
After refinement, the algorithm then indexes through Pnc and

tests the proximity of each Pmt( j) to relate the appropriate points
of each dataset to one another. Since the goal is to align the NC
code to the execution data, the Pnc(i) and Pnc(i+1) points are first
readout and then their distance from Pmt( j) is compared. Depending
on the result of this comparison, either the algorithm continues
through the Pmt points or the window of Pnc points is moved. In
the latter case, we assume the next execution points relate to the fol-
lowing NC code instruction. Figure 4 (right) demonstrates these
clustering conditions, the dotted blue areas represent the range of
Dij that indicates whether Pmt( j) is attributed to the neighboring
Pnc(i) or Pnc(i+1) based on the distance measurement chosen.

5.4 Distance Techniques. To relate the coordinates of Pnc(i)
to Pmt( j), the distance between the points must be computed. As
reviewed in Sec. 4, there exist several techniques to link spatial enti-
ties. We compute the geometric distance (direct, radial), compare
the similarity between the points, and iterate through the points to
find an optimal alignment. Computing the geometric distance can
be done using a regular spacial direct distance measure, e.g., Euclid-
ean distance, or with a radial distance measure, e.g., cosine distance.
The Euclidean distance measures the shortest distance between the
points depending on the spatial environment. The cosine distance
measures the smallest angle between the points. Comparing the sim-
ilarity between the points, e.g., the correlation of the points, mea-
sures the standard deviation between these points. Focusing on
the deviation instead of the distance between the points facilitates

Fig. 4 (Left) Diagram representing the mapping algorithm and
(Right) schema showing the coordinates alignment attribution,
where i < ‖Pnc‖, j < ‖Pmt‖, Pmt the MTConnect points dataset, Pnc
the NC Code points dataset, ‖Pnc‖ the number of points in the
Pnc dataset, ‖Pmt‖ the number of points in the Pmt dataset, and
d the distance between two points [26].
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the abstraction of the spatial environment and the differences across
the datasets. As described in Sec. 4.4, DTW compares different
time-series datasets taking into account the time distortion of each
dataset’s timeline. The method does not guarantee an exact match-
ing between the points but focuses on giving the “most likely”
matched. The presented distance techniques are a fraction of all
the available distance measurements. We choose these techniques
to give an example of the possible result when used with our
mapping algorithm (see Sec. 5.3). The choice of the distance tech-
nique should be based on the use case and the datasets.

5.5 Error Measurement. Leveraging Eq. (2), we measure
alignment errors by evaluating distances described in Secs. 5.3
and 5.4 of Pmt( j) to a plane derived from NC code.

De = n̂ · p0 + do (2)

where n̂ = v
‖v‖ the unit normal vector, p0 the evaluated point, and do

the distance of the plane from the origin.
Through this step, we compute the distance between the idealized

path based on the NC code instructions, defined as a plane between
vectors defined by Pnc(i− 1), Pnc(i), and Pnc(i+1). We then measure
the average distance between the orthogonal vector from Pmt( j) to
the defined plane, as shown in Fig. 5. This process not only presents
an overall error estimation between the execution data and planning
data but also provide a means for more efficiently aligning data in
the future. Note that there is no guarantee that a plane can be
defined by every three points in an NC code. For example, when
two adjacent vectors are co-linear, no plane can be formed. When
such a situation occurs, we measure the error by comparing
Pmt( j) to the nearest definable plane. We anticipate that this error

measurement will observe sources of discrepancies between
as-planned and as-executed data.

6 Use Case Application
To validate our method, we leverage design and manufacturing

information hosted on the SMS Test Bed repository at NIST. As
shown in Fig. 6, the test part is a machined aluminum heat sink
from an avionics control box. The information includes the full
setup sheets, CAM programs, machine instructions in the form of
NC code (ISO 6983 [44]), and design data hosted as an STEP
AP242 file [45]. The execution data were logged via the MTCon-
nect standard [9], and included controller-reported data from a GF
Agie Mikron HPM 1850U.

6.1 Data Pre-Processing. After plotting the MTConnect data,
we observed that the file contained another operation executed
before the start of the NC code instructions. The machine controller
reported more information than was required to follow our mapping
method. Thus, to construct Pmt, we registered new points after each
dimension change (as in Sec. 5.1) and stored all accompanying data
that did not relate to coordinates, e.g., feeds and speeds, for use
later. Similarly, we constructed Pnc by setting the first operation
of the machine as (x0, y0, z0) and indexing through each dimension
change. We then plotted Pmt and Pnc and manually identified
when the NC code is first realized in the execution data so that
the Pmt data not related to the identified machining processes can
be removed.

6.2 Tool Changes Analysis. Once the coordinates of the two
datasets, Pmt and Pnc, have been retrieved, the next step is to trans-
late those set of points into the same coordinate system to facilitate
comparison. Thus, we apply a translation vector to all the Pmt points
that depends on the tool offsets defined for each tool used. The Pmt

dataset is segmented to identify the tool changes during the machin-
ing process so that the translation vector corresponding to this spe-
cific tool offset can be applied. Note that some newer machine tools
report tool changes through the controller and the MTConnect
streams would capture such information explicitly. Figure 7 com-
pares the automated and manual identification [26] of tool
changes in the execution data. As shown in the top barplot M, the

Fig. 5 Schema of the error measurement in the data alignment

Fig. 6 (a) Isometric view of the test part, (b) view of “Operation 1” bottom of the part, and (c) view
of “Operation 2” top of the part

Fig. 7 Bar plot representing the tool segmentation of the Pmt done by identifying the tool changes: M refers to manual seg-
mentation based on visually identifying the tool changes pattern and A refers to automated segmentation based on a
k-means classifier
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first set of values represents Pmt(i) (where i ∈ {189; 1330; 2565;
4005; 5758; 7574; 9571; 11,646; 12,231}) that were manually
identified where a tool change occurred which was based on the
analysis of the Z-direction. A ceiling was fixed serving as the
highest position that the tool would reach before going back to its
base for a tool change. Shown in the bottom barplot A, the
second set of values represents the Pmt(i) (where i ∈ {187; 1326;
2559; 3997; 5749; 7564; 9555; 11,632; 12,231}) that were automat-
ically identified using k-means algorithm as tool changes. The tool
path Z-direction has been fed to a k-means model to separate the
tool path into two different clusters corresponding to a tool
change differentiated from the one corresponding to an active oper-
ation process. The differences between the Pmt(i) points are insignif-
icant which validates the automated tool change identification via
k-means clustering. Figure 8 shows the partitioning of the Pmt

points into two categories, the points identified as tool changes
(red) and those identified as operations (blue). Having the tool
changes identified the tool offsets can then be applied to the corre-
sponding Pmt points so that the new Pmt set of points are defined in a
normalized geometric space.

6.3 Mapping Alignment. During the refinement stage, we
observed that within fine movements defined by the NC code,
i.e., when Pnc(i) and Pnc(i+1) were very close to each other, Pmt

failed to align as the algorithm entered an infinite loop. This
problem signals the importance of properly setting a cr to treat
extremely close points as a single cluster. Additionally, there was
redundant information in Pmt as the controller, at times, was record-
ing the same coordinates, thus, we set cr= 0.1 as the threshold.
Since the data frequency from the controller was the same for the
different machining operations, we used the same refining coeffi-
cient throughout the use case. It is possible to observe NC code
lines that are linked to very few MTConnect points (i.e., less than
5). This could be due to (i) the reported frequency of sensor data
from the controller, i.e., the rate at which the data are reported by
the adapter on the machine is too low to log enough coordinate

points during fine NC instructions, (ii) an error in coordinate align-
ment, or (iii) false negatives in the alignment algorithm.

6.4 Errors Based on Distance Techniques. We implemented
different distance techniques4 in our algorithm to compare which
distance gives the best results, e.g., the distance that would allow
to have the smallest overall error. Table 1 shows the distribution
of errors (in cm) in the measurement based on the distance used.
The errors have been segmented into four categories (e.g., 25%,
50%, 75%, 90%). The use of the Euclidean distance gives good
results on identifying when the Pmt points are the closest to the
Pnc points, e.g., distance lesser than 0.0034 cm. However, when
the Pmt points are farther from the Pnc points, the results deteriorate.
When DTW is used the error distribution shows that 90% of the Pmt

points have a distance of maximum 0.6394 cm from the Pnc to
which they are aligned.
Figure 9 represents the number of Pmt and Pnc clusters grouped by

their errors within the cluster. One can observe that, when DTW is
used, the errors within the clusters are closer to zero compared to
the other distance techniques. Moreover, large deviations can be

Fig. 8 Plot representing the tool paths identified as tool changes (in red) and tool opera-
tions (in blue)

Table 1 Errors measurement distribution between the
alignment of the MTConnect and NC code data (in cm)

Errors distribution 25% 50% 75% 90%

Euclidean 0.0034 0.0433 1.2712 3.8999
Correlation 0.0045 0.0380 0.3636 3.8749
Cosine 0.0072 0.0421 0.7664 3.9082
DTW [46] 0.0067 0.0215 0.1101 0.6394

Note: Bold values indicate best performance per column.

4We use the scipy PYTHON package for the distance measures. https://docs.scipy.org/
doc/scipy/reference/spatial.distance.html
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observed with the other distance techniques which highlights the fact
that in those cases several Pmt points have been wrongly aligned to a
non-corresponding Pnc point. Overall, we found that DTW gives the
best results with this dataset. This technique does not try to link the
closest points together but it tries to link the points so that the
overall error is the lowest, meaning that it does not take into
account the actual distance between the Pmt and Pnc points, but the
overall distance between the adjacent Pmt points so that it reduces
the noises that can be caused by machining problems, e.g., feedback
time calibration. Figure 9 shows that the errors of alignment for DTW
between the Pmt and Pnc points are mostly close to zero. However, we
can still observe some deviations, e.g., around 0.6 cm between the Pmt
points and their corresponding Pnc point, that can be attributed to
external factors. We view this type of discrepancy as a possible
result to exploit for automatic detection of alignment signatures.
These signatures could be analyzed thoroughly in order to deduce
potential tool wear or machine failures.
Figure 10 provides a visualization as a summary of our mapping

algorithm. We have represented each tool, being in use, as a specific
color scale that then varies in contrast based on the different points
that have been mapped by the algorithm. Differences within each
color scale (or changes in shade) represent a unique NC code
command linked to that observed MTConnect point. The color
scales defined in Fig. 7 were recreated in Fig. 10 to help identify
specific instructions. This color mapping lends insight into the com-
plexity of instructions per tool and allows to segment the set of
points that have been linked to better classify and analyze the
machining operations executed by each individual tool. For
example, the red-scaled points relate to a relatively small number
of NC code lines, even though they appear to be prominent in the

controller logs, which indicates that the operations executed by
this tool are quicker and involve a large area of the part. On the
other hand, blue-scaled points have many more NC code lines affil-
iated with them since they represent a more complex machining
feature. Note that this visualization is not meant to derive micro-
level issues into what happened during the part’s build but rather
showcase the effectiveness of the mapping algorithm. Additional
analysis and visualization effort of the dataset created by the
results of our mapping algorithm will help derive knowledge
from actual executed machining operations that could better
inform the design of the part and improve machine maintenance.

7 Summary of Improvements of Mapping Algorithm
In our previous work [26], we suggested some possible exten-

sions of our mapping algorithm. Here, we revisit each suggested
improvement (italicized) and how we addressed it in this new
version. Improving coordinate representations: In this implementa-
tion, we derive tool path vectors from the NC code and segment
MTConnect data by comparing vectors rather than a point-to-point
approach. Auto-deriving a common origin & segmenting the
MTConnect data per operation: In the previous implementation,
we manually identified a common origin between the MTConnect
and NC code files. Also, we did not leverage tool change informa-
tion to guide the mapping. In the new implementation, we used a
k-means classifier to identity the tool changes that occur during
machining. The classifier segments the MTConnect data into two
classes which correspond to either tool cutting operation or tool
change. Then, using the timeline the MTConnect data, we separate
the different tool cutting operation on which our aligning algorithm
can be applied. Testing other distance measurement approaches: In
this work, we tested four different distance measures, each with
their unique advantages. Dynamic time warping proved to be the
most effective for aligning time-series-based spatial data. Two
other extension suggestions from our previous work were not
addressed in our new implementation. These include testing error
measurement in five-axis scenarios and dealing with external dis-
ruptions during execution. To address these issues, we would
need to develop a new dataset to test and control disruptions
(e.g., operator override, emergency shut-off), while leveraging
five-axis machining operations. Even if DTW (see Sec. 4.4) and
the other distance measure cited Sec. 4 should work on five-axis
coordinates systems, some testing will need to be done in order to
better refine the data pre-processing and the tool changes analysis.

8 Conclusion
To fully realize smart manufacturing, a functioning digital thread

must be demonstrated. Such a goal would require significant work.

Fig. 9 Histograms of 90% errors for the distance measures

Fig. 10 Final results of mapping algorithm visualizing (1) the
use of different tools through individual color scales and (2) indi-
vidual NC code mappings through changes in shades within
each color scale
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In fact, some researchers argue that realizing a “true” digital thread
would require so much work that it is innately cost-prohibitive [15].
In response, we demonstrated that even with very limited input data,
using datasets from standardized systems can help overcome such
challenges. We showcased an open-source approach for aligning
as-executed data (as MTconnect) with as-planned data (as NC
code). We believe that such data registration approach could be
extended to integrate other heterogeneous data formats and stan-
dards used throughout the product lifecycle. We envision that a
community-driven response to the digital thread challenge will
lead to similar software releases, each representing an individual
piece of the puzzle. Central to our method is the use of dynamic
time warping, referred to as DTW throughout this paper, to over-
come the challenge of spatial registration between the two datasets.
After testing a set of registration techniques, DTW showed the best
results. The resulting DTW-based method takes advantage of the
temporal (or sequential) characteristics of the data. Our results
further expose the importance of recording accurate timestamps
per data entity in industrial processes. We recognize that a
DTW-based approach will not work for in situ, ad hoc registration
of as-planned and as-executed data. We implemented our approach
based on the assumption that post-hoc analysis is sufficient. Adapt-
ing the method to perform in a more ad hoc manner would require a
departure of the traditional use of DTW. Looking forward, it might
be possible to leverage historical mappings using the DTW to
predict new data as it is recorded in situ. Developing reliable
tools for automating the transfer of data between the variety of
PL standards is important for manufacturing. Such registration tech-
niques represent an important step toward leveraging the full capa-
bility of artificial intelligence in manufacturing. To this end, we
bridge the gap between two such standards, MTConnect and NC
code. We believe that this mapping will serve as an eventual
conduit to relating downstream data (e.g., from planning and
execution) back to design for enhanced decision making. This
backward-feeding information method would cover the need to
use the existing data produced by the different PL stages that are
currently unaccounted for.
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Nomenclature
Pmt = MTConnect points
Pnc = NC code points
CR = refining coefficient
AP = application protocol

CAD = computer-aided design
CAM = computer-aided manufacturing
CNC = computer numerical control
DTW = dynamic time warping

GD&T = geometric dimensioning and tolerancing
ICP = iterative closest point
ISO = international organization of standardization
NC = numerical control

NIST = National Institute of Standards and Technology
QIF = quality information framework

SDOs = standards development organizations
SMS = smart manufacturing systems
STEP = standard for the exchange of product data

STEP-NC = STEP AP238 or ISO 10303–238

TDPs = technical data packages
UA = unified architecture
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