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Abstract 

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

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

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

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

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

Real-time indoor positioning systems in manufacturing systems are used to track production orders. This generates spatio-temporal trajectories
which can be segmented to determine process times. We present formulations of the offline segmentation problem as mixed-integer linear pro-
grams (MILPs) that utilize the sequence of processing steps from ERP systems. The MILP formulations are compared with online heuristics in
terms of their accuracy and computational effort on data generated with features from a real job shop. We show that in terms of accuracy our offline
segmentation formulations outperform the online heuristics with increasing measurement errors, justifying their higher computational effort.
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1. Introduction

Real-time indoor positioning systems in manufacturing sys-
tems provide valuable spatio-temporal data which can be used
for various data-based services and advanced analytics [1]. For
accurate production planning control it is crucial to have accu-
rate knowledge about process and lead times of manufactured
products. To date, the vast majority of these times have been
relied upon to be correctly reported back by employees. How-
ever, there are large discrepancies between the actual and the
reported times because workers unintentionally or intentionally
start or finish jobs at the wrong times. This is due to the fact that
reporting is still cumbersome or involves walking, so that, for
example, collected reporting is only done at the end of the shift.

In the course of digitalization, indoor positioning sys-
tems (IPS) have become increasingly popular for tracking pro-
duction orders with mobile sensors. This generates spatio-
temporal data xt which can be used to estimate lead times and
thus, is the basis for automating the time clocking. For this, the
spatio-temporal order trajectories need to be segmented to es-
timate process and lead times [2]. A challenge with this trajec-

tory segmentation is that position measurements in production
environments are prone to error due to shading and signal re-
flection [3].

We present different formulations of the offline segmenta-
tion of spatio-temporal order trajectories as mixed-integer lin-
ear programs (MILPs) that utilize the sequence of processing
steps known for each product. The MILP formulations are com-
pared with simple online heuristics in terms of their accuracy
and computational effort on data generated with features from
a real-world system. The studied system consists of a job shop
with nine stations in a quadratic matrix layout with intersect-
ing order trajectories, measurement errors, off-center geofences
and occasional unexpected waiting times between processing
steps.

2. Related Work

The literature contains a number of papers dealing with
the prediction of lead times for products in the make-to-order
manufacturing sector [4, 5, 6, 7, 8], some of them also con-
sider smaller time proportions as cycle times [7, 9], processing
times [8] or even shorter activities [10]. The main aim is to use
these predicted times to improve production planning, but also
the use in simulations is mentioned in [2, 7, 9]. Most often,2212-8271© 2022 The Authors. Published by Elsevier B.V.
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for various data-based services and advanced analytics [1]. For
accurate production planning control it is crucial to have accu-
rate knowledge about process and lead times of manufactured
products. To date, the vast majority of these times have been
relied upon to be correctly reported back by employees. How-
ever, there are large discrepancies between the actual and the
reported times because workers unintentionally or intentionally
start or finish jobs at the wrong times. This is due to the fact that
reporting is still cumbersome or involves walking, so that, for
example, collected reporting is only done at the end of the shift.

In the course of digitalization, indoor positioning sys-
tems (IPS) have become increasingly popular for tracking pro-
duction orders with mobile sensors. This generates spatio-
temporal data xt which can be used to estimate lead times and
thus, is the basis for automating the time clocking. For this, the
spatio-temporal order trajectories need to be segmented to es-
timate process and lead times [2]. A challenge with this trajec-

tory segmentation is that position measurements in production
environments are prone to error due to shading and signal re-
flection [3].

We present different formulations of the offline segmenta-
tion of spatio-temporal order trajectories as mixed-integer lin-
ear programs (MILPs) that utilize the sequence of processing
steps known for each product. The MILP formulations are com-
pared with simple online heuristics in terms of their accuracy
and computational effort on data generated with features from
a real-world system. The studied system consists of a job shop
with nine stations in a quadratic matrix layout with intersect-
ing order trajectories, measurement errors, off-center geofences
and occasional unexpected waiting times between processing
steps.

2. Related Work

The literature contains a number of papers dealing with
the prediction of lead times for products in the make-to-order
manufacturing sector [4, 5, 6, 7, 8], some of them also con-
sider smaller time proportions as cycle times [7, 9], processing
times [8] or even shorter activities [10]. The main aim is to use
these predicted times to improve production planning, but also
the use in simulations is mentioned in [2, 7, 9]. Most often,2212-8271© 2022 The Authors. Published by Elsevier B.V.
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data from a manufacturing execution system (MES) [5, 6, 7] is
used for prediction. In [5], simple iterative algorithms are im-
plemented for lead time prediction, whereas Pfeiffer et al. [7]
use a filtering algorithm. Öztürk et al. [4] use synthetic data
from a factory simulation model to predict lead times using
data mining. In [6], simulated data is used to test the presented
method that is based on multivariate regression. Mucientes et
al. [8] use machine data in combination with information such
as dimensions from technical drawings of historical products
(wood-furniture industry) to create a regression function for
each product type and machine, where the model is based on
fuzzy rules. Our work, on the other hand, focuses on deter-
mining historically correct process times for each station. For
this, we propose a classification problem that uses data from an
ultra-wide band (UWB) based indoor localization system which
is combined with information on the sequence of process steps
needed to create each product.

In recent work [9, 10, 11, 12, 13], location data is used to de-
rive information about the production system. Work from [11]
and [12] show, that unsupervised methods can reveal basic in-
formation on the system layout e.g. storage locations and trans-
portation routes. In [13], radio frequency identification (RFID)
is used to compute better hypotheses for the position of objects
with the help of online sequential extreme learning machines.
The position hypotheses are then feed back into the real-time
MES. Further analyses are made possible, but are not discussed
or carried out. In [10], a sensor fusion system combining UWB
localization data and sensor signals from fixtures is presented.
The latter are fixtures at each work station within the consid-
ered production line of a harness manufacturing process. Every
work piece needs to be clampeed at manual working station in
order to be processed. This provides very reliable data on when
a processing step has been performed. Unfortunately, such fix-
tures cannot be used in job shop manufacturing due to the inher-
ently high variety of products. In [9], an automotive use case is
discussed where data from a RFID system was analyzed. Since
the considered data is waypoint-discrete, the data set already
contains the assignment of workpiece to stations for each time
point. In our paper, we start one step earlier, where we deter-
mine the assignment of the workpieces to the stations. We built
upon the real-time indoor localization framework proposed by
Mieth et al. [14] and previous work on semantic enrichment of
spatio-temporal production data [2].

3. Data

The data generated by a production order tracked with an
IPS consists of two-dimensional position measurements xt at
discrete time points t from a set T = {ti | i ∈ I} where
I = {0, ..., imax} is the corresponding index set. On the shopfloor,
there are objects and obstacles like machines or storage ar-
eas with which an order interacts by being stored or relocated.
These objects are identified via their locations g ∈ G, where G
is the set of all such locations. Each location g has a Point of
Interest (POI) with position qg and a polygonal area of interest
(AOI), also called geofence, defined based upon the shopfloor

layout. At each timepoint t ∈ T , using the position measure-
ment xt from the IPS, the location g ∈ G, in whose area
of interest the order is located, can be determined. If uncer-
tainity around the position is quanitified, for example in the
form of a spatial confidence interval, the probability for an
order in area of interest of location g at timepoint t is given
by ptg ∈ [0, 1]. These probabilities can be collected in the ma-
trix P = (ptg) ∈ R|T |×|G|. If information on uncertainty cannot be
collected, we model P = (ptg) ∈ B|T |×|G|, where B denotes the
binary set {0, 1}.

The set of processing steps any tracked order can pass
through in the specific production system will be denoted as K.
For a single order, a process graph (V, E) can be obtained, for
example from an ERP or MES system. Here, V ⊆ K is the
set of processing steps and E ⊆ V × V is the set of directed
edges that the order takes between the process steps. The edge
set E∗ = E ∪ {(v, v) | v ∈ V} augments E with edges that lead
from each vertex to itself. Thus, in between two timesteps the
order either moves to the next processing step on its process
graph or can stay at its current vertex. The adjacency matrix of
the directed augmented process graph (V, E∗) will be denoted
as A = (ak1k2 ) ∈ B|V |×|V |. While most process steps in K are as-
signed one location in G and vice versa, there are process steps
that can take place in multiple locations, e.g. a visual quality
control or manual deburring. Moreover, there are locations like
manual workplaces in which multiple processing steps can be
performed. Differentiating between the sequential notion of a
processing step and the spatial notion of a location yields the
flexibility needed for the described cases. The assignment be-
tween process steps k and locations g specific to a production
system is encoded in H = (hkg) ∈ B|K|×|G|.

4. Estimating process times

At each timepoint t ∈ T , a classification of the order into
one of the process steps k ∈ K is encoded in the binary decision
variables btk, collected in the matrix B = (btk) ∈ B|T |×|K|.

The order must be in exactly one process step at each time-
point. This can be ensured by a constraint that checks ∀ t ∈ T
that

∑
k∈K btk = 1. Given such classifications, the process

time PT (k) for process step k can be estimated by:

P̂T (k) =
1
2

bt0k(t1−t0)+
imax−1∑

i=1

1
2

btik(ti+1−ti−1)+
1
2

btimaxk (timax−timax−1)

The objective is to determine the classifications btk such that
the estimated process time P̂T (k) is as close to the true process
time PT (k) for each process step k ∈ K. For an order passing
through processing steps V ⊆ K the Mean Relative Absolute
Error (MRAE) per processing step is

MRAE =
1
|V |
∑
k∈V

|P̂T (k) − PT (k)|
PT (k)

.
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It will be used as the metric for evaluating and comparing meth-
ods to determine the classifications btk. These methods will be
discussed in the following section.

5. Classification problems for trajectory segmentation

Two simple approaches to determine the classifications btk,
discussed e.g. in [2], are Area-of-Interest (AOI) and Point-of-
Interest (POI). They do not need any information on produc-
tion processes. The first approach assigns the process step at
each timepoint based on the location in whose area of inter-
est the position is measured and the second assigns the process
step with the closest point-of-interest qg to xt. In these naive
approaches, the classification is only based on the current posi-
tion measurement which could be faulty. This can be countered
to some degree using filters and smoothing as discussed in [2].
By the law of large numbers one could argue that filters or the
averaging over many measurements would neutralize measure-
ment errors leading to asymptotically correct times. In practice
however, three challenges arise: (1) While the tracked object is
moving, only one measurement per position exists. (2) Due to
battery limitations, IPS use sleep modes and do not provide ob-
servations while resting for longer periods of time. (3) Due to
reflections and shading, measurement errors might not even be
evenly or symmetrically distributed, leading to a biased posi-
tion estimate. This is of particular importance in industry with
big machinery or (sheet) metal objects on the shop floor.

Here, the classifications btk are determined by solving an
optimization problem. This enables firstly to deviate in some
classifications from the raw position measurements to lower
the overall classification error and secondly to incorporate in-
formation about the sequence of process steps in the form of
constraints.

The following mixed-integer linear optimization problem,
will be referred to as CPD. The optimization problem CPD is
prototypical, since the matrix of distances D = (dtg) as a pa-
rameter is specified later. Different distance notions that can be
used will be discussed in Subsection 5.1.

In the objective function (1) of CPD the inner sum is the clas-
sification error at each time t where dtg is the distance between
the measured and classified location g at time t. Therefore, the
sum over the individual classification errors is to be minimized.
The binary decision variable ctg encodes the classification of
the position measurement into a location g and vice versa. At
each timepoint, the order is classified into exactly one of the
locations in G (2). Similarly, a classification into exactly one
process step is required (3). The order can be classified into
being at location g only if the processing step k in which it
currently is, can take place in that location (4). Under the as-
sumption that the process graph (V, E) of the order is given, the
process sequence can be integrated into the classification prob-
lem as presented in [2]. For this, here a linear constraint based
on the adjacency matrix A is used. The sequence of processes
is not violated only if btik1 = 1 ∧ bti+1k2 = 1 ⇒ (k1, k2) ∈ E∗

which is equivalent to the linear constraint (5). Moreover, each

vertex of the process graph has to be visited at least once to
have processing times for each process step (6).

CPD : min
∑
t∈T

∑
g∈G

ctgdtg (1)

s.t.
∑
g∈G

ctg = 1 ∀t ∈ T (2)

∑
k∈V

btk = 1 ∀t ∈ T (3)

ctg ≤
∑
k∈V

btkhkg ∀t ∈ T, ∀g ∈ G (4)

btik1 + bti+1k2 ≤ 1 + ak1k2 ∀k1, k2 ∈ V,

∀i ∈ I\{imax} (5)∑
t∈T

btk ≥ 1 ∀k ∈ V (6)

e ∈ R|T |, b ∈ B|T |×|V |, c ∈ B|T |×|G| (7)

In case the order-specific process graph is not known, global
process rules that all orders must follow in the specific produc-
tion process or industry the indoor positioning system is work-
ing in, can be incorporated by modifying A in (5). While they
are not as exact as constraints inferred from one specific order’s
process graph, they still can improve the classification accuracy
compared to including no process knowledge.

The process graph can be used to reduce the number of con-
sidered locations by leaving out those that can never occur be-
cause no process step in V is assigned to them. For this, G
is replaced by the set of possible geofences, Gs, which con-
tains those locations g ∈ G for which there exists a process
step k ∈ V such that hkg = 1. If orders are diverse in their
process graphs and each only use a small fraction of all loca-
tions on the shopfloor, this reduction in model size can yield a
substantial decrease in model building and solving time which
is advantageous for any productive use.

5.1. Distance measures

One choice for the distance matrix D is considering the eu-
clidean distance between the position measurement xt and the
posisiton of the Point-Of-Interest qg of location g. The resulting
optimization problem is referred to as CPxPOI . However, this
notion of distance can be expected to have some flaws, since
firstly the classification is highly sensitive to the position of the
points of interest and the euclidean distance cannot account for
differently sized areas of interests around them as stated in [2].

The flaw of the euclidean distance to the points of interest
due to differently sized areas of interest can be avoided by con-
sidering the distance of the current measurement to the area of
interest. Setting dtg as the shortest distance from xt to the out-
line of the polygonal area of interest of location g in CPD yields
the corresponding optimization problem which will be referred
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It will be used as the metric for evaluating and comparing meth-
ods to determine the classifications btk. These methods will be
discussed in the following section.

5. Classification problems for trajectory segmentation

Two simple approaches to determine the classifications btk,
discussed e.g. in [2], are Area-of-Interest (AOI) and Point-of-
Interest (POI). They do not need any information on produc-
tion processes. The first approach assigns the process step at
each timepoint based on the location in whose area of inter-
est the position is measured and the second assigns the process
step with the closest point-of-interest qg to xt. In these naive
approaches, the classification is only based on the current posi-
tion measurement which could be faulty. This can be countered
to some degree using filters and smoothing as discussed in [2].
By the law of large numbers one could argue that filters or the
averaging over many measurements would neutralize measure-
ment errors leading to asymptotically correct times. In practice
however, three challenges arise: (1) While the tracked object is
moving, only one measurement per position exists. (2) Due to
battery limitations, IPS use sleep modes and do not provide ob-
servations while resting for longer periods of time. (3) Due to
reflections and shading, measurement errors might not even be
evenly or symmetrically distributed, leading to a biased posi-
tion estimate. This is of particular importance in industry with
big machinery or (sheet) metal objects on the shop floor.

Here, the classifications btk are determined by solving an
optimization problem. This enables firstly to deviate in some
classifications from the raw position measurements to lower
the overall classification error and secondly to incorporate in-
formation about the sequence of process steps in the form of
constraints.

The following mixed-integer linear optimization problem,
will be referred to as CPD. The optimization problem CPD is
prototypical, since the matrix of distances D = (dtg) as a pa-
rameter is specified later. Different distance notions that can be
used will be discussed in Subsection 5.1.

In the objective function (1) of CPD the inner sum is the clas-
sification error at each time t where dtg is the distance between
the measured and classified location g at time t. Therefore, the
sum over the individual classification errors is to be minimized.
The binary decision variable ctg encodes the classification of
the position measurement into a location g and vice versa. At
each timepoint, the order is classified into exactly one of the
locations in G (2). Similarly, a classification into exactly one
process step is required (3). The order can be classified into
being at location g only if the processing step k in which it
currently is, can take place in that location (4). Under the as-
sumption that the process graph (V, E) of the order is given, the
process sequence can be integrated into the classification prob-
lem as presented in [2]. For this, here a linear constraint based
on the adjacency matrix A is used. The sequence of processes
is not violated only if btik1 = 1 ∧ bti+1k2 = 1 ⇒ (k1, k2) ∈ E∗

which is equivalent to the linear constraint (5). Moreover, each

vertex of the process graph has to be visited at least once to
have processing times for each process step (6).

CPD : min
∑
t∈T

∑
g∈G

ctgdtg (1)

s.t.
∑
g∈G

ctg = 1 ∀t ∈ T (2)

∑
k∈V

btk = 1 ∀t ∈ T (3)

ctg ≤
∑
k∈V

btkhkg ∀t ∈ T, ∀g ∈ G (4)

btik1 + bti+1k2 ≤ 1 + ak1k2 ∀k1, k2 ∈ V,

∀i ∈ I\{imax} (5)∑
t∈T

btk ≥ 1 ∀k ∈ V (6)

e ∈ R|T |, b ∈ B|T |×|V |, c ∈ B|T |×|G| (7)

In case the order-specific process graph is not known, global
process rules that all orders must follow in the specific produc-
tion process or industry the indoor positioning system is work-
ing in, can be incorporated by modifying A in (5). While they
are not as exact as constraints inferred from one specific order’s
process graph, they still can improve the classification accuracy
compared to including no process knowledge.

The process graph can be used to reduce the number of con-
sidered locations by leaving out those that can never occur be-
cause no process step in V is assigned to them. For this, G
is replaced by the set of possible geofences, Gs, which con-
tains those locations g ∈ G for which there exists a process
step k ∈ V such that hkg = 1. If orders are diverse in their
process graphs and each only use a small fraction of all loca-
tions on the shopfloor, this reduction in model size can yield a
substantial decrease in model building and solving time which
is advantageous for any productive use.

5.1. Distance measures

One choice for the distance matrix D is considering the eu-
clidean distance between the position measurement xt and the
posisiton of the Point-Of-Interest qg of location g. The resulting
optimization problem is referred to as CPxPOI . However, this
notion of distance can be expected to have some flaws, since
firstly the classification is highly sensitive to the position of the
points of interest and the euclidean distance cannot account for
differently sized areas of interests around them as stated in [2].

The flaw of the euclidean distance to the points of interest
due to differently sized areas of interest can be avoided by con-
sidering the distance of the current measurement to the area of
interest. Setting dtg as the shortest distance from xt to the out-
line of the polygonal area of interest of location g in CPD yields
the corresponding optimization problem which will be referred
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to as CPxGeo. If xt is inside the polygon, this distance is set to
zero.

Again considering the case that the geofences are polygons,
a distance between two geofences can be calculated easily. The
distance between two polygons is the minimum distance be-
tween two points on the polygon path. For the matrix of pair-
wise distances D̃ = (d̃g1g2 ) ∈ R|G|×|G|, 1 is added to every dis-
tance between two polygons to get a strictly positive distance
also between bordering polygons and thus an error if a mis-
classification happens to a bordering area of interest. The dis-
tance between the current measurement and a location g1 is
then defined as dtg1 =

∑
g2∈G d̃g1g2 ptg2 . If P is non-binary and

given as the probability for a certain measurement to be in geo-
fence g2, dtg1 becomes a probability-weighted distance mea-
sure.

Alternatively, one could disregard the distances between ge-
ofences and just differentiate between classification into a cor-
rect or incorrect geofence which was presented in [2]. In our
framework, this would correspond to choosing d̃g1g2 to be 0
if g1 = g2 and 1 in all other cases. When P is binary this ap-
proach leads to a pure binary linear optimization problem which
we call here CPnone.

5.2. Incorporating transports

All of the above models at a given time t only classify into
one of the process steps and do not capture transport times
explicitly, because transport times from a process step to the
next are implicitly added to one or both of these process steps.
Therefore, the duration of the individual process steps is sys-
tematically overestimated and this error grows with the ratio
between transport and processing times. If the former are par-
ticularly high, e.g. because of waiting times between process
steps that are not captured in the process graph, one needs to
account for the transports in the model.

Transports are modelled with a modified process graph. For
each transport, an artificial processing step is created. Then,
connections to and from the artificial process step are created
as edges of the new graph. For each edge (k1, k2) ∈ E, there
has to happen a transport in between. Note that this is not the
case for the edges in E∗\E as in those, the marker stays at
the same station. Thus the set of vertices is augmented with
the existing edges: Ṽ = V ∪ E. The modified set of edges Ẽ
connects the modified vertices that is, one initial vertex with
one initial edge or one initial edge with one initial vertex re-
spectively. Constructing Ẽ∗ from Ẽ∗ analogously to E∗ from E,
yields the augmented process graph (Ṽ , Ẽ∗) whose adjacency
matrix is Ã = (ak̃1 k̃2

) ∈ R|Ṽ |×|Ṽ |.
Since the transports are treated as additional process steps,

the assignment between process steps and locations H needs to
be adjusted. We define K̃ = K∪(K×K) and H̃ = (h̃kg) ∈ B|K̃|×|G|
which is extended from H by assigning to all k ∈ K × K, h̃kg

the transport location gT . It is the space that remains on the
shopfloor after removing all other areas of interest.

After replacing V with Ṽ , A with Ã and H with H̃ in CPD

which yields the optimization problem CPT D, the redefinition
of the distance dtg remains. The optimization problem resulting

from considering the distance between position measurement
and geofence will be referred to as CPT xGeo. If all non-transport
geofences are polygons, the resulting transport geofence is a
polygon as well albeit with holes. Setting dtg to be the distance
to the area of interest of location g that in case of the transport
geofence, if the object is in another location, the distance will
be measured within the corresponding hole. The optimization
problem resulting from considering the distance between clas-
sified and measured geofence will be referred to as CPTGeoGeo.
Here, we define d̃g1g2 again by adding 1 to the polygon dis-
tance to get a strictly positive distance between bordering poly-
gons, yielding an error if a misclassification happens to a bor-
dering area of interest. This is particularly important here, since
the transport area of interest borders that of any other process
step. The distance between the current measurement and a lo-
cation g1 is defined analogous to the non-transport case. The
transport equivalent of the binary-distance-based CPnone will be
referred to as CPTnone. An adaptation of CPxPOI to the transport
case is not possible, since without additional assumptions on the
transport paths there is no single POI for the transport process
to which a distance could be defined.

6. Experiments and Results

The hypothetical production system for the evaluation is a
job shop with nine process steps oriented in a quadratic matrix
layout. The locations are indexed by their horizontal and verti-
cal position relative to the bottom left process step (1,1). Each
process step has a location with area of interest and point of in-
terest associated with it. The areas of interest are quadratic and
have a side length of 8m and feature a corridor of 4m between
one another. Their point of interest is positioned centrally.

The considered order follows the sequence of process
steps [(1,1),(3,2),(1,3),(3,1),(2,1),(2,2),(1,2),(2,3)] with a speed
of 1 m/s. The trajectory with an offset error is depicted on the
left side in Figure 1. At a given processing step, the order re-
mains stationary for the duration of the process time, with an
offset relative to the center of the area of interest. Offset wait-
ing positions account for misspecification of areas or points of
interest as well as for large asymmetric measurement errors
that result from reflections or shading. On the way from pro-
cess (1,3) to (3,1) there is an unexpected waiting position in the
corridor with a certain waiting time.

A two-dimensional error drawn from a t-distribution
with 3 degrees of freedom and standard deviation S CALEM

is added to the position measurements. The larger kurtosis of
the t-distribution leads to more large errors than a normal dis-
tribution with the same standard deviation which is closer to
measurement errors observed in practice and enhances the ro-
bustness of the analysis. The position measurements and times-
tamps form a synthetic trajectory, examples of which are shown
in Figure 1.

S CALEM is varied in [0 m, 0.5 m, 1 m, 2 m] and the pro-
cess time (PT) is varied between 18 or 180 min for all pro-
cess steps or 18 / 180 min alternating for each experiment. Fi-
nally, the corridor waiting time (CWT) is varied between zero
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Fig. 1. Trajectories using offset process locations, waiting location (•) and t-
distributed measurement errors with S CALEM = 0 (left) and S CALEM = 1
(right).

and 18 min. For each method and configuration, ten replications
are performed, since the measurement errors are stochastic. The
results in terms of solution time and accuracy are shown in Fig-
ure 2.

All computations are performed using Python 3.7. Distances
between two polygonal areas of interest or a point and a polyg-
onal area of interest are calculated with shapely [15]. The clas-
sification problems are solved using the CP-SAT solver from
Google OR-Tools [16] which has access to 8 threads on a quad-
core Intel i7 CPU for 150 seconds per problem. If the optimality
of a found solution is not proven within the time limit, the best
feasible solution known is used for evaluation. Since CP-SAT
Solver is a pure integer programming solver, the distances are
rounded to two digits.

6.1. Discussion of results

When there are no errors present the AOI and CPT D perform
best across all time configurations. However, the AOI method
has an MRAE upwards of 10% for all configurations as soon
as any measurement errors are present. As long as errors are
small and the ratio between the unexpected waiting time and
the process times is low, the POI method is working well. In
these cases, there is no need for more complex models. As soon
as the error standard deviation grows above 1m, the POI method
becomes very volatile across replications and reaches a MRAE
of 10% as well. In cases where the ratio of waiting time to pro-
cess time is low , even if the errors are very large, the classifi-
cation problems CPD perform well with MRAEs of order 10−2.
If the waiting time becomes large relative to the process time,
the POI method again becomes unreliable. The non-transport
models CPD however are also unreliable due to the systematic
error mentioned in Section 5.2. In these cases, if there are no
errors, the AOI method works well; as do the CPT D transport
models. For low, non-zero errors AOI also becomes unreliable,
where the transport models can work well in some replications.

For error standard deviations above 1m and a high waiting
time, all models perform badly, while at least for S CALEM = 1
in some replications the transport models perform well. In the
mixed process time case with waiting times, CPxGeo and CPxPOI

are less robust with increasing errors than CPnone and CPGeoGeo.
In the majority of replications the MRAE of the latter two mod-
els is of order 10−2 with some worse outliers.

6.2. Recommendations

Based on the results of the numerical experiments recom-
mendations on which methods to choose in different configu-
rations of process and waiting times as well as measurement
errors are given in Table 1.

Table 1. Recommendation of methods depending on time configuration and
measurement errors.

Ratio waiting times/process times Measurement errors Recommendation

small none AOI
small small POI
small large CPD
large none/small CPT D

In the case of a large ratio of waiting to process times and
large measurement errors none of the discussed methods can
be recommended. The former can be reduced by introducing
additional process steps in the orders process graph that model
frequently occuring and long waiting times. Using fitting areas
of interest, the non-transport models CPD can be successfully
applied as only large measurement errors remain. The latter can
be reduced to below 0.5m by choosing a more precise IPS or in-
creasing area coverage. Furthermore, context information like
trustworthy classifications from RFID or other sensors can en-
rich our approach in the form of an additional constraints on btk.
A suiting sensor fusion concept is described in [2].

7. Conclusion

A mixed-integer linear programming-based framework to
segment spatio-temporal order trajectories was presented. With
it, process times can be estimated that incorporate quanti-
fied measurement uncertainty and order-specific sequences. We
showed that even under large measurement errors our offline
segmentation formulations remain reliable and outperform the
online heuristics in terms of accuracy, as long as unexpected
transport times are relatively small. In the case that transport
times are large, the tranport-based formulations can offer an ad-
vantage as long as measurement errors are small and enough
computational resources are available. Comprehensive recom-
mendations for practicioners on choosing the best method for
process time estimation based on measurement error size and
amount of transport times relative to process time are given.
For the most difficult environment conditions, solutions are pro-
vided to enhance reliability of the methods.

Accurate estimation of historical process times is the basis
for improved prediction of future process times. Thus, our work
enables different use cases from production planning to simula-
tion input modeling. In future work, global process knowledge
that is common within a specific industry can be included to
further enhance estimation accuracy, even in scenarios where
no process graph for individual products is known. Additional
potential lies in the inclusion of measurements from multiple
sensors and tracking systems.
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Fig. 1. Trajectories using offset process locations, waiting location (•) and t-
distributed measurement errors with S CALEM = 0 (left) and S CALEM = 1
(right).
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creasing area coverage. Furthermore, context information like
trustworthy classifications from RFID or other sensors can en-
rich our approach in the form of an additional constraints on btk.
A suiting sensor fusion concept is described in [2].
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vantage as long as measurement errors are small and enough
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mendations for practicioners on choosing the best method for
process time estimation based on measurement error size and
amount of transport times relative to process time are given.
For the most difficult environment conditions, solutions are pro-
vided to enhance reliability of the methods.

Accurate estimation of historical process times is the basis
for improved prediction of future process times. Thus, our work
enables different use cases from production planning to simula-
tion input modeling. In future work, global process knowledge
that is common within a specific industry can be included to
further enhance estimation accuracy, even in scenarios where
no process graph for individual products is known. Additional
potential lies in the inclusion of measurements from multiple
sensors and tracking systems.
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Fig. 2. Mean Relative Absolute Error (MRAE) and solving time of naive methods (• AOI, • POI), classification-based methods with (• CPTGeoGeo, • CPTnone,
• CPT xGeo) and without transports (• CPGeoGeo, • CPnone, • CPxGeo, • COxPOI ) for different process time distributions (PT ), unexpected corridor waiting
times (CWT ) and measurement error standard deviation (S CALEM).
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[11] P. Charpentier and A. Véjar, “From spatio-temporal data to manufacturing
system model,” Journal of Control, Automation and Electrical Systems,
vol. 25, no. 5, pp. 557–565, 2014.

[12] J. Flossdorf, A. Meyer, D. Artjuch, J. Schneider, and C. Jentsch, “Unsuper-
vised movement detection in indoor positioning systems,” 2021.

[13] Z. Yang, P. Zhang, and L. Chen, “Rfid-enabled indoor positioning method
for a real-time manufacturing execution system using os-elm,” Neurocom-
puting, vol. 174, pp. 121–133, 2016.

[14] C. Mieth, A. Meyer, and M. Henke, “Framework for the usage of data from
real-time indoor localization systems to derive inputs for manufacturing
simulation,” Procedia CIRP, vol. 81, pp. 868–873, 2019.

[15] S. Gillies et al., “Shapely: manipulation and analysis of geometric objects,”
2007–.

[16] L. Perron and V. Furnon, “Or-tools.”

6


