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 A B S T R A C T

Remanufacturing processes are characterized by high uncertainty due to the variable conditions of returned 
cores, which makes automation challenging and necessitates considerable process flexibility. Industry 4.0 
methods are often proposed to mitigate this uncertainty, yet real-world demonstrations that validate their 
effectiveness remain limited. This study addresses this research gap by presenting a flexible, digital-twin 
driven object transfer system implemented in a remanufacturing demonstration environment. The system under 
consideration involves an autonomous mobile robot that docks at multiple stationary transfer points to transfer 
unique starter motor cores without the use of load carriers. Since the object transfer process is probabilistic, 
virtual models are employed in a physics-simulated environment to predict object-specific pre-transfer states, 
defined as the state an object before the transfer is executed. The predictive capabilities of the digital twins 
are evaluated through an extensive experimental study, involving a series of physical and virtual experiments 
conducted on 37 unique starter motor cores.

The study includes calibration experiments to tune the virtual models, followed by large-scale virtual 
experiments to estimate the probability of successful transfer for a fixed set of pre-transfer states. A custom 
method is applied to determine the most promising pre-transfer state for each starter motor core. Final 
validation results highlight the effectiveness of the approach and indicate that increased modeling efforts 
reveal inherent limitations in the predictive accuracy of the virtual models. Sources of error, including mass 
distribution approximations and simulation inaccuracies, are discussed, and directions for future improvements 
are outlined.
1. Introduction

On the road to greenhouse gas neutrality, the common ‘‘take, make, 
waste’’ approach of the linear production must be transformed into a 
holistic circular economy that decouples resource consumption from 
economic growth [1]. Remanufacturing is often considered to be the 
most superior strategy in terms of overall material and energy sav-
ings [2]. Today, remanufacturing is a standardized value retention 
process in which a remanufactured product is created from restored 
components of one or more used parts as well as new components. 
Remanufactured products provide at least the functionality and perfor-
mance of the original product [3]. The remanufacturing process chain 
is characterized by a high degree of uncertainty compared to traditional 
linear production schemes. The inherent uncertainty of the product 
leads to individual process sequences with highly variable lead times, 
making it difficult to balance returns and demand [4]. Coping with the 
variability in quality and quantity requires a high degree of process 
flexibility at all levels, which until now could only be achieved by 
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a high degree of manual labor with expert knowledge. Researchers 
generally suggest that increased automation and the implementation 
of Industry 4.0 methods to reduce costs and improve productivity and 
quality are potential drivers for the wider application of remanufactur-
ing [5–8]. However, traditional automation methods that rely on a high 
degree of determinism are not feasible due to the uncertainty inherent 
in the product and processes. As a result, most research in this area has 
been conceptual. The lack of real-world demonstrations that show the 
benefits of applying advanced methods that can cope with uncertainty 
in remanufacturing is subsequently identified as a research gap [7–9].

We address this gap by presenting a comprehensive experimental 
study that evaluates the predictive capabilities of digital twins (DTs) 
for an uncertain object transfer process. The system involves an au-
tonomous mobile robot (AMR) docking at stationary transfer points to 
transfer unique starter motor cores without the use of load carriers. 
Virtual models are integrated into the physical system to predict the 
outcomes of this inherently uncertain transfer process. These predic-
tions enable the system to minimize uncertainty and optimize the 
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success of the object transfer. This paper presents a condensed version 
of the experimental study which was previously reported in the author’s 
doctoral dissertation [10].

The paper is organized as follows: Section 2 reviews the litera-
ture on the intersections between production logistics, digital twins, 
remanufacturing and disassembly automation. Section 3 outlines the 
implemented object transfer system. In Section 4, we introduce the 
experimental study to evaluate the capabilities of the digital twins. Sec-
tion 5 summarizes the validation results. Finally, Section 6 concludes 
the paper and gives an outlook on future research directions.

2. Literature review

This section provides a review on digital twins (DTs) in produc-
tion logistics and in the context of remanufacturing and disassembly 
automation [10].

2.1. Digital twins in production logistics

The integration of digital twins in production logistics has gained 
significant attention due to their potential to enhance efficiency, op-
timize workflows, and support decision-making in automated material 
handling. Unlike traditional simulation approaches, DTs enable real-
time synchronization between physical and virtual systems, allowing 
for continuous monitoring and adaptation. Recent literature reviews 
by [11,12] provide a broad perspective on DT applications in produc-
tion logistics, identifying key areas such as transportation, packaging, 
warehousing, material distribution, and information processing.

Several studies demonstrate the practical benefits of DTs in pro-
duction logistics. [13] illustrate how DTs assist in selecting optimal 
equipment, such as automated guided vehicles (AGVs), based on simu-
lated path planning. Similarly, [14] discuss their role in AMR and AGV 
navigation, localization, and safety validation. Virtual modeling has 
also been applied to conveyor-based systems, as seen in [15,16], where 
DTs help refine control parameters for reliable material handling.

From a methodological perspective, the implementation of virtual 
models varies across studies. [11] found that most approaches rely 
on Discrete Event Simulation (DES), with fewer utilizing physics-based 
simulations. [17] focus on data synchronization between physical and 
virtual models in a welding production line, demonstrating the feasibil-
ity of DTs in process optimization. These studies collectively highlight 
the growing role of DTs in production logistics, particularly in automa-
tion, real-time monitoring, and predictive decision-making. Research 
on production logistics for remanufacturing is extremely limited, with 
only few publications focusing on the material handling challenges 
specific to automated remanufacturing, see [18,19]. However, address-
ing these challenges is crucial with respect to the vision of a fully 
automated remanufacturing facility.

2.2. Digital twins in remanufacturing and disassembly automation

Research on DTs spans a wide range of applications, depending on 
the scope and level of detail modeled within the virtual counterpart. In 
the context of remanufacturing and disassembly automation, DTs play 
a crucial role in handling the inherent variability of returned products, 
optimizing decision-making, and improving process efficiency. How-
ever, the specific research directions within this domain are diverse. 
To gain a structured understanding of how DTs are currently being 
explored in remanufacturing and disassembly automation, a systematic 
literature review was conducted. The selection process is visualized 
using a PRISMA chart (see Fig.  1), detailing the filtering steps from 
an initial set of 42 identified records down to a full-text review of 
21 relevant studies. The reviewed literature was categorized based on 
four key characteristics, allowing us to distinguish different research 
trajectories and technological approaches. The records were structured 
according to the following four characteristics:
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• Contribution Type: Contributions in the field of DTs can take 
various forms. We evaluate the contribution type by assigning 
one or more of the following aspects: ‘‘Review’’, ‘‘Model’’, ‘‘Product 
Model’’ and ‘‘Algorithm’’.

• Assets: The reviewed publications address various physical assets. 
During the review, we found three main types of assets, namely
‘‘Core’’, ‘‘Waste’’ and ‘‘Resources’’. A category encapsulated in 
brackets refers to a minor contribution to that assets type.

• Scope: DTs can be implemented with varying levels of granu-
larity. We differentiate the scope of the DTs into the following 
categories: ‘‘Life Cycle’’, ‘‘Supply Chain’’, ‘‘Reconditioning’’, ‘‘Disas-
sembly’’, and ‘‘Shop Floor’’.

• Real-World Demonstration: The lack of real-world demonstra-
tions of Industry 4.0 methods in remanufacturing is frequently 
identified as a research gap [7–9]. Therefore, we rate each record 
based on its real-world demonstration using a scale from ‘‘-’’ 
to ‘‘+++’’. A ‘‘-’’ indicates no real-world demonstration, while 
‘‘+++’’ signifies an extensive application study.

Table  1 shows the classification results based on our analysis. In 
the following, we briefly discuss each publication. We structured the 
discussion of the individual records according to the different scopes. 

Life cycle
The majority of the reviewed literature focuses on DTs from a life 

cycle perspective. Wang and Wang propose a system architecture for 
a digital twin-enabled Cyber–Physical System (CPS) and a data model 
that considers data from the design phase through manufacturing, 
use phase and recovery over multiple life cycles [20]. An exemplary 
implementation shows a cloud-based system where core data can be 
accessed via a web-based front-end by scanning an attached QR code. 
Tozanali et al. propose a digital twin-based model to estimate an 
accurate take-back price for a core based on historical data. A discrete 
event simulation is used to compare different trade-in policies [22]. 
Wang et al. further provide a holistic architecture that covers multiple 
product life cycles and attempts to include all stakeholders involved 
in the remanufacturing process, with the aim of demonstrating a big 
data application [23]. However, the architecture is highly conceptual 
and the application scenario as well as the assumption of the poten-
tial benefits of applying the architecture are not based on real-world 
data. Similarly, Zacharaki et al. present the RECLAIM (REmanufaCturing 
and Refurbishment LArge Industrial equipment) architecture of the EU 
Factory of the Future project [27]. While the holistic architecture is 
not discussed in greater detail, the publication emphasizes the decision 
support framework based on a digital twin of the machinery with the 
aim of optimizing maintenance activities. Wiesner et al. present a data-
driven approach to assessing the health of a machine component [33]. 
For their use case, the authors developed a custom sensor box to predict 
the remaining time to failure of a spindle bearing. Another architecture 
with life cycle perspective is proposed by Elsner et al. [34]. The goal 
of this architecture is to enable dynamic life cycle assessment in the 
remanufacturing of battery modules. Ke et al. present an intelligent 
redesign methodology for used products and applies it to clutch case 
study to find the optimal clutch redesign scheme [35]. Kerin et al. 
propose a decision making model that optimizes the remanufacturing 
planning while using data from different stages in a product’s life 
cycle [36]. The authors use a neural network to predict the remaining 
useful life and a bees algorithm to plan the disassembly sequence. In 
another publication, Kerin et al. propose a generic product model [37]. 
After defining the requirements for a product DT, the authors propose 
a UML class diagram and instantiate it for a single example product.

Supply chain
Three publications examine DTs in the context of remanufacturing 

from a supply chain perspective. Chen and Huang review the problem 
of information sharing and examines information asymmetries in re-
manufacturing supply chains [24]. Guo and Han propose a  closed-loop 
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Fig. 1. PRISMA chart of the structured literature review. The records were retrieved from Scopus on the 26th of March 2024 using the query (digital AND twin*) AND ((remanufactur*) 
OR (disassembly AND automation)).
Table 1
Categorized research publications on digital twins in the context of remanufacturing and disassembly automation.
 Reference Contribution type Assets Scope Real-World demonstration 
 [20] Architecture, Product Model Core Life Cycle +  
 [21] Type Core, Resources Disassembly ++  
 [22] Model Core Life Cycle –  
 [23] Architecture Core, (Resources) Life Cycle –  
 [24] Review Core, Waste Supply Chain –  
 [25] Analysis Core, Resources Reconditioning –  
 [26] Model Waste Shop Floor +  
 [27] Architecture Core, Resources Life Cycle –  
 [28] Architecture Core Shop Floor, Reconditioning +  
 [29] Model, Algorithm Core Reconditioning +  
 [30] Model Core Supply Chain –  
 [31] Architecture Core, Resources Shop Floor –  
 [32] Architecture Core, Resources Shop Floor –  
 [33] Model Core Life Cycle +  
 [34] Architecture Core, (Resources) Life Cycle –  
 [35] Architecture, Model Core Life Cycle +  
 [36] Model Core Life Cycle,Shop Floor –  
 [37] Product Model Core Life Cycle –  
 [19] Architecture, Model (Core), Resources Shop Floor +  
 [38] Architecture (Core), Resources Supply Chain +  
 [39] Architecture, Model (Core), Resources Disassembly ++  
 This study Architecture, Model, Algorithm (Core), Resources Shop Floor + + +  
3 



J.-F. Klein and K. Furmans Robotics and Computer-Integrated Manufacturing 97 (2026) 103063 
Table 2
Asset descriptions as used in this study.
 Name: Description  
 𝑜𝑃 ∈ 𝑃 = {𝑜𝑃1 ,… , 𝑜𝑃37} Physical starter motor core.  
 𝑇𝑀𝑃 Physical Transport Module.  
 𝑇𝑈𝑃 ∈    = {𝑇𝑈𝑃

𝐴 , 𝑇𝑈
𝑃
𝐵 , 𝑇𝑈

𝑃
𝐶 , 𝑇𝑈

𝑃
𝐷 } Physical Transfer Unit, one at each of the four stations 

 𝑜𝑉 ∈ 𝑉 = {𝑜𝑉1 ,… , 𝑜𝑉37} Virtual starter motor core.  
 𝑇𝑀𝑉 ∈  𝑉 Virtual instance of a Transport Module.  
 𝑇𝑈𝑉 ∈   𝑉 Virtual instance of a Transfer Unit.  
digital twin supply chain framework and evaluates the impact of digital 
twins on the bullwhip effect [30]. Sun et al. propose an architecture 
for a digital reverse logistics twin in the context of remanufacturing 
network design [38]. The architecture is evaluated in a case study of a 
remanufacturing design problem in Norway.

Reconditioning
A further three reviewed publications focus on reconditioning. Shri-

vastava et al. address the challenges of additive manufacturing in 
remanufacturing [25]. The authors mention digital twins in combina-
tion with other data-driven models as a possible solution to limit the 
initial process parameter space and reduce of trial-and-error testing. As-
suad et al. propose a decision framework for a remanufacturing system 
based on a laboratory use case, while emphasizing the reconditioning 
process chain [28]. However, the utility and the interface to specific 
virtual models of a DT is not further explained. Lastly, Ghorbani and 
Khameneifar propose a methodology to construct accurate, damage-
free digital twins of defective turbine blades and an algorithm to 
register noisy scanned data to achieve accurate repair volumes for the 
additive manufacturing process [29].

Disassembly
Rocca et al. provide a comprehensive study of Industry 4.0 technolo-

gies in the context of circular economy [21]. The authors developed two 
simulation models, one to optimize the design of the manufacturing 
system and a second to optimize the energy consumption during the 
disassembly process. They also practically demonstrated the capabil-
ities of the DT in a laboratory experiment. Li et al. implemented a 
human–robot collaboration system and demonstrated the prototype on 
an electric vehicle battery disassembly task [39]. The system is based 
on a visual reasoning module that infers task planning strategies while 
respecting safety and ergonomic rules.

Shop floor
Yang et al. propose a model to dynamically forecast the amount and 

timing of waste generated during the disassembly process [26]. The 
model incorporates a digital twin learning loop, in which the model 
is continuously updated based on new information. The architecture 
of Hu et al. is the closest to the one presented in the following 
section [31]. The authors propose a three-layer architecture for a 
cyber–physical remanufacturing system, consisting of a physical layer, 
an edge layer and a cloud service layer. In contrast to architecture 
used in this study, the framework provides an hierarchical approach in 
which the digital twins are on the edge layer and the logical assets that 
control the processes are on the top cloud service layer. The proposed 
architecture by [31] is conceptual only, with no real-world implemen-
tation or application provided. Both [19,32] are directly related to this 
study and are mentioned in the following sections.

As one of the key technologies of Industry 4.0, DTs have received 
a lot of research attention over the last decade. The inflationary use 
of the term makes it difficult to provide a consistent definition and 
to distinguish it from well-known and much older concepts. Most of 
the research on DTs in remanufacturing and disassembly automation 
focuses on the life cycle and supply chain perspective. There exist only 
a few application studies at the shop floor level. As noted in [24] and 
confirmed by this review, there is only little applied research on digital 
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twins in remanufacturing that has been validated in a real-world appli-
cation. As indicated in the last row of Table  1, this study contributes to 
filling this research gap by providing a real-world implementation and 
an extensive application study to validate the capabilities of DTS of a 
process that is affected by remanufacturing-specific uncertainties.

3. System overview

This section provides an overview of the system components and 
processes necessary to understand the experimental study presented 
in Section 4. For an extensive system description, we refer to [10]. 
While the challenges outlined here are not directly addressed in this 
study, their existence underscores the need for digital twins (DTs) to 
improve the considered object transfer process. The object transfer 
system considered in this study system was previously introduced 
in [18,19] and consists of multiple physical and virtual assets, see Table 
2. The superscript 𝑃  is used throughout this study when referring to 
the physical assets. The physical object transfer system combines three 
assets as illustrated in Fig.  2:

• The Transfer Unit 𝑇𝑈𝑃  is a stationary transfer point that consists 
of a conveyor belt pair enclosed by two light barriers. The demon-
stration production system comprises a total of four physical 
transfer units, see Table  2.

• The Transport Module 𝑇𝑀𝑃  has an AMR as a base and is 
equipped with its own transfer unit, see Fig.  2(b). It uses an 
actuated RGB-D camera to detect and track objects during the 
object transfer process.

• The object to be transferred 𝑜𝑃  refers to a unique starter motor 
core. In this study we consider a total of 37 cores. Fig.  2(g) shows 
four of these cores. Each core is not only unique in its degree of 
wear, but originates from a different product variant. The cores 
share the same product family, which makes them similar in terms 
of their overall design scheme.

Table  2 shows an overview on all considered assets in this study. For 
each physical asset, there exists a corresponding virtual model which 
are referred to using the superscript 𝑉 . These were implemented in 
NVIDIA Isaac Sim, a commonly used physics-based robotic simulation 
tool based on NVIDIA’s physics engine PhysX [40]. Figs.  2(e), 2(f) and
2(h) show instances of the implemented virtual models. The virtual 
cores are modeled as simple rigid bodies with uniformly distributed 
mass which use a high resolution STL models as collision shapes. The 
STL models were generated by scanning the real-world set with a ZEISS 
T-Scan industrial laser.

3.1. The object transfer process

Fig.  3(a) shows a flowchart of a transport operation, as previously 
described in [42]. The execution starts with a global navigation process 
of 𝑇𝑀𝑃  targeting a coarse goal position in front of 𝑇𝑈𝑃 , see [43] 
for details. Once 𝑇𝑀𝑃  reaches the coarse target pose, the navigation 
method is switched to a custom laser-based method that uses the cuboid 
shape of the station modules as a reference to estimate the docking 
pose. Fig.  3(b) shows an example scenario in which 𝑇𝑀𝑃  successfully 
docked at 𝑇𝑈𝑃

𝐵 . Next, the Object Transfer System (OTS) is being initiated 
by 𝑇𝑀𝑃 . One can distinguish between two different transfer sequences:
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Fig. 2. Illustrations of different assets in the AgiProbot production system [10]. For additional information on the implemented Fluid Automation concept, wee refer to [41].

Fig. 3. The transport module (𝑇𝑀𝑃 ) after a successful docking [10].

Robotics and Computer-Integrated Manufacturing 97 (2026) 103063 
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Fig. 4. Gap area between two aligned conveyor belts [10].

• 𝑜𝑃  is being transferred from 𝑇𝑀𝑃  to 𝑇𝑈𝑃 , referred to as a 
forward transfer.

• 𝑜𝑃  is being transferred from 𝑇𝑈𝑃  to 𝑇𝑀𝑃 , referred to as a 
backward transfer.

The transfer process operates within a closed-loop control system. 
An actuated vision system continuously monitors the object’s pose 
while the conveyors run at a constant speed until the object enters a 
designated goal corridor. Once 𝑜𝑃  reaches a pose within this predefined 
corridor, the OTS concludes, and the transfer is marked as successful. If 
the object fails to reach the goal corridor within a specified time frame, 
the transfer is considered unsuccessful.

3.2. Challenges

The object transfer system encounters several challenges that, com-
bined with the uncertainty associated with the transferred cores, may 
lead to failed transfers. Two key challenges significantly impact the 
success of the transfer:

• Object interaction with the conveyor gap: The object transfer 
system was designed to transfer a wide variety of objects without 
requiring containers or other form of load carriers. In principle, 
two aligned conveyor belts can facilitate a containerless transfer 
for objects that physically fit within the belts and generate suffi-
cient friction to adopt the linear motion of the rotating belt [44]. 
When 𝑇𝑀𝑃  docks to 𝑇𝑈𝑃 , the goal is to position the outer 
pulleys of the belts as closely as possible without creating physical 
contact. However, even with perfect alignment, the circular shape 
of the pulleys create a gap between the flat conveyor surfaces that 
the objects must overcome during transfer. Fig.  4 shows a side 
view of the minimum gap area for two perfectly aligned conveyor 
belts. The object’s shape and initial placement on 𝑇𝑀𝑃  or 𝑇𝑈𝑃
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influences its ability to cross the gap. In the worst case, an object 
may become stuck, preventing a successful transfer.

• Docking: The used docking method relies solely on laser data 
and leverages the cuboid shape of the stations of the considered 
demonstration environment [43]. The accuracy of the docking 
pose estimation varies depending on the station module config-
urations and the location of the transfer unit. After the docking 
process is completed, a residual docking error remains, which 
directly impacts the conveyor gap area, further influencing the 
transfer process.

3.3. Digital twin system

Due to the mentioned challenges, the object transfer process is 
inherently uncertain, with the success depending on multiple factors. 
Based on our preliminary study, the following three factors are the most 
influential [19]:

• The docking pose quality: The quality of the docking process 
directly defines the shape and size of the gap between 𝑇𝑀𝑃  and 
𝑇𝑈 𝑝, see Fig.  4.

• The object to be transferred 𝑜𝑃 : Since objects are transferred 
without load carrier, their geometry determines how they interact 
with the gap between the conveyor belts. Certain shapes may 
prevent the object from clearing the gap.

• The pre-transfer object state 𝑠pre: The initial state of 𝑜𝑃  on 𝑇𝑀𝑃

before the transfer process is being initiated determines how and 
when different parts of the object interact with the conveyor gap. 
We call this state the pre-transfer state 𝑠pre. A carefully chosen 
𝑠pre can increase the likelihood of a successful transfer.

To mitigate transfer uncertainty, a digital twin system can be employed, 
using the previously introduced virtual models to estimate an object-
specific 𝑠pre that maximizes the probability of success for the given 
object. Fig.  5 illustrates the system in a runtime scenario. During the 
diagnosis of a unique core, see [45], virtual OTS instances are generated 
and initiated using a newly scanned 3D model of the core. These virtual 
instances simulate different 𝑠pre to estimate the optimal one, 𝑠prebest. Once 
a real-world transfer is requested, the estimated 𝑠prebest is applied to the 
physical system. Transfer results for each core are stored in a database, 
enabling continuous refinement and adaptation for future transfers of 
the same core or the same core variant. However, a limitation of this 
approach is the dependency on 3D scanning to generate virtual collision 
models of each core, which may introduce challenges in large-scale 
industrial applications. In cases where pre-existing CAD models of the 
components are available, they could serve as an alternative to reduce 
the need for scanning each individual part.
Fig. 5. Workflow of the digital twin system.
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Table 3
Overview on the different experiment sets.
 Name: Type Assets # repetitions # unique experiments # total experiments 
 Calibration Physical ((𝑜𝑃1 , 𝑜

𝑃
18 , 𝑜

𝑃
23 , 𝑜

𝑃
32), 𝑇𝑀𝑃 ,   𝑃 ) 1 4*25 200  

 Virtual calibration Virtual ((𝑜𝑉1 , 𝑜
𝑉
18 , 𝑜

𝑉
23 , 𝑜

𝑉
32),  𝑉 ,   𝑉 ) 30 79*200 474.000  

 Virtual full state Virtual (𝑉 ,  𝑉 ,   𝑉 ) 50 37*924 1.709.400  
 Validation Physical (𝑃 , 𝑇𝑀𝑃 ,   𝑃 ) 20 37*2 1480  
Fig. 6. The procedure of a single object transfer experiment, both for the physical and virtual case.
Fig. 7.  Examples of different pre-transfer states.
4. Experimental study

In general, it is not the effects of a single of these factor, but the 
combination that determines whether a transfer can be successfully 
executed or not. The goal of this study is to evaluate the predictive 
capabilities of our DTs to capture these effects. In general, we use 
our DTs to predict a single pre-transfer state 𝑠prebest for each object 𝑜𝑃
that maximizes the probability of a successful transfer. To achieve 
this, we conduct multiple series of experiments in both physical and 
virtual environments. Fig.  6 illustrates the general procedure of a 
single experiment in both cases. The experimental study is structured 
according to the different experiment sets, see Table  3:

1. Calibration Experiments: We perform an initial set of physical 
experiments on a small subset of starter motor cores while 
measuring the docking pose error.

2. Virtual Model Calibration: We use the results of the calibration 
experiments to tune and parametrize our virtual models. In 
addition, we use the measured docking pose errors to build a 
synthetic docking pose generator which allows us to sample 
realistic docking pose errors for further virtual experiments.

3. Virtual Full State Experiments: We conduct a large series of 
virtual experiments in which we estimate the probability of 
success 𝑝̂𝑉 , for each pre-transfer state of each virtual starter 
motor core 𝑜𝑉 .

4. Determine Best Pre-Transfer State: Through a series of trans-
formations, we determine 𝑠pre for each virtual object 𝑜𝑉 . We use 
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this state as an estimate for the corresponding real-world object 
𝑜𝑃 . To gain additional intuition about the capabilities of our DTs, 
we similarly determine 𝑠preworst which is the state with the lowest 
probability of success.

5. Validation: We validate and compare the results for 𝑠prebest and 
𝑠preworst for 𝑜𝑉  with 𝑜𝑃  by an additional set of real-world experi-
ments.

4.1. Pre-transfer state definition

For the general case, there exists an infinite number of possible pre-
transfer states 𝑠pre for 𝑜𝑃 . For this study, we limit the possible states and 
define the set of pre-transfer states as follows: 
pre = {(𝜃, 𝑓 , 𝑐)} (1)

We define 𝜃 as the pre-set yaw angle rotation of the object and dis-
cretize it to a 1◦ step size resulting in 360 possible values for 𝜃: 

𝐸𝛩 = {𝜃 ∣ 𝜃 ∈ Z,−179 ≤ 𝜃 ≤ 180} (2)

We further define 𝑓 , the face on which the object is placed on. During 
initial tests we found that all starter motors, due to their shape, can 
only be safely placed on either one of two faces: 
𝑓 ∈ {‘front’, ‘back’} (3)

Figs.  7(b) and 7(c) show the object on the ‘front’ face, with the 
engagement relay pointing to the left side with respect to the object’s 
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Fig. 8. Exemplary labeled result plot for 𝑜𝑃1 . The greyish center circle refers to results with 𝜃 ∈ 𝐸𝛩both. The blueish small circles cover the possible state space with 𝜃 ∈ 𝐸𝛩single
distinguishing between 𝑐 = ‘left’ and 𝑐 = ‘right’ [10].
Fig. 9. Images series of selected Calibration Experiment result states: For all selected experiments, the transfer failed. The binary results are also shown in Fig.  A.17 [10].
center and the 𝑧-axis of the object frame pointing upwards. Fig.  7(d) 
shows the object on the opposing ’back’ face. In addition, we define 
three different conveyor positions, see Fig.  7(a): 
𝑐 ∈ {‘left’, ‘right’, ‘both’} (4)

Due to size ratio between the conveyor belts and the starter motor 
cores we do not allow all values of 𝜃 for each of the three possible 
positions 𝑐. 𝐸𝛩single defines the value range of 𝜃 where we place 𝑜𝑃  on 
a single belt: 
𝐸𝛩single = [−179.. − 155] ∪ [−25..25] ∪ [155..180] (5)

𝐸𝛩both = 𝐸𝛩 ⧵ 𝐸𝛩single (6)

In total we define a set of 924 possible pre-transfer states: 
𝐸pre = 𝐸preleft ∪

𝐸preboth ∪
𝐸preright (7)

4.2. Calibration experiments

We first perform an initial set of 200 real-world experiments (ran-
domly generated from 𝐸pre) based on a small subset of four different 
starter motor cores. These results are further used to parametrize the 
virtual models. Fig.  8 shows exemplary the results for 𝑜𝑃1  and 𝑓 =
‘front’. Fig.  A.17 includes the results for the full set of experiments. We 
can observe that the results for each core 𝑜𝑃  are distinct, presumably 
due to the unique shapes and the interactions of the shapes with the 
gap area between the conveyor belts. Overall the real-world calibration 
experiment results include (135/200) positive examples, 𝑦 = 1 in which 
8 
the transfer experiment succeeded and (65/200) negative examples, 
𝑦 = 0 in which the transfer experiment failed. The majority of the failed 
object transfers are due to the object not being able to clear the gap 
between the conveyors, see e.g. the exemplary cases illustrated in Fig. 
9. Note that these results are only certain for the specific conditions of 
the performed experiment, e.g. for a unique docking error of 𝑇𝑀𝑃  at 
𝑇𝑈𝑃 .

Besides determining the object transfer results, we measure the 
docking error for each object transfer process using stationary cameras 
on each of the four transfer units and attach a 5 × 5 ChArUco board 
to 𝑇𝑀𝑃 . Fig.  10 shows the measurement results. The histograms of all 
three components are approximately bell-shaped. For 𝑒𝜉𝑥 and 𝑒𝜉𝑦, the 
values are in an expected range. The histogram of 𝑒𝜉𝜃 is shifted towards 
positive yaw angle errors. The three docking pose error components 
are not independent. This can be observed in the 3 × 3 correlation 
matrix as shown in Fig.  10(b) with the largest correlation between the 
x-translation and the y-translation.

4.3. Virtual model calibration

To mimic the docking error for our virtual model, we train a
Synthetic Docking Error Generator based on the 200 measured docking 
errors as described in the previous section. Due to the dependencies 
between each docking error component, the synthesizer must be able to 
capture the joint distribution. To achieve this, we use the Synthetic Data 
Vault, an open source framework for training generative models based 
on tabular data [46]. We achieved the best results by using the Gaussian 
Copula model which can be used to describe the dependence structure 
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Fig. 10. Docking error measurement results [10].
Fig. 11. Synthetically generated docking pose errors [10].
Table 4
Metrics of a single series of 30 Virtual Calibration Runs with the final selected parameter set [10].
 PP PN FP FN TP TN Accuracy Precision Recall F0.5  
 123.5
±4.3

76.5
±4.3

18.0
±2.8

29.5
±3.1

105.5
±3.1

47.0
±2.8

0.7627
±0.021

0.8548
±0.019

0.7815
±0.023

0.8389
±0.017

 

𝐸

between random variables while preserving their marginal distribu-
tions. Fig.  11 shows a corresponding histogram and its correlation 
matrix. As shown in Table  3, we performed a set of Virtual Calibration 
Experiments in which we simulate the 200 calibration experiments as 
introduced previously while we vary different simulation parameters. 
Due to the inherently non-deterministic behavior of physics engines, we 
cannot rely on the results of a single run for a given parameter set. To 
obtain reliable results it therefor essential to perform each run several 
times (we perform 30 repetitions) and analyze the distribution of the 
results. We treat the comparison between a Virtual Calibration Run
and the corresponding real-world experiments as a binary classification 
problem. We use the F0.5 score as our main metric to evaluate the 
fit since we want to ensure that the virtual models are tuned more 
conservatively, as more emphasis on precision reduces the number of 
false positives.

We divided the tuning process into a two-step process. We first 
evaluated the influence of 9 physics-engine specific parameters and 
afterwards optimized for two use-case specific parameters, namely the
Dynamic Friction Coefficient and the Initial Gap Distance, the initial 
distance between the docked conveyors before applying a synthetic 
docking error.

Table  4 shows the numerical results for our best performing param-
eter set. We obtain a mean score of 𝐹 0.5 ≈ 0.84 with a higher precision 
than recall, indicating a more conservative model. This is underlined by 
the number of False Positives (FP) being lower then the False Negatives
(FN). The accuracy is still reasonably high (≈ 0.76), suggesting that 
the virtual models are performing well overall in simulating object 
transfers.

4.4. Virtual full state experiments

Using the calibrated virtual models, we perform an extended series 
which we refer to as the Virtual Full State Experiments. In this series, 
we simulate the object transfer experiments of each 𝑜𝑉  for each of 
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the 924 pre-transfer state and repeat each experiment 50 times, see 
Table  3. At each repetition we sample and apply a new docking error 
from our synthetic docking error generator, which subsequently leads 
to different results in each run even though all other inputs are kept 
constant (including 𝑠pre).

For the post-processing steps, we separate the results for each 𝑜𝑉
into four results sets. Each of these sets include 360 pre-transfer states 
(full object rotation), but differ in their positions on the conveyor belt 
(𝑐 and 𝑓 values): 
𝐸prefront,left =

{

𝑠 ∈ 𝐸pre
|

|

|

|

(

𝑓 = ‘front’
𝑐 = {‘both’, ‘left’}

)}

(8)

We define 𝐸front,right, 𝐸back,left and 𝐸back,right accordingly. For each 
of these sets we can visualize the results as a binary series over 𝜃. Fig. 
12(a) visualizes the exemplary results for 𝑜𝑉1  for the pre-transfer set 
front,right. Fig.  12(b) shows the processed results after calculating the 
mean values 𝑌  over all runs.

Before determining 𝑠prebest, we apply a centered moving average filter 
to the mean values 𝑌 . Smoothing the results using this filter has several 
practical implications:

• The calibration experiment results of Table  4 indicate the pres-
ence of a sim-to-real gap which limits the overall prediction ac-
curacy. Therefore, rather than relying on a single local optimum, 
we prioritize a range of states with high probability.

• A broader range of neighboring states (in terms of 𝜃) with high 
values for 𝑦𝑉  suggests that the real probability for the given state 
is indeed high.

• In real-world scenarios, a handling robot, which is controlled to 
place 𝑜𝑃  in a proposed pre-transfer state may not achieve the 
required accuracy to place the object exactly in a specific state 
𝑠pre.

We denote the filtered results as 𝑌𝑀𝐴
. Fig.  12(c) shows the results after 

applying it. We perform the steps on all four result subsets leading to 
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Fig. 12. Post-Processing steps on the binary transfer results. The results are visualized as the binary outcome over 𝜃. The background colors match with the colors introduced in 
Fig.  8 [10].
the overall post-processed results: 

𝑌 = {𝑌
𝑀𝐴
front,left, 𝑌

𝑀𝐴
front,right, 𝑌

𝑀𝐴
back,left, 𝑌

𝑀𝐴
back,right} (9)

4.5. Determining best pre-transfer states

We use the following two-step approach to determine 𝑠prebest and 𝑠
pre
worst

for each object 𝑜𝑉 :

1. We first determine the best local state for each data series 𝑌𝑀𝐴
∈

𝑌 , see algorithms 1 and 3 respectively. Given a single result 
series 𝑌𝑀𝐴

∈ 𝑌 , we first filter for all states that share the 
maximum value of 𝑦𝑀𝐴. Taking the example plot for 𝑜𝑉1  in Fig. 
13(a), several states were estimated with 𝑦𝑀𝐴 = 1. If only a 
single state has the maximum value, we found 𝑠prebest already. 
If multiple states share this value, we again perform a moving 
average filter on each of the candidates. In the next iteration, 
we increase the window size and only keep the states with the 
highest results after applying the filter. We end up with a single 
state 𝑠pre𝑜,best which not only has the highest value for 𝑦

𝑀𝐴
𝑖  but also 

the most neighboring states with equally high values.
2. We use the results in algorithms 2 and 4 respectively to deter-
mine the global 𝑠prebest and 𝑠

pre
worst. We compare the four candidates 

from each result subset and select the one with the highest value 
of 𝑦𝑀𝐴 and, if multiple states share this value, we select the one 
with the highest value of the applied window size in the previous 
step. The star in Fig.  13 indicates determined 𝑠prebest, the red cross 
indicates 𝑠preworst.

Fig.  C.18 shows the result plots for all 𝑜𝑉 ∈ 𝑉 . The plots show 
unique results for each of the objects which demonstrates the complex-
ity and difficulty in predicting the behavior of each individual starter 
motor core during an object transfer.

5. Validation and discussion

To validate the predictions, an additional series of real-world exper-
iments is performed which is called Validation Experiments, see Table  3. 
In the previous section, 𝑦𝑉  was determined for both pre-transfer states 
𝑠pre  and 𝑠pre  as the mean result of binary object transfer experiments. 
best worst
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Since each repetition is statistically independent, one can treat 𝑦𝑉  as 
an estimate of the probability of success (𝑝̂𝑉 = 𝑦𝑉 ) and the repeated 
object transfer experiments as Bernoulli trials. The Clopper–Pearson 
interval [47] is used to calculate the confidence intervals for these 
bernoulli trials, which is considered to be a rather conservative method 
of calculating the confidence interval for a binomial distribution [48]. 
Fig.  14 shows the resulting 95% confidence intervals for the Validation 
Experiments (black intervals) and the corresponding virtual Virtual Full 
State Experiments (blue intervals) for 𝑠prebest for each 𝑜𝑃  and 𝑜𝑉 .

One can observe that most of the selected 𝑠prebest have 𝑝̂𝑉 ≃ 1, 
with few exceptions, e.g. 𝑜𝑉36 has only a medium high probability of 
success (𝑝̂𝑉 = 0.52) suggesting that the object is generally difficult to 
transfer. To compare the confidence intervals, the Newcombe Hybrid 
Score confidence interval is used [49] for the difference (𝑝̂𝑉 − 𝑝̂𝑃 ), one 
of the recommended methods by [50] for comparing the results of two 
independent Bernoulli experiments. For (12/37) objects a significant 
difference between the confidence intervals between the virtual and 
the real results exists. In Fig.  14, these objects were marked with a red 
background color in their respective columns.

Similarly, Fig.  15 shows the resulting 95% confidence intervals for 
𝑠preworst for each 𝑜 ∈ . For the majority of objects, 𝑠preworst has a probability 
of success 𝑝̂𝑉 ≃ 0. This indicates that for this particular pre-transfer 
state, the object cannot be successfully transferred by the DTs. Some 
objects, e.g. 𝑜𝑉19, 𝑜𝑉23, 𝑜𝑉25 or 𝑜𝑉28 have considerable higher probabilities 
for 𝑠preworst. The object 𝑜𝑉28 has a probability of 𝑝̂𝑉 = 1.0 for its worst 
state. This indicates that the object could be successfully be transferred 
by the DTs for all of its pre-transfer states. When comparing the results 
for 𝑠preworst, (17/37) objects have significant different confidence intervals 
for the virtual and the physical results. The overall results suggest 
some sources of error that prevent the DTs from estimating the transfer 
probabilities more accurately. These errors can be either:

• asset-related, meaning that the virtual models of the transport 
module, transfer unit or the considered objects do not sufficiently 
model the real system,

• or physics-engine related, meaning that the engine is either not 
sufficiently calibrated or in general not sufficient enough to cap-
ture the physical interaction during the object transfers.

Defining the exact reason for each individual case is a difficult task 
as many errors may overlap and lead to the individual results. In 
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Fig. 13. Virtual full state experiment results for 𝑜𝑉1  including 𝑠prebest and 𝑠preworst determined for  [10].
Fig. 14. Confidence interval comparison between virtual and physical results for 𝑠prebest.
the following, we give three implications for sources of error using 
examples from the Validation Experiments:

• Mass Distribution Approximation: The virtual object models 
are all approximated with a uniform mass distribution across the 
collision volume. This approximation does not accurately reflect 
the true mass distribution of the objects, leading to incorrect 
calculations of forces and during the transfer process. For the 
object transfer example, the real objects may have different con-
tact points during the process compared to the virtual one. For 
some objects, we can observe this difference in the distribution of 
mass already during the pre-transfer state. Figs.  16(a) and 16(b) 
visualize two cases for 𝑜14 and 𝑜22.

• Unstable Physics Simulation: We are experiencing issues with 
the physics engine during some object transfers, where objects 
are unexpectedly catapulted into the air. This problem occurs 
when the physics simulation fails to correctly handle the contact 
transition, causing objects to experience excessive and unintended 
forces, disrupting the expected behavior and stability of the sim-
ulation. We have observed this issue for 𝑠preworst for objects 𝑜𝑉6 , 𝑜𝑉17
and 𝑜𝑉 . Figs.  16(i) and 16(j) show two examples for 𝑜𝑉  and 𝑜𝑉 .
22 6 17
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• Inaccurate Collision Shapes: We have observed two cases,
where the virtual (scanned) model of the starter motor core is 
inaccurate, see Figs.  16(c)–16(h). 𝑜𝑃18 has an elastic part, which is 
rigid for the scanned virtual model 𝑜𝑉18, see Fig.  16(c). For 𝑠

pre
𝑜,best, 

this affects the contact points during the object transfer process. 
𝑜𝑃24 has a cable tie that was included in the scan which results in 
it being rigid in the collision model.

In summary, while the estimates of the DTs are promising, further 
modeling efforts, particularly in refining the virtual environment and 
the virtual models, could enhance prediction accuracy. However, the 
tradeoff between additional modeling efforts and the marginal im-
provements must be carefully considered. Additionally, future studies 
could examine how incorporating prior object knowledge, e.g. accurate 
pre-known mass distributions, affects the estimation results.

6. Conclusion and outlook

This work illustrated an object transfer system, developed as part of 
a remanufacturing demonstration environment and designed to trans-
fer unique starter motor cores between different stations. The system 
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Fig. 15. Confidence interval comparison between virtual and physical results for 𝑠preworst [10].

Fig. 16. Examples for errors sources: inaccurate mass distributions lead to a different set of contact points (16(a), 16(b)), physical twins include flexible parts (16(c)–16(h)) and 
unstable physics simulation leading to launching virtual object models after entering the conveyor gap (16(i), 16(j)) [10].
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integrates a freely moving transport module based on an autonomous 
mobile robot, with multiple stationary transfer units that serve as the 
physical receivers for the starter motor cores. The focus of this study 
was on the implemented digital twins (DTs) of the object transfer 
system. Due to the inherent uncertainty with regards to the varying 
shapes of the starter motor cores, the object transfer process must be 
considered probabilistic. The DTs are therefore being used to mitigate 
the uncertainty by suggesting an object-specific pre-transfer state that 
maximizes the probability of a successful transfer. The pre-transfer 
state, which defines object’s physical state before the transfer is ini-
tiated, serves as a controllable parameter and can be adjusted, for 
instance, using a handling robot.

In our experimental study, which considered 37 unique starter 
motor cores, we conducted multiple series of physical and virtual ex-
periments to evaluate the predictive capabilities of the developed DTs. 
Based on a small set of physical calibration experiments, the virtual 
models of the DTs were tuned, resulting in a mean score 𝐹 0.5 ≈ 0.84
for the best parameter combination found. The tuned models were then 
used to estimate the probability of success for different pre-transfer 
states of each individual cores. Based on these estimates, we proposed 
a method to determine the pre-transfer states with the highest and 
lowest probability of success which were subsequently validated in an 
additional set of real world experiments. For the best states, 12 out of 
37 objects showed significant differences between the virtual and real-
world results based on the calculated confidence intervals, while for 
the worst states, 17 out of 37 objects showed similar discrepancies.

Several sources of error were discussed, including approximations in 
mass distribution, instabilities in the physics simulation and inaccurate 
collision shapes. Future research could further explore the impact of 
increased modeling effort related to the virtual environment and the 
virtual models on the prediction results while evaluating the gener-
alization to different types of cores. Additionally, further integration 
is required to fully incorporate the DTs’ predictive capabilities into 
the runtime system of the production control. This would enable the 
evaluation of the effectiveness of the DTs in terms of factory-level KPIs. 
In this study, we focused on the implementation of a single, specific 
object transfer system. In the future, related uncertain object transfer 
scenarios (including, e.g., handling operations with a manipulator) 
could be evaluated similarly.
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Appendix A. Calibration experiment results

See Fig.  A.17.
13 
Appendix B. Algorithms

Algorithm 1 Find Best Pre-Transfer State (Local)

Input: Single result set 𝑌𝑀𝐴
∈ 𝑌𝑜𝑉 , see Eq.  (9).

Output: BestStateLocal,AppliedHalfWindowSize
MaxValue← −∞
MaxEntries ← ∅
for each (𝑦𝑀𝐴, 𝜃) ∈ 𝑌

𝑀𝐴 do
 if 𝑦𝑀𝐴 > MaxValue then
 MaxValue← 𝑦𝑀𝐴

 MaxEntries← {(𝑦𝑀𝐴, 𝜃)}
 else if 𝑦𝑀𝐴

𝑖 = MaxValue then
 Add (𝑦𝑀𝐴

𝑖 , 𝜃𝑖) to MaxEntries
 end if
end for
HalfWindowSize ← 1
while |MaxEntries| > 1 do
 MaxFilteredValue ← −∞
 FilteredEntries ← ∅
 for each (𝑦𝑀𝐴, 𝜃) ∈ MaxEntries do
 Apply moving average filter on initial set 𝑌𝑀𝐴

 FilteredValue ← 1
HalfWindowSize∗2+1

∑HalfWindowSize
𝑗=−HalfWindowSize 𝑦

𝑀𝐴
𝑖+𝑗

 if FilteredValue > MaxFilteredValue then
 MaxFilteredValue ← FilteredValue
 FilteredEntries ← {(𝑦𝑀𝐴, 𝜃)}
 else if FilteredValue = MaxFilteredValue then
 Add (𝑦𝑀𝐴

𝑖 , 𝜃𝑖) to FilteredEntries
 end if
 end for
 MaxEntries ← FilteredEntries
 HalfWindowSize← HalfWindowSize + 1
end while
assert |MaxEntries| = 1
BestStateLocal ← MaxEntries[1]
AppliedHalfWindowSize← HalfWindowSize[1]

Algorithm 2 Find Best Pre-Transfer State (Global)
Input: Full result set 𝑌𝑜𝑉 , see Eq.  (9).
Output: BestStateGlobal
BestStateGlobal ← (−1,−1) ⊳ Initialize BestStateGlobal with a 
placeholder
MaxValueGlobal ← −∞
MaxHalfWindowSize← 0
for all 𝑌𝑀𝐴

∈ 𝑌𝑜𝑉  do
 LocalResult ← Call Algorithm 1 with 𝑌𝑀𝐴 as input .
 BestStateLocal ← LocalResult[1]
 AppliedHalfWindowSize← LocalResult[2]
 if BestStateLocal[1] > MaxValueGlobal then
 BestStateGlobal ← BestStateLocal
 MaxHalfWindowSize← AppliedHalfWindowSize
 else if BestStateLocal[1] = BestStateGlobal then
 if AppliedHalfWindowSize > MaxHalfWindowSize then
 BestStateGlobal ← BestStateLocal
 MaxHalfWindowSize← AppliedHalfWindowSize
 end if
 end if
end for
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Fig. A.17. Real world experiment results for four different starter motor core variants {𝑜𝑃1 , 𝑜𝑃18 , 𝑜𝑃23 , 𝑜𝑃32}. Each subfigure shows the results for (𝑓 = ‘front’) on the left and (𝑓 = ‘back’)
on the right [10].
Algorithm 3 Find Worst Pre-Transfer State (Local)

Input: Single result set 𝑌𝑀𝐴
∈ 𝑌𝑜𝑉 , see Eq.  (9).

Output: WorstStateLocal,AppliedHalfWindowSize
MinValue ← ∞
MinEntries ← ∅
for each (𝑦𝑀𝐴, 𝜃) ∈ 𝑌

𝑀𝐴 do
 if 𝑦𝑀𝐴 < MinValue then
 MinValue ← 𝑦𝑀𝐴

 MinEntries ← {(𝑦𝑀𝐴, 𝜃)}
 else if 𝑦𝑀𝐴 = MinValue then
 Add (𝑦𝑀𝐴, 𝜃) to MinEntries
 end if
end for
HalfWindowSize ← 1
while |MinEntries| > 1 do
 MinFilteredValue ← ∞
 FilteredEntries ← ∅
 for each (𝑦𝑀𝐴, 𝜃) ∈ MinEntries do
 Apply moving average filter on initial set 𝑌𝑀𝐴

 FilteredValue ← 1
HalfWindowSize∗2+1

∑HalfWindowSize
𝑗=−HalfWindowSize 𝑦

𝑀𝐴
𝑖+𝑗

 if FilteredValue < MinFilteredValue then
 MinFilteredValue ← FilteredValue
 FilteredEntries ← {(𝑦𝑀𝐴, 𝜃)}
 else if FilteredValue = MinFilteredValue then
 Add (𝑦𝑀𝐴, 𝜃) to FilteredEntries
 end if
 end for
 MinEntries ← FilteredEntries
 HalfWindowSize← HalfWindowSize + 1
end while
assert |MinEntries| = 1
WorstStateLocal ← MinEntries[1]
AppliedHalfWindowSize← HalfWindowSize[1]
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Algorithm 4 Find Worst Pre-Transfer State (Global)
Input: Full result set 𝑌𝑜𝑉 , see Eq.  (9).
Output: WorstStateGlobal
WorstStateGlobal ← (−1,−1) ⊳ Initialize WorstStateGlobal with a 
placeholder
MinValueGlobal ← ∞
MinHalfWindowSize← 0
for all 𝑌𝑀𝐴

∈ 𝑌𝑜𝑉  do
 LocalResult ← Call Algorithm 3 with 𝑌𝑀𝐴 as input .
 WorstStateLocal ← LocalResult[1]
 AppliedHalfWindowSize← LocalResult[2]
 if WorstStateLocal[1] < MinValueGlobal then
 WorstStateGlobal ←WorstStateLocal
 MinHalfWindowSize← AppliedHalfWindowSize
 else if WorstStateLocal[1] =WorstStateGlobal then
 if AppliedHalfWindowSize < MinHalfWindowSize then
 WorstStateGlobal ←WorstStateLocal
 MinHalfWindowSize← AppliedHalfWindowSize
 end if
 end if
end for

Appendix C. Virtual full state experiments results

See Fig.  C.18. 

Data availability

Data will be made available on request.
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Fig. C.18. Virtual full state experiment results 𝑌𝑜𝑉  for each 𝑜𝑉 ∈ 𝑉  [10].
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Fig. C.18. (continued).
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Fig. C.18. (continued).
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