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Abstract

Remanufacturing is a key process for enabling a circular economy by restoring used prod-
ucts, often referred to as cores, to a like-new condition. It still heavily relies on manual
work. One exemplary manual task is the visual inspection of cores before further process-
ing. This manual effort arises from uncertainties, such as varying product conditions, a
broad variety of product variants, and the lack of product information to support automa-
tion. To address these challenges and to enable the automation of visual inspection tasks,
flexible and adaptive inspection systems are required. These systems must be capable
of automatically detecting defects and performing product-specific inspections across a
wide range of product variants. Therefore, this work introduces a semantic 3D product
modelling method that integrates two-dimensional (images) and three-dimensional (point
cloud) data. With the resulting semantic 3D model, the semantic information, such as
detected defects and components requiring closer inspection, can be encoded on a geomet-
ric product model. This model provides the information basis for an adaptive inspection
approach. Using semantic (U-Net) and instance segmentation approaches (Mask-RCNN),
the proposed method assigns each surface point of the 3D model to a specific component,
thereby creating the semantic 3D product model during the inspection process. The results
show that the method presented can achieve semantic 3D modelling both in accuracy and
model completeness, encoding component information on the geometric product model.
Furthermore, we show that the U-Net architecture used to detect components is also able
to detect corrosion as one exemplary defect type, enabling the encoding of various se-
mantic information into the semantic 3D product model. This semantic 3D product model
then enables targeted individual inspection of these semantically mapped components and
defects on the product model in a later stage of an automated inspection procedure.

Introduction

Remanufacturing involves dismantling used products (cores), reprocessing or replacing
components, and reassembling them to produce products with the same or higher function-
ality as new ones [1]. While industrially scalable [2], remanufacturing heavily relies on
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manual labour [3], leading to high operational costs [4] that hinder adoption, especially in
high-wage countries. This reliance stems from uncertainties, such as unpredictable reverse
value chains, small batch sizes, high variant diversity, and variable core conditions [4].

Before remanufacturing, a trained operator often manually inspects cores visually for
defects and quality flaws. This inspection concerns defects on the whole core (e.g., corro-
sion) and certain core components (e.g., inspection of wear). Core acceptance criteria, such
as [5] and [6], give insights into often appearing defects on used products. The operator
determines whether a core is suitable for remanufacturing based on the defects and the com-
ponents on which they occur based on these criteria. Automating this process is challenging
due to the following factors:

1. Defects may occur on any part of the product and vary in scale and location, making
targeted inspection planning difficult. Diverse types of defects (e.g., corrosion, wear,
cracks) appear across various components on used products [7, 8].

2. Product variants are often unknown at the time of inspection, and relevant product
information, such as geometric or CAD, may be unknown, particularly for independent
remanufacturers. This limits the applicability of pre-defined inspection plans and makes
adaptable systems necessary [2, 9, 10].

These factors make the automation very complex, since pre-planning of inspection rou-
tines is not possible. For instance, inspection parameters, such as sensor poses or scanning
paths, must be dynamically adjusted for each product, as variants differ in size and shape.
It may not be known beforehand which variant must be inspected since product identifica-
tion has not yet been conducted. Robot-guided visual acquisition systems offer the neces-
sary flexibility and can adapt to such uncertainties at runtime by using suitable algorithms.
However, this is particularly challenging when the exact location of components requiring
detailed inspection is unknown due to missing product information.

Therefore, the objective of this work is to develop and evaluate a semantic 3D product
modelling approach to enable adaptive, automated visual inspection in remanufacturing.
Using RGB and depth data from a robot-guided acquisition system, the method reconstructs
the product geometry as a 3D point cloud and enriches each spatial point with semantic
labels derived from deep learning-based segmentation. These labels encode component
affiliation. This method is called semantic mapping [11]. The resulting semantic 3D model
serves as a structured, inspection-oriented data representation that allows targeted inspec-
tion of specific regions of interest without requiring prior CAD models. As a use case, the
method is applied to starter motors - a representative product already being remanufactured
- whose components (housing, solenoid, gear, carrier, and electrical connection) are indi-
vidually segmented and semantically mapped onto the surface geometry by the semantic
3D model.

Related work

Approaches to semantic mapping are already well-established in the field of mobile robotics
[12]. Optical acquisition systems, in particular RGB-D sensors, are often used for semantic
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mapping due to their ability to acquire data in a non-contact, fast, and cost-effective man-
ner [9]. These systems capture 3D geometry and image data simultaneously. They generate
colour-coded point clouds in which spatial and visual information are precisely aligned
[13]. By processing this image and/or 3D geometry data, contextual information can be
extracted and mapped directly onto a 3D model, resulting in semantic 3D model construc-
tion. Context information in semantic mapping refers to spatial, temporal, and functional
data that enhance the interpretation of objects and their relationships within an environment.
Techniques for extracting such contextual information are methods like image segmentation
approaches based on deep neural networks. This work follows the definition of semantic
segmentation from [14], where it is defined as the assigning of a label to a set of random
variables X = {x1, 22, ... ,xy} which usually is a 2D image with W z H = N pixels.
Each label £ in the label space £ = {l1,la, ... , I} represents a different class or object,
where k+1 is the size of the label space, with [ representing the background. Segmentation
approaches can consequently be used to detect and localize regions of interest, for example,
components or defects on a product [8] that need to be detected/segmented.

Despite these benefits, existing work in remanufacturing only addresses 3D product
modelling without integrating contextual information. Such approaches focus primarily
on additive processes during remanufacturing, where the ideal geometry of the core to be
remanufactured is known. The core geometry is typically captured using techniques such
as structured light or laser scanning [15] to reconstruct the core geometry. Reconstruction
refers to the process of generating such 3D geometric models from available data sources,
such as point clouds or even 2D images [16]. These reconstructed 3D models allow devia-
tion analysis between the core and the ideal geometry, facilitating path planning for additive
repairs [17]. Existing work using acquired 3D models also includes defect localization and
classification (e.g. wear, cracks) [7], geometry matching [18], and voxel-based reconstruc-
tion for aircraft engine parts [19]. Reconstruction therefore aims to approximate the original
shape as closely as possible within the constraints of the chosen representation. Further
approaches in Remanufacturing, using reconstruction approaches, integrate defect detec-
tion and tool path generation [20], while others specifically address the development of 3D
acquisition systems [21], nominal geometry estimation [22], or image-based defect identi-
fication [23]. Beyond reprocessing, 3D models are increasingly being used for inspection,
measurement, disassembly, and robot path planning when CAD models are not available.
Techniques such as Visual Structure from Motion (VFM) enable cost-effective model gen-
eration [9]. These models support downstream processes, such as ultrasonic non-destructive
testing, via robot path planning [10].

The vision of an adaptive inspection system using semantic 3D modelling

The concept of adaptive inspection for defect detection and evaluation considered in this
work follows a two-stage strategy, combining an overall inspection (a) of the entire product
with a targeted individual inspection (b) of specific components. Figure 1 illustrates this
approach. First, a general inspection is conducted, in which the entire surface of the inspec-
tion object is scanned. This is necessary, on the one hand, since defects may appear on the
whole surface of a used product (e.g., corrosion). On the other hand, the data collected in
this process is used to generate a semantic 3D model of the object, which is the main subject
in the remainder of this work.
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Methodical approach

Kinematic modeling of the inspection station and 3D registration procedure

Semantic 3D reconstruction using segmentation approaches

/‘0 5
a) Overall inspection Semantic 3D Model b) Individual inspection

Fig. 1 Overview of the vision of an adaptive inspection system using semantic 3D modelling, including
the methodical approach of this work

The novelty of the resulting semantic 3D model is that it not only represents the geom-
etry of the object but also encodes specific object surfaces that require detailed inspection.
For example, surface areas belonging to components that are susceptible to defects (e.g.,
wear or corrosion) can be encoded accordingly. Furthermore, defects detected in the overall
inspection can be encoded, whereby this semantic 3D model can then be used as a basis of
information for the individual inspection of the defects. In contrast to prior approaches in
remanufacturing that use 3D reconstruction mainly for deviation analysis based on known
CAD data [18, 19], this work presents a semantic 3D modelling method that combines 2D
image and 3D point cloud data through deep learning-based segmentation. This enables
real-time component and defect annotation during inspection, even in the absence of prior
product information. This differentiates the approach from commercially available and
often closed systems on the software side, such as the Zeiss ScanCobot [24] or the Keyence
VL 3D-Scanner [25], which purely generate 3D models for geometric deviation analysis.

The semantic 3D model then enables individual inspection by a targeted inspection of
specific regions of interest to decide on the remanufacturability of the present core. As seen
in Fig. 1, the visualized semantic model encodes different starter motor components by
colour. The inspection system proposed in this work consists of a robot-guided acquisition
system and a inspection object mounted on a turntable. The acquisition system is capable
of capturing colour ( /) and depth images ( Ip) as well as color-coded point clouds. In the
case of the acquisition system used in this work (Zivid One+S), a spatial coordinate (point
of a point cloud) can be assigned to each pixel in the RGB image, resulting in a one-to-one
relationship between pixels in the RGB image and a corresponding point in space. An exem-
plary inspection process at the inspection station follows the following steps:

1. A starter motor, representing the exemplary product group considered in this work, is
clamped onto the turntable.

2. The overall inspection begins, where the entire surface of the starter motor is scanned
to detect potential defects. The underlying problem to be solved is the view planning
problem (VPP). The solution of a VPP returns the minimal number of viewpoints of the
acquisition system to fully inspect the overall surface of an inspection object. This VPP
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has been previously addressed by the authors of this work using reinforcement learning,
assuming no prior knowledge of the object’s geometry [26, 27].

3. The data (RGB and depth images and point clouds) collected during the overall inspec-
tion are used to construct the semantic 3D model of the inspection object.

4. This model is then used for the targeted individual inspection, which explicitly inspects
specific regions of interest, detected during the overall inspection.

Methodology

This section details the methodology for constructing a semantic 3D model of a core to
achieve the vision of an adaptive inspection system proposed in this work. First, the 3D
registration procedure using the results from the kinematic modelling of the inspection sta-
tion to construct a 3D model is presented. Second, the semantic 3D modelling approach that
uses segmentation approaches to enhance the 3D reconstruction procedure with semantic
information is detailed.

Kinematic modelling of the inspection station and 3D reconstruction procedure

For a 3D reconstruction of the inspection object, point clouds acquired from various poses
of the acquisition system and turntable must be registered, requiring a kinematic description
of the overall inspection system. The goal is to register all acquired point clouds from vari-
ous poses of the acquisition system in one global coordinate system.

Figure 2 illustrates the inspection station’s kinematics, showing coordinate systems and
transformations. Relevant coordinate systems include:

The static robot base coordinate system Cg.

The end effector coordinate system Cpg.

The acquisition system coordinate system Cjy.
The static rotary table coordinate system Crr.
The rotated rotary table coordinate system Cry, .

TE/A I TA/E

TR/E | TE/R

Fig. 2 Simplified depiction of the inspection station and its kinematic relationships (left). Hardware setup
of the inspection station (right)
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During acquisition, the robot’s end-effector is in a specific pose. The acquisition system
(coordinate system C'4) is mounted on the end-effector (coordinate system Cg), while the
static robot base is denoted as Cr. The turntable has two coordinate systems: Crr (static)
and Cprr, (rotated with an absolute angle ¢ pp inrelationto Cgrr ). To enable optimal 3D
reconstruction, point clouds are expressed in the same reference system Cgrp, in this work.

The static global coordinate system C'r relates to the end-effector C'g via transformation
matrix T7/F_ The acquisition system’s camera ( C4) is linked to C via T5/4. Addition-
ally, Cp transforms to the rotary table Cr,pr using T%/57, while the transformation due
to table rotation is given by THT/RT" which includes only rotational components. T4/ F
is known due to robot kinematics and T%/4 as well as T/ %7 have been determined using
calibration methods (hand-eye calibration).

Point clouds ( PC) are transformed between these coordinate systems using the defined
matrices. Each acquired point Pt‘f‘i in PC?, acquired at time ¢ and expressed in the coordi-
nate system Cly, is first transformed into C'rr, using 74/%7"  This transformation yields
points PET" of the transformed point cloud PC{*"". The points P/’ of PC™"" retain
their colour values while being represented in the rotating coordinate system of the turn-
table. The transformation is performed based on the following equation using the concatena-
tion of the described transformation matrices:

PtI?iT/ — TA/RT/ Ptf‘z — TRT/RT/ TR/RTTA/RP{?Z_ v Ptf;z c PC? 1)

Based on these kinematic relationships, a workflow can be defined that allows three-dimen-
sional modelling of the inspection object. This workflow is based on the reconstruction
cycle of [28] and is shown in Fig. 3. It is detailed in the following.

e View Generation (1) & Scanning (2): The robot moves, positioning the acquisition sys-

tem at pose pf/ while the rotary table rotates by A ¢ pp .. The system captures the
clamped object, generating a point cloud PCt in coordinate system C'4.

e Registration (3): The point cloud PCt is transformed into C'gr, using Eq. (1), yield-
ing PC{"" . The point cloud model PCff;: ;17! from previous acquisitions is also
transformed to Crr, to account for the rotation A ¢ g, of the rotary table, result-
ing in PCf‘EI;:t_l. An iterative closest point (ICP) algorithm registers PCf”T' with
PCHL

The transformed clouds are merged to form PCEL

res, t—1» cotrecting geometric inaccuracies of robot positioning and 3D acquisition.

res,t*
e Integration (4): Voxel downsampling ensures uniform point density and reduces the size

’
of PCff_"‘g; ;. Filtering functions remove noise for improved accuracy.

Next iteration |

_ |
Integration (4) t=t+1) | No Postprocessing (5)

View generation (1) & Registration (3)
Scanning (2) Downsample point cloud
T del PCFY;
Move robot and perform Il Transform PC into PCKT’ Voxel downsampling of model f
acquisition BGII
Transform PCRI; to

PCfes to obtain PC

Rotate rotary table with Use ICP to align PCF"" and

i ; i PCRT!
AQrri PCKT,__ to obtain PCKT, Noise removal of PCATY,

Current point cloud
model PCRT!,

Transform PCKT, < to PCRTY, Final point cloud model PCf

Fig. 3 Flowchart for 3D reconstruction at the inspection station, following the formalization of [28]
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e Postprocessing (5): After the acquisition cycle, the resulting point cloud PC’q{z:t is

transformed into the static robot coordinate system Cpg, producing the final 3D model
PCE.
f

Semantic 3D reconstruction using segmentation approaches

The semantic 3D reconstruction approach is obtained by semantically mapping component
information onto the surface geometry. Thus, the 3D reconstruction approach is enriched
using neural network-based segmentation, which is detailed in the following.

Dataset generation and data preprocessing

To train the deep-learning segmentation approaches evaluated in this work, a suitable data-
set is required. The dataset used in this work consists of colour images I and depth images
Ip, acquired at the inspection station. For training and testing, 42 used starter motors are
clamped and scanned. Each motor is captured from 15 different acquisition system poses
C 4 with varying turntable rotations. The adaptive view planning introduces stochasticity,
randomly sampling poses within a permissible range. The acquisition system’s positions are
sampled on a spherical surface with azimuth angle ¢ 4 (45°-90°), polar angle 6 4 (45°—
90°), and distance 4 (400-600 mm) from the rotary table center C'rr. The orientation of
C4 is defined by Euler angles « 4, 5 4, 77 4, ensuring the acquisition system faces the
sphere’s centre. To enhance variability, offsets Aa 4, AS 4, Ay 4 (£10°) are applied.
The turntable is randomly rotated to ¢ pr (0°-360°) before each acquisition, thus capturing
the motor from different perspectives and lighting conditions.

According to [29] a starter motor consists of four main components: housing, solenoid,
carrier, and gear. For the segmentation in this work, the electrical connection is added as an
additional segmentation class. This is because often the electrical connection of a starter is
defective and may need individual inspection. Labelling using the annotation tool labelme
[30] is performed for all acquired images, resulting in the label segmentation mask Cgr.
Cgr has the dimensions H x W x C, where H is the height, W is the width (of the image the
label segmentation mask is generated from), and C is the number of classes, including back-
ground. Each pixel in the label segmentation mask is one-hot encoded in the third dimension
(C) of the label segmentation matrix, indicating its class assignment. The label segmentation
mask serves as the ground truth for the segmentation approaches in this work.

Due to the labelling effort the dataset is smaller than standard benchmark datasets. After
sorting out unusable data, the dataset used in this work consists of 584 RGB and depth
images of the 42 starter motors with the associated label segmentation masks. The starter
motors greatly vary in shape and outer characteristics (corrosion, dirt, ...). Data augmenta-
tion is used to increase dataset size, extract more information, and reduce overfitting [31].
Successful augmentation in small datasets has been demonstrated, e.g., by [32] with the
U-Net. In this work, the images are augmented during the training of the model. As a result,
new or slightly modified images are continuously passed to the model. This online augmen-
tation allows a significant saving of the required storage space compared to offline augmen-
tation [31]. In this work, all images are augmented with a probability of 50%, so that half of
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the images remain unchanged. Figure 4 displays raw and augmented colour images, depth
images and the augmented colour-coded label segmentation mask of a starter motor.

Augmentation techniques used in this work can be found in [31], including geomet-
ric transformations (flipping, rotation, scaling, translation, cropping), colour adjustments
(brightness, contrast, saturation), and filtering (noise addition, contrast enhancement with
CLAHE, blurring). All transformations are applied to the colour images I-. Geometric
transformations are additionally applied to depth images Ip and masks Cgr to prevent
a discrepancy between colour images I- and depth images Ip, as well as segmentation
masks Cgr.

Segmentation network architectures and learning procedure

Deep neural network-based segmentation can be roughly categorized into two distinct
approaches: semantic segmentation and instance segmentation. Semantic segmentation
assigns a class label to each pixel, grouping all objects of the same category, while instance
segmentation goes a step further by distinguishing individual objects of the same class.
Semantic segmentation relies on pixel-wise classification, whereas instance segmentation
combines pixel-wise classification with bounding box-based object detection to separate
instances. In this work, two widely used models representing these approaches are evaluated
and compared.

For semantic segmentation, the U-Net architecture [32] serves as the base model.
It enables pixel-wise classification by learning to distinguish different regions within an
image. For object detection and instance segmentation, the Mask-RCNN (M-Net) model
[33] is employed. This architecture extends object detection by incorporating segmentation
capabilities, allowing precise per-instance mask generation for detected objects.

The U-Net model by [32] follows an encoder-decoder architecture, utilizing convolu-
tional and upsampling blocks. The encoder extracts relevant image features while progres-
sively reducing spatial resolution. In contrast, the decoder restores the original resolution
using deconvolution layers. A key component of this architecture is the skip connections
between the encoder and decoder, which directly transfer fine-grained spatial information.
These connections ensure the retention and fusion of both global and local image features,
enhancing segmentation accuracy. The M-Net model by [33] extends object detection to
instance segmentation by integrating stacked network components. Initially, a convolutional
backbone extracts hierarchical features from the input image. A Region Proposal Network
(RPN) then identifies potential object locations. The extracted candidate bounding boxes
(BBs) are further processed through three dedicated branches. The first branch, BB clas-
sification, determines the object category. The second branch, BB regression, refines the

Color-Coded Label
segmentation mask Cgr

Example of an original and augmented RGB image I Example of an original and augmented RGB image I

Fig. 4 Visualization of raw and augmented RGB and depth images as well as the color-coded segmenta-
tion mask of the augmented images
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bounding box coordinates for precise localization. Finally, the segmentation head generates
binary per-pixel masks, enabling precise segmentation of each detected object.

Pre-trained backbones VGG16 and ResNet34 trained on ImageNet are utilized for both
base model architectures. This transfer learning approach with finetuning on the dataset of
this work leverages the pre-learned weights on ImageNet for near-optimal feature extraction
at the start of training, reducing training time. The following three training strategies are
implemented and compared:

1. Random Initialization: No pre-trained backbone, weights of the whole model are initial-
ized randomly. No finetuning takes place.

2. Frozen Backbone: The backbone’s pre-trained weights are initially frozen, and only the
downstream layers of the respective segmentation model are trained. After a defined
period, the backbone is unfrozen, allowing full model training and finetuning of the
backbone.

3. Direct Fine-Tuning: The entire model, including the backbone, is fine-tuned from the
start.

Both model alternatives, U-Net and M-Net, normally do not take into account depth data.
However, depth data integration may enhance segmentation accuracy. The representatives
integrating depth data are called UD-Net (U-Net with depth data integration) and MD-Net
(M-Net with depth data integration) in this work and are investigated using different fusion
strategies in the implemented neural networks:

e FEarly Fusion: RGB and depth data are combined before entering the network by stack-
ing the R, G, and B channels with the depth channel.

o Intermediate Fusion: Intermediate features from the backbone (VGG16 or ResNet34)
for RGB and depth data are merged before being passed to subsequent layers. Two fu-
sion techniques are considered: element-wise feature addition or feature fusion using an
intermediate convolutional layer.

e Late Fusion: In MD-Net, separate feature extraction occurs for RGB and depth data
before fusion. In UD-Net, skip connections incorporate late fusion by adding intermedi-
ate features or processing them through an additional network before feeding into the
decoder.

A visualization of the evaluated fusion approaches for the segmentation network architec-
tures can be found in Fig. 5.

For training, the dataset was split into 80% training data, 10% validation data while
training and 10% test data. Validation was conducted between each of the 200 epochs with
the validation data being also augmented as defined in the training regimen. Testing was
conducted with the test data without augmentation to account for evaluation of the segmen-
tation networks in real use cases.

Two common loss functions for semantic segmentation, Dice Loss and Focal Loss, are
evaluated. Dice Loss optimizes class mask overlap by increasing the similarity between
predicted and ground truth masks [34]. Focal Loss adjusts pixel-wise loss contributions,
reducing the impact of well-classified pixels while emphasizing misclassified ones, making
it effective for class imbalance [34]. For the M-Net and MD-Net, the default loss function
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a) Early Fusion

UD-Net

b) Intermediate Fusion

c) Late Fusion

UD-Net

,7
RGB *M

| A
oo 8

I

B Encoder

BB classificator

RGB
% BB Regressor |

Depth

RGB
+
Depth Encoder
MD-Net

MD-Net MD-Net

Fig.5 Overview of the implemented fusion strategies for the UD-Net and MD-Net variants. Early fusion
with RGB and depth data results in a segmented image (left). Intermediate fusion with additional descrip-
tion of the subcomponents of the segmentation networks considered (middle). Late fusion (right)

proposed in [33] is used. It consists of a loss combining classification, bounding box regres-
sion and mask segmentation accuracy. Segmentation quality evaluation is assessed using
Intersection over Union (IoU). The IoU evaluates segmentation mask similarity by comput-
ing the overlap ratio between predicted and ground truth masks to their union.

Uncertainty estimation for segmentation results

In the scope of this work, the semantic 3D reconstruction relies on image and depth data
acquired from multiple viewpoints to fully reconstruct the semantic 3D model. As a result,
identical surface regions of an object are frequently segmented multiple times from differ-
ent poses. These redundant segmentations can lead to inconsistencies in the assigned class
labels due to variations in illumination, occlusion, or perspective depending on viewpoints.
To achieve a non-redundant semantic 3D model, it is therefore essential to quantify the
uncertainty of each individual segmentation result obtained from a single pose. This enables
the system to identify predictions with low confidence and exclude them from the semantic
3D reconstruction process, thereby ensuring the consistency of the final 3D reconstruction.
In this work, we address this challenge by applying a GUM-compliant uncertainty estima-
tion strategy to each segmentation output prior to its projection into the semantic 3D space.
The GUM defines expanded uncertainty U, computed as.

U = kuc (y), where uc () is derived from standard uncertainties of input variables
of the measurement function § = f (z1, ... , zn) [35].

Segmentation, as a machine learning-based function mapping, aligns with GUM prin-
ciples, treating neural networks as nonlinear measurement functions. For such nonlinear
systems, GUM Supplement 1 [36] introduces a simulation-based method using Monte Carlo
sampling. These approaches simulate the probability distributions of input quantities by
generating many random samples according to their specified distributions and then com-
puting the corresponding outputs through the measurement model. The resulting output
distribution reflects the combined effect of all input uncertainties, including their nonlin-
earity. In the case of segmentation, pixels of the images (RGB and depth) are treated as
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input quantities, while the class labels for each pixel are treated as the outputs. The GUM-
compliant Monte Carlo approach is then employed to estimate the predictive uncertainty of
each pixel-wise segmentation outcome.

A comprehensive review of methods for uncertainty estimation in deep learning is pro-
vided by [37], which also gives insights into how the simulation of the probability distri-
butions of the pixels as input quantities can be achieved. Deterministic methods, bayesian
methods, ensemble methods, and test-time augmentation methods are distinguished. All
these approaches estimate predictive uncertainty &, combining model (systemic) and data
(aleatory) uncertainty. In this work, the GUM-compliant combination of an ensemble-based
Monte-Carlo approach together with a test-time augmentation approach is chosen to esti-
mate the predictive uncertainty & of a segmentation.

Figure 6 illustrates the proposed method. Given the training time constraints, n=10 (M,

.., M) are trained using varied training dataset compositions resulting in a segmentation
model ensemble. The ensemble prediction is obtained by averaging the prediction of these
models for a dataset tuple Icr and Ip r to derive the pixel-wise segmentation result
Yuv, T- The predictive uncertainty & ., 7 is obtained by applying random augmentations
to the dataset tuple Ic 1 and Ip 7, where the random augmentations aim to simulate the
probability distributions of the pixels as input quantities. Each augmented sample is passed
through all trained models and the pixel-wise standard deviation & wo,T across predictions
determines the final uncertainty measure.

Semantic 3D reconstruction procedure using segmentation approaches
To achieve semantic 3D modelling, the 3D reconstruction approach is extended by incorpo-

rating segmentation before registration (step 3). After view generation and acquisition (steps
1 & 2), segmentation of the acquired point cloud PC;A is performed using the color image

m Ensemble prediction

Pixel-wise average of
predictions

> Vuv,r

&

Data tuple Model predictionand 6Dy 1)
{Icr, Ips} uncertainty estimate ~ " gy
‘
> {Icr IpTiat el
Pixel-wise standard P
deviation of predictions CoHs
> {Icr. Ipr}am s . L
Uncertainty estimation

Fig.6 Approach for model prediction and predictive uncertainty estimation using ensembles and test-time
augmentation
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Ic and depth image Ip. The acquisition system ensures a unique mapping between image
pixels and spatial coordinates, generating a semantic point cloud (SPC’,‘;‘). This extends
PCtA by assigning each point a class label K; based on segmentation results:

SPC} = X, YA, Z{, Ry, Gy, By, K] ()

Multiple segmentation models can be integrated for different tasks, such as component and
defect segmentation. If, for example, defect segmentation would be included, an additional
column D; would encode surface defects:

SPCA = [XtA, Y;AazgqaRtv Gt7 Bt’ Kt? Dt} (3)

The predictive uncertainty approach must be applied separately to each segmentation
model. Pixels with high uncertainty (e.g. & 4,7 > 0.5) can be excluded from reconstruc-
tion to improve accuracy. The semantic 3D modelling procedure can then be formalized as
seen in Fig. 7.

After generating the semantic 3D point cloud model, a semantic mesh can optionally be
created in a post-processing step by meshing the point cloud and assigning the semantic
labels to the respective nearest mesh vertices. This enables further processing or visualiza-
tion, while preserving the advantages of the initial point cloud representation during the
modelling pipeline.

Results

The results are structured along the methodology. First, the quality of the 3D reconstruction
process is assessed. Second, the semantic and instance segmentation results with consid-
eration of the depth data are examined. Last, the semantic 3D reconstruction process is
evaluated, followed by a short outlook on defect segmentation with the use case of corro-
sion segmentation. All experiments are conducted on a Linux system with an AMD Ryzen
Threadripper PRO 3955WX with 16 cores running at 3.9 GHz and NVIDIA RTX A6000
graphics.

Quality of the 3D reconstruction process

For evaluation of the quality of the 3D reconstruction process, four 3D product models (C)
of starter motors generated at the inspection station are compared to highly accurate refer-

Semantic point cloud generation Postprocessing (5)

Color image I and Augmented color image Segmentation to Map S, to point cloud Current point cloud Downsample point cloud
depth image I I, and depth image I, obtain S, PC? and obtain SPC{ model SPCRT;,
L

Transform SPCRT; to
Integration (4) Yes SPC,s, to obtain SPCF

View generation (1) &
Scanning (2)

Move robot, rotary table
and perform acquisition

: | i I
i Next iteration ! SPCIE, ! No
i t=(t+1)

Registration (3)

Obtain raw registered semantic
point cloud model
Y

Voxel downsampling
and noise removal

Fig. 7 Flowchart for the semantic 3D modelling procedure at the inspection station
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Starter Motor Model #1 Starter Motor Model #2 Starter Motor Model #3 Starter Motor Model #4

Fig. 8 Visualization of the reference product models (L) of the starter motors being used for evaluating
the reconstruction approach

Table 1 Overview of the metrics used to compare the product models C and L

HDS$;?“[um]  HD§"C[um] MEC~F[um] MCE®— CD
min/max min/max min/max min/max min/max
mean mean mean mean mean
3Dmodel #1  623.2/629.9 2004/2008 252.4/256.1 0.3263/0.3271  0.7208/0.7257
627.9 2007 254.1 0.32666 0.7231
3D model #2  701.6/747.2 8977/9003 303.1/319.8 0.2612/0.2714  1.669/1.691
723.1 8990 311.1 0.2657 1.679
3D model #3  645.7/648.0 5322/5335 282.9/287.6 0.1842/0.1859  1.163/1.167
647.0 5329 285.3 0.1851 1.165
3Dmodel #4  414.1/424.6 4673/4677 157.4/158.0 0.087/0.088 0.8235/0.8242
420.2 4675 157.5 0.088 0.8238

ence product models (L) of the same products generated by a hand-held laser scanner (Zeiss
T-Scan) as seen in Fig. 8. Only four models are chosen, since the reconstruction approach
is purely deterministic.

Table 1 summarizes the results with metrics (Hausdorff distance, mean error, mean
squared error and chamfer distance) used to compare sets of points. Before comparison, C
as well as L are registered 10 times using a global (RANSAC) followed by a local (ICP)
approach. All these registration results are then used to calculate the minimum (min), maxi-
mum (max), and mean metric values. Variations in metric performance stem from product
geometry, colour and reflectance properties of the product surface as well as point cloud
registration. For example, model two exhibits a 5.5% variation in ME®~ L across the 10
registrations, highlighting the importance of accurate registration.

The Hausdorff distance H D905_> L from the product model (C) generated by the robot-
mounted acquisition system to the reference model (L) remains below 750 um for all mod-
els. This implies that 95% of points in C deviate by at most this value. In contrast, H Dés_’ ¢
reaches nearly 9 mm for one model, suggesting poor accuracy. However, this discrepancy
stems from missing data rather than acquisition system inaccuracy. The laser-scanned model
is acquired continuously by moving the laser scanner by hand, while the acquisition system
model relies on only a few viewpoints, which leaves some areas uncaptured. Fortunately,
core features like drillings are captured with sufficient accuracy in the product model C (see
Fig. 9).
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The mean error M ES~ L is below 320 pm, indicating high accuracy given that each
model consists of over two million points. Model four is particularly precise, with an aver-
age error of 157.5 um. The mean squared error M SE“~ ¥ ranges from 0.088 to 0.3266,
with model four showing minimal deviation (0.088). The Chamfer Distance (CD) exceeds
MSEC~ L for all models, as missing areas in the camera model cause large point-to-point
distances. Increasing the number of viewpoints would reduce this error but at the cost of
longer inspections. Overall, the reconstructed 3D model using the approach proposed in this
work reconstructs the geometry of the starter motors considered in this work with sufficient
detail.

Results of the semantic and instance segmentation approaches

The evaluation of the segmentation approaches developed in this work is based on the IoU
metric, as previously introduced. The segmentation models were trained and tested using a
validation dataset. Three different neural networks (NNs) were trained for each model con-
figuration. The following sections present the model configurations and the results achieved.

Segmentation models using only RGB image data

The first set of experiments focused on training segmentation networks using only RGB
data. Table 2 gives an overview of the network and learning parameters considered in this
work. The training process is performed using different hyperparameters in a full factorial
combinatorial way for the U-Nets and M-Nets, including backbone architecture, optimizers,
loss functions, and learning rates.

Table 3 presents the performance of the best-trained U-Net and M-Net configurations.
Due to the large number of different trained networks with different hyperparameters, only
an extract of the results is shown in Table 3, but the complete results of the investigations
are presented in the text.

In general, the experiments show that the M-Net variants outperform the U-Net variants
when being evaluated on the validation data (with data augmentation). The best U-Net con-

Reconstructed 3 Model Reconstructed 3 Model
of the Zivid One+ S of the Zeiss T-Scan

Deviation Analysis

Fig. 9 3D model reconstructed using the Zivid One+ S (C) on the left and the 3D model reconstructed
using the Zeiss T-Scan (L) in the middle. The visualization of the deviation analysis between both models
can be seen on the right
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Table 2 Overview of the network  parameter Value Value
and learning parameters consid-

ered in this work for U-Net and Model U-Net M-Net

M-Net Backbone VGG16 ResNet34 VGG16 ResNet34
Optimizer SGD Adam SGD Adam
Learning rate® 0.01/0.005/0.001 0.01/0.005/0.001
Loss Dice Focal Default
Pretrain True False True False
Freeze® True False True False
Batch size 8 8

nitial learning rate, reduced by 20% every 10 epochs. Learning rate
for Adam is 0.01 times the learning rate of SGD

YFreezing in the initial epochs of the training takes place (yes or no).
Training is performed for 200 epochs and if freezing is enabled, the
network weights of the encoder are frozen for 50 epochs

Table 3 Performance of U-Net and M-Net configurations trained in this work

Model Backbone Optimizer  Loss Learning rate Pretrain Freeze Mean IoU
Upot VGG16 Adam Dice 0.0001 True False 0.9187
Uc1 ResNet34 Adam Dice 0.0001 True False 0.9005
Uce VGGI16 SGD Dice 0.01 True False 0.6449
Mopt ResNet34 Adam Default 0.0001 True True 0.9537
Mcao VGG16 Adam Default  0.0001 True True 0.9462
Mca ResNet34 SGD Default  0.01 True True 0.9488

figuration U,,; used a VGG16 backbone, Adam optimizer, Dice loss function, and a learn-
ing rate of 0.0001. In all cases, U-Net variants trained with ResNet34 Encoder performed
worse than their counterparts using the VGG16 encoder, as shown by the comparison of net-
work U,y with Uci. This is not the case when using M-Net variants. Here, the ResNet34
encoder also proved to be a solid variant in addition to VGG16 (see M,,; and Mc1). In
both cases, the Adam optimizer shows better results in the segmentation task (compare
Uopt with Ucg and M, with Meo). Furthermore, using pre-trained encoder weights has
proven successful for both network variants, while no freezing was beneficial for the U-Net
variants and freezing is beneficial for the M-Net variants.

Segmentation models integrating depth information and uncertainty filtering

To enhance segmentation performance, additional models are trained with depth data inte-
gration, resulting in UD-Net (U-Net with depth) and MD-Net (M-Net with depth). Training
configurations are adapted based on previous findings. For instance, SGD and ResNet34 are
excluded from U-Net training, while VGG16 is omitted from M-Net configurations. The
configurations of the conducted experiments can be found in Table 4.

The results of these experiments are shown in Table 5. The best-performing UD-Net
model (UD,y ) on the validation data used an intermediate feature fusion with addition,
achieving a mean IoU of 0.9291. In contrast, the best MD-Net model ( M D, ) used early
fusion with ResNet34, reaching a mean IoU of 0.9527. As in the case of only training with
RGB image data, the MD-Net variant outperforms the UD-Net variant. A direct comparison
of the IoU values of M-Net and MD-Net as well as U-Net and UD-Net variants reveals that
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Table 4 Overview of the network and learning parameters considered in this work for UD-Net and MD-Net

Parameter Value Value

Model UD-Net MD-Net

Fusion type Early Intermediate Late Early Intermediate Late
Fusion variant” Add Add Net Add Add Net Net Add
Backbone VGGl16 ResNet34

Optimizer Adam SGD Adam

Learning rate® 0.0001 & 0.00005 0.01 0.005 0.0001 0.00005
Loss Dice Focal Default

Pretrain True False True False

Freeze® True False True False

Batch size 8 8

a: Add denotes feature addition, while Net denotes feature fusion by a convolutional layerb: Initial learning
rate, reduced by 20% every 10 epochsc: Freezing in the initial epochs of the training takes place (yes or
no). Training is performed for 200 epochs and if freezing is enabled, the network weights of the encoder
are frozen for 50 epochs

Table 5 Performance of UD-Net and MD-Net configurations trained in this work

Model Fusion type Fusion Backbone Optimizer Loss Learn- Pretrain Freeze Mean
variant ing rate IoU
UDopt,v Intermediate Add VGG16  Adam Focal 0.0001  True True  0.9291
MDgpt,v  Early Add ResNet34 Adam Default 0.00005 True True  0.9527
UDopt,t Intermediate Add VGG16  Adam Focal 0.0001 True True 0.9662
MDopt,t Early Add ResNet34 Adam Default 0.00005 True True  0.9464
UDgpt, g Intermediate Add VGG16  Adam Focal  0.0001 True True  0.9707
MDgpt,r Early Add ResNet34 Adam Default 0.00005 True True 0.9574
UDgpt,gr  Intermediate  Add VGG16  Adam Focal  0.0001 True True  0.9529
MDgpt,gr  Early Add ResNet34 Adam Default 0.00005 True True  0.9359

integrating depth information improved segmentation accuracy. The UD-Net and MD-Net
models exhibited more stable training behaviour and higher accuracy, particularly in distin-
guishing foreground objects from the background.

Further experiments revealed, that when evaluating U D, , and M D, , on test data
containing non augmented images from starter motors not seen during training (resulting in
UDopi and M D, 4 it could be noted that the UD-Net even outperformed the MD-Net).
A possible explanation is that data augmentation introduces significant noise into the NN,
which affects the robustness of semantic segmentation more than that of instance segmen-
tation. While semantic segmentation directly classifies each pixel, instance segmentation
follows a two-step process: it first detects objects and then applies binary segmentation to
the identified regions. This additional object detection step likely improves robustness by
providing a more structured approach to segmentation. Further experiments showed that an
ensemble learning approach (resulting in UD,,; g and M D, g) improved segmentation
quality. Filtering out pixels with high predictive uncertainty resulted in lower loU values
(UDgpt,gr and M D, gr). However, by filtering out pixels with high predictive uncer-
tainty, the false detection rate (FDR) of falsely segmented pixels could also be lowered
(FDR from 0.0770 for UDgp g to 0.0315 for UD,p pr and 0.0759 for M D,y g to
0.0248 for M D, rr) indicating a more robust segmentation.
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Evaluation of the semantic 3D reconstruction process

It has been shown that the segmentation approaches are capable of segmenting the indi-
vidual starter motor components with sufficient accuracy. For the evaluation of the semantic
3D reconstruction approach, the ten additional starter motors whose acquired images were
used for testing the segmentation models (results from UD . and M D, ) were seman-
tically reconstructed.

For evaluation of the semantic 3D modelling approach, the reconstructed 3D models
were labelled using the labelling tool semantic-segmentation-editor [38] (resulting in a
ground truth semantic 3D model) and compared with the semantic 3D models by using the
segmentation approaches presented in this work. As metrics, the segmentation accuracy
(how many surface points were segmented correctly) and the completeness (how many
surface points are retained after segmentation and filtering of pixels/surface points with high
predictive uncertainty) were used. The results in Table 6 show that U D, gr achieved the
highest model accuracy, with an average accuracy of 93.9% across all components. Regard-
ing model completeness, U D, pF also outperformed M D, gr.

Outlook on the integration of defect segmentation approaches

The results so far have demonstrated the applicability of the method presented in this work
for the semantic 3D reconstruction of an inspection object. Using neural networks for com-
ponent segmentation, a semantic 3D model can be constructed. In addition to component
segmentation, the methodical approach presented in this work also discusses an extension
of the semantic 3D model with information about defects on the inspection object. Given
training with a suitable dataset, the models proposed in this work can also be used to seg-
ment defects in an image.

Initial results with the model U,y ., show promising results in the segmentation of cor-
rosion on the individual components of the starter motor. In this case, the use of a segmen-
tation model with integrated depth data is avoided because, in the opinion of the authors,
it does not provide any additional information regarding the segmentation of corrosion.
This is because corrosion exhibits a rather small geometric change from the corrosion-free
geometric state of the starter motors, and the geometric change of a surface due to corro-
sion is smaller than the accuracy of the Zivid One+S. The results of the segmentation in
this pioneering study can be seen in Fig. 10. The neural segmentation model U,y , trained
achieved an average IoU of 0.9634 resulting in a comparable segmentation quality as in the
component segmentation use case. In future work, the information provided by the semantic
3D model, such as the affiliation of surfaces to specific components and defects occurring
on these surfaces, can be used to draw conclusions about remanufacturability of the product.

Table 6 Results of the evaluation of accuracy and completeness of the semantic 3D models

Model Carrier Housing Solenoid Electric Gear Mean
Accuracy
UDopt,r 96.1% 94.4% 93.1% 90.7% 95.3% 93.9%
MDgpt,er  94.0% 91.6% 93.5% 84.4% 94.9% 91.7%
Completeness
UDopt,Er 93.3% 97.9% 99.0% 94.2% 96.9% 96.2%
MDgpt,er  93.1% 97.2% 98.0% 91.6% 92.4% 94.4%
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Fig. 10 Overview of binary segmentation results for the detection of corrosive pixels in an image
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e

Conclusions

Remanufacturing is a key process to achieve a circular economy, restoring used products
and returning them to the market. However, the process still relies heavily on manual labour,
changing its cost-efficiency and scalability. One example is the visual inspection of products
before remanufacturing. Automating this step is challenging due to unknown product vari-
ants, a lack of CAD models, and defects appearing in different forms and locations.

To address these challenges, this paper presents a semantic 3D product modelling
approach that integrates image and 3D point cloud data. Using neural networks (U-Net for
semantic segmentation and Mask-RCNN for instance segmentation), both product compo-
nents and defects, such as corrosion, can be detected and encoded into a semantic 3D model.
This model serves as a basis for adaptive inspection strategies.

Experimental results show that the proposed method achieves high accuracy in compo-
nent segmentation and in embedding semantic information into the geometric product struc-
ture. Furthermore, it is shown that the U-Net architecture is not only suitable for component
segmentation but also capable of detecting defects, such as corrosion. Finally, it has been
shown that the combination of RGB and depth data significantly improves segmentation
accuracy, while uncertainty estimation improves robustness.

In summary, the approach shows great potential for the inspection of starter motors. In
principle, the present approach of semantic 3D modelling is suitable for a wide range of
object geometries of different sizes. However, it must be noted that the acquisition of under-
cuts must be accompanied by a meaningful pose planning (see visual planning problem
VPP) so that a modelling of these object areas is possible. Likewise, for larger objects, it
is worth noting that acquisition systems have a specific working range. For the inspection
system used here, more acquisitions would be necessary for semantic 3D modelling to cap-
ture the entire product. This would result in longer inspection times and inspection costs.
General limitations for semantic 3D modelling also exist in that some surface properties of
inspection objects (e.g., highly reflective surfaces) make it difficult for optical systems to
capture them. Such difficulties can be mitigated by meaningful pose planning (see visual
planning problem VPP) or parameter selection of the acquisition system, although this was
not part of this work.

Furthermore, it must be noted that the applicability of the presented segmentation algo-
rithms to other object types depends on the availability of adequate training data. The neu-
ral networks require training on images of the respective object types to perform accurate
segmentation. In this work, the segmentation algorithms are only trained on image and
depth data of starter motors. Consequently, generalization of the semantic 3D reconstruc-
tion approach is only feasible for varying types of starter motors since they share sufficient
visual and geometric similarity with those used for training.
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Future work is recommended to focus on the limitations mentioned above and extend the
method to acquire additional defect types, integrate improved uncertainty quantification,
and optimize the system for real-time industrial applications. In the current system imple-
mentation, each starter motor is acquired from five different viewpoints. Each acquisition
takes approximately one second using the robot-guided Zivid One + S system. Leverag-
ing the ROS framework [39], subsequent processing steps (semantic segmentation (1 s per
image) and point cloud registration) are executed in parallel with robot and rotary table
movements or additional acquisitions. This enables an efficient processing pipeline, result-
ing in a total acquisition and processing time of approximately 15 to 20 s per starter motor.
While these runtimes are promising for a proof-of-concept implementation, future work will
focus on further runtime. In addition, the application of the approach to different product
classes will be investigated to evaluate its generalisability.
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