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Abstract

®

CrossMark

In micro gear manufacturing, quality assessment relies on full-geometry measurements to
evaluate functional performance. Due to tolerances down to one micrometer, high-end
metrology is essential. Optical systems enable fast, non-contact measurements and can, in
principle, be used for full-gear scans. These scans serve as input for single-flank rolling
simulations, which assess how geometric deviations affect functional behavior such as
transmission accuracy. However, full scans remain time-consuming and often unsuitable for
inline inspection due to the trade-off between speed and measurement uncertainty. We address
this by proposing a partial-scan workflow, based on the observation that tool-induced deviations
propagate periodically across gear teeth. This allows reconstruction of micrometer-accurate
point clouds from a subset of teeth. We compare a deep learning-based completion network with
an analytical reconstruction, evaluating both geometrically and functionally. While the deep
learning approach shows higher geometric fidelity, it falls short in functional accuracy. This
reveals a common gap in learning-based methods, where achieving geometric similarity may
fail to preserve the underlying functional behavior. Our approach enables faster inspection while

maintaining confidence in gear performance.

Keywords: micro gears, point cloud completion, focus variation, measurement time optimization

1. Introduction

Micro gears are key components in high-precision applica-
tions such as medical devices and microrobotics [1]. As mini-
aturization progresses, the demand for consistently manufac-
tured, high-quality micro gears increases. Due to their small
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dimensions, even minor deviations in tooth flank geometry can
severely affect functional performance, leading to vibration
issues, transmission errors, or noise [2—5]. Ensuring geometric
and functional precision is therefore critical.

Unlike many other components, gears require a compre-
hensive quality assessment that goes beyond simple dimen-
sional checks [1]. Detailed flank geometry must be captured
and analyzed to assess characteristics such as noise, vibra-
tion, and harshness [4]. This can be achieved through tactile
coordinate metrology, optical techniques like computed tomo-
graphy or focus variation, or through functional testing meth-
ods such as single-flank rolling inspection [2, 5].

Although effective, both geometric and functional inspec-
tions are typically time-consuming [6]. Tight tolerances and
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high precision demands increase sensitivity to measure-
ment uncertainty and limit throughput, especially in micro
gear manufacturing. Recent studies have focused on accel-
erating optical workflows while maintaining accuracy [6].
Simulation-based functional assessments, such as single-
flank rolling analysis using high-resolution point clouds, are
promising alternatives [2], but still require full geometry
acquisition.

However, the highly regular structure of gears and the
recurring nature of their deviation patterns offer great potential
for point cloud completion. In this work, we explore whether
full gear geometries can be reconstructed from partial scans
using only a small number of measured teeth, as illustrated in
figure 1. We investigate two approaches: one based on para-
metric gear geometry and another using deep neural networks
trained to reconstruct full geometries from incomplete point
cloud data. The network learns a latent representation of gear
geometry, enabling it to infer missing surface regions from
incomplete input data by leveraging patterns observed dur-
ing training. Both approaches are evaluated through single-
flank rolling simulations to assess their functional validity.
Rather than demonstrating a complete inline system, this study
provides a proof-of-method showing that partial optical meas-
urements can be sufficient for accurate reconstruction and
functional evaluation. These results highlight the potential of
the approach as a step toward fast, reliable quality assessment
and future inline inspection of micro gears.

In the following, we present the foundations of geomet-
ric and functional gear quality assessment. We then review
developments in optical metrology, rolling simulation, and
geometry reconstruction. Next, we describe our experimental
setup, including gear measurement and point cloud genera-
tion. We then detail the reconstruction methods and evaluate
their results functionally. Finally, we compare the approaches
in terms of accuracy, robustness, and suitability for use in pro-
duction environments.

2. Fundamentals

Micro gears demand stringent quality assessment through geo-
metric and functional measurements to ensure reliable oper-
ation. In this section, we define the essential quality metrics
that form the foundation of micro gear inspection. The general
geometrical and functional quality characteristics of the gears
are formalized in [7] and [8] which also specify the following
measurement procedures.

2.1 Geometric quality features

The geometric quality of micro gears is defined by four key
deviations from the ideal involute: profile deviation F, flank
line deviation F g, pitch deviation Fp, and runout deviation F,
[8, 9]. These parameters describe deviations in tooth form,
alignment, spacing, and concentricity and serve as the basis
for standardized gear quality evaluation.

Figure 2 illustrates the geometric deviations. The stand-
ardization of gear parameters as defined in [10] guarantees

reproducibility at micrometer level accuracy, which is essen-
tial for high-precision applications in medical devices and
robotic systems.

2.2. Functional quality features

In this work, functional performance is evaluated using trans-
mission error as the primary metric. Transmission error quan-
tifies the deviation between the actual and ideal rotational dis-
placement and is measured through single-flank and double-
flank rolling tests [7]. In the single-flank test, the angular pos-
ition of a test gear is recorded as it rolls against a master gear.
The basic setup is illustrated in figure 3, where transmission
deviations emerge during meshing and are captured through
angular measurement.

From these tests, the roll-in deviation f/ which captures
the maximum error within a single engagement, and the
total transmission error F/ which represents the peak devi-
ation over a full revolution, are extracted. Additionally, the
long-wave error f] and the short-wave error f; characterize
low-frequency shape deviations and high-frequency waviness,
respectively [7]. These functional metrics reflect how geo-
metric imperfections translate into torque irregularities under
operating conditions [2].

Figure 4 shows a typical transmission error curve obtained
from the single-flank test. From this curve, key functional
quality metrics such as runout error, jump error, and rolling
deviation can be derived by analyzing the angular displace-
ment trace.

3. State-of-the-art

This chapter reviews the main techniques that enable mod-
ern micro gear inspection and reconstruction. First we exam-
ine focus variation as a fast, non-contact method for captur-
ing gear surface geometry, chosen here for its favorable trade-
off between acquisition time and resolution. We then consider
single-flank rolling simulations as a direct measure of func-
tional performance. We outline recent deep learning methods
for reconstructing full geometries from sparse point clouds.
Although each of these approaches has matured individually,
no existing framework combines partial optical scans, com-
pletion methods and real-time functional simulation to enable
inline quality assessment.

3.1. Micro gear metrology

The extensive literature review presented by Goch et al [1],
as an update to his foundational study from 2003 [12], rep-
resents one important contribution to the niche domain of
micro gear metrology. Their analysis identifies the most rel-
evant measurement technologies for capturing the geometry
and functional characteristics of micro gears. Due to the mini-
ature module sizes, typically below 0.3 mm, even slight devi-
ations in geometry or surface finish can lead to significant
functional impairments. Traditional tactile coordinate meas-
uring techniques often reach their physical limits, as probe
tip diameters are in the same order of magnitude as critical
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Figure 1. Conceptual schematic to improve measurement time.
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Figure 2. Geometric gear deviations, including profile, flank, pitch,
and runout errors. Reproduced with permission from [11].

Test-Gear
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Figure 3. Setup of a single-flank rolling test, where the test gear
rolls against a master gear. Angular deviations are recorded to
determine the transmission error. Reproduced with permission
from [5].

gear features, making reliable access to root and flank regions
difficult [1, 13]. Computed tomography, while capable of cap-
turing internal structures, suffers from long acquisition times
and limited resolution for high aspect ratio geometries [1].
Optical methods have therefore gained increasing attention, as
they offer non-contact access to steep surfaces and fine fea-
tures with sub-micron resolution [1, 14]. In addition to captur-
ing geometric parameters such as profile and helix deviations,
surface-sensitive measurements are essential to assess wear
and roughness that critically influence gear performance at the

High-Frequency Component
Tooth-to-tooth radial
composite deviation NS f ;
Pitchp

~

Figure 4. Evaluation of the transmission error curve from a rolling
test. Functional deviations such as runout error, jump error, and
rolling deviation are derived from the angular displacement trace.
Reproduced with permission from [5].

microscale [1, 15]. Overall, micro gear metrology requires a
careful balance between resolution, measurement speed, and
accessibility of complex geometries.

3.2. Focus variation for geometric quality assessment

Focus variation is a non-contact optical technique that captures
fine surface geometry by scanning an objective over a vertical
range and computing a sharpness metric for each pixel [16].
This enables high-resolution 3D point clouds, even on steep
and reflective surfaces. A typical setup is shown in figure 5.

Gauder er al [14] demonstrated the successful inline integ-
ration of a Bruker Alicona CMM for micro gear inspection.
Their process achieved full 3D measurement with low uncer-
tainty in under 3.5 min, well below the duration of tactile or
CT methods. Critical regions such as steep root areas were cap-
tured through eccentric positioning, improving detectability at
the cost of longer measurement time.
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Figure 5. Inline setup of the focus variation. Reproduced with
permission from [18].

By optimizing vertical resolution and measurement width,
the team showed that acceptable accuracy can be achieved
within production cycle time. Ultimately, the method proved
suitable for inline inspection. Remaining challenges include
software stability and automation of cleaning and clamping.

Among available optical methods, focus variation offers
the best balance of speed, resolution, and surface accessibil-
ity inline inspection. Confocal and interferometric techniques
offer higher vertical resolution, but are limited by slower
acquisition rates, while CT scanning entails longer measure-
ment times and reduced surface fidelity [17].

3.3. Single flank rolling simulations for functional assessment

Single-flank rolling simulations replicate the meshing of a test
gear with a reference gear to quantify functional deviations
such as transmission error [7]. Tools like Frenco Reany can
generate rolling curves based on 3D STL data or 2D profile
sections of the gear geometry, enabling virtual assessments of
meshing quality without requiring physical contact.

Gauder et al [3] employed such simulations to establish a
functional quality control loop for the gear hobbing process.
By linking simulated functional metrics to process parameters,
quality feedback could be integrated into manufacturing. In a
preceding study [2], the uncertainty of simulated single-flank
test results was evaluated, showing that when properly cal-
ibrated simulations can offer reliable functional assessments
within micrometre scale accuracy.

3.4. Point cloud completion with deep learning

Recent advances in deep learning have enabled the recon-
struction of complete 3D geometries from sparse input data,
with works such as PointNet [19] establishing a foundation
by learning permutation-invariant features directly from raw
point clouds. Several more advanced deep neural networks
have since been proposed to address point cloud completion
[20]. We outline the idea and architecture of the two models
used for our approach and mention other promising models.
The point completion network (PCN) [21] implements a
two stage reconstruction scheme. First an encoder composed
of convolutional layers and a global max pooling operation
extracts a compact latent representation of the partial point
cloud. Next a fully connected decoder produces a sparse global
outline of the full geometry. To recover fine local detail PCN

applies a learned deformation grid around each coarse point
and predicts displacement vectors that densify and refine the
surface. This coarse to fine process preserves overall form
while capturing intricate flank features.

The morphing and sampling network (MSN) [22] uses an
iterative deformation approach. Its encoder employs multi-
scale feature extraction to capture both global shape and
local surface variation. Instead of generating an intermedi-
ate outline, MSN directly learns a continuous flow field that
deforms the input cloud in successive steps. At each iteration,
the network predicts displacement vectors that move existing
points toward the missing regions. An adaptive sampling mod-
ule then adds points in areas of high curvature and removes
excess points where detail is sufficient. This dynamic sampling
strategy yields high-fidelity reconstructions with efficient use
of computational resources.

More recent transformer-based methods further boost
reconstruction fidelity. SymmCompletion [23] enforces
known symmetry during attention to improve global con-
sistency and local detail. AdaPoinTr [24] builds integrates
curvature-aware attention that adapts point weighting based on
local surface complexity. These transformer models demon-
strate rapid progress in point cloud completion but remain
dependent on large high-quality training sets. Acquiring full
three dimensional micro gear scans at micrometer resolution
is time intensive and costly in itself. Consequently, extensive
data augmentation is required to train networks that generalize
to inline inspection scenarios.

While each of the reviewed techniques has matured inde-
pendently, they are rarely used in combination. This high-
lights a clear opportunity to develop an inline system that com-
bines rapid measurement, learned reconstruction and imme-
diate functional evaluation. To our knowledge no existing
approach achieves this combination, leaving a critical gap in
enabling inline quality control of micro gears.

4. Approach

This chapter details the dataset and workflow for evaluating
partial-scan reconstruction methods in inline micro gear qual-
ity assessment. We begin with gear specifications and meas-
urement acquisition, then describe preprocessing and aug-
mentation steps, outline both reconstruction strategies, present
training configurations, and finally explain the functional sim-
ulation setup.

4.1 Data acquisition and gear specifications

We utilize a dataset of 280 real, high-resolution point cloud
scans of industrial micro gears manufactured with a mod-
ule of 0.28 mm, a face width of 0.9 mm, a pitch diameter of
4.424 mm, and a root diameter of 3.22 mm. Each gear fea-
tures 13 involute teeth. Scans were acquired using the focus
variation microscope ©CMM by Bruker Alicona. A measure-
ment of the studied gear is illustrated in figure 6. The measure-
ment parameters were adapted from the optimized measure-
ment program presented by Gauder et al [14], which achieves
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Figure 6. Full gear measurement.

Table 1. Optimized measurement parameters reproduced with
permission from [14].

Parameter Value
Measurement strategy Alicona Real3D
Magnification 800A (10x)

Tilt angle +25°

Exposure time 1.810ms
Contrast 0.6

Vertical resolution 0.030 pm
Lateral resolution 3.914 um

Downsampling 16

Mean number of points 23243
Width of measurement 1.312mm
Polarization Active
Precision mode Off
Overlap percentage 19%
Outlier filter 0.93
Mean measurement time 3.476 min

a full-geometry scan time of approximately 3.48 min per gear.
The specific acquisition settings, including magnification, tilt
angle, and resolution, are listed in table 1. This setup ensures
high vertical and lateral resolution, but is not compatible with
inline integration due to its long acquisition time.

While the optical scans provide sufficient fidelity for recon-
struction and simulation, they differ in important aspects from
the formal requirements of standardized gear inspection pro-
cedures such as ISO 1328 [25]. Focus variation produces irreg-
ular point clouds rather than measurements along predefined
sampling traces, and perpendicular access to the gear sur-
face replaces the tangential acquisition directions assumed
in the standard. In addition, standardized references, evalu-
ation paths, and uncertainty budgets prescribed in conven-
tional accuracy grading are not established in our setup.
Consequently, the scans are not intended for assigning ISO
accuracy grades, but serve as a representative proof-of-method
dataset for reconstruction and functional assessment studies.

In order to minimize rotational input variation on the rota-
tion axis and guarantee consistency between samples, all gear
measurements were aligned to a shared coordinate system and
filtered to preserve only the relevant gear surface. The common

Figure 7. Gear decomposition for data processing.

rotational axis was defined by the clamping mandrel used dur-
ing measurement. To extract the tooth regions, we first iden-
tified the front surface of the point cloud using a histogram
along the z-axis, which exhibits a distinct peak caused by the
angled measurement process. Individual teeth were then detec-
ted by segmenting connected regions in the xy-plane. Figure 7
shows the extracted parts of the gear. For each partial input,
only four consecutive adjacent teeth were retained, resulting
in oriented partial point clouds with consistent spatial posi-
tioning across the dataset. Although we tested different tooth
counts and alternative configurations, such as selecting every
second tooth or sampling across the diameter, four consecutive
teeth yielded the best reconstruction performance.

4.2. Data augmentation

To increase dataset diversity and robustness, several augment-
ation strategies were applied to training and validation sets.
These included mirroring each gear across a plane through the
rotation axis and applying discrete rotational transformations
corresponding to the number of gear teeth. For each rotation
step, a different subset of teeth is presented as input, simulat-
ing various partial measurement scenarios. These augmenta-
tion steps result in 26 unique samples per gear by combining
mirroring with 13 discrete tooth-aligned rotations. The par-
tial point clouds were randomly down-sampled to 2048 points,
while the full target geometries were represented with 8192
points. These operations preserve the geometric structure of
the gear while exposing the model to a broader range of unique
spatial configurations.

Our dataset was divided into 70% training, 15% valid-
ation and 15% test sets. Only the training and validation
sets were augmented, resulting in 5096 and 1092 point
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clouds, respectively. The test set remained non-augmented,
allowing for a consistent and unbiased evaluation of model
performance.

4.3. Point cloud completion networks

In this work, we employ the point cloud completion networks
PCN and MSN to reconstruct complete micro gear geomet-
ries from partial measurements. During training, we optim-
ize the network parameters using either the chamfer distance
(CD) or the earth-mover distance (EMD) as the loss function.
Let S| and S, denote two point clouds, where x € §; and
y € S, represent individual points from each set. The CD
provides an efficient measure of local similarity by averaging
the squared Euclidean distances between each point in one set
and its nearest neighbor in the other:

1 .
Lcp (81,82) = 51 meHX—yH%
X€ES

YES:
1
1 ()
R— 1 Ja— 2
STy > minfx—y[3.
YES>

In contrast, the EMD evaluates the global similarity by
determining the minimum cost required to transform one point
cloud into the other:

1
= - i - . 2
Lemp (51,52) 1S, un EES Ix—¢(x) ]2 2
XCo1

Although EMD generally offers a more faithful evaluation
of overall similarity, its computational complexity is higher. To
address this, we use an approximation method as implemented
in [22].

Training was performed for 200 epochs with a batch size
of 16, using either Lcp or Leyp as the loss function. An ini-
tial learning rate of Se—> was employed, decaying gradually
to a minimum of le~*. The networks were optimized using
the AdamW optimizer [26] with a weight decay of A = le™*.
The training and validation loss curves of all models exhibited
similar trends and stability, as shown in figure 8. To mitigate
overfitting, the model achieving the lowest validation loss dur-
ing training was selected for evaluation.

4.4. Geometric reconstruction (GA)

In addition to the methods presented, a GA baseline model is
implemented for comparison. This approach reconstructs the
gear geometry by iteratively duplicating existing teeth and pla-
cing them into unmeasured gaps based on their relative pos-
itions. The reconstruction begins by inserting the first avail-
able measured tooth segment into the nearest missing position
in clockwise direction and continuing with the next available
segment until all gaps are filled. This method exploits the rota-
tional symmetry of the gear and assumes structural consist-
ency between neighboring teeth. The resulting point cloud is

]
10 ] Train Loss
] Val Loss
|
2
8107 3 ‘*\
€ \
I
] |
10~ 3 U J
L T T T T T
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Figure 8. Train and validation loss curves for the MSN model using
Lcp for training.

resized to 8192 points either by random sampling or interpol-
ation by choosing a random point and adding a point halfway
to its closest neighbor.

4.5. Functional simulation

Reconstructed and ground-truth clouds are evaluated with
single-flank rolling simulations in Frenco Reany. The simu-
lation outputs directly quantify transmission error under load
and reveal how GA errors impact functional performance.

This comprehensive setup enables direct comparison of
geometric fidelity and functional reliability for inline micro
gear quality control. The reconstruction models can be trained
on new gear designs to accommodate different modules and
tooth counts. Each partial scan is processed with minimal
latency, enabling real-time inline integration.

5. Point cloud reconstruction

The trained models are evaluated using the reserved test data
with the different distance measures to the ground truth (GT).
The results are summarized in table 2.

The distance measures to the GT of all models including
the GA have similar orders of magnitude. The models trained
on Lgmp have a consistently better score when comparing it
to their trained models with Lcp.

A sample of predictions were displayed for further analysis.
The simulation software requires a uniformly distributed point
cloud for the evaluation. If no structural features of the tooth
surfaces are recognizable, the simulation cannot be carried
out. A subset of predictions are illustrated in figure 9 where
the coloring highlights the distance of the measured point to
the master geometry. The master geometry is used as a refer-
ence because the goal is not to match individual points exactly,
but to capture the correct shape. Accordingly, the color gradi-
ents should exhibit similar patterns if the overall geometry
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Table 2. Model inference quality comparison using the test data set. Models highlighted with ! and ? are trained using Lcp and Lemp

respectively.

GA PCN'  PCN?  MSN'  MSN?

Lcp[10Y] ] 1.74 2.29 1.44 1.96 1.76

LEMD[103] N 12.87 14.24 10.82 19.33 12.61

Gear 1 Gear 2 Gear 3 [um]

GT
GA
PCN!
PCN?
MSN!
MSN?

Figure 9. Distances to the master geometry from predictions in pm.
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Gear 4

Gear 5

Figure 10. Distances to the master geometry in pm in a flat view.

is preserved. The predictions of all models show the shape
of our desired micro gear. However, the distances to the real
geometry deviate between models. The colored representation
shows that the models trained with Lgyp has a good agree-
ment of the tooth flank deviations to the real point clouds. This
is particularly noticeable for the MSN model, where the tooth
gaps show a deviation similar to that in the real point cloud.
In contrast, the models trained with Lcp show stronger devi-
ations along the teeth that do not correspond to reality.

A positive aspect about the PCN models is the regular spa-
cing of the predicted points. The MSN models show a direct
difference. The micro gear structure is recognizable, but the
point distributions of the model show a non-uniformity com-
pared to the PCN architecture. The point distribution of the
prediction is more consistent with the original input, which
was reduced by random sampling. The structure of the input
can be inferred from the GA in figure 10, as this copies the
existing input.

This behavior can further be seen the two-dimensional visu-
alization in figure 10 where the gear is unrolled. It uses the
same coloring scheme as the three-dimensional visualization.
It further highlights the nearly identical deviation from the GT
to the GA with the other models performing worse.

6. Simulation result

For each GT and predicted point cloud, the simulation soft-
ware computes the geometric and functional properties of
the left and right tooth flanks based on the gear characterist-
ics outlined in section 2. The result is averaged across both
tooth flanks. Figure 11 shows the boxplots of the simulation
results.

The key takeaway from the boxplots is the good per-
formance of the geometric approach. For all of the six
selected parameters it only has very slight deviation
from the GT. Similar behavior is achieved by the PCN?
model for F] and f]. Generally speaking, the MSN mod-
els show less accordance to the GT. For easier com-
parisons, the median of the feature values is noted in
table 3 and the median difference to the GT is noted in
table 4.

The results are interpreted using table 4. The simulation
shows that the models trained with Lgyp perform better than
its counterpart except for the features F', and Fg. The values
of the predictions fall in the range of measurement uncertainty
described in [2] for specific features. The geometric model
shows the highest accordance to the GT overall.
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Figure 11. Boxplot of the simulation results for each gear with cutoff at 3o.

Table 3. Feature simulation results for each model.

Feature GT GA PCN! PCN? MSN! MSN?
Fo 10.33 10.31 10.99 8.85 8.22 7.17
Fg3 1.18 1.31 1.04 0.71 2.08 3.59
Fy 5.90 5.82 13.04 11.27 16.47 10.08
F} 16.78 16.81 25.30 18.95 34.18 31.58

! 474 4.62 7.88 6.97 8.86 471
fl 13.14 13.05 25.35 13.77 31.96 30.54

Table 4. Median simulation differences to GT across gear quality features.
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Feature GR PCN! PCN? MSN! MSN?
Fo —0.04 0.80 —1.42 -1.77 —3.01
Fgs 0.14 —0.15 —0.46 0.90 2.39
F, 0.03 6.97 4.94 10.08 3.66
F} 0.10 10.39 2.09 16.33 12.19
H 0.04 2.95 275 433 0.40
1 —0.02 12.41 0.70 18.43 12.98

7. Discussion and conclusions

The tests show that the base belief model with the geomet-
ric approach for reconstructing point clouds has a greater pre-
dictive power with regard to the quality characteristics com-
pared to the learning based architectures. Despite a larger devi-
ation from the original point cloud using the distance met-
rics, the model delivers better results in the single-flank rolling
simulation. These features are of crucial importance for prac-
tical use in the evaluation of micro gears. While the proposed
approach reduces measurement time, our experiments confirm
that deviations in the reconstructed quality features remain and
must be explicitly considered. Further improvements could be

achieved by fine-tuning the loss functions to incorporate topo-
logical information, as the current metrics evaluate only point-
wise accuracy and not overall shape fidelity.

The ability to retrain both neural models on new gear vari-
ants ensures adaptability to different modules tooth counts and
design features. Moreover, the near-instant processing of par-
tial scans demonstrates the feasibility of real-time analysis
in principle, supporting prospects for deployment in qual-
ity control workflows. These factors demonstrate the feasib-
ility of automated high-throughput inspections in production
environments.

In conclusion, the analytical method provides a dependable
foundation for inline micro gear quality control. Optimized
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learning-based approaches hold promise for scalable auto-
mated inspection once they incorporate domain-specific
knowledge and expanded training data. Together with explicit
consideration of measurement and reconstruction deviations,
these strategies pave the way toward future inline evaluation
of micro gears in advanced manufacturing workflows.
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