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Abstract
This paper presents the development of a prototype system for in-situ wear monitoring of helical gears using vision-based
condition monitoring (VCM). The research addresses the challenge of monitoring gearbox wear, particularly pitting, an
inherent failure mechanism in high-power applications such as wind turbines. A VCM system was integrated into an FZG
gear test rig to automatically capture images of gear surfaces during operation, using an oil splash mitigation strategy to
ensure high image quality. These images were processed using an image processing pipeline, incorporating a deep learning
Feature Pyramid Network for automated annotation of wear defects, trained based on an iterative approach to reduce
annotation effort during the training phase. Hereafter, this paper explores metrics related to pitting evolution, including
pit area, height, width, and location on the gear surface, as well as insights these metrics give on pitting evolution.
This framework’s ability to track the spatiotemporal development of gear wear provides valuable insights for condition
monitoring and predictive maintenance in industrial applications
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1 Introduction

Machines such as wind turbines require increased torque
density, causing components such as their gearboxes to be
stretched to their limits. Consequently, wind turbine gear-
boxes are increasingly more liable to premature failure due
to need for high torque density. For each wind turbine gear-
box that fails, this results in long downtime and high main-
tenance costs, which is especially problematic in industries
such as offshore wind [1, 2].

Indeed, maintenance of this equipment cannot be per-
formed at any given time due to extreme weather condi-
tions at sea, and even when possible, it comes with chal-
lenges. Walford [3] estimated that replacing a gearbox in
a 660kW wind turbine costs up to C120,000, while for
a 1.5MW wind turbine, this value can be 3 to 4 times as
much. Considering that modern offshore wind turbines are
between 7–10MW [4], the repair costs become significantly
high. Therefore, industries like offshore wind highly benefit
from accurate and robust condition monitoring. This allows
for better insight into the health status of these gearboxes
and the implementation of a predictive maintenance ap-
proach. This way, unexpected failure can be avoided. Sec-
ondly, remotely monitoring the health could allow wind
turbine owners to perform temporary remote maintenance
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actions when the wind turbine is inaccessible to extend its
lifetime until it becomes accessible again for maintenance.

Currently, multiple techniques are used to monitor the
condition of gearboxes. These techniques include oil moni-
toring [5, 6], vibration monitoring [7, 8], acoustic emissions
[9, 10], microphones [11], motor current [12], temperature,
load and speed sensors. All these techniques have in com-
mon that they attempt to estimate the damage by observing
patterns and anomalies in the measured signals, which is an
indirect approach. As a result, for applications such as wind
turbines, once one of these techniques triggers a certain
alarm threshold, a manual visual inspection is performed,
which comes with high associated costs. This inspection is
necessary to evaluate the gearbox’s health and confirm the
existence of the failure indicated by the indirect technique.
If an integrated camera could monitor the gears instead, the
turbine controllers could gain immediate insight into the
current health status of their equipment without having to
send out an operator for manual inspection. Therefore, it is
necessary to investigate the use of vision-based condition
monitoring techniques for in-situ and direct monitoring of
the gear surface.

Gears are subjected to many gear failure modes dur-
ing operation. However, not all gears are subjected to each
failure mode. The ISO 10825:2021 standard [13] describes
more than 40 different terms of gear failure modes. Among
these, some are more relevant from a tribological point of
view, such as abrasive wear, adhesive wear and fatigue wear
(pitting). Adhesive wear is typically associated with high
contact temperatures leading to lubricant film breakdown
[14–16], and vice versa, ultimately leading to direct con-
tact of the matching gear surfaces. Besides inadequate lu-
brication, during the start-up of machines, the gears could
operate under boundary or mixed lubrication [17]. For ex-
ample, low lubricant temperature can cause short periods of
oil starvation, also leading to adhesive failure. Meanwhile,
abrasive wear is commonly caused by contamination in the
oil, such as wear debris, including those originating from
other wear mechanisms. However, abrasive and adhesive
wear can be mitigated using an adequate lubrication system
and only tend to occur in exceptional cases. On the other
hand, pitting is an inherent wear mechanism that, given suf-
ficient time, will eventually develop. Pitting was chosen as
the primary wear mechanism of interest for developing this
prototype vision-based condition monitoring system due to
its inherent nature. For the rest of this paper, only pitting is
considered in scope. However, the other wear mechanisms,
such as abrasion and adhesion, will be explored in future
research.

As of present, the industry has not yet adopted a fully
integrated vision system for monitoring gearboxes. How-
ever, some research has already been performed on this
technology. Xi et al. [18] developed a tunable vision de-

tection platform for online collection of gear pitting im-
ages, and developed a Mask R-CNN based measurement
methodology for determining the pitting area ratio. They
further improved on their research [19] by using an oil
baffle-plate to avoid oil splash influencing image quality
and investigated using a novel network combining YoloV5
with Deeplabv3+ for real-time detection. Meanwhile, Wang
et al. [20] investigated combining a deep convolution gen-
erative adversarial network (DCGAN) with a convolution
segmentation network (U-net) for measuring the area ratio
of gear pitting over several fatigue tests using an automated
vision detection device. Miltenovic et al. [21] investigated
the possibility of tracking a single, artificially seeded defect
in time by using a Deep Faster-CNN model and including
a visible number on the side of the gear to determine the
specific tooth flank. The mentioned research [18–20] pri-
marily focuses on the detection accuracy of the model and
how to improve it further. However, there is still informa-
tion lacking on the spatiotemporal evolution of gear pitting.
Furthermore, all studies [18–21] focused on in-situ visual
acquisition and pitting detection of spur gears. Nowadays,
helical gears are most commonly used for high-power ap-
plications. However, acquiring images on helical gear adds
an extra dimension of complexity due to the helical angle.
Thus, there is still a need to research automated in-situ im-
age capturing of helical gears, from which relevant metrics
can be extracted related to the spatiotemporal evolution of
gear pitting.

This paper investigates how gear pitting can be induced
and monitored during operation of helical gears, utilising
a back-to-back gear tester (section Sect. 2.1). Afterwards,
it elaborates on how visual monitoring is achieved by inte-
grating a vision-based condition monitoring system (VCM)
(section Sect. 2.2) and the development of an image pro-
cessing pipeline (section Sect. 2.3) to process the acquired
images. This includes grouping the images of gear surfaces
by tooth through image correlation, and automated anno-
tation for the extraction of metric on gear pitting. Further-
more, this paper highlights how these metrics can be used
to analyse the spatiotemporal evolution of gear pitting for
a singular accelerated lifetime test of gear pitting (section
Sect. 3). Finally, section Sect. 4 elaborates on the accuracy
of the proposed vision system and the practical use of this
monitoring approach in the industry.

2 Methodology

To generate datasets containing information on the initia-
tion and evolution of pitting on the surface of individual
gear teeth, an accelerated lifetime test was performed on
an FZG test rig. During this test, automated in-situ image
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Fig. 1 FZG multistage gear test rig. In a Schematic overview of the main components. In b Triaxial design of the test gearbox

acquisition was performed using a novel vision-based con-
dition monitoring system.

2.1 Accelerated lifetime testing to generate gear
pitting

2.1.1 Multistage FZG test rig

A Strama-MPS® multistage FZG (Forschungstelle für
Zahnräder und Getriebebau) gear test rig generated the
gear wear. Figure 1 shows an overview of the main com-
ponents of the gear test rig. The test rig is arranged in
a back-to-back configuration (Fig. 1a) and uses a triaxial
multistage design (Fig. 1b), which enables testing of helical
gears. The mechanical load is imposed using a friction disk

Table 1 Specifications of the gear and pinion

Property Value

Gear type Helical

Tangential modulus 2.1mm

Pressure angle 20°

Helix angle 23.5°

Pinion teeth 38

Pinion width 17.10mm

Gear teeth 41

Gear width 14.70mm

Tooth height 6.5mm

Hardness monitored
gear

200 HV

Hardness other gears 550 HV

Initial roughness Ra 0.6µm

coupling in which an angular displacement is introduced.
The gears operate under spray lubrication with a controlled
flow rate.

2.1.2 Design of experiments

To design an experiment that facilitates pitting generation
and restricts it only to the visually monitored gear (high-
lighted in Fig. 1a), a gear pair with differing hardness was
used. An overview of the gear and pinion specifications can
be found in Table 1.

An overview of the test run and lubrication parameters
can be found in Table 2. In this table, it can be noted
that the torque in the system does not remain constant. In
fact, initially applied torque consistently dropped over time

Table 2 Pitting accelerated lifetime test specifications

Property Value

Test run parameters

Rotational speed 2560rpm

Torque 60–90Nm

Duration 205h

Lubrication

Lubrication system Recirculating spray lubrication

Lubricant Shell Omala S2 GX 150

Flow rate 2L/min

Filter size 10µm

Viscosity @40°C 150mm2/s

Viscosity @100°C 14.8mm2/s

Viscosity index 97

Density 892kg/m3

Temperature 25–60°C
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due to fretting occurring between the shaft-gear connection.
To avoid excessive decrease of the torque level, an alarm
was integrated to the FZG test rig. At 65Nm, the opera-
tor was notified, while at 60Nm, the test was automatically
paused until the load was reapplied. Additionally, the fact
that torque is not constant does not pose a problem for this
research, as the objective is to explore a prototype VCM
and see how it can be used for monitoring and analysing
gear pitting. To ensure acceleration of gear pitting, the test
run parameters were tuned so that the gears operate under
mixed lubrication. This way, the pitting defect is surface
initiated due to asperity contact while ensuring sufficient
lubrication to minimize other wear mechanisms such as
abrasion and keeping the load low enough to prevent ad-
hesive wear. Test parameters were verified by determining
the ratio of the composite surface roughness and the film
thickness, i.e., �-value (1 < � < 3 for mixed lubrication),
for a range of loads at a fixed rotational speed of 2560rpm.
The �-value was estimated based on the theoretical mini-
mal film thickness (hmin) through the Moes fit calculation
[22]. For a given film thickness hmin and surface roughness
of both the gear Rg and pinion Rp, the �-value can be calcu-
lated using Eq. 1. The estimated �-value in the function of
the applied torque at the start of the test is plotted in Fig. 2.
Due to the gear’s polishing during the run-in, the gears’
composite roughness will be reduced during the first hours
of the test, resulting in an increasing � value. Based on
previous tests, the roughness Ra of each gear after run-in is
estimated to be 0.4µm, resulting in a � between 1.65–1.80.
The total test duration was set to 205h, resulting in a similar

Fig. 2 Calculated � value as function of the torque

Table 3 Specifications of the vision system

Property Value

Camera 2MP IDS 3360CP

Lens RICOH FL-CC3524-5MX

Lighting 7.6W CCS LDR2 LED ring light

Frame rate 20 fps

Image pixel size 22.4µm

Exposure time 10ms

Resolution 2048× 1088

number of rotational cycles (e.g. 28 · 106 cycles) as found
in a standardized FZG pitting generation procedure [23].

� =
hminq

R2
g + R2

p

(1)

2.2 The vision-based conditionmonitoring system
(VCM)

A vision system was integrated into the FZG gearbox to
capture the initiation and evolution of pitting on the tooth
surface. The specifications of this vision system are shown
in Table 3.

A mounting post with 6 degrees of freedom was used
to optimally position the camera, as shown in Fig. 3. This
mounting post was fixed to the top of the gearbox using
a magnet with sufficient pulling force to prevent the cam-
era from moving. Three parameters need to be considered
to determine the camera’s optimal position. (1) the field of
view (FOV), i.e., the plane visible to the camera; (2) the
working distance (WD), i.e., the distance at which objects
are in focus, which depends on the focal length of the lens
and magnification; (3) the depth of field (DOF), i.e., the

Fig. 3 Overview of degrees of freedom of the magnetic mounting post
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Fig. 4 The field of view, working distance and depth of view of a vision
system

range at which objects appear sharp, starting from the WD.
These parameters have been visualised in Fig. 4. The cam-
era needs to be positioned to balance these three parameters.

The lens utilized in this research has an adjustable WD,
between 100mm and “infinity”, and an adjustable aperture
to increase/reduce the depth of field. In practice, the camera
was positioned according to the following procedure:

1. Position the camera perpendicularly to the tooth flanks
using the magnetic mounting post.

2. Set the depth of field (DOF) as high as possible by ad-
justing the lens aperture. The available light and set ex-
posure time (10ms) limit the maximum DOF, as closing

Fig. 5 Overview of the VCM-
system’s components

Fig. 6 Difference between contaminated (a) and clean (b) lens during image acquisition

the aperture ring increases the DOF but the system re-
quires more light to compensate the exposure.

3. Reduce the distance between the camera and the tooth
flank whilst ensuring the whole tooth flank stays within
the DOF.

4. Adjust the working distance of the lens for optimal focus.

This procedure was performed once at the start of the
test, after which the camera did not need to be repositioned.

To ensure the quality of the images, an automated oil
splash mitigation strategy was conceptualised, developed
and tested to circumvent the influence of the lubricant on
image quality. The vision system with the auxiliary com-
ponents used for this oil splash mitigation strategy is high-
lighted in Fig. 5.

The following steps are associated with the oil splash
mitigation strategy:

1. During image acquisition, the oil flow towards the test
gears is interrupted, and the speed of the test rig is re-
duced to 1 rpm. This is done to minimise the effect of the
rotating gears whipping the oil. Additionally, this slow-
down is necessary to bring the rotational speed below
the set acquisition speed of the camera (20 fps), which
is lower than the maximum possible frame rate of the
camera (153 fps) because of the selected exposure time
(10ms), as higher exposure times prevents acquiring
sharp images of the gear flank.
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Fig. 7 Fake defects due to oil
residue left on the tooth

Table 4 Properties of the image dataset

Property Value

Colour mode Gray-scale

Captures frames 5248 (total)—128 (per tooth)

Cropped size 896× 320

Table 5 Percentual cost of hardware components for the VCM

Hardware Percentual cost (in %)

Camera 30

Lens 10

Lighting 25

Connection cables 5

Auxiliary system 30

2. A vacuum pump (item 7 in Fig. 5) extracts as much hot
oil vapours as possible from the gearbox. These vapours
could otherwise contaminate the lens during the next step
of opening the slider window. The effect of the lens con-
tamination can be seen in Fig. 6.

3. An automated pneumatic slider window (item 5 in
Fig. 5), which protects the camera during nominal oper-
ation, is opened while acquiring the images. This slider
window functions as an iris for the camera. If this were
not done, an oil build-up would be left on the plexi-
glass window, which can remain there for hours to days,
obstructing clear images.

4. A pressured air nozzle (item 6 in Fig. 5) is activated to
create an air curtain between the camera lens and the
opening in the plexiglass. This air curtain forms a sec-
ond barrier to protect the lens from getting contaminated
due to remaining oil vapour escaping from the gearbox.

5. A pressured air nozzle (item 4 in Fig. 5) is aimed at the
gear surface, functioning as an air knife to momentarily
clean the gear surface before the vision system captures
it. Oil residue that is left on the surface can have a similar
appearance to surface pitting. By utilising this air knife,

Fig. 8 Flow diagram of the
image processing pipeline

these “fake defects” are avoided. Oil droplets resembling
surface pitting are illustrated in Fig. 7.

Once the images have been acquired, which takes 1min,
the oil splash mitigation strategy is undone so the machine
can return to its nominal operation. A set of images was ac-
quired every 30min, and the entire process was automated
through Python. The specifications of the image dataset
generated during the 205h accelerated lifetime test can be
found in Table 4.

The total hardware cost of the entire visual monitoring
solution was a few thousand euros (percentual costs shown
in Table 5). However, two important aspects related to the
total cost should be noted. Firstly, the integration is a com-
plex and time-consuming task, meaning development costs
will outweigh hardware costs. Secondly, if there is a need
for a high frame-rate camera (e.g. 2000 fps), the total hard-
ware costs are estimated to be 5–10× larger, depending on
specific needs.

2.3 Image processing pipeline

An additional workflow is required to extract quantitative
results from the in-situ images. This workflow will be re-
ferred to as the image processing pipeline, and each step
will be further explained in this section. Figure 8 shows an
overview of the image processing pipeline. An overview of
the workflow is found below.

1. Capturing an image burst for a full gear rotation.
2. Filtering the image burst down to 1 image per tooth.
3. Cropping the image so only a single tooth remains.
4. Group the images by individual tooth.
5. Iterative annotation process to generate the training

dataset for the deep learning model.
6. Annotation of the entire dataset by trained deep learning

network.
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Fig. 9 Sharpness of image burst
(top) and sine fitting (below), in
function of gear rotation [°]

7. Extraction of the quantitative metrics from the annotated
images and conversion to metric units through calculat-
ing the pixel size.

During the acquisition of the images, a large burst of im-
ages is taken for one full gear rotation. This is done since
determining the perfect position of the gear when the de-
fects are in focus is not feasible when utilising this test rig,
as it is incapable of persistently monitoring the position of
the visually monitored gear. As a solution, a burst of an
entire rotation is captured, after which this burst is filtered
so that only a single image remains for every tooth. This
filtering is done by calculating a sharpness score [24] for
each frame in the image burst. Due to the cyclic nature of
the sharpness, as the gears move in and out of focus with
a constant speed, a sine function can be fitted over the sharp-
ness burst, as shown in Fig. 9. This sine fitting is then used
to extract an image for every tooth. This process is done
automated and performed immediately after capturing the
images to avoid saving a large amount of unnecessary data,
as this process reduces the 1350 frames captured during the

Fig. 10 Uncropped image captured during the accelerated lifetime test,
region of interest (ROI) is indicated

Fig. 11 Example of a visual identifier on a gear tooth

Fig. 12 Annotation of pitting observed on a gear tooth

burst to a mere 41 frames when filtered, matching with the
number of tooth of the visually monitored gear.

Once all the images have been filtered, they are cropped
so that only the tooth in focus remains, removing irrele-
vant information and reducing the data size. An uncropped
image is shown in Fig. 10.

After filtering, all images are sorted by tooth using an im-
age correlation algorithm. Each tooth surface contains mul-
tiple unique visual identifiers (e.g., machining marks and
pitting defects) behaving as a visual fingerprint as shown
in Fig. 11. This visual fingerprint allows assigning each
image to a specific tooth number (from 1 to 41). Addition-
ally, considering that teeth always appear in the same order,
a good correlation of a certain image to its previous (already
assigned to a certain tooth) is enough to assign tooth num-
bers to all images on the same burst. Additional matched
images further confirm the correlation. The effectiveness of
this algorithm was verified by manual inspection.

Afterwards, all images need to be annotated to extract
metrics from the images, as shown in Fig. 12. These anno-
tations can then be processed to extract metrics. However,
the annotation process is slow and labour-intensive, some-
times taking up to 1h to annotate a single image. Since this
dataset contains over 5000 images, annotating it would take
over one full year.

Deep learning can be leveraged to speed up the anno-
tation process. A convolution neural network is used for
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Fig. 13 Working principle of the
encoder-decoder deep learning
network

this automatic annotation of gear teeth, which utilises the
encoder-decoder principle illustrated in Fig. 13. This net-
work takes an image and encodes the information until it’s
left with the latent representation. This latent representation
is a condensed vector that only contains essential informa-
tion. Afterwards, the latent representation is decoded into
an image containing only the vital information, the pitting
quantity. The network used in this paper was the Feature
Pyramid Network architecture [25], using the pre-trained
weights for the imagenet dataset [26]. The quantity of nec-
essary training data can be significantly reduced by starting
from a pre-trained network that already contains many no-
tions on the underlying features of images [27]. This is be-
cause images contain many standard features, such as basic
geometrical shapes (e.g., squares, circles, and triangles).

However, a small subset of the entire dataset must be an-
notated to train this deep-learning model. An iterative train-
ing strategy has been devised to reduce annotation effort, as
shown in Fig. 14.. A first set of key frames for annotation
are selected through an active learning loop, which deter-
mines the images that will provide the most information to
the deep learning model [28]. Next, people trained to rec-
ognize pitting annotate these key frames using the open-

Fig. 14 Iterative annotation
strategy for training the deep
learning model

source CVAT tool [29]. All defects with a minimum size of
10 pixels in horizontal or vertical directions are annotated
in these key frames. This 10-pixel limit is set, as annotat-
ing anything below this threshold becomes too tricky as
the pit boundaries are unclear due to the low resolution.
Once all key frames are annotated, the model is trained for
the first time. Using the trained deep learning model, the
entire dataset is annotated. To determine whether the anno-
tations are sufficiently accurate, metrics are extracted from
the annotations by the deep learning model and the curves
provided by these metrics are analysed. As the evolution
of these metrics is expected to be a smooth increase over
time, this can form the first basis for the model’s accuracy.
Additionally, the annotations can be mapped on the corre-
lating image for a more in-depth accuracy analysis. If the
model’s accuracy is insufficient, a second set of key frames
is determined using active learning. Furthermore, the anno-
tations by the model can be uploaded onto the CVAT tool,
which the expert can correct. The annotation time per image
can be further reduced by correcting the model predictions
(instead of annotation from scratch). This iterative loop is
performed until the model reaches the desired accuracy or
the end-users’ satisfaction.
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Fig. 15 Example of a patched
image for upsampling the train-
ing dataset

Fig. 16 Relevant metrics that can be extracted from the annotations

For this dataset, 14 images (0.3% of the full dataset) were
annotated to train the model. Before training the model, up-
sampling of the training dataset is performed by patchify-
ing the training images. This approach increases the train-
ing pool by approximately a factor of ten. An example of
a patched image is shown in Fig. 15.

Once the dataset has been fully annotated, the individual
pits can be processed to extract relevant metrics, as shown
in Fig. 16. Metrics that can be considered relevant are:

� Area of the pit(s)
� Amount of pits
� Height of the pit(s)
� Width of the pit(s)
� Horizontal position of the pit(s)
� Vertical position of the pit(s)

Furthermore, statistical indicators, such as the mean,
maximum, and minimum, can be calculated based on the
annotations.

Finally, to convert these metrics into metric units, the
pixel size is required. The pixel size depends on the camera,
lens, gear geometry and the position of the vision system.
As the width of a tooth is known in both millimetres and
pixels, the pixel size �xp can be calculated using Eq. 2.

�xp =
wf;px

wf;mm
=

713 px

16:0mm
= 22:4

�m

mm
(2)

The face width wf in pixels can be measured directly
from the images and is equal to 713 px. As the camera is
perpendicular to the tooth face, The face width wf in mm
will differ from the gear width wg due to the helix angle ˇ.

This face width wf can be calculated using the geometry in
Table 2 and Eq. 3, resulting in a pixel size of 22:4

�m
mm

.

wf =
wg

cosˇ
=

14:7mm

cos 30ı
= 16:0mm (3)

3 Results

This section analyses the spatiotemporal evolution of a sin-
gle accelerated lifetime test for gear pitting based on
the metrics extracted after applying the image processing
pipeline described in Section 2.3.

3.1 Area of the pits

When considering area, the absolute area Aabs in mm2, and
the relative area Arel in % can be considered, where the
relative area is calculated using Eq. 4, using the face width
wf and tooth height ht. Further exploration of the evolution
of the total pitted area will be based on the relative pitting
area. This evolution for different gear teeth is shown in
Fig. 17. In this figure, four different zones are indicated by
the red dashed lines, each representing a different stage in
the health of the gear.

Arel =
Aabs

wf ht

(4)

Before rapidly transitioning between zones, a temporary
state of equilibrium is reached, and a new underlying mech-
anism causes damage to further progress. Images correlated
to each zone are shown in Fig. 18.
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Fig. 17 Evolution of the relative
pitted area during the accelerated
lifetime test (total flank area:
104mm2)

Fig. 18 Images correlated to the
four different zones

� Zone 1—Healthy/Acquisition limit:
Here, the gear is still healthy, or the damage is below the
minimal set defect size for annotation. The minimum set
size for annotation was 10 pixels (230µm). This first zone
was found for the first 40h of the test. However, some
noise can be detected in this zone, resulting from wrong
annotations by the deep learning model, which will be
further explored in section Sect. 4.1. Therefore, further
results will be explored from this point forward to avoid
the influence of this noise.

� Zone 2—Progressive macropitting:
At this stage, pits gradually appear along a consistent
horizontal range on the gear surface, further described

in section Sect. 3.3. These pits correspond to progressive
macropits as described by the ISO 10825:2021 standard
[13] and result from the meshing of both gears together.

� Zone 3—Non-progressive macropitting:
In this zone, macropits appear that differ from the previ-
ous progressive macropitting as they have a large area,
are more circular, appear more sudden, and are found
higher on the tooth flank. These pits matches the descrip-
tion of non-progressive macropits in ISO 10825:2021
standard [13]. They result from wear debris getting
caught between the meshing gears, creating indenta-
tions that cause local high-stress concentrations during
meshing.
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� Zone 4—Destructive spall pitting/Annotation limit:
At this point, the progressive and non-progressivemacro-
pits start to coalesce, creating much larger pits with
an irregular shape over the entire gear surface. These
pits correspond to spall pitting as described by the ISO
10825:2021 standard [13]. The additional wear debris re-
sulting from this spall pitting causes some teeth to show
extreme pitting (e.g. the blue, orange and green trends),
which the deep-learning model severely underestimates.
Both these effects result in the introduction of an annota-
tion limit, as it becomes increasingly tricky to recognize
clear borders of the pits. Both trained annotators and the
deep learning model experience this limit.

Additionally, the mean value of the pitted area was inves-
tigated. However, it was found that it could not be correlated
to the damage progression due to gear pitting, as it showed
no trending in zones 3 and 4, unlike the graphs for the in-
dividual teeth. This is due to the mean value only giving
a global view on the gear health, while from a monitoring
perspective it’s commonly the most pitted teeth that sup-
ply the most information on gear health and will determine

Fig. 19 Evolution of the number of pits (a), summed pit height (b) and summed pit width (c) during the accelerated lifetime test

end-of-life. The inability to correlate mean pitted area with
damage progression, specifically in zones 3 and 4, further
illustrates the need for a methodology that allows for analy-
sis of the individual teeth. Because of the reason mentioned
above, the mean value was not included in Fig. 17.

Although the pitting area is physically expected only to
increase in size, observe the fluctuations in the pitted area
curve for the different teeth in Fig. 17. Furthermore, in
zone 4, some curves even suggest an overall reduction in
area. Although it is possible there are minor reductions in
the pitted area due to plastic deformation at the edges of the
pits or by wear of the gear profile. The model’s inaccuracy,
especially in zone 4, was considered to be the main driving
factor to explain these fluctuations and the downward trend.
The accuracy of the model was found to be influenced by
three aspects. An in-depth discussion on the accuracy of the
model will occur in section Sect. 4.

Similar trends to the area evolution can be observed in
the following metrics: amount of pits, total pitted height and
total pitted width, as illustrated in Fig. 19. Section 3.2 will
investigate the correlation between the area and the height
and width.
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Fig. 20 Box plot showing the distribution of the area of the pits at four different points in time, for two different teeth

Furthermore, the distribution of the pit areas can be in-
vestigated when observing a singular tooth. In Fig. 20, box
plots indicate the area’s distribution at four different points
in time for two teeth. For visualisation purposes, the max-
imum area is limited to 0.4mm2, which encompasses 93%
of all pits found at the end of the test. Two observations can
be made. Firstly, the distribution over time remains primar-
ily unaffected, and mainly more large pits appear (x-marks
in Fig. 20). Secondly, the distribution of the pitted area is
similar between different teeth, where, in general, the most
significant difference lies in the large pits.

Fig. 21 Evolution of the average
height-to-width ratio for each
tooth during the accelerated
lifetime test

3.2 Correlation between the area and the height
and width of the pits

This correlation between the total area, height and width of
the pits can be further explored by analysing the ratio r of
the height and weight for pits as described by Eq. 5. This ra-
tio was calculated for each pit, and afterwards, the average
height-to-width ratio was calculated for each tooth, result-
ing in Fig. 21. At the beginning of the test, there appears to
be a larger spread of this ratio caused by the strong influ-
ence of outliers due to the small number of pits. However,
as the test progresses, this ratio becomes more constant over
all teeth. Additionally, it can be noted that on average, this
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Fig. 22 Heat map of the likelihood of the locations at which pits were found over all the gear teeth at different points in time

ratio is equal to 77%%, meaning the width of the pits wpit

is about 1.3 larger than their height hpit. Previous research
from the same research group [30] corroborates this find-
ing, as pitting was found to develop perpendicular to the
rolling-sliding motion direction. Likewise, investigations in
literature [31, 32] about micropitting found similar results,
as they mentioned that micropitting develops further in the
gear axial direction than in the radial direction.

rpit =
hpit

wpit
(5)

3.3 Position of the pits on the gear flank

The final metric on gear pitting that will be explored in
this paper is the position of the centre of the pits, precisely
their combined horizontal and vertical position on the tooth
surface. To visualise this, heat maps of the location of the
pits over all teeth at different points in time are shown
in Fig. 22. At the beginning of the test (38.01h), most
pits appear around the same vertical range (0.4–0.6), and
develop higher on the tooth flank due to wear debris as the
test progresses.

4 Discussion

Firstly, the accuracy of the vision solution will be evaluated.
Secondly, the benefit of tracking the evolution of individ-
ual teeth will be discussed. Finally, the usability of such
a system in the industry will be discussed, followed by an
elaboration of the use of a vision solution in relation to the
monitoring techniques currently used.

4.1 Evaluation of the accuracy of the vision solution

The accuracy of the vision solution can be validated by
comparing the annotations generated by the deep learning
model with the manual annotations performed by trained
annotators. These manual annotations can be assumed as
baseline due to the following factors:

� In practice, manual investigation (often only qualitative)
of the gear surface is conducted through vision inspec-
tion, for example, using a borescope.

� The image quality is assumed to be sufficiently high to
represent the gear surface’s condition accurately.

� Tominimize errors during annotation, frames of the same
gear flank captured at different timestamps were anal-
ysed.

� While some degree of error in manual annotations is in-
evitable due to the subjectivity of the annotator, this error
is minimized by the annotation guidelines discussed in
Sect. 2.3.

Initially, the accuracy of the model was evaluated qual-
itatively, and the following three factors were found to be
the leading factors influencing the model’s accuracy:

1. Usage of a limited dataset for training the model. The
largest possible training dataset (i.e. the full dataset)
would be required to reduce this effect as much as possi-
ble, eliminating the need for the deep learning model.

2. Bias in the annotation provided by the trained evalua-
tors, this phenomenon is also known as the inter-annota-
tor agreement and is shown in Fig. 23. This figure results
from another dataset in which three tribological experts
annotated pitting defects. Since then, annotator guide-
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Fig. 23 Bias in the annotations
provided by three different
annotators

lines have been devised to reduce this annotation bias.
The following guidelines were followed during the an-
notation of the training dataset: (1) Only defects with
a minimal size of 10 pixels are annotated; (2) When two
pits are coalescing, the outer boundary will be annotated;
(3) Frames adjacent in time must be analysed to avoid
wrong annotations, such as caused by lighting effects.

3. Temporary effects on the surface cause incorrect anno-
tations by the model (e.g., reflective patterns due to oil
residue). An example of this is shown in Fig. 24; here,

Fig. 24 An example of a temporary effect, lighting in this case, found in image (a) but not visible anymore in image (b), which was captured later

Fig. 25 Wrong annotation of a reflective pattern by the deep-learning model

two images of consecutive acquisitions are shown where
such a temporary effect has been highlighted.

Furthermore, as mentioned in section Sect. 3.1, some
noise is detectable during the first 40h in Fig. 17. Wrong
annotations by the deep-learning model cause this noise. As
the model is trained to “detect” damage, it struggles when
an image is presented without pitting. In this instance, it
then tried to annotate a reflective pattern on the top right
corner of the gear, which is not actual damage. An example
of this is shown in Fig. 25. As the test progressed and more
pits appeared, the model was less prone to annotating this
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Fig. 26 Example of Intersection of Union (IoU) calculation for a single
pit

reflective pattern at the top of the gear. Due to the small area
and small number of wrong annotations, the influence on
the area evolution is minor. However, their influence in the
early stage of the test is much higher for the other metrics,
such as the position. Due to this, some metrics will only be
analysed from the 40-hour mark. In the future, this noise
can be reduced by:

1. Only providing images to the model that contain damage,
either through first manual sorting of the dataset or by
using a classification model first to determine whether
pitting is present.

2. Detection of the tooth flank and only annotating inside
this region. This way, the reflective pattern found at the
top of the gear tooth would not be included in the area
that requires annotation.

Hereafter, the model’s accuracy was evaluated quantita-
tively through the Intersection over Union (IoU). A calcu-
lation example is given in Fig. 26 for a singular pit. An
IoU range of 0.50–0.60 for the full training dataset was ob-
served, with a median value of 0.56. Figure 27 illustrates the
comparison between manual annotations (blue) and those
generated by the deep learning model (red). The model
struggles with accurately identifying pit boundaries, lead-

Fig. 27 Comparison of the man-
ual annotations (red) and those
performed by the deep learning
model (blue)

ing to underestimating individual pit sizes. Additionally, the
model sometimes fails to annotate the smallest pits. Further-
more, the deep learning model occasionally annotates tem-
porary effects (as discussed in the qualitative analysis of the
model’s accuracy), which are identified and consequently
not annotated by the trained annotators, further decreasing
the IoU. The values found for the IoU, combined with the
results discussed in the quantitative analysis above, indi-
cate that the exact values produced by the model cannot be
blindly trusted. However, the general trends in the evolution
of the annotations are sufficiently reliable.

4.2 The use of visionmonitoring in practice

When developing the proposed visual monitoring solution,
significant steps have been taken to introduce this novel
technique to the industry. However, at this time, this tech-
nique is primarily intended for larger gearboxes in remote
and/or critical applications. This limitation is due to two
factors. The first limiting factor is related to the cost of
this monitoring solution (see section Sect. 2.2). The sec-
ond factor is the requirement for the monitored gearbox
to be sufficiently large to accommodate the integration of
the vision system. At this time, integrating a vision sys-
tem into gearboxes would require case-specific solutions.
Nevertheless, it was demonstrated in this study the feasibil-
ity of integrating such vision system in a test gearbox that
replicates the functionality of gearboxes applied elsewhere.
For instance, an inspection port could be modified to house
a vision system. Additionally, the vision pipeline (Sect. 2.3)
could be adapted and used with alternative vision systems.
One significant technological challenge remains: prevent-
ing contamination of the camera lens by hot oil vapours
escaping from the gearbox. Ongoing research is focused on
addressing this issue to improve the reliability of the vi-
sion system. Aside from this, future research should focus
on integrating this vision system in a planetary gearbox, as
these are commonly used in the wind industry. This tran-
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sition will bring forward further technical challenges due
to the spatial constraints of a planetary gearbox. However,
the authors still consider integrating a VCM in a planetary
gearbox feasible, as this monitoring system would focus
on the output gear of the planetary stage, which contains
stationary bearings. The output stage is chosen because pit-
ting is a fatigue phenomenon, so the increased amount of
loading cycles will accelerate pitting wear.

A visual monitoring approach has advantages and dis-
advantages compared to traditional condition monitoring
techniques for gearboxes, such as vibrational analysis. The
disadvantages of this approach include its higher cost com-
pared to existing alternatives and the need for a case-by-case
integration solution. However, given that this technique is
designed for larger transmissions in remote or critical appli-
cations, the increased cost and integration challenges can be
justified. Another limitation is that monitoring every gear
within the gearbox may not be feasible due to dimensional
constraints. In such cases, the vision solution can focus on
monitoring the most critical gear inside the gearbox. On the
other hand, the vision system offers several advantages. It
can detect damage earlier than alternative techniques, di-
rectly confirm the presence of damage on the gear surface,
and provide both quantitative and qualitative information
about the damage. Furthermore, the ability of a VCM to dif-
ferentiate between the different gear teeth further improves
its monitoring capability over traditional techniques. While
traditional techniques commonly only indicate the overall
health of the entire gear, the proposed solution provides the
degradation curve per tooth. This allows various industries
to utilize their own thresholds for when gear is considered
end of life due to pitting based on the indicators extracted,
as what is considered end-of-life is highly application de-
pendent.

5 Conclusion

This paper investigated the use of a vision-based condi-
tion monitoring (VCM) system for the in-situ monitoring
of gears. A VCM was successfully integrated into the back-
to-back gear tester to automatically capture images of the
gear flanks during an accelerated lifetime test for gear pit-
ting. An oil splash mitigation strategy was developed and
implemented to avoid oil splash hindering the quality of
the pictures. Afterwards, this paper elaborated on the de-
veloped image processing pipeline, which processes cap-
tured images into extractable metrics. This image process-
ing pipeline starts by filtering, cropping and sorting the
pictures by tooth. This was followed by annotating the im-
ages using a Feature Pyramid Network, which was trained
on 14 manually annotated images. These 14 images were
annotated through an iterative process to reduce the annota-

tion effort required, and upsampling of the training dataset
was achieved by patchifying the images. Finally, using the
annotations provided by the deep learning model and calcu-
lating the pixel size (22.4µm), metrics were extracted from
this dataset to analyse the spatiotemporal evolution of gear
pitting during the performed test. This analysis concluded
that for the generated pitting dataset, the evolution of the
total pitted area could be divided into four zones, each re-
lating to a different stage of gear health. The first zone was
when the gear was healthy, followed by progressive macro-
pits appearing at the 40-hour mark. This was followed by
non-progressive macropits due to wear debris being caught
between the meshing gears. Finally, spall pitting occurred
due to the coalescing of pits. Hereafter, the distribution of
the pitted area was analysed, and it was found that this
distribution remains consistent as the test progresses and
between different teeth, where the most significant differ-
ence is found for the larger pits. Similar trends were found
for the amount of pits and the summed height and width. In
addition, a relationship between the height and width of the
pits was found, i.e., a height-to-width ratio of 77%. Finally,
the position of the pits was investigated, and it was found
that at the early stages, the pits appeared equally distributed
around the same horizontal region of the gear flank. How-
ever, due to non-progressive macropitting resulting from
wear debris, pits are found higher up the tooth flank at the
later stages of the test.

Furthermore, this paper discussed the evaluation of the
accuracy of this vision solution and found that despite chal-
lenges, such as underestimating pit boundaries and occa-
sional failures, such as detecting small pits or wrong anno-
tations due to temporary effects, the Intersection over Union
(IoU) metric, ranging from 0.50 to 0.60 (median 0.56), was
deemed sufficiently reliable for monitoring trends in pitting
evolution.

For future research, additional tests should be performed
to see if generalisable trends in the initiation and evolution
of pitting can be observed. These trends could be helpful
during the development phase of new systems to increase
their lifetime. Additionally, these insights are attractive for
modelling pitting as it would allow for more accurate mod-
els to be developed. Finally, generating additional data and
performing tests on other surface wear mechanisms, such
as abrasion and adhesion, could create a more generalized
deep-learning model that could provide automated fault de-
tection over various gearboxes. This would help the industry
move towards more accurate and faster predictive monitor-
ing of gearboxes, as the presented vision-based condition
monitoring system can provide more detailed information
on gear wear compared to the currently utilized techniques
such as oil monitoring, vibration monitoring and acous-
tic emissions. An in-depth comparison between the visual
monitoring solution and existing monitoring techniques is
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considered beyond the scope of this paper. However, syn-
chronized measurements of vibrations, temperature, torque,
and images of the worn gears were captured during the tests
described in this work and are planned to be analyzed in
a future study for a more detailed comparison.
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21. Miltenović A, Rakonjac I, Oarcea A, Perić M, Rangelov D
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