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Abstract: This work proposes a novel solution for detecting and tracing spatially varying edges of
large manufacturing workpieces, using a consumer grade RGB depth camera, with only a partial
view of the workpiece and without prior knowledge. The proposed system can visually detect and
trace various edges, with a wide array of degrees, to an accuracy of 15 mm or less, without the need
for any previous information, setup or planning. A combination of physical experiments on the
check for setup and more complex simulated experiments were conducted. The effectiveness of the system is
updates demonstrated via simulated and physical experiments carried out on both acute and obtuse edges, as

Citation: Clift, L.; Tiwari, D.; well as typical aerospace structures, made from a variety of materials, with dimensions ranging from
Scraggs, C.; Hutabarat, W.; Tinkler, L.;
Aitken, J.M.; Tiwari, A.
Implementation of a Flexible and
Lightweight Depth-Based Visual

400 mm to 600 mm. Simulated results show that, with artificial noise added, the solution presented
can detect aerospace structures to an accuracy of 40 mm or less, depending on the amount of noise
present, while physical aerospace inspired structures can be traced with a consistent accuracy of 5 mm

. . regardless of the cardinal direction. Compared to current industrial solutions, the lack of required
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fations. to either task complexity or an unfavourable cost-to-benefit ratio. Some industries such
as the automotive industry have been able to embrace automation [2]. These industries
typically have repetitive tasks, which can be replicated and repeated by robots, whereas
- other sectors, such as the aerospace industry, have not experienced automation to the same
extent. Typical industrial robotics are used for low accuracy and high production-volume
work, whereas the aerospace industry requires high accuracy [3] and low production-
volume work.
Current research on automation within the manufacturing industry is influenced
by visual servoing; the combination of vision and kinematics to inform movement [4].
There are two main types of visual servoing, either Eye-in-Hand (camera mounted to an
end-effector) or Eye-to-Hand (camera mounted elsewhere in the environment) [5], much
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of its use in manufacturing is done via Eye-in-Hand due to its more precise vision of
the workpiece.

One example of visual servoing commonly seen within the manufacturing industry
is painting, specifically in the automobile industry [6]. However, doing this via visual
servoing requires a fair amount of image processing, as the object must be identified and
travelled to, and the agent must remain parallel to, the workpiece. CAD (Computer-aided
design) information can be used to aid and inform the system about the dimensions and
location of the workpiece.

Another prevalent task to be completed by visual servoing robots within the manufac-
turing industry is welding. Examples of welding robots show that it is common to locate
weld seams, identify their cartesian coordinates, and then use this information to get a
successful weld on the seam [7]. Many of these techniques use heavy post-processing to
ensure a clear image, which is an essential requirement when conducting welding tasks.
A similar approach utilises a combination of Position-Based Visual Servoing (PBVS) and
Image-Based Visual Servoing (IBVS) [8], where PBVS is used to locate and travel across a
weld seam, and then IBVS is used to correct any errors in movement. These techniques are
very accurate, up to 0.2 mm [9], although in almost all cases, the weld being traced is on a
flat surface with no level of curvature.

Visual Servoing techniques for identifying spatially varying edges for industrial pur-
poses, such as sewing [10] or cutting [11] have been reported in literature. Examples
such as [12] show a kinematic arm tracing curved surfaces for a manufacturing use case,
although they rely on predefined information, in this case, a vertical slice.

Within aerospace, the introduction of precision kinematics is already a popular op-
tion [13]. However, it still suffers from a lack of flexibility. It is a single cell explicitly created
for a singular task on a particular type of aeroplane wing, requiring a large amount of setup
time before the operation can begin. Some dynamic solutions have been proposed, such
as [14], which uses CAD files as a rough guide, and then uses structured light techniques
to adjust the path. This technique would allow an agent to quickly move around a large
workpiece and interact with it, although it still requires a CAD model to be created, which
hampers its flexibility.

A use case for automation in the aerospace industry is sealing and cleaning large
aerospace components prior to assembly. An example component is shown in Figure 1.
This process is traditionally done by hand and is a long, complex task, which costs both
time and money. There are limitations in using traditional visual servoing techniques
due to the required setup before tracing can begin. This setup can take a substantial
amount of time and must be repeated after every operation due to the possibility of unique
deformation in the workpiece. Some automation has begun to appear within aerospace
manufacturing, such as using Autonomous Mobile Robots (AMRs) [15,16] or kinematic
arms [17]. For example, Airbus’s Wing of Tomorrow program focuses on aircraft wing
technology and how to manufacture them more economically through the use of advanced
manufacturing techniques [18].

This research proposes a lightweight solution capable of detecting the edges of a large
workpiece and tracing them with an appropriate end effector without prior knowledge of its
location or shape. The solution has been tuned through a detailed analysis of environmental
variables which can effect edge detection quality, to ensure a high level of robustness. The
workpiece edges were spatially varying and had various curvatures and gradients. The
developed setup has the capability to trace either the edge or at the point at which a curved
edge begins. The resulting system can detect and trace the edges to an accuracy of 1.5 cm or
less. The developed solution had the advantage of low financial and computational costs.

The proposed technique offers a clear advantage over currently existing techniques as
it does not require any external information such as CAD files to inform the system; all the
processing is done locally in real-time. This allows for dynamic changes in the workpiece
and requires no lengthy setup or adjustment time. A similar technique, demonstrated
by [19], lacked tests to show how their implementation could identify the point at which a
curve starts.
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Figure 1. A CAD image of an example aerostructure needing to be traced (highlighted).

The proposed lightweight solution, paired with information learnt from environmental
factor experimentation, provided a fast method to track and trace workpiece features and
edges, which could cut down the processing time significantly, reducing the time and cost
involved in high-value complex manufacturing tasks. Figure 2 demonstrates an overview
of key research conducted and reported in this article. Initially, important environmental
factors were identified, and then used to create an optimal environmental setup. Using
this environmental setup, different cameras were compared, to identify the best camera for
edge detection and tracing. Once an ideal camera and setup were established, algorithms
were created to allow the system to detect and trace a variety of edge types.

Using the best Using this technique, . .
. . . The resulting technique
Environmental enviromental setup, obtuse edges with no g
. can trace a variety of
variables are 4| acute edges are L 5 hard > workpieces without an
identified and effects identified and traced defined edge are ” piece : y
- . . . planning, information, or
evaluated without prior traced without prior lenathy setu
knowledge knowledge gthy P

Figure 2. An overview of the research presented.

The remainder of this paper is organised as follows: Section 2 discusses the hardware
and software needed for camera and visual servoing experiments, as well as the methods
and algorithms to be employed. Section 3 shows the experimental setup for environmental
variable, edge detection and visual servoing experiments. Section 4 presents the results
for both simulated and physical edge detection and tracing experiments using a variety
of dimensions and materials, and provides a discussion and analysis. Finally, Section 5
discusses directions for related future work and conclusions.

2. Methods and Materials
2.1. Selection of Physical Camera and Kinematic Robot

To detect the features of the various workpieces, a camera was required. The camera
needed to work seamlessly with various image processing libraries (such as OpenCV [20]),
have RGB functionality, as well as a way to gain depth information from images. An Intel
Realsense D435i was suitable, as it met all these requirements, and was readily purchasable.
This was a low-cost RGB camera that had depth-sensing capabilities, and that can detect
objects up to 10 m away, in conjunction with a high quality RGB sensor. This allowed
the target workpiece to be detected, while ignoring and removing all other subjects, for
example, background noise.

In addition to the camera, a kinematic robotic arm was required to trace the detected
features of the workpiece. Ideally, the kinematic arm was required to be both lightweight to
aid with mobility around the lab, as well as being compatible with ROS (Robotic Operating
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System) [21] to allow it to fit into the expected workflow. A Commonplace Robotics Mover6
was found to be suitable, as it was lightweight enough to move around (weighing 3.5 kg)
while also being ROS compatible. Additionally, the arm had a maximum payload of 400 g
meaning that it would comfortably support the majority of cameras connected to the
end effector.

2.2. Selection of Software

OpenCV [20] was used to develop the overall system, providing an off-the-shelf edge
detection algorithm. Additionally, the camera required its own dedicated software to
function correctly, specifically pyrealsense2 [22].

ROS was chosen as the ideal robotics middleware, as it is the most well-known and
open source, allowing some cameras to interact directly with it and other software packages
entirely [23]. Specifically ROS Melodic, as it is the version targeted at Ubuntu 18.04.

By using ROS, the robot was easily controlled as it subscribed to joint demands, which
were generated by MATLAB. The MATLAB robotics’ toolkit published ROS messages,
as well as provided a robust inverse kinematic function. Using both of these MATLAB
features allowed a singular software solution for moving the arm to the desired location,
which was both highly flexible and lightweight. The inverse kinematic function was able to
calculate joint demands for the robot, and then these were published via ROS to the robot
to allow it to move.

In addition to preparing software for real world experiments, a simulator was used
for more precise measurement experiments and simulating curved surfaces for detection.
Gazebo, a robotics simulation engine [24], was the primary and most obvious choice due to
its capability to: integrate with ROS [25], simulate the selected cameras and the kinematic
arm, and execute movement commands from MATLAB.

2.3. Algorithm Design
2.3.1. Acute Edge Detection

Once a camera was selected to do edge detection and an optimal environmental setup
was created, the next task was identifying the detected edge and enabling a robotic arm to
move towards that location (Figure 3). Canny Edge Detection [26], a longstanding edge
detection algorithm, was used for all edge detection experiments, alongside an additional
algorithm that automatically tuned the thresholds for edge detection [27]. While this
algorithm did not produce results as perfectly as a well-tuned edge detector, it did produce
results that were suitable for the purpose and required no tuning while also increasing the
overall completion speed of the solution. The camera detected the edges of the workpiece
with Canny Edge and searched the edge for a pixel pair with the lowest X value, which
would be a point furthest to the left of the frame. The depth sensor on the Intel Realsense
D435i was then used to provide the camera with the Z coordinates, the distance between
the camera and the workpiece. The pixel pair and depth coordinates were then used to
deproject them into 3D camera coordinates. These 3D coordinates were moved to MatLab,
an offset and transformation matrix was added to turn them into world coordinates, and
input into the inverse kinematic mover for the robot. While the camera used was able to
easily get the distance between itself and the workpiece, there are alternative methods to
get the depth, such as using deep learning [28], or treating the video as a stereo camera
system with a camera with a large FOV [29]. The local coordinates were transformed into
global coordinates by offsetting the camera position and using a transformation matrix.
Finally, the new global coordinates were fed into an inverse kinematic system which output
the necessary joint demands for the robot arm to move to the specified point. This workflow
was repeated with the arm moving from point to point until it had traced the whole edge.
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Figure 3. The workflow used for detecting and moving towards edges with the Mover6.

2.3.2. Obtuse Edge Detection

Some types of edges did not have a well defined acute edge, and their edges had a
low rate of curvature, similar to a cylinder. For features like this, the point at which the
workpieces’ face transformed into a curved edge needed to be detected. This was achieved
by initially getting the distance from the arm to the workpiece and then systematically
moving across the workpiece, looking for the point at which the depth information subtly
changes. This change was generally where the curve began, which is the feature that
needed to be identified. Figures 4 and 5 demonstrate how the algorithm worked when the
camera and robotic arm viewed the workpiece perpendicular.

Initially, the centre of the frame is used to provide a depth reading for the camera,
to inform how far the camera is from the flat face of the workpiece. The algorithm then
searched the face, initially from the bottom left pixel, incrementing the vertical coordinate
until a depth change is detected. The point was saved in an array, the vertical coordinate
resets, and the horizontal coordinates were incremented by one. This continued until the
whole image was systematically searched, outputting an array of points where the flat
surface starts to curve. These coordinates were then converted to local coordinates, in
preparation to be traced by a kinematic arm.

Detect the central depth
of the frame (assumed to
be of the workpiece before
the curve)

Return back to the
bottom of the frame,
and increment j

A

Are we at the end
of the frame?

Convert all pixels to
local coordinates

A 4
Detect a point towards
the bottom left (iy...in)
(j4---in), with the same increment i until a

depth as the central depth change is
depth detected

Using that j
coordinate,

Y

Figure 4. The workflow of detecting the point at which a flat plane and curved edge meet.

50cm
-< e
t&OCm

Figure 5. The setup for simulated obtuse edge detection.
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Compared to the algorithm used for acute edge detection, this algorithm relied more
heavily on the point cloud data provided by the stereo camera being used, as it is the
primary sensor. Other works have also used a similar offline technique [30], allowing
accurate, real-time information related to the structure at the time of operation.

3. Experimental Setup
3.1. Environmental Variable Experimentation

A set of environmental experiments was designed, using the factorial design technique
to understand the effect and relationship between significant environmental variables [31].
The four environmental variables used were Camera Focus, Camera Aperture, Environ-
mental Lighting and Distances from Target. These variables and their factorial maximum
and minimum settings can be seen in Table 1. The use of the factorial design of experiments
resulted in an increased speed of experimentation, due to variables being limited to the
minimum and maximum setting, and allowing the calculation of both dependency and
interdependency scores for each variable and combination of variables. Each variable
combination was recorded, and a test image was taken with an industrial RGB camera
using the workflow shown in Figure 6 with the setup seen in Figure 7a. Once the camera
was detected and an image frame was grabbed, proprietary software was used to covert
the camera frame to an OpenCV compatible BGR colour formatted image. Tolerances were
then generated from this image using the median pixel density, limiting the amount of
tuning needed. Finally, Canny Edge was run with these settings, and an output image was
exported and analysed. These images were systematically scored against a ground truth
test image to show the effects that a combination of variables had on image quality and
feature detection.

s/ Convert frame to
Detect camera "l OpencV BGR format

Obtain image to be
used
as medians and
compute medians

Y

\ 4

Use the median to
compute Canny

tolerances
Y
Output images, both RunDCe?gayi/olrE]dge Convert the image to
End original < . . < greyscale and apply a
using the median .
and edges gaussian blur
tolerances

Figure 6. The workflow used for detecting the dependency values of different environmental
variables.

Table 1. A Table showing the different variables being used in the experiments, and what the
maximum and minimum settings are.

Variable Maximum (+) Minimum (—)
Focus Maximum Minimum
Lighting 862 Lux 478 Lux
Aperture 1.8f 16 f
Distance 143 cm 75 cm

Once the dependency and interdependencies of variables were established, an optimal
environmental setup was created for feature detection and tracing.
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. | Intel Realsense — :’:

D435i Camera

75cm - 145¢cm

95cm

@) (b)

Figure 7. The lab setup for the environmental parametre experiments. (a) A photo of the environmental
setup, showing the environmental parametre experiments. (b) A photo of the kinematic arm holding
an Intel Realsense camera.

3.2. Acute Feature Detection and Tracking

Experiments were conducted that tested the algorithm’s edge detection and tracing
ability when parallel to a face with a 90° acute edge. A setup was created in Gazebo, to
allow easier and quicker changes to the setup. The workpiece was suspended 90 cm off
the ground, with a camera an optimal distance away. The algorithm detected the edge and
attempted to trace it moving from point to point. These experiments aimed to ensure that
the algorithm could detect the correct edge and corresponding local coordinates, ready
for tracing.

Once the pixels were identified, they were converted from the camera’s local coordinate
system, into 3D coordinates, into the robot’s global coordinate system. Once completed by
deprojecting the 2D coordinates into 3D coordinates and applying a transformation matrix
and offset, an experiment was conducted to test the agent’s accuracy. The transformation
matrix represented the difference between the current state of the robotic joint the camera
is mounted to and the robot’s base, as this contained both the distance and the rotation of
the camera compared to the bottom of the robot. The physical robot was given a hollow 3-
dimensional workpiece to trace, and the initial point was identified (Figure 7b). A physical
marker was then placed on the workpiece where it would be expected to move, allowing a
comparison between the predicted and actual positions. The hollow workpiece was 1 m by
1 m and had 10 cm edges to be traced. The edges were made thick enough to support the
structure while also ensuring that the workpiece tracing is hollow on the inside to measure
the offset and ensure no damage to the kinematic arm.

In order to verify the simulated experiments, some final simulated acute edge detection
experiments were conducted. An example aerostructure was imported in the simulator
(similar to the one seen in Figure 1), and various amounts of Gaussian noise were added
to the camera feed. The aerospace structure was roughly 1 m long, and 10 cm high, and
had a variety of spacial changes along its prominent edge. As Table 2 shows, 16 different
levels of Gaussian blur were added by modifying the variance (amount of noise) and mean
(saturation of the noise) variables. These were calculated by experimenting until the output
image was unreadable, therefore getting a broad range of variables. The gaussian blur
results were compared against an averaged ground truth result, which had no blur. The
ground truth was obtained by getting the average of ten different non-blurred results to
ensure that the ground truth was accurate.
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Table 2. A Table showing the experiments completed, and the corresponding amounts of Mean and

Variance.
Mean
0 4 8 18
0.3 1 2 3 4
6 5 6 7 8
Var 20 9 10 11 12
50 13 14 15 16

3.3. Obtuse Feature Detection and Tracking

Multiple experiments were planned to test this algorithm and its effectiveness at
finding the point at which curvature starts. A simulated setup was created where a
1 x 0.5 x 0.5 m cuboid with an equally sized semi-cylinder on top was spawned. The
camera was spawned facing this object at the height of 30 cm off the ground (Figure 5). All
absolute positions of the workpiece were recorded, and multiple runs of the simulation were
performed. The aim was to see how accurately the curved edge was detected compared to
the known absolute values. Throughout these tests, the distance and angle of the workpiece
varied, ensuring that the algorithm was robust at a range of distances and workpiece
inclines.

3.4. Physical Detection and Tracing

Once the algorithms were tested and proven in simulation, physical experiments were
completed to show the algorithms used with a physical robot, camera and workpiece. A set
of experiments were conducted to test the feature tracing capabilities of the arm, initially
using a hollow 3D workpiece (Figure 8) to trace multiple different points independently,
and then three reference workpieces for the arm to trace, inspired by existing aerostructures
(Figures 9-11).

Point to be traced

Figure 8. The tracing experimental setup with a hollow cardboard workpiece measuring 500 mm by
350 mm by 350 mm.
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Figure 9. The tracing experimental setup with an aerospace inspired plywood workpiece measuring
600 mm by 170 mm by 3 mm.

Figure 10. The tracing experimental setup with an aerospace inspired concave Perspex workpiece

measuring 400 mm by 200 mm by 3 mm.

Figure 11. The tracing experimental setup with a curved MDF workpiece measuring 1220 mm by
607 mm by 6 mm.

The workpieces were all inspired by existing aerospace structures and took specific
abstract features which could be used to test the algorithm. The initial workpiece was
hollow and constructed out of cardboard, measuring 500 mm by 350 mm by 350 mm. This
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was initially used to safely test feature accuracy, to ensure that camera detected features
could be reached. Due to the workpieces narrow edges, the arms 3-dimensional accuracy
could also be tested quickly.

Another three workpieces were also constructed, more closely mimicking typical
aerostructure design, created from a range of materials. The initial workpiece was a scaled-
down aerostructure made from 3 mm plywood, measuring 600 mm by 170 mm. Using a
more abstract aerostructure design, a second workpiece was made out of 3 mm Perspex and
measured 400 mm by 200 mm. With both of these workpieces in conjunction, the algorithm
could be tested against various realistic workpieces, ranging in dimension and material.

A final workpiece was constructed to mimic the curved part of an aerostructure, to
test the obtuse edge detection and tracing aspects of the system. It was a piece of flexible
6 mm MDF (Medium-Density Fibreboard) measured 1220 mm by 607 mm and was curved,
creating a workpiece measuring 607 mm by 470 mm by 520 mm.

4. Results and Discussion
4.1. Identification of Best Environmental Parametres

Experiments were done where the camera would be pointing directly at a highly
detailed and complex workpiece. The workpiece was created by laser cutting a 3.6 mm
thick plywood and was used to test the robustness of the cameras and algorithms.

For each test case, an environmental variable was changed to give a different resulting
image. The obtained standard image and an image showing the outlines were recorded.
From these experiments, the effects certain variables had on the image quality were cal-
culated and an optimal setup was identified. Table 3 shows the effect each variable and
combination of variables had on image quality. The effect each variable has was decided
by scoring all the final images out of 100 by comparing them to a ground truth image and
evaluating the strength and clarity of the outline of the photos.

By analysing Table 3, conclusions can be drawn regarding the variables used and their
effects on each other.

¢ While on its own, the aperture had a significant effect on the final image, as expected,
as it controlled how much light was let into the lens as well as the lens depth of focus.
When combined with lighting, these became the two variables with the strongest
interdependencies. This was expected as the two variables complemented each other
and directly affected how the other one would affect the image;

e Similarly, the second strongest interdependency was focus and distance. Individually
both of these variables had little effect on the final image but combined, they interacted
to either create a focused image or one which was entirely out of focus;

*  Unsurprisingly, the variable with the smallest impact was the environment’s lighting,
due to how the minimal lighting setting selected was not total darkness, but having
one of the possible three lights on, producing a value of 478 lux. This was done to
consistently provide usable images and not cause anomalies with the other variables.

These experimental results had some similarities with the work reported in the litera-
ture, for example, by [32], where canny edge detection was used, at 5.66 lux, edges became
visible and detected, but at anything over 87 lux, the interior of the object was detected
as well. This was reflected in many of the tests conducted, as seen in Figure 12, where
the image’s interior is fully detected. This was counterbalanced by adjusting the aperture,
which aided in creating an optimal setup.

Using the experimental results and other knowledge within the literature, an optimal
environmental setup was created. The resulting setup required the workpiece was closer to
the camera (within 1 m), the focus to be set to match this on a case-by-case basis (so the
sharp features of the workpiece were clear), and setting a high aperture while having lower
environmental lighting.
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Table 3. Table listing all the dependency values of each experiment in numerical order.

Experiment Dependency Value
BC —357
AD —224.3

C -394
AC —16.6
ABCD 12.3
ABC 10.9
A 10.1
BD 7.4
BCD 5.6
CD 52
AB —5.0
D —3.6
ACD —3.6
ABD -3.6
B —2.6

A = TFocus; B = Lighting; C = Aperture; D = Distance.

4.2. Feature Identification and Tracing

To show the feature detection capabilities of the method, experiments were con-
ducted individually on both the acute and obtuse detection systems, which built on top of
each other.

Two sets of analysis were conducted: (1) To check the robustness of the acute detection,
a workpiece was positioned in front of a virtual camera, and two checks were made.
Firstly, could the camera successfully detect the outline of the workpiece and, secondly,
that the initial detected pixel of the traced line was the expected, correct pair; (2) To check
the capabilities of the obtuse edge detection, a workpiece was placed 1 m away from a
simulated Intel Realsense camera positioned 30 cm up in the air. The camera was then
tasked to find the point at which the curve began and trace this point across the whole
shape. The resulting ‘edge’” would then be traced by a kinematic arm, a task needed in
specific manufacturing tasks.

4.2.1. Acute Feature Identification and Extraction

The first condition was checked purely by viewing the output image, whereas the
second condition was checked by having the specified pixel printed out on screen and
checked against a known value. By testing this, both the accuracy of the edge and initial
pixel detection was established. This is important since the cameras edge detection, and
specifically, initial pixel detection was the primary source of information for where the
kinematic arm needed to move to for workpiece tracing.

A simulated workspace was created, where a 1 x 0.5 rectangular workpiece was
placed 0.6 m away from an Intel Realsense D435 camera at various locations within the
world (Figure 12). These locations varied by moving the object from left to right across the
camera’s frame and increasing or decreasing the distance to the camera by 10 cm either
way. Out of the ten times this was tested, eight of the ten tests successfully detected the
rectangular workpiece and identified the first pixel of that edge. The two exceptions were
anomalies where more than 1 face could be seen in the frame, resulting in an extra edge
being detected initially. This shows the importance of the workpiece needing to be parallel
to the camera and ideally as central to the camera frame as possible.
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Figure 12. A simulated setup for the camera to detect edges of the workpiece. (top left) The Gazebo

Simulation. (top right) The Canny Edge Output. (bottom left) The pixel detection output. (bottom
right) The raw camera output.

Once it was established the outline could be detected and the correct pixel set could be
found, a test was run to ensure that the correct local 3D coordinates could be deprojected.
By deprojecting the coordinates, this allows a local 3D view of the camera and workpiece
to be established, an essential step in allowing the arm to trace the workpiece without
needing preprogrammed information relating to the position of the workpiece. A test was
run where a small workpiece was moved systematically across the camera’s frame of a
simulated Intel Realsense D435i. The output coordinates of the first detected pixel were
then checked for accuracy by geometrically measuring the distance from the camera to the
initial pixel. These data were then used to inform on the accuracy of the deprojection and
data related to the accuracy across the frame.

As seen in Figure 13, the results were mapped to a heat map; Figure 13a was 1 m, while
Figure 13b was at a distance of 0.6 m. By looking at the heat maps and the discrepancy
between what was recorded and the ground truth, patterns began to emerge. While the
overall accuracy of the deprojection showed a discrepancy of 50 mm or less, a large amount
of the detected pixels were within 20 mm or less, an acceptable tolerance, given the tracing
task requirements. Additionally, there was a clear accuracy difference between the left and
right sides of the frame, broadly favoring the right side at all distances. This is related to the
Intel Realsense’s lens setup and how deprojection is achieved. Since the depth-sensing lens
was positioned on the device’s right side, and deprojection relies on depth data to inform
its Z coordinate, this difference was not unexpected. This holds less true as the camera gets
closer, showing a pattern of poor accuracy towards the bottom-right of the frame as the
camera gets closer. This is due to the algorithm incorrectly interpreting the environment’s Z
value as the workpiece’s; something which can be corrected via making multiple readings
before assigning a Z value. By identifying these eccentricities, this information could be
leveraged for later experimentation when designing control patterns for the inspection and
observation of workpieces, prioritising the more accurate side of the frame. Specifically, if
using a probabilistic model of control, more certainty could be applied to the upper-right
side of the lens to decrease the uncertainty of the world state when compared to just
observing with the left.
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(b) The workpiece edge detection disparity heatmap from 0.6 m distance.

Figure 13. The workpiece detection heatmaps, displaying disparity between detected results to a
known ground truth.

Once the algorithm detected a simple workpiece successfully, it was tested on a
complex workpiece with additional noise for verification. Figure 14 shows the absolute
disparity between the gaussian blur and the averaged ground truth output. The algorithm
is robust enough not to be affected by blur with a variance of six or less until the mean is
increased to its maximum setting of 18, at which point it deviates from the ground truth.
This is because the edge detection algorithm is sensitive to light, so once the noise gets
heavily saturated, the algorithm will start detecting false positives more frequently. This
pattern can be seen again for experiments nine through 12, where the high level of variance
has little effect on the algorithm until the mean is increased. The final four experiments
have such a large amount of variance that the edge detector was producing many false
positives. In most cases, the edge detector failed to get a precise reading. The only time it
did not was when the mean was increased to its maximum, which produced such a bright
amount of noise, the algorithm ignored the noise entirely and successfully traced the edge
with only a few false positives.

Further analysing the results via Figures 15 and 16 shows how different results com-
pared with each other. The experiments were put into two groups: Low Noise (Experi-
ments 1 through 8) and High Noise (Experiments 9 through 16). By comparing these groups
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against each other, a better effect of the noise overall can be examined. The error of low
noise compared to no noise is very low, almost having no effect, excluding the outlier with
an error of 50,000 mm. This can be seen again when comparing the results of the high noise
group when compared to both the no noise and low noise groups, with them only having a
difference of less than 1000 mm.
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Figure 14. A bar chart showing the euclidean distance between the ground truth and each experiment.
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Figure 15. A Box Plot showing the relationships between the amount of noise and the absolute
euclidean error.
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Figure 16. A scatter graph showing all detected points for each experiment.

By adding such a varying amount of noise to these experiments and requiring the
system to trace a significantly more complex shape than in previous experiments, the
system’s robustness is proven. The real-world cameras previously suggested for edge
tracing would produce a noise level far less than anything used in this experiment, showing
that while many of the experiments performed in this paper are simulated, the results they
output are still valid.

4.2.2. Obtuse Feature Identification and Extraction

An initial test was conducted, with the workpiece and camera 1 m away and the
camera 30 cm off the ground plane. The expected height of where the flat surface of the
workpiece transitions into a curve was 50 cm off the ground plane; therefore, the expected
local height coordinate would be 20 cm. The resulted detected height was a consistent
24.3 cm across the whole workpiece (Figure 17). The resulting absolute difference between
the expected and actual result was 4.3 cm when viewed from 1 m away. Other measured
factors of the experiment such as computation time produced acceptable results, detecting
the whole workpiece in under 2 s.

An additional experiment was carried out to verify the previous results and to under-
stand the offset better. A similar simulated setup was created, but the camera was 0.75 m
away from the workpiece, compared to 1 m. The results were very similar (Figure 18),
with an offset of 4.58 cm, compared to the previous offset of 4.36 cm. Given the algorithm
checked for a curvature increase every 5 mm, the offset could be related to a combination
of factors, such as the rate of curvature of the workpiece (10 mm + 5 mm), the accuracy of
the simulated depth cloud or the position of the lens of the Realsense D435 compared to
the cameras origin position.

One final experiment using a non-parallel workpiece was conducted, positioned 1 m
away from the camera, at a 30° angle (Figure 19). The detected edge deviated by 2 cm
from the ground truth at its maximum height, with a maximum detected height of 34.7 cm.
Across the whole detected edge, the difference between the detected edge and the ground
truth fluctuated between the expected 2 cm and 4 cm. Given this slight deviation, a line of
best fit could be drawn through all these points to define better the boundary between flat
surface and curvature to provide a more accurate edge for an arm to trace.

In all cases, the computational time of finding the points at which flat surfaces become
curved was low, usually under 2 s from program execution. Since the algorithm relied on
an organised pointcloud, this allowed quicker indexing of pixel coordinates. Additionally,
only the non-curved part of the workpiece is analysed, and not the whole curve, since
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the goal is to find the point at which the curve starts, not the whole curve. By leveraging
the information we had, such as always having an organised pointcloud, the technique
shown was fast and efficient and reasonably lightweight, not requiring any heavy graphics
processing such as CUDA (Compute Unified Device Architecture).
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Figure 17. Detected points of a curved workpiece edge at a 1 m distance.
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Figure 18. Detected points of a curved workpiece edge at a 0.75 m distance.
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Figure 19. Detected points of a curved workpiece edge at 30°, at a 1 m distance.

4.2.3. Feature Tracing

A hollow 3-dimensional workpiece was placed in various positions alongside the
workpiece, alongside the kinematic arm, to allow the kinematic arm to trace and detect
different features in different positions. By doing this, a better understanding of how
accurate the arm was at different distances was understood. While the robots maximum
reach was 550 mm [33], this was vague in practical applications, as the height, width or
distance of what the agent would be tracing is unknown until the time of detection. This is
best demonstrated in Table 4 and Figure 20, where four different features were detected
and traced in a variety of distances and positions, and the accuracy of the robot’s final
position compared to its expected position was recorded.

Table 4. A Table showing kinematic movement test cases, the local coordinates of the detected feature,
and the robots offset once moved to the position.

Test Case Feature Position in mm (X,Y,Z) Offset in mm (X,Y,Z)
Test 1 —146, —15, 276 50, —115, 35

Test 2 88, —45, 34 -3, —125, =30

Test 3 —153, 94, 289 1,-2,5

Test 4 —111, —22,216 0,3,14

Tests 1 and 2 were unsuccessful, due to the reach limitations of the robotic arm being
used, with the arm prioritising movement in the X-axis, then Z, and finally Y. This explains
why the offsets for the first two tests were minor on the X and Z-axis (within 5 cm), but
were over 10 cm in the Y. Once the workpiece was positioned closer to the arm, as seen in
tests 3 and 4, the arm had much more success in moving to the detected feature, having
almost no offset, especially in test three.

Dy = /(31 +0)2 + (y1 + 0} )2 + (21 + 05)2. 1)

Equation (1) takes the euclidean distance in 3D, incorporating the offset of the camera
to the base of the robot. The D distance of the robot to the specified location at ¢ time can
be approximated through the use of the provided x, y and z coordinates, as well as there
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relative offsets, all at current ¢ time [34]. Using the knowledge provided by an accurate
depth-sensing camera, it can be estimated if the point can be reached from the robots
current position, or if the robot would need to move first to avoid an unreachable target.

Test 1 =-0.15, 0.28, -0.01
Test 2 = 0.09, 0.34, -0.05
Test 3 =-0.15, 0.29, 0.09
Test 4 = -0.11, 0.22, -0.02

- 0.05 0.10
5 150'05 * ( mete(s\
-0.15 ‘;\tuofd\nate

Figure 20. A scatter graph showing the local coordinate positions of the four test cases.

A final set of experiments was completed, combining all aspects of the previous
experiments. Three aerospace inspired workpieces were created out of various materials
in various sizes and were all traced using a physical kinematic arm and camera. The
workpiece was placed 500 mm away from the robot, central to the workpiece, and in its
home position, ensuring the workpiece was reachable by the arm. It was then tasked to
detect the visible edge of the workpiece within frame and trace it.

The three workpieces being traced were all influenced by existing aerospace structures
to provide a realistic interpretation for tracing actual workpieces. The workpieces were: a
600 mm cutout of the aerostructure seen in Figure 1 made out of 3 mm plywood, a 400 mm
concave cutout made from 3 mm grey-tinted Perspex and a 600 mm curved edge made
from 6 mm flexible MDFE.

The algorithm was lightweight and fast, identifying the edge and beginning tracing
with 5 s of activation, and detected various edges of varying size, material and style. As
seen by Figures 21-23, the resulting traced patterns are accurate to 5 mm on both the X and
Y axes, similar to previous tracing experiments. The accuracy was within a consistent range
across all three workpieces and did not fluctuate regardless of the arm’s cardinal direction.
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Figure 21. Detected points of an aerospace inspired workpiece.
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Figure 22. Detected points of an aerospace inspired concave workpiece.
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Figure 23. Detected points of an aerospace inspired curved workpiece.

Compared with other techniques, the discrepancies experienced here using an Intel
Realsense and Mover6 Arm are more significant than other works, such as [35]. While their
techniques for ‘camera only’ visual servoing are similar, their discrepancy is lower when
tracing an edge, likely due to the higher precision of instruments such as the Kuka iiwa
and Cognex 7402C.

5. Conclusions and Future Work

In conclusion, the implementation provided a lightweight solution for identifying
and tracing workpiece edges regardless of size, spatial profile or previous knowledge.
Experiments were conducted on a variety of edges to test feature extraction and the accuracy
of the output data. The experiments showed that the technique provided satisfactory
results, which, while they do not beat current industrial or literature standards when
tracing acute edges, are performed on a much more lightweight system and can trace a
broader range of spatially varying workpieces, specifically pieces without acute, sharply
defined edges. Experiments demonstrated the robustness of the developed algorithm for
tracing an aerospace structure by adding high levels of artificial noise to the camera frame,
in an attempt to mimic and exceed the noise present in real world. Additional experiments
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were completed with a physical robot and camera, to verify the simulated experiments, and
show the overall goal of the algorithm. Furthermore, the technique provided can be used
in multiple cells, in quick secession, without any need for a specific setup, normalisation,
or pre-planning. Additional experiments demonstrated the key environmental factors that
impact edge quality and how the edge detection of the workpiece can be optimised.

Future work will involve mobilising the system physically, allowing it to trace large
workpieces. The developed algorithm will be used for testing different control algorithms
to better understand the relationship between a mobile platform and a kinematic arm while
tracing workpieces. These control algorithms will be used to gather test data, being used
to create an intelligent control algorithm that can dynamically trace the edges of large
aerospace workpieces in a time efficient and accurate manner.

Additional future experimentation will be done to prove that this algorithm can be
used in a more realistic manufacturing environment. This will be done by simulating a
realistic manufacturing cell, and exploring the effects of adverse manufacturing scenarios
on the performance of the algorithm, ensuring its robustness in a realistic environment.
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