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The Tall Lunar Tower project at the NASA Langley Research Center is focused on the
design, modeling, fabrication, and testing of a supervised autonomously assembled
engineering development unit for tall lunar towers. The lunar south pole environment poses
many challenges for robotic assembly of the tall tower, particularly to computer vision camera
systems due to a high-contrast lighting environment. This paper will present an Unreal Engine
5 video game engine Lunar South Pole Lighting Testbed to simulate realistic lunar lighting
conditions for synthetic image generation. The fidelity of the simulation environment is
investigated by comparing the accuracy of computer vision models trained using synthetic
image data and trained from real image data collected in a lunar analog environment.

I. Introduction

he Tall Lunar Tower (TLT) project Engineering Development Unit (EDU) is being developed at the NASA

Langley Research Center (LaRC) to demonstrate supervised autonomous robotic tower assembly for energy
collection and communication relays at the lunar south pole. At the extreme latitudes near the lunar south pole, the
solar disk does not rise above 3° over the horizon and lunar night can last 14 Earth days or longer. However, the
duration of lunar night can be reduced to just two days at higher elevations [1]. The high-contrast lighting conditions
at the lunar south pole pose a significant challenge to computer vision camera systems needed for rover navigation
and similarly for robotic assembly operations [2]. Development of physical lunar analog environments to emulate
lunar lighting conditions requires large test areas, room modification for accurate computer vision feature detection,
and landscape creation [3]. To avoid the expense and overhead of developing these environments, previous simulations
have been developed in simulation platforms such as Gazebo to generate high-fidelity synthetic images for computer
vision systems [2].

This paper presents an alternate lunar simulation environment that utilizes the commercially available Unreal
Engine 5 (UE5) [4]" video game engine to create an in-house virtual test bed called the Lunar South Pole Lighting
Testbed (Lunar-SPLIT). The simulation environment’s purpose is to generate high-fidelity synthetic images for
computer vision systems with a robotic assembly use case. Synthetic images were generated for training data sets to
be used in an You Only Look Once (YOLO) object-detection model [5] that detects if a rivet fastener has been installed
during the inspection stage of the TLT strut robotic assembly. A YOLO version 5 (YOLOvVS) [6] object-detection
model was trained with synthetic image datasets collected via a UES virtual camera game asset with camera properties
assigned to a Lens File. The Lens File provides the same specifications of a physical Intel RealSense D405 stereo
camera resulting in a virtual camera digital twin (VCDT). In this paper, the Intel RealSense D405 stereo camera is
denoted by “D405 camera.”

This paper begins with Section II which describes the development of the UES Lunar-SPLIT with lunar south pole
terrain and lighting generation from NASA elevation maps and ephemeris data. Next, Section III presents the
development of a lunar analog environment (LAE) developed at the University of Southern California that uses a
physical D405 camera to collect images to train a YOLOVS object-detection model. Afterwards, Section IV describes
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the image data collection process in the LAE, the synthetic image data collection process in the UES Lunar-SPLIT,
and the YOLOVS5 object detection model deployment in the LAE. Section V describes the UES Lunar-SPLIT scene
finetuning for synthetic image training to match the visual fidelity of the LAE. This paper concludes in Section VI
with a comparison and discussion of confidence scores and detection of inspection cases of the YOLOVS object
detection model trained with synthetic image data and real image data collected in the LAE.

II. Unreal Engine 5 Lunar South Pole Lighting Testbed

The virtual environment was developed in Unreal Engine version 5.0.3 featuring the lunar south pole terrain and
leveraging several software tools that enable the realistic lighting of large environments. The UES video game engine
provides two important features: Nanite virtualized geometry (NVG) and Lumen global illumination and reflections
(LGIR). NVG enables the use of a new internal mesh format and rendering technology to render pixel-scale detail and
high object counts and renders only details that can be perceived [7]. LGIR is the UES fully dynamic global
illumination and reflections system that renders diffuse interreflection with infinite bounces and indirect specular
reflections in large, detailed environments at scales ranging from millimeters to kilometers [8].

This paper describes two methods used by the Digital Lunar Exploration Sites Unreal Simulation Tool (DUST)
team at NASA Johnson Space Center to develop a photorealistic lunar environment. The first method imported
detailed lunar south pole terrain data generated from laser altimeters [9]. The second method positioned the directional
light game asset that emulates the Sun using data from the NASA Jet Propulsion Laboratory (JPL) Spacecraft, Planet,
Instrument, Camera-matrix, Events (SPICE) ephemeris data kernels [9]. A screen capture from the resulting UES
Lunar-SPLIT is shown in Fig. 1, which depicts the high-contrast lighting environment where synthetic image training
data sets were generated.

Fig. 1 UES Lunar-SPLIT: view of Shackleton Crater and Connecting Ridge.

A. Lunar Terrain Generation

To develop accurate lunar terrain, two terrain generation methods were investigated: terrain generated from the
native UES Landscape plugin and static meshes generated directly from digital elevation models (DEM) acquired by
the Lunar Orbiter Laser Altimeter aboard the Lunar Reconnaissance Orbiter (LRO). Both methods generated terrain
from the same DEM data. DEM data translation varied between each method where terrain generated by the UES
Landscape Plugin produced terrain elevations with integer values and static meshes generated directly from DEM data
produced terrain elevations with double precision values. The UES Lunar-SPLIT employed the static mesh method
due to higher precision when translating the DEM data. In addition, static meshes allowed for realistic interaction with
a directional light asset that simulates the Sun because the mesh can cast shadows via an assigned two-sided material.
Accurate lunar terrain elevation directly affects the lighting environment with long shadows cast from terrain
kilometers away and shadows in the immediate TLT assembly area. Lower resolution terrain static meshes farther
away from the Connecting Ridge were used to generate long shadows that may interact with the TLT assembly area.



A higher resolution terrain static mesh at the Connecting Ridge was used to simulate smaller scale accurate shadows
closer to the assembly area.

Lunar south pole terrain static meshes were obtained from the DUST team from their previous work with lunar
terrain generation from laser altimetry data in the DEM format that they converted to wavefront object files [9]. Several
static meshes of 5 meter/pixel resolution from DEM files were imported for the greater lunar south pole terrain. The
Connecting Ridge static meshes were generated from 20 centimeter/pixel resolution DEM files and provided higher
resolutions because TLT assembly operations were planned to occur at this site. The static meshes were imported into
the UES with the NVG feature enabled for improved performance. The terrain meshes were positioned with a shared
world origin at the lunar south pole in the simulation scene.

B. Lunar Lighting Generation

The Gamergenic MaxQ Spaceflight Toolkit UES plugin was used to position and orient UES celestial body assets
such as the Sun and Earth according to the SPICE ephemeris data stored in kernels [10]. To pair ephemeris data for
the desired celestial bodies with their respective game assets, UES blueprint functions were used to call SPICE
commands to retrieve time, position, and orientation data from leap seconds kernels used in conversions between
ephemeris time and coordinated universal time and planetary constants kernels that provide physical constants data
for Solar System bodies [11]. The SPICE command “spkezr” was used to retrieve position and velocity data for the
Sun and Earth from Spacecraft and Planet (S/P) kernels that contain spacecraft and celestial body position and velocity
data [12]. The use of the “spkezr” command in a UES blueprint function is shown in Fig. 2 where the celestial bodies
of the Sun and Earth are inputs and the position and velocity data are returned, transformed to the UES coordinate
system and lunar south pole-centered frame, and assigned to their respective game assets.
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Fig. 2 Lunar south pole-centered blueprint function using MaxQ/SPICE calls for positioning of celestial body
assets in UES Lunar-SPLIT simulation scene.

With accurate positions of the Sun and directional light assets linked to SPICE kernel data, the UES Lunar-SPLIT
can show shadows and lighting on the lunar south pole at desired times of the year. LGIR was enabled after the
directional light asset was parented to the Sun game asset. A comparison between the UE5 Lunar-SPLIT that uses
“predict” versions of SPICE kernels for future mission planning and illumination at the lunar south pole from LRO
data extrapolated to the year 2024 is shown in Fig. 3. Also, in Fig. 3 the shadows of the UES Lunar-SPLIT are shown
in the same general position as the illumination from the LRO data extrapolated to the year 2024 at an arbitrary date
that can be used to observe lighting conditions over a specified mission window. Overall visual differences include
color grade, length of shadows, and darkness of shadows, which can be configured to match that of the LRO data but
are reasonable for this preliminary use of UES Lunar-SPLIT as a testbed for the YOLOVS object detection model.



Fig. 3 Lunar shadow comparison: a) UES Lunar-SPLIT simulation scene and b) LRO illumination.

C. Tall Lunar Tower Engineering Development Unit Fidelity Model Integration

The TLT EDU being developed at NASA LaRC will demonstrate the supervised autonomous assembly of truss
bays comprised of aluminum rivet joint corners and horizontal, vertical, and diagonal carbon fiber struts with
aluminum end fittings. The Construction Robot System (CRS) is where the truss bays are positioned, assembled, and
lifted incrementally for subsequent truss bay assembly. The Assistant Robot System (ARS) consists of a Universal
Robot 10e (UR10e) manipulator that retrieves carbon fiber struts via end-effectors, positions strut members relative
to the secured CRS strut members and rivets the strut members to the rivet joints. Two ARSs are used for strut
assembly with each having an end-effector that has two D405 cameras for alignment of strut end fittings with the rivet
joint corners.

Creo Parametric parts of the CRS and ARS were converted into wavefront object files and imported into Blender
[13] for Filmbox (FBX) file format conversion. The FBX files were imported into the UES Lunar-SPLIT scene.
Custom material assets for the CRS and ARS components that were in the field of view (FOV) of the D405 camera
VCDT were then created. Visual fidelity matching of 3D printed parts that were fabricated for the LAE and game
assets in the UES5 Lunar-SPLITs was achieved by adjusting base color, specular, and roughness parameters of material
assets. Visual fidelity matching of the UES Lunar-SPLIT and LAE occurs in the rivet joint corner where the ARS is
joining strut members to the rivet joint.

The TLT CRS and ARS game assets were placed in the UES Lunar-SPLIT scene near the Connecting Ridge where
there would be no shadowing from the lunar terrain to maintain the same visual fidelity as the LAE. Due to the physical
limitations of the LAE working area, shadowing of the physical TLT CRS and ARS were from changes in position of
a light emitting diode (LED) light source that emulates the Sun and not from lunar terrain. The same shadow conditions
on the TLT CRS and ARSs in the LAE were achieved in the UES Lunar-SPLIT. Matching shadow conditions allows
synthetic image to match visually with images taken in the LAE. Visual matching enables accurate comparison of
performance of both synthetic and real images used to train the YOLOVS5 object detection model. Figure 4 depicts the
TLT EDU CRS and ARS in the UE5S Lunar-SPLIT on a mock lander platform with a close-up view of the truss bay
rivet joint corner.
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Fig. 4 TLT CRS and ARS Jig imported into UES Lunar-SPLIT: a) TLT EDU on top of mock lander, b) TLT
CRS and ARS, and c¢) TLT Truss bay rivet joint corner.

D. D405 Camera Virtual Camera Digital Twin

Real images for the YOLOVS5 object detection model were collected via a D405 camera as shown in Fig. 5. The
D405 camera uses an image signal processor to enhance red, green, blue (RGB) data with a depth sensor, The D405
camera has an 87° horizontal FOV, a 58° vertical FOV and a 1280-pixel by 720-pixel RGB frame resolution. The
camera data stream can be assessed using the associated software, the RealSense Viewer, and by importing a
pyrealsense2 library in a Python environment. The D405 camera specifications along with the focal length, optical
centers, and lens distortion coefficients values of the D405 camera used in the LAE were obtained from a camera
calibration script using an OpenCV Python library [14]. These values were translated into the UES Lunar-SPLIT via
a VirtualCamera2Actor blueprint game asset with a specified Lens File game asset to create a D405 camera VCDT.

Fig. 5 D405 camera

1. OpenCV Camera Calibration

To import D405 camera specifications used for image collection in the LAE into a D405 camera VCDT, a camera
calibration Python script produced a camera matrix that had the focal length, optic centers, and lens distortion
coefficients of the physical camera. The camera calibration script imports an OpenCV library that outputs the values
after processing an AVI video file that depicts a checkerboard positioned at various locations in the FOV of the D405
camera, Fig. 6. The AVI video file was created via a Python script that accesses the depth and RGB data streams from
the D405 camera depth sensor via the pyrealsense2 library [15].



Fig. 6 Checkerboard calibration method: a) AVI video file frame and b) camera calibration output from
OpenCYV python script.

2.. Unreal Engine 5 Lens File

The Camera Calibration plugin was introduced to Unreal Engine 4.27 and provides a pipeline to create accurate
compositions from computer graphic renders and live video using a virtual camera in Unreal Engine that accurately
simulates the physical camera used to capture real-world video footage for virtual production [16]. The camera
calibration plugin and associated plugins VirtualCamera, Live Link, LiveLinkLens, OpenCV, and OpenCV Lens
Distortion are enabled to utilize a UE5 Lens File that receives the input of the physical D405 camera distortion
coefficient, camera matrix optic center and focal length values. Figure 7 shows the D405 Camera Lens file with
distortion parameters set to the distortion coefficients, the camera image center set to the camera matrix optic center,
and focal lengths set to focal length values obtained from the OpenCV camera calibration Python script.

Tracked Camera

Intel_RealSense_D405_Virtual_

Selected LiveLink Subject

Virtual

Fig. 7 D405 camera Lens File with camera matrix and distortion coefficients from OpenCV camera
calibration Python script

With the D405 Camera Lens File set to the outputs of the OpenCV camera calibration python script, a
VirtualCamera2Actor game asset was created in UES’s Outliner with LiveLinkComponentController and
LensDistortion components added to the game asset. With the D405 Camera Lens File selected, lens distortion is
applied to the camera and the VirtualCamera2Actor game asset becomes the D405 camera VCDT . Figure 8 shows
the view of the D405 camera VCDT in a test UES5 environment compared to the physical D405 camera RGB data
stream in the RealSense Viewer with the checkerboard as reference. At the bottom of Fig. 8, the D405 camera VCDT
is imported into the UES Lunar-SPLIT, and views of the TLT CRS with lens distortion disabled and enabled are
shown. The lens distortion in Fig. 8 is slight. The D405 camera does not integrate fully with the Camera Calibration
plugin for virtual production overlaying of the checkerboards in the real-world and UES Virtual environment. Thus,
verification of similar visual fidelity was not supported. Visual matching of the D405 camera VCDT and the physical
D405 camera feed was done by positioning the checkerboard at the same position in both environments. Since lens
distortion is very slight in the D405 camera VCDT view as well as the physical D405 camera, the VCDT view is
reasonable for this preliminary use of UES as a testbed for the YOLOVS5 object detection model.



Fig. 8 Lens File camera lens distortion: a) test UES Environment with checkerboard and virtual camera with
lens distortion from Lens File compared, b) physical D405 camera feed in the RealSense Viewer, ¢) UES
Lunar-SPLIT lens distortion disabled, and d) UES Lunar-SPLIT lens distortion enabled.

III. Lunar Analog Environment

The LAE was constructed in the Research Annex building located outside of the campus of the University of
Southern California. The LAE space had a working area of 4 meters by 5 meters with two windows and a single door
which were sources of outside light leakage. The primary objective of the LAE was to have a physical TLT CRS and
ARS assembly workspace that was in the FOV of the D405 camera with matching visual fidelity as the lighting
conditions of UES Lunar-SPLIT virtual environment. With similar visual fidelities, images from the UES5 Lunar-
SPLIT and the LAE were collected to train the YOLOVS object detection model, and performances based on synthetic
and real images were compared. Previous developments of indoor lunar analog environment facilities were
investigated on their approach on dark room outfitting in areas of room construction, surface material, and lighting

[3].

A. Lunar Analog Environment Dark Room Outfitting

Commercial-off-the-shelf materials were used to outfit the LAE. To remove stray light sources and reduce diffuse
lighting emanating in the LAE, black vinyl fabric was attached to a wall to drape over the two windows and single
door as well as on the ceiling to minimize light bounce from the light panels. Several coats of flat black paint were
applied to the walls of the LAE to minimize light bounce. Emulation of the Iunar terrain was accomplished with gray
fabric with similar visual properties to lunar basalt rock. Figure 9 shows the dark room outfitting of the LAE.
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Fig. 9 LAE Environment darkroom outfitting: a) LAE prior to flat black paint application, b) flat black
paint applied to walls of LAE, and c) black vinyl fabric attached to ceiling to inhibit diffuse lighting.

B. Tall Lunar Tower Test Jig

A low fidelity corner section of the TLT CRS that secures a rivet joint corner for strut assembly was 3D printed
and a rivet joint corner which includes carbon fiber strut components with aluminum end fittings and a rivet joint was
assembled as shown in Fig. 10. These TLT parts would be in the FOV of the D405 camera with the camera view
focused on the TLT rivet joint assembly area. For ease of transitioning between a “Rivet In” and a “No Rivet”
inspection case, a Phillips-head screw was used instead of a rivet when fastening the aluminum end fitting of a vertical
strut to a rivet joint. The D405 camera was fastened to a camera mount attached to a 3D printed rivet gun tool that
would be located at the end of the end-effector of the TLT ARS shown in Fig. 10. The D405 camera was attached to
an adjustable arm to obtain varying viewing angles of the TLT rivet joint assembly area for real image dataset
collection in the LAE.
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Fig. 10 TLT test jig setup: a) 3D printed rivet gun tool with D405 camera mounted and attached to adjustable
arm, and b) visual fidelity model of TLT CRS active gripper and truss bay rivet joint corner in the LAE.



C. LED Light Source and Lighting Circle Angles Setup

A single LED light source with a color temperature of 6000 K within the Sun’s color temperature range was
chosen to emulate the desired high-contrast lighting that was shown in the UES Lunar-SPLIT. The LED light source
was attached to an adjustable arm and positioned 140 centimeters away from the TLT rivet joint and the center of the
LED bulb was set to a height of 7 centimeters relative to the TLT CRS and ARS working area table to emulate the 3°
above the horizon of the Sun angle at the lunar south pole. The LED light source position was maintained at these
distances as the light source was rotated about the TLT rivet joint assembly area at 12 lighting circle angles (LCA) at
30° increments shown in Fig. 11. The D405 camera view was held constant with the camera facing the TLT rivet joint
assembly area. Image dataset collection in the LAE and synthetic image dataset collection in the UE5S Lunar-SPLIT
were taken at these 12 LCA. The LCA diagram shown in Fig. 11 shows a black and white shadow color wheel that
indicates the positions of the LED light source that casts shadows on the TLT rivet joint assembly area and positions
where the working area is fully illuminated with a gray gradient in positions directly left or right of the TLT rivet joint
assembly area.
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Fig. 11 Lighting setup for placement of LED light source: a) LCA markers in LAE and b) LCA diagram with
black and white shadow color wheel to depict when the TLT rivet joint assembly was fully illuminated or
completely in shadow.

With the physical working area of the D405 camera established and the lunar lighting conditions of the UE Lunar-
SPLIT adjusted to match the visual fidelity of the LAE, image datasets for YOLOVS object detection model training
could be generated. Figure 12 shows a side-by-side comparison of the UE5 Lunar-SPLIT and the LAE with the TLT
rivet joint assembly area in the FOV of the D405 camera VCDT and physical D405 camera respectively.

Fig. 12 Visual fidelity comparison of UES Lunar-SPLIT with the LAE with light source at 0° LCA: a) TLT
rivet joint assembly area in UES Lunar-SPLIT and b) TLT rivet joint assembly area in LAE.



IV. You Only Look Once Object Detection Model Deployment in the LAE

A YOLOVS object detection architecture was used to detect Rivet In and No Rivet inspection cases in the TLT
rivet joint assembly area. The PyTorch machine learning library [17] was used to train separate YOLOVS object
detection models that were trained with synthetic images from the UES Lunar-SPLIT and real images collected in the
LAE from the physical D405 camera. Two different YOLOvVS object detection models trained by synthetic image
datasets were generated: the UES Trained YOLOVS object detection model and the UE5S Combination Trained
YOLOVS object detection model. Figure 13 shows a flowchart of the three object detection models and the process in
which each were trained and deployed in the LAE.
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Fig. 13 Flowchart detailing process for YOLOVS object detection model training.

The UES Trained YOLOVS object detection model was trained with 48 Rivet In and 48 No Rivet synthetic images
which were the same number of images as the LAE Trained YOLOVS object detection model. The UES5 Trained
YOLOVS object detection model was used as a one-to-one comparison to the LAE Trained YOLOVS object detection
model. The UES Combination Trained YOLOvVS object detection model was trained with 144 Rivet In and 144 No
Rivet synthetic images generated during the visual fidelity matching of the LAE TLT rivet joint assembly area. The
UES Combination Trained YOLOVS5 object detection model leverages the ability to generate varied images for training
quickly within the UES Lunar-SPLIT. Several iterations of the UES Lunar-SPLIT TLT rivet joint assembly area were
created with changes in game asset materials, meshes and camera angles to better match the visual fidelity of the LAE.
This finetuning in visual fidelity is discussed further in Section V of this paper.

Both synthetic and real images were labeled in Labellmg, an open-source tool for graphically labeling images [18].
Realtime deployment of these YOLOVS5 object detection models used the physical D405 camera feed in the LAE and
was implemented via a YOLOvVS Python script with the pyrealsense2 library.
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A. Physical D405 Camera Image Dataset Acquisition and YOLOvS Implementation

1. Real Image Dataset Collection Camera Angle View Setup in Lunar Analog Environment

Images were collected via a D405 image dataset collection Python script periodically during operation of the D405
camera in the LAE. Different camera views of the TLT rivet joint assembly area were achieved by rotating the
adjustable D405 camera mount. Images were collected at four D405 camera angle positions: 0°, 30° pitch, 30° yaw,
and 30° roll as shown in Fig. 14, for both the Rivet In and the No Rivet inspection cases. Images were collected with
the LED light source positioned at each of the 12 LCA with a total of 96 real images acquired: 48 Rivet In and 48 No
Rivet real images.

Fig. 14 TLT simplified end effector with D405 camera mounted: a) 0° D405 camera angle, b) 30° pitch D405
camera angle, ¢) 30° yaw D405 camera angle, and d) 30° roll D405 camera angle.

2. Real Image Dataset Labeling in Labellmg

The real image dataset was labeled in Labellmg with the appropriate class identification which was either “Rivet
In” or “No Rivet” via a bounding box. Labellmg outputs the labels and bounding box corner coordinates for each
image to train the YOLOVS5 object detection model to detect and localize the rivet and determine the inspection case
from the D405 camera feed in the LAE. Figure 15 shows the Labellmg graphical user interface classifying and creating
bounding boxes for a Rivet In and No Rivet inspection case of the TLT rivet joint assembly area. After images have
been labeled with bounding boxes, the labels are exported to YOLO text format and passed through a YOLOvVS
training Python script.
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No Rivet Rivet In

No Rivet Rivet In

Fig. 15 Example of Labellmg graphical user interface for create bounding boxes and labeling classes for
Rivet In and No Rivet inspection cases of real images collected in LAE located at 300° LCA and positioned at
0° D405 camera view.

3. YOLOVWS Training and Deployment with Rivet In and No Rivet Real Image Dataset

The YOLOVS object detection architecture features real-time object detection by minimizing the number of
neural network layers since each section of the input image is only received once [5]. The YOLOVS object detection
model was originally trained on a Common Objects in Context (COCO) 2017 dataset [19] that included 80 classes of
common objects. The feature recognition of pre-trained Ultralytic fork of YOLOVS [6] was leveraged through transfer
learning to create a custom object detection model that detects the Rivet In and No Rivet cases of the TLT rivet joint
assembly area. The images, labels, and bounding box corner coordinates from Labellmg were passed through the
PyTorch machine learning library for training and outputted custom weights for the YOLOVS object detection model.
Figure 16 shows the labeling and bounding boxes created during training on a subset of the Rivet In and No Rivet
images. Weights trained with Rivet In and No Rivet images were then called in the YOLOVS Python inference script
that runs the YOLOVS object detection model over the physical D405 camera feed to detect Rivet In and No Rivet
cases in the LAE. The inference is done on real-time RBG color frames of the physical D405 camera feed with a label,
bounding box, and confidence score shown where a Rivet In or No Rivet case is detected (Fig. 16). The confidence
score is between zero and one and is the probability that an object is present [5].

Fig. 16 YOLOVS Rivet In object detection case using physical D405 Camera
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B. UE Lunar-SPLIT D405 Camera Virtual Camera Digital Twin Image Dataset Acquisition and YOLOvS
Implementation

The same labeling and bounding box annotation process in Labellmg for the real image dataset collected in the
LAE is applied to the synthetic image dataset collected in the UE Lunar-SPLIT virtual environment. The synthetic
images were collected via a level blueprint game asset that screenshots the runtime UES scene periodically at varying
camera angles by switching between multiple D405 camera VCDT game assets that are positioned at the four D405
camera angle views and positioning the directional light game asset that that emulates the Sun according to the 12
LCA (Fig. 17).

8, Intel_RealSense_D40S_Virtual Camera2

Fig. 17 Synthetic image dataset collection blueprint with depiction of multiple game assets for switching
between D405 camera VCDT camera angles

These images were then sorted into their respective Rivet In and No Rivet states and then annotated in Labellmg
for labeling and bounding box creation (Fig. 18). The same process of passing the images, labels, and bounding box
corner coordinates from Labellmg to the PyTorch machine learning library for training and outputted custom weights
was followed to generate both the UES Trained YOLOVS5 object detection model and the UES Combination Trained
YOLOVS object detection model. The UES Trained YOLOvVS and the UES Combination Trained YOLOVS object
detection models were deployed in the LAE via the physical D405 camera feed to detect Rivet In and No Rivet cases.

No Rivet RivetIn

No Rivet Rivet In

Fig. 18 Example of Labellmg graphical user interface for create bounding boxes and labeling classes for
Rivet In and No Rivet inspection cases of real images collected in UES Lunar-SPLIT located at 300° LCA and
positioned at 0° D405 camera view.

13



V. Synthetic Image Dataset Finetuning for Computer Vision Model Training

As mentioned previously in Section IV, the UES Combination Trained YOLOVS object detection model was
trained with 144 Rivet In and 144 No Rivet synthetic images. These additional synthetic images were generated during
the iterative process of visual fidelity matching of the UES Lunar-SPLIT and the LAE. The first pass of visual fidelity
matching resulted in the aluminum material assigned to the rivet joint and the vertical strut end fitting game assets
having less reflectivity than the LAE counterparts. The second pass changed the camera angles to match the view of
the D405 camera in the LAE. With the change in camera angle, the differences in shadowing in the UES Lunar-SPLIT
virtual environment and the physical LAE environment became apparent. When the LED light source in the LAE was
positioned at LCA that were behind the TLT rivet joint assembly area, the images collected showed visibility of the
Rivet In and No Rivet cases. When the directional light game asset in the UE5 Lunar-SPLIT was positioned at the
same LCA, the TLT rivet joint assembly area was in complete shadow and had no visibility of the Rivet In and No
Rivet cases. The UES Lunar-SPLIT depicts a more accurate lighting condition that would be on the lunar surface
because of the physical limitations of the darkroom outfitting in the LAE. For example, the LAE is subjected to light
bouncing off the walls even with the coats of flat black paint.

The final visual fidelity matching of UE5 Lunar-SPLIT to the LAE incorporated a point light game asset to provide
artificial lighting in the virtual lunar environment. This allowed for visibility of the Rivet In and No Rivet cases when
originally the TLT rivet joint assembly area was in shadow. When training the YOLOVS object detection models with
synthetic images, confidence scores during validation of a subset of the real image dataset significantly improved
because shadowed Rivet In and No Rivet cases would skew feature recognition. The No Rivet case visual fidelity
matching called for the addition of an imperfection around the fastener hole of the vertical end fitting. Previous visual
fidelity matching disregarded the imperfection which resulted in lower confidence scores during validation. Figure 19
shows the visual differences between the UES Lunar-SPLIT and LAE TLT rivet joint assembly area and the additional
game asset modifications for closer visual fidelity.

With three visual fidelity matching passes, the UES Combination Trained YOLOVS object detection model was
trained with synthetic images with varied lighting conditions, rivet joint and vertical strut end fitting materials, material
imperfections, and camera angle positions. The synthetic image dataset collection for this object detection model
showcases how quickly varied synthetic image data can be generated and used for training an object detection model.

alSense_D405_Virtual Camerad ] ientation_+30_deg_oll_correct |

Fig. 19 Illustrates the iterative process of matching the visual fidelity of the UES Lunar-SPLIT to the LAE: a)
UES Lunar-SPLIT (top) versus LAE (bottom) No Rivet Case 60 ° LCA at 30 ° roll D405 camera angle with
addition of vertical node end fitting imperfection and b) UES Lunar-SPLIT (top) versus LAE (bottom) Rivet
In Case 240 ° LCA at 30 ° roll D405 camera angle with addition of point light to avoid complete shadowing of
rivet.
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VI. You Only Look Once Object Detection: Real Image Versus Synthetic Image Dataset Comparison
and Discussion

A. Confidence Score Data Collection and Processing for Comparison Plot

Confidence score data collection was conducted in the LAE to compare the three YOLOVS object detection
models. Realtime inference of the object detection models were done at the four D405 camera angles with the LED
light source positioned at each of the 12 LCA for the Rivet In and No Rivet inspection cases. Confidence score data
were output to a common separated values (CSV) file after running the object detection model for ten seconds. The
confidence score data CSV file were further processed by taking the mean of the confidence scores if a Rivet In and
No Rivet case was detected, outputting a zero confidence score if there was no detection, and outputting a negative
confidence score for a false negative or false positive. For the Rivet In cases, a true positive is correct detection of a
rivet when the rivet is present, and a false negative is an incorrect detection of a No Rivet case when the rivet is
present. For the No Rivet cases, a true negative is correct detection of when the rivet is not present, and a false positive
is incorrect detection of a Rivet In case detection when the rivet is not present.

B. Rivet In YOLOVS Object Detection Comparison Plot Discussion

Figure 20 shows a comparison plot of the three object detection models for the Rivet In object detection case. The
bottom of the plot shows the previous Black and White Shadow Color Wheel shown in Fig. 11 in the form of a gradient
to give context of the shadowing and illumination of the TLT rivet joint assembly area. Best fit curves for each of the
object detection models show the trend of the confidence scores. A confidence bound for each best fit curve encloses
80 percent of the dataset to show the overall confidence score trends.

1 - Rivet In Object Detection Trained with LAE Real Image versus UES Synthetic Image Dataset
T S I e e True
> Positive
¥
e Image Dataset™
=== color LAE Trained Images
color UES Trained Images
=== color UES Combination Trained Image
== LAE Trained Images Best Fit Curve
® UES Trained Images Best Fit Curve
S **** UES Combination Trained Images Best Fit Curve
O
ﬁ No
é O == e * * 2 » # Detection
2 -0.1 = .
S .02 v 3
(&) UES5 Trained Images 80% Confidence Bound Camera Angle (Degrees)
-03 ¢ 0degree
-0.4 LAE Trained Images 80% Confidence Bound 8 30 degree pitch
-0.5
UES5 Combination Trained Images 80% Confidence Bound * 30 degree yaw
-0.6 5 b 30 degree roll
-0.7
08! False
-0.9 Negative
A * Do not extrapolate beyond the
0 30 60 90 120 150 180 210 240 270 300 330 region of collected data
LCA (degrees)”
Black and White Shadow Gradient

Fig. 20 Rivet In YOLOVS5 Object Detection Comparison Plot

The LAE Trained Images YOLOVS object detection model shows the highest confidence scores averaging around
0.80 when compared to the UE5 Trained and the UE5 Combination Trained Synthetic Images YOLOVS object
detection models. This is to be expected due to the real image dataset training in the same location as where the object
detection inferencing is taking place. The LAE Trained Images YOLOVS object detection has one case of a false
negative or No Rivet detection.

The UES Trained Images YOLOVS object detection model shows the lowest confidence scores averaging around
0.30 and has the most no detection cases even with full illumination of the TLT rivet joint assembly working area.
Since this object detection model was trained with the same number of images as that trained the LAE Trained Images
YOLOVS object detection model, the visual fidelity of each of the synthetic images would need to be almost identical
to the images collected in the LAE to produce higher confidence scores.

The UES Combination Trained object detection model has higher confidence scores than the UES5 Trained Images
YOLOVS object detection model. When the TLT rivet joint assembly working area is fully illuminated, confidence
scores can reach above 0.80 and follow closely to the LAE Trained Images YOLOVS5 object detection model.
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When the TLT rivet joint assembly area is fully shadowed in the 120° to 240° LCA range, the synthetic images
trained object detection models have no detection and the LAE Trained Images YOLOvVS object detection model
confidence scores trend downwards.

C. No Rivet YOLOVS Object Detection Comparison Plot Discussion
Figure 21 shows a comparison plot of the three object detection models for the No Rivet object detection case.
Confidence scores varied greatly throughout the positioning of the LED light source at different LCA.
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Fig. 21 No Rivet YOLOV5 Object Detection Comparison Plot

All three object detection models have several cases where there are false positives or Rivet In detections which
can be attributed to similar visual features of the fastener hole of when the rivet is not present to a rivet. For example,
a No Rivet case can still have a metal curvature from a hole where the aluminum material shines like a rivet.

The two synthetic image trained object detection models continue the no detection trend when the TLT rivet joint
assembly area is fully shadowed in the 120° to 240° LCA range. The UES Trained Images YOLOVS5 object detection
model has a general low confidence score trend. The UES Combination Trained Images YOLOVS object detection
model has a similar data range as the LAE Trained Images YOLOVS5 object detection model with similar true negative
and false positive detections but with lower confidence scores.

VII. Concluding Remarks and Future Work

A. Concluding Remarks from Real Image Dataset and Synthetic Image Dataset Training of YOLOVS Object
Detection

In this work, an Unreal Engine 5 (UES5) video game engine Lunar South Pole Lighting Testbed (Lunar-SPLIT) to
simulate realistic lunar lighting conditions was developed and used to simulate lighting on riveted joints of a TLT.
The fidelity of the simulation environment was investigated by comparing the accuracy of computer vision models
trained using synthetic image data and trained from real image data collected in a lunar analog environment (LAE).
The UES Lunar-SPLIT terrain, lighting conditions, and camera were developed from imported static meshes generated
from digital elevation maps (DEM), a directional light game asset positioned by celestial body ephemeris data, and a
UES Lens File set to physical D405 camera specifications. The LAE was developed to emulate the lighting conditions
of the UES Lunar-SPLIT and to provide a TLT test jig for YOLOVS object detection model synthetic and real image
data training comparisons. Three YOLOVS5 object detection models trained from synthetic and real image datasets
were compared that included a model with multiple visual fidelity matching passes that varied in lighting conditions,
rivet joint and vertical strut end fitting materials, material imperfections, and camera angle positions that produced
higher overall confidence scores.
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The results shown in the comparison plots show the importance of the use of artificial lighting in completely
shadowed areas where object detection models are used to inspect completion of assembly. Object detection models
trained with synthetic image datasets result in no detection when images of the objects to be detected have muted
features from shadowing. Many synthetic images can be generated quickly by leveraging blueprint scripting in the UE
Lunar-SPLIT and can produce high confidence scores when the TLT rivet joint assembly area is fully illuminated in
LAE. Object detection cases should have distinguishing features from one another and should have minimal similar
features particularly with detecting metal parts in high contrast lighting areas due to reflectivity.

B. Future Work with UES Lunar-SPLIT
1. Synthetic Image Dataset Generation Investigations

An investigation of synthetic images generated with artificial lighting of the TLT rivet joint assembly area in the
UES Lunar-SPLIT could result in consistent and higher confidence scores with correct detections that show the same
trend as object detection models trained with real image dataset with similar artificial lighting conditions. An
investigation of the opposition effect when the optical axis of a camera and direction of illumination coincide, and
apparent contrast disappears would be instructive. Further, an investigation would be useful on the use of data
augmentation in the PyTorch machine learning library to increase the number of varied synthetic images by creating
new synthetic images by rotating, flipping, and zooming existing synthetic images. Data augmentation could result in
higher confidence scores.

2. Integration of Neural Network Models in UES Lunar-SPLIT

Neural network model inferencing can be done at runtime in UES when models are converted to an Open Neural
Network Exchange (ONNX) model and are imported into the scene using a UES Neural Network Inference (NNI)
plugin [20]. Historia-Inc developed an example project which uses a NNI plugin that can run a YOLOvV7 object
detection model in a UES scene at runtime [21]. Figure 22 shows this example project integrated with the UES Lunar-
SPLIT with a custom YOLOVS object detection model trained in PyTorch to detect “Joined” or “Detached” vertical
strut assemblies with rivet joints. Integration of different neural network models such as pose detection in UES Lunar-
SPLIT could be investigated.

Joined 0.75

a)

Fig. 22 Confidence score comparison YOLOVS object detection model inference in LAE versus inference in
UES Lunar-SPLIT: a) example of Joined detection in LAE in real-time and b) example of Joined detection in
UES Lunar-SPLIT at runtime.
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