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From Simulation to Reality: Transfer Learning
for Automating Pseudo-Labeling of Real and

Infrared Imagery

Jeffrey Choate,* Derek Worth, Scott L. Nykl, Clark Taylor, Brett Borghetti,

Christine Schubert Kabban, and Ryan Raettig

Training a convolutional neural network (CNN) for real-world applications is
challenging due to the requirement of high-quality labeled imagery. This study
employs pseudo-labeling and transfer learning, built upon a 6D pose estimation
framework. A CNN trained on synthetic images predicts bounding boxes (bbox) for
an object’s components in a real image. With as few as four bbox predictions, the
framework solves for the object’s pose relative to the camera and reprojects bboxes
for all components onto that image. The pose and reprojections allow filtering of
bad predictions, a common issue in pseudo-labeling. Thereby, enabling automated
labeling of large datasets with minimal human intervention. Tested on color and
long-wave infrared imagery captured during December 2023 flight tests, this
process demonstrates increased predictions, enhanced performance across sit-
uations, reduced reprojection error, and stabilized pose predictions. This technique
is significant as it enables labeling of real-world imagery without expensive truth
systems, requiring only a camera. It supports learning and labeling of previously

high-quality, precisely labeled imagery,
especially in the domain of long-wave infra-
red (LWIR) imagery. This scarcity not only
affects fields like robotics, computer vision,
and automation but also has tangible
implications for critical operations for the
United States Air Force (USAF), such as
aerial refueling. Aerial refueling facilitates
global reach for military operations and
expands many aircrafts’ mission capabili-
ties. The development of automated aerial
refueling (AAR) represents extending these
capabilities to unmanned aircraft as well as
increasing the safety of manned aircraft.
Traditional techniques for developing
imagery used to train a convolutional neu-
ral network (CNN) for this automation rely

captured imagery without known camera calibrations, facilitating labeled data
creation for impractical-to-simulate sensors. Ultimately, this transfer learning
approach provides a low-cost and precise method for creating CNNs trained on
operationally relevant data, previously unattainable by the everyday user.

1. Introduction

The development of robust automation algorithms reliant on
vision-based sensors faces a significant hurdle: the scarcity of
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on error-prone human data annotation,
expensive sensors, or simulations, which
often fall short in capturing the real-world
complexities and nuances, particularly in
different wavelengths. Thus, a large chal-
lenge is posed when attempting to auto-
mate and transition such algorithms out
of the lab setting to real-world operations.

This study solves the lack of operationally realistic data with
the development of a novel transfer learning system to automate
the creation of high-quality labels for such data. The approach
leverages pseudo-labeling and transfer learning with a 6 degree
of freedom (6DoF) pose estimation system. This enables the
labeling of real images, including LWIR imagery, without the
need for costly truth sources or labor intensive, error-prone man-
ual labeling of large datasets. On operational imagery directly
from real-world flight tests, this study shows that pixel reprojec-
tion error is reduced and bounding box (bbox) estimate counts
are increased, resulting in a higher number of well-estimated
6DoF poses and fewer conspicuous errors in predictions, known
as bad pose estimates.

To summarize the pseudo-labeling technique: a 3D model of
an object is used in the OpenGL simulation environment,
AftrBurner,” to generate perfectly labeled images of a known
3D object. These images are used to train a YOLOv5P! CNN to
draw bboxes around various parts of the object; typically 20 or
more parts of the object will have associated bboxes for them.
Then the Solve Perspective-N-Point (Solve-PnP)™* algorithm esti-
mates the 6DoF pose (position and orientation) of the object, if it
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receives at least four bbox estimates from YOLO. This 6DoF pose
can then be used to reproject all the bboxes desired for a given
object back into an image; hence, with as little as four YOLO
predictions, reprojection can label all 20+ bboxes for an image.

Training on pseudo-labeled data is often hindered by the
necessity for high-quality data. This requires identifying and mit-
igating false positives, false negatives, and noisy or inaccurate
data. Our system solves this issue by utilizing the pose, reprojec-
tion error, and number of predictions to filter bad pose estimates.
Thus, with minimal human supervision, this process can be
automated for hundreds of thousands of real images. It is worth
noting that typically the authors prefer to use five or more
features for Solve-PnP to enhance its stability by leveraging
the random sample consensus algorithm (RANSAC).

To demonstrate the effectiveness of this technique, multiple
real datasets from a December 2023 flight test event are used.
The objects labeled and predicted for this study were a
Calspan Learjet C25D and a United States Navy (USN) refueling
drogue basket. The flight test consisted of two rear-facing LWIR
cameras mounted on the tanker aircraft, a Gulfstream G-III, and
a color electro-optical (EO) camera mounted in the cockpit of the
receiver aircraft, a Calspan Learjet C25D. This study restricts
reporting metrics to two of the flights. This resulted in excess
of 200,000 images for both LWIR and color imagery that could
be assessed. Flight 1 is used as the training and validation data-
set, holding back Flight 2 as a test dataset; there were two LWIR
cameras on the tanker aircraft, the “left” of Flight 1 was the train-
ing and validation dataset.

Thus, three different CNNs were trained, summarized in
Table 1. The EO_Drogue network was trained on color simula-
tion imagery with the drogue facing the camera. Then used to
pseudo-label the real EO color imagery from the Learjet cockpit.
The LWIR_Learjet and LWIR_Drogue networks were trained on
simulation imagery converted to grayscale, to better imitate the
appearance of LWIR. The drogue was facing away from the cam-
era and the Learjet was facing the camera in this training imag-
ery. These networks were used to pseudo-label the LWIR imagery
captured from the G3.

Additionally, an experiment was conducted to assess the
impact of camera intrinsics on the pseudo-labeling process.
While precise camera intrinsics are critical for accurate 6DoF
pose estimates, their significance in the pseudo-labeling process
proposed in this article is negligible. This implies that approxi-
mate camera intrinsics and field of view (FoV) estimates can
suffice for applying the pseudo-labeling technique. This demon-
strates that our pseudo-labeling technique can be applied to older
datasets with limited information about camera calibration,
thereby simplifying label creation for object detection teams.

The remainder of this article is organized as follows. Section 2
provides an overview of related work in the field of AAR,

Table 1. Summary of dataset parameters.

pseudo-learning, and transfer learning techniques. Section 3
outlines the methodology employed in our study, including
details of the flight tests and data collection procedures.
Section 4 presents the experiment results, followed by a discus-
sion of their implications. Finally, Section 5 offers concluding
remarks and outlines directions for future research. A video
showing these findings is available at.”

The contributions of the paper are: 1) A novel transfer learning
technique that facilitates semi-autonomous labeling of real
images, including LWIR imagery, without the need for expensive
truth sources. 2) Experimental results demonstrating increased
performance and prediction capabilities of CNN and 6DoF pre-
dictions trained on the semi-autonomously labeled real-world
images. 3) Demonstration of proposed technique without regard
for camera calibration, revealing applicability of technique to
datasets without quality knowledge about the camera used.

2. Background and Related Work
2.1. Aerial Refueling

Aerial refueling is critical to military operations as it extends the
mission capabilities and range of aircraft, allowing the United
States to have global reach. For aerial refueling, there are two
main scenarios: USAF and USN or North Atlantic Treaty
Organization (NATO). In both scenarios there is a tanker aircraft
carrying large amounts of fuel and a receiver aircraft, which
desires that fuel. In the USAF scenario, the receiver has a refu-
eling receptacle, a hole, that the tanker must maneuver a flying
boom with a telescoping tube into. In this scenario the receiver
must find and maintain position behind the tanker while the
tanker must identify the refueling receptacle and manipulate
its boom into it. The USN or NATO scenario differs in that
the tanker simply extends a drogue basket behind it and the
receiver must find and connect itself to that basket. In both sce-
narios, aircrew must take months to train until they can use their
vision to estimate the position of the opposing aircraft, and in the
USN case, identify a small drogue basket as well.)

There have been limited successes at past attempts to
automate the aerial refueling process.”® They have involved
expensive custom-built sensor suites, causing these techniques
to be restricted to demonstrations. Past research tended toward
stereo-vision as an approach;*!”! while it showed limited
success, it proved untenable to overcome the noisy nature of
the stereo-vision system compared to more recent approaches.
Recent research!'' ' revealed that off the shelf cameras paired
with systems using computer vision and CNNs are able to
replace these previously used, expensive, and custom-built sys-
tems. However, this recent research has not yet shown a reliable
transfer to real-world imagery from simulated imagery.

Dataset Range [m] Horizontal Vertical Roll Pitch Yaw
LWIR Learjet (28, 55) (—809, 80%) (~759%, —30%) (-2°, 29 (-36°, —28°) (-2°, 29
LWIR Drogue (2, 16) (=509, 50%) (~70%, 25%) (©°, 0%) (~25°, —15°) (172°, 188°)
EO Drogue (5, 30) (—60%, 60%) (—10%, 50%) (©°, 0°) (—15°, 0°) (=5°, 5°)
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2.2. Labeling Methods

Labeling techniques for object detection can be categorized
into four main types: manual labeling, synthetic labeling, truth
system-assisted labeling, and pseudo-labeling. These techniques
are often used in combination to create highly effective object
detectors.

2.2.1. Manual Labeling

Manual labeling involves human users defining bboxes around
objects in images, which are then saved as training data for
CNNs. In this process, specialized software is used to draw
bboxes around objects in images, creating essential labeled data
for CNN training. Several software suites and services facilitate
this task.

One prominent tool is Amazon Mechanical Turk,™ a crowd-
sourcing marketplace where datasets can be human-labeled.
Other notable options include RoboFlow,'®!  Amazon
SageMaker,'”! LabelMe,™® and Labellerr.'® These software
suites enable users to draw bboxes, interpolate across frames
in a video,?®! and potentially integrate with other CNNss to assist
with labeling the data.

ImageNet,*"! one of the most prominent object detection data-
sets, was created with the LabelMe software manually. While
manual labeling has significantly benefited the computer vision
community, it is not without its challenges, including issues with
precision in bboxes, false positives, false negatives, as well as
being time-consuming and expensive.l*>23]

2.2.2. Synthetic Labeling

To overcome the limitations of manual labeling and capitalize on
recent advancements in computer graphics, synthetic labeling
has gained prominence. This approach utilizes 3D graphics
engines, also known as simulators, to rapidly and inexpensively
generate precisely labeled datasets. Several graphics engines and
software suites facilitate this process.

Notable graphics engines include Blender,”™ Unreal
Engine,””! Unity,**?”! and AftrBurner.*?! These platforms
enable users to generate data quickly and cost-effectively. They
offer capabilities such as variable lighting conditions, material
effects, customizable camera parameters, and precise 3D and
2D object knowledge within images. While this study utilizes
AftrBurner, the other tools are also viable options for implement-
ing the techniques proposed in this article.

Research by Hattori et al.”® demonstrated that a CNN trained
on synthetic imagery can outperform a CNN trained on a very
limited real dataset. Various studies!”>*" have demonstrated that
CNNs trained with synthetic image generation techniques can
achieve significant success in transfer learning to real imagery.

Similar to manual image labeling, these tools and techniques
have immensely benefited the computer vision community.
However, they cannot perfectly replicate real-world conditions
or accurately simulate all types of sensors, such as LWIR cam-
eras, creating a domain gap that poses challenges for CNNs to
overcome.
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2.2.3. Truth System Labeling

A straightforward approach to mitigate the domain gap between
synthetic and real imagery is to use real imagery itself. However,
achieving precise labels for object detection in real imagery is
critical. One effective method involves leveraging additional truth
systems and sensors capable of automating label creation in
real-world scenarios, thereby ensuring the required precision.
Several systems facilitate this process, including motion cap-
ture (MoCap), differential global positioning system (GPS), light
detection and ranging (Lidar), stereo vision, and fiducial markers.
MoCap systems like Vicon,*” Phasespace,??! and OptiTrack!*¥
excel in precisely locating and tracking items and their features
in 3D space. However, they can be costly and impose limitations
on the size and distance of objects they can accurately track.
Differential GPS enables precise positioning between objects
within a scene and has been successfully employed in tasks like
aerial refueling.*®! Nonetheless, its implementation requires
multiple installations across the scene, can be expensive,
demands careful calibration, and objects in the scene can occlude
the satellite signals.*®*”) Other approaches utilize Lidar’®® or
stereo vision*>*” to get positions of objects in a scene.
Additionally, Worth et al.*! demonstrated success using fidu-
cial markers to localize a camera and objects within a MoCap
room, achieving precise labeling in that controlled environment.
Similarly, Kiyokawa** employed fiducial markers in images to
automate low-precision labels for nearby objects, then masking
the markers to prevent the CNN from learning based on them.
Despite their effectiveness, these truth systems share com-
mon limitations: they are constrained by the environments in
which they can be applied and often involve significant imple-
mentation costs.

2.2.4. Pseudo-Labeling

The technique of pseudo-labeling has emerged to address the
challenges posed by the other labeling methods while still utiliz-
ing real imagery. This approach generally involves using a CNN
to generate inferred labels for a dataset, which are then used to
further train the same or a completely new CNN.!**! This iterative
process continues until the desired performance is achieved. A
key concept in pseudo-labeling research is the necessity for
high-quality labels. However, the outputs of CNNs typically
are noisy, contain false positives, and false negatives.**~*
Consequently, a significant area of research focuses on
developing custom loss functions to reduce the penalties for false
negatives, manage the penalty of noisy data, and allow for soft
labels.??°%52) Soft labels are labels where a bbox is assigned
a probability distribution over multiple classes, allowing it
to belong to more than one class with varying degrees of
confidence.

Another significant area of research in the field of pseudo-
labeling is data filtering. Various research efforts have explored
different techniques to achieve this, including clustering the out-
puts to filter out poor estimates,**** utilizing additional sensors
for filtering,*® and applying consistency regularization, which
involves perturbing the data and assessing the consistency of
the outputs.?**>**! Other methods involve using confidence
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scores reported by the CNNI*?! or employing alternative
filtering techniques.[**>7-%¥!

Curriculum learning is another technique used by the
pseudo-labeling field, where initial training focuses on simpler
examples, progressively advancing to more complex and
challenging images.*>**%3%% pseudo-labeling techniques have
demonstrated success across various imaging spectrums in
object detection applications.>>7-60-61]

Pseudo-labeling serves as the primary technique investigated
in this study. However, our contribution is due to the novel
employment of the Solve-PnP algorithm and utilizing knowledge
of the 3D world for filtering bad pose estimates. These are critical
innovations within the pseudo-labeling field. Ultimately, these
labeling techniques aim to enhance transfer learning, improving
the efficacy of CNNs in real-world imagery applications.

2.3. Transfer Learning

Transfer learning, as defined by Torrey and Shavlik,®” “the
improvement of learning in a task through the transfer of knowl-
edge from a related task that has already been learned.” Pan®*!
summarizes it as “aiming to boost performance of the target
domain by utilizing the source domain.” Applications of transfer
learning range from training a CNN as a classifier and then
attaching more layers to further train it as an object detector,
as seen in YOLOVS5,! to training a CNN on cars and then utiliz-
ing it to find trucks or further train on datasets of trucks.**~¢°!

For the study herein, transfer learning involved using a CNN
trained on synthetic color-rendered images of 3D scanned
objects and applying those CNNs to real EO images or real
LWIR images. Transfer learning is not restricted to CNNs and
extends to other machine learning techniques, but the examples
provided herein are limited to CNNs.

Research indicates that optimal CNN training involved a blend
of real and synthetic data,*>® balancing the richer contextual
information in real data with the cleaner, precisely labeled
synthetic data.*®®”) Thus, the ability of techniques like
pseudo-labeling to generate precise labels holds promise for
bridging the gap in transfer learning, enabling CNNs to perform
effectively on real-world imagery and scenarios.

2.4. Pose Estimators

A crucial component of the methodology presented in this article
is the ability to accurately estimate the 6DoF pose of objects. This
capability has been extensively explored in prior research, partic-
ularly highlighted in studies on AAR at the Air Force Institute of
Technology.''™ Key details regarding these techniques are
provided in Section 3.

Beyond the specific approach outlined here, several other
methods for object pose estimation exist, which could potentially
complement and benefit from the concepts discussed in this
article, particularly in the context of data labeling. For instance,
the BB8 method'®® employs a CNN to predict the front and rear
bboxes for an object, using Solve-PnP to compute the pose based
on the corners of the bboxes. Another approach, as seen in, 169
involves one CNN selecting a sub-region from an image
and another CNN predicts the pose on that sub-region.

Adv. Intell. Syst. 2025, 2400575 2400575 (4 of 15)

www.advintellsyst.com

PoseCNN,"? on the contrary, directly predicts the pose using
a CNN. Various other pose estimation networks with nuanced
variations also exist.”*~"!

It's important to note that the examples mentioned earlier
focus on approaches that do not utilize depth sensors, aligning
with the scope of this article. However, these methods offer
potential compatibility with the concepts presented herein,
particularly in their application toward enhancing the efficiency
and accuracy of image data labeling processes.

3. Methodology

This section discusses the nuances of the methodology required
to execute the pseudo-labeling process. The overall process can
be summarized as the following set of steps: 1) Create 3D model
of object, 2) Generate synthetic imagery and labels, 3) Train CNN
on synthetic imagery, 4) Pseudo-label real images, 5) Filter
pseudo-labeled images, 6) Train on pseudo-labeled imaged,
7) Measure improvement, and 8) Repeat Steps 4-7.

3.1. 3D Object Creation

In order to generate imagery, the initial step involves creating 3D
object files suitable for rendering. For this project, two objects
were developed: a drogue basket with coupler and a Learjet 25D.

To create the drogue object, an Artec Leo”® was used to 3D
scan it. The drogue was removed from the hose and placed on the
ground with the basket facing up for scanning. This allowed the
basket to flair out similarly to how it would during flight. The 3d
scan was then processed with Artec’s software. This processing
involved aligning scans, removing artifacts, and filling holes in
the scan, resulting in a realistic representation of the drogue, as
depicted in Figure 1.

The Learjet could not be fully scanned due to its size, so only
the front nose cone was scanned and processed with the Artec
Leo scanner. Although additional scanners capable of scanning
large objects exist, they were not available for this experiment.
Blender® was then used to merge this scan with an .obj model
of the aircraft provided by Coherent Technical Services Inc.

Figure 1. Artec Studio 17 Render of Drogue Model.
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(CTSI), as shown in Figure 2. This model, created from
computer-aided design software, was sized according to engi-
neering design documents for the Learjet. The Learjet model
lacked associated textures, but this was not a significant concern
for the experiments in this article because the Learjet model was
used with LWIR imagery, which does not display textures as
observed with EO color cameras. In both cases, the result was
an .obj file loaded into the AftrBurner graphics engine for ren-
dering in the next step.

3.2. Synthetic Imagery and Label Creation

These 3D .obj files were then used to generate imagery via the 3D
graphics engine AftrBurner. The techniques employed here are
similar to past work,""! summarized as follows: 3D point clouds
defining components of the object are defined in their local coor-
dinate frame, projective geometry is used to get 2D pixel coordi-
nates from each of those points, bboxes are then fit around the
projected points for each component, thus resulting in a labeled
image. Because bboxes are used instead of key points, it is nec-
essary to correct for perspective in the 2D screen projection. This
correction is achieved by projecting the 3D geometric center of
each component and then expanding each bbox such that the
center of the 2D bbox matches the projection of the 3D center.
Additionally, all components are projected and labeled regardless
of their visibility.

This resulted in three files of point clouds being used to define
components on the drogue and Learjet. There were two unique
files for the drogue since it is being viewed from two vastly dif-
ferent angles and the same features likely wouldn’t be as appar-
ent from different perspectives; this is why Table 1 has three
entries. This allowed the generated imagery and labels to be
as realistic and specific to the intended use cases. The Learjet
had 24 component point clouds defined for it and the drogue
had 13 component point clouds defined for it, in each of its files.
These point clouds tended toward human readable component
names, that is, “U” on the drogue, or “left wing” on the
Learjet, however the features were not always discrete compo-
nents, that is, “topFins” on the drogue or “TailMid” on the

www.advintellsyst.com

Learjet. This was seen as acceptable because the receptive field
of the YOLO CNN is able to see more of the image than what is
precisely within a bbox in order to determine where the bbox
should be positioned.

The background skybox is randomly chosen amongst 25
images, lighting position is randomized, and the objects are ran-
domly placed in the camera’s frustum within a set of pose param-
eters described in Table 1. The main parameters here are the
range from the camera, the horizontal and vertical limits the
center of the object may appear in the image, and the roll, pitch,
and yaw limits of the object itself; these are respective of the
3D .obj files created earlier with the intent of displaying the
amount of variation used.

Due to the drogue’s symmetry, its pose was treated with spe-
cial care to ensure the components being labeled, that is, bboxes,
were all rotationally invariant, while still rotating the object being
displayed. This was accomplished by randomly setting the 6DoF
pose for the object for all but the rotation about the X-axis; the
rotation about the X-axis was always set the same as the tanker
aircraft the camera was mounted on. The components were then
projected to the screen for bbox creation and labeling, then the
drogue was rotated randomly up to 360° about the X-axis before it
was rendered. This ensured the bboxes were always rotationally
invariant in the generated images and the drogue appeared more
realistically.

3.3. CNN Training on Synthetic Data

There were three dataset scenarios used for these experiments:
the LWIR Learjet, LWIR drogue, and EO drogue. For each data-
set, 10 000 training images and 3,000 validation images were syn-
thetically created, spanning the pose parameters listed in Table 1.
This design aimed to encompass the views expected during flight
testing. The same .obj file was used for the drogue in both EO
and LWIR, but the pose parameters differ significantly in Table 1
because the object is being seen from different angles for each
dataset. The imagery used for LWIR training was converted to
grayscale before saving as a 3-channel .png to better resemble
LWIR imagery. The LWIR and EO imagery was sized at

Figure 2. Blender 4.0 Render of Learjet 25D Model.
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1024 x 768 and 864 x 864 pixels, respectively, with horizontal
fields of view of 40° and 49° to match the expected camera imag-
ery from the flight tests. Although the real EO camera produced
images at 2848 x 2848 pixels, the imagery was scaled down to
864 x 864 pixels to reduce processing time. Examples of the
training imagery can be seen in Figure 3.

Training-time data augmentation was also used according to
Choate et al.'"! varying parameters such as translation, mixup,
hue saturation, and value, but not altering scale. For the drogue
data, this training-time data augmentation disabled rotational
variation to the imagery. This was due to the symmetry of the
drogue and special care taken to ensure rotational invariance
of the components, which would be hindered if training-time
augmentation rotated the image.

A new model was trained for each dataset, each starting from
the YOLOvSs model, utilizing pretrained weights from the
Ultralytics team.?! This network was chosen due to its speed
and accuracy. The number of epochs was 1500, patience was
30, and batch size was 32. In each case patience triggered, stop-
ping training at epochs 662, 189, and 173 respectively for the
LWIR Learjet, LWIR drogue, and EO drogue, These were trained
on desktop PCs with the following hardware: AMD 7980X CPU,
128 GB DDR5 6400 MHz RAM, a RTX 4090 GPU; which took
~20, 5, and 3 h to train each respective network.

3.4. Pseudo-Labeling Real and Infrared Images

In the 4th step of the process, there are three sub-steps to pseudo-
labeling the real flight test images: 4) Pseudo-label real images
4a) CNN infers bboxes 4b) Compute 6DoF pose via Solve-PnP 4c)
Label: Project points to image 4d) Tune and repeat.

For Step 4a, an image is passed to the CNN for inference. To
filter outputs of YOLOVS5 there are three relevant parameters:

(@) (b)

Figure 3. Synthetic Training Imagery Examples. a) EO Drogue, b) EO
Drogue, c) Grayscale Drogue, and d) Grayscale Learjet.
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objectness confidence, class confidence, and non-max suppres-
sion (NMS) on intersection over union (IOU). Each of these
parameters can be tuned to balance the number of predictions
generated by the CNN and the number of false positives.
Some false positives are acceptable due to Solve-PnP with
RANSAC’s ability to perform in the presence of outliers. The spe-
cific values utilized are detailed in a Table 2, 3.5, along with
accompanying discussion . In this study, duplicate class ID pre-
dictions with lower objectness confidence will be discarded, as
there should only be one of each component in a given image.
Inference was accomplished via CUDA 12.1 with an ONNX
model via OpenCV C++ APLU”)

For Step 4D, the centers of predicted bboxes are paired with the
a priori knowledge of the 3D point cloud center for each compo-
nent. These pairs, along with the camera intrinsic values, are
passed to Solve-PnP with RANSAC® to obtain a 6DoF pose esti-
mate for the object. The Solve-PnP algorithm requires at least
four pairs to make an estimate, but tends to perform better with
at least five pairs because RANSAC has the ability to discard out-
lying pairs and minimize error.

Step 4c uses the same process as the synthetic imagery gen-
eration discussed in Section 3.2. The 6DoF pose is used to project
the point clouds of each component to an image, fit bboxes
around, and correct for perspective distortion. Thus creating
labels for the real EO and real infrared images.

Finally, Step 4d refers to tuning and repeating this process;
this is because a user should identify good objectedness, class,
and NMS IOU thresholds to appropriately restrict the number
of false positives while allowing enough true positives for
Solve-PnP to function well. In general, the Solve-PnP algorithm
functions best with more points, even if there is noise or false
positives within those points. Conversely, given too few points,
Solve-PnP can provide poor estimates or be unable to use
RANSAC to filter the false positives. This is why one should exe-
cute the entire process on their dataset before assessing if they
should repeat it.

The authors herein utilized Python to make videos of the flight
tests with YOLO predictions and pseudo-labeled images side-by-
side for different objectness values. This allowed balancing of
false positives from YOLO and the number of images which
had 6DoF poses predicted. The values used are displayed in
Table 2. Only the objectness confidence was modified;
the remaining values used follow best practices from the
Ultralytics team, the creators of YOLOvS, and Choate et al.l'"
This still allowed bad pose estimates through, hence further fil-
tering was done before determining which pseudo-labeled
images could be used for further training, which will be dis-
cussed in Section 3.5.

Table 2. Objectness, class confidence, and NMS values.

Dataset Objectness Class NMS
LWIR Learjet 0.85 0.5 0.45
LWIR Drogue 0.15 0.5 0.45
EO Drogue 0.15 0.5 0.45
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3.4.1. Example Pseudo-Labeled Images

Figure 4 illustrates an example of Step 4a, in which the YOLO
CNN labeled bboxes on the image. Subsequently, Figure 5 dem-
onstrates an example of Step 4c, in which the 6DoF pose from
Solve-PnP was utilized to project the bboxes back to the image. A
key observation here is that Step 4b only requires four bboxes
from Step 4a to pseudo-label an image with all the desired
potential boxes or features.

3.4.2. Camera Intrinsic and Calibration

In computer vision, any computation involving projective geom-
etry is dependent on the estimated camera intrinsics, making the
accuracy of any method dependent on the camera intrinsic esti-
mate accuracy. While an inaccurate camera calibration will result
in incorrect 6DoF pose estimates, it may not necessarily result in
poorly pseudo-labeled images. The camera intrinsics in this
setup were calculated with two methods. For the LWIR camera,
no chessboard calibration was performed during the event,
hence a perfect calibration without distortion was assumed.
Equation (1) shows how to calculate this. f, and f, refer to
the focal length in pixels, C, and C, refer to the coordinate of
the center pixel for the calibration, and hFoV refers to the hori-
zontal field of view in radians.

Figure 4. LWIR Drogue Day Flight Left Cam Original BBox Labels.

= & 5" —

Figure 5. LWIR Drogue Day Flight Left Cam Pseudo-Labeled.
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o
fo=fy=—F—~ (1)
tan(hFT"V)

The EO images underwent preprocessing to correct for distor-
tion and resize them from 2848 x 2848 to 864 x 864 pixels. Once
resized, images captured of a chessboard were used to execute
Zhang’s”” method of camera calibration using OpenCV.
Then the distortion parameters were used with OpenCV to
undistort the images. When undistorted, the distortion parame-
ters became obsolete, thus all distortion parameters received by
the Solve-PnP algorithm were set to 0. This process yielded cali-
bration parameters seen in Table 3 and labeled as “EO”.

Furthermore, Table 3 presents the EO camera intrinsics cal-
culated from the checkerboard calibration and the LWIR camera
intrinsics calculated via Equation (1). These “EO” intrinsics were
utilized as a base case in an experiment aimed at showcasing the
negligible impact of intrinsics on pseudo-labeling images with
our approach. It is important to note that varying the camera
FoV can significantly affect the 6DoF pose estimates by the
Solve-PnP algorithm. However, the experiment illustrates that
if the same intrinsics used for Solve-PnP are applied to label
the image, the resulting bboxes exhibit negligible differences ver-
sus this process being completed with a different camera
calibration.

This experiment utilized the CNN trained on purely synthetic
EO imagery to make bbox predictions on the real daytime flight
test imagery. These bboxes were then used by Solve-PnP with a
camera calibration to calculate pose, position and orientation, of
the drogue. Subsequently, the components of the drogue for
those poses were reprojected onto the image for each set of
intrinsics to create bboxes. This process resulted in multiple data-
sets of bboxes, that could be compared to one another to measure
the impact of intrinsic calibration. The EO calibration was used
as the base case for comparison whereas all other calibration’s
sets of bboxes were compared to that. The other calibrations uti-
lized for comparison were calculated in two ways: first was to vary
the focal length from the base case by 5% and second was to
choose the same C, and C, as the EO calibration or the assumed
perfect values, C, = C, = 432 for this case. After applying filter-
ing techniques for bad pose estimates, the comparison focused
on examining the consistency of 2D bbox centers between the
reprojections. This filtering was necessary because, even though
the same bboxes were used, the difference in intrinsics could
cause Solve-PnP to find a bad or a good pose that would have
otherwise been the opposite.

It is crucial to consider the distortion parameters used in this
process and implementation should strive to set them to 0. Our
work accomplished this by preprocessing the images to undistort
them and only ever working with or saving images that had been
undistorted. The significance of distortion parameters stems

Table 3. Camera intrinsics.

Camera fe fy C, C,
LWIR 1406.7 1406.7 512.0 384.0
EO 963.9 963.8 535.4 489.7
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from the fact that a user can supply Solve-PnP with both distor-
tion parameters and distorted images to obtain accurate 6DoF
pose estimates. Users seeking 6DoF precision and streamlined
processing in 6DoF pose estimation should consider this
approach. However, it’s important to acknowledge that reprojec-
tion of 3D points onto a 2D distorted image while properly com-
pensating for distortion parameters is non-trivial and left as an
exercise for the reader.

3.5. Filtering Pseudo-Labeled Images

Only using the various confidence values mentioned in
Section 3.4 for filtering bad predictions is not recommended.
This is because being too restrictive on the CNN prevents
Solve-PnP from performing well; the more points Solve-PnP
receives the better, even if some portion may be false positives
or imprecise. However, allowing too many predictions from the
CNN can be undesirable because too many false positives will
enable Solve-PnP pose estimates when the object of interest is
not in the scene.

This is of special concern to transfer learning to real scenarios
because the CNN has never seen the scenarios or features it is
supposed to avoid predicting on, which could look very similar to
the object in question. This was observed in initial testing where
a circular logo was mistakenly predicted as the drogue basket
when the confidence was tuned too low. However, the confidence
values were able to be tuned to allow some false positives
through, without allowing enough through to make pose predic-
tions on those features. Another concept affecting the tuning is
the receptive field of the CNN; it was observed during these
efforts that the false positives reduced when the object of interest
was in the image, that is, an image with a couple false positives
on similar-looking features but no object of interest would have
fewer false positives if the object was in the image.

Even after tuning of the CNN parameters, there were still
images with poor pose estimates. To address this, simple filter-
ing of the pseudo-labeled images was performed to discard the
poorly pseudo-labeled images. Typically, Solve-PnP did not per-
form well when provided with only four pairs, so those estimates
were discarded as part of the pseudo-labeling process.
Additionally, images with estimates outside the expected dis-
tance from the camera were discarded; for example, during
the flight test, the drogue was never closer than 5m from the
EO camera, nor further away from the LWIR camera than the
length of the hose to which it was attached. Finally, an average
pixel error was calculated by comparing predicted bbox centers
by YOLO in the previous Step 4a against the center of the same
bbox class after it was reprojected back to the image in Step 4c.
These filtering criteria are summarized in Table 4.

Figure 6, 7, and 8 illustrate the images classified as good (blue)
and bad (orange) for each dataset used for the retraining outlined
in Section 3.6. If the figures are considered independently, a
reader might mistakenly conclude that the filters removed an
excessive number of images, resulting in too few remaining
for training. Therefore, Table 4 includes a column indicating
the significant number of images that remained after applying
the filter and conducting an 80/20 training-validation split.
These figures demonstrate that simple filters can remove all
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Table 4. Pseudo-Labeled Datasets’ filtering Criteria.

Object Minimum Minimum # Distance Maximum Training
confidence predictions [m] avg image
pixel error  count
LWIR Learjet 0.85 5 (15, 70) 5 92 446
LWIR Drogue 0.15 5 (2.2, 26) 5 89225
EO Drogue 0.15 5 (3, 50) 5 57118
175 1 o Good Pred
Bad Pred
150 ~
125
]
2 100
©
k4]
a 757
| M &i biaf
55 | L I.& ll
0 -

0 20401 40803 61204 81606
Index

Figure 6. EO Day Flight Filtered Images.
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Figure 7. LWIR Learjet Day Flight Left Cam Filtered Images.

the bad predictions, although they may also remove some good
predictions; it is up to a user to tune their filtering to their
application.

As a reminder to the reader, the imagery from Flight 1 was
broken into training and validation datasets via 80/20 split;
the split was only the “left” camera for the LWIR data. Then that
data had the filters mentioned here applied to it. The filters
applied are summarized in Table 4, validation image count is
omitted from the table.
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Figure 8. LWIR Drogue Day Flight Left Cam Filtered Images.

3.6. Retraining the CNN

Each of the entries in Table 4 resulted in a new dataset of images
and bbox labels. These images were combined with the synthetic
training and validation images originally used to train the
networks. Each network was then trained for 100 epochs on
their new datasets, with a patience setting of 20 epochs. This took
~12, 14, and 23 h for the EO, LWIR Learjet, and LWIR drogue
networks to train, respectively. All networks completed the 100
epochs without early stopping.

An additional network was trained for more than 800 epochs
and compared to the network trained for 100 epochs. While lon-
ger training showed slight improvements in the typical CNN
metrics like mean Average Precision (mAP), it did not show clear
improvements for the metrics being assessed by this work, as
discussed in Section 3.7. Therefore, 100 epochs were considered
sufficient to demonstrate the benefits of this transfer learning
pseudo-labeling technique.

3.7. Measuring Improvements

Multiple parameters were examined to show the improvements
of this technique, both qualitatively and quantitatively. The met-
rics reported are good pose counts, bad pose counts, average pre-
diction count, and average 2D reprojection error. The good pose
count is defined as the number of images in which Solve-PnP
received enough bbox pairs and produced a pose which was
considered good. The bad pose count was when a pose was
received from Solve-PnP, but it was considered bad, that is,
outside the expected range or with a large reprojection error.
A pose is considered good or bad per the filtering criteria in
Table 5 and further discussed in Section 4. Table 5’s filtering cri-
teria is an update to Table 4’s criteria, but slightly more strict for
reporting on the test data.

The average prediction count is the number of YOLO predic-
tions made per image across an entire dataset. The average 2D
reprojection error is calculated as the mean pixel distance
between the YOLO predictions and the reprojections. This dis-
tance is first averaged over each image and then averaged across
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Table 5. Filtering Criteria for Determining good versus bad poses.

Object Minimum Minimum #  Distance  Maximum avg
confidence predictions [m] pixel error
Lear_15 0.15 5 (15, 70) 5
Lear_85 0.85 5 (15, 70) 5
Lear_rtrn 0.15 5 (15, 70) 5
Drogue 0.15 5 (1, 20) 5
Drogue_rtrn 0.15 5 (1, 20) 5
EO_Drogue 0.15 5 (3, 50) 5
EO_Drogue_rtrn 0.15 5 (3, 50) 5
EO_Drogue_MoCap 0.15 5 (3, 50) 5

all images that had a predicted pose. Plots of the distance to the
object from the camera are used to show a qualitative assessment
of the various networks.

The pseudo-labeled data used to further train the models was
all from Flight 1; for the LWIR cameras, only the left was used for
the training data. Metrics are presented for each network against
both the data used as the train validation split, as well as an addi-
tional flight and cameras during the evening of that same day.
For the LWIR data, metrics are shown for those networks against
both flights and both left and right cameras. This is to show
performance on completely unseen data by the networks and
the improvements made by the additional training.

3.8. Motion Capture Trained Comparison

The work herein was also compared to another CNN trained with
the use of a MoCap room. The details for this work are in Worth’s
work."*!! This network was trained with a similar approach, how-
ever a MoCap room and AprilTags were used to get the truth pose
of objects in the images, allowing for very precise labeling of
bboxes in real imagery. The MoCap technique also showed
promising results of transfer learning to real flight imagery;
however, this network was trained on and only analyzed against
EO imagery of the drogue. Hence, this network was compared to
the same networks as the EO networks trained herein.

4. Results

This section presents the outcomes of the experiments,
organized into three key areas. Firstly, we examine how camera
intrinsic parameters are not essential in Section 4.1.
Subsequently, we delve into the EO analysis of retraining
(Section 4.2) as well as show how our method is comparable
to a system built with a highly precise MoCap room. This is
followed by a comprehensive exploration of the LWIR analysis
of retraining (Section 4.3).

The filtering criteria used to pseudo-label the datasets earlier
in Table 4 was modified for the results section to provide a
slightly more stringent set of bounds for the LWIR drogue data-
set. This can be seen in Table 5. The tables and plots in this sec-
tion use these criteria to determine if a pose estimate was good or
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bad. The average pixel error and the prediction count averages
are calculated independently of the filtering criteria.

Note, for all retrained networks, the same objectness, class
confidence, and NMS values were used; 0.15, 0.5, and 0.45,
respectively. This is noteworthy due to the fact the labeling of
the Learjet utilized 0.85 objectness confidence to best filter its
estimates.

4.1. Non-Essential Camera Intrinsic

For the experiment described in Section 3.4.2, the results are
summarized in Figure 9. The pseudo-labeled bboxes found from
the checkerboard calibration intrinsics were used as the base case
for comparison. These can be found in Table 3. Those bboxes
were then compared to pseudo-labeled bboxes from the system
using various other sets of intrinsics. The other calibrations uti-
lized for comparison were calculated in two ways: first was to vary
the focal length from the base case by 5%, and second was to
choose the same C, and C, as the base case (denoted as red),
or the assumed perfect center values of C, = C,, = 432 (denoted
as blue).

This test demonstrated that the effect of poor or incorrect
intrinsic parameters is generally negligible for pseudo-labeled
images, in our process. The most significant effects occurred
when the intrinsic values deviated substantially from the original,
resulting in a lens with a very wide FoV. Such poor calibration is
unrealistic in practical scenarios. Figure 9 also reveals that the C,
and C, values seemed to be the primary cause of the difference
for the majority of the experiment, overshadowing the effect of
changes in focal length for reasonable focal length margins.
Overall, since the difference between the base case and reason-
able camera calibrations was under a pixel, it was concluded that
the effect of the calibration is negligible for the pseudo-labeling
process herein.

Intrinsic Calibration Comparison to Base Calibration

www.advintellsyst.com

It is worth noting that a reader should consider their specific
camera and object setup in relation to these results. The drogue
observed in the images for the test in Figure 9 was positioned far
enough from the camera that the effects of perspective distortion
were minimal. Therefore, users with objects significantly closer
to the camera or significantly larger may experience higher levels
of perspective distortion, which could change the significance of
their camera calibration in this pseudo-labeling process. For typ-
ical use cases where objects do not exhibit significant distortion,
the intrinsic parameters are likely less critical. These findings
underscore the robustness of the proposed pseudo-labeling
approach to variations in camera calibration, further validating
its efficacy for everyday users without expensive equipment or
truth data using it for object detection labeling.

4.2. EO Analysis of Retraining

The first look at the results for this process can be seen via a
comparison of the EO camera mounted in the Learjet cockpit
predicting the drogue position. Table 6 and 7 show that there
is a slight improvement across all parameters when continuing
the training of a CNN with real images labeled with the proposed
technique. Specifically, Table 6 demonstrates that the retrained
network (EO_Drogue_rtrn) exhibits improvements compared to
the original network (EO_Drogue) in both datasets (Day and Nt).
The results for these two networks demonstrated statistical sig-
nificance in average pixel error and average prediction count as
determined by the Wilcoxon Rank-Sum test with an alpha of
0.01; P-values were significantly less than 0.001. Similarly, the
results in Table 7 showed statistical significance for both datasets
as determined by the Chi-Square test conducted on the good
and bad counts using an alpha of 0.01. P-values were significantly
less than 0.001. These findings underscore the efficacy of the
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Figure 9. Intrinsic Calibration Effects on Pseudo-Labeling.
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Avg Pixel E
Table 8. 2D LWIR performance M .
Prediction Counts

Network Day Nt Network L_Day R_Day L_Nt R_Nt
EO_Drogue 0.96 1.90 Lear_15 5.21 12.45 8.15 11.81
7.22 10.76 20.29 17.99 18.57 12.12
EO_Drogue_rtrn 0.57 1.03 Lear_85 1.84 6.54 2.96 3.1
7.51 10.89 14.93 12.00 12.28 8.97
EO_Drogue_MoCap 1.54 1.06 Lear_rtrn 0.29 0.58 1.09 1.15
13.50 35.06 23.21 20.95 22.50 18.62
Drogue 263 384 22 8.6
8.56 7.79 7.39 5.96

X Good
Table 7. 3D EO performance ( estimates q) Drogue_rtrn 0.36 0.37 0.47 0.64
Ba 11.28 11.36 11.37 10.64

Network Day Nt
EO_Drogue 71,417 50,496
619 511
EO_Drogue_rtrn 72,800 54,062
132 153
EO_Drogue_MoCap 40,329 53,243
209 184

pseudo-labeling and retraining approach, affirming its status as
the most effective method evaluated.

Additionally, these tables show that the results are comparable
or better than a network trained with a 3D MoCap room and real
imagery. The average bbox prediction count for the MoCap net-
work should not be compared to the other networks because it
was trained with a different set of features on the drogue. The
MoCap network included some 65 features versus 13 possible
features for this work. Our network outperformed the MoCap
network during the day flight; this was attributed to the training
data for the MoCap network having been collected in a large
room without perfect lighting. Conversely, the MoCap network
outperformed our original network, (EO_Drogue) for the night
portion of flight, likely for this same reason. However, after being
retrained, our approach performed better. When comparing the
retrained network versus the MoCap network the average pixel
error demonstrated statistical significance via Wilcoxon Rank-
Sum test with similar parameters as before. Similarly, the results
in Table 7 showed statistical significance for the MoCap and
retrained networks demonstrated by Chi-Square test for the
day flight with similar parameters as before, but the night flight
did not show statistically significant differences.

Overall, these results show that our approach to initial training
has very good transfer learning unto itself for EO imagery, that
retraining the network can have a positive effect, and that this
approach can outperform networks trained with real data from
a MoCap room.

4.3. LWIR Analysis of Retraining

Analysis of the results from the LWIR imagery truly highlights
the effectiveness of our pseudo-labeling approach. Table 8 reveals
that the average pixel error was higher for all of the purely
synthetically trained models on LWIR images compared to the
EO results from Section 4.2, Table 6. This discrepancy is under-
standable, considering the significant leap required for transfer
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learning on LWIR imagery compared to real EO images in this
study. The other metrics are not useful to compare directly
between the EO and LWIR experiments because the numbers
of images each had was very different and the components iden-
tified on the objects were different. Even for the drogue, distinct
components were defined for the front (EO) and back (LWIR)
detection.

The Learjet appears multiple times in Table 8 and 9, repre-
sented by “Lear_15” and “Lear_85” entries. These denote the
Learjet network trained exclusively on synthetic data; however,
it was run against the data twice with different objectedness val-
ues, 0.15 and 0.85. This was to allow the reader to observe the
same values used to make the pseudo-labels, Table 4, and the
values used by the retrained network, fully summarized in
Table 5. It can also be seen that a more lenient objectedness value
had a reduced bad pose estimate count with the retrained
network versus the stricter objectedness prior to pseudo-label
training, seen in Table 9.

These entries also serve to illustrate that a higher number of
predicted bboxes does not necessarily equate to better pose
predictions. For instance, “Lear_15”" predicts more bboxes on
average than “Lear_85” for each dataset, yet it also yields fewer
accurate pose estimates, as shown in Table 9. Therefore, this
underscores the importance of tuning the parameters of a
CNN before employing its results for the proposed pseudo-
labeling technique and the dataset against which it is employed.

The LWIR retrained networks demonstrated significant
improvement across all of our key metrics, seen in Table 8
and 9. First, the average pixel error decreased to under or near

Good
Table 9. 3D LWIR performance <estimates o0 >

Bad
Network L_Day R_Day L_Nt R_Nt
Lear_15 107,353 82,368 16,313 16,153
15,459 37,573 9,630 13,583
Lear_85 105,560 101,059 20,058 21,136
1,614 15,484 2,879 1,608
Lear_rtrn 117,573 117,407 23,036 22,998
85 191 147 100
Drogue 111,619 77,520 31,524 5,760
9,847 5,225 1,288 1,002
Drogue_rtrn 130,662 130,632 35,217 34,642
84 55 6 41
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a single pixel, a 2.7-13.8x decrease between each of the datasets,
indicating the retraining properly taught the networks the LWIR
appearance of the objects while remaining precise. Additionally,
the retrained models produced higher bbox prediction counts
at the same objectness values. This increase in bbox predictions
was complemented by a rise in the number of good 6DoF pose
estimates and decrease in bad estimates, showcasing the
overarching system’s increased robustness and reliability on
these data sets.

Statistical significance in the results was demonstrated by
comparing the retrained networks to their original counterparts
using various tests. Specifically, Table 8 shows that the retrained
networks exhibit statistically significant improvements in both
average pixel error and prediction counts over their original
versions, as confirmed again by the Wilcoxon Rank-Sum with
an alpha of 0.01 and P-values significantly less than 0.001.
Similarly, Table 9 indicates that the retrained network’s perfor-
mance outperforms the original networks, as confirmed again by
the Chi-Square test on the good and bad counts using an alpha of

Figure 10. Example Image of Original Network Failing to Predict Enough
BBoxes.

Figure 11. Example Image of Retrained Network Predicting Enough
BBoxes.
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Figure 12. LWIR Drogue Day Flight Left Cam Retrained Network.
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Figure 13. Comparison of LWIR Drogue Night Flight Right Cam between
a) Original and b) Retrained Networks. (a) LWIR Drogue Night Flight right
Cam Original network, (b) LWIR Drogue Night Flight right Cam retrained
network.
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0.01 and P-values significantly less than 0.001. These findings
emphasize the effectiveness of the retraining approach,
highlighting it as the most successful method among those
evaluated.

Figure 10 and 11 also show increased reliability and robust-
ness, whereas these images show the network performing well
in scenarios where it previously failed. The images illustrate that
when the Learjet was behind the drogue, the original CNN would
fail to make enough predictions for a pose estimate on the
drogue. However, after retraining, it was no longer confused
by that scenario; the figures show the same image of the dataset
by the network before and after retraining.

Furthermore, Table 8 and 9 illustrate the increased number of
good pose predictions and decreased number of bad pose predic-
tions. The number of good pose predictions of the retrained net-
work was greater than the total number of pose estimates by the
original networks. Indicating that not only were the retrained
networks producing better poses, but also had learned enough
to estimate good poses on images the original networks were
unable to predict poses on at all. This is better depicted in
Figure 12b and 13a.

Figure 12 is the retrained network executing on the same data
shown in Figure 8. It is evident that many of the bad pose esti-
mates have been eliminated. Some of filtering techniques used to
identify bad pose estimates may also be flagging acceptable val-
ues, showing a need for a deployed system to use more robust
filtering.

Figure 13a shows that data was especially difficult due to being
a night flight and the right camera being out of focus. However,
Figure 13b shows that the retraining technique improved the
ability of the system significantly, allowing for predictions where
previously not possible, greatly reducing the number of bad pose
estimates, and seeming to reduce the noise of the predictions
that were considered good.

5. Conclusions and Future Work

In summary, this article details the steps necessary to implement
a novel labeling approach for real imagery, without the need for
camera intrinsics or 3D truth data. Experimental results
demonstrated that precise camera calibration is not essential
for this technique, even though precise intrinsics are necessary
for accurate 6DoF poses. Our approach was validated using
real EO and LWIR imagery, showing significant improvements
in performance for the LWIR transfer learning. Moreover,
our technique was comparable and even outperformed
a similar system trained with highly precise sensors in a
MoCap room.

This study is significant because it creates the ability to label
real imagery for training neural networks. It enables the revival
of archived real video and imagery of operational scenarios,
making them useful for training CNNs. This directly addresses
the critical need of robust computer vision-based automation sys-
tems for high quality, precise, and labeled imagery, as close to the
desired deployment scenario as possible. Our labeling technique
enables the training of neural networks on operational and
application-specific imagery without requiring expensive sensor
suites. Additionally, this approach allows for iterative training of
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neural networks, continuously refining them as scenarios reveal
performance limitations. This addresses the critical need for pre-
cisely labeled, high-quality data that computer vision community
is starved for, as it is applied to autonomous navigation, robotics,
and the creation of more sophisticated and reliable artificial intel-
ligence systems.

There are obvious limitations to this work. The first limitation
is the lack of 6DoF truth data to assess the resulting system accu-
rately. A clear direction for future work would be to evaluate the
overall system’s ability to make 6DoF pose estimates with highly
precise truth data.

Another limitation lies in the filtering techniques used. The
techniques employed in this study were deliberately simple to
demonstrate the robustness of the approach and its general
applicability to various datasets. However, most real-world data
includes a time series aspect, presenting an opportunity for
future work to implement algorithms like Kalman filters®” or
more advanced filtering methods. These advanced techniques
could be applied in both 2D and 3D to reduce noise, false
positives, false negatives, and bad pose estimates with which
our current filtering method contended. Additionally, the
reprojection error used as a filtering technique could be assessed
for usage in a deployed system as a method to detect for bad
Solve-PnP estimates.

Furthermore, this study only applied the technique once,
showing significant benefits even after a single iteration.
Future research could apply this approach to multiple disparate
datasets to demonstrate that the pseudo-label trained network
could be used to label other imagery that was previously unable
to be labeled and to fine tune deployed networks when situations
are found where they are deficient. Finally, future work could
also focus on automation of the entire process. This could create
more opportunities for application with other austere sensors
and in diverse environmental conditions.

In conclusion, this study presents a novel technique for creat-
ing labeled imagery from real-world imagery, leveraging transfer
learning from synthetic images. Our method demonstrated the
effectiveness of further training CNNs on real imagery labeled by
our technique, addressing a critical need in the computer vision
community for high-quality, precisely labeled data from actual
operational environments. Notably, our approach does not
require well-calibrated camera intrinsics, which is impactful
because users may not have intrinsic parameters for their exist-
ing datasets, especially those captured with multiple cameras or
older data. The significant improvements observed in perfor-
mance, particularly in LWIR transfer learning, underscore the
potential of this approach to enhance autonomous navigation,
robotics, and artificial intelligence systems. This work not only
contributes to current methodologies but also opens avenues
for future research to refine and expand its application across
diverse datasets and scenarios.

Code Availability

The code is not publicly available. Department of Defense organizations
may contact Dr. Scott Nykl regarding inquires for use of the simulation
environment and code.
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