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Abstract
This paper presents a comprehensive approach to enhancing autonomous docking maneuvers through machine visual

perception and sim-to-real transfer learning. By leveraging relative vectoring techniques, we aim to replicate the human

ability to execute precise docking operations. Our study focuses on autonomous aerial refueling as a use case, demon-

strating significant advancements in relative navigation and object detection. We introduce a novel method for aligning

digital twins using fiducial targets and motion capture data, which facilitates accurate pose estimation from real-world

imagery. Additionally, we develop cost-efficient annotation automation techniques for generating high-quality You Only

Look Once training data. Experimental results indicate that our transfer learning methodologies enable accurate and

reliable relative vectoring in real-world conditions, achieving error margins of less than 3 cm at contact (when vehicles are

approximately 4 m from the camera) and maintaining performance at over 56 fps. The research findings underscore the

potential of augmented reality and scene augmentation in improving model generalization and performance, bridging the

gap between simulation and real-world applications. This work lays the groundwork for deploying autonomous docking

systems in complex and dynamic environments, minimizing human intervention and enhancing operational efficiency.

Keywords Relative navigation � Annotation automation � YOLO � Perspective-n-point � Autonomous docking �
Machine transfer learning

1 Introduction

Docking operations refer to the procedures and activities

involved in maneuvering a vehicle, such as a boat, space-

craft, airplane, or ground vehicle, to connect securely with

a docking station, specific location, or another vehicle. The

goal is to achieve a stable and precise alignment for pur-

poses ranging from maintenance and repair actions to the

transfer of fuel, cargo, passengers, or data [31, 50].

Humans possess an innate ability to seamlessly execute

docking maneuvers, leveraging their visual perception and

hand-eye coordination to adeptly guide multiple objects

together [52]. Take, for instance, a skilled driver who relies

on vision to safely park a car (Object 1) inside a garage

(Object 2). This activity demands the person recognize the

two objects within a common field of view, infer from this

view the position and orientation (i.e., pose) of each object

relative to the observer, and interpret these poses as relative

to each other [15]. Remarkably, humans perform these

cognitive tasks simultaneously as part of a closed control

loop (e.g., steering the car), resulting in docking maneuvers

free of collision or mishap.

Unfortunately, having a human-in-the-loop limits

docking operations as well. They require special experi-

ence and months, or even years, of education and training

before attaining proficiency, especially on docking
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maneuvers with high complexity—think aerial refueling

[14], space rendezvous and proximity operations [18], and

maritime ship docking [45]. Moreover, humans need

periodic rest and are prone to physical exhaustion, mental

fatigue, distractions, emotional distress, task saturation,

and other negative influences that often lead to mistakes,

property damage, injuries, or worse [53, 68, 71]. Eventu-

ally, they also age out and permanently retire from service,

sometimes taking with them decades of invaluable skills

and experience. But imagine a scenario in which these

limitations were eliminated… what if humans were

replaced with machines possessing comparable intelligence

and visual perception? Is it feasible to develop such a

machine—one that can be easily replicated, programmed

with accumulated knowledge overnight, and deployed in

hazardous environments, thus entirely mitigating risk to

human life?

Autonomous docking is not a new concept and has a rich

history of innovation and achievement. One of the earliest

and most notable instances dates back to October 30, 1967,

when the Soviet Union successfully automated the docking

between spacecrafts Kosmos-186 and Kosmos-188 [70].

Despite significant advancements since then, state-of-the-

art autonomous docking solutions still face substantial

limitations and cannot yet fully replace human operators.

In some systems, human supervisory control is maintained

as a fallback option, allowing operators to intervene if

necessary. However, fully removing humans from the loop

remains a key challenge, especially in environments like

aerial refueling, where GPS-based solutions can be denied

[4], inertial systems are prone to noise and drift over time

[51], and current vision algorithms do not simultaneously

meet the accuracy, reliability, and execution speed

requirements needed in such dynamic and unpre-

dictable conditions [84].

Worth et al. proposed an intelligent computer vision

pipeline designed to meet these complex requirements in a

previous study [84]. It was named Relative Vectoring using

Dual Object Detection due to its capability to mimic

human visual perception by intelligently detecting and

simultaneously processing two objects within an image.

From this single image, the pipeline estimates the poses of

the objects, interprets these poses as relative to each other,

and transforms the vector between them into the relative

local reference frame of either object—hence the term

‘‘relative vectoring.’’ Essentially, this pipeline enables

Object 1 to determine the location of Object 2 relative to

itself. Simulations demonstrated that this pipeline reliably

produces relative vectors with an accuracy within 3 cm at

contact, when the vehicles are less than 4 m from the

vision sensor. It operates in real time (at least 45 fps) on a

laptop equipped with an Nvidia RTX A5000 GPU, is

resilient to occlusions, does not require extrinsic camera

calibrations, and ultimately facilitates relative navigation

between objects using vision alone. These attributes make

relative vectoring ideally suited for autonomous docking

maneuvers.

One major drawback, however, is that relative vectoring

was only demonstrated in simulation [83, 84]. Machine

transfer learning, which focuses on transferring knowledge

across domains, is a promising methodology for bridging

this sim-to-real gap [97]. This paper extends the relative

vectoring pipeline into the real world by taking advantage

of transfer learning. You Only Look Once (YOLO), a state-

of-the-art object detection system renowned for its excep-

tional speed and accuracy [38], was trained to find features

in synthetic imagery generated in a lab.1 Then, the

knowledge learned from this task was transferred to a

different but related task, namely, finding those same fea-

tures in real operational imagery. Specifically, a novel

digital twin alignment technique was performed that aligns

real objects and their realistic virtual counterparts in 3D

space as well as corresponding real and virtual imagery of

such objects through the use of fiducial targets and motion

capture (mocap) data. Doing so enabled accurate 3D point

projections and effective annotation automation of syn-

thetic images containing real objects. Lastly, techniques

were proposed for combining synthetic and real operational

docking imagery through augmented reality and scene

augmentation to produce precisely labeled, blended images

with enough variations to improve generalization and

enable positive transfer learning.2

Although relative vectoring can be adapted to address

nearly any autonomous docking problem, the experiments

in this work were confined to an autonomous aerial refu-

eling (AAR) use case. To quantitatively assess pipeline

performance, relative vectoring was conducted in a labo-

ratory setting using full-scale aerial refueling objects, real

camera imagery, and corresponding mocap truth data.

Additionally, real flight testing was performed under a

variety of operational conditions to confirm positive

transfer learning and consistent generalization to previ-

ously unseen imagery. Overall, the results demonstrate that

the transfer learning techniques proposed in this paper

enable real-world relative vectoring with accuracy, relia-

bility, and speed matching previous results observed only

in simulation, achieving an error of less than 3 cm at

contact 100% of the time and maintaining a frame rate of

over 56 fps on a Nvidia RTX 4090 Laptop GPU. The

results of relative vectoring between two air vehicles are

1 For this effort, the unaltered Ultralytics YOLOv5 PyTorch imple-

mentation found at [78] was used.
2 In the context of this work, synthetic imagery is defined as images

collected from non-operational sources and can include virtual,

hybrid, and real imagery—e.g., real images collected in a laboratory.
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analyzed and presented. Furthermore, the findings indicate

that augmented reality and scene augmentation signifi-

cantly enhance YOLO model generalization and

performance.

To summarize, the objective of this research was to

enable the relative vectoring pipeline on real-world ima-

gery using machine transfer learning, effectively bridging

the sim-to-real gap. Contributions set forth by this paper

include:

1. A novel method for performing digital twin alignment

of machine vision using fiducial targets and mocap

data—aligning the virtual world to the real world as

observed through corresponding imagery.

2. Novel cost-efficient annotation automation techniques

for rapidly generating realistic and precisely labeled

YOLO training data.

3. Proven YOLO models that can consistently and

accurately find 3D points in real 2D images through

machine transfer learning on synthetic data.

4. Novel augmented reality and scene augmentation

techniques that increase YOLO model generalization

and performance.

The remainder of this paper is divided into five sections.

Section 2 discusses related works in the computer vision

and machine transfer learning domains. Section 3 details

how positive machine transfer learning was enabled

through digital twin alignment and annotation automation

of synthetic training data. Experiments designed to evalu-

ate pipeline performance are outlined in Sect. 4, followed

by experimental results in Sect. 5. Finally, Sect. 6 dis-

cusses closing thoughts and future work.

2 Related works

The essence of relative navigation can be summed up as a

vehicle’s ability to track the pose of another vehicle or

object relative to itself [58]. Without relative navigation,

autonomous docking is not possible. So, where does this

ability come from? In short, all forms of relative navigation

between vehicles fall under one or more of the following

three categories: signals (e.g., GPS), inertial, or vision-

based navigation [84]. Of the three, vision is the only one

impervious to interference, jamming, and drift, making it

exceptionally useful in autonomous docking operations.

Thus, a vision-based approach is the primary focus of this

study.

2.1 Traditional vision solutions

Simple vision-based docking methods have been success-

fully implemented in controlled environments. For

example, Wu et al. [87] proposed a docking approach for

self-changeable robots using a combination of three pri-

mary techniques: YOLOv3-based object detection and

tracking for pre-positioning, laser ranging for depth and

precise angular alignment, and infrared emitter and recei-

ver control loop for lateral alignment. While this method

performed well for guiding a robot to a stationary target in

a controlled 2D plane, it remained limited to relatively

simple scenarios. These rudimentary methods do not

address the complexities of more realistic dynamic envi-

ronments, such as those encountered in aerial refueling,

where docking must be achieved in the face of rapid

movements, turbulence, and unpredictable external factors.

More complex vision solutions such as stereo vision

[60, 92], light detection and ranging (LiDAR) [7, 16], and

structured light [82] compute 3D point clouds directly from

sensed data. Despite producing rich spacial information,

these approaches are often slow and significantly limited

by their sensitivity to environmental conditions, high

computational requirements, inability to handle occlusions,

and need for complex extrinsic calibrations [84].

Nearly all other vision-based solutions today take

advantage of projective geometry from the pinhole camera

model, i.e., vectors projected through a common focal

point and onto an image plane [76]. In particular, well

established algorithms like perspective-n-point (PnP) can

convert intrinsic camera parameters, 3D points, and cor-

reponding 2D image projections into accurate 6� of free-

dom (6DoF) pose estimates [26]. However, accuracy of the

algorithm’s output is entirely dependent on its input. As

long as the physical properties of the camera remain fixed,

accurate camera intrinsic parameters can be established

through a simple chessboard calibration. Similarly, accu-

rate fixed 3D object points can be established through

methods such as total station surveying [30], 3D scanning

[17], and motion capture [57]. Unfortunately, the third and

final input is not as easy to establish. Current solutions lack

the ability to accurately, precisely, and reliably localize

corresponding 2D image points in real-time. Hence, image

feature detection remains the root problem in most vision-

based approaches.

Several researchers have successfully automated feature

detection through more traditional solutions like infrared

LED blob detection [8], Harris corner detection [6], Vis-

Nav [21], Speeded Up Robust Features (SURF), Scale-

Invariant Feature Transform (SIFT), fiducial marker

detection, HSV color segmentation, and active contouring

[22]. To establish a 2D to 3D point correspondence, many

of these also require a separate algorithm, like mutual

nearest point [6], classical assignment model, perspective

transformation based matching [89], maximum clique

detection [49], and the Munkres algorithm [23]. Although

various combinations of these methods have unique
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benefits and can produce predictions with minimal error in

controlled environments, they also come with significant

drawbacks. For example, LED detection approaches enable

operations in low lighting, but also require power to each

beacon, are susceptible to over saturation due to light

pollution and ambient interference, and most are not resi-

lient to occlusions and missing features. Moreover, tradi-

tional solutions are inherently deterministic and do not

generalize well in varied conditions. For instance, Noh

et al. successfully automated the docking and undocking of

an electric vehicle to a charging terminal using ArUco

marker detection, but their approach also required optimal

lighting for adequate marker visibility [54].

2.2 Machine learning

To overcome these limitations, the computer vision com-

munity has increasingly turned to machine learning (ML)

techniques. Some have proposed ML solutions that con-

solidate feature detection, feature matching, and pose

estimation into a single network architecture; notable ex-

amples include DFPN-6D [9], YOLO-6D? [41], SSD-6D

[42], SMOPE-net [46], BB8 [63], YOLOv8-PoseBoost

[79], PoseCNN [88], and a few others [37, 73, 75, 95].

Deploying object detectors for feature detection and

matching tasks separate from pose estimation is also

common; examples include CenterNet [96], keypoint

R-CNN [34], and SuperPoint [20]. The above ML models

tend to perform well and generalize across popular datasets

like ImageNet [19], PASCAL VOC [25], KITTI [27],

LINEMOD [35], T-LESS [36], and COCO [47]. However,

they lack deployment in real-world autonomous docking

operations, primarily because comparable training datasets

unique to the domain do not exist and are cost-prohibitive

or impractical to create.

2.3 Current annotation methods

The most important aspect of generating such datasets is

establishing accurate annotations, which has a direct

impact on model performance [59]. Previous attempts at

automating annotations in real imagery have yielded mar-

ginal results. For example, Kiyokawa used fiducial markers

to fully automate image annotations, but struggled to

reduce error from models confusing the markers as part of

the object [44]. Similarly, Hammarkvist’s attempt at

automation through interpolation resulted in decreased

model performance [32]. Thus, most reliable datasets today

are generated manually. Unfortunately, manual image

annotations are costly, cumbersome, error-prone, and time-

consuming [65, 90].

2.4 Motivation for transfer learning

Given the challenges in acquiring large annotated datasets

in real-world autonomous docking scenarios, transfer

learning from synthetic imagery is emerging as a potential

solution. By leveraging synthetic data, researchers can

rapidly generate precise 3D ground truth and corresponding

image projections in simulation, allowing for cost-effective

and error-free image labeling automation. This method has

already shown promise when applying object detection to

pedestrians [33], drones [67], and common refrigerator

items [64, 74].

The motivation for using transfer learning in this study

arises from the difficulty of creating comparable real-world

datasets for autonomous docking, particularly in dynamic

environments such as aerial refueling. Synthetic data

enables models to be pre-trained on large, varied datasets,

which would be prohibitively expensive or impractical to

gather manually. These pre-trained models can then be

fine-tuned on a smaller set of real-world data, significantly

reducing the need for extensive real-world data collection

while still achieving high performance. Modern synthetic

imagery, which can achieve a level of realism that deceives

even the human eye [48], further enhances the effective-

ness of transfer learning by improving model generaliza-

tion from synthetic to real-world conditions.

2.5 Improving Tran’s methods

Tran recently attempted real vision-based autonomous

docking using transfer learning from synthetic imagery

[77]. He used 3D scanning to establish a realistic digital

twin of a small satellite, trained YOLO models to find 12

unique features on the satellite using solely virtual imagery

generated from the digital twin and attempted PnP pose

estimation on resulting YOLO predictions. Though

reporting as low as 1.2 cm and 1:22� of position and

rotation error respectively at contact in virtual imagery, the

same models failed to find enough features for pose esti-

mation in real imagery—an obvious indicator of failed

transfer learning.

Several improvements were made to extend Tran’s

work. First, studies have shown that including real and

higher quality synthesized imagery in training datasets

consistently improves model performance, positive transfer

learning, and overall detection accuracy [55]. To improve

image quality for this effort, a novel annotation automation

technique was used that labels real images captured in a lab

using mocap data. A professional-grade 3D scanner was

also used when generating the digital twins, as opposed to

Scaniverse on an iPhone. Some other notable experimental

design decisions differing from Tran included: increasing
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YOLO input resolution from 640�640 to 864�864;

increasing training dataset image count from 10K to 17.8K;

increasing training epochs from 200 to 2000 and patience

from 5 to 30; and decreasing YOLO model size from

YOLOv5m to YOLOv5s. Assumptions in Tran’s work

imply YOLO can only find features that are unique and

distinct to humans. This study challenged these assump-

tions by randomly selecting features regardless of unique-

ness. Feature count was also significantly increased from

12 to 90. Lastly, instead of performing relative navigation

from image sensor to vehicle (i.e., within camera’s local

reference frame), relative vectoring [84] was deployed to

navigate one vehicle to another.

3 Methodology

The primary objective of this effort was to train YOLO to

accurately find 3D object points in real-world imagery,

ultimately enabling autonomous docking maneuvers

through a technique called relative vectoring. Procuring

adequate training data remains the most significant chal-

lenge. The data must be accurate and accessible. Real

labeled imagery from operational environments has

potential to produce the best model performance. However,

such data are often difficult or impossible to obtain due to a

lack of accurate truth data. Thus, this study proposes using

the next best thing: machine transfer learning on synthetic

data. In the absence of real operational data, will super-

vised machine learning on labeled imagery generated in a

laboratory or virtual world suffice? Will resulting models

generalize well when faced with real-world operational

conditions?

To answer these questions, YOLO was trained with (1)

labeled virtual imagery produced in simulation, (2) real

imagery labeled using 3D re-projections in a mocap space,

and (3) hybrid imagery that blends the two. Furthermore,

various scene augmentation techniques were deployed to

overcome generalization challenges associated with glare,

poor lighting, low visibility, and other previously unseen

environmental conditions. The remainder of this section

describes the proposed machine transfer learning pipeline,

as depicted in Fig. 1. This includes how annotation

automation of synthetic images was implemented and how

models were trained with resulting data to accurately pre-

dict 2D image points of 3D features across multiple

objects.

3.1 Experimental objects

In this work, objects were defined as anything that has a

local reference frame and can be ‘‘seen’’ by a vision sensor

within its optical field of view. In doing so, PnP could be

applied to sensed 2D image points and corresponding 3D

object points to derive the pose (position and orientation)

of each object relative to the camera. Furthermore, since all

the estimated poses are defined in a common reference

frame, i.e., that of the camera, they can also be represented

in the local reference frame of any single object through

simple reference frame transformations—this is how

image-based relative navigation was enabled in this effort.

The objects of interest here are the two docking vehicles

and vision sensor (i.e., camera) as well as the space they

operate in. Typically, empty world space is not considered

an object. However, it is considered one in this work since

it has its own local reference frame and the camera can

‘‘see’’ it, meaning the 3D space can be localized relative to

the camera and vice versa. This distinction later helps with

digital twin alignment.

3.1.1 AAR use case

Despite this work having relevance in nearly all docking

scenarios, autonomous aerial refueling (AAR) was chosen

as the primary use case due to its complexity. Aerial

refueling remains among the most complex docking

maneuvers due to its rapidly changing and volatile nature.

Docking a receiver probe into a tanker drogue mid-flight

typically requires a highly trained and seasoned human

pilot with fast reflexes. Furthermore, probe and drogue

refueling, when compared to the boom and receptacle

method, is often considered more challenging because the

Fig. 1 Sim-to-real transfer learning pipeline
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flexible hose-drogue assembly has uncontrolled and

unpredictable movements from turbulent wind effects [39].

Thus, if the proposed algorithm performs well on probe and

drogue refueling, it will likely perform equally well on

other docking maneuvers with less complexity and larger

margins for error, e.g., parking a car inside a garage.

Within a mocap space, a full-scale refueling drogue

basket was suspended and flared open within a wooden

support structure, see top left of Fig. 2. The support

structure was attached to a railed pulley system for vertical

and horizontal articulation. All support structures were

painted black, so they visually blended in with the back-

ground. A full-scale Learjet nose cone with attached

refueling probe was also present, see top right of Fig. 2.3

Wooden boards with hand-drawn instrument panels were

attached to imitate what is commonly seen in an aircraft

cockpit and a camera was mounted behind it, see Fig. 3. In

a way, this mimics real aerial refueling operations while

positioning the camera at a realistic vantage point.

3.1.2 Vision sensor

An Alvium G5-811c camera [2] served as the vision sensor

for all real-world imagery collected in this effort. By

default, it has a raw output resolution of 2848�2848 pixels

which was resized—using OpenCV and bilinear interpo-

lation—down to 864�864 in preparation for YOLO

training and inference. Autoexposure was enabled and

focus set to approximately 15 m in front of the camera. All

real imagery in this effort came from this camera config-

uration. Additionally, a common chessboard camera cali-

bration, i.e., Zhang’s method [93], was used to correct

distortion in images collected in the mocap space; resulting

intrinsic camera parameters are listed in Table 1.

3.1.3 Digital twins

Generating virtual imagery necessitated the use of digital

twins. In this effort, 3D models of the probe and drogue

were created using an Artec Leo 3D scanner [3]. With

0.2 mm 3D resolution and 0.1 mm 3D point accuracy, the

scanner generated highly accurate 3D models with rich

textures, exportable to OBJ format, see Fig. 2. We subse-

quently imported these models into a highly customizable

virtual world rendered using the AftrBurner graphics

engine [56]. In this virtual world, a virtual camera was

modeled with a resolution and horizontal field of view

similar to that of the Alvium G5-811c. However, instead of

modeling the distortion coefficients listed in Table 1,

virtual images were produced with no distortion and cor-

responding real images were undistorted during a digital

twin alignment. In addition to the probe, drogue, and

camera digital twins, the virtual world coordinate frame

was also aligned to that of the mocap space, which occu-

pied a room approximately 20 m long, 16 m wide, and 6 m

high. These digital twins accurately modeled the real world

and enabled realistic synthetic image generation.

3.1.4 Digital twin alignment

Aligning real-world objects to their digital twins is a trivial

task when using a mocap system—just set the pose of each

digital twin to its corresponding real-world object pose as

reported by a mocap system. Unfortunately, this simple

method does not translate directly to minimizing re-pro-

jection error in corresponding imagery, especially when

dealing with distortion effects. One method found in the

literature is to perform an extrinsic camera calibration to

establish an optimal transformation between the camera

reference frame tracked by a mocap system and the true

optical camera reference frame [5, 11, 66]. Regrettably,

solving for a fixed transformation will not consistently

preserve alignment with noisy mocap estimates. Despite

state-of-the-art technology, the most expensive, highest-

resolution, and well-calibrated mocap systems still gener-

ate noisy data—in which even the slightest positional and

rotational deviations from truth can result in significant re-

projection errors. For example, the PrimeX 41 OptiTrack

cameras used in this work have a rotational accuracy of

�0:5� [57]; this has potential to result in over 13 cm in

Fig. 2 Digital twins of refueling drogue basket (left) and Learjet nose

with attached refueling probe (right)

3 For simplicity, the entire Learjet is considered an extension of the

probe, e.g., features found on the Learjet nose cone are simply

referred to as probe features.
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positional error across the length of the mocap space, see

Fig. 4.

In this effort, a slightly different approach was used.

Instead of applying a single optimized transformation

across all images, the variance in mocap precision between

frames was overcome by computing a unique transforma-

tion for each image using PnP. To enable this capability, a

field of known 2D to 3D correspondences were established

by positioning fiducial targets throughout the mocap space,

see Fig. 5. The 36h11 AprilTag family was used and the

mocap system was configured to report the 3D position of

each tag’s 2D center. Automating 2D tag center localiza-

tion in imagery came from computing the intersection of

diagonals between AprilTag corners as depicted in Fig. 6.

With 2D tag center points and corresponding 3D mocap

space coordinates, PnP enabled automation of camera pose

localization relative to the space itself. In this effort,

OpenCV’s solvePnPRansac method was used. In addition

to 2D to 3D point matches, the intrinsic camera parameters

listed in Table 1 were passed in, extrinsic guess was dis-

abled, and the iterations count, re-projection error thresh-

old, and confidence threshold were set to 500, 4.0, and

0.9999, respectively. The subsequent output of this method

was a 6DoF pose estimate in the form of a Rodrigues

rotation vector, rvec, and a z-forward translation vector,

tvec. These were used to set the virtual camera pose,

effectively aligning image re-projections of digital twins in

both real and virtual imagery. The diagram in Fig. 7

depicts a generalized overview of this technique.

3.1.5 Reference frames

How can a machine move in a specific direction to avoid an

obstacle or dock with another object without a sense of

direction? Without well-defined reference frames, coordi-

nating complex maneuvers among multiple objects is

impossible. Thus, the last important aspect of establishing

the experimental objects was defining their local reference

frames. They were defined here as 3D Euclidean spaces

with x-axis facing forward, y-axis to the left, and z-axis up.

Furthermore, the origins of the receiver aircraft and refu-

eling drogue were defined as the probe tip and refueling

coupler centers, respectively, see Fig. 8. Probe-to-drogue

(PtD) contact is made when these two origins coincide, i.e.,

the PtD vector magnitude is zero. For the camera,

OpenCV’s standard convention was used: z-axis forward

(aligned with optical axis), x-axis to the right, and y-axis

down. In pixel space, the image origin was defined as the

top leftmost pixel with x-axis right and y-axis down.

3.2 Labeling techniques

Now that the experimental objects and corresponding

coordinate frames are defined, a naı̈ve approach could be to

consider collecting imagery next. However, accompanied

labels are a prerequisite to supervised machine learning.

Moreover, automation is crucial since manual post-capture

labeling is laborious, expensive, slow, and error-proned

[91]. Furthermore, high performing models require large

training datasets. In this work, three different labeling

techniques are proposed for generating such datasets: (1)

reusable manual labeling of real probe images, (2) virtual

projection labeling of simulated drogue images, and (3)

mocap re-projection labeling of real and hybrid drogue

images.4

3.2.1 Reusable manual labeling

As previously mentioned, manually labeling objects in

large image datasets is largely untenable, except when the

Fig. 3 Feature-rich hand-drawn cockpit dashboard

Table 1 Intrinsic camera parameters inside mocap space

Resolution 864 9 864 pixels

Horizontal FOV � 49:375�

Radial dist. (k1, k2, k3) -0.192, 0.153, -0.042

Tangential dist. (p1, p2) 1.46e-4, -5.55e-4

Optical center (cx, cy) 431.80, 422.61 pixels

Focal lengths (fx, fy) 939.34, 939.67 pixels

Fig. 4 Rotational error of h ¼ �0:5� potentially equates to over

13 cm in positional error when projected out to 15 m from the camera

4 In the context of this work, hybrid refers to imagery of a real drogue

placed in a virtual scene through the use of augmented reality.
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objects in the images are stationary. A stationary object,

such as the vehicle to which the camera is attached,

requires only one set of labels. These labels can then be

reused across all other images containing the same sta-

tionary object. This labeling method is particularly

advantageous because it can be applied to real operational

imagery, thereby reducing the need for generating synthetic

data. However, this raises a crucial question: How does one

manually label 2D features in imagery that correspond to

3D object points?

To answer this question, it is helpful to work backward

starting with the 3D points. First, the 3D positions of probe

features visible in the image were surveyed across the

probe’s digital twin, (see left side of Fig. 9). Next, these 3D

local space points (probe reference frame) were trans-

formed into world space points (mocap reference frame)

using the probe pose reported by the mocap system. Lev-

eraging the camera pose, i.e., rvec and tvec, computed

during the digital twin alignment, and intrinsic parameters

from Table 1, OpenCV’s projectPoints method subse-

quently transformed these world space points into image

space as 2D point projections (see right side of Fig. 9).

Finally, to establish YOLO labels for these 2D points, each

were encapsulated within a small bounding box, centered

precisely on the point itself, as illustrated in Fig. 10.5

Although manually labeling a single image in this manner

was slow and cumbersome, the upfront cost ultimately

translated to accurate Learjet training label automation for

hundreds of thousands of images, rendering it highly effi-

cient in the long run. Unfortunately, labels could only be

reused if corresponding object features remained stationary

within the image. Labeling a moving drogue required a

different approach.

3.2.2 Virtual projection labeling

Images contain perspective distortion, resulting in different

bounding box sizes and aspect ratios for the same object

depending on its position on the image plane [12]. To

account for this distortion during drogue label automation,

drogue features were randomly selected, and 3D points

were surveyed around each feature. Each feature was thus

defined by a 3D point cloud, with the geometric centers of

these point clouds serving as the 3D points that YOLO was

trained to detect. In simulation, these 3D points, along with

extrinsic and intrinsic camera parameters (such as position,

orientation, and the K-matrix), are precisely known, mak-

ing the projection of points onto the camera’s image plane

a straightforward task using OpenCV’s projectPoints

method.

Next, the tightest fitting bounding box surrounding each

2D projected feature point cloud was computed. The sides

of each bounding box were then expanded until their

centers aligned with corresponding 3D geometric feature

centers projected onto the image plane. These resulting

bounding boxes were saved as YOLO training labels for

Fig. 5 AprilTags used for digital twin alignment (left) with corresponding mocap data generated by OptiTrack (right)

Fig. 6 AprilTag 2D centers found in imagery (left) with correspond-

ing 3D centers reported by OptiTrack (right)

5 Arbitrarily sized to approximately 1–5% of the image width and

height.

Neural Computing and Applications

123



each virtual image. Repeating this process in Monte Carlo

simulation allows for the generation of unlimited training

data that is precisely labeled, error-free, inexpensive, and

quick to produce. For more details on this process, refer to

[84].

3.2.3 Mocap re-projection labeling

High-resolution digital twins offer significant potential for

successful machine transfer learning. However, real ima-

gery introduces a level of realism that even advanced

rendering techniques like ray tracing and Phong illumina-

tion [61] cannot fully achieve. Therefore, this work also

explored training YOLO with real labeled imagery. Using a

method similar to virtual projection labeling, the labeling

of real lab-generated images was automated by utilizing the

3D truth of predefined drogue features. However, instead of

projecting simulation-provided 3D truth into virtual ima-

gery, digital twin alignment was used to re-project mocap

data into real imagery (see Fig. 11). This approach ensured

valid labels for both the real images and their aligned

virtual counterparts, a benefit that was also leveraged to

label hybrid images.

3.3 Hybrid drogue imagery

Although YOLO, with sufficient training data, can learn

the underlying structure of a real drogue from real images

captured in a controlled environment, evidence throughout

Fig. 7 During digital twin alignment, fiducial target detection

software reports the 2D image locations of specific target points

(top middle) while a mocap system reports their corresponding 3D

locations within the mocap space (yellow center path). PnP subse-

quently converts the 2D to 3D point matches to an optimized

transformation between mocap space and the camera’s true optical

local reference frame (rvec and tvec, top right). Finally, the

transformation is used to project both real and virtual points (blue

and red bottom paths) back into the original image. Note that re-

projection error can be measured directly by computing the difference

between the 2D points passed into Solve PnP and the corresponding

output of Project Points

Fig. 8 Local reference frames

Fig. 9 Manually surveyed 3D local frame points from digital twin

(left) and their 2D projections in real imagery (right)
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the literature suggests contextual information can improve

object detection generalization and performance on unseen

data, such as images of the same real drogue flying in a

brightly lit sky [1, 13, 24, 28, 43, 47, 80, 94]. To explore

this, a form of augmented reality was adopted that replaces

the laboratory scene surrounding the real drogue (e.g., lab

walls and flooring) with virtual scenes containing more

realistic context (e.g., clouds in the sky). Specifically,

chroma keying was used by following Smirnov’s OpenCV

implementation of the Vlahos algorithm [72]. However,

merely adding a green screen backdrop proved insufficient

for hiding the AprilTags and drogue support structure

without residual artifacts or significant manual post-pro-

cessing. Instead, a reverse green screen approach was

employed, setting the drogue’s digital twin to a uniform

green. This enabled automated replacement of the virtual

drogue with a real one using chroma keying, as depicted in

Fig. 12.

3.4 Scene augmentation

As previously mentioned, object detectors can benefit from

contextual information. In addition to removing the unre-

alistic laboratory scene in hybrid imagery, it is important to

incorporate common contextual elements present in real

operational environments, such as variations in back-

ground, lighting, and perspective. To account for these

factors and improve YOLO’s generalization and perfor-

mance, various scene augmentation techniques were

explored.

Backgrounds In virtual reality simulation, skyboxes are

commonly used to create the illusion of distant 3D sur-

roundings [29, 40]. This approach was employed to vary

the backgrounds of virtual imagery. By using 32 different

skybox patterns, a wide range of environments were sim-

ulated, including clouds, overcast, mountainous terrain,

oceans, vibrant sunsets, starry nights, and clear skies. Each

virtual image was assigned a randomly selected skybox,

which was also randomly rotated to enhance YOLO’s

ability to generalize across different banking maneuvers.

Lighting Real aerial refueling operations can occur at

any time of day or night, and factors such as aircraft

heading, attitude, altitude, and weather conditions can

create unique lighting effects. To anticipate glare, shadows,

reflections, and reduced visibility during real-world oper-

ations, both virtual and real light augmentation techniques

were implemented. In simulation, the position and orien-

tation of the virtual light source were randomized between

image captures. In the lab, overhead lights were toggled on

and off, and portable work lights were randomly directed at

the probe and drogue from different angles, as shown in the

left image of Fig. 12.

Perspective To effectively generalize detection of

moving 3D drogue features in 2D imagery, YOLO must

learn what such features look like from different perspec-

tives [12]. For instance, these features grow and shrink in

imagery as distance between the drogue and camera varies,

and they undergo perspective distortion as they move

across the image plane. To train YOLO on these different

perspectives in the lab, a camera was attached to a tripod,

simulating its mounting in the Learjet cockpit. During

image collection, the drogue was articulated in three

dimensions within the camera’s field of view, maintaining

a realistic orientation by pointing in the direction of esti-

mated airflow with zero roll, pitch, and yaw.

Matching these images to corresponding mocap data

requires high-precision time alignment between the camera

and mocap system—a capability that was not available in

this work. To mitigate this challenge, data was collected

only while the drogue was stationary. Imagery with cor-

responding mocap data was captured for 278 random sta-

tionary drogue positions evenly distributed throughout the

camera’s viewing frustum, at a range of approximately 4.5

to 17 m. At each position, approximately 130 images were

collected at about 5 fps while performing lighting aug-

mentation. This process generated approximately 36,000

unique images of a real drogue—each containing 65 pre-

cisely labeled drogue features captured from various per-

spectives in less than four hours.

In simulation, a similar process was followed. Prior to

each image capture, the drogue was randomly placed

within the same range in the camera’s viewing frustum,

with background and lighting augmentation. Without the

Fig. 10 Manually generated reusable YOLO labels of stationary

probe features
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Fig. 11 Mocap re-projection labeling begins with a digital twin

alignment, in which an image is captured of targets distributed

throughout the mocap space (top left). PnP subsequently converts

their 2D and 3D positions—as reported by AprilTag and OptiTrack

software respectively—into a camera pose relative to the targets; this

aligns the 3D mocap space to the camera’s optical local reference

frame (bottom left). Note that a digital twin alignment remains valid

as long as the camera remains stationary, thus allowing for reuse of

the alignment on the drogue after removing the targets (top middle).

Finally, the positions of predefined feature point clouds, also reported

by OptiTrack (bottom right), were reprojected into the camera’s

image plane, enabling accurate annotation automation (top right)

Fig. 12 Chroma keying a real image (left) behind a reverse green screened digital twin (middle) resulted in a hybrid image (right) depicting a real

drogue suspended within a virtual scene
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limitations of time alignment, the simulation allowed for

imagery generation from significantly more perspectives

than possible in the laboratory. This method resulted in an

unlimited source of unique and precisely labeled virtual

images, generated at approximately 21 fps on the platform

listed in Table 2.6

3.5 Multi-object image merging

The labeling and scene augmentation techniques proposed

thus far are object-dependent, focusing on either the probe

or the drogue individually. However, real operational

imagery will contain both objects. To accurately represent

this realistic context, a method was needed to merge the

two image sources. Fortunately, since the stationary probe

represents the foreground in each image, a simple gradient

alpha mask was applied to achieve the merger.7 Similar to

manual reusable labeling, the benefit of applying a single

mask to all probe images outweighed the initial cost of

manually generating it. Figure 13 illustrates this masking

process, where randomly selected real lab-generated ima-

ges of the probe were merged with virtual, hybrid, and real

images of the drogue to populate the final training datasets.

3.6 Handling occlusions

In previous studies [12, 84], it was demonstrated that

training on occluded images can enhance YOLO model

performance and enable a capability similar to object

permanence or ‘‘x-ray vision.’’ Consequently, in this

research, all feature labels were retained regardless of their

occlusion status in the image. However, training YOLO to

detect a fully or mostly occluded drogue presents chal-

lenges, including potential confusion for the model or an

increase in false positives. To address this challenge, an

occlusion threshold was established, leading to the dis-

carding of any labeled images in which more than half of

the drogue features were occluded. Figure 14 illustrates the

Table 2 Platform configuration

Environment setting Version/specification

Computer (laptop) Dell Precision 7680

Operating system Windows 10 (64-bit)

Processor Intel Core i7-13850HX

Memory (RAM) 64GB

Disk storage 1TB

GPU Nvidia GeForce RTX 4090

Nvidia CUDA v12.1

OpenCV (with cuDNN) v4.8.0

OpenGL v4.3

YOLOv5 model format .onnx, exported from .pt

Fig. 13 Probe and drogue images were merged using a single-channel

gradient alpha mask (left). In this mask, white represents pixels

retained from probe images (top row), while black represents pixels

retained from drogue images (middle row). The bottom row displays

the resulting merged imagery used to train YOLO models

Fig. 14 Automated occlusion detection was achieved by defining a

polygon with vertices along the outer perimeter of the probe’s

silhouette (blue) and determining whether features reside within the

polygon. In this image, drogue feature f1 is deemed occluded by the

probe, as it falls within the polygon, whereas f2 is not

6 This platform was also used for all benchmarks and experiments

reported throughout the remainder of this paper.
7 The merging process also included a merger of corresponding

labels.
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use of a point-in-polygon algorithm to automate this

thresholding process.

3.7 Supervised machine learning

Utilizing the methods described above, training datasets

were generated, comprising various combinations of ten

image types: virtual, hybrid, and real images with and

without the probe, as well as with and without the drogue,

as depicted in Fig. 15. For real imagery containing the

drogue, raw images captured in the laboratory were uti-

lized. In contrast, real images without the drogue were

randomly selected from unsplash.com search results using

the keywords sky, landscape, and land. Each training

dataset consisted of 5% images containing only a probe,

5% only a drogue, 5% neither probe nor drogue, and 85%

both probe and drogue. Additionally, each training dataset

was populated with approximately 17,800 images and

underwent an 80/20 train-validation split.

All training tasks commenced from the YOLOv5s pre-

trained checkpoint, running for 2000 epochs with early

stopping and a patience of 30, employing a batch size of

16, and utilizing an image input size of 864. During

inference, YOLO predictions were filtered by applying

objectness, class probability, and non-maximum suppres-

sion thresholds of 0.200, 0.250, and 0.200, respectively.

Unique features without duplicates were defined, and

YOLO outputs were further filtered to retain only the single

prediction with the highest probability per class.

3.8 Applying relative vectoring

Ultimately, the final step of the machine transfer learning

pipeline, as depicted at the bottom of Fig. 1, involves

Fig. 15 Examples of ten training data image types used in this work. Recall that hybrid images contain a real drogue chroma keyed on to a virtual

background; thus, no distinction is made for hybrid images without a drogue

Table 3 Background data subsets (non-probe images)

src1 drg2 15,130 7565 5044 890 594 445 297

v – – – – j o p –

r – – – – k – q u

v H a d g l – r v

h H b e h m – s w

r H c f i n – t x

Numbered headers correspond to image counts per subset
1Data sources included virtual (v), hybrid (h), and real (r) images; see

top row of Fig. 15 for examples
2All background images either contained or did not contain a drogue,

but none contained a probe

Table 4 Training dataset compositions

Composition 5% 5% 5% 85%

ID v h r probe1 drogue neither both1

–r 0 0 1 k n k c

-h- 0 1 0 j m j b

-hr 0 1/

2

1/

2

p, q s, t p, q e, f

v– 1 0 0 j l j a

v-r 1/

2

0 1/

2

p, q r, t p, q d, f

vh- 1/

2

1/

2

0 j r, s j d, e

vhr 1/

3

1/

3

1/

3

o, u v, w, x o, u g, h, i

Specified data subsets a through x (from Table 3) served as the

background images for each training dataset
1Random probe foregrounds were merged with drogue backgrounds

for the probe and both data subsets
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YOLO performing inference on real imagery. Transfer

learning is considered successful if YOLO, when trained

on synthetic imagery, accurately predicts bounding boxes

centered on corresponding trained features in real imagery.

These accurate 2D center predictions, along with corre-

sponding 3D model points, can subsequently feed PnP to

produce accurate 6DoF pose estimates of the probe and

drogue relative to the camera. Relative vectoring, a tech-

nique described in detail in [84], then transforms these pose

estimates into an estimated position of the drogue relative

to the probe.8 Finally, these accurate probe-to-drogue (PtD)

vectors serve as visual perception for autonomous agents,

enabling them to automate synchronized docking

maneuvers.

Fig. 16 Learjet 25 receiver (left) and Gulfstream III tanker (right)

Fig. 17 The top left image depicts the Learjet 25 receiver aircraft

retrofitted with a refueling probe and cockpit-mounted camera. The

portion of its nose seen by the camera was 3D scanned (bottom left)

and a digital twin alignment was performed with a mobile mocap

system for accurate feature point re-projections and reusable manual

labeling (right)

Table 5 Intrinsic camera parameters behind cockpit windshield

Resolution 864�864 pixels

Horizontal FOV � 58:096�

Radial dist. (k1, k2, k3) �0.088, �0.098 0.168

Tangential dist. (p1, p2) 0.032, 0.011

Optical center (cx, cy) 535.38, 489.68 pixels

Focal lengths (fx, fy) 963.95, 963.80 pixels

8 Relative vectoring omits the orientation component of the target

vehicle when transforming both camera frame vehicle poses into a

relative position. However, the orientation component can be easily

included in the transformation if needed, resulting in a relative 6DoF

pose (instead of merely a 3D position).
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4 Experiments

The first two experiments were aimed at quantitatively

validating successful machine transfer learning by com-

paring relative vector predictions from lab-collected

imagery with corresponding mocap system truth. The third

experiment involves collecting imagery onboard real flight

tests to qualitatively assess pipeline performance and

generalization in real-world conditions. This section pro-

vides a description of these experiments.

4.1 Combination training

The primary focus of this study was to enable accurate

relative vectoring in real imagery following machine

transfer learning from synthetic imagery. Thus, the objec-

tive of the first experiment was to determine the optimal

composition of synthetic training data for generating the

highest performing YOLO models. To assess the feasibility

of positive transfer learning across the three data sources

(v = virtual, h = hybrid, and r = real), separate YOLO

models were trained for each of seven different data source

combinations: –r, -h-, -hr, v–, v-r, vh-, and vhr. Model

performance was evaluated as part of the relative vectoring

pipeline. Each model was trained to detect 107 common

features across the probe and drogue. Specifically, 65 point

clouds were randomly selected on the drogue, with each

point cloud containing 3–4 points. Feature point clouds

were labeled using virtual projections and mocap re-pro-

jections, as described in Sect. 3.2. Additionally, the 42

manually labeled probe features from Fig. 10 were utilized.

Once generated, forming manageable subsets from each

available data source permitted granular control over

dataset compositions. Table 3 lists data subsets a through

x, each containing a specified number of randomly selected

images from one of the three data sources.9 These subsets

were utilized, in conjunction with randomly selected probe

images, to populate the backgrounds and foregrounds of

Fig. 18 Image merging using alpha gradient masking on the real

Learjet is depicted on the left while resulting merged labels are

depicted on the right. Note that the real drogue in the top probe image

must be removed from training data due to the absence of

corresponding truth labels

Fig. 19 Machine transfer learning combination training results—error

at contact (0–1 m)

Fig. 20 Machine transfer learning combination training results—error

at inner close range (1–3 m)

Fig. 21 Machine transfer learning combination training results—error

outer close range (3–6 m)

9 A uniform distribution was used when randomly selecting images

to mitigate clumping and maximize drogue perspective diversity in

training datasets.
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training datasets –r through vhr as detailed in Table 4.

These datasets encompassed all possible combinations of

the three data sources such that each source was evenly

represented. Subsequently, a distinct YOLO model was

trained and deployed for each training dataset, following

the parameters and procedures outlined in Sect. 3.7.

To create a standardized test set for these models, a

dataset containing 35,918 images with corresponding

mocap truth was collected, depicting a stationary probe and

a moving drogue. During continuous image collection, the

drogue’s position within the camera’s field of view was

slowly varied to capture a diverse range of perspectives and

distances between the probe and drogue.10 Subsequently,

relative vectoring was performed with each model across

the entire test set. Accuracy was defined as the magnitude

difference between the predicted PtD vector and its cor-

responding mocap truth, with magnitude errors less than

7 cm at contact considered acceptable for autonomous

aerial refueling operations. Execution speed was measured

as average time in milliseconds per prediction and

decomposed into individual pipeline operations.

Furthermore, pipeline reliability was defined as the per-

centage of successful predictions returned over the total

number of predictions attempted.11 For instance, PnP

requires at least three matches to predict a pose. Therefore,

prediction attempts are considered unsuccessful when

YOLO detects two or fewer features of an object in an

image, since PnP cannot make a prediction in such cases.

4.2 Moving camera

In addition to evaluating relative vectoring performance

using a stationary camera, the resiliency of the pipeline to

extrinsic camera perturbations was also assessed. Various

external factors, such as inadvertent contact by a mainte-

nance technician or vibrations during mid-flight turbulence,

can induce movement in the camera. Continuously gener-

ating new training data and corresponding YOLO models

every time the camera shifts is impractical and unsustain-

able for relative vectoring. Therefore, the second experi-

ment involved applying the highest-performing model

from Experiment 4.1 to relative vectoring on imagery

captured from a moving camera. Specifically, the probe

Fig. 22 PtD error during moving camera collect (relative vectoring

with model v-r)

Table 6 Average pipeline execution time

Pipeline operation Duration

Image loaded from file 13.602057 ms

YOLO inference 17.845157 ms

Dual solve PnP 0.000401 ms

PtD vector calculation 0.000210 ms

Total 31.447825 ms
Fig. 23 Machine transfer learning training results for lowest per-

forming model, composition v– (virtual only)

10 The drogue was moved slowly enough that time alignment

between the camera and mocap system were negligible.

11 Note that all test set images contained both a probe and drogue,

thus reliability was measured across all images.
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and drogue were positioned at fixed positions approxi-

mately 4 ms apart. Subsequently, the camera was system-

atically and randomly panned and tilted while capturing

over 6,000 images along with corresponding mocap truth

data. Finally, the resulting error in relative vector predic-

tions was assessed.

4.3 Flight testing

In the final experiment, two objectives were pursued: (1)

confirming positive machine transfer learning during real

operations, and (2) assessing the benefits of scene aug-

mentation. To accomplish these goals, relative vectoring

was performed on imagery from real aerial refueling sorties

using models trained both with and without scene aug-

mentation. Despite the absence of flight truth data (e.g.,

differential GPS), qualitative analysis provided compelling

evidence of pipeline performance and its ability to gener-

alize when confronted with real environmental conditions.

For instance, visual comparison between the digital twins

of resulting predictions and corresponding imagery facili-

tated qualitative answers to questions such as: Did YOLO

identify the correct features as lighting conditions

changed? Did resulting relative vectors consistently align

with what was depicted in the imagery for most

observations?

A Learjet 25 receiver aircraft retrofitted with a refueling

probe and a Gulfstream III tanker equipped with a refuel-

ing pod served as the docking vehicles in this experiment,

see Fig. 16. To train YOLO to recognize the real Learjet,

the same procedures previously applied to the mock probe

in the lab were performed on the Learjet. This included

mounting the camera in the cockpit, 3D scanning the front

of the Learjet to establish a digital twin and performing

digital twin alignment as shown in Fig. 17. The curved

glass of the cockpit windshield introduced a significant

secondary source of image distortion. Fortunately, a new

chessboard calibration resulted in minimal re-projection

error. Table 5 summarizes the updated intrinsic parameters

applied to all flight test imagery. Over 890,000 images

were collected at 20 fps across 8 sorties, encompassing a

wide variety of flight profiles and weather conditions,

including wings-level and banking approaches with day-

time glare, overcast skies, shadows, clear skies, and tran-

sitions from dusk to night flying. From this dataset, a small

subset of randomly selected images (16,020 total) from

both day and nighttime sorties was set aside as probe

foregrounds for training and validation data. All other

collected images composed the test set.

Fig. 24 Machine transfer learning training results for highest

performing model, composition v-r (virtual and real)

Fig. 25 Highlighted image frames depicted in Fig. 26
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As a baseline, a YOLO model was trained on real-only

drogue imagery without scene augmentation, –r (no aug).

For comparison, scene augmentation was enabled for three

other models: real-only (–r), virtual-only (v–), and the data

source composition matching the highest-performing

model from Experiment 4.1 (excluding –r and v–).

Although the drogue background images were derived

from previous synthetic sources, all mock probe fore-

grounds were replaced with the real samples set aside from

the day and nighttime flight tests. These were merged using

a new alpha mask, as shown in Fig. 18. Finally, the

resulting predictions from all models were compared.

5 Results and discussion

5.1 Quantitative analysis

Violin plots in Figs. 19, 20 and 21 summarize model per-

formance from Experiment 4.1 within close range, i.e., PtD

distance of 0 to 6 m. Additionally, Figs. 23 and 24 depict

model performance across the entire range of observations

for the lowest and highest performing models, v– and v-r,
Fig. 28 Observations included � 25� banked turn; bright horizon;

steady approach; wings level; minimal clouds; background sun glare;

drogue disappeared within windshield glare from frame 186940 to

186994 (highlighted)

Fig. 26 Observations included � 20� banked turn; background sun

glare; windshield glare and shadow effects; bright horizon
Fig. 27 Highlighted image frames depicted in Fig. 28
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respectively.12 Most error for all models was observed in

the x-dimension (depth). In contrast, there was minimal

error in both y and z dimensions, and magnitude error was

lowest at contact. Fortunately, these are also the most

critical dimensions and range during docking maneuvers.

As expected, relative vector prediction accuracy dimin-

ished as the distance between the probe and drogue

increased. However, the top-performing model achieved

nearly 100% reliability across all test images—only failing

to predict PtD vectors for 3 of the 35,918 test set images.

Additionally, PtD magnitude error at contact was well

below the 7 cm acceptable threshold for all but the lowest

performing model, v–. These results demonstrate that while

positive machine transfer learning from virtual-only train-

ing to real-world inference was achieved, model perfor-

mance increased significantly when also trained on real lab

imagery.

Composition –r was expected to produce the highest

performing model since it closely resembled the test set,

comprising only real lab imagery. However, training on

both virtual and real images (v-r) resulted in a slight overall

performance improvement, possibly due to the increased

variety of drogue perspectives in the training dataset.

Although models trained on hybrid data (-h-, -hr, vh-, and

vhr) outperformed those trained on virtual-only data, they

did not show significant improvements beyond the virtual/

real composition, v-r. This suggests that including hybrid,

i.e., reverse green-screened, training data may offer little to

no additional benefit in this particular use case.

For Experiment 4.2, the highest performing model, v-r,

was deployed in the relative vectoring pipeline while the

camera was in motion. As shown in Fig. 22 and video [85],

the pipeline maintained high performance regardless of

camera orientation. Although a few outliers were observed

when the camera was jostled suddenly, causing blurred

images, or when too many probe and drogue features left

the image frame, the pipeline remained consistently

stable and accurate. These results clearly demonstrate that

the relative vectoring pipeline does not rely on extrinsic

camera calibrations and is resilient to dynamic changes in

camera orientation.

Table 6 presents the execution time for each pipeline

operation. While the total time from loading the image to

producing a PtD vector was nearly 31.5 ms, parallelizing

the pipeline—loading the current image while processing

the previous one—reduced the execution time between

Fig. 30 Observations included wings level; bright horizon; drogue

rapidly sweeps behind tanker; drogue partially departs camera FOV

from frame 221036 to 221069 (highlighted)

Fig. 29 Highlighted image frames depicted in Fig. 30

12 See Appendix A for violin plots beyond 6 m and full error

distributions for the other five models.
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predictions to approximately 17.846 ms, achieving a speed

of 56 fps.13

5.2 Qualitative analysis

As previously mentioned, the highest performing dataset

composition from Experiment 4.1 was v-r, which resulted

in less than 3 cm of error at contact. Thus, a corresponding

model for it was trained and tested as part of

Experiment 4.3. The first 24 s of video [86] showcase the

flight test training datasets used to train YOLO models for

Experiment 4.3, which included: –r (no aug), –r, v–, and

v-r. The remainder of the video [86] visually presents

corresponding YOLO model performance and resulting

relative vector predictions under various operational con-

ditions; a summary of these conditions is provided in

Table 7. Additionally, the plots in Figs. 25 through 36

summarize model performance for all images depicted in

the video [86]. Overall, positive machine transfer learning

to real flight test imagery was successfully achieved.

However, as with any supervised machine learning task,

Table 7 Flight test video [86] summary

Image frames Sortie Duration Observations Results

63,250–66,000 dt3 2:18 Banked turn, bright glare from sun sweeping across field of view Fig. 25

183,500–188,500 dt4 4:10 Mostly level flight with a single banked turn, clear skies, and various shadow/glare effects Fig. 27

213,500–221,500 dt4 6:40 Level flight, gradual approach, near contact (� 3 m out), drogue rapidly sweeps across FOV

and behind tanker drogue rapidly sweeps across FOV and behind tanker

Fig. 29

326,500–330,000 dt5 2:55 Elevated cloud cover, dark shadows on receiver, sun glare completely occludes drogue Fig. 31

445,800–449,300 dt6 2:55 Flying straight and level just above cloud ceiling, near contact (� 3 to 7 m out), probe tip

occludes drogue, drogue momentarily departs field of view

Fig. 33

549,350–603,384 nt0 45:02 Night flying: transition from sunset to near total dark- ness, four drogue LEDs brightly lit Fig. 35

Fig. 32 Observations included � 25� banked turn; elevated presence

of clouds; sun glare; drogue completely disappears in windshield

glare from frame 328712 to 328774 (highlighted)

Fig. 31 Highlighted image frames depicted in Fig. 32

13 Note that this frame rate does not account for camera speed. The

camera used in this work was limited to 20 fps, but also collected

imagery at an unnecessarily high resolution. Future work could test

this pipeline using cameras with higher frame rates and an output

resolution matching that of the YOLO input size.
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Fig. 34 Observations included wings level; elevated presence of

clouds; probe occludes drogue; drogue sweeps behind tanker; drogue

completely departs camera FOV from frame 447272 to 447318

(highlighted)

Fig. 33 Highlighted image frames depicted in Fig. 34 Fig. 35 Highlighted image frames depicted in Fig. 36

Fig. 36 Observations: � 0� to 25� banked turn; heavy cloud cover;

dark shadows; transition from day with bright horizon to night flying;

LED beacons illuminated
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YOLO’s performance varied significantly depending on its

training dataset composition.

Probe feature detection All models demonstrated nearly

equal performance, achieving close to 100% reliability in

identifying probe features, even during ascents and des-

cents through clouds (not depicted in video [86])—only

struggling during the darkest scenes of the nighttime sortie,

nt0. This consistent high performance across all models

was anticipated since they were all trained on the same

probe foregrounds from real flight test imagery. Addition-

ally, all models successfully identified the correct features

despite variations in camera rotation between sorties, fur-

ther confirming that relative vectoring does not depend on

extrinsic camera calibrations.

Drogue feature detection When identifying drogue

features, the higher feature counts detected at closer ranges

correlated to more stable predictions with less variation.

Moreover, model performance roughly correlated to the

amount of scene augmentation applied. Models trained

with augmentation significantly outperformed the one

without it, regardless of time of day, flight maneuver, or

weather conditions. Similarly, models trained on a com-

bination of lighting and background augmentation (v– and

v-r) performed better than the one with only lighting

Fig. 37 Machine transfer learning combination training results—error

at inner mid-range (6–9 m)

Fig. 38 Machine transfer learning combination training results—error

at outer mid-range (9–12 m)

Fig. 39 Machine transfer learning combination training results—error

beyond mid-range (greater than 12 m)

Fig. 40 Machine transfer learning training results for composition –r

(real only)
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augmentation (–r). More specifically, the –r model without

scene augmentation rarely detected enough features to

make a PtD vector prediction. In contrast, the –r model

with scene augmentation performed much better, though it

often made drogue feature predictions that were obviously

incorrect or not on the drogue. Depending on lighting, this

model produced PtD vectors with high stability within 4 m

but high instability beyond 8 m. Both models v– and v-r

produced PtD vectors with high stability out to 15 m

regardless of lighting, with the v-r model being slightly

more stable, especially after dark.

Remarkably, models v– and v-r accurately and consis-

tently found drogue features after sunset, even when the

human eye could no longer differentiate features in the

darkness. These models generalized well at night despite

never training on the four green LEDs brightly lit on the

drogue after dark (video [86] from 22:43–26:52). During

the day, these two models also performed well, even when

encountering a wide variety of shadows, reflections, and

glare from the sun passing directly behind the drogue. No

significant performance impacts were observed for these

models when the probe occluded the drogue or the drogue

entered the tanker’s silhouette. Overall, analysis of flight

test data revealed that scene augmentation is critical for

generalization and high model performance. Furthermore,

the training dataset composition v-r produced the most

successful YOLO model, demonstrating that positive

machine transfer learning is possible from synthetic-only

data.

5.3 Performance evaluation

The performance metrics achieved—error margins of less

than 3 cm at contact and over 56 fps—are well-suited for

dynamic environments like aerial refueling. These results

compare favorably with other autonomous docking sys-

tems, which typically target error margins of 1–5 cm

depending on task complexity and conditions [10, 62, 81].

Achieving less than 3 cm error while both vehicles are in

motion, despite factors like turbulence, demonstrates the

robustness of our approach. Additionally, human operators,

for comparison, are capable of manual docking and typi-

cally respond to visual cues with a reaction time of greater

than 200 ms (5 fps) [69], which is several times slower

than our system’s processing speed. This suggests that a

frame rate of 56 fps offers more than enough time for the

system to sufficiently react to changes in the environment.

Fig. 41 Machine transfer learning training results for composition -h-

(hybrid only)
Fig. 42 Machine transfer learning training results for composition -hr

(hybrid and real)
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Key challenges that emerged during testing include

handling sensor noise, real-time processing of high-reso-

lution imagery, and overcoming environmental factors like

fluctuating lighting conditions and the unpredictable be-

havior of docking components. These challenges, while

notable, did not prevent the system from maintaining high

accuracy and reliability in docking maneuvers, underscor-

ing the system’s effectiveness in dynamic and complex

conditions.

6 Conclusions

This study demonstrates the effectiveness of machine

transfer learning in enhancing relative vectoring for

autonomous docking maneuvers, particularly in autono-

mous aerial refueling (AAR). Utilizing digital twin align-

ment from fiducial targets and motion capture data, a

reliable framework was developed for producing accurate

and realistic synthetic training data. The innovative

approach to annotation automation significantly improved

the performance and generalization of YOLO object

detection models, ultimately enabling real-world relative

vectoring with high accuracy and reliability.

A key achievement of this research was overcoming the

sim-to-real gap. This was tackled by integrating augmented

reality and scene augmentation techniques, enriching syn-

thetic training data with realistic variations. The combined

approach of using synthetic and real data enabled the

models to generalize better to real-world conditions.

Additionally, the use of fiducial targets and motion capture

data ensured precise alignment and calibration, further

bridging the gap between simulation and reality.

Despite these advancements, several limitations persist.

The reliance on synthetic data, while beneficial, still falls

short of capturing the full complexity of real-world con-

ditions. The current scope of testing has been limited to

laboratory environments and controlled flight tests, neces-

sitating further validation in diverse operational settings.

Additionally, while annotation automation techniques have

reduced manual effort, there remains potential for further

increasing their accuracy and efficiency.

Several limitations persist. The reliance on synthetic

data, while beneficial, still falls short of capturing the full

Fig. 43 Machine transfer learning training results for composition vh-

(virtual and hybrid)
Fig. 44 Machine transfer learning training results for composition vhr

(virtual, hybrid, and real)
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complexity of real-world conditions. The current scope of

testing has been limited to laboratory environments and

controlled flight tests, necessitating further validation in

diverse operational settings. Additionally, while annotation

automation techniques have reduced manual effort, there

remains potential for further increasing their accuracy and

efficiency.

Future research should focus on enhancing the realism

of synthetic data and exploring training datasets that

combine real and synthetic images.14 Extensive real-world

testing under varying conditions is crucial to ensure relia-

bility and scalability. Additionally, more sophisticated

annotation automation methods and adaptive learning

techniques should be investigated to improve labeling

precision and model adaptability. In this context, ‘‘adap-

tive’’ is defined as the system’s ability to adjust in real time

to variations in environmental conditions, such as lighting,

turbulence, or sensor noise. Further exploration of the

system’s ability to recover from failures or unexpected

disruptions—key to enhancing robustness—would also be

beneficial. Integrating multi-sensor fusion (e.g., vision and

laser distance sensors) could further improve adaptability

and resilience in complex, dynamic environments.

By addressing these limitations and pursuing these

avenues, future work can build on the findings in this paper

to develop more robust, adaptable, and efficient autono-

mous docking systems, ultimately achieving the vision of

fully automated docking without human intervention,

thereby enhancing the capabilities of AAR and related

applications.
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reflect the official policy or position of the US Air Force,
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Supplementary information

This paper has accompanied videos which can be found

at [85, 86].

Appendix A Additional combination training
test results

Section 5 presents the top-performing results from Exper-

iment 4.1. This appendix complements those findings by

providing additional related results, allowing for a com-

prehensive comparison and deeper understanding of the

experimental outcomes. Specifically, the violin plots in

Figs. 37 through 39 illustrate the machine transfer learning

combination training results beyond 6 m. Meanwhile,

Figs. 41 through 44 display the full error distributions for

the lower-performing models (Figs. 37, 38, 39, 40, 41, 42,

43 and 44).

Appendix B Additional future work

The following list comprises additional subjects related to

the domains of computer vision and machine learning that

warrant exploration to further enrich the research presented

in this paper:

• Generating labeled training data using Neural Radiance

Fields (NeRFs) and Gaussian Splatting.

• Conducting relative vectoring without electro-optical

data (e.g., long-wave infrared).

• Validating pipeline performance with differential GPS

truth.

• Integrating a rear-facing camera for dual prediction

comparison.

• Implementing Kalman/low-pass filtering techniques.

• Employing stateful noise reduction methodologies.

• Investigating cross-platform generalization, e.g., train-

ing on docking vehicles with different but similar

profiles, surface textures, and configurations.

• Employing genetic algorithms for feature selection

optimization.

• Conducting feature selection studies to ascertain the

trade-offs between performance and feature type/

quantity.

• Training distinct models to operate in parallel, focusing

on learning diverse objects or features to enhance

modularity, flexibility, and certifiability.

• Utilizing fisheye lens/360 imagery and exploring ‘‘rel-

ative vector chaining.’’

• Automating scene augmentation through mechanical

actuators to expedite the generation of training sets.

• Exploring the potential of event-based vision sensors

(EVS).

• Examining the efficacy of machine transfer learning

across different camera configurations, including vari-

ations in horizontal field of view, resolution, distortion,

and aspect ratio.

• Applying relative vectoring (or relative 6DoF pose

estimation) to other autonomous docking scenarios.

• Incorporating multiple sensing modalities, such as

combining vision with laser distance sensors, to

enhance the reliability and accuracy of autonomous

docking systems.
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