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Pose estimation plays a crucial role in robotics for prehension tasks or in augmented-reality application, yet
its application on real-world far-range estimation has not been thoroughly studied. This study aims to evaluate
pose estimators on a custom drone at distances from 0.5 m to 10 m, which is beyond the scope of existing
datasets, that only contain objects close to less than 2 m. We created synthetic and real databases specific to
our drone and compared various RGB pose estimators, evaluating their performance across different distances.
PViT-6D, being one of the SoTA methods on the classic [0,2] m interval, also outperforms others estimators at

greater distances, and proves robust with respect to detection inaccuracy. The results demonstrate the potential
of PViT-6D to be used on a real time application embedded in the drone platform. This work aims to evaluate
the potential of pose estimators for mutual perception and communication within a drone swarm.

1. Introduction

The study of object pose estimation has made significant progress
in recent years due to advances in artificial intelligence techniques and
large datasets. Pose estimation, which involves predicting an object’s
3D position and orientation relative to the camera, is a crucial compo-
nent in various robotics applications, including drone navigation and
swarm formation.

The BOP Challenge [1], driven by multiple contributors, has es-
tablished a unified framework for benchmarking pose estimation al-
gorithms. The use of large datasets has enabled the training of deep
neural network models that demonstrate impressive results. However,
traditional pose estimation datasets, such as YCBV [2] or LMO [3],
have focused on everyday objects captured over limited ranges of
distance and orientations, which is not representative of the com-
plex dynamics involved in drone swarms. Indeed, most existing stud-
ies have used short-range scenarios (up to 2 m), whereas real-world
drone applications often involve far-range interactions among multiple
drones.

The proposed study aims to bridge this gap by evaluating the impact
of visual pose estimation in the context of drone navigation using
a complex-shaped object (a drone) as the target. By creating new
datasets and comparing state-of-the-art pose estimator architectures,
the research seeks to advance our understanding of how to accurately
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estimate the pose of drones in far-range scenarios, which is critical for
the development of robust and efficient drone swarms.

This paper is organized as follows: The first step will be to present
the state of the art in pose estimation models. We will then present
our contributions, ranging from dataset creation to the comparison of
state-of-the-art pose estimator architectures. Finally, we will present
our results and extended ablation study. Our contributions are, in sum:

The range limitation of traditional pose estimation datasets is
evidenced.

New, extensive long-range pose estimation datasets (up to 10 m)
are created, utilizing our drone model and traditional objects.

A comparative analysis of three pose estimators is performed.

A real-time implementation of the chosen pose estimator from
RGB input to pose prediction in ROS is presented.

An in-depth ablation study examines the camera calibration’s
impact on pose estimator performance and its robustness to de-
tection inaccuracy.

2. Related works
2.1. Object detection

The prediction of an object’s 3D position and orientation from a
single image is a complex task. Most current pose estimators use a
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two-stage pipeline. As most of them are working within a region of
interest (Rol) around the object, an object detector has to be used.

The object detection task has been one of the first tasks where neural
network were used, and remains a very active research domain. The
early methods [4] are based on hand-crafted features, usually very
slow and poorly performing. Those approaches have been replaced by
deep learning methods. The goal is twofold: localize and classify the
object. The research in this domain splits in two: two-stages detectors
and one-stage detectors. The former separate the localization from the
classification whereas the latter use one single neural branch for both.
At the beginning, the two-stages detectors [5,6] were well performing
as each subtask was done with an expert neural network. The one-stage
detectors [7,8] were not as effective but were faster.

A well-known architecture is the You Only Look Once (Yolo) [9],
which is a one-stage detector. By doing both the localization and
classification of the object at once, those architectures are designed
to work on low-capacity processors, such as those equipped in drones.
Despite extensive research in object detection, many challenges remain.
As noted by [9], object detectors often struggle to recognize objects that
are farther away than those encountered during training, a limitation
that becomes apparent when these detectors are used as off-the-shelf
solutions. The object detection being the first step of the pose estima-
tion pipeline, the pose estimator uses this detected Rol to estimate the
6D pose of the object.

2.2. Pose estimator

Pose estimators can be classified into four classes. The correspon-
dence methods are the oldest ones; they try to find the 2D position of
at least 4 known 3D points of the object. Using more pairs of points, the
Perspective-n-Point (PnP) — used to find the 6D pose — is more robust
to occlusion. One of the first deep learning correspondence methods
is [10], which tries, using a VGG [11], to predict the 2D position of
the 8 corners of the 3D bounding box. Symmetries of the object are
a big challenge for this method. Then, to simplify the problem, the
authors train the model on a limited range of rotation for symmetrical
object. So as to predict every possible rotation, a separate classifier is
then used to classify the range of rotation. This technique refines pre-
dictions using object-specific information combined with depth data,
resulting in improved accuracy. However, the substantial increase in
computational demand precludes its use in real-time scenarios. [10] is a
sparse correspondence method; however the literature shows that dense
methods such as [12,13], tend to have better performance and be more
robust to occlusion. The SoTA technique ZebraPose, proposed in [13],
utilizes simple-to-learn descriptors. Specifically, it generates a 16-bit
code for each vertex of the CAD model through an iterative process
that involves recursively dividing each section into two parts, with a
2-means clustering method for each iteration. So, in this descriptor,
a less-significant-bit represents a finer part of the object surface. The
neural network, a ResNet-32 [14], is trained to predict this 16-bit code
of each part of the object. Specifically, each one of the last 16 layers
of the neural network predicts one bit of the code. The loss function
calculated on these descriptors then allows a coarse-to-fine estimation,
which helps the training process. By matching all the 16-bit codes with
the 3D positions, the PnP can be used to retrieve the 6D pose. As the
PnP is a slow process, these methods still fall short in terms of speed.

Currently, the fastest paradigm is the regression one, as these meth-
ods directly output the 6D pose. Moreover, loss functions can be
calculated in the pose space, whereas correspondence methods are
limited to the descriptors they used. One of the first regression methods
is [15], which still considers the rotation estimation as a classifica-
tion problem. This loss of continuity explains why, at the beginning,
correspondence-based methods were more efficient. However, with the
rapid evolution of neural network architectures, the rotation estimation
started to be considered as a regression problem. GDR-Net [16] use a
mixed model with a backbone to create correspondence-like features
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— a correspondence between 2D and 3D points, a visible mask of the
object and a surface region attention map — and a neural network
which plays the role of a differentiable PnP. The visible mask is used to
isolate distinctive object features, while the 2D-3D correspondence map
provides critical primitive information utilized by the differentiable
PnP, and surface region attention maps resolve symmetries ambigu-
ities. By integrating a differentiable PnP with correspondence and
regression methods, an end-to-end training framework is established.
This enables the optimization of loss functions in both image space
and 3D space, optimizing correspondence features from the 6D pose.
The SoTA regression architectures are still based on this idea. One
of the variants of this mixed model architecture is GDRNPP, which
improves performance through the employment of a better encoder
and optimized training hyper-parameter settings. One of the first Trans-
former [17] based methods is the PViT-6D [18], which tries to use
this well-performing architecture for a new task: pose estimation. The
literature [19,20] highlights the importance of separating rotation and
translation prediction for accurate 6D pose regression. Stapf et al. [18]
address this challenge by introducing learnable tokens that selectively
capture features required for each prediction. The Transformer archi-
tectures produces features based on these tokens, which are used by two
separate convolutional neural networks to estimate the full 6D pose.
This method is able to run at about 100 Hz on consumer hardware.

NeRF [21] is a neural network capable of generating new im-
ages from a learned scene and camera pose. [22] had the idea of
inverting that concept to estimate the pose of the object. The Render-
and-Compare paradigm is an iterative process, where the pose is refined
at each iteration using a photogrammetric loss. However, NeRF are very
slow to render a single image, so there embedded usage on a drone
is still difficult. Some works, [23,24] tried to use the coarse output
and not the refined output, others tried to use Gaussian Splatting [25],
as [26], an architecture that is way faster to render an image, as it uses
3D Gaussian distributions to represent the scene.

Finally, recent works [27] try to use diffusion models to estimate
the pose. The idea is close to the correspondence paradigm as it tries
to denoise the 2D position of 3D known points and then uses the PnP.
However, as this concept is insufficiently explored, it is distinguished
from traditional correspondence methods.

2.3. Pose parametrization for regression models

In current regression architectures, pose estimators work within the
Rol, so an essential step involves parametrizing the 6D pose within this
region. Early works [8,10] show that the estimation of the rotation
is very complex. So as to simplify this problem, the authors see the
rotation estimation as a classification task. This representation is not
continuous and has a limited precision. [19,20] worked on finding the
best property of the mapping function from a Euclidean R" space of the
model’s output to the special orthogonal group SO(3), where rotations
lie.

The usual rotation parametrization, e.g. Euler angle or even quater-
nions, have an ambiguity like any parametrization with less than 5
parameters. [20] creates the parametrization that is used by a lot of
new architectures, a parametrization with 6 dimensions. The model
has to predict two of the three columns of the rotation matrix, the
third one is retrieved with Gram-Schmidt orthonormalization. This
parametrization respects all the properties from [19] and is also very
easy to implement. Moreover, so as to have a representation indepen-
dent of the object translation, the authors suggest to use an allocentric
representation.

As the pose estimator works within the Rol, its goal is to refine
the information given by the Rol’s center (o,, oy) and its size (s)
in pixels. Most of the approaches use a scale-invariant translation
parametrization (SITP) created by [28]. This parametrization — using
the object centroid (c,, ¢,) in pixels, the ratio between the images’s
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Fig. 1. Creation pipeline of our synthetic datasets.

size and the Rol’s size r and 7, the distance between the object and the
camera in meters — aims to predict the offsets [y,,7,, 71" given by:

Yx = (Cx - Ox)/s
vy =(c, —0y)/s (€]
v2=t/r

However, [18] shows that this parametrization does not enable the
model to distinguish between a small object close to the camera and
a large object farther away. The authors suggest a size invariant Z
parametrization (SIZP), where r is not anymore the ratio between the
images’s size and the Rol’s size but is equal to :

r= 1 sl @

where f the focal distance, s the Rol’s size and s,,; the object’s size, that
is computed as the diagonal of the 3D box of the CAD model. This new
parametrization stabilizes the training, as all the offset values have the
same order of magnitude. Finally, the translation between the object
and the camera is calculated using the inverse projection model of the
camera.

3. Contributions
3.1. Acquisition of data

3.1.1. Synthetic data

One of the most important aspects of neural network is the database
that is used to train the model. A representative dataset is important
so as to have a performing neural network. In our case, where we
want to estimate the pose of our specific drone with relative distance
up to 10 m, there is no existent database. The BOP Challenge [29],
gives access to more than 12 different datasets. Nevertheless, those
are usually toy datasets, using everyday life objects such as cans or
plastic toys. The setup of the camera is usually the same, where all
objects are not farther than 2 m from the camera, and for some
datasets, such as YCBV and LMO, with a small to moderate positive
elevation angle, these distributions can be seen on the Fig. 2(a). As
no BOP dataset fulfills our case study, we had to create our own. We
use BlenderProc [30] — a method to create Physically-Based Rendered
(PBR) synthetic data using the open source 3D creation suite: Blender
- to create multiple synthetic photorealistic datasets.

We created all synthetic images following a specific pipeline, shown
on Fig. 1. With BlenderProc, we can create a non-rectangular room with
different textures on the roof, walls and floor. A random tunnel-like
texture is sampled so as to reflect our case study. Five drone positions
are sampled in the room. For each drone position, spherical coordinates
for 1 light position and 5 camera positions are sampled, where the
azimuth and elevation angles and the minimum and maximum radius
can be parametrized. All the intrinsic camera parameters are also
parametrized. At the end, a dataset complying with BOP format is
created, with an RGB image, a depth map, a mask for each class, the
2D detection and the 6D pose ground truths. To ensure that every
image of our dataset is useful, we have multiple sanity checks. The
first one checks if the object is visible from the camera, as the room
can have positive or negative extrusion. To do so, we use Ray-tracing
on the 8 corners of the 3D bounding box, and require more than 4
of them to be visible to consider the drone as visible. A check is

done on every position sampled so as to ensure that each of them are
in the room, an in-polygon function and a height interval are used.
The key characteristics of the datasets used are summarized in Table
1, which includes relevant details such as image quantity, resolution,
and focal length. Fig. 2 provides an example of images taken from
these datasets, along with a visual representation of their distance and
angular distributions.

Table 1
Overview of all the datasets used in this study; for LMO and YCBV the number of
images is measured for a specific object only on the synthetic data.

Dataset name type nb resolution focal
images (pixels)
LMO synthetic 43k 640 x 480 573
LMO_longrange synthetic 25k 640 x 480 573
YCBV synthetic 38k 640 x 480 1067
train_pbr synthetic 28k 640 x 512 370
test synthetic 7k 640 x 512 370
train_pbr+ synthetic 43k 640 x 512 370
test+ synthetic 5k 640 x 512 370
drone_shortrange synthetic 18k 640 x 512 370
Background synthetic 1000 640 x 512 370
droneGRDcam1 real 2150 640 x 512 370
droneGRDcam2 real 1766 1280 x 720 1034
droneFLYcam1 real 4376 640 x 512 370
droneFLYcam2 real 4077 1280 x 720 1034
CAMBase real 7k 640 x 512 370
CAMOak real 7k 768 x 480 457

Our efforts to ensure representative samples ultimately led us to
confront the difficulty of obtaining far-sampled data. As a result, we ob-
served an unbalanced distance distribution in Fig. 2(b). To address this
issue, we developed a novel approach to sampling distances, combining
uniform volume sampling (increasing sample density at greater dis-
tances) with uniform distance sampling at different distance intervals.
By implementing this new method, we created two datasets: train_pbr+
and test+. Notably, train_pbr+ exhibits an almost uniform distance
distribution in the interval [2, 10] m, with still a bias for the [0,2]
m distance interval. For the test+ dataset, the distance distribution has
been corrected but faces still a bias for the [0,2] m and [4,6] m distance
intervals. Furthermore, to create the test+ dataset, we modified the
textures used for the floor, ceiling, and walls to introduce unseen
patterns. This change aims to further challenge the pose estimation
models and provide a more realistic testing scenario.

Finally, to underscore the intricacies of long-range pose estimation,
we have adapted our creation pipeline to generate a short-range version
of our drone dataset, which aligns with the traditional BOP datasets’
configuration. This short-range drone dataset operates within a [0,2]m
interval. The drone_shortrange dataset preserves all parameters from
train_pbr, except for one critical modification: the maximum radius
used to sample spherical coordinates around the drone position has
been set at 2 m. This dataset is divided into a training set and test
set. On the Fig. 2(c), we can see a nearly uniform distance distribution
of this short-range dataset. This achievement represents a significant
milestone in the creation of a dataset with such property, validating
our efforts in dataset creation. To ensure a thorough comparison with
traditional datasets, we created a long-range version of the LMO for a
specific object, the toy ape. We built upon the procedure from the LMO
train_pbr presented in [30,31], but modified it to eliminate occlusions
and focus on a single object. This adaptation allows us to compare our
long-range data with traditional datasets more effectively. In fact, the
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Fig. 2. Distributions and example images from some datasets used in this paper.

complexity of our dataset lies in the extented range setup, which we
try to better understand in this study.

3.1.2. Real data

Even if our synthetic data are photorealistic, real images are always
more cluttered, with more occlusions and more natural lighting condi-
tions. Multiple real datasets were created either by holding the drone
(GRD) or by manually piloting it (FLY). The scene was captured by two
cameras, modeled as pinhole cameras once the distortion is corrected
with a radial-tangential distortion model. ROS is used as an acquisition
system to produce a rosbag with all the mandatory topics to create a
BOP-like dataset, containing the ground truth 6D pose and the ground
truth bounding boxes. The ground truth of the 6D pose is built for each
dataset from the pose — measured by a mocap system - of the drone and
the observing camera. Some additional calibrations are needed to allow
to project the CAD of the drone in the acquired image. The camera
calibration (intrinsic and extrinsic w.r.t. the motion capture reference
frame) is recovered through an automatic procedure from kalibr [32]
and the CAD origin of the drone in mocap marker frame is manually
estimated. The final measured pose was checked by visually assessing
the CAD reprojection in images. To calculate the 2D bounding box
ground truth, we use a similar way as BOP, which projects all the visible
CAD points on the image and calculates the bounding box, but as we
do not create a depth map, no visibility score can be calculated. On the
Table 1, an overview of all the different datasets created can be seen.

3.1.3. Object detector dataset

The synthetic pipeline of the pose estimator dataset is not really
adapted to train an object detector, since only one centered drone was
visible on every image with quite unified background. We created a
specific object detection dataset where 5 drones are placed at every
2 m interval from the camera. A real image is alpha-blended with the
5 drones image, to have the maximum variety in the background. As the
state-of-the-art in object detection grows at a very fast pace, we choose
to use a renown method, Yolov8. We fine-tuned multiple models on
either the full synthetic data or on real datasets or on a mix of both.
The output of this object detector will be used to test the full pipeline
of our drone pose estimator, from the full RGB image to the Rol and
then to the 6D pose.

(h) Image from DroneFLY

Table 2
Important characteristics of SoTA methods.
Type of method Nbparam Frequency(Hz)

ZebraPose Correspondence 28.9M 4 Hz
PViT-6D Regression 31.8M 50 Hz
GDR-NPP Regression 28.8M 30 Hz
iNeRF Render and Compare X 0.1 Hz
6D-Diff Diffusion X 5 Hz

3.2. Comparison of the three different methods

Among methods presented in Section 2.2, we selected for this study
the ones that are able to run on embedded system close to real-time.
Only two paradigms are available: regression and correspondence.
Render-and-Compare are far too slow and high memory demanding
to be used directly on the drone. Moreover, the diffusion-based meth-
ods are still at their early stages and the code is not available. We
chose to pick state-of-the-art methods in both remaining paradigms:
ZebraPose [13] for correspondence, PViT-6D [18] for regression and
GDR-NPP [33] as it is one of the foundation methods on which many
leaderboard methods are based. On the Table 2, important information
about different approaches can be seen.

3.3. Metrics

The BOP Challenge introduced a standardized test pipeline with
usual metrics from robotic grasp tasks, based on distance between
surfaces. The Average Distance of Model Points (ADD), the most used
in the literature, is the proportion of 3000 sampled CAD points with
a Euclidean distance lower than 10% of the diameter of the object.
However, in the context of robotic applications, the physical error is
more adapted to qualify the ability to be used by downstream applica-
tions, so we will be using a classic metric I1,;,, based on a threshold A
on the Euclidean distance and on the geodesic distance, which gives
the minimum angle between two rotation matrices. Three different
thresholds are used: 1, 2 and 5 cm and 1, 2 and 5° respectively.

#{Predictions with error < th}
#{Predictions}

m, = 3

3.4. Full pipeline

We implement this architecture into a real-time pipeline using ROS
middleware composed of two nodes. The first one in charge of the
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Table 3
Mean rate, latency and loads when the full pipeline is used.
rate latency CPU GPU RAM
(Hz) (ms) load load load
(%) (%) (%)
bbox 331 % 46.72 30.06 39.32
transformation ~ 32.8 40

object detection, and the second of the pose estimation using the Rol
and the RGB image. The first node publishes the detected bounding
box (bbox) around the object, which is used by the second node
to publish a transformation so as to track the position of the drone
relative to the camera. Moreover, this implementation enables us to
measure — on a similar hardware as the drone - the rate and latency at
which this transformation and the bbox are published. Each node uses
OnnxRuntime as inference engine, with both model converted to ONNX
format from pytorch. We setup OnnxRuntime to run on Cuda EndPoint.
We tested our pipeline on a rosbag, recorded during our campaign of
real data’s acquisition, played at real time rate. The system used is
composed of an Intel(R) Xeon(R) W-2123 CPU @ 3.60 GHz with 16Go
of DDR4 and a NVIDIA GeForce GTX 1080 Ti. The mean rate, latency
and the CPU and GPU charges are shown on the Table 3, highlighting
a good performance achieved on this hardware.

4. Results
4.1. Object detection

At first, we fine-tuned a yolov8n on our train-pbr+ dataset for 100
epochs with a learning rate of 10~2 and a mini-batch size of 16; we also
froze the first 10 layers of the network, this setup of hyperparameters
will be the same for all the next fine-tuning. However, as this pose
estimation dataset was not intended to train an object detector, every
drone being in the center of the image, a specific dataset, named
Background, was created. This dataset has more diverse backgrounds
and contains 5 drones on each image. Table 4 shows the performance
of multiple object detectors on various real data, in which the drone
is flying. The performance of the model trained on the background
dataset is not significantly different from the train-pbr+ one. So as to
have a performing object detector, we decided to fine-tune on real data
directly and on a mix of real and synthetic data, using all the GRD data
to train and all the FLY data to test. Fine-tuning the model using a mix
of both real and synthetic data, as shown in Table 4, results in improved
precision without affecting other performance metrics.

The performance remains low due to frequent scale changes for the
object of interest. As we can see on Fig. 3, the predicted Rol scales vary
a lot, deviating by an average of 5.2% from the ideal scale, and yielding
a mean normalized center shift error of 0.113.

Table 4

Test on the concatenation of droneFLYcam0Ol and droneFLYcamO2 benchmark of a
Yolov8n trained on different datasets.

Train dataset train-pbr+ Background GRD MIX
Precision 0.85 0.52 0.75 0.87
Recall 0.36 0.40 0.54 0.52
mAP50 0.43 0.4 0.60 0.59
mAP50-95 0.15 0.13 0.17 0.19

4.2. Pose estimator

4.2.1. Experiments setup and implementation details

The hyperparameters used during training are presented in Table 5.
Unless specified otherwise, we employed the same parameters, learning
rates and schedulers as those described in the original papers. The
“scale bbox” column shows the percentage of dynamic zoom-in aug-
mentation, inspired by [34]. This technique applies a shift and scale
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Fig. 3. Label and predictions of our drone, ‘sparow’ seen in flight by the yolov8n
trained on mixed data.

transformation to the Rol input into the pose estimator, enhancing its
robustness to detection errors and reducing dependence on the detector
used.

Table 5

Comparison of all the hyperparameters used to train the three pose estimators. The
ZebraPose counts in iterations, so the epoch is the ratio seen from the size of our
synthetic dataset PBR. The “metric used” column is to specify on which criterion the
best model on the validation set has been chosen.

nb batch metric scale optimizer
epoch size used bbox
PViT-6D 150 30 ADD 20% Adam
ZebraPose ~400 30 ADD 25% Adam
GDR-NPP 150 30 ADD 25% Ranger

When evaluating three different methods, it becomes apparent that
the loss functions employed vary significantly. For correspondence-
based methods such as ZebraPose and in a way GDR-NPP, the loss
function is computed directly from the descriptors used: a 16-bit code
for ZebraPose and a 2D-3D correspondence map and surface region
attention map for GDR-NPP. In contrast, directly calculating the loss
function on the 6D pose for ZebraPose would significantly impede
training speed. The computation of the 6D pose requires the use of the
PnP algorithm, which is a computationally intensive process that slows
down the training. This is why the 6D pose is only computed during
validation. On the other hand, regression-based methods like PViT-6D
and GDR-NPP use a loss function calculated on the 6D pose directly,
without affecting the training pace.

4.2.2. Three methods on classic BOP datasets

On Table 6, we compare the performance of three studied methods
on two classic BOP datasets: LMO and YCBV. The discrepancy between
our results and those reported in the article can be attributed to sev-
eral factors. Firstly, some articles employ time-consuming techniques
that iteratively refine the initial pose estimate, leveraging additional
information such as depth. In contrast, we chose not to use refinement
techniques due to our real-time goal. Secondly, some methods do not
disclose all the hyperparameters used to train their models, which can
affect comparability. Despite these differences, there is a consistent
overall order of performance among the three methods: ZebraPose out-
performs PViT-6D, while GDR-NPP falls short in terms of performance.
This observation highlights the 2-year performance gap between SOTA
approach and older methods.
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Fig. 4. Performance of the three SoTA methods on our synthetic test set for three different distance intervals. The [0,2] m interval represents the usual case study of traditional

BOP datasets.

Table 6
Comparison of three pose estimators precision, trained on two classic BOP datasets,
only using the synthetic data to train and the real data to test.

Table 7
Comparison of PViT-B precision, trained on either train-pbr or train-pbr+ on the test
dataset.

LMO YGBV ADD 5cm 5 5cm5° 2cm
ADD ADD ADD ADD train-pbr 92.33 92.60 98.12 91.81 78.80
(article) (ours) (article) (ours) train-pbr+ 93.72 93.92 98.84 93.42 81.05
PViT-6D 58.6 53.50 27.4 55.8
ZebraPose 57.9 52.07 62.6 59.49
GDR-NPP 46.8 44.36 41.5 13.40 2° 2cm2° lem 1 leml®
train-pbr 85.12 71.60 62.08 46.91 34.39
train-pbr+ 87.46 74.68 64.51 51.57 38.44

4.2.3. Three methods on our synthetic dataset

We trained the 3 methods on LMO and YCBV synthetic data, two
known BOP datasets, to guarantee that our training process achieves
comparable results to those reported in existing literature.

As our case study is far from those usually addressed by the BOP
datasets, we have to test the 3 models on our synthetic dataset, which
we decompose in 80% train set and 20% test set. Even if our dataset
does not contain as many occlusions as LMO or YCBV, the challenge
that it represents is still under-explored. On Fig. 4, we compare the
precision of the 3 methods for Euclidean distance, geodesic distance
and both of them combined for the 3 thresholds, as explain in Sec-
tion 3.3. The Fig. 4(a) has similar setup as in the BOP challenge,
where objects are not farther than 2 m away from the camera. In
the three different distance intervals, PViT-6D consistently outperforms
both ZebraPose and GDR-NPP. Interestingly, as the threshold decreases,
PViT-6D’s performance advantage over the other two methods becomes
more pronounced. Furthermore, PViT-6D is also significantly faster
than the other two methods, with a speedup of more than 2 times
for GDR-NPP and more than 6 times for ZebraPose. The performance
disparity between PViT-6D and the other pose estimators can be at-
tributed to their distinct architectures. The use of attention mechanisms
in PViT-6D enables it to tap into global features from the start, whereas
ZebraPose and GDR-NPP rely on convolutional architectures that neces-
sitate multiple layers to access these global features. This fundamental
difference in architecture has a profound impact on their performance
and efficiency. Moreover, the gap between the ZebraPose performance
and the PViT-6D’s one could be explained by the fact that as our CAD
models of the drone is very complex, containing more than 1.6 millions
points, the 16 bits quantization seems not precise enough to encode its
geometry. This question will be studied in Section 5.3. Furthermore, as
the drone moves farther from the camera, the less semantic information
we have, which leads to a decrease in the model performance.

4.2.4. Train-pbr vs train-pbr+
Due to visibility checks, our initial synthetic database named train-
pbr was biased, many of the most distant drones being filtered out. A

new dataset, named train-pbr+ with an almost uniform distance distri-
bution was then created. Training on a uniform distance distribution
is indeed a better practice, as a boost on every metrics can be seen
on the Table 7. As the metrics is stricter, the boost of performance is
greater, and the model trained on the train-pbr+ is more precise for
farther drones.

4.2.5. Test on a challenging dataset

Our synthetic test dataset, like train-pbr, suffers from a non-uniform
distance distribution. To overcome this limitation, we created an en-
tirely new test set, called test+, that has an almost uniform distance
distribution. Furthermore, to further challenge the pose estimation
models, we incorporated novel textures into this test set that have
never been seen during training. For more detailed information on the
construction of this synthetic test dataset, please consult Section 3.1.1.

Accuracy for depth interval: [6,8]m Accuracy for depth interval: [8,10]m
scmsdeg Scm5deg
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_PVIT_PBR+
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g g
g 1¢m1deg g 14mideg
2 <

2deg 2deg

(a) Distance interval: [6,8]m

(b) Distance interval: [8,10]m

Fig. 5. Comparison of PViT precision, trained on either train-pbr or train-pbr+ on the
test+ dataset for the last two distance intervals.

Fig. 5 presents the performance of two PViT-6D trained on either
train_pbr or train_pbr+ for the two last distance intervals on this new
test dataset: test+. As seen in Section 4.2.4, we observe that training
on the more uniformly distributed pbr+ dataset leads to improved
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performance compared to training on the non-uniformly distributed
pbr dataset. Although we only show results for the last two distance
intervals, our analysis suggests that PViT trained on pbr+ performs
better across all five distance intervals, even in the [0,2]m interval.
This outcome emphasizes the importance of using a uniformly dis-
tributed training set to achieve optimal performance. Furthermore, this
experiment demonstrates the good generalization capabilities of pose
estimators when dealing with unseen materials used for backgrounds,
showecasing their ability to handle diverse scenarios.

It is worth noting that even though the test dataset has a non-
uniform distance distribution, its overall performance across all five
distance intervals is not significantly impacted by this issue. Only the
overall performance can be questioned as there is an overrepresentation
of the [0,2]m interval compared to the [6, 8]m one.

4.2.6. Short-range drone dataset

To highlight the necessity of a long-range dataset, we developed a
short-range variant of our drone dataset. Utilizing the same hyperpa-
rameters presented in Section 4.2.1, we trained a PViT-6D model on
the drone_short-range dataset. A comparison was made between the
performance of this newly trained model and the pre-existing PViT-6D
model, which had been previously trained on the normal range drone
dataset, train_pbr+. The precision of both models is compared in Fig.
6 on the test+ datasets, with a focus on their performance across two
distinct distance intervals: [6,8]m and [8,10]m interval, for which only
one model was trained, as the short-range dataset only has sample as
far as 2 m from the camera.

Accuracy for depth interval: [6,8Jm Accuracy for depth interval: [8,10]m
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(a) Distance interval: [6,8]m (b) Distance interval: [8,10]m

Fig. 6. Comparison of PViT precision, trained on either train-pbr+ or short-range and
tested on the test+ dataset for two distance intervals.

The Fig. 6 demonstrates that the model trained on a limited distance
interval ([0,2]m) falls short in terms of performance, as it struggles to
accurately localize drones within the scene. When challenged with es-
timating the pose of drones positioned at distances significantly farther
than those encountered during training (more than 3 times farther), we
are effectively testing its capacity for out-of-distribution generalization
- a topic of ongoing research interest in the field.

4.2.7. Long-range LMO dataset

Building upon the previous section’s idea, we compared the perfor-
mance of PViT models trained on two variants of the LMO dataset: the
original and a long-range version. Details about these datasets can be
found in Section 3.1.1. The key differences between them lie in their
range: the classic LMO dataset spans [0,2] m, whereas its long-range
counterpart extends up to 10 m. On the Table 8, we observed that
while PViT trained on the original dataset can generalize somewhat
to distances between [2,4] m, its accuracy drops beyond 4 m. Both
models demonstrate outstanding performance across the traditional
BOP range, with a subtle difference due to the lack of occlusion in
the long-range training set, which contrasts with the more complex
scenario of the LMO dataset, heavily affected by occlusions. The model
trained on the long-range dataset exhibits superior performance up to
a distance of 10 m. Interestingly, as the distance interval increases,
precision metrics do indeed decrease due to the diminishing semantic
information available in the images.
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Table 8

Comparison of PViT-B precision, trained on either the classic LMO dataset or our long-
range version of it, on the long-range test dataset. The performance are shown only
for a single object, the ape.

[0,2] m [2,4] m [4,6] m

5cm 5° S5cm 5° 5 cm
Classic 99.7 98.94 56.74 73.26 0.38
Long-range 100 99.24 93.79 97.68 48.38

[4,6] m [6,8] m [8,10] m

5° 5 cm 5° 5 cm 5°
Classic 2.67 0 0.1 0 0.1
Long-range 79.48 17.93 39.63 12.18 15.98

4.2.8. PViT-B vs PViT-L

Since PViT-6D seems to be the best choice for online pose estimation
we compared two versions of the model, the basic one, referred to
as PViT-B, and a version with a larger backbone, called PViT-L. We
also compare the PViTs trained on the train-pbr and the train-pbr+.
The use of a larger backbone, by creating finer features, boosts the
performance of the model, especially on the 1 cm and 1° precision
metrics. Moreover, the gap between the basic and the large backbones
was greater for more distant objects: on the [6,8] m interval the large
backbone doubles the performance in the 1 cm and 1° metrics, even
if the performance remains low. The finer features mostly helps the
rotation estimation. However, this boost of performance has a cost:
the memory footprint and the inference time. With 4 times more
parameters, the inference time increases by 70%.
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Fig. 7. Comparison of the errors of three different PViT models on the test+ dataset.

On Fig. 7, we can see the mean and the standard deviation of the
angular and translation errors depending on either the azimuth or the
elevation angle or the distance to the camera. We experimented various
iterations of the PViT, with either a basic (PViT-B) or a large encoder
(PViT-L), we also compared the PViTs trained on the train-pbr and the
train-pbr+. When the drone faces the camera (azimuth angle equals to
180°), the angular error is minimal. When the camera is on the side, the
model has a hard time to predict the rotation, as the standard deviation
peaks. The translation error is less impacted by the azimuth angle. As
the drone is not as large as it is long, there is a small rise in the standard
deviation when the drone is seen from the side. As we can see on Fig.
7(b), the elevation angle has a high influence on the estimated pose,
impacting both the angular and translation errors. An elevation angle



T. Rey et al.

close to 0° is a challenging position for the model. As the elevation
angle moves away from zero, a larger surface of the drone becomes
visible, making it easier to estimate the pose. As seen on Figs. 7(c) and
7(d), the further the drone is from the camera, the greater the angular
and translation errors. However, using a large encoder helps reduce the
mean error and the standard deviation.

4.2.9. Real data test

As the performance of the pose estimator is good on synthetic data,
we test the PViT-6D on real data, with the perfect Rols. We show on Fig.
8, the histogram of angular and translation errors of the three different
PViT, for two distance intervals.

Histogram of the angular error (°) for depth interval: [0,2Jm Histogram of the angular error (°) for depth interval: [2,41m
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Fig. 8. Histograms of errors on the concatenation of droneFLYcamO1l and droneFLY-
cam02 benchmark, for the three PViT models and two distance ranges.

As seen on Figs. 8(a) and 8(b), the farther the drone from the
camera, the more incorrect the estimated pose. However, we can see
peaks at 90° and 180°, which shows that there is an ambiguity caused
by the symmetry of the quadcopter, which is worsened by the distance.
In fact, when the camera worn by the observed drone is not seen or
self-occluded, the model has a hard time estimating the rotation, as
most of the features that provides the rotation come from that camera.
When the drone is close to the viewing camera, i.e. in the first distance
interval, the drone’s estimated pose is mostly right or wrong with a
180° error. No symmetry-related errors were observed in the synthetic
dataset, but the real images exhibited motion blur.

5. Ablation study
5.1. Agnosticity of camera

Estimating, with a neural network, the depth of an object without
prior information is camera specific. Creating a camera agnostic neural
network is still a research topic. However, as the PViT-6D works within
the Rol which is resized into a fixed input size, the predicted pose does
not depend on the camera. Moreover, as the full 6D pose is found with
the SIZP parametrization, presented in Section 2.3, any kind of camera
can be utilized. In this case, a single model can be used on diverse drone
platforms.

To test the agnosticity with respect to the camera, we created
two twin datasets CamBase and CamOak, with the pipeline presented
in Section 3.1.1 shown on Fig. 1. CamBase uses the same intrinsic
parameters as in the rest of the paper. CamOak has a smaller focal
length (457 pixels) and a higher resolution (768 x 480). The Table 9,
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displaying the performance of the PViT-L on the two cameras, shows
that a higher resolution camera boosts the performance. As the PViT
relies on semantics to regress the 6D pose, more information improves
the pose estimation, specifically the rotation estimation is far more
precise.

Table 9
Comparison of the precision of the PViT-L on two cameras.
1 cm 1° 1 cml° 2 cm 2° 2 cm2°
cambase 23.0 44.6 13.2 40.8 76.5 37.9
camoak 27.5 55.3 20.7 47.3 86.0 45.0
5.2. Rol study

Since detected Rols are never perfect, most training pipelines con-
sider this problem and use data augmentation, such as scaling or
shifting the Rol. In our study, where the drone can be far, we aim to
evaluate the robustness of our pose estimator with respect to detection
uncertainties. We test the PViT-B on our synthetic data, with scaling
factor from 0.4 to 3.5 with a 0.1 step and by sampling uniformly a
shifting factor in 8 intervals from [0.0,0.1] to [0.7,0.8].
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Fig. 9. Heatmap of the mean angular and mean translation error for different scale
and shift values.

The performance of the PViT-B is not much impacted by the scaling
of the Rol when it remains within [0.8,1.6]. As the nominal value used
in the PViT-B is 1.2, it shows that the model is able to perform a good
estimation of the 6D pose even with an error of 33% in the size of
the Rol. On Fig. 9, we can see that if the scale imprecision is below
33%, a shift of the Rol’s center has a low impact on either the angular
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or translation error, as it stays under 40%. Above this threshold, the
angular error rises, as almost half of the drone is not visible. However,
if the scale exceeds 1.2, the shift factor induces a lesser error. This study
shows the remarkable robustness of the PViT architecture.

5.3. Importance of the bit in ZebraPose

The authors of ZebraPose [13] argue that if an object is small
or is further away from the camera, multiple finer bits could match
an unique image pixel, being then redundant. In their paper, they
demonstrate the evolution of ADD metrics across varying bits used to do
the correspondence. However, their study’s scope is limited to the LMO
dataset, which has restricted range. We replicated this study using our
own precision metrics and applied them to both the long-range version
of LMO and our drone dataset.

Fig. 10 illustrates the effect of varying the number of bits on the
precision metrics used. As the authors of [13], we suggest that a fixed
number of bits may not be universally applicable for all scenarios,
depending on range and on the object. For certain pose estimation
applications one might want to focus on the rotation estimation rather
than the translation one or the inverse, the best number of bits for each
application might be different as we can see on Fig. 10. Moreover, as
the object is farther away from the camera, the precision metrics are
less impacted by the number of bits used.
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Fig. 10. Comparison of the precision of ZebraPose by the number of bits used to make
the correspondence on the test part of long-range LMO dataset.

Fig. 11 shows the same experiment as Fig. 10 but applied to the test
set of the train_pbr dataset. In the LMO setup, using the full 16bits is not
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necessary, instead when this study is applied to our drone setup, using
the maximum number of bits gives the best performance. As in the LMO
setup, the impact of the number of bits used decrease as the distance
rise up, but in short range case we observe a continuous improvement.
This difference could be explained by the complexity of our object.
Usually, an object’s mesh has to be upsampled to have enough points
to create a 16-bit encoding, with our model this step is not needed. For
complex objects, utilizing 16-bit code yields the optimal performance.
However, for less complex models like the LMO object, using fewer bits
might offer a computational complexity reduction.

[0,2]m [2,4]m

(a) Distance interval: [0,2]m (b) Distance interval: [2,4]m
[6,8lm

[4,6]m

(d) Distance interval: [6,8]m (The scale is

(c) Distance interval: [4,6]m not up to 100%)

Fig. 11. Comparison of the precision of ZebraPose by the number of bits used to make
the correspondence on the test part of train-pbr.

5.4. Pose estimation on detected bbox
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Fig. 12. Histogram of errors on each axis of the estimated 3D position on the
droneGRDcam1 dataset. In blue: by using only the detected Rol from YOLO, in orange:
by using 6D pose provided by PViT-6D.

Using a prior on the size of our object, a simple object detector could
be used to get a rough estimation of the 3D position of our drone,
using the size of the Rol and its center. The goal of pose estimators
is to refine this first position estimated and regress the 3D rotations,
so as to have the full 6D pose. As shown on Fig. 12, the use of the
pose estimator improves the estimation of the 3D position of the drone,
which is clearly visible by the reduction of the standard deviation.
Moreover, the scale and shift error made by the yolov8-n are in the
same robustness intervals as in the synthetic data, which shows that
our study scales well with real data.
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6. Conclusion

Developing an estimator capable of accurately predicting the 6D
pose of distant objects would significantly advance the automation of
industrial robots and drone swarms. We presented a pipeline to train a
pose estimator from scratch using custom real and synthetic datasets,
covering dataset creation and annotation. Additionally, we designed a
comprehensive test pipeline that takes input from full RGB images to
estimate the 6D pose. Our results demonstrate that the PViT-6D model
offers the best balance of speed and accuracy, even in challenging
scenarios where the object, such as a drone, is as far as 10 m. Since the
pose estimator operates within a region of interest (Rol), we addressed
the challenges of training object detectors to handle a wide range of
scales. The PViT-6D model has shown robustness against significant
Rol errors, withstanding up to a 33% scale error, and is agnostic to
the camera used for capturing the images. Unlike other methods, our
approach does not rely on any refinement techniques, which means
that additional improvement can still be expected. Moreover, until now
our models have not been quantified or pruned, so better efficiency
should be achieved on embedded hardware. Futures studies for real
application should investigate the impact of the motion of the observing
camera and also the influence of the rolling shutter to capture a highly
dynamic structure. Furthermore, the full pipeline should benefit from
tracking-based pose prediction, or posterior time-filtering of the pose
sequence. Then, one should explore the addition of temporal informa-
tion to those types of architectures, either directly as input or used as
a post-process.
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