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Articulated Inter-robot 6D Pose Estimation for
Planetary Multi-agent SLAM

Taneshwar Pranav Parankusam

Abstract—Planetary exploration robot teams rely on robust
exploration pipelines, such as multi-agent SLAM, to perform
complex collaborative tasks. Multi-agent SLAM methods rely
on accurate relative transformations between agents to collabo-
ratively merge maps, predominantly using indirect associations
between keyframes to compute transforms. Recently, direct asso-
ciation methods that use onboard perception modules with pose
estimation pipelines have been shown to provide more accurate,
long-range relative transformations. However, current methods
consider the robot as a single static rigid body and struggle
greatly during dynamic movements, complex robot morpholo-
gies, and under harsh environmental occlusions. As a potential
solution, we represent the robot as an ensemble of articulated
components and investigate the use of articulated pose estima-
tion methods with RGB images and intrinsic measurements.
Specifically, we introduce novel post-processing steps based on
factor graphs and differentiable rendering to refine upstream
poses. First, pose estimates of individual components are visually
refined using differentiable rendering and a segmentation mask
to ensure visual plausibility. Second, by using a factor-graph
formulation, we fuse estimated poses with partially available
intrinsic measurements to preserve relative robot constraints
and reconstruct missing estimates under occlusions. Third, we
extend the factor-graph refinement to estimate over multiple
frames and use visual odometry data (VO) to mitigate rotational
symmetry issues. Experimental results on synthetic planetary
terrains demonstrate that our method outperforms single-body
pose estimation with a decrease in translational and rotational
error by 55% and 61%, respectively. Additionally, our novel
factor-graph refinement method is able to recover undetected
articulated components under heavy occlusions and provides
robust performance under dynamic movements in indoor lab
data. [2]

I. INTRODUCTION

Planetary exploration robots enable new scientific discov-
eries by traversing extreme environments that are difficult or
impossible for humans to explore. A core aspect of this is
exploration and mapping, which helps identify risks, secure
topological data, and herald human missions [[19]. Multi-robot
systems expand exploration capabilities by simultaneously
exploring different terrains while executing mission objec-
tives [39]. In GNSS-denied environments, such as planetary
bodies, modern-day multi-robot systems rely on Simultaneous
Localization and Mapping (SLAM) to operate. In a multi-
agent setting, collaborative SLAM ties together various local
maps constructed by individual robots in a combined global
representation of the environment. It provides the foundations
of several operations, including planetary terrain reconstruc-
tion, autonomous navigation, and multi-agent collaboration
[16, 40, [39]. A key requirement for such multi-agent systems
is accurate relative pose estimations between agents, which

directly translates to pose-graph constraints for consistent
global map fusion. These inter-robot detections are typically
obtained through a variety of sensor modalities ranging from
visual observations to LiDAR point clouds, allowing robots to
detect and localize each other by matching relevant sensor
data. However, existing approaches largely rely on rigid-
body transformations and indirect feature-based matching,
restricting their capacity to capture more complex articulated
structures.

Furthermore, planetary environments provide strict con-
straints for robotic exploration ranging from harsh environ-
mental conditions to limitations on physical robot hardware.
Weight and size restrictions drastically limit the onboard
sensor suite, including visual sensors, range sensors, scientific
equipment, and computational power [40]. As such, inter-robot
data exchange is limited to sporadic communication requiring
compact representations for global features. Moreover, partial
observability due to occlusions or environmental noise such as
dust introduces ambiguity in mapping and localization. Addi-
tionally, the large distances between planetary bodies confine
communication bandwidth while also adding significant delays
ranging from seconds to minutes between operational centers
and robot teams, requiring high-level autonomy for efficient
operation. Together, these constraints define the design of
multi-agent SLAM systems.

Early rovers such as the Spirit and Opportunity rovers
used stereo cameras for local obstacle avoidance and au-
tonomous navigation. Though revolutionary at the time, they
were lacking global localization, path planning, and mapping
capabilities due to feasibility constraints [31]], key elements
required for complex collaborative missions. Iterating on these
early systems, modern-day robots such as the Lightweight
Rover Unit (LRU) include robust SLAM pipelines to enable
high-level task autonomy under strict planetary constraints
[40].

Despite advances in multi-agent SLAM for planetary sce-
narios, the requirement for accurate and robust pose constraints
is hard-fixed. Direct inter-robot detection methods such as
fiducial markers such as AprilTags [48] provide centimeter-
level accurate pose estimation and are used for modern robot
teams [39]. However, harsh lighting conditions, slight occlu-
sions, and the limited range reduce practicality for large-scale
missions. Alternatively, traditional pose estimation pipelines
have shown their applicability in multi-agent scenarios for
long-range estimation [37]], but are limited by generalizability,
harsh occlusions, and complex robot morphologies.

In parallel, articulated pose estimation has become a grow-
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Fig. 1: Our proposed articulated pose estimation pipeline consisting of 3D main stages: 2D Detector, 6D Pose estimators, and
Pose refinement. Our novel approach implements edge-based refinement using differential rendering, factor-graph optimization
for fusing intrinsic and extrinsic measurements, and multi-frame tracking for occlusions.

ing field with applications in robotics, task automation, and
human pose estimation. By considering the object as a system
of linked articulated bodies, and fusing external pose estimates,
accurate end-effector poses, or individual part poses can be
retrieved, even under occlusions. As such, articulated pose
estimation may provide the occlusion robustness required for
accurate, long-range estimation.

Therefore, in this thesis, we aim to analyze the gap between
articulated pose estimation and its applicability towards direct
inter-robot 6D associations within the multi-agent SLAM
framework. We provide insightful background, dig into key
challenges arising from both domains, and explore the follow-
ing research question: How can articulated 6D pose estimation
be integrated into Multi-agent SLAM to improve Inter-robot as-
sociations? Through rigorous experimentation and verification,
we formulate a new method for pose estimation in planetary
scenarios and discuss how it compares with existing methods.
The key contributions of this work are as follows:

o A novel factor graph pose refinement step for articulated
pose estimation. Upstream articulated pose estimates are
fused with intrinsic pose constraints from kinematic trees
using factor graphs.

o A multi-frame extension of our factor graph refinement
method using visual odometry. Visual odometry provides
temporal constraints which are fused with per-frame
spatial constraints over a fixed frame buffer.

o An edge refinement formulation using differentiable ren-
dering to optimize individual bodies. We expand this
further using segmentation masks to filter out target edges
for robustness.

o A comprehensive empirical study across 5 refinement
methods and 3 datasets. We introduce edge-based and
segmentation-guided refinement steps and compare with
our baselines using synthetic planetary terrain data and
real-world indoor multi-robot lab data.

The remainder of this paper is organized as follows. In

Section we explore the research gap within Inter-robot
detections in SLAM and how articulated pose estimation
may provide a solution. In Section and Section we
formulate the problem and assumption and provide a clear
overview of our system. In Section [V] we discuss our proposed
solution to the problem of articulated pose estimation for
direct inter-robot detections. We highlight our experimental
methodology in Section and state our results in Section
In Section we evaluate and discuss the data. Our
concluding remarks on the topic are presented in Section

II. RELATED WORK

A. Inter-robot detections

Loop closures are central to ensuring that accumulated drift
is corrected to ensure consistency within the global map. In
a multi-agent setting, this is achieved through either indirect
associations, which rely on shared features and similarity
metrics, or direct associations, which estimate rigid-body
transformations from onboard perception.

Indirect methods use place recognition algorithms to per-
form loop closure detection using shared features among
agents or a centralized server. Classical methods use Bag-of-
words (BoW) techniques to extract handcrafted image features
such as ORB [36] or BRIEF [5] to generate BoW vectors
for each keyframe. Such vector descriptors are shared among
agents and compared for similarity using metrics such as
L1 Score and Cosine similarity. Centralized methods, includ-
ing CCM-SLAM [38]] and CVI-SLAM [23], select candi-
date frames using BoW search and further refine matches
downstream using geometric verification methods such as
RANSAC. Recent approaches have highlighted the potential of
learned global descriptors, such as NetVLAD [2] , which are
robust against viewpoint and illumination changes. Distributed
approaches including Kimera-Multi [6] and DOOR-SLAM
[24]] combine descriptor matching with Pairwise Consistency
Maximization (PCM) for outlier rejections and are suitable



for restricted communication ranges. LiDAR-based approaches
follow similar association pipelines to their visual counter-
parts, replacing image descriptors with compact spatial de-
scriptors and use lightweight coarse descriptor search followed
by fine-grained scan-matching for accurate transformations,
as demonstrated in LAMP2.0 [7] and DiSCo-SLAM [18].
Indirect methods, though robust to viewpoint changes, large
motions, and varying lighting conditions, suffer from severe
communication bottlenecks requiring compact representations
or multi-stage pipelines. Moreover, these methods struggle
especially under low-texture environments such as planetary
terrain [4]].

Direct methods focus on explicitly measuring inter-robot
rigid body transformations with perception stacks rather than
place recognition algorithms. A popular class of robot pose
estimation algorithms uses fiducial markers, such as AprilTags
[33, 48] and Shen et al. method [41], which enable highly
accurate 6D pose estimation in close proximity but struggle
with planar rotations and require physical changes to robot
structure. 3D April tags [44] overcome viewpoint limitations
by using 6-faced cubes, allowing robust performance for un-
derwater tasks; however, they face the same range limitation as
distance is cubically proportional to the physical marker size.
Active signal-based methods, including UVDAR and CREPES
[34}, |51]], emit unique identifiable signals using UV or infrared
LEDs to encode IDs and enable relative pose estimation.
Though active sensing allows for much greater ranges [51]], it
requires specialized hardware, which for constrained robotic
solutions such as rovers or small-scale drones may not be suit-
able. Recent works use deep learning techniques to estimate
poses via bounding boxes or keypoints and are tracked over
time [35) |20, |42]. To overcome this limitation, Rueggeberg
et al. [37] proposed a long-range markerless approach that
generalizes well to arbitrary robot bodies. However, as with
other methods, single-body pose estimation struggles with
occlusions, varying articulated configurations of a robot, and
harsh environmental conditions. As such, we delve deeper into
articulated pose estimation methods as a potential solution to
these limitations.

B. Articulated pose estimation

Articulated pose estimation can be broadly categorized into
three main families: robotic pose estimation, category-level
pose estimation, and human pose estimation. In robotic pose
estimation, the kinematic configuration is fused with external
pose estimation methods to retrieve poses of the end-effector
or each articulated component. A popular technique used by
both DREAM [25] and PoseFusion [[14], is to use belief maps
of 2D sparse keypoints and fuse them with 3D keypoint es-
timates from forward kinematics and camera intrinsics before
passing them to a PnP solver. RoboPEPP [13] uses a self-
supervised pre-training strategy to learn the inherent physical
structure by masking specific joints during pre-training. The
pre-trained encoder and predictor networks are fine-tuned with
subsequent 2D keypoint and joint angle networks to build
sparse 2D-3D correspondences, which are refined with PnP.

While these methods have been shown to be more robust to
occlusions than pure feature-based methods, they remain sen-
sitive to symmetry ambiguity, missing keypoints, and struggle
with the many pitfalls of traditional keypoint-based methods.

Category-level articulated object pose estimation (CAPE)
methods predict poses for interconnected unseen parts which
belong to general categories rather than specific instances, such
as 3D CAD models of the object. Li et al. [27] tackle this issue
by introducing the Articulation-aware Normalized Coordinate
Space Hierarchy (ANCSH) which represents articulated ob-
jects in a two-stage canonical space consisting ofobject-levell
spaces with joint parameters and global information, and part
spaces with normalized coordinate spaces (NPCS). By doing
so0, they are able to predict articulated object instances within
known categories from pure depth images. Huang et al. [|17]]
use a single-stage unified network for real-time performance
to directly predict object centroids, semantic labels, and NPCS
from point cloud data. Liu et al. [30] introduce the CAPER
framework, which expands CAPE methods to multiple in-
stances with unknown kinematic structures and unpredictable
joint configurations from a single RGB-D image. Category-
level methods are strong against variations in object fidelity
due to their ability to generalize; however, they struggle under
harsh lighting conditions, bad initial detections, and are still
currently limited to 1D revolute and prismatic joints.

Although limited work has tackled articulated robot pose
estimation, there exists a significant body of literature for
Human Pose Estimation (HPE). By nature, HPE is premised on
articulated structures, representing the human body as a 3D,
rather than 6D, skeletal structure consisting of a kinematic
graph of joints and segments. Graph and transformer-based
methods model joint dependencies via learned relations and
assume that 2D HPE keypoints are given. Approaches, such as
PoseGTAC [52]] and DGFormer [8]], capture multi-scale spatial
and global relationships while encoding global physical con-
straints and interactions between joints. Alternatively, Pose-
oriented Transformers [26] explicitly encode skeletal topology
into their attention mechanisms. Other methods utilize deep
grammar networks [50, |[12] or holistic triangulation [46]to
encode kinematics, symmetry, and motor coordination of joints
using bidirectional RNNs for prediction of single-view or
multi-view poses. In contrast with other articulated methods,
HPE-based methods effectively use geometrical constraints
within their learned representations; however, they struggle
with self-occlusions, depth ambiguity, and temporal inconsis-
tency in monocular settings.

III. PROBLEM FORMULATION

Within multi-agent SLAM, inter-robot detections enable the
fusion of local maps to generate a consistent global map. As
such, direct association methods provide more accurate trans-
formations between robots than place recognition methods due
to their robustness in low-texture environments, but struggle
with range and occlusions. Since map fusion requires precise
position and orientation of a detected robot, pose estimation



is a natural extension of direct methods that can address some
of these limitations.

The pose estimation problem for a single body is formally
defined as follows. Given an RGB image, defined as I &
RIXWX3 where H,W are height and width, respectively, we
aim to predict the 6D pose of an object relative to the observ-
ing robot’s camera frame. We use the homogeneous transfor-
mation matrix representation of the 6D pose throughout most
of our methods as defined in equation [I] Additionally, we
assume a calibrated camera-to-body transformation T;77" is
available, which we use to generate the SLAM pose constraint

object
Tboéy
re = |ob || e spe), n
R € SO(3),
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The single-body assumption does not consider the complex
morphologies of robots as they move and interact with the
environment. Rueggeberg et al. attempted to use single-
body pose estimation algorithms with RGB cameras and
demonstrated their effectiveness in increasing detection range,
but struggled immensely with rotational symmetry issues and
detection errors under occlusion. This can be attributed to
their assumption that the observed robot remains in a fixed
static configuration as a single rigid body. Articulated methods
relax the single-body assumption, modeling the robot as a set
of interconnected rigid bodies rather than a fixed geometry.
This allows them to capture diverse robot configurations and
remain robust to occlusions. We formalize this by extending
the single-body definition to a graph of interlinked poses. We
define the set of body-to-object transformations between the
observing robot and each observed articulated component as
follows:

T = {Tioa, }s 3)

We additionally assume that the relative poses between
connected components are available. Specifically, we denote
the articulated body as a rooted kinematic tree G = (V,€),
where each node represents an articulated component and
each directed edge (a,b) € & represents a transformation
T? € SE(3) between components. The pose of any compo-
nent relative to another by a composition of transformations
can be obtained by a unique path in the tree, denoted by an
ordered sequence P(a,b) = {(u,v)|(u,v) € £ and u,v € V},
as follows:

T =

v I = )

(u,v)€P(a,b)

The SLAM pose constraint between the observed articulated
system and the observing robot is instead formulated as a
transformation to the root of the kinematic tree.

IV. SYSTEM OVERVIEW

Within this section, we cover the core aspects of our system,
including hardware components in subsection
general software architecture in subsection [[V-B

and

[V-A}

Fig. 2: Lightweight Rover Unit (LRU) in indoor lab with
AprilTags and VICON marker system.

A. Hardware

Testing a multi-robot system accurately requires a range of
hardware components from compute to physical robots and
ground-truth measurement systems. Below we describe the
hardware used along with some technical specifications of our
setup.

e Lightweight Rover Units (LRU): Developed by the In-
stitute of Robotics and Mechatronics at DLR, these
rovers are built for researching autonomous planetary
exploration systems. There exist two variants of the LRU,
LRUI and LRU2, with the former containing additional
cameras as part of its head segment. Each unit is equipped
with an RGB camera and stereo cameras (for depth).
Within our experiments, we use both units to record lab
data.

e VICON Motion capture: Providing ground-truth data is
crucial for assessing the quality of motion planning and
pose estimation pipelines. To this end, we use an existing
VICON motion capture system within the Indoor Lab
which accurately records the position of VICON markers
onboard the LRUs. The system requires careful calibra-
tion in order to maintain accuracy during maneuvers.

e April Tags: In addition to the VICON motion capture
system, we use April Tags for calibration. Unlike
VICON markers, which only detect position, AprilTags
provide accurate orientation information of the marker
as well. Each LRU is equipped with several AprilTags



Fig. 3: Generated training data of Lightweight Rover Unit (LRU). Left: OAISYS images with unstructured planetary terrain
and joint constraints. Right: BlenderProc2 data with different textures and backgrounds, and no joint constraints.

placed at a variety of points across the robot body,
ensuring visibility of at least one AprilTag from any
perspective.

o Workstations: The lightweight rover units require ground
station computers to maintain inter-robot communications
as they contain limited compute. As such, we use a high-
spec workstation consisting of an Intel Core i7 processor,
32 GB of DDR4 RAM, and an NVIDIA RTX 3080 to
run all applications and our pipeline simultaneously.

o Server clusters: In addition to the workstations, model
training and dataset generation use in-house server clus-
ters using the SLURM workload manager. As thousands
of high-quality planetary terrain images are required, the
cluster makes this approach more feasible.

B. Software

Our system software consists of three main components:
ROS2, our middleware for enabling interactions between
different applications; our own pipeline, which is a ROS2
node; and other subsystems which are also ROS2 nodes which
provide the greater Multi-robot SLAM pipeline. We detail the
components below.

e ROS 2: Robot Operating System 2 (ROS 2), is an
industry-standard framework used for developing robot
applications. Both the LRU’s and Vicon marker system
utilize ROS2 for all operations, including communication,
motion planning, SLAM and more. As such, each appli-
cation is processed as a ROS 2 node, including our pose
estimation pipeline.

o External ROS2 nodes: Within the system, several dozen
ROS2 nodes are required for the LRU’s to be operational,
and were developed in-house. The main components our
pipeline interacted with are the multi-robot SLAM com-
ponent, RGB Image frames from the camera component,
and finally the rigid-body transformation trees from the
TF frames component.

o Pose estimation pipeline: Our pose estimation pipeline is
primarily written in Python to take advantage of machine
learning libraries such as PyTorch and PyTorch3D. We
developed an offline pure Python version and an online
ROS2 version, consisting of the same core components,
to validate across a variety of datasets (see Section [VI]

V. PROPOSED SOLUTION

Within this section, we highlight the different components
of our proposed solution. The training procedure and data
gathering are described in Section [V-A] We describe the
upstream pose estimation pipeline in Sections [V-B]and [V-C|
We detail the filtering required to remove noisy estimates
in Section In Section [V-E] we describe our novel
factor-graph based pose estimation approach including single
and multi-frame methods. We extend our estimation pipeline
with edge-based refinement methods in Section [V-G| and
segmentation-guided refinement in Section [V-G2

A. Training data

Learning-based pose estimation tasks for specific robot
configurations require custom datasets for training. Moreover,
considering the context of planetary robotics, building datasets
from real-world examples becomes infeasible. As such, we
opted to use simulations, using approximate 3D models of the
LRU in order to generate training data.

1) OAISYS: OAISYS [32]is an open-source unstructured
outdoor environment simulator specifically designed for plan-
etary terrain. The simulator was modified to enable 3D models
with multiple bodies and joint constraints. By providing a
.blend file with the contained 3D model and a .yaml con-
figuration file containing specified joint limits, each sample
gets a randomized individual pose for each articulated body
under random environmental configurations. Additionally, for
every sample, we were able to generate individual component
masks, visibility masks, bounding boxes, and exact pose
coordinates for each articulated component. The output dataset



was converted to the BOP format [43]] to later train learned
components of the pipeline.

2) BlenderProc: Along with OAISYS, we used Blender-
Proc2 [11] for data generation to add robustness in close-range
detections. Onboard the LRU, there are several April tags,
which were not present within the 3D model and significantly
impact detection rate. As such, they were used as distractor
objects during training to increase robustness. Similar to
OAISYS, BlenderProc2 provides a variety of environmental
conditions such as lighting and various backgrounds; however,
it does not support articulated bodies. Instead, each robot
component is treated as its own separate object, helping reduce
the correlation effects during pose estimation, essential for
improving performance under occlusions.

B. 2D Bounding Box detection

To facilitate our downstream pose estimator, we require
a 2D bounding box detector to locate the object in image
space. This drastically reduces the search space for 6D pose
estimators and is typically integrated as part of the backbone
[49, [3]] or outsourced to upstream detectors [[37]]. For our task,
we use YOLOvV7 [47], an industry-standard object detector
which we train using an in-house pipeline that augments our
training set for increased robustness. The low computational
cost, ease of training, and robustness made it an attractive
option for our methods. As with the training data, each
articulated component is treated as a separate object by the
detector.

C. Robust 6D Pose estimator

The poses are detected using EagerNet [45], a network
specifically designed for orbital scenarios with harsh lighting
conditions and partial visibility. Additionally, EagerNet is
capable of achieving state-of-the-art performance in orbital
scenarios with approximate 3D models of the objects, a
capability that is particularly valuable for our work, given
that only approximate 3D models of the LRU are avail-
able. It achieves this robustness by predicting dense 2D-3D
correspondences between pixels and 3D object points and
uses several techniques, including foreground confidences,
coordinate errors, and surface region class labels, to produce
multiple hypotheses. These are iteratively refined, from which
the most probable pose estimate is selected as the model’s
output.

Though accurate, EagerNet is capable of only predicting
single object classes. For our articulated configurations, an
individual EagerNet network is trained to predict a single
component, requiring N networks for N Rigid body compo-
nents. As such, during inference time, we use an ensemble
of networks to make our pose estimates. In our experiments,
we consider a two-body scenario consisting of the LRU head
and the LRU body, as other articulated components have
no ground-truth transformations for comparison in our robot
configuration. A natural drawback of this approach is that
constraints and relations between components become difficult
to learn, as our estimators assume no knowledge of other robot

components. As such, in subsection [V-E|we introduce a poten-
tial solution to this approach using live intrinsic measurements
to provide kinematic constraints.

D. Filtering

Iterative SLAM pipelines rely heavily on accurate con-
straints, as once the graph has been optimized, it cannot
be undone. Therefore, false inter-robot detections that create
inaccurate SLAM constraints must be avoided at all costs,
and care must be taken in the pose estimation pipeline to
ensure accuracy. As such, raw detections and pose estimations
require filtering before being published. In this subsection, we
highlight the core filters used by our system.

o Confidence filter: YOLOv7 detections provide confi-
dence scores at inference time, which help identify which
boxes the model thinks are best. These scores aid Non-
Maximum Suppression (NMS) which filters out redun-
dant bounding boxes which contain significant overlaps.
The remaining detections are fed into a confidence filter
which removes those with scores below a confidence
threshold. Only best detection is assigned to the object
since we assume there is only one object per class.

o Border-contact filter: From our experimentation, objects
which are too close drastically impact pose estimation
performance due to occlusions. Using a border-contact
filter, we can detect if an object is too close by observing
how many bounding box borders contact the image
borders. We found that objects with 2 or more detection
borders intersecting the image boundary are typically too
close to get any meaningful estimates.

o Distance filter: Pose estimates that are beyond a certain
distance have larger variance and translational errors as
observed in our experiments. For practical scenarios, we
limit the detection range to a maximum number of meters
to reduce noise and false detections.

o Pose change filter: SLAM algorithms append a new set of
parameters and constraints for every detected landmark,
leading to a proportional increase in computational cost.
Additionally, pose constraints published at high frequency
can slow down graph optimization while providing little
information. Therefore, we introduce a pose-change filter
that evaluates whether new poses have changed in com-
parison to the previous pose and whether enough time
has passed.

E. Factor Graph Pose refinement

6D Pose estimations from upstream methods provide extrin-
sic measurements of articulated components without assuming
any kinematic links between them. As defined in Section
we assume access to the observed articulated system’s kine-
matic tree, giving us the relative poses between components.
The available relative poses from the intrinsics can be fused
with global pose estimates from the extrinsic measurements to
further refine estimates, providing more accurate predictions
under occlusions and harsh lighting.



As such, we treat the pose refinement problem as a fusion
problem, applying similar strategies to graph-based SLAM
methods [21, 22]]. We formulate this as a Maximum A
Posteriori (MAP) estimation problem of the set of unknown
true camera-to-object poses of each component X = {X; €
SE(3) | i€ V} given a set of measurements for the camera-
to-object poses from our estimator Z = {Z; € SE(3) | i € V}
as follows:

xMAP — argm)e{me(X | 2) )

To find the probability distribution P(X | Z) and solve
the MAP problem, we use factor graphs. A factor graph is
a bipartite graph that factorizes a probability distribution into
independent factors and variables. For our problem, we define
the factor graph as follows:

F=(xCL) (6)

where C is a set of all factors and L € X x C which
links variables to their corresponding factors. Unary factors
¢i(X;) € C represent the likelihood of the measurement
0i(X;) = P(Z;]X;) given the unknown pose, while binary
factors ¢; ;(X;, X;) € C for (i, j) € V represent the likelihood
P(Z;; | X;,X;) of the relative transformations. This allows
us to present the distribution P(X | Z) as a product of unary
and binary factors as follows:

Px|2)=]]é:i(x0) [] o(xi X;) (7)
i€V i,jEV
Additionally, we also assume that the measurement noise is
Gaussian in nature, giving us:

$i(X;) o< exp(—r] 27 'ry) (®)

i3 (Xi, X;) o< exp(—r; 5 ;) 9)

where r; and r;; represent the residuals or measurement
error, and the corresponding covariances. By substituting equa-
tions [8] [7]into Equation [5] we get a non-linear least squares
optimization problem.

AMAY = argmin(Y I 57 il + Y IS )
i€V i,jEV
(10

To perform this optimization, we use the GTSAM Library
[9] which provides simplified functions and interfaces for
factor graphs. Furthermore, it readily integrates robust cost
functions, such as the Huber loss, which we use in our work,
preventing outliers from dominating the optimization and does
so by assuming residuals are non-Gaussian.

For our system, we have two articulated components, the
LRU head and LRU body, along with the relative transforma-
tions between them. We list our factors in Equation [IT] and
provide a corresponding graphical overview in Figure 4} Each
measurement Z; € Z is accompanied by a covariance matrix

for the measurement noise, which can be tuned depending on
the system.

PX | 2)=¢u(Xu) x ¢p(Xp) x ¢pu(Xp, Xu)
st. X = {XH,XB}
Z={Zu,Zp,Zpu}

Y

NS N\
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Fig. 4: Factor-graph formulation. Zp, Z7, Zppy represent ex-
trinsic body measurement, head measurement, and intrinsic
body-to-head measurement respectively. X g, X are camera-
to-object poses that are optimized

Factor graph pose refinement assumes a unimodal distri-
bution for measurement noise. However, as upstream pose
estimates from EagerNet can be rotationally ambiguous, the
noise distribution remains bimodal, leading to erratic pose
estimates that diverge from the ground-truth. To this end,
we introduce a simple flip filter, which uses the relative
transformation between two components to assess whether one
component should be rotated by 180° around a particular axis.
In our case, we noticed symmetry issues around the z-axis and
formulate the filter as follows:

B
Tcam

R.(180°) 0
0 1

if W}| < Tthresh
T =

o 7B (12)

cam else |Q/J| Z Tthresh

where 74pesp 1S @ threshold for the yaw angle ¢ between
the LRU head and the LRU body and R,(180°) is a z-
axis rotational matrix for a 180° rotation. Though it may
not resolve all rotational symmetry cases, it helps reduce the
problem to a unimodal distribution, allowing for stability and
consistency during factor graph refinement.

FE. Multi-frame pose refinement

Factor-graph pose refinement optimizes the articulated com-
ponent poses only for a single frame, and as stated earlier, can
potentially suffer from rotational symmetry issues. A potential
solution would be to consider extending the framework to
include multiple frames, helping spot inconsistencies across
the time domain. As such, we extend the factor graph pose
refinement framework to include multi-frame tracking, fusing
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Fig. 5: Visualization of the edge extraction and refinement process. The top row shows the rendered silhouette, extracted
rendered edges, and the softening. The bottom row shows extracted target edges, softening, and the contribution of each pixel

to the loss.

additional measurements from Visual Odometry (VO) to get
the motion between frames. Poses Zy = Tf(fm and Zp =
Tflm along with a timestamp and relative transformation
measurement Zpop = T(fiom between the odometry reference
frame and the root frame of the articulated body (in this case
Zg)), are stored within a buffer of size k. The buffer acts as
a sliding window, only considering a set number of frames,
rather than all previous time frames, to avoid the buildup of
drift. In addition to considering only a set number of frames,
we also implement a time filter to prevent any odometry
drift from building up from stale detections. If the detections
between detections is too long, then the previous detections
are discarded, leaving only the latest measurements that are
within the set boundaries. Therefore, we only perform multi-

frame refinement once the buffer is full.

k
PX|2) = H¢H(XHi) x ¢p(Xp,) X ¢pu(Xp,, Xu,)
i=0
k
X ¢BB(XBi—17XBi)
i=1
s.t. X = {XHN...,XHM XBowquBk}
Z={Zny,...,Zu,, ZBoy---+ 2By
ZBHys -+ ZBH,, ZB;B; V1 < j}
(13)

The tracking algorithm formally extends our factor graph
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as shown in Equation Each variable and measurement
belonging to sets X, Z is additionally indexed by time.
Along with that, we introduce new temporal factors to indicate
measured transformations between the root component of the
kinematic chain across time.

G. Edge-based differential refinement

Images contain rich geometrical details that help identify
differing sections of the robot. The simplest features of which
are edges, which are easy to extract and preserve robot
geometry. An intuitive refinement technique would be to
align the edges of the observed image with the edges of the
render of our estimated pose. However, traditional rendering
processes lose 3D information when projecting points to the
image plane, making pose optimization infeasible. Differential
rendering approaches [29} 28] use soft rasterization to create
smooth continuous gradients that enable optimization. Taking
inspiration from Liang et al. [29]], we optimize for edge overlap
rather than segmentation mask overlap, as we suspect edges
to contain richer information. We developed two methods: a
purely geometrical approach for edge-based pose refinement,
and a segmentation-guided approach which uses a learned
mask to keep relevant target edges.

1) Edge-based pose refinement: Upstream poses are typ-
ically represented as homogeneous matrices 7' € R***  that
consist of both a translational vector ¢ € R3*! and a rotation
matrix R € R3*3. The rotation matrix is converted to
the axis-angle representation to reduce the number of free



variables during optimization and guarantee orthonormality.
The transformed pose is rendered using a soft rasterizer, which
uses blurring to produce soft differentiable boundaries around
the mesh, and a soft silhouette shader. Moreover, we place a
point light at the camera origin, with additional ambient light,
to sufficiently illuminate the scene.

Both the target image and the rendered image have their
edges extracted using a differentiable Sobel edge detector. The
Sobel edge detector emphasizes high spatial frequency regions
that correspond to edges using two Z3*? convolutions Gz and
Gy as shown below:

10 1 1 2 1
Gr=|-2 0 2|,Gy=|0 0 0 (14)
1 0 1 1 -2 -1

These kernels are convolved around each image, giving
us the horizontal and vertical gradients at each pixel. The
magnitude of these gradients is calculated per pixel, as the
norm of the vertical and horizontal gradient components, as
shown in equation [T3] where 4, j define pixel coordinates. It
must be noted that values are clamped before the square root
to avoid infinite gradients at 0.

1Gijll = /Ga?; — Gy,

Unlike rendered images, target images contain heavy noise
within their edge map caused by background noise, unstruc-
tured terrain, and objects within the scene. As such, we
generate an influence mask, which decides the relevance of an
edge pixel towards the final loss. To filter out weak and noisy
edges, we apply a soft threshold using the sigmoid function,
where E defines the edge at ¢, j, Fy, is the threshold, and
is a scaling factor:

5)

P(i,j) = 0sig(v - (Eij — Etn))

To further smooth out edges and reduce high-frequency
noise, a circular isotropic Gaussian kernel is applied, which is
defined in equation As such, neighboring pixels of an edge
also contribute towards the loss, creating a smooth circular
region of influence, generating smoother gradient flows. In
this case (u,v) € describes the kernel coordinates, and og;,.
is an odd kernel size.

(16)

ol 557)
«p [ —
202
K, (u,v) = 22 (17)
S exp (_ - )
u,v
-k k
(u,v) € [7, 5], where k = 2046 + 1 (18)

With the edges cleanly extracted at each data point, we
inflate target edges using a Gaussian blob kernel to soften
the edges, similar to equation A kernel with an odd size
is initialized with a Gaussian distribution at its center. The
standard deviation oof the distribution specifies the radius of
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influence, creating a softening circular region around the edge.
Additionally, by normalizing and thresholding the values, we
prevent vanishing and exploding gradients. We drive edges
closer together during optimization by gradually annealing
o and reducing the softening to introduce more distinct
geometric features.

Our goal was to select a loss function that contained strong
convergence properties and down-weighted extreme outliers.
As such, we chose the Mean Squared Error (MSE) loss
between the target edge image defined in equation [I9] The
influence mask’s weight w; ; is applied to the pixel error
between the rendered edge E; ; and the target edge T; ;.

> wig e (Biy —Tig)?
DD¥ Zj Wi, j

The calculated loss is back-propagated to optimize the initial
pose, and the process is repeated for N iterations. We use
the Adam optimizer, with a constant learning rate parameter
specified individually for the translational component and the
rotational component. We do not add learning rate decay, as
the number of iterations /N is small and the annealing of oy
during the softening step ensures convergence.

2) Segmentation-guided pose refinement: Target filtering
purely through geometrical approaches isn’t enough to dis-
tinguish relevant robot component edges from background
objects or terrain noise, especially in cluttered environments.
As such, we used a learned approach to segment the image,
extract an instance object mask, and select only edges within
the mask, generating an accurate target image.

Instance segmentation is the process of identifying individ-
ual objects within an image and providing unique segmentation
masks. We use the YOLO family of models, specifically
YOLOV26, and train it on the same dataset as our upstream
pose estimators. Though globally accurate, binary segmenta-
tion masks produced by learned methods struggle with finely
matching the contours of an object. As such, it becomes
important to inflate the segmented mask to prevent the relevant
target edges from being masked out.

E:

19)

max

(20)
—k/2 <u <k/2—k/2 <v <k/2

MiJ = (pu,v)

We use a form of morphological dilation which inflates the
binary segmentation mask using max-pooling kernels. As each
pixel is either O or 1, any pixel near the masked region is
included within the newly generated mask, effectively inflating
the original masked region. We use the kernel specified in
equation where k € Z is the kernel size and p,, ., € R is
the binary pixel value. After the inflation process, the mask is
applied directly to the target edges after Sobel edge extraction
and before softening.

VI. EXPERIMENTAL PROCEDURE

A. Datasets

As part of our experimental procedure, we use a diverse
range of data to evaluate our novel method. This includes
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Fig. 6: Edge-based refinement pipeline which takes as input a
6D pose estimate, 3D model, and original image. By compar-
ing the edges via an L2 loss, the gradients are backpropagated
to optimize the 6D pose.

variations of synthetic data and indoor lab data for testing
6D pose estimation performance under occlusions, planetary
terrain, and noisy environments.

o Synthetic data: Our synthetic dataset is built from
OAISYS, much in the same way that our training data is
generated, and consists of 800 samples. As such, each
sample is an LI.D random variable, which allows for
good single-shot evaluation, but cannot be used to assess
tracking-based pose refinement. The dataset provides seg-
mentation and visibility masks, giving the exact line-of-
sight visibility percentage (%), enabling the comparison
of model performance under varying levels of object
visibility.

Indoor lab data (Live): To evaluate under real-world
conditions, we collected live data of DLR’s LRU sys-
tems navigating within the Mobile Robotics Laboratory,
recording a total of 684 samples. Ground-truth data
is collected using the indoor VICON motion capture
system, with markers being placed on key robot sections.
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The motion capture system is calibrated and publishes
unified ROS2 TF Frames, which are unified with internal
sensor data under a single TF Tree. This gives us access
to both ground-truth and live odometry data. Unlike our
synthetic data, our indoor data is recorded as ROS2 bag
files, allowing for sequential image data and enabling us
to evaluate our tracking-based method.

Indoor lab data (Occlusions): To mimic occlusion
scenarios found within our synthetic data, an additional
dataset was recorded with obstacles that limit line-of-
sight visibility of the LRU, consisting of 950 samples.
Additionally, the dataset introduced camera movement of
the observing robot, as previous datasets only had static
camera positions.

B. metrics

To assess the performance of the model, we used common
metrics found in the literature for the task of pose estimation,
as described below:

« Translational error: The translational error is defined as
the Euclidean distance between the ground-truth (z,y, 2)
and the estimated poses (z,y, z). Additionally, we also
compute the translational error per individual axis, espe-
cially to observe the model’s localization capabilities in
the depth domain. It is computed as follows:

||tgt _EestHQ (2])

Rotational error: The rotational error is defined as the
geodesic distance, which is the shortest path between two
orientations in on a rotational manifold SO(3). Le., it is
the smallest rotation required to go from the estimated
orientation to the ground truth. Specifically, we use the
quaternion representation and the following equation to
calculate this error:

ey = 2arCCOS(‘Qgt “qestl) (22)

Visibility: Visibility is defined as the percentage of the
object’s mask that is visible or not under occlusion.
With this information, we are able to correlate estimation
performance against occlusion robustness.

Distance: Similar to visibility, we compare how the
model performance changes across a variety of distances.
The distance, in this case, is the Euclidean distance
between the ground-truth pose of the observing robot and
the estimated pose of the observed robot.

C. Hyperparameter tuning

Hyperparameter tuning is a critical component of ensuring
optimal performance of the system. As such, we tune the
hyperparameters of each method separately on a subset of
the synthetic dataset, using Optuna [|1]. This hyperparameter
optimizer works by using a specified cost function and efficient
sampling strategies. In our case, we used the ADD metric
typically found in the BOP benchmark [15]], which unifies
the translational error and rotational error into one metric.
For graph-based refinement, we tuned using 100 runs, while



TABLE I: Average translational error in [m] and rotational error in [deg] of different methods across 3 datasets. Each method
adds additional steps to the baseline pose detector, a re-implementation of [37]]. Highlighted values indicate the best-performing

method for each dataset.

Method Synthetic Dataset

Indoor Lab (No Occlusion)

Indoor Lab (Occlusion)

Translational Error in [m] £+ Std.

B 0.2703 4+ 0.4233
B + GR (1-frame) 0.1230 £ 0.1450
B + GR (3-frame) N/A

B + ER 0.2703 £ 0.4232
B + SR 0.2703 4+ 0.4233
B + GR (1-frame) + SR 0.1231 £ 0.1452

0.4133 £ 0.3139
0.4112 + 0.2663
0.4121 £+ 0.2205
0.4156 £ 0.3165
0.4149 £ 0.3155
0.4154 4+ 0.2884

0.6064 + 0.4435
0.5699 + 0.4443
0.5566 1+ 0.4212
0.6081 + 0.4472
0.6079 £ 0.4471
0.5715 £ 0.4510

Rotational Error in [deg] £ Std.

B 21.5187 £ 38.7497
B + GR (1-frame) 8.2539 + 20.4923
B + GR (3-frame) N/A

B + ER 21.5146 + 38.7535
B + SR 21.5163 + 38.7529
B + GR (1-frame) + SR 8.2553 4 20.5131

43.6404 £ 60.1585

54.3190 £ 66.3145 69.4447 £ 66.4046
39.7060 £ 50.2395
39.0371 + 46.7934
71.5022 £ 67.2184
70.9840 £ 66.9936

39.7262 £ 50.5265

50.0436 £ 47.6259
54.3231 £ 66.3384
54.3831 £ 66.3421
43.6416 + 60.1613

B = Baseline, GR = Graph refinement, ER = Edge refinement, SR = Segmentation-guided refinement.

for edge-based refinement, we only ran 20 runs because of
the difference in computational complexity between the two
methods. All our experiments use the best possible parameters
for each method to maximize performance.

VII. RESULTS

Our experiment tested a total of 6 methods, including
the baseline, against 3 different datasets, which we detail
within this section. In these experiments, the baseline is a
re-implementation of the markerless pose estimation method
from Rueggeberg et al. [37]]. In Section we provide a
general overview of the performance of each method. Section
evaluates how method performance scales with distance,
while Section [VII-E|provides an analysis of qualitative results.
Finally, we discuss the impact of each component in our

ablation study in Section

A. Tuned hyperparameters

Our tuned hyperparameters are described in Table It
must be noted that segmentation-guided refinement does not
introduce any new parameters. Furthermore, multi-frame graph
refinement could not be tuned on the synthetic dataset because
samples are not sequential. We observe that with tuned edge-
refinement, the learning rates for both translation and rotation
are near zero, with a low number of iterations N. Additionally,
max and min values for softening indicate that annealing did
not occur.

B. Overall performance

In Table [ we report the average translational and rota-
tional errors for all methods against every dataset. The table
summarizes performance across different levels of occlusion
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TABLE II: Tuned hyperparameters for edge-based and graph-
based pose refinement on subset of synthetic data. Graph-
refinement rows report the diagonal noise values for each
factor: body pose Xp, head pose Xy, and the intrinsic
between-factor ¢y (Xp, Xg) (Eq. 11).

Method Param. Value
Ir (transl.) 3.42e-05
Edge yr (rot.) 3.53e-05
iter. NV 10
refine.
max o 1
min o 1
x Y z
¢ p transl. 6.36e-01 5.99e-01 2.76
¢ rot. (r,p,y) 3.46e-02 1.31e-01 3.66e-01
Graph ¢y transl. 5.52e-02  1.I1  9.79e-02
refine. ¢ g rot. (1,p,y) 2.86 1.10e-03 3.61e-01
¢ By transl. 2.48e-01 1.11e-05 4.22e-05
¢pBH rot. (1,p,y) 3.91 2.37 2.91e-02

and varying distances. Moreover, the results show the average
error across all articulated components. For synthetic datasets,
the multi-frame graph refinement could not be evaluated
because samples are not sequential and are extracted from
a random set of environmental conditions. We observe that
the best-performing method within the synthetic dataset is the
baseline + graph refinement, which obtained a 55% decrease
in translational error and 61% decrease in rotational error. For
the indoor lab dataset without occlusions, single-frame graph



refinement performs significantly better in terms of rotational
error but shows negligible performance for translational error.
Multi-frame graph refinement performs the best by a marginal
difference for translational error but substantial improvement
on rotational error statistics. It must be noted that edge
refinement and segmentation-guided refinement showed no
observable difference from the baseline.

TABLE III: Average translational error in [m] and rotational
error in [deg] of different methods for each occlusion level
within the Synthetic dataset. Large outliers were removed us-
ing IQR, and bold values indicate the best-performing method.

Occlusion levels

Method None Low Med. High
0-5% 5-35% 35-65% >65%
Translational Error [m] £ Std.
Baseline 0.1740.17 0.18+£0.16 0.1940.19 0.24+0.11
GR 0.0940.07 0.11+0.08 0.1340.09 0.1240.07
ER 0.1740.17 0.18+0.16 0.1940.19 0.2440.11
SR 0.1740.17 0.18+0.16 0.1940.19 0.2440.11
GR+SR  0.0940.07 0.11+0.08 0.13+0.09 0.121+0.07
Rotational Error [deg] + Std.
Baseline 12.14+1.17 11.1£124 1524153 14.8+£12.2
GR 5.59+6.08 5.434+4.71 4.89+3.48 7.91+16.1
ER 12.14+1.17 11.1+£124 1524153 14.8+12.2
SR 12.14£1.17 11.1+£124 1524153 14.84+12.2
GR+SR  5.59+6.08 5.43+4.71 4.89+3.48 7.91+16.1

C. Performance under occlusion

Understanding the performance of each method under
different visibility conditions provides an overview of the
robustness of the pose estimates. In Table [II| the errors
corresponding to 4 levels of occlusion are specified. As ob-
served, at a general level, higher occlusion levels lead to larger
estimation errors, with the full pipeline consisting of Graph
refinement and Segmentation-guided refinement performing
the best under occlusion. Similar to overall performance, ER
and SR provide virtually no improvements over the baseline;
as such, GR+SR has the same score as GR, as the SR
component does not contribute.

D. Effect of distance

Model performance can be influenced by distance, as the
number of pixels occupied by the object varies proportionally.
In Figure we illustrate model performance in relation to
distance for each method and dataset. Within the synthetic
dataset, we observe that model performance stays relatively
consistent across a range of 20 meters. The Baseline +
Graph refinement method showed the lowest translational and
rotational error with minimal variance of only 0.2m. Among
both Indoor lab datasets, all methods showed a proportional
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increase in translational error with distance, whereas rotational
error showed an inverse relationship.

E. Qualitative results

Along with quantitative metrics, we perform qualitative
analysis by visually inspecting the pose estimates of each
method. In Figures [8] [0 we cover method differences,
occlusion robustness, and failure cases in the synthetic and
indoor lab datasets.

Figure [0 compares estimated poses detected by each
method for the articulated head and body components of
the LRU. The baseline pose noticeably exhibits a disconnect
between components, with the head translated upwards along
the z-axis (red). Both edge refinement and segmentation-
guided refinement methods exhibit identical behavior, as sup-
ported by the quantitative results. However, the graph-based
refinement method adjusts the head component to match the
original rotation while anchoring the joint according to the
constraints. We also observe the flip filter correcting body
pose by 180° along the z-axis before refinement. Multi-frame
graph refinement shows more deviation than the single-frame
method.

As observed in Figure [§] the full pipeline is evaluated
against varying levels of occlusion. Baseline pose estimates
show an increase in errors proportional to the degree of
occlusion, with limited error under no to medium levels. Under
heavy occlusion, the baseline fails to detect all components.
In contrast, the full pipeline is capable of correcting and even
reconstructing component poses even under heavy occlusions.

Understanding the failure cases is crucial for assessing the
applicability for different scenarios. Figure [I0]highlights two
frequent cases: partial inaccurate recovery and breaking rota-
tional symmetry failure. In the first image, the estimated pose
is drastically rotated along the body’s y-axis in comparison
to the original position during an occluded maneuver in the
indoor lab. The body is inferred from the head’s position,
whose initial detection was inaccurate, leading to an inaccurate
recovery. The second image illustrates a common 180° rota-
tional error along the z-axis from the convergence of the model
to an ambiguous rotational pose. The symmetric nature of the
object body makes it difficult to consistently break symmetry
under translational errors from relative constraints alone, even
with an additional flip filter.

F. Ablation study

To understand the contribution of each component towards
the final pose estimate, we incrementally add each component
towards the pose detector as shown in Table [l Among all
the methods, graph refinement (both single and multi-frame)
alone was able to provide substantial improvements from the
baseline methodology with a 55% decrease in translational
error on the synthetic dataset. However, edge-refinement and
segmentation-guided refinement showed no improvement over
the baseline. Therefore, the contribution of edge-based refine-
ment methods towards the full pipeline can be considered
negligible.
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Fig. 7: Translational and Rotational errors versus distance for each dataset and method. The columns are translational errors
[m] vs distance [m] and rotational errors [deg] versus distance [m] respectively. The rows are organized by dataset. From top
to bottom: Synthetic dataset, Indoor lab dataset without occlusions, and Indoor lab dataset with occlusions. For each increment
of 0.5m we display the line of best fit and £1 std residual band.

TABLE IV: Wilcoxon T-test results on the synthetic dataset
across all occlusion levels. Mean diff = baseline — method;
positive means the method reduced error. Sig. represents A. ER and SR validity

VIII. DISCUSSION

significance. Both Edge refinement (ER) and Segmentation-guided refine-
Method Metric Mean Diff p < 0.001 Sig. ment (SR) provided almost identical results to the baseline, as
h in Tabl hich irectl 1 h
- Trans. [m] —0.0000 o171 No Sig. shown in 1 abe.z m w 1cf cgn lihrect)lf :?e cc;rre(;ltedt ttq t e;
Rot. [deg] 0.0046 1.08 x 10~* Sig. near-zero learning rates for bot trans.a ional and rotationa
- (] 0.0000 0.014 No Si error chosen from hyperparameter tuning (see Table [[I). In
rans. |m —V. . 0 D1g. : . . . .
SR Rot. [deg] 0.0031 0.026 No Sig. Appendix @, we investigated the impact of learning rate

using a few qualitative samples from our tuning samples
and found that higher learning rates led to lower alignment.
Additionally, we noticed that the convergence location for
higher learning-rate refinement methods is away from the
original body, indicating that the target edges do not properly
capture the object geometry and pose information. Therefore,
further processing of target images for both the ER and SR
methods is required to ensure accurate convergence to the
predicted poses.

Trans. [m]  0.0378  2.86 x 1072° High Sig.

GR Rot. [deg]  2.5532  1.07 x 1073° High Sig.
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Fig. 8: Qualitative pose estimation results across increasing occlusion severity (none, light, medium, heavy). Top row: baseline.
Bottom row: Graph refinement (GR) + Segmentation-guided refinement (SR).

Fig. 9: Side-by-side comparison of 4 methods of the articulated
Lightweight Rover Unit robot in an indoor lab. Top left:
Baseline, Top Right: Baseline + Edge refinement, Bottom
left: Baseline + Graph refinement, Bottom right: Baseline +
Multi-frame Graph refinement (3 frames).

B. Graph refinement performance

As observed in Section [VII-B| graph refinement showed a
substantial improvement in the synthetic dataset compared to
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Fig. 10: Failure cases for graph refinement. On the left, partial
inaccurate recovery, and on the right, rotational symmetry flip
failure.

the baseline method, further supported by pairwise significance
tests in Table [[V] This suggests that graph refinement can
successfully fuse global upstream pose estimates with local
relative pose constraints. Moreover, the lower standard devia-
tion suggests that fusion of these measurements averages out
the deviation between the articulated components.

Additionally, we observe from our qualitative results in
Section [VII-E] that graph refinement enables poses to be
recovered when upstream pose estimation fails drastically. Our
factor graph formulation enables us to optimize for unknown
poses even when extrinsic measurements Z; € Z lead to
unary factors being dropped from the graph topology. As
long as variables are present between factors in the connected
topology, the variables X; € X will be present in the
optimization and can be recovered [10]]. This is also the result
we observe across our results.



C. Single-frame vs Multi-frame refinement

Multi-frame graph refinement surprisingly performs worse
than the single-frame method within the Indoor Lab (No
occlusion) dataset but better under the Indoor Lab (Occlusion)
dataset. This demonstrates that multi-frame graph refinement
provides slight improvements, conditioned on the presence of
occlusions. Furthermore, looking at the standard deviations of
the rotational error, we observe that multi-frame GR is more
peaked than single-frame. As hypothesized in Section
fusing visual odometry data helps spot inconsistencies across
the time domain, one of which is rotational symmetries. The
significantly lower rotational standard deviation suggests that
pose rotations across multiple frames resolve closer to the true
heading. We observe a similar relation across translations but
not as significant.

D. Pose recovery and Accuracy under occlusion

Qualitative evaluation of the different levels of occlusion
in Section shows the ability of the full pipeline to
recover and estimate poses even under severe occlusion. By
having at least one detected component and the set of relative
constraints, the refinement method allows us to infer the posi-
tion of other components, as detailed in the previous section
(see Section [VIII-B). However, these inferred components are
prone to the same errors as the original detected component
and can lead to inaccuracies.

E. Distance evaluation

Object distance has varying levels of influence on each
method across the different datasets, as highlighted in Section
In the synthetic case, we observe that all methods show
no correlation between the observed errors and object distance,
likely due to the synthetic dataset being generated from a
similar distribution as our training set. As such, our learned
pose estimator EagerNet [45] provides stable performance
across a wide range of distances, with our refinement methods
providing only constant differences in error.

In contrast, we see a more natural trend within the indoor-
lab datasets, particularly with translational error. Translational
error increases with the object’s distance from the camera,
which makes per-pixel localization for features more challeng-
ing. As objects move further away across the z-axis, small
planar movements on the image plane correspond to much
larger movements in 3D space and are constrained by pixel
resolution limits. However, we notice relatively stable, if not
slightly decreasing, performance for rotations, which could be
attributed to truncation issues caused by image borders or the
similarity with the distances within the training set.

FE. Sim-to-real Gap

We strongly observe the sim-to-real gap for each refinement
method, particularly visible in Table [I] between the synthetic
dataset and the two indoor lab datasets. This can be attributed
to the sim-to-real gap, as our live system contains signifi-
cantly more geometric detail than the CAD models used for
simulation and inference, requiring the model to extrapolate.
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Additionally, all indoor lab data, with and without occlusions,
provides 3-channel grayscale images, whereas the pose esti-
mation model was trained on full color images. Therefore, the
lack of color reduces the information available, requiring the
model to rely more on geometric cues to estimate the position
of each component. Similarly, within Edge refinement, we
observe that target images in the indoor-live data contain
different edges than the CAD model, which has a significant
impact on convergence.

G. Limitations

While our proposed methods demonstrate clear improve-
ments over single-body pose estimation, most notable under
occlusions, we identify several limitations that constrain the
generalizability of our findings. The failure cases described in
Section highlight common limitations of single-frame
and multi-frame graph refinement methods. Firstly, both artic-
ulated components, the LRU head and LRU body, are symmet-
ric along at least one axis, which makes disambiguating the
pose challenging. Even with a flip-filter to keep the distribution
uni-modal, real-world runs struggle if both upstream pose
estimates exhibit the same rotational flip, as seen in Figure
[0} This is because single-frame graph refinement is only
able to enforce local relative rotation between components,
and not global rotation. Multi-frame methods also face similar
issues under the same circumstances, but to a lesser degree,
as errors are averaged across frames. Additionally, multi-frame
methods, due to their larger number of variables, face higher
risks of the optimization exploding if upstream detections are
not uni-modal or are not within the defined error bounds of
the noise model.

Our experiments have only considered an articulated system
of two bodies due to the available intrinsic measurement. No
joint information was available for other articulated compo-
nents of the robot, such as the wheels, forcing us to consider
them as static components of the LRU body. Moreover,
the variance of our results could be attributed to the lack
of robustness during model training of our pose estimator,
indicating the need for larger datasets and possibly stronger
augmentations.

Furthermore, EagerNet [45] is trained on each object indi-
vidually, requiring an ensemble of networks to detect poses
of multiple objects, which is not scalable for a large number
of articulated components. The process also reduces any
correlation information between articulated objects that can
decrease robustness under partial visibility.

Our work purely evaluates the pose estimation performance
of our methods and the baseline on a component-level. Though
currently integrated into a Multi-agent SLAM system, we
have yet to quantify the performance against system-level
multi-agent SLAM metrics such as map consistency and
trajectory errors. As a result, while our method states improved
performance under occlusion for individual pose estimates,
we cannot yet confirm if that translates to better SLAM
performance, as other factors, including detection frequency,
can alter the effects of our measurements.



H. Future work

Our work has shown the promise of articulated pose esti-
mation methods as alternatives to pure single-body methods;
however, there remains room for future work. Within this
section, we highlight potential directions to improve upon
our limitations, including evaluation on a multi-agent SLAM
system, changes to our differentiable rendering methods, and
increasing the robustness of articulated detections and up-
stream pose estimates.

o Evaluation on Multi-agent SLAM data - Our work
has thoroughly explored our articulated methods against
the baseline at the component level; however, it does
not quantify downstream Multi-agent SLAM performance
after integration into the SLAM system. Follow-up work
would run system-level tests using localization and map-
ping metrics to verify the impact of articulated methods
as the source of inter-robot constraints.

Unconstrained articulated components - A potential
solution to the lack of intrinsic measurements for some ar-
ticulated components would be to use partial constraints.
Consider the LRU wheels; they are capable of swiveling
around the z-axis and are translational. Pose estimations
could provide initial values for the graph optimization,
with preset constraints restricting the factors only across
certain dimensions, leaving the other’s free.
Differentiable features - Differentiable rendering re-
quires differentiable functions, thereby limiting extracted
features to edges, silhouettes, or masks. More robust
features, including ORB [36], are lightweight but hand-
crafted. Using differentiable feature extractors such as
deep neural networks on rendered objects can improve
performance.

Target edge filtering - Clear target edges are fundamen-
tal in ensuring convergence to the true object pose, as
detailed in Section Future work could explore
better filtering strategies to remove environmental noise,
such as planetary terrain, while preserving target edges
within a localized region around the estimated pose.
Another promising direction is using more descriptive
loss functions, as Edge refinement and Segmentation-
guided refinement are heavily dependent on informative
gradients. As such, encoding scale, distance, and geo-
metric features within the loss can improve performance
[29].

Domain randomization - The sim-to-real gap in our
experiments was caused by our use of low-fidelity 3D
models and availability of only grayscale images dur-
ing inference. As such, randomizing the environments
and domains of our training data while increasing the
dataset size and augmentations, including grayscale, can
boost out-of-distribution performance during inference.
Additionally, training a single network, rather than an
ensemble, can capture dependencies between articulated
components as done with category-level articulated esti-
mation methods [27, [30].
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IX. CONCLUSION

Within this work, we investigated the use of articulated pose
estimation techniques and their applicability towards direct
inter-robot detection in multi-agent SLAM. We created 5 dif-
ferent methods and performed per-component analysis on syn-
thetic planetary terrain data and indoor lab datasets. Our results
showed that graph-based pose refinement, which enforces rel-
ative constraints between components, led to a 55% decrease
in translational error and a 61% decrease in rotational error,
in comparison to the baseline, showing clear improvements in
inter-robot detection capabilities. Furthermore, the full pipeline
showed its ability to recover undetected poses even under
heavy occlusions with only a single detected component of
the robot. In contrast, geometry-aware approaches such as
edge-refinement and segmentation-guided refinement showed
limited impact on estimates, likely as a result of insufficient
filtering on target images and differences caused by the sim-to-
real gap. Future work should evaluate system-level metrics on
a Multi-agent SLAM system and prioritize improving target
edge filtering to assist convergence to the true object pose. Our
work provides a foundation for direct, markerless inter-robot
detection methods in the planetary domain, demonstrating that
representing robots as an ensemble of articulated components
improves pose estimation robustness under occlusion and
complex robot morphologies. This brings us a step closer to
the accurate, long-range markerless detection that multi-agent
SLAM depends on.
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APPENDIX A
HYPERPARAMETER TUNING DIAGNOSTICS
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Fig. 11: Visualizations of the impact of translational and ro-
tational learning rates on Edge refinement (ER). Translational
and rotational learning rates are shared; higher learning rates
show greater deviation. Top Left: Baseline method, Top Right:
ER with learning rate le-5 (near-zero). Bottom Left: ER with
learning rate 1e-03. Bottom right: ER with learning rate 1e-02.
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