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Abstract
Pose estimation of excavators is a fundamental yet challenging task with sig-
nificant implications for intelligent construction. Traditional methods based on
cameras or sensors are often limited by their ability to perceive spatial struc-
tures. To address this, 3D light detection and ranging has emerged as a promising
paradigm for excavator pose estimation. However, these methods face signifi-
cant challenges: (1) accurate 3D pose annotations are labor-intensive and costly,
and (2) excavators exhibit complex kinematics and geometric structures, fur-
ther complicating pose estimation. In this study, a novel framework is proposed
for full-body excavator pose estimation directly from 3D point clouds, without
relying on manual 3D annotations. The excavator pose is parameterized using
pose parameters of geometric primitives under kinematic constraints. A unified
deep network is designed to predict pose parameters from point clouds. The net-
work is initially pre-trained on synthetic data to provide parameter initialization
and then fine-tuned using real-world data. To facilitate label-free training, the
self-supervised loss functions are designed by exploiting the geometric and kine-
matic consistency between point clouds and excavators. Experimental results
on real-world construction sites demonstrate the effectiveness and robustness
of the proposed method, achieving an average pose estimation accuracy of 0.26
m. The method also exhibits promising performance across various excavator
operational scenarios, highlighting its potential for real-world applications.

1 INTRODUCTION

Excavators are vital and ubiquitous equipment in the
construction industry. The pose estimation of excavators
has received considerable attention from both indus-
try and academia due to its extensive applications in
enhancing safety and productivity monitoring in construc-
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tion and advancing autonomous systems, human–robot
interactions, and virtual/augmented reality. Accurately
identifying the full-body pose of an excavator in 3D space—
including the positions and orientations of its components,
as well as its occupancy volume—is crucial for these
applications (Y. Liu & Jebelli, 2024). For example, in exca-
vation safety monitoring, it helps estimate the minimal
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distance between workers and the excavator, thereby pre-
venting human–machine collisions (K. Kim et al., 2023).
It also enables automated excavators to assess their spatial
relationship with dump trucks, facilitating autonomous
loading operations (Eraliev et al., 2022).
Current methods for pose estimation of excava-

tors primarily include sensor-based and camera-based
approaches. Sensor-based techniques have been thor-
oughly studied (D. Liu et al., 2023; Vahdatikhaki et al.,
2015), yet they are susceptible to damage from intense
vibrations and experience measurement drift over time.
Camera-based methods have attracted substantial interest
(Bang et al., 2021) with 2D-to-3D lifting or depth estima-
tion techniques (Shen et al., 2024). However, estimating
3D poses using monocular cameras presents significant
challenges, such as inadequate lighting, depth ambiguity,
and scale variability arising from the absence of depth
references. Existing camera-based approaches generally
estimate 3D poses only under constrained conditions
and with considerable inaccuracies (Assadzadeh et al.,
2023). While stereo cameras can provide depth estima-
tion, they compromise with calibration, installation, and
computational efficiency (Soltani et al., 2018).
To overcome these limitations and better perceive spa-

tial structures, light detection and ranging (LiDAR)-based
methods have emerged as a promising paradigm for pose
estimation (Y. Li & Ibanez-Guzman, 2020). The 3D point
clouds generated by LiDAR effectively capture the detailed
and long-range spatial geometry (H. S. Park et al., 2007),
thus providing solid support for 3D pose. However, cur-
rent LiDAR-based studies for excavator pose estimation
remain significantly under-researchedwith a limited num-
ber (Cho & Gai, 2014; Kashani et al., 2010). These studies
employed old techniques and incomplete pose representa-
tion, yielding inadequate accuracy.
This study focuses on the deep learning techniques for

3D pose estimation from point clouds (Yue et al., 2024).
Although such methods have seen limited application for
excavators, they are extensively employed in the studies of
humans and rigid objects (Rafiei et al., 2024). Specifically,
most 3D pose estimationmethods rely on supervised learn-
ing (Wang et al., 2019; Zanfir et al., 2023), with 3D pose
ground truth as supervision. However, they present several
limitations. Annotating 3D poses is both costly and labor-
intensive, requiring either precise manual adjustments (P.
Sun et al., 2020) or the use of expensive motion cap-
ture equipment (Ionescu et al., 2014). In addition, manual
3D annotations are prone to errors, introducing bias into
model learning. Furthermore, such methods often strug-
gle to generalize effectively to scenarios not covered by the
available annotations.
Data synthesis, that is, generating 3D data and anno-

tations by simulation and computation, has facilitated

the supervised training for 3D fitting tasks (Xiang et al.,
2020). However, synthetic 3D data are characterized by
overly idealized geometric shapes, the absence of natural
signal noise (from systems, dust, or reflective surfaces),
and inadequate coverage of corner cases, which differs
from real-world distributions. This discrepancy leads to
models trained solely on synthetic data struggling to gen-
eralize to real-world applications. It is noteworthy that
large volumes of unlabeled 3D data inherently possess
rich geometric features, such as alignment with known
3D primitives (Kluger et al., 2024) and kinematic consis-
tency (Z. Weng et al., 2023). Based on this, unsupervised
or self-supervised 3D data parsing methods have been an
emerging field of research, which offers potential solutions
to the challenges of annotation scarcity and performance
gaps in real-world data.
In this study, an effective and flexible method is pro-

posed for full-body pose estimation of excavators from
3D point clouds, which eliminates the need for manual
3D annotations. Our approach consists of two key stages
to train a pose estimation network: supervised pretrain-
ing and self-supervised fine-tuning. First, the network
is pre-trained on a synthetic dataset, where both exca-
vator point clouds and pose labels are readily available.
Then, the network is fine-tuned on unannotated real-
world datasets using carefully designed self-supervised
loss functions. This loss leverages the geometric and
kinematic consistency of excavators to align the pre-
dicted poses with the actual point clouds, allowing the
model to adapt to the real-world domain without requir-
ing 3D pose labels. Our contributions are summarized as
follows:

1. A full-body pose representation for excavators: The
approach explicitly models the pose of all excavator
components, considering their unique motion con-
straints and articulated structures.

2. A unified pose-estimation network: We present a deep
neural network that predicts all pose parameters of the
excavator, including positions, rotations, and dimen-
sions, in a unified architecture.

3. Novel self-supervised losses for label-free training: By
aligning the predicted poses with the observed point
clouds, the self-supervised loss functions are designed
to train the pose estimation network without pose
annotations.

4. Validation on real-world data: Extensive experiments
on real-world datasets demonstrate the effectiveness
and robustness of the proposed method across various
excavator operational scenarios.

The code will be available at: https://github.com/
fishfen/EPEP.
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2 RELATEDWORK

2.1 Excavator pose estimation

Sensor-based methods determine the positions of excava-
tor components by inertial measurement units (IMUs),
global positioning system (GPS), or radiofrequency sensors
such as ultra-wide band and radio frequency identification.
For instance, GPS is employed to provide precise position-
ing of the excavator, while IMUs are mounted on various
components to estimate tilt angles (D. Liu et al., 2023).
However, sensor-based methods face several practical lim-
itations. IMUs are prone to measurement drift (over 1 m)
or even damage resulting from vibrations and magnetic
interference (J. Park et al., 2017). GPS signals are easily
obstructed in urban settings. Additionally, these methods
necessitate the installation of tags on equipment and cal-
ibration, rendering the deployment of the entire system
cumbersome and inflexible.
Camera-based methods often utilize depth, stereo, and

monocular cameras. Depth cameras have a limited sens-
ing range and are susceptible to strong light, making
them unsuitable for outdoor environments (Shen et al.,
2021). Stereo cameras estimate distance through trian-
gulation from multiple viewpoints; however, issues with
camera calibration and perspective distortion result in
inevitable inaccuracies (Soltani et al., 2018). Monocular
camera-based methods typically employ supervised learn-
ing techniques to estimate 3D coordinates. The 3D pose
ground truth comes from robotic arm encoders (Liang
et al., 2019), manual overlay of 3D models (J. Kim et al.,
2023), and synthetic datasets (Torres Calderon et al.,
2021). Among them, synthetic excavator images seem to
be inexpensive, but the discrepancies between synthetic
and real-world scenarios question its generalization (Mah-
mood et al., 2022). In addition, such approaches could be
constrained by specific camera parameters (Assadzadeh
et al., 2023). As depth information is absent in an image,
estimating 3D coordinates from a single image presents
an ill-posed problem, challenging the reliability of the 3D
predictions.
Compared to other methods, LiDAR-based ones directly

capture depth information through 3D point clouds, offer-
ing advantages like flexibility of deployment, as well
as independent of lighting conditions. Few studies have
explored the pose estimation of excavators from LiDAR
point clouds. Some of them have simplified pose esti-
mation to a point cloud registration problem, focusing
solely on the pose of a rigid component rather than the
full body (Cui et al., 2022; Xu et al., 2023). Cho and Gai
(2014) exployed Computer-Aided Design (CAD) models
of excavators for registration with point clouds to esti-

mate pose. However, this method depends on pre-acquired
CAD models and is hard to accommodate various mod-
els and sizes. Furthermore, point cloud registration-based
methods generally suffer from large computational latency
(Phillips &McAree, 2018). In this work, however, an effec-
tive and flexible framework is proposed to estimate the
full-body pose of excavators using only LiDAR points as
input.

2.2 Pose estimation from point clouds

Estimating 3D poses from point clouds targets a variety of
objects such as human bodies (X. Sun et al., 2018), rigid
bodies (Wang et al., 2019), hands (Cheng et al., 2021), and
mechanical structures (Cui et al., 2022). The majority rely
on full-supervised learning, necessitating large datasets
with delicate 3D annotations. For instance, models can
learn the proximity to key points (Ge et al., 2018) or directly
output coordinates using integral regression (X. Sun et al.,
2018) under the supervision of key point ground truth.
With 3D-oriented bounding box annotations, models can
learn the point-wise position in the normalized object coor-
dinate space (Wang et al., 2019), joint axis direction (X.
Li et al., 2020), and rotation parameters (Y. Weng et al.,
2021). Despite these advances in the supervised methods,
annotating the 3D poses of real-world objects is costly and
labor-intensive, requiringmeticulousmanual adjustments
(P. Sun et al., 2020) or the use of expensive motion capture
systems (Ionescu et al., 2014).
Recent research has explored pose estimation without

manual 3D annotations. Weakly supervised approaches
use 2D ground truth to supervise 3D (Zheng et al.,
2022). Although 2D annotations are more accessible than
3D, aligning and synchronizing multiple modalities adds
complexity. As an alternative, leveraging the geometric
structure of point clouds to fit primitives presents a promis-
ing avenue for fully unsupervised pose estimation. For
instance, PRIFIT (Sharma et al., 2022) fit ellipsoids to
local point clusters by unsupervised reconstruction loss.
Kluger et al. (2024) developed a sampling-based pro-
cess to estimate cuboids in 3D scenes, but this method
prioritizes simple scene descriptions over precise pose
estimation. Recently, the geometry consistency inspired
key point leaning (GC-KPL) model (Z. Weng et al., 2023)
predicts key points of articulated objects by encouraging
alignment with intrinsic kinematic structures. However,
this approach is tailored toward humans, with shapes
and poses distinct from excavators. In this work, a self-
supervised method is proposed for excavator pose estima-
tion based on the kinematics and geometric features of
excavators.
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3 METHODOLOGY

3.1 Preliminary formulation

3.1.1 Excavator pose parametrization

A standard excavator consists of five primary components:
the chassis, cab, boom, stick (also referred to as the dipper),
and bucket, as shown in Figure 1. Each of these compo-
nents is treated as a rigid body. The excavator operates
under the following kinematic constraints: (1) The cab and
chassis rotate around a shared main rotational axis that is
perpendicular to the ground. (2) The main rotational axis
passes through the geometric center of the chassis. (3) The
joints connecting the three articulated arms (boom, stick,
and bucket) allow rotation only along a single axis, restrict-
ing the arms to a single plane, referred to as the “arm
plane.”
In this study, the excavator’s normalized coordinate sys-

tem (NCS) is defined with the following parameters: The
origin is at the center of the cab-chassis rotational joint,
the z-axis aligns with the main rotational axis, and the y-
axis is oriented perpendicular to the arm plane, illustrated
in Figure 1. The transformation between the NCS and the
sensor coordinate system—referred to as the LiDAR coor-
dinate system (LCS)—is determined by a translation vector
T and a rotationmatrixR. The full-body pose of an excava-
tor can be described by the individual poses of its fivemain
components. We propose to use geometric primitives (e.g.,
cuboids and links) to parametrize their poses as shown in
Figure 1.
The cab and chassis are represented by oriented cuboids,

with their poses parameterized by 3D translations, rota-
tion matrices, and sizes. These pose parameters can be
simplified using the excavator’s kinematic constraints. The
rotation matrix of the cab is identical to the R of NCS.
Given the cab’s rotation matrix, the rotation of the chas-
sis is defined by a relative rotation angle θ about the main
rotational axis with respect to the cab. The 3D dimensions
of the cab and chassis are denoted as (d4x, d4y, d4z) and (d5x,

d5y, d5z), respectively. Their translations can be calculated
relative to the NCS. In this system, the (x, y, z) coordi-
nates of the cab and chassis are (l4x, l4y, d4z/2) and (0, 0,
−d5z/2), respectively. Since the vertical dimensions d4z and
d5z are already considered in the size parameters, the trans-
lations can be reduced to two independent variables, l4x
and l4y.
The three articulated arms are represented by three links

(line segments) defined by four key points (K1, K2, K3, K4):
the parent joint of the boom, the boom-stick joint, the
stick-bucket joint, and the endpoint of the bucket, shown
in Figure 1. The lengths of the boom, stick, and bucket
links are denoted as l1, l2, and l3, respectively. Using these
key points, the lengths and angles of each arm can be
computed, so the four key points are sufficient to param-
eterize the arm’s pose. Furthermore, given the bucket’s
importance as an end effector, depth d3x and width d3y are
introduced to consider its shape.

3.1.2 Problem statement

Based on these definitions, this study formulates excavator
pose estimation as follows: The input is a 3D LiDAR point
cloud 𝑃L = {𝑝𝑖 ∈ ℝ3|𝑖 = 1, … , 𝑁} containing the excava-
tor in the LCS. The objective is to estimate the excavator’s
full body pose in LCS, which includes its global rota-
tion 𝐑 ∈ ℝ3×3, translation 𝐓 ∈ ℝ3, the coordinates of the
four key points {𝐾𝑘 ∈ ℝ3|𝑘 = 1, 2, 3, 4}, the cab-to-chassis
rotation angle θ, and the excavator’s size parameters 𝑆 =
{𝑙4𝑥, 𝑙4𝑦, 𝑑3𝑥, 𝑑3𝑦, 𝑑4𝑥, 𝑑4𝑦, 𝑑4𝑧, 𝑑5𝑥, 𝑑5𝑦, 𝑑5𝑧}.
First, the points of the excavator are detected and

extracted from the scene point cloud by an existing 3D
object detector. The rotationRLO and translationTLO of the
3D bounding box are used to define the object coordinate
system (OCS). To handle excavators at arbitrary positions
within the scene, the points within the 3D bounding
box are extracted and then transformed from the LCS to
the OCS via Equation (1), yielding PO. Consequently, to
obtain the pose in the LCS, it only needs to estimate the

F IGURE 1 Excavator pose parametrization (left) and geometric primitive pose representation (right).
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F IGURE 2 Method overview. EPEP, excavator pose estimation from point cloud; LCS, light detection and ranging (LiDAR) coordinate
system; OCS, object coordinate system; P2P, point-to-primitive.

excavator’s rotation RON and translation TON with respect
to the OCS. For simplicity, the subscripts are omitted in
the subsequent discussion. P is used to denote PO, and R
and T are used to represent RON and TON, respectively.

𝑃O = 𝐑−1
LO
(𝑃L − 𝐓LO) (1)

3.2 Method overview

The framework overview is illustrated in Figure 2. A deep
network, termed the excavator pose estimation from point
cloud (EPEP) network, takes the point cloud containing
an excavator as input and then outputs rotation, transla-
tion, key point coordinates, and size parameters. To enable
pose estimation without relying on manual 3D annota-
tions, a two-stage training framework is employed that
includes (1) supervised pretraining and (2) self-supervised
fine-tuning. In the first stage, the model is trained on
synthetic point clouds, with all predicted variables super-
vised by ground truth. This stage ensures effective network
initialization and enables the model to learn the correla-
tion between excavator poses and the structures of point
clouds. However, discrepancies in geometry, noise, and
environment between synthetic and real-world data lead to
a performance gap when the pre-trained model is applied
to real-world scenarios. To bridge this gap, the second
stage trains the model on unlabeled real-world data using
self-supervised loss functions. This stage aims to align the

real-world distribution by enforcing consistency between
the estimated poses and the observed point cloud, as well
as consistency with prior knowledge of geometry. The sub-
sequent sections provide a detailed description of the EPEP
network, followed by an in-depth explanation of the loss
functions in the two training stages.

3.3 Pose estimation network

Figure 3 illustrates the EPEP network. Its backbone adopts
a U-Net architecture, consisting of an encoder followed
by a decoder. The encoder includes four stages, which
progressively downsample the point cloud while extract-
ing point features. The decoder mirrors the encoder with
four symmetric stages that progressively upsample the
point cloud. It uses skip connections to transfer fine-
grained spatial information from early layers in encoder
to the corresponding decoder, where features are merged
via element-wise addition. Each stage incorporates multi-
ple point transformer layers (Wu et al., 2022; Zhao et al.,
2021), featuring grouped vector attention that applies vec-
tor self-attention to the k-nearest neighbors of each point.
Following the best practice, downsampling between stages
is achieved through grid-based pooling (Wu et al., 2022).
Excavator pose estimation involves predicting many

variables distinct from each other, which requires deli-
cate regression strategies. Amulti-task output head is built
on top of the backbone network, which yields outputs at
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F IGURE 3 Excavator pose estimation from point cloud (EPEP) network and the loss functions in the training framework. At the bottom
illustrates the output variables. GT, ground truth. P2P, point-to-primitive.

two levels: (1) Encoder-level overall output: This includes
the direct predictions following the encoder, such as the
rotation matrix R, angle θ, and size parameters S. For
each head, a single multi-layer perceptron (MLP) is first
applied, followed by parallel global average and max pool-
ing. Finally, these features were concatenated along the
channel dimension and projected to the output dimen-
sion through linear projection. (2) Decoder-level dense
output: This generates point-wise predictions, including
point cloud segmentation logitsM, as well as heatmaps H
and vectors V for key points regression. For each head, a
sequence of an MLP and a linear projection are employed
to obtain the output.
The regression of the rotation matrix leverages the 6D

continuous rotation representation (Zhou et al., 2019),
which predicts only the first two columnvectors of the 3× 3
rotationmatrix. During inference, the predicted vectors are
converted into a valid rotation matrix using the following
equation:

𝐑̂ = [N(𝐚1), N(𝐚1) × N(𝐚2), N(𝐚1) × (N(𝐚1) × N(𝐚2))] (2)

where a1 and a2 denote the predicted first and second
column vectors, respectively, andN(•) denotes the normal-

ization function to ensure orthonormality. For the angle
θ, the network regresses two variables, cos(θ) and sin(θ).
During inference, the angle is computed using the inverse
trigonometric function.
Directly regressing key point coordinates from point

cloud inputs is highly nonlinear (Ge et al., 2018). A point-
wise ensemble approach is adopted to regress key points
rather than direct regression. The dense head of the model
predicts a point-wise vector 𝐕̂𝑖𝑘 ∈ ℝ3, representing the off-
set from point pi to key point Kk. In addition, the dense
head predicts a point-wise scalar heatmap 𝐻̂𝑖𝑘, which
serves as the weight to aggregate the dense vector predic-
tion. A key point 𝐾̂𝑘 is calculated from vectors 𝐕̂𝑖𝑘 and
points pi using weighted average:

𝐾̂𝑘 =

∑𝑁

𝑖=1
(𝐕̂𝑖𝑘 + 𝑝𝑖) ⋅ 𝜎(𝐻̂𝑖𝑘)∑𝑁

𝑖=1
𝜎(𝐻̂𝑖𝑘)

(3)

where 𝜎 (𝑥) = 1∕(1 + 𝑒−𝑥) is the sigmoid function that
maps 𝐻̂𝑖𝑘 into range (0,1). As the translationT is inherently
a 3D coordinate, it is treated as an additional key point
(denoted as K0) and predicted using this approach.
While point cloud segmentation is not directly required

for pose estimation, it plays a crucial role in the
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subsequent self-supervised method. Since there possibly
be background points in the input, identifying them also
benefits the pose estimation, which also requires point
cloud segmentation. Therefore, the dense head addition-
ally outputs the point-wise membership 𝐌̂𝑖 ∈ ℝ6, which
represents the probability of each point belonging to one
of six categories, including five excavator components and
the background.

3.4 Supervised pretraining

At this stage, the model is trained in a fully super-
vised manner using synthetic data. As the ground truth
is obtained with synthetic data, no manual labeling is
required. This provides sufficient supervision for the
smooth initialization of the EPEP network. The subse-
quent sections will describe the loss functions, which are
also shown in Figure 3.
Mean-square loss 𝑘𝑝 is employed to supervise key

points:

kp =
∑
𝑘

‖𝐾̂𝑘 − 𝐾𝑘‖22 (4)

Since the computation of 𝐾̂𝑘 in Equation (3) is differen-
tiable, it enables end-to-end training through Equation (4).
The model can learn appropriate heatmap values dur-
ing training, so the heatmap serves as an intermediate
variable, which does not require a loss function. Further-
more, supervising the point-wise vector with ground truth
enhances the stability and efficiency of training, allowing
quicker convergence (Y. Weng et al., 2021). So, the loss of
point-wise vector is adopted, given by:

vec =
1

𝑁

𝑁∑
𝑖=1

4∑
𝑘=0

‖𝐕̂𝑖𝑘 − 𝐕𝑖𝑘‖22 (5)

The following variables are also trained with mean-
square loss: the rotation loss 𝑟𝑜𝑡 for 6D rotation param-
eters, the angle loss 𝑎𝑛 for {cos(θ), sin(θ)}, and the size
loss 𝑠𝑖𝑧𝑒 for all the size parameters S. The segmentation
loss is given by cross-entropy:

seg = −
1

𝑁

𝑁∑
𝑖=1

6∑
𝑗=1

𝐌𝑖,𝑗 log
(
𝐌̂𝑖,𝑗

)
(6)

where 𝐌̂𝑖,𝑗 is the predicted probability for the jth class of
the ith point, and𝐌𝑖 is the one-hot ground truth label for
ith point.
In addition, geometry constraint-based losses are intro-

duced as regularization terms to encourage the predictions

to align the excavator kinematics. Considering the arm
plane constraint, the planarity loss planar is introduced to
encourage the four key points to lie on the same plane.
Specifically, each key point is treated as a test point iter-
atively, and its distance to the plane defined by the other
three key points is computed as given by:

planar =
1

4

4∑
𝑘=1

‖((𝐾̂𝑏 − 𝐾̂𝑎) × (𝐾̂𝑐 − 𝐾̂𝑎)) ⋅ (𝐾̂𝑘 − 𝐾̂𝑎)‖‖(𝐾̂𝑏 − 𝐾̂𝑎) × (𝐾̂𝑐 − 𝐾̂𝑎)‖
(7)

where 𝐾̂𝑘 is the test point indexed by k and (𝐾̂𝑎, 𝐾̂𝑏, 𝐾̂𝑐)

are the other three points. The cross product calculates the
normal vector of the plane and the dot product calculates
the projected length, that is, the distance to the plane.
The planarity loss alone is not enough, as it does not

guarantee that the plane’s orientation aligns with the rota-
tion matrix 𝐑̂. Therefore, the plane-rotation loss p−rot is
introduced to encourage the four key points to lie on the
x-z plane defined by 𝐑̂, given by:

p−rot =
1

3

3∑
𝑘=1

‖‖‖𝐞𝑅𝑦 ⋅ (𝐾̂𝑘+1 − 𝐾̂𝑘

)‖‖‖‖‖‖𝐞𝑅𝑦‖‖‖ (8)

where 𝐞𝑅𝑦 is the second column vector of 𝐑̂, which corre-
sponds to the y-axis vector of the NCS. This loss computes
the projection length of the vectors defined by two adjacent
key points onto 𝐞𝑅𝑦 .
The overall training objective for this stage is to mini-

mize the total loss:

1 = 𝜆kpkp + 𝜆rotrot + 𝜆anan + 𝜆sizesize + 𝜆vecvec

+ 𝜆segseg + 𝜆planarplanar + 𝜆p−rotp−rot (9)

3.5 Self-supervised fine-tuning

In the absence of pose ground truth, it is essential to
design self-supervised loss functions to optimize the net-
work effectively. Excavator pose estimation exhibits the
following characteristics: (1) The estimated pose should
ensure that the geometric primitives of excavator com-
ponents closely align with the point cloud. For example,
the link representing the stick should not deviate from
the point cloud. (2) The dimensions (e.g., length of artic-
ulated arms) of the same excavator remain constant over
time. The first characteristic is the core principle, as it
provides an essential learning objective for pose estima-
tion, supervised by the point cloud itself. The second is
also indispensable, as fixed dimensions eliminate poten-
tial ambiguities in pose estimation. By integrating these
two principles, self-supervised losses can be designed to
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F IGURE 4 Self-supervised loss. The first row illustrates the P2P loss (Section 3.5.1). The second row illustrates the size loss
(Section 3.5.2) and membership update (Section 3.5.3). GT, ground truth.

guide the convergence of pose estimation toward the cor-
rect direction. These loss functions are summarized in
Figure 3 and detailed in Figure 4.

3.5.1 Point-to-primitive (P2P) loss

In Section 3.1, the poses of the excavator’s five components
are represented by geometric primitives. Here, these prim-
itives are further refined into links, triangles, and cuboids.
The key insight underlying this loss is that the points of
the excavator should lie near or be distributed around these
primitives. We propose the P2P loss p2p, which penalizes
the distances between points and their corresponding geo-
metric primitives. To make the loss component-aware, the
estimatedmembership 𝐌̂ is used to identify points belong-
ing to a specific component, ensuring that loss is only
calculated between a component and the points assigned
to it. Optimizing 𝐌̂ and the distances simultaneously can
lead to instability during training, so 𝐌̂ is detached from
the computational graph during training and excluded
from backpropagation.
Weighted point-to-link loss
This loss is designed for boom and stick that are repre-

sented by links. It measures the average distance between
a set of points and a link, incorporating positional weight-

ing to emphasize specific points along the link. Let 𝐾̂𝑎

and 𝐾̂𝑏 denote the estimated start and end key points of
a link, respectively. The distance from point pi to the link
is computed using the cross product:

𝑑𝑖 = d(𝑝𝑖, 𝐾̂𝑎, 𝐾̂𝑏) =
‖(𝑝𝑖 − 𝐾̂𝑎) × (𝐾̂𝑏 − 𝐾̂𝑎)‖‖𝐾̂𝑏 − 𝐾̂𝑎‖ (10)

Although excavator arms have been represented by
links, their actual geometry may deviate from straight
lines; for example, the boom often has a curved shape. As
a result, it is not necessary for the link to stay close to
the point cloud at every position. Therefore, a positional
weight w(t) is introduced for this loss based on the relative
projection t of a point pi onto the line. The projection t is
computed by:

𝑡𝑖 =
(𝑝𝑖 − 𝐾𝑎) ⋅ (𝐾𝑏 − 𝐾𝑎)‖𝐾𝑏 − 𝐾𝑎‖2 (11)

The positional weight determines how much influence
a point has on the loss. Sticks use uniformweight function:

𝑤(𝑡) =

{
1, if 0 ≤ t ≤ 1,

0, otherwise.
(12)
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Booms use a two-endsweight function, emphasizing the
points near the start and end of the line, and diminish-
ing toward the middle. A parameter η is used to define the
influence region. The function is given by:

𝑤(𝑡) =

⎧⎪⎨⎪⎩
(𝜂 − 𝑡)

2
∕𝜂2, if 0 ≤ 𝑡 ≤ 𝜂,

(𝑡 − (1 − 𝜂))
2
∕𝜂2, if 1 − 𝜂 ≤ 𝑡 ≤ 1,

0, otherwise.

(13)

The overall weighted point-to-link loss for component j
is computed as the average of the distances, weighted by
the product of w(t) and point-wise membership 𝐌̂:

link
p2p

(𝑗) =

∑𝑁

𝑖=1
𝐌̂𝑖,𝑗𝑤(𝑡𝑖)𝑑𝑖∑𝑁

𝑖=1
𝐌̂𝑖,𝑗𝑤(𝑡𝑖)

(14)

Centroid loss
This loss is specifically designed for the bucket, whose

shape resembles a triangle (when viewed from the side).
The objective is to ensure that the estimated centroid of
the bucket is close to the centroid of its associated points. In
this setup, the line segment connectingK3 andK4 is treated
as the base of the triangle, while the triangle’s height is rep-
resented by the size parameter d3x. Although the position
of the centroid varies for different triangles, the distance
from the centroid to the base remains constant at 2d3x/3.
Therefore, instead of explicitly calculating the centroid’s
position, the centroid-to-base distance is used as the loss
function:

𝑐3 =

∑𝑁

𝑖=1
𝐌̂𝑖,3𝑝𝑖∑𝑁

𝑖=1
𝐌̂𝑖,3

(15)


centroid
p2p

=
‖‖‖‖23𝑑3𝑥 − d(𝑐3, 𝐾̂3, 𝐾̂4)

‖‖‖‖ (16)

where 𝐌̂𝑖,3 denotes the points’ membership for the bucket,
c3 is the centroid of bucket’s points, and d(⋅) is the point-
to-link distance calculated using Equation (10).
Weighted cuboid loss
This loss is designed for the cab and chassis that are rep-

resented as cuboids. The goal is to minimize the distance
between the estimated cuboid and the associated points,
while balancing the influence of points in different regions
using weights. It begins by transforming the excavator’s
point cloud into the NCS:

𝑝N
𝑖
= 𝐑−1(𝑝𝑖 − 𝐓) (17)

Based on the positions of the components in the NCS
(as described in Section 3.1), the points are then further
transformed into the cuboid-centric coordinate system.

The distances between the normalized points 𝑝N
𝑖
and the

surfaces of the cuboid are computed as follows:

𝑑in
𝑖
= max

(
min

(
1 −

2 |𝑥𝑖|
𝑑𝑥

, 1 −
2 |𝑦𝑖|
𝑑𝑦

, 1 −
2 |𝑧𝑖|
𝑑𝑧

)
, 0

)
(18)

𝑑ex
𝑖
= ‖(max(0, 𝑥𝑖 − 𝑑𝑥∕2),max(0, 𝑦𝑖 − 𝑑𝑦∕2),

max(0, 𝑧𝑖 − 𝑑𝑧∕2))‖2 (19)


cuboid
p2p

(𝑗) =

∑𝑁

𝑖=1
𝐌̂𝑖,𝑗(𝑑

in
𝑖
+ 𝜇𝑑ex

𝑖
)∑𝑁

𝑖=1
𝐌̂𝑖,𝑗

(20)

where (xi, yi, zi) are the 3D coordinates of𝑝N𝑖 , (dx,dy,dz) are
the sizes of the cuboid, 𝑑in

𝑖
denotes the interior distance,

and 𝑑ex
𝑖
denotes the exterior distance. Since the cab and

chassis are not perfect cuboids and the estimated cuboid
is expected to fully enclose the point cloud of the compo-
nent, points are allowed to lie within the cuboid. However,
points belonging to the component should not fall outside
the cuboid. Consequently, the loss allows for a certain tol-
erance of 𝑑in

𝑖
, while enforcing 𝑑ex

𝑖
to approach zero. To

balance the supervision of 𝑑in
𝑖
and 𝑑ex

𝑖
, a parameter μ is

introduced, setting μ = 5.

3.5.2 Size loss

Using only the P2P loss is insufficient to ensure accu-
rate pose estimation. As illustrated in Figure 4, despite
the small P2P loss, there is a considerable error in the
link size, and the estimated pose has a large error. There-
fore, incorporating the size loss can effectively address pose
ambiguity in self-supervision.
Before self-supervised training, the network trained in

the first stage is used to estimate the precise size param-
eters 𝑆̄ for each training sample. These sizes are used as
ground truth to supervise size estimation in this stage.
Here, 𝑆̄ includes not only all the previous size parameters
but also the lengths of the three articulated arms (𝑙1, 𝑙2, 𝑙3),
which are the Euclidean distances between their respec-
tive pairs of estimated key points. To minimize errors of 𝑆̄
and ensure consistent size for the same excavator, it post-
processes the sizes for all samples belonging to the same
excavator. An interquartile range (IQR) filter is applied to
detect and remove outliers (Vinutha et al., 2018), followed
by averaging the results to obtain 𝑆̄. Using the IQR filter
reduces sensitivity to extreme estimation errors, resulting
inmore accurate and robust averaged size estimations. The
mean-square error between the predicted size 𝑆̂ and the
target size 𝑆̄ is employed to compute the size loss ′

size
.
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3.5.3 Regularization and sum-up

The effectiveness of P2P loss for self-supervised training
relies heavily on the accuracy of the part segmentation
predictions 𝐌̂. Errors in the predicted membership, such
as the frequent misclassification of background points as
belonging to the bucket, result in inaccurate supervision
signals. Additionally, relying solely on the P2P loss can
be insufficient and even lead to degenerate solution. For
example, the model might trivially minimize P2P loss by
predicting all points as background, or by converging to
incorrect poses that happen to loosely align with the point
cloud but are geometrically or kinematically implausible.
To solve this problem, additional regularization techniques
are proposed to constrain and guide the optimization.
Our solution is to include the rotation matrix loss ′

rot

and the part segmentation loss′
seg as regularization terms

in this stage, using the same formulas as in the first stage.
They should be treated as soft constraints, rather than
strict ground truth supervision, guiding the self-supervised
learning process in a more stable and meaningful direc-
tion. The key lies in how to obtain the targets for supervi-
sion. The predictions from the pre-trained model are used
as proxy ground truth for rotation and segmentation in
this stage. For ′

rot, the proxy ground truth encourages the
model in the fine-tuning stage to maintain a stable global
orientation, preventing drastic shifts in rotation.
For ′

seg, before proxy membership targets can serve as
ground truth, they require an update to correct the incon-
sistency with the predicted pose. Specifically, for each
excavator component, a 3D bounding box is constructed
based on the predicted pose as illustrated in Figure 4. For
the three arms, the bounding box is aligned along the axis
of the link, while for the chassis and cab, the bounding box
corresponds to their cuboid. The membership update rule
is that points falling outside these bounding boxes should
belong to the background.
Additionally, this stage maintains the geometric con-

straint losses planar and p−rot from the first stage.
Based on these definitions, the total loss function for the
self-supervised training stage is:

2 = 𝜆p2pp2p + 𝜆′rot
′
rot + 𝜆′size

′
size + 𝜆′seg

′
seg

+ 𝜆planarplanar + 𝜆p−rotp−rot (21)

where p2p is the P2P loss composed of five components:

p2p = boom + stick + bucket + cab + chassis

= link
p2p

(1) + link
p2p

(2) + 
centroid
p2p

+ 
cuboid
p2p

(4) + 
cuboid
p2p

(5) (22)

4 DATASET

4.1 Synthetic data for posed excavators

A synthetic dataset of excavators was created to pre-
train the pose estimation network under full supervision.
The 3D models of the excavator’s five components were
first created and then were assembled and randomly
scaled, rotated, and translated to enhance the diversity.
The Open3D library (Open3D, 2024) was used to generate
point clouds via ray casting. A virtual LiDAR for cast-
ing rays was randomly placed within a distance range of
10–50 m, a height range of 1.5–6 m, and with random
angular orientations. This setup synthesized point clouds
from diverse distances, angles, and perspectives. To simu-
late real-world conditions, the point clouds were further
augmented by adding random Gaussian noise and envi-
ronmental elements such as ground surfaces and clutter.
For each synthetic point cloud, its pose labels, includ-
ing all the output variables described in Section 3.1, were
computed and saved. In total, 16,800 synthetic excava-
tor point cloud samples were generated and split into
12,000 for training, 3200 for validation, and 1600 for
testing.

4.2 Real-world data

A real-world excavator point cloud dataset was created to
fine-tune and evaluate the pose estimationmodel. The RS-
M1 LiDAR (Robosense, 2023), identical to the model used
in (Zhang et al., 2024), was used for data collection. This
LiDAR features a 120-degree horizontal field of view, an
angular resolution of 0.2 degrees, and aworking frame rate
of 10 Hz. Data were collected at multiple excavation sites
where variousmodels of excavators (e.g., Komatsu, XCMG,
SANY, Kobelco, and CAT) were performing diverse tasks,
including ground leveling, surface digging, slope excava-
tion, material transportation, and truck loading, as shown
in Figure 5. To capture a variety of data, the LiDAR was
frequently repositioned to scan excavators from different
distances and angles. A total of 2810 point cloud sam-
ples were collected, which were split into 2020 samples
for training and 790 samples for testing. While the train-
ing samples do not require annotations, the test samples
weremanually annotated. An open-source annotation tool
(E. Li et al., 2020) was used to label the excavator pose,
which includes the four key points and oriented bounding
boxes of cabs and chassis. Figure 6 illustrates the distribu-
tion of distances and view angles between the LiDAR and
the excavators in the real-world dataset, showing a diverse
range.
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F IGURE 5 Photos of excavators during
data collection.

F IGURE 6 Distribution of excavator samples in real-world
data. LiDAR, light detection and ranging.

5 EXPERIMENTS AND RESULTS

5.1 Evaluation metrics

The following evaluation metrics are employed for excava-
tor pose estimation:

1. Mean per joint position error (MPJPE): This metric
quantifies the deviation of the predicted key point 𝐾̂𝑘

from the ground truth using the Euclidean distance.
Lower values indicatemore accurate predictions. In this
study, MPJPE is reported in meters.

2. Joint position accuracy (JPA): This metric represents
the percentage of key points with prediction errors
smaller than 0.3 m. Unlike MPJPE, which captures
errors of any magnitude, JPA evaluates whether the
error falls within an acceptable range.

3. 3D intersection-over-union (IoU): This metric com-
putes the IoU between the predicted and ground truth
3D bounding boxes. It primarily evaluates the accuracy
of the position and size for cabs and chassis. A value of
1 indicates a perfectly accurate prediction.

4. Angle error EA: This metric calculates the absolute
error of the predicted cab-to-chassis rotation angle θ.

5. Rotation error ER: This metric converts the predicted
rotation matrix into three rotation angles (x, y, and z
axes) and computes the absolute error for each axis.
Both angle error and rotation error are reported in
degrees.

5.2 Implementation details

An existing 3D object detector (Zhang et al., 2024) was
used to perform 3D object detection for excavators. Most of
the configurations are consistent with Zhang et al. (2024),

TABLE 1 The loss weights in pretraining.

Loss 𝐤𝐩 𝐫𝐨𝐭 𝐚𝐧 𝐬𝐢𝐳𝐞 𝐯𝐞𝐜 𝐬𝐞𝐠 𝐩𝐥𝐚𝐧𝐚𝐫 𝐩−𝐫𝐨𝐭

Weight 2 5 2 0.5 0.5 1 0.1 0.2

except for using a larger initial voxel size of 0.3m to accom-
modate the excavator scenes. Since the primary focus of
this study is pose estimation, the object detection evalu-
ation and its impact on pose estimation fall outside the
scope of this work.
The hyperparameters of the EPEP network were deter-

mined based on the practices in related networks (Wu
et al., 2022) and performance observations on the valida-
tion set. The encoder and decoder stages of the network are
configuredwith Point Transformer layers in numbers of [2,
2, 6, 2] for the encoder and [1, 1, 1, 1] for the decoder. The
initial feature dimension is set to 32, which is embedded
from the input feature dimension (i.e., 3) through a Point
Transformer layer. Subsequently, the feature dimensions
for each encoder stage are set to [64, 128, 256, 256], with
the decoder’s feature dimensions designed symmetrically.
The grid sizes for each stage are set to [0.4, 0.8, 1.6, 3.2 m].
The number of nearest neighbors for the self-attention is
set to 16.
The model was implemented using PyTorch (Paszke

et al., 2016/2019). All the training and inference were con-
ducted on anNVIDIA 4090 graphics card. In the first stage,
the model was trained from scratch on the training set
of the synthetic dataset. The training process spanned 150
epochs with a batch size of 32, requiring approximately 2 h
for a complete session. The Adam optimizer was employed
with a weight decay of 0.001. To facilitate model conver-
gence, the 1cycle learning rate scheduling strategy (Smith
& Topin, 2018) was adopted, with the initial learning rate,
maximum learning rate, and final divided factor set to
0.0001, 0.001, and 1000, respectively. The weights of each
loss term, determined through experimental tuning, are
provided in Table 1.
In the second stage, the model was trained on the

real-world dataset and initialized using weights from the
first stage. In addition, each sample was applied random
transformation and rotation to simulate inaccuracy from
object detection. Themodel was trained for 50 epochs with
an initial learning rate of 0.0001, using an exponential
learning rate scheduler with a gamma value of 0.9. All
other parameter settings remain consistent with the first
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TABLE 2 The loss weights in self-supervised fine-tuning.

Loss 𝐩⨙𝐩 ′
𝐫𝐨𝐭

′
𝐬𝐢𝐳𝐞

′
𝐬𝐞𝐠 𝐩𝐥𝐚𝐧𝐚𝐫 𝐩−𝐫𝐨𝐭

Weight 1 2 5 1 0.1 0.2

TABLE 3 Key points localization results.

Metrics
K0
(translation) K1 K2 K3 K4 Overall

Mean per joint
position error
(MPJPE; m)

0.17 0.19 0.24 0.26 0.42 0.26

Joint position
accuracy
(JPA; %)

99.2 93.7 84.0 81.5 56.6 83.0

stage. The weights of each loss term, determined through
experimental tuning, are provided in Table 2

5.3 Results

5.3.1 Quantitative results

Overall accuracy
The localization accuracy for individual and overall key

points is presented in Table 3, including MPJPE and JPA.
The whole translation is denoted by K0. The results show
that the proposed method achieves an overall MPJPE of
0.26 m. The translation error of excavators is remarkably
small—only 0.17 m—showing the method’s precise local-
ization capabilities. The accuracy varies across different
components. The parent joint of the boom (K1), the boom-
stick joint (K2), and the stick-bucket joint (K3) exhibit
MPJPE close to the average value, whereas the MPJPE for
the bucket end (K4) is slightly higher. This is primarily
due to the bucket end, as the end effector, frequently inter-
acting with objects (e.g., soil, rocks, and materials), which
can alter the point cloud’s shape or cause missing points.
Other pose estimation metrics are presented in Table 4.
JPA indicates that more than 80% of the key points have
errors less than 0.3 m. The 3D IoU and EA metrics demon-
strate that the proposed method achieves decent size and
position estimation for the cab and chassis. The ER met-
ric with approximately 3 degrees indicates excellent 3D
rotation estimation performance.
Inference speed
The computational efficiency of the proposed method

was tested, achieving a runtime of 30 ms (33 fps) on an
NVIDIA RTX 3070 graphics card. Given that most mod-
ern LiDAR systems operate at a frame rate of 10–20 fps,
this demonstrates that the method preliminarily satisfies
the real-time performance requirements for engineering
applications.

F IGURE 7 Definition of view angle. LiDAR, light detection
and ranging.

F IGURE 8 Mean per joint position error (MPJPE) in different
distance and angle range.

View angles and distances
The method was also evaluated across various view

angles and distances. The definition of view angles is illus-
trated in Figure 7. Changes in view angle affect the shape
of the point cloud and the level of self-occlusion, while dis-
tance impacts the sparsity of the point cloud. View angles
were divided into five bins, ranging from0 to 180 degrees in
36-degree intervals. Distances were divided into three bins:
0–20 m, 20–40m, and 40–60m. As shown in Figure 8, The
localization error remains largely unaffected by increasing
distance, maintaining consistent performance within the
0–60 m range. Translation errors are minimal across all
view angle ranges. However, the errors at the endpoints of
the three arms (K2, K3, K4) increase significantly in the 0–
36 degree range, primarily due to self-occlusion caused by
the excavator’s structure. Additional qualitative results on
occlusion are provided in later sections. In summary, the
results highlight the robustness of themodel across varying
distances and view angles.
Generalization across different excavators
Table 5 presents evaluation results across different exca-

vator models. The variation in shape and size of the
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TABLE 4 Results of excavator pose estimation and ablation studies.

3D intersection-
over-union
(IoU)↑ ER (degree)↓

Model/variation MPJPE (m)↓ JPA (%)↑ Cab Chassis EA (degree)↓ x y z
Full model 0.26 83.0 0.75 0.68 6.3 2.3 1.7 2.3
W/o fine-tuning 0.36 71.9 0.69 0.51 9.4 3.4 2.8 3.2
W/o size loss 0.32 77.3 0.31 0.25 6.7 2.3 1.8 2.3
W/o seg loss 0.51 48.2 0.56 0.49 12.5 2.4 1.8 2.3

TABLE 5 Pose estimation results for different excavator
models.

3D IoU↑
Model (size)

MPJPE
(m)↓

JPA
(%)↑ Cab Chassis

EA
(degree)↓

Komatsu
(small)

0.25 84.0 0.68 0.64 6.4

SANY (mid) 0.29 77.8 0.78 0.62 5.0
XCMG (large) 0.22 89.2 0.74 0.70 8.1

excavators provides a test for generalization capability.
Three brands of excavators were selected: Komatsu, SANY,
and XCMG, which are also in small, medium, and large
sizes, respectively. The results demonstrate that the pro-
posed method achieves satisfactory performance across
all excavator models, showcasing good pose estimation
ability that is not restricted to a specific type. This robust-
ness is primarily due to the method’s independence from
fixed size priors. Unlike previous approaches that are con-
strained to specific models and sizes (Cho & Gai, 2014),
the proposed network directly estimates size parameters,
enabling it to accommodate various sizes of excavators.
Comparison with previous methods
Our method is compared with other non-contact

approaches that share similar principles. Given the out-
dated nature of existing LiDAR-basedmethods,we focused
on two recent camera-based 3D pose estimation meth-
ods for comparison. The first method (J. Kim et al.,
2023) directly estimates 3D poses from 2D images, yield-
ing an average error exceeding 1 m. The second method
(Assadzadeh et al., 2023) refines 2D pose estimations into
3D, achieving an average error of 0.7 m; however, this
method has not been tested in construction sites. In con-
trast, our method demonstrates a significant improvement
in accuracy (0.26 m) when applied to real construction site
scenarios, outperforming existing methods.

5.3.2 Qualitative results

This section presents the qualitative results. Figure 9a
illustrates the results under various view angles and dis-

tances, showing that the estimated poses align closely with
the ground truth. Figure 9b provides additional exam-
ples, highlighting the robustness of the method in diverse
scenarios. Notably, the proposed method demonstrates
accurate predictions even in challenging conditions, such
as severe occlusions, incomplete point cloud of the work-
ing arm, very sparse points on excavators, and interactions
with other machinery.
Figure 10 illustrates several error cases in pose estima-

tion. The first type of error involves incorrect localization
of the excavator’s stick and bucket. This typically occurs
when the view angle is close to 0 degrees (with the exca-
vator facing away from the LiDAR), resulting in the stick
and bucket being occluded by the excavator itself. How-
ever, it is notable that these error cases are rare as shown
in Figure 9b where only a small portion of points remain,
correct pose estimation could still be achieved. The sec-
ond type of error involves significant misorientation of
the chassis, indicated by a large EA. These errors are
primarily caused by occlusion of the chassis, leaving insuf-
ficient points for accurate pose inference. Such errors are
also commonly observed when the θ angle approaches 90
degrees.
The results described above utilize geometric primitives

to abstractly represent the excavator, yet a more intu-
itive and realistic visualization is achievable. By scaling,
rotating, and translating the 3D model of each excavator
component based on predicted parameters, the excavator’s
full-body 3D model is generated as illustrated in Figure 11.
This process achievesmapping fromon-site point clouds to
a 3D geometric model. Due to the precise and comprehen-
sive pose parameters, the resulting 3Dmodel aligns closely
with the actual on-site dimensions and posture.

5.4 Ablation studies

This section further explores the impact of self-supervised
loss, with results listed in Table 4. The first experiment
removes the self-supervised fine-tuning (w/o fine-tuning).
The results demonstrate that the absence of fine-tuning
obviously increases errors in pose estimation across
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F IGURE 9 Visualization of the pose estimation results: (a) different view angles and distances and (b) diverse conditions.
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F IGURE 9 Continued

F IGURE 10 Error cases.

F IGURE 11 The predicted 3D excavator model compared with on-site photo.

various metrics. Figure 12 illustrates examples where
predictions before fine-tuning only roughly align the point
cloud, whereas after fine-tuning, the alignment becomes
accurate. The second experiment involves removing size
supervision (w/o size loss). The findings indicate that size
loss enhances the accuracy of key points. Furthermore,

eliminating the size loss results in a significant decrease
in 3D IoU, primarily due to significant deviations in the
sizes of the cab and chassis. The third experiment removes
point cloud segmentation loss (w/o seg loss), revealing
that nearly all performance metrics degrade considerably,
coupled with notable instability during training. Thus,
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F IGURE 1 2 Effect of fine-tuning.

accurate segmentation is essential for effective and stable
training.
The ablation study reveals the contributions and depen-

dencies of the loss functions. The P2P loss is the core
supervision, driving the pose estimation to align with the
observed point cloud shape. Without this loss, the model
would lack the fundamental guidance to learn meaning-
ful poses from unlabeled data. While segmentation is not
the primary task, the segmentation loss is crucial for the
component-aware P2P loss. Without reliable segmenta-
tion, the P2P loss might misapply geometric constraints,
hindering effective pose learning. Furthermore, the size
loss works in conjunction with the P2P loss to resolve pose
ambiguities. While P2P loss aligns the pose with the point
cloud shape, size loss complements P2P by ensuring that
the estimated pose is not only geometrically aligned but
also dimensionally consistent, leading to more accurate
and stable pose estimations.

6 LIMITATIONS AND FUTUREWORK

As illustrated in the failure cases in the results sec-
tion, occlusion can negatively impact the performance
of pose estimation. This issue primarily stems from self-
occlusion, particularly when the view angle is close to
0 degrees and the excavator cab occludes the arms. To
address this, future work could explore deploying multi-
ple LiDARs at the site with orthogonal viewpoints, thereby
minimizing self-occlusion caused by the excavator. Fur-
thermore, pose estimation robustness in occluded frames
could be enhanced by leveraging temporal information, for
example, by utilizing results from un-occluded frames in
previous time steps. Incorporating a cross-frame position
consistency loss and applying post-processing methods,
such as Kalman filtering, are promising avenues to signif-

icantly reduce pose estimation errors in occluded frames
and will be considered in our future research.
In addition, the orientation prediction of the chassis

occasionally shows significant errors. While multi-frame
fusion can help alleviate this issue, it may be worth-
while to explore more robust angle regression methods.
For instance, adopting an angle bin classification approach
could simplify the learning process instead of direct regres-
sion. Furthermore, relying solely on cosine and sine losses
could lead to a discontinuous loss function (Yu & Da,
2024), which needs further improvement in future work.
The proposed approach operates independently of

object detection, requiring sequential execution of the
object detection and pose estimation models during
deployment. The performance of the pose estimation
method is therefore dependent on the accuracy of the
upstream object detection. To improve efficiency, future
research should explore end-to-end pose estimation meth-
ods that combine these tasks within a single network.
Last, it is notable that the proposed training frame-

work and loss functions are not restricted to excavator
pose estimation, as most machinery exhibits similar
structures—multi-segment articulated links and cuboid
components rotating around axes. With proper modifica-
tion on the geometric representation and loss functions,
this idea can be extended to the pose estimation of various
articulated machinery, including robotic arms, dump
trucks, and cranes.

7 CONCLUSION

This study presents a method for estimating the full-body
3D pose of excavators from point clouds without requir-
ing manual 3D annotations. Built upon the kinematic
constraints and geometric characteristics of excavators,
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the approach represents the five excavator components
through the geometric primitives, including their coordi-
nates, rotations, and sizes. A unified point-based network
is proposed to regress these pose parameters at multi-
ple levels and is trained in a two-stage framework: The
first stage uses synthetic data to initialize parameters; in
the core second stage, the network is fine-tuned to align
real-world data through the proposed self-supervised loss.
An evaluation of the proposed method on real construc-
tion sites is also presented. The method achieves a joint
localization error of 0.26 m, with constant performance at
various distances and view angles. Moreover, the method
shows strong performance in diverse and challenging oper-
ation scenarios, such as interacting with the environment
and incomplete point clouds. These findings demonstrate
the method’s robustness and potential for practical appli-
cation. Future research will focus onmitigating the impact
of occlusion on predictions and expanding the application
of this method to other mechanical structures.
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