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Figure 1: Our method reconstructs human poses from point clouds using body part segmen-
tation and the SMPL-X model [23]. We showcase SMPL-X fitting results on the EgoBody
dataset [31], and compare to the state-of-the-art methods ArtEq [11] and NICP [21].

Abstract
Registering human meshes to 3D point clouds is essential for applications such as

augmented reality and human-robot interaction but often yields imprecise results due to
noise and background clutter in real-world data. We introduce a hybrid approach, called
SegFit, that incorporates body-part segmentation into the mesh fitting process, enhancing
both human pose estimation and segmentation accuracy. SegFit first assigns body part la-
bels to individual points, which then guide a two-step SMPL-X mesh fitting: initial pose
and orientation estimation using body part centroids, followed by global refinement of
the point cloud alignment. Additionally, we demonstrate that the fitted human mesh can
refine body part labels, leading to improved segmentation. Evaluations on the cluttered
and noisy real-world datasets InterCap, EgoBody, and BEHAVE show that our approach
significantly outperforms prior methods in both pose estimation and segmentation accu-
racy. The code and results are available on our project website: https://segfit.github.io.
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1 Introduction

Registering parametric human meshes to 3D point clouds requires estimating both human
pose and shape parameters. Accurately capturing the nuances of human movement and
form is essential for various applications, from generating realistic virtual avatars [25, 27]
to enhancing human-robot interactions [2, 18]. While fitting a parametric human body
model to 3D data (e.g., from LiDAR or Kinect) is a crucial step in these applications, the
absence of contextual cues and the presence of noisy, cluttered environments often result in
suboptimal fits. In contrast, this work explores how leveraging body parts can significantly
improve fitting accuracy. Towards that end, we introduce a novel method that integrates
body part segmentation with pose fitting for partial, noisy, and cluttered 3D point clouds.

In recent years, parametric models like SMPL [19] and its extension SMPL-X [23] have
become the de facto standard for describing 3D human poses and shapes. These models are
typically fitted to point cloud data using either gradient-based optimization [6, 10, 23] or
neural networks [16, 17]. Advancements in body part segmentation – assigning anatomical
labels to points in a 3D cloud – have unlocked new opportunities in computer graphics,
healthcare, and autonomous systems. However, existing methods often struggle in real-
world scenarios involving complex poses, occlusions, and multi-person interactions.

Many approaches rely on synthetic datasets [1, 20], leading to performance degradation
when faced with the variability of in-the-wild data [22]. Furthermore, these methods
frequently fail to generalize to unseen body poses and varying sensor noise, limiting their
effectiveness in practical applications. To address these limitations, we propose a hybrid
framework, called SegFit, that merges pose fitting and body part segmentation, allowing
each to refine the other. This refinement not only improves pose fitting but also enhances
the initial segmentation, enabling further fine-tuning of the segmentation network. We
begin with an initial segmentation from the Human3D network [26], which provides a
coarse assignment of points to body parts and is already fine-tuned on in-the-wild data
[31]. This segmentation serves as the foundation for a two-step optimization procedure
that fits the SMPL-X model to the human point clouds. First, body-part centroids guide an
approximate alignment of the model pose and orientation [6, 29], establishing a robust initial
configuration. Second, the model is refined by considering all points in the cloud, thereby
capturing more nuanced pose and shape information [17, 23]. Throughout this process,
we incorporate a pose prior [23] to ensure anatomically plausible body configurations,
mitigating errors caused by occlusions or missing data. After fitting, we reassign body
parts to the 3D point cloud via majority voting over nearest neighbors [12, 24], yielding a
segmentation more accurate than the initial prediction. By uniting part segmentation and
mesh fitting, our approach more effectively generalizes to diverse environments and remains
robust under challenging conditions.

We evaluate our approach on three complex public datasets (InterCap [14], Ego-
Body [31], and BEHAVE [5]) featuring occlusions, multiple interacting subjects, and
human-object interactions. Compared to other leading methods [11, 21, 26], we observe
an up to tenfold boost in pose modeling accuracy and an up to 22% gain in segmentation
accuracy. Our contributions are summarized as follows:
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• Segmentation-Based Pose Fitting. A unified approach that integrates human pose
fitting with body part segmentation on point clouds, increasing the accuracy and ro-
bustness of the fitting process in the presence of noisy point clouds.

• Pose Fitting-Enhanced Segmentation. We utilize fitted SMPL-X meshes to refine
body-part labels, leading to more precise segmentation. Additionally, we demonstrate
how these improved segmentations can be leveraged for self-supervised fine-tuning of
a segmentation network.

2 Related Work
Estimating human body pose and shape from 3D point clouds is vital in computer vision,
with applications in virtual reality, animation, and human-computer interaction. While
extensive research has been conducted on fitting parametric human models to 2D im-
ages [6, 15, 17], we focus on methods that directly operate on 3D point cloud data. Point
clouds capture detailed geometric information and avoid the ambiguities inherent in 2D
projections, making them valuable for precise human modeling.

Several approaches have been developed to fit human poses to point clouds. Bhatnagar
et al. [3] introduced IP-Net, which combines implicit representations with parametric
models to reconstruct clothed human bodies from partial scans. IP-Net learns a continuous
occupancy field representing the human body, allowing for detailed reconstructions even
with incomplete data. Wang et al. [28] proposed PTF, a method that fits SMPL models to
point clouds by considering local geometric features. By leveraging local point distributions,
PTF improves fitting accuracy in areas with high curvature or fine-grained details. Zuo et al.
[32] presented a self-supervised approach for 3D human motion reconstruction from depth
sequences. Their method leverages temporal coherence without requiring ground truth
annotations, effectively reconstructing dynamic human motions. Cai et al. [8] developed
PointHPS, a hierarchical point-based network that directly regresses SMPL parameters from
point clouds. PointHPS achieves state-of-the-art results using a point-based encoder-decoder
architecture. While these methods can effectively reconstruct common poses, they struggle
to accurately capture complex or non-standard poses, particularly those involving occlusions
or extreme body configurations.

Recently, Marin et al. [21] introduced NICP (Neural ICP), which bridges classic ICP
with learnable shape representations. NICP iteratively refines a neural deformation field at
inference time to better align human models with input point clouds, demonstrating notable
improvements in registration accuracy across challenging poses and noisy scans. Moreover,
Feng et al. [11] proposed ArtEq, a part-based SE(3)-equivariant neural network for SMPL
fitting. Unlike previous learning-based methods that struggle with out-of-distribution poses,
ArtEq explicitly incorporates SE(3) invariance and equivariance to improve generalization.
The method achieves state-of-the-art accuracy on the PosePrior subset of AMASS [20] and
is significantly faster than previous methods.

Despite these advances, common challenges persist. Methods often rely on large anno-
tated datasets or specialized training for generalization, which may be challenging to scale.
Regression-based approaches can miss subtle body shape variations or fail under significant
occlusions. Optimization-based algorithms are sensitive to initialization and can get stuck in
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local minima, especially for complex poses with self-contact or multiple people interacting.
Our work addresses these challenges by integrating body part segmentation into the fitting
process, leveraging semantic cues to distinguish between symmetric limbs and reduce orien-
tation ambiguities. The informed initialization obviates the need for multiple optimization
runs (as in SMPLify-X [23]), ensuring more robust convergence without exhaustive restarts.

3 Method

Our proposed framework, SegFit, fits the SMPL-X parametric body model to real-world
3D point clouds by leveraging initial body part segmentation. This is built around two key
processes: a robust model initialization guided by body part centroids and a subsequent
iterative fitting phase that refines pose and shape parameters. We also show that we can use
the fitted mesh to refine the initial segmentation based on a nearest-neighbor approach.

Figure 2: Overview of the SegFit pipeline. Starting from an input point cloud, we first
segment the points to identify body parts, then initialize the SMPL-X model by aligning the
body part centroids. The full mesh is then fitted to the point cloud, and finally the body part
labels are updated based on the fitted mesh. The outputs are the fitted mesh and the refined
body part segmentation.

3.1 Problem Definition

Given a 3D point cloud P = {pi}N
i=1 representing a cluttered scene with one or more human

subjects, our goal is to estimate the pose and shape parameters of the SMPL-X model [23]
to ensure accurate alignment between the resulting 3D meshes and the point clouds.

Body Parts & Centroids Segmentation

Figure 3: The 15 body parts and their centroids (left). Example
body parts segmentation of two humans from our SegFit (right).

A key challenge lies in identifying which
points in the cluttered scene correspond to
the human body surface, compounded by
the inherent symmetry of the human body
– leading standard optimization methods to
converge to suboptimal solutions without
proper initialization. To tackle these issues,
our approach leverages human body-part
segmentation from Human3D [26], provid-
ing essential semantic guidance for initial-
ization and optimization.
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3.2 Overview of the Approach
Below, we describe each component of our approach, which consists of four major steps:

1. Initial Body Part Segmentation: Utilize Human3D [26] to assign a body part index
or background label to each point in P , yielding a coarse but informative segmentation
of the point cloud.

2. Model Initialization: Calculate the body part centroids (see Figure 3) from the seg-
mentation and align them with the corresponding centroids of an SMPL-X template to
obtain a stable initial pose and orientation.

3. Model Fitting: Refine the SMPL-X parameters using a multi-term objective that bal-
ances data fidelity and pose/shape regularization over the entire human point cloud.

4. Enhanced Body-Part Segmentation: Label body parts using majority voting on the
fitted mesh, refining the body-part segmentation from the initial network output.

3.3 Initial Body Part Segmentation
We begin by segmenting the input point cloud P with Human3D [26], a state-of-the-art
network that predicts a body part label si ∈ {0, . . . ,K} for every point pi ∈ P , where si =
0 denotes background (i.e., the point does not belong to any human instance). This step
encodes high-level semantic cues about the spatial organization of the human body in 3D,
enabling subsequent stages to distinguish symmetric limbs and reduce pose ambiguity.

3.4 Model Initialization
A common pitfall in human model fitting is suboptimal initialization, which can hinder or
derail convergence. Rather than performing multiple fitting trials with varied initial orienta-
tions, we leverage the body part segmentation to establish a direct initialization. Specifically:

1. Compute centroid cscan
k = 1

Nk
∑

Nk
i=1 pi for each body part k, where Nk is the number of

points labeled k.
2. Compute the centroids of the predefined body parts of the SMPL-X model M0, de-

noted by cmodel
k . This step only needs to be carried out once.

3. Compute a global rotation R0 and translation t0 that align cmodel
k to cscan

k , providing a
well-informed initial pose for the subsequent optimization.

This centroid-based matching approach effectively addresses orientation ambiguities by ex-
ploiting structural cues in the data, similar to finding the corner pieces of a puzzle before
refining the interior.

3.5 Model Fitting
Parameterization. The SMPL-X model [23] is parameterized by pose θ∈R3J , shape β∈RB,
and global translation t∈R3, where J is the number of joints and B is the dimension of the
shape space. To avoid implausible configurations, we employ VPoser [23], a learned human
pose prior that maps θ to a latent space with high-level constraints on body articulation.

VPoser is a variational autoencoder-based prior for human body pose which has been trained
on the AMASS [20] dataset, capturing a large range of natural human poses. It applies an
encoder-decoder architecture to transform SMPL-X parameters into a compact latent space.
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We optimize the SMPL-X parameters in this latent space to constrain our method to realistic
human poses, as is common in optimization approaches to human mesh fitting [13, 23], and
is crucial for achieving accurate results.

Objective Function. We refine θ , β , and t by minimizing a combined energy as:

L= λdataLdata +λposeLpose +λshapeLshape, (1)

with hyperparameters λdata = 1, λpose = 0.5, λshape = 0.5. A hyperparameter sensitivity
analysis is provided in the supp. material. Below, we provide a description for each term.
Data Fidelity Loss quantifies alignment between the model surface and P . We adopt a robust,
one-sided Chamfer distance with a Huber loss to make it robust as follows:

Ldata =
K

∑
k=1

Nk

∑
i=1

min
v∈Vk

LHuber(pi −v), (2)

where Vk denotes vertices belonging to body part k. A one-sided formulation prioritizes
model-to-data consistency and mitigates erroneous penalization of regions without corre-
sponding sensor capture.
Pose Regularization Loss regularizes poses around the VPoser prior, encouraging kinemati-
cally realistic articulation: Lpose = ∥θ −θ 0∥2

2, where θ 0 is the default pose of the model.
Shape Regularization Loss constrains shape coefficients to reasonable magnitudes to de-
scribe a realistic human shape as follows: Lshape = ∥β∥2

2.
We employ the Adam optimizer with early stopping (200 max. steps) to minimize Eq. (1).

This yields a refined pose and shape that closely aligns the SMPL-X model to the input data.
Although convergence cannot be theoretically guaranteed, it occurred consistently across all
experiments.

3.6 Enhanced Part Segmentation
After fitting, we reassign part labels to each point pi using majority voting among its nearest-
neighbor vertices on the SMPL-X mesh. Formally, let {v1, . . . ,vn} be the n closest mesh
vertices to pi, each labeled by a body part index. We obtain the new label si via:

si = arg max
k∈{1,...,K}

n

∑
j=1

α j δ
(
label(v j) = k

)
, (3)

where α j is an inverse distance weight, and δ (·) is the Kronecker delta. This label reas-
signment leverages the accurate surface alignment from the fitted model, producing a more
reliable body part segmentation than the initial one.

4 Experiments
In this section, we first compare our approach SegFit with state-of-the-art human registration
methods on three challenging real-world datasets (Sec. 4.1). Next, we demonstrate how
SegFit also improves 3D human body-part segmentation (Sec. 4.2), and, finally, we show
qualitative results of SegFit on in-the-wild environments (Sec. 4.4). Additionally, we provide
detailed analysis experiments on the importance of body part segments for pose estimation,
and the effects of varying optimization strategies in the supplementary material.
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4.1 Comparing with State-of-the-Art Methods

Datasets.

Figure 4: Datasets. Example scenes from BEHAVE [5], EgoB-
ody [31], and InterCap [14] (left to right). RGB images for illus-
tration only; all tests are performed on single-view depth maps.

To evaluate the robustness of our approach,
we rely on three challenging “in-the-wild"
datasets [5, 14, 31], which feature cluttered
scenes, occlusions, and noisy, partial obser-
vations (see Fig. 4). These datasets pro-
vide a more realistic setting compared to
controlled “in-the-lab" datasets [7, 20, 30],
where humans are isolated from the back-
ground and captured with high-quality cam-
eras from multiple-view points in empty scenes.

EgoBody [31] is a large-scale dataset capturing 3D human motions during social inter-
actions in natural environments. It includes up to two interacting individuals and their sur-
roundings, resulting in significant occlusions, partial observations, and challenges in disen-
tangling humans from the background. BEHAVE [5] is a full-body human-object interaction
dataset containing multi-view RGB-D sequences and annotated human meshes. It features
a single person interacting closely with various objects, leading to challenging poses and
strong occlusions. InterCap [14] is a large-scale dataset focusing on human-object interac-
tions, similar to BEHAVE. Each scene involves a single human interacting with one of ten
different object types. All three datasets are captured with multi-view Kinect RGB-D sen-
sors, simplifying the accurate ground truth human mesh annotation. However, our method
relies solely on single-view depth frames (more representative for real-world applications).
Baselines. We compare our SegFit with the most recent state-of-the-art methods for regis-
tering SMPL human meshes to 3D point clouds: ArtEq [11] introduces articulated SE(3)-
equivariance for SMPL model fitting, enabling generalization to unseen poses by learning
part-based transformations instead of global ones. It combines SO(3)-invariant part detec-
tion with pose- and shape-equivariant regression, leveraging self-attention layers to preserve
equivariance. NICP [21] is a ICP-style self-supervised approach tailored to neural fields,
enabling robust and scalable 3D human registration across diverse shapes and datasets with-
out requiring manual annotations improving over prior approaches [3, 4, 28]. To ensure a
fairness, we apply one adjustment: as ArtEq and NICP are not designed for multi-human
or cluttered scenes with background and occlusion, we first isolate humans using Human3D
before processing the resulting point clouds with NICP and ArtEq. This ensures that all
methods process only points that belong to humans, as predicted by Human3D [26].
Metrics. We follow prior work [11, 28] to evaluate the accuracy of the registered SMPL [19]
human model. Shape error is measured as the Euclidean distance between corresponding
mesh vertices, i.e., the vertex-to-vertex (V2V) error in mm. Pose accuracy is evaluated as
the mean per joint position error (MPJPE) in mm between the fitted and ground-truth SMPL
models. We also report the average processing time required to fit a single human instance.
For body-part segmentation, we follow [11, 26] and report accuracy (Acc), intersection over
union (IoU), and mean average precision (mAP).
Results. Table 1 presents the results for human pose and shape fitting across all evalu-
ated datasets. MPJPEs are not reported for NICP, as this method only predicts SMPL vertex
positions. SegFit consistently outperforms all prior methods by a substantial margin, demon-
strating superior generalization to a wide range of diverse and noisy real-world point clouds.
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BEHAVE [5] EgoBody [31] InterCap [14]

V2V ↓ MPJPE ↓ Time ↓ V2V ↓ MPJPE ↓ Time ↓ V2V ↓ MPJPE ↓ Time ↓
Method in mm in mm in s in mm in mm in s in mm in mm in s

ArtEq [11] 140.6 162.4 0.105 538.7 605.7 0.098 422.0 515.0 0.103
NICP [21] 59.9 – 33.14 232.1 – 17.2 257.7 – 22.2
SegFit (Ours) 37.0 30.7 1.86 47.9 42.2 1.79 147.2 140.7 1.37

Table 1: Pose and shape scores of SegFit compared to NICP [21] and ArtEq [11] on the BEHAVE [5], EgoBody [31], and Inter-
Cap [14] datasets. Metrics are vertex-to-vertex (V2V) distance, mean-per-joint-position-error (MPJPE) and average time per human.
Baseline results were reproduced with the authors’ code.

Overall, SegFit achieves the highest performance on BEHAVE, while its accuracy is lower
on InterCap, which presents the greatest challenges due to its complex human poses and
strong human-object occlusions. In comparison to NICP, SegFit shows notably improved
performance on EgoBody, where severe occlusions – such as instances where only a foot
remains visible while the entire leg is hidden – highlight the importance of body-part seg-
mentation as a critical signal for more accurate human registration. Lastly, while ArtEq is
considerably faster due to its optimization-free nature, SegFit offers a significant efficiency
advantage over NICP, delivering at least a tenfold reduction in runtime with higher accuracy.

4.2 Refined Body-Part Segmentation

Human3D [26] SegFit Mesh (Ours) SegFit (Ours)

Figure 5: Refined Body-Part Segmentation. SegFit results on
InterCap [14]. Left: Human3D [26] prediction. Center: our mesh.
Right: improved segmentation via nearest-neighbor voting.

Beyond human registration, we also assess
SegFit’s enhanced body-part segmentation
and compare it to the initial segmentation
from Human3D [26], as shown in Table 2.
After fitting the SMPL-X model, we refine
the body-part labels by reassigning them by
majority voting, leading to improved seg-
mentation quality. Human3D is first pre-
trained on synthetic data and then fine-
tuned on Kinect RGB-D sensor data, the
same sensor used across all datasets, result-
ing in a minimal generalization gap. The improved results obtained by SegFit show that
model-based segmentation still leads to substantial improvements in segmentation accuracy,
of approximately 17%, 8%, and 12% on the BEHAVE, EgoBody, and InterCap datasets, re-
spectively. This demonstrates that our method effectively enhances body-part segmentation
by leveraging the fitted models. Figure 5 provides an example where Human3D initially
misclassified a suitcase as the right leg. After applying SegFit, it was correctly identified as
part of the background, demonstrating how our approach can resolve segmentation errors.

Method Metric BEHAVE EgoBody Intercap

Human3D Acc 74.61% 77.06% 55.85%
+ SegFit 91.22% 84.71% 67.86%

Human3D IoU 57.38% 62.89% 45.37%
+ SegFit 77.26% 69.48% 55.13%

Human3D mAP 73.42% 73.98% 59.54%
+ SegFit 85.74% 77.20% 67.69%

Table 2: Accuracy (Acc), intersection over union (IoU),
and mean average precision (mAP) scores before and af-
ter applying SegFit.

Human3D Model Metric BEHAVE InterCap

w/o Fine-Tuning Accuracy 74.61% 55.85%
w/ Fine-Tuning 89.96% 67.98%

w/o Fine-Tuning IoU 57.38% 45.37%
w/ Fine-Tuning 75.36% 56.71%

w/o Fine-Tuning AP 73.42% 59.54%
w/ Fine-Tuning 84.56% 68.18%

Table 3: Segmentation performance of Human3D [26] before
and after fine-tuning in a self-supervised manner on the outputs
of the proposed SegFit.
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4.3 Self-Supervised Fine-tuning
The original Human3D [26] model is fine-tuned using the real-world EgoBody [31] dataset,
which provides carefully curated human body-part annotations on 3D point clouds. We
show that our refined body-part segmentations can be leveraged to automatically generate
such training data for segmentation models.

As shown in Table 3, fine-tuning Human3D with these additional labels further enhances
its segmentation performance. We conduct experiments on both BEHAVE [5] and Inter-
Cap [14], splitting each dataset into separate training and test sets. Human3D is fine-tuned
on the automatically generated body-part labels from the training set and evaluated on the
test set. To ensure high quality training data, we exclude scenes where human poses are
poorly aligned, as determined by the error defined in Eq. 1 exceeding a predefined threshold.

Across both datasets, fine-tuning with our method significantly improves Human3D’s
performance in terms of vertex-to-vertex error and segmentation accuracy. This highlights
the effectiveness of our approach in refining part segmentation networks for new datasets.

4.4 Qualitative Results and Discussion
Figure 6 presents several representative examples of SegFit applied to the EgoBody [31]
dataset. The input scenes and corresponding human poses exhibit significant diversity, intro-
ducing multiple challenges such as occlusions caused by scene clutter, partial visibility due
to single-view depth sensors, and artifacts from the scanning process. In many cases, even
for a human observer, it is difficult to discern which points belong to a person or to specific
body parts based solely on the raw input data.

Despite these challenges, our method demonstrates robust performance, successfully re-
covering human poses even under severe occlusions. The bottom example highlights this
capability, emphasizing the importance of leveraging body-part segmentation to handle par-
tial and noisy real-world point clouds.

Limitations. However, our approach is not without limitations. One common failure
mode occurs when human instances are entirely missed during segmentation, resulting in
missing reconstructions. Another frequent issue is inaccurate limb registration, particularly
in cases where subjects cross their arms or legs, as seen in the second example from the top.
These ambiguities can lead to incorrect alignments, particularly in highly occluded settings.
To further enhance pose estimation in challenging scenarios, integrating additional scene
reasoning, particularly with affordance-based constraints [9], could help refine predictions
when subjects closely interact with their environment, where occlusions are most severe.

5 Conclusion

We introduce SegFit, a novel hybrid approach for fitting parametric human body models to
diverse 3D point clouds, combining body part segmentation and human pose and shape priors
to iteratively enhance both segmentation and pose fitting accuracy. Future work will explore
potential improvements to the pose fitting accuracy, such as by introducing a penetration loss
term for scenes where humans interact with each other or with objects in their environment.

Acknowledgments. This project is partially supported by an ETH Career Seed Award.
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Input Scene SegFit Mesh (Ours) (Sideview) SegFit Body-Parts (Ours)

Figure 6: Qualitative Results. Example outputs of our SegFit on the EgoBody [31] dataset. From left to right: the
input single-view point cloud showing the full scene including multiple humans, clutter and background, registered
human meshes by SegFit from the front and side perspective, the refined body-part segmentation by SegFit. See
Section 4.4 for additional details.
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