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Abstract—Reconstructing the canonical pose of non-rigid ob-
jects from arbitrary depth observations is an important problem
in robotic vision, particularly for systems that must perceive,
track, and interact with deformable objects in dynamic en-
vironments. In robotics and SLAM-related perception, depth
cameras are widely used to support object recognition, spatial
understanding, scene mapping, and motion analysis. However,
non-rigid deformation remains challenging because the same
object may appear in significantly different poses, making reliable
object-level representation and tracking difficult. In this study,
we present a deep learning approach for reconstructing the
default canonical pose of non-rigid objects from single depth
images. The proposed model combines short-range and long-
range feature extraction with the original depth input to capture
both local geometric details and global structural information.
By transforming arbitrary posed observations into a consistent
canonical representation, the method supports more stable shape
understanding, pose normalization, and object-level perception
for robotic systems operating in real-world environments. This
is particularly relevant to robotic vision tasks involving human
motion analysis, deformable-object tracking, manipulation, and
semantic mapping. The model is trained on synthetic human
datasets and evaluated on synthetic human, real human, and
animal datasets. Experimental results demonstrate improved
retrieval accuracy compared with existing methods, showing that
the proposed approach can generalize across different non-rigid
categories and sensing conditions. These findings highlight the po-
tential of canonical pose reconstruction as a useful component for
intelligent robotic perception, depth-based scene interpretation,
and SLAM-aware systems that require robust understanding of
deformable objects.
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tion; sensor fusion; object-level SLAM; human-robot interaction

I. INTRODUCTION

Reconstructing the default pose of non-rigid objects from
arbitrary poses has become an increasingly important task in
fields such as computer vision, computer graphics, medical
imaging, and robotics. Non-rigid objects, such as human
bodies, animals, and deformable objects, undergo complex
deformations that make accurate reconstruction and pose nor-
malization a significant challenge. This task is crucial for nu-
merous applications, including animation, motion tracking and
shape analysis. Understanding how to reconstruct a standard or
default pose from an arbitrary one is not only vital for precise
shape representation but also enhances the ability of intelligent
systems to interpret and manipulate 3D objects.

In many real-world applications, obtaining consistent 3D
representations from varying poses is necessary. For instance,
in animation, characters often need to be represented in a
canonical pose to ensure uniformity across different scenes and
actions. Similarly, in medical imaging, normalizing poses al-
lows for more consistent comparisons of anatomical structures,
which is crucial for accurate diagnostics and surgical planning.
In robotics, understanding non-rigid body deformations, such
as the movements of animals or humans, helps in designing
systems that can interact with or mimic these behaviors effec-
tively.

Existing methods for 3D shape reconstruction have focused
on either rigid or non-rigid objects, with varying degrees of
success. Traditional rigid body reconstruction methods, such as
Principal Component Analysis (PCA) or rigid transformation
matrices, are not effective for non-rigid objects, as they cannot
handle the complex, localized deformations that occur in
flexible bodies. On the other hand, non-rigid reconstruction
methods, such as Multidimensional Scaling (MDS) [1], [2],
Global Point Signatures (GPS) [3], and detail-preserving mesh
unfolding techniques [4], have been designed to capture these
deformations but often struggle to balance between global
structure preservation and fine-grained local details. Many of
these methods require tuning or additional constraints to ensure
accurate results, particularly when dealing with large datasets
or objects with high variability in pose and shape.

Our work introduces a novel approach for reconstructing
the default pose of non-rigid objects using depth images as
input. Depth images offer rich geometric information, mak-
ing them a valuable input format for understanding object
deformations. By leveraging both short-range and long-range
features, our model can effectively capture fine-grained details,
such as edges and textures, while also maintaining the overall
structure of the object. This dual approach allows the model to
handle complex deformations that occur across varying scales,
making it suitable for reconstructing both local and global
characteristics of non-rigid objects.

We focus on three main components within our model:
short-range feature extraction, long-range feature extraction,
and the final reconstruction component. Short-range features
help capture detailed deformations in small regions of the ob-
ject, while long-range features ensure that the model accounts
for broader spatial relationships across the entire object. The
combination of these components, along with the original input
image, enables the model to reconstruct the default pose with
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high accuracy. This approach is particularly effective for non-
rigid bodies, where both local and global deformations must
be accounted for.

In summary, this study presents a new method for recon-
structing the default pose of non-rigid objects from arbitrary
poses using depth images. By combining short-range and long-
range feature extraction, our approach provides a comprehen-
sive solution for capturing both fine details and global structure
in non-rigid objects. The results of our experiments show that
the model is highly effective in various settings, including
human and animal datasets, and generalizes well even when
trained on synthetic data. Our findings contribute to the grow-
ing body of research in shape analysis and 3D reconstruction,
with potential applications in animation, medical imaging, and
robotics.

Overall, the main contributions of this study are summa-
rized as follows:

e A short-range feature extraction method to capture
local details.

e A long-range feature extraction method to capture
global structures.

e  The results demonstrate that our model successfully
recovers the canonical pose for unseen samples.

II. RELATED WORK

The problem of deforming non-rigid objects to a canonical
pose from single depth images has been widely addressed
in the literature through various methodologies, including
learning-based approaches, shape priors, and deformation net-
works.

One line of work focuses on Multidimensional Scaling
(MDS) approaches. For example, Fast-MDS, introduced by
Faloutsos and [1], was an early attempt to reduce the com-
putational overhead associated with MDS, allowing for faster
shape matching and reconstruction. Despite its efficiency, Fast-
MDS struggles with complex non-rigid deformations, limiting
its applicability for canonical pose reconstruction from single
depth images. Similarly, Non-Metric MDS and Least Squares
MDS, proposed by [2], were designed to handle surface
bending and stretching, but these methods also face challenges
when dealing with high variability in non-rigid shapes and
often require multiple observations to achieve robust results.

Recent advancements have expanded upon these MDS-
based methods. Constrained MDS, introduced by [5], inte-
grates additional shape constraints to improve non-rigid shape
matching and deformation. This method shows improvements
over previous MDS techniques but is limited in its ability to
handle single-depth-image inputs, as it still relies on some prior
shape knowledge.

In addition to MDS-based methods, shape reconstruction
techniques have evolved to focus on the preservation of
local and global structures. Global Point Signatures (GPS),
combined with skeleton-based matching, was proposed by
[3] as an effective approach for non-rigid shape matching.
GPS, however, falls short in scenarios where fine-grained
deformations and high-resolution details are necessary for
accurate canonicalisation.
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One of the more recent approaches, Detail-preserving Mesh
Unfolding also, developed by [4], focuses on preserving intri-
cate surface details while deforming a shape to its canonical
pose. This method has been particularly effective in handling
high-resolution surfaces, though it requires significant com-
putational resources, which limits its scalability to real-time
applications.

Moreover, learning-based approaches like Deform2NeRF
and DIF-Net [6], [7] have shown promising results in deform-
ing objects into canonical poses. These methods leverage neu-
ral deformation fields and 2D-3D feature fusion to accurately
reconstruct non-rigid objects. While these methods achieve
high accuracy in reconstructing complex deformations, their
heavy reliance on neural networks introduces high computa-
tional costs and data requirements, making them less practical
for real-time applications or scenarios with limited training
data.

Despite the advancements, the field still faces challenges in
developing methods that can robustly handle highly complex,
non-rigid deformations with minimal data and in real-time
scenarios. Methods that balance computational efficiency with
high reconstruction fidelity are crucial for advancing the state-
of-the-art in non-rigid shape reconstruction and canonical pose
estimation.

III. METHODOLOGY

The goal is to restore a non-rigid body to its default pose.
The shape, represented in a 2.5D image, may appear in any
pose and could be subject to significant deformation, causing
parts of the shape to become occluded or heavily distorted.
Therefore, the model is designed to learn how to reconstruct
the non-rigid shape in a canonical pose, The complete model
is illustrated in Fig. 1.

The model consists of three components. The first stage,
Section III-A, captures fine-grained, localized information
(e.g., edges), which helps in accurately modeling small-scale
deformations in parts of the object. This provides the model
with crucial details on how local areas deform during move-
ment, essential for recovering fine details in the reconstructed
default pose.

The second component, Section III-B, captures spatial
relationships over larger distances within the object. These
features ensure that parts of the object that are far apart, such
as limbs in a human body, remain correctly aligned relative
to each other. This step helps maintain the global coherence
of the object’s structure during reconstruction, ensuring the
reconstructed pose is anatomically accurate and free from
unnatural distortions.

Finally, the third stage, Section III-C processes the outputs
of both the first and second stages to reconstruct the shape in
its default pose.

A. Short Range Features

Extracting short range features features from depth images,
especially in the context of non-rigid shape deformation help
model to focus on the fine-grained information in small regions
of the image, such as edges, textures, or surface variations [8].
This helps in identifying detailed characteristics of the shape,
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Fig. 1. The complete model first extracts short-range features. Afterward, both the original input and the output of the SRF model (Ysr ) are used as inputs
for the long-range features model, which extracts scaled features (Y7, ). Finally, the canonical pose is reconstructed through the reconstruction model (Ygrec).

which are essential for accurately representing and reconstruct-
ing the object’s geometry in its default pose. Furthermore,
Non-rigid objects can deform in complex ways (bending,
stretching, etc.). Local features can capture these deformations
at small scales, which helps in tracking and understanding how
different parts of the shape move or change during deformation
(see Fig. 2).

Given a depth image I, where I € R00%500 ' the Short
Range Features (SRF) consist of five convolution layers that
process the input depth image to extract the short range
features:

Yspr = SRE(I)

SRE consist of N block, where N = 9, each block consist
of convolution and Transpose-convolution. At the end, the
output Yspp going to be Ygrp € R00X500,

B. Long Range Features

Capture the broader spatial dependencies within the depth
image and are crucial for maintaining the overall structure
and coherence of the non-rigid object during reconstruction.
These features help the model account for how distant parts of
the object relate to one another, ensuring that even large-scale
deformations are represented accurately. The concatenation of
the short-range features with the input image provides a richer
representation, enabling the model to leverage both local, fine-
grained details and broader spatial information. This holistic
understanding ensures that distant parts of the object, such
as the extended surfaces, are correctly aligned and positioned
relative to one another in the default pose [9] [8].

Yrrr = LRF(I,Ysgrr)

Given I and Ysgrp input depth image and extracted local
features, respectively, the Long Range Feature (LRF) process
both the image and the extracted features to produce the
long features. The model consist of N block where N = 5,
each block consist of convolution layer with dilation value
to capture long range. The dilation range values in order
dilation = [2,3,4,5,6].

C. Default Pose Reconstruction

The reconstruction component synthesizes all this infor-
mation to output the default pose in the form of a depth
image. The model uses both localized details (from short-
range features) and overall structure (from long-range fea-
tures) and to infer the original, undeformed pose (input depth
image) were also utilised. This approach allows the Default
Pose Reconstruction (DPR) component to handle complex
deformations by integrating both fine-grained and large-scale
spatial information, ensuring accurate and detailed default pose
reconstruction.

Given I, Ysrr, and Y7 rr, the D PR component processes
this information to reconstruct a shape in the default pose,
Yppr, where Yppr € R300%500 The component consists of
an Encoder-Decoder architecture, where the encoder is made
up of N = 4 blocks, and the decoder consists of K = 4
blocks. Each encoder block contains convolution, LeakyReL. U
activation, and max-pooling layers to reduce dimensionality,
while each decoder block employs transposed convolution and
ReLU activation.

D. Loss Function
The model utilise two loss functions (see Fig. 3):
Depth Loss. We employ the Mean Squared Error for the
depth loss:
1 Y

Lpeptn = N Z(.@d —ya)?
i=1

Here, 94 and y4 represent the predicted depth and the
ground truth depth, respectively.

Mask Loss. As we want the model focus on the shape only,
we make the model learn the mask of the shape by adding
mask loss:

N

LMask = %Z(Qm

i=1

- ym)2
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Fig. 2. (a) Shows the SRF layers, where the sub-model consists of nine blocks. Each block contains a convolution layer followed by a LeakyReLU activation.
(b) Shows the LRF layers, consisting of five blocks, where each block includes both convolution and deconvolution operations with different dilation rates. (c)
Shows the reconstruction sub-model, which includes an encoder—decoder architecture.

Predicted Mask GT Mask

Input

Predicted Depth GT Depth

Fig. 3. Our model results on the synthetic dataset. The model predicts both
the depth image (second column) and the mask (fourth column). The blue
circle shows that the model can recover missing parts. The red circle shows
that the model can correctly predict the depth values for the shoulders.

Combined Loss. We introduce coefficients o and (5 to
balance the training:

Lweighted = aLDepth + 6Ll\lask

IV. EXPERIMENTS
A. Training Details

We trained our model for 500 epochs using an end-to-end
approach. In the initial phase of training, we set the weighting
parameter 3 = 1 and o = 0.01 for the first 100 epochs.
This strategy was employed to allow the model to primarily
focus on learning the mask of the shapes during the early
stages, thereby reducing the overall complexity of learning
the canonical form in the depth format. After the first 100

Predicted Depth Predicted Mask

Input

Fig. 4. Our model results on real human datasets. The model was trained on
synthetic data and then tested on a real human dataset.

epochs, both a and 8 were set to 1, enabling the model to
simultaneously learn both the mask and the canonical form
with equal emphasis. This progressive learning approach was
validated through an ablation study, which demonstrated its
effectiveness in simplifying the learning process for depth-
based reconstruction.

The model was trained using the Adam optimizer with a
learning rate of 0.001, on an NVIDIA RTX 4090 GPU with
24 GB of memory. The total training time was approximately
three days with a batch size of 8.
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B. Dataset

We conducted our experiments using three datasets: two
human datasets and one animal dataset.

The first dataset, provided by [10], consists of 400 samples
captured from real human subjects. This dataset represents
40 unique individuals, with each subject contributing multiple
samples.

The second dataset, also from [10], comprises synthetic
human subjects and includes 300 samples in total. These
synthetic samples offer controlled variations that complement
the real-world dataset.

To demonstrate the generalizability of our model beyond
human subjects, we employed the TOSCA dataset [11], which
contains 3D models of animals. This allows us to evaluate the
model’s ability to reconstruct non-human shapes effectively.

All datasets were processed using Blender and automated
with Python scripts. For each sample, we generated depth
images of size 500 x 500, ensuring that the shapes were
centered in the frame before capturing the images.

C. Evaluation

For evaluation, we followed the methodology used in
previous studies [12], [13], and assessed our model based on
retrieval results. Specifically, we employed the Clock Match-
ing and Bag-of-Features (CM-BOF) approach to produce the
retrieval results. For a more detailed explanation of CM-BOF,
refer to [14].

We selected four evaluation metrics to assess the perfor-
mance of our model. The first metric is Nearest Neighbour
(NN), which finds the nearest neighbor to a point using a
specified distance metric. The second metric is First Tier (FT),
which measures the precision at the first rank or within the
top-n results of the retrieval. The third, Second Tier (ST),
extends FT by considering a larger set of result (top-m where
m > n). Finally, we use Discounted Cumulative Gain (DCG)
to evaluate the effectiveness of the ranking algorithm by taking
into account the relevance of retrieved items and their positions
in the ranking.

D. Comparison to Prior Works

For comparison, we selected several methods from previous
studies. These include the Fast-MDS approach proposed by
[1], and the Non-Metric MDS method, based on Multidimen-
sional Scaling (MDS), introduced by [2]. Additionally, we
included Least Squares MDS from the same study [2].

We also compared our method against the Accelerated
MDS approach [15], which improves the efficiency of tra-
ditional MDS algorithms. Furthermore, we considered Con-
strained MDS, a method that integrates specific shape con-
straints during the MDS process [5].

In addition to MDS-based methods, we evaluated our
approach against shape analysis techniques such as Global
Point Signatures (GPS), and a Skeleton-based method [3], both
of which have demonstrated effectiveness in shape matching
tasks. Finally, we included the Detail-preserving Mesh Unfold-
ing method [4], which focuses on preserving fine geometric
details during shape reconstruction.
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TABLE I. RETRIEVAL RESULTS FOR SYNTHETIC HUMAN DATASET

[ [ NN | FT [ ST [ DCG |
Classic MDS 0.10 | 022 | 039 | 0.54
Fast MDS 0.14 | 020 | 035 0.53
Non-metric MDS 0.09 | 024 | 041 0.55
Least Square MDS | 0.01 0.13 | 0.31 0.45
Constrained MDS 0.04 | 0.14 | 0.25 0.46

GPS 040 | 0.20 | 0.32 0.56
Mesh Unfolding 0.04 | 0.18 | 034 0.49
Skeleton-based 0.01 0.14 0.32 0.46
Our 0.61 | 0.53 | 0.73 0.78

TABLE II. RETRIEVAL RESULTS FOR REAL HUMAN DATASET, TRAINED
ON SYNTHETIC HUMAN DATASET AND TESTED ON REAL HUMAN
DATASET

[ [ NN [ FT [ ST [ DCG ]
Classic MDS 0.01 | 0.03 | 0.07 0.28
Fast MDS 0.00 | 0.02 | 0.04 0.27
Non-metric MDS 0.02 | 0.04 | 0.08 0.30
Least Square MDS 0.00 | 0.00 | 0.01 0.26
Constrained MDS 0.00 | 0.01 | 0.03 0.27

GPS 0.07 | 0.06 | 0.12 0.33
Mesh Unfolding 0.00 | 0.01 | 0.03 0.28
Skeleton-based 0.01 0.01 0.02 0.27
Our 0.1 0.09 0.1 0.41

E. Result

We evaluated our model on three datasets: synthetic hu-
mans, real humans, and animals. For the synthetic human
dataset, we split the subjects into a training set of 10 subjects
and a test set of 5 subjects (the results shown in Table I). Our
model demonstrated a noticeable improvement over previous
methods, showing a significant margin of enhancement in the
retrieval results.

For the real human dataset (the results shown in Table II
and Fig. 4), we followed an unseen setup, where the model
was trained on the synthetic dataset and tested on the real
human data. Despite the challenge of domain adaptation, our
model exhibited substantial improvements, further confirming
its generalization capabilities.

Finally, for the animal dataset (the results shown in Ta-
ble III and Fig. 5), we used the cat and horse samples as the test
set, with the remaining animal data used for training. In this
case, too, our model outperformed prior approaches, showing
marked improvements in retrieval performance compared to
existing methods.

V. ABLATION STUDIES

We conducted several experiments to evaluate the effective-
ness of different components of our model. The ablation study
is designed to demonstrate the impact of each component on
the overall performance, the results are shown in Table IV.

A. Disabling Short-Range Features

In this experiment, we disabled the short-range feature
extraction component of the model. As a result, the retrieval
performance degraded significantly, indicating that short-range
features are crucial for capturing fine-grained details necessary
for accurate shape reconstruction.
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Fig. 5. Our model results on the TOSCA dataset.

TABLE III. RETRIEVAL RESULTS FOR TOSCA DATASET

[ [ NN [ FT | ST [ DCG |
Classic MDS 0.74 | 0.54 | 0.80 0.80
Fast MDS 0.73 | 0.52 | 0.77 0.77
Non-metric MDS 0.76 | 0.67 | 0.87 0.85
Least Square MDS 0.79 | 0.63 0.86 0.84
Constrained MDS 0.88 | 0.71 0.89 0.89

GPS 0.71 052 | 0.72 0.76
Mesh Unfolding 0.88 | 0.65 | 0.86 0.85
Skeleton-based 0.78 | 0.62 | 0.85 0.84
Our 097 | 0.82 | 0.89 0.93

TABLE IV. RETRIEVAL RESULTS FOR SYNTHETIC DATASET

\ [ NN [ FT [ ST [ DCG |
strict train [ 0.56 [ 049 [ 0.66 | 0.73

w/o SRF 0.58 | 0.51 0.68 0.76
w/o LRF 0.56 | 0.50 | 0.64 0.71
Our 0.61 | 0.53 | 0.73 0.78

B. Disabling Long-Range Features

When we disabled the long-range feature extraction com-
ponent, we observed a noticeable degradation in performance
compared to the full model. This highlights the importance
of long-range features in learning the global structure of the
object and suggests that the model effectively utilizes these
features to improve reconstruction accuracy.

C. Strict Train-Test Split

To further challenge the model, we performed a strict
split, where both pose and subject were excluded from the
training set. We implemented this as a cross-validation process,
ensuring that the model was tested on all poses and subjects.
The model showed resilience under this challenging setup,
further validating its generalization ability.

VI. CONCLUSION

In this work, we presented a model for reconstructing
the default pose of non-rigid objects from any given pose
using depth images as input. Through a combination of short-
range and long-range feature extraction, along with the original
input, our model demonstrated significant improvements over
previous methods, particularly in complex shape deformation
scenarios.

Our experiments on synthetic and real human datasets, as
well as an animal dataset, showed the model’s robustness and
generalization capabilities. Specifically, our model achieved
notable gains in retrieval accuracy, especially in challenging
setups, where the training and test data included unseen poses
and subjects.
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