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ABSTRACT

Existing methods for 3D clothed human digitalization perform well when the in-
put image is captured in ideal conditions that assume the lack of any occlusion.
However, in reality, images may often have occlusion problems such as incom-
plete observation of the human subject’s full body, self-occlusion by the human
subject, and non-frontal body pose. When given such input images, these exist-
ing methods fail to perform adequately. Thus, we propose Robust-PIFu, a pixel-
aligned implicit model that capitalized on large-scale, pretrained latent diffusion
models to address the challenge of digitalizing human subjects from non-ideal
images that suffer from occlusions.
Robust-PIfu offers four new contributions. Firstly, we propose a ‘disentangling’
latent diffusion model. This diffusion model, pretrained on billions of images,
takes in any input image and removes external occlusions, such as inter-person
occlusions, from that image. Secondly, Robust-PIFu addresses internal occlu-
sions like self-occlusion by introducing a ‘penetrating’ latent diffusion model.
This diffusion model outputs multi-layered normal maps that by-pass occlusions
caused by the human subject’s own limbs or other body parts (i.e. self-occlusion).
Thirdly, in order to incorporate such multi-layered normal maps into a pixel-
aligned implicit model, we introduce our Layered-Normals Pixel-aligned Im-
plicit Model, which improves the structural accuracy of predicted clothed human
meshes. Lastly, Robust-PIFu proposes an optional super-resolution mechanism
for the multi-layered normal maps. This addresses scenarios where the input im-
age is of low or inadequate resolution. Though not strictly related to occlusion,
this is still an important subproblem. Our experiments show that Robust-PIFu out-
performs current SOTA methods both qualitatively and quantitatively. Our code
will be released to the public.

1 INTRODUCTION

3D Human Digitalization is the problem of reconstructing or generating a 3D model (e.g. a mesh)
of a human subject from inputs such as a single image of that human subject. Recently, Wang
et al. (2023b) showed that existing 3D Human Digitalization methods, such as ICON (Xiu et al.,
2022) and PIFuHD (Saito et al., 2020), face severe difficulties when given input images that have
incomplete observation (i.e. missing pixels) of the human subject’s full body (like in Fig. 1c-
d). These missing pixels often occur when there are multiple human subjects in the same input
image (the subjects occlude one another). Wang et al. (2023b) suggested a method to address this
incomplete observation problem, but they assumed that a groundtruth SMPL-X mesh (Pavlakos
et al., 2019) is available and provided. A groundtruth SMPL-X mesh is a clothless and hairless
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Figure 1: Results of SOTA and RobustPIFu on input images (in color) that have external occlusions.

Figure 2: Results on input images (in color) that have no occlusion (1st row), internal occlusion due
to non-frontal pose (2nd row), and internal occlusion due to self-occlusion (3rd row)

3D model that has both the actual 3D body pose and 3D body shape (excluding clothes and hair)
of a human subject. Assuming that a groundtruth SMPL-X mesh is available greatly simpli�es the
problem of incomplete observation, but it is practically unrealistic. In most situations, the only input
that is available is the input image itself.

Thus, we decided to address this problem. To this end, we introduce Robust-PIFu, a pixel-aligned
implicit model that capitalized on large-scale, pretrained latent diffusion models to circumvent wide-
ranging occlusion problems (including incomplete observation) that may or may not occur in an
input image.

Our work is inspired by the observations documented in a recent work, Zero-1-to-3 (Liu et al.,
2023b). Zero-1-to-3 found that a large-scale, pretrained latent diffusion model, when given an image
of an object as an input, can be controlled to synthesize a novel view (image) of that object from
any speci�ed viewpoint. This is signi�cant as the latent diffusion model has demonstrated a 3D
conceptual understanding of the object by freely generating new images of the same object from
different viewpoints. To us, this is an intriguing �nding as a novel view is, in all cases under
this context, a view that contains unseen regions of an object. This bears similarities to our own
problem (i.e. occlusion in input images), which pertains to uncovering unseen regions that have
been occluded. Hence, we would like to �nd out if we can design a similar mechanism to control
the pretrained latent diffusion model but instead of synthesizing novel views, we want the model to
synthesize views that uncover and resolve any external and internal occlusions.

We classify occlusion in an input image intoexternal and internal occlusions. We de�ne exter-
nal occlusions as occlusions that arise due external factors unrelated to the pictured human subject.
Examples include an object occluding the human subject, or another human occluding the human
subject that we are interested in (also calledinter-person occlusion). On the other hand, we de�ne
internal occlusions as occlusions caused by factors that can be controlled by the human subject. Ex-
amples include self-occlusion (subject uses his/her limbs to cover a part of his/her body) or occlusion
caused by the human subject not directly facing the camera (i.e.non-frontal body pose).

Firstly, to address external occlusions, our RobustPIFu introduces a pretrained latent diffusion model
that is controlled to `disentangle' human subject(s) from a given input image. This diffusion model
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isolates the person of interest from any extraneous objects or other humans, thereby resolving exter-
nal occlusions. This diffusion model is the �rst contribution of Robust-PIFu.

Secondly, to tackle internal occlusions, we propose another pretrained latent diffusion model that is
controlled to predict multi-layered normal maps at different camera angles. Regardless of whether
the human subject tried to self-occlude or face away from the camera, these multi-layered normal
maps will show the full geometry of the human subject's body. This is the second contribution of
Robust-PIFu.

Thirdly, in order to incorporate such multi-layered normal maps into a pixel-aligned implicit model,
we introduce our Layered-Normals Pixel-aligned Implicit Model. Layered-Normals Pixel-aligned
Implicit Model uses two different mechanisms (introduced later) to incorporate the multi-layered
normal maps and serves to improve the structural accuracy of generated clothed human meshes.

Lastly, besides external and internal occlusions, another common problem in input images is the low
or inadequate resolution of the pictured human subject. This can occurs when the human subject is
far away from the camera or when the camera is set to capture more than one human subject. In such
cases, existing methods will not be able to reconstruct a clothed human mesh with high-resolution
details. In order to overcome this, we designed an optional mechanism to control a pretrained latent
diffusion model for normal map super-resolution. This allows Robust-PIFu to create meshes with
high-resolution details despite a low-resolution input image.

2 RELATED WORKS

2.1 SINGLE-VIEW CLOTHED HUMAN DIGITALIZATION

Single-view clothed human digitalization refers to the task of retrieving or reconstructing a 3D
model (e.g. mesh) of a clothed human body from a single RGB image. An important class of
deep learning methods that have consistently attained state-of-the-art results for single-view clothed
human digitalization is the pixel-aligned implicit models. These models, which include ECON (Xiu
et al., 2023), ICON (Xiu et al., 2022), IntegratedPIFu (Chan et al., 2022), and PIFuHD (Saito et al.,
2020), work by learning an implicit function that represents the enclosed surface of a clothed human
body. During testing, the learned implicit function is sampled using a 3D grid of evenly-spaced
sample points. For each sample point, the implicit function returns/predicts an occupancy label,
which indicates if the sample point is considered `inside' or `outside' of a clothed human body's
surface. Once a 3D grid of predicted occupancy labels is computed, a mesh that resembles a clothed
human body can be extracted from this grid by using the Marching Cubes algorithm (Lorensen &
Cline, 1987). For more information on pixel-aligned implicit models, refer to Annex A.16.1.

2.2 ROBUSTNESS INPIXEL -ALIGNED IMPLICIT MODELS

Pixel-aligned implicit models' robustness to occlusions is an important topic that has garnered at-
tention from researchers. For example, ECON (Xiu et al., 2023), which is a pixel-aligned implicit
model, has proposed mechanisms to improve robustness with respect to inter-person occlusions.
One of the mechanisms proposed by ECON is to train a shape completion module with a parametric
human body model (i.e. a SMPL-X mesh) and a set of randomly masked depth maps. In addition,
the work by Wang et al. (2023b) proposes a new pixel-aligned implicit model that also aims to be
robust to inter-person occlusions in a given input image. The proposed pixel-aligned implicit model
infers the occluded or missing information of a human subject's body by incorporating a SMPL-X
mesh, a 2D GAN, and a 3D GAN into its pipeline.

However, there are a number of problems with how these existing models address robustness ques-
tions. Firstly, both ECON and the work by Wang et al. assume that a groundtruth or a very accurate
SMPL-X mesh is available as an input. In situations where there are occlusions or missing pixels
in a given input image, it is unlikely that a very accurate SMPL-X mesh can be predicted from that
input image. Thus, these models may not be practical in real-life use cases.

Secondly, even if we assume groundtruth SMPL-X meshes are given, the clothed human meshes
reconstructed by ECON and the work by Wang et al. often suffer from poor structural accuracy and
imprecise details when there are inter-person occlusions in the given input image (See Fig. 1b,d).

3



Published as a conference paper at ICLR 2025

Lastly, other than inter-person occlusions (which is a type of external occlusion), there are other
types of occlusions like internal occlusions. Internal occlusions, such as self-occlusion, are not
well-addressed by existing methods yet.

Hence, we propose Robust-PIFu in order to address both external and internal occlusions effectively.

2.3 LARGE-SCALE LATENT DIFFUSION MODELS

Recently, large-scale 2D diffusion models, such as DALL-E (Ramesh et al., 2021), Imagen (Saharia
et al., 2022), and Stable Diffusion (Rombach et al., 2022), have showcased their capacity to grasp an
extensive range of visual concepts from Internet-scale image datasets. Consequently, an increasing
number of researchers are harnessing these models' rich priors about our 3D world and utilizing
them in 3D tasks (e.g. (Poole et al., 2022; Lin et al., 2023; Liu et al., 2023b;a; Chen et al., 2024; Lee
et al., 2024; Ho et al., 2024)).

One notable example is Zero-1-to-3 (Liu et al., 2023b). Zero-1-to-3 illustrated that a latent dif-
fusion model, pretrained on extensive internet image data, can be manipulated to produce a fresh
perspective of an object from any speci�ed viewpoint. To achieve this, the pretrained model �rst
undergoes �ne-tuning with an input RGB view of the object, a relative camera transformation, and
a transformed RGB view of the same object. Once �ne-tuned, the model, when provided with an
input view of the object, can generate numerous novel views of that object. These new views are
then utilized to reconstruct a 3D mesh of the object using Score Jacobian Chaining (SJC) (Wang
et al., 2023a). Zero-1-to-3 demonstrated superior performance compared to state-of-the-art (SOTA)
results in 3D object reconstruction. This �nding not only shows that vast internet image data can
be leveraged on to solve a 3D reconstruction task, but it also demonstrates that a pre-trained latent
diffusion model is able to gain a 3D conceptual understanding of an object just by processing a 2D
image of that object. (For more information on Zero-1-to-3, refer to Annex A.16.2.)

We wish to harness and capitalize on the 3D conceptual understanding attained by a pre-trained
latent diffusion model as well. We hypothesize that a 3D conceptual understanding of a human will
be useful in identifying and removing occlusions that are present in a 2D image of that human. Just
as the Zero-1-to-3 uses a pre-trained latent diffusion model to uncover an unseen view (i.e. a novel
view) of an object, we wish to use a pre-trained latent diffusion model to uncover unseen regions
(i.e. occluded regions) of a human subject. In other words, we aim to use the latent diffusion model
to resolve any external and internal occlusions that may be present in a given input image.

3 METHOD

We show an overview of Robust-PIFu in Fig. 3. First, Robust-PIFu is given an input image that
may or may not have any occlusion. This given input image is passed to Disentangling Diffuser
(D ), which is a latent diffusion model that will remove any external occlusion (e.g. inter-person
occlusions) from the input image. If there are inter-person occlusions, this means there are multiple
subjects in the input image, andD will `disentangle' the human subjects into separate images (i.e.
disentangled images). Each disentangled image, now free of external occlusions, can then be easily
used to predict a SMPL-X mesh (if the groundtruth SMPL-X mesh is not given).

Next, each of the disentangled images are separately fed into our second latent diffusion model
(i.e. Penetrating Diffuser orP). For each disentangled image,P will generate 8 normal maps (also
calledmulti-layered normal maps or NC ), which correspond to the different layers of the human
subject at different camera angles. These 8 normal maps allow us to bypass both self-occlusion and
non-frontal pose of the human subject in the given input image. In other words,P resolves internal
occlusions.

Finally, NC and the disentangled image are passed to our Layered-Normals Pixel-aligned Implicit
Model, which is a pixel-aligned implicit model �tted with two new mechanisms. These mechanisms,
which will be introduced later, enable multi-layered normal maps to be incorporated into a pixel-
aligned implicit model. Layered-Normals Pixel-aligned Implicit Model produces a clothed human
mesh, which is then re�ned by a differential optimizer usingNC .

In order to incorporate a SMPL-X mesh into our Robust-PIFu, we �rst extract multi-layered normal
maps from the SMPL-X mesh (NS ). NS is similar toNC except thatNS pertains to a SMPL-X body,
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Figure 3: Overview of our Robust-PIFu.D �rst `disentangled' the human subjects into separate
images. Then,P predicts multi-layered normal maps from each disentangled image. The maps are
used by our Layered-Normals Pixel-aligned Implicit Model to construct a clothed human mesh.

andNC pertains to a clothed human body.NS is then fed into bothP and the Layered-Normals
Pixel-aligned Implicit Model.

Also, Robust-PIFu also offers an optional diffuser - our Re�ning Diffuser (R). Our R will super-
resolveNC , allowing higher-resolutionNC to be used in the differential optimizer. However, the
tradeoff of usingR is increased inference time.

Now, we will elaborate on the four contributions of Robust-PIFu: 1. Disentangling Diffuser (Sect.
3.1) 2. Penetrating Diffuser (Sect. 3.2) 3. Layered-Normals Pixel-aligned Implicit Model (Sect.
3.3) 4. Re�ning Diffuser (Sect. 3.4).

Figure 4: The Pre-training and Finetuning stages of Disentangling Diffuser (D ).
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3.1 DISENTANGLING DIFFUSER(D )

As explained in Sect. 2.2, existing methods, like ECON and the work by Wang et al. (2023b), do not
address external occlusion like inter-person occlusion well because these models assume that a very
accurate SMPL-X mesh is available despite the occlusion. Moreover, even when this assumption
is true, these models often fail to produce clothed meshes that have accurate structure and precise
details.

To address external occlusion, we propose Disentangling Diffuser (D ). Our D is shown in Fig. 4,
and it capitalizes on the extensive visual concepts and knowledge learned by a large-scale latent
diffusion model that has been pre-trained on billions of images. Similar to Zero-1-to-3 (Liu et al.,
2023b), ourD injects the pre-trained latent diffusion model with architectural modi�cations before
a round of �netuning. Speci�cally,D aims to denoise a noised encoding that represents an image
of a human subject. As shown in Fig. 4, the given input image (I ) to D is an image of at most
three human subjects.I is used as a conditional prior toD via two streams. First, we obtain the
CLIP image embedding ofI before using it for cross-attention in the denoising U-Net of the latent
diffusion model. Second,I is encoded into an encoding and then channel-concatenated with a noised
encoding before it is fed to the denoising U-Net. Also, in order to control which of the three human
subjects to extract out, we introduce a Human Subject Selection Map, which is a binary map that has
one out of three possible patterns (see Annex A.2 for more info). The denoising U-Net will output a
denoised encoding that is then decoded into a `disentangled' image. (Aside:D can deal with input
images that contain more than three human subjects as well, see Annex A.2). A formal formulation
of D is given in Eqn. 1.

I d
i = D(I; H i ) ; i 2 Z; 0 < i � n (1)

whereI d
i is the disentangled image of thei th human subject,I is the input image,H i is the i th

Human Subject Selection Map, andn is the maximum number of human subjects allowed in the
input image toD . In our work, we setn to be 3.

To address a wide range of external occlusions,D is �netuned withI that is af�icted with different
types of external occlusions, such as inter-person occlusion, object-caused occlusion, and poor light-
ing conditions (see Figs. 11 and 12). After �netuning, ourD will be able to remove these various
forms of external occlusions from any given input imageI , as also shown in Figs. 11 and 12.

The training or �netuning process ofD (as well asP andR) follows a typical latent diffusion model
whereby the model learns to predict the noise added to the latent encodings at each time step, and the
MSE between the predicted and actual noises is minimized. More training details in Annex A.14.

Figure 5: Penetrating Diffuser (P). In the 1st run (blue arrows), 4 normal maps from the front and
back camera directions are produced. In the 2nd run (magenta arrows), a further 4 normal maps
from the right and left camera directions are produced. These 8 normal maps constitute ourNC .
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Figure 6: The �nal part of Robust-PIFu: Layered-Normals Pixel-aligned Implicit Model.
.0mm

3.2 PENETRATING DIFFUSER(P )

The disentangled image produced byD may still be affected by internal occlusions, such as self-
occlusion and occlusion caused by non-frontal pose of the human subject. For example, a human
subject may put his arm across this torso, obscuring the topology of his jacket. Similarly, a human
subject that is not facing the camera directly may conceal the topology of his facial features. Inter-
nal occlusions like these will prevent a pixel-aligned implicit model from reconstructing a clothed
human mesh that has an accurate and detailed topology. In order to bypass internal occlusions, we
propose our Penetrating Diffuser (P), which predictsmulti-layered normal maps of a clothed hu-
man body. These maps are also known asNC , and they describe the topology of a human subject at
different layers and from distinct camera directions (illustrated and explained in Annex A.4).

To designP, we again tap on the visual knowledge acquired by a large-scale pre-trained latent
diffusion model. From the pre-trained model, we extend it by adding two new conditional priors
(See Fig. 5). The �rst conditional prior is the disentangled image produced byD. This disentangled
image is incorporated intoP the same wayI is incorporated intoD (i.e. via cross-attention and
channel concatenation). The second conditional prior isNS , which refers to multi-layered normal
maps that are extracted from a SMPL-X mesh.NS is incorporated intoP via channel concatenation
only. UnlikeD , P does not output a RGB image in each run. Instead,P outputs aset of 4 normal
mapsin each run. In total, as shown in Fig. 5,P will be run twice. In the �rst run, 4 normal maps
from the front and back camera directions are produced. In the second run, these 4 normal maps are
used as conditional priors toP, and a further 4 normal maps from the right and left camera directions
will then be produced. These 8 normal maps form ourNC i.e. the multi-layered normal maps of
the clothed human body. These maps reveal the topology of the human subject from different sides
and different layers. This resolves internal occlusions like self-occlusion or non-frontal body pose.
A formal formulation ofP is given in Eqn. 2.

N t
C = P(I d

i ; N t
S ; N t � 1

C ) ; t 2 f 1; 2g (2)

whereI d
i is the disentangled image of thei th human subject. Whent = 1, N t

C andN t
S represent the

�rst 4 maps fromNC andNS respectively. Whent = 2,N t
C andN t

S represent the next 4 maps from
NC andNS respectively.N 0

C is a set of zero-�lled maps.

3.3 LAYERED-NORMALS PIXEL -ALIGNED IMPLICIT MODEL

At this stage, we have obtained multi-layered normal maps (bothNS andNC ) that contain infor-
mation of the human subject from different sides and layers. But a pixel-aligned implicit model is
not designed to take in these layered normal inputs. Thus, we propose a new form of pixel-aligned
implicit model calledLayered-Normals Pixel-aligned Implicit Model, which is shown in Fig. 6

Layered-Normals Pixel-aligned Implicit Model incorporates multi-layered normal maps via two
mechanisms or streams. In the �rst stream, we concatenateNS , NC , and the disentangled im-
age together. The concatenated product is then fed into the encoder (i.e. stacked hourglass network)
of our pixel-aligned implicit model.
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In the second stream, we useNC to form aMulti-dimensional Layered Normals Grid . This 3D
grid is formed by aligning the eight 2D normal maps ofNC inside a 3D space, as shown in Fig. 15.
Each element/position on the grid is a 24-length vector, which consists of a normal vector (3-length
vector) taken from each of the 8 normal maps. The grid contains not only detailed information
on the topology of the human subject, but also the structural information of the human subject in
the form of a visual hull (shown in bottom right of Fig. 15). This visual hull narrows down the
possible shape of the human subject's body as the surface of the human subject cannot lie outside
of the visual hull. In other words, the visual hull acts like an initial, template 3D shape for the
pixel-aligned implicit model to work on before predicting a �nal clothed human shape/mesh. To
incorporate the Multi-dimensional Layered Normals Grid into the pixel-aligned implicit model, we
process this multi-dimensional grid using a 3D-CNN (see Fig. 6). The features produced by the
3D-CNN are then fed into the MLP. In addition, we also allow for a skip connection that directly
feeds the values from the grid into the MLP.

Via these two mechanisms, we allow information from both ourNS andNC to be incorporated
into a pixel-aligned implicit model in a principled and sensible way. Like a typical pixel-aligned
implicit model, our Layered-Normals Pixel-aligned Implicit Model is trained by minimizing the
MSE between the predicted and actual occupancy labels of the sample points (Saito et al., 2019).
After training, our pixel-aligned implicit model model will produce a clothed human mesh using the
Marching Cubes's algorithm. In addition, we provide a formal formulation of our Layered-Normals
Pixel-aligned Implicit Model in the following equation:

F (I d
i ; NS ; NC ) = s(x; y; z) ; s(x; y; z) 2 [0; 1] (3)

whereI d
i is the disentangled image of thei th human subject, ands(x; y; z) denotes the predicted

implicit function that represents a 3D clothed human body.

The clothed human mesh is then re�ned by a differential optimizer, as is done in ICON (Xiu et al.,
2022). The differential optimizer works by computing an error (e.g. L1 loss) between a predicted
normal map and the surface normals of the clothed human mesh. The mesh is then deformed or
adjusted such that the error is minimized. More than one predicted normal map can be used in this
re�ning process. For Robust-PIFu, ourNC (i.e. 8 maps) is used as the predicted normal maps.

3.4 REFINING DIFFUSER(R)

Our differential optimizer usesNC to re�ne the meshes. In order to improve the re�nement process,
we can super-resolveNC using our optional Re�ning Diffuser (R). The differential optimizer can
then use the super-resolvedNC , rather than the originalNC , during the re�nement process.R is a
latent diffusion model that takes inNC as a conditional prior and outputs a super-resolvedNC , as
shown in Fig. 16.R addresses scenarios where the given input image is of low resolution (resulting
in NC having low resolution as well) or when an application requires clothed human meshes that
are of a higher than usual resolution. However, the use ofR will also result in a noticeably increased
inference time. There is thus a `inference time vs resolution' trade-off. More details on ourR can
be found in Annex A.7. In reality, inference time may be important to different applications. Thus,
to ensure fairness, we did not useR to produce our results, but we demonstrate the usefulness ofR
in Fig. 17.

4 EXPERIMENTS

4.1 DATASETS

To train pixel-aligned implicit models (both ours and the existing models), 3D scans/data of human
subjects are required. For our experiments, we use the THuman2.0 dataset (Yu et al., 2021) to train
both our models and the existing models. The THuman2.0 dataset contains 526 3D full-body scans
(i.e. meshes) of real-life human subjects. We use a 80-20 train-test split. For each 3D scan, we
render RGB images at 10 degree intervals (azimuth rotation) using a weak-perspective camera.

Prior to training, ourD , P, andR are already pre-trained with the same Internet-scale image datasets
(Schuhmann et al., 2022) (> 2 billion images) used by Stable Diffusion (Rombach et al., 2022).
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Figure 7: Results on input images (in color) that have no occlusion (1st row), internal occlusions
due to self-occlusion (2nd row) and non-frontal pose (3rd row), and external occlusion (4th row)

Table 1: Quantitative Evaluation between SOTA and our Robust-PIFu.
THuman2.0 BUFF MultiHuman

Methods CD (10-5) P2S (10-5) CD (102) P2S (102) CD (10-5) P2S (10-5)
ICON 9.947 9.014 8.659 7.892 15.76 13.39
ECON 11.17 9.090 9.064 9.750 14.69 13.13
D-IF 10.24 9.137 9.136 7.644 16.71 13.78
SeSDF 8.941 8.441 6.582 6.947 14.00 12.30
Wang et al. 8.944 8.596 9.072 9.881 21.01 21.64
Robust-PIFu (Ours)8.426 8.000 6.127 6.525 13.38 11.66

In addition, we use BUFF dataset (Zhang et al., 2017) and MultiHuman dataset (Zheng et al., 2021)
to evaluate the models. None of the models is trained using these two datasets. For BUFF dataset, we
followed IntegratedPIFu (Chan et al., 2022) and performed systematic sampling (based on sequence
number) on the dataset. This gives us a total of 101 human meshes that we use for evaluation. The
purpose of using systematic sampling is to avoid meshes that have both the same human subject and
the same pose. For MultiHuman dataset, all single human scans are used (see more in Annex A.11).

4.2 COMPARISON WITH STATE-OF-THE-ART

We compared Robust-PIFu against other existing models on single-view clothed human reconstruc-
tion. The models we compared with include ICON (Xiu et al., 2022), ECON (Xiu et al., 2023), D-IF
(Yang et al., 2023), SeSDF (Single-view version) (Cao et al., 2023), and the work by Wang et al.
(2023b). These models are selected not only because they achieved SOTA performances but also
because they are designed to be robust to occlusions (e.g. inter-person occlusion, missing pixels in
input image) and other various challenging conditions like complex human poses. In our quantitative
evaluation, we followed (Cao et al., 2023) and used Chamfer Distance (CD) and Point-to-Surface
(P2S) as metrics. CD is the bidirectional point-to-surface distances between GT and reconstructed
meshes. P2S is the unidirectional variant of CD.

Qualitative Evaluation We evaluate the models qualitatively in Fig. 1, Fig. 2, and Fig. 7. Fig.
1 shows how the models react to external occlusions, while Fig. 2 pertains to internal occlusions.
Fig. 7 shows more examples both with and without occlusion. From the �gures, we observe that the
existing models, unlike our Robust-PIFu, struggle to address external and internal occlusions and
fail to produce meshes that have both an accurate structure and precise details. In Fig. 10, we show
our results on real Internet images from Adobe Stock. More results in Annex A.8, A.9, and A.10.
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