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Figure 1. Overview. Left— VisOR significantly improves self-supervised 2D human pose estimation performance under occlusions. Compared
against baselines, VisOR predicts accurate keypoint locations despite significant occlusions. Center— Quantitative results in four benchmark
datasets (BOW, 3DOH50K, Occluded-LSP, Occluded-Human3.6M) show that VisOR outperforms existing domain adaptation methods [1, 2],
particularly in challenging environments with high occlusions. Right— Comparison of occlusion types between datasets. Existing related works [3-5]
often use unrealistic semantically disconnected occluding objects (e.g. black boxes or random textures shown in red bounding boxes). In contrast,
our proposed BOW benchmark dataset introduces synthetic but context-aware occlusions, using objects relevant to the surrounding scene (shown
in green bounding boxes). This leads to more natural occlusion patterns and enables better generalization to real-world occluded scenarios.

Abstract

Occlusion remains a significant challenge for existing hu-
man pose estimation algorithms, often resulting in inaccurate
and anatomically implausible predictions. Although recent
occlusion-robust methods report strong performance, they typi-
cally rely heavily on supervised learning and privileged infor-
mation, such as multiview data or temporal sequences. Further-
more, these models often fail under domain changes. Domain-
adaptive human pose estimation seeks to mitigate this issue;
however, when occlusions are present in the target domain, a
common occurrence in real-world applications, performance
of these algorithms deteriorates significantly. To address these
challenges, we propose VisOR, a novel Visibility guided Self-
Supervised algorithm for Occlusion-Resilient Human Pose Es-
timation. VisOR achieves robustness to both domain shifts

1 Work done while the authors were at UCR.
Project Webpage: https://github.com/arid29/VisOR
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and occlusions by integrating contextual reasoning with iter-
ative pseudo-label refinement. It mitigates the ovetfitting to
noisy labels from occluded regions via a visibility-driven cur-
riculum learning strategy, which progressively introduces the
model to increasingly occluded training samples. Additionally,
VisOR is regularized by a learned human pose prior that main-
tains anatomical plausibility throughout the adaptation process.
Recognizing the scarcity of human pose datasets with realistic
occlusions, we introduce BOW: Blended Occlusions in-the-Wild,
a rigorously constructed context-aware synthetic benchmark
designed to evaluate the occlusion resilience of human pose esti-
mation algorithms. BOW offers a diverse range of context-aware
occlusions across both indoor and outdoor environments, simu-
lating real-world conditions. Through extensive experiments, we
demonstrate that VisOR outperforms current state-of-the-art
methods by ~ 7% in challenging occluded human pose estima-
tion benchmarks and provides a baseline performance on BOW,
against existing algorithms.


https://github.com/arid29/VisOR

1. Introduction

Estimation of human pose is an important problem that aims to
accurately detect anatomical keypoints in the human body. Pre-
cise pose estimates are particularly crucial for multimedia appli-
cations [6—8]. The remarkable success of state-of-the-art human
pose estimation algorithms [9-11] in existing datasets [12, 13],
acquired in controlled settings, can be largely attributed to their
access to extensive labeled training data. However, occlusions,
a common phenomenon in real-life scenarios, pose a major
bottleneck for such algorithms, often leading to incorrect and
anatomically implausible pose estimates (as shown in Figure 1).
These algorithms show notable performance drops when tested
on human images with occlusions (see Figures | and 4). Fur-
thermore, acquiring large amounts of annotated data in the real
world is costly and time-consuming, and it can raise privacy con-
cerns [14]. One direct way to address these problems is by train-
ing models on large amounts of synthetic data and then applying
these models to real-world datasets. However, models trained on
synthetic data often suffer performance degradation when eval-
uated on real-world data due to the inherent domain differences
between the two distributions, as shown in [1, 2]. Moreover, no
open-source synthetic datasets provide human images with oc-
clusions, further limiting the generalizability of existing models
when tested on in-the-wild images of humans with occlusions.
Using unsupervised domain adaptation (UDA), researchers
have successfully transferred knowledge from labeled source
datasets to unlabeled target datasets, addressing various
computer vision tasks [15-21]. Specifically for pose estimation,
recent studies [1, 2, 22] leveraged UDA to mitigate the
suboptimal generalization of models trained on synthetic
datasets under domain shifts while simultaneously reducing
reliance on ground truth annotations. However, these algorithms
face notable challenges when dealing with occlusions in images
of the unlabeled target domain. On the other hand, algorithms
like those proposed in [23-25] that address occlusion-based
performance degradation are highly dependent on in-domain
supervised learning. For example, [24] uses multiple frames
along with their corresponding ground truth poses to incorporate
spatio-temporal continuity to manage self-occlusions in humans,
and [23] requires paired occluded and unoccluded images
along with ground truth pose keypoints to train a Siamese
network to handle occlusions. However, these algorithms
cannot handle domain shifts [1, 2]. Thus, our goal is to adapt
a human pose estimation model trained on labeled source
data to an unlabeled target dataset, where human subjects are
partially blocked by occlusions from inanimate objects. To
address this challenge, we propose VisOR: Visibility guided
Self Supervised Occlusion Resilient Human pose Estimation.
VisOR is a novel context-aware self-supervised algorithm
that learns to generalize in an unlabeled target domain using
confident pseudo-labels for self-training, employing the Mean-
Teacher framework [26]. However, we observe that trivially
learning from the confident pseudo-labels of the target domain
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is largely unreliable, as the model may still generate implausible
poses. To this end, we introduce a novel visibility-based
curriculum learning strategy that compels the model to train on
more visible samples with fewer occlusions and then progres-
sively shifts to less visible samples with higher occlusions. As
occlusions are random in both nature and location, this approach
allows the network to learn from more reliable pseudo-labels
in the early stages of adaptation, thus preventing error
accumulation that typically results from learning from incorrect
pseudo-labels. Unlike existing works like DMH-CL [27],
which requires GT-derived hardness and supervised losses,
VisOR does not use any target-domain annotation—using
silhouette masks as the sole proxy for visibility. Also, to inject
anatomical context into unsupervised adaptation, we develop
a human-pose prior whose zero-level set approximates the
human-kinematics manifold. This prior regularizes self-training
by penalizing anatomically implausible predictions and, unlike
exemplar similarity, evaluates a plausibility energy: valid poses
receive low energy, invalid ones high. Under heavy occlu-
sion—when noisy pseudo-labels can push the model toward
unrealistic configurations—this prior acts as a strong safeguard,
suppressing anatomically impossible poses during adaptation.
VisOR works out-of-the-box for in-the-wild images, without
requiring prior knowledge of the unlabeled target domain im-
ages. Overall, we note that VisOR significantly outperforms
state-of-the-art unsupervised domain adaptive human pose
estimation algorithms when unlabeled target data are occluded.
Furthermore, recognizing the scarcity of human pose
datasets with realistic occlusions, we introduce BOW: Blended
Occlusions in-the-Wild, a rigorously constructed context-aware
synthetic benchmark designed to evaluate the occlusion
resilience of human pose estimation algorithms. Unlike existing
synthetic datasets that randomly overlay objects without
considering scene context, BOW employs a multimodal large
language model (MLLM) [28] to generate context-aware
occlusions by predicting plausible inanimate objects, such as
“arock,” “a shrub,” or “a basketball” (see Figures | and 3) that
naturally fit within the scene. These objects are then synthesized
and seamlessly composited into the original images using
large-scale pretrained Text-to-Image models [29], ensuring
photorealistic and semantically coherent occlusions. BOW in-
troduces diverse objects occluding different parts of the human
body in images in both indoor and outdoor settings, overcoming
the limitations of previous datasets [30, 31] that lack semantic
plausibility, as shown in Figure 1. BOW includes synthetic
occlusion variants for standard benchmarks such as LSP [32]
and Human3.6M [33], making it a valuable resource for
developing robust pose estimation models capable of handling
complex occlusion scenarios in real-world applications. In this
work, we use BOW to evaluate existing algorithms [1, 2, 22]
and introduce a new baseline for realistic occlusions.
Contributions: Our key contributions are as follows:

* We address the challenge of self-supervised, occlusion-
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Figure 2. Overview of proposed algorithm. VisOR is built upon the mean-teacher framework, where the weights of the teacher model are
updated as an exponential moving average (EMA) of the student model’s weights. VisOR uses occlusion augmentations on the source domain,
enabling the student and teacher models to provide better pseudo labels on unlabeled target images by learning consistency between occluded
and unoccluded source images. VisOR also utilizes a human pose prior that captures plausible human anatomy as a zero-level set, thus penalizing
anatomically implausible predictions. Finally, VisOR leverages a visibility-based curriculum learning strategy wherein the model focuses on
samples with fewer occlusions and gradually shifts to samples with higher degrees of occlusion.

resilient human pose estimation, specifically targeting the
limitations of current unsupervised domain adaptation (UDA)
methods under occlusion-heavy conditions.

We propose VisOR, a self-training framework for occlusion-
resilient human pose estimation in unlabeled target domains.
VisOR combines a mean-teacher approach with iterative
pseudo-label refinement and employs visibility-aware
curriculum learning alongside a learned human pose prior
to ensure anatomically plausible predictions.

To mitigate the scarcity of occluded human datasets, we
introduce BOW, a context-aware synthetic benchmark
that generates semantically consistent occlusions using
foundational generative models, facilitating rigorous and
realistic evaluation of occlusion robustness.

Extensive experiments across multiple challenging bench-
marks—including BOW—demonstrate that VisOR achieves
consistent improvements over state-of-the-art methods,
outperforming them by ~ 7% on unlabeled occluded datasets.

2. Related Works

Human Pose Estimation: Human Pose Estimation involves
localizing anatomical landmarks of the human body in images
or videos. Large-scale annotated datasets have driven significant
advances in 2D pose estimation [34]. Existing approaches are
classified as top-down, which detects humans before estimating
poses [35-38], and bottom-up, which detects keypoints first
and then group them per person [9, 39—<41]. These fully
supervised models often fail to generalize to unseen domains
and partial occlusions. To handle occlusions, [23] synthesized
occluded views using siamese networks, while [24] used
spatio-temporal continuity to transfer information from clear
frames. However, these methods rely on paired clean and
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occluded images or temporal consistency, which limits their
applicability in real-world occluded settings. Recent methods
include a multistage architecture for occluded multiperson
scenes [25], which struggles with heavy occlusion, and a
graph-based model [42] that infers missing keypoints but relies
on strong spatial priors and fails on out-of-distribution poses.
[43] introduced an occlusion-aware framework to infer visible
2D keypoints from partial input, but its reliance on labeled 2D
data limits scalability to unlabeled or diverse real-world settings.
Despite these advancements, most methods still depend on
labeled data and struggle with domain shifts and occlusions.

Datasets for Pose Estimation Under Occlusions: Most human
pose estimation benchmarks pay limited attention to occlusions,
and collecting such data is challenging due to specialized hard-
ware and annotation ambiguities. Prior works [4, 31] simulate
occlusions via size-based masks or preprocessing; however,
these methods are not context-aware and often ignore scene se-
mantics, producing artifacts that models can exploit rather than
learn true robustness. Recent datasets move closer to realistic
occlusion scenarios but rely on different assumptions. Blend-
Mimic3D [44] is a Blender-generated synthetic benchmark with
labeled occlusion visibility; AGORA [45] renders photorealistic
synthetic humans with complex occlusions; LiCamPose [46]
targets multimodal RGB+LiDAR capture using both synthetic
pretraining data and real recordings. In contrast, BOW retains
real in-the-wild humans and synthesizes only the occluders
with contextual awareness. This isolates the effect of occlusion
without confounding changes in human appearance or capture
hardware, yielding a more faithful test of occlusion robustness.
UDA for Human Pose Estimation: Several works have studied
UDA for human pose estimation. [2, 22] introduced adversarial
learning-based UDA frameworks, and UniFrame [1] employed
a Mean-Teacher framework for pseudo-label refinement, yet



their performance is limited when the target domain contains
occlusions, as they assume full-body visibility. [47] proposed a
cross-domain UDA for animal poses, but anatomical differences
limit its relevance to humans. However, these methods are
trained and evaluated on occlusion-free benchmarks and do not
explicitly address the challenge of partial occlusions, making
them ill-suited for real-world applications. In contrast, we
focus on the problem of 2D human pose estimation under
occlusions in unsupervised domain adaptation settings. We
show that the state-of-the-art UDA approaches (Table 1)
perform suboptimally when human figures in the target domain
are partially occluded, underscoring the need for self-supervised
algorithms that are resistant to occlusion (VisOR).

3. Proposed Algorithm (VisOR)

In this section, we elaborate on our proposed algorithm (Vi sOR)

for self-supervised occlusion-resilient human pose estimation.

Our goal is to develop a human pose estimation model F that

takes an image = € R *W >3 with spatial dimensions H and

W as input and predicts the 2D pose keypoints y = F (), where

y € RE>2 for K keypoints. We assume access to a source

dataset S = {xi,yi}f\ﬁl, where x; is an RGB image and y; is

the corresponding set of pose keypoints. We also have an unla-
beled target dataset 7, containing images {x; f\fl without pose
keypoint annotations. For clarity, we refer to an image from the
labeled source dataset as x,, with ys being the corresponding set
of pose keypoints, and an image from the unlabeled target set as
x¢. We aim to adapt a model trained on the source dataset, de-

noted as Fs, to enhance its performance on the target dataset 7.

The model under adaptation/adapted model is denoted as F.

We propose an intuitive self-learning algorithm for optimal
human pose estimation in unsupervised domain adaptive
settings, with a particular focus on situations where the human
subject in the unlabeled target data is partially occluded by
inanimate objects. Existing analogous algorithms for human
pose estimation [1, 2, 22] often suffer from error accumulation
due to learning incorrect pseudo-labels and a lack of contextual
understanding of the human body. This results in suboptimal
performance when the human subject is partially occluded in
the unlabeled target data.

To address these, we introduce three distinct methods:

* We employ an exponentially weight-averaged teacher model
to generate reliable pseudo-labels for self-training. This
approach ensures that the teacher model does not overfit
incorrect pseudo-labels. Additionally, we artificially occlude
the labeled source images; this acts as an augmentation step
thereby allowing the student model to learn estimating human
poses under occlusions.

* A human pose prior, designed as a zero-level set for

plausible human poses, is utilized to regularize the adaptation

process by penalizing the model for predicting anatomically
implausible pose predictions.

Recognizing that not all unlabeled target images are equally
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occluded, we enable the network under adaptation to initially
focus on samples with less relatively occlusions. As the
adaptation progresses, the network gradually addresses
more heavily occluded samples. This approach prevents the
network from overfitting to incorrect pseudo-labels from the
more heavily occluded samples.
We frame pose estimation as a heatmap regression task [48],
where the model is trained to predict Gaussian heatmaps cen-
tered on each keypoint location. Specifically, instead of directly
regressing keypoint coordinates, the network learns to generate
probability distributions that peak at ground-truth joint positions,
effectively converting pose estimation into a structured spatial
regression problem. The weights of F7 are initialized using
the weights of a model that has been trained on labeled data
from the source domain through supervised learning [1, 2, 22].
This model, known as the source model (Fs), is trained by
minimizing the loss function defined in Eqn. 1.

1 2
ﬁsrc:ﬁl;”fscrs)_ySHQ‘ (l)

3.1. Self-Training and Occlusion Augmentations

We take advantage of the Mean-Teacher framework [26] for our
problem settings. In the Mean-Teacher framework, two identical
models are utilized: M, (student) and M., (teacher),
with parameters denoted as 6,4, and 6;.,, respectively. Both
models are initialized with the weights from a pretrained source
model (Fs). During each adaptation step ¢, the parameters of
the student model (fs,,) are updated by backpropagating the
gradient computed in that step, while the parameters of the
teacher model (f;.,) are adjusted as an exponential moving
average of the weights of the student model (65;,) and as a
function of the smoothing parameter « as described in Eqn. 2.
This approach aims to improve overall model performance
by reducing overfitting to potentially incorrect pseudo-labels,
particularly during the initial phase of adaptation.

t—1

—ab, + o'

ezea (1—0{) stu (@)
We enforce a prediction space consistency for unlabeled target
images across two different augmentations. For any sampled
target image x;, we apply augmentations .4, (.) and As(.) to
the same, resulting in augmented images 4, (z;) and As(x4).
The corresponding heatmap predictions are obtained as H1 =
Mt (A1 (z4)) and Ho = Myeq(A2(z4)). The pseudo labels
are obtained by extracting the pixel coordinates with the highest
activations from the heatmap predictions of the teacher model
(H2). In order to avoid overfitting to potentially incorrect
pseudo labels predicted by the teacher model, VisOR only
learns from predictions that exceed a specified confidence
threshold (7) [1]. These confident pseudo-labels are then
converted into normalized heatmaps, which are used to update

M1, by minimizing the loss function defined in Eqn. 3.
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Here, A7 '(.) and A; ' (.) are defined as inverse augmentations
of A;(.) and Ay (.), respectively, and BB denotes a given batch
of images. During this self-training process, we also artificially
occluded the labeled source domain images () with objects
from the COCO dataset [13], referring to these images as 2.
This allows the student model to generalize better to occlusions
by leveraging the labeled source data and minimizing the loss
function defined by Eqn. 4.
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We observe that leveraging the loss functions described
by Eqn. 3 and Eqn. 4 leads to improved performance over
UniFrame [1]. However, the adapted model may still produce
anatomically implausible poses due to a lack of human
anatomical constraints under occlusions, thus leading to
suboptimal overall performance.

3.2. Regularization with Human Pose Prior

To integrate anatomical constraints into the adaptation process,
we introduce a parametric regularizer defined as the zero-level
set of plausible human poses. Specifically, we represent 2D
poses as connecting pairs of joints. Formally, a skeleton y
is described by a set of vectors corresponding to these bone
connections,
0, ={b1,b2,.bnr}; b €R? Vme[M] )
We propose to train the parametric human pose prior
(G:60,—R") such that

g(%){z

0, 6, is plausible;
’ 6)

>0, otherwise.

We define G = Ggec © Gene, Gene projecting individual
vectors (b,,) to a latent space based on the anatomical structure
of the human body [49, 50] and G .. projects this feature in the
latent space to a non-negative scalar representing the distance
of the queried pose from the learned manifold.

Training G is performed using the labeled source dataset
(S), which contains N; accurate human poses. However, the
source dataset (S) does not include examples of implausible
human poses, which are also important for learning the pose
prior G. To address this, we propose generating examples of
implausible poses by artificially occluding the images in S
([51]) and estimating the pose using the Fg model, which is
pretrained on clean, unoccluded images of S.
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For any image from the labeled source dataset (x5), let ys
be the corresponding ground-truth pose label. Let 25 denote the
image generated by artificially occluding 5. The corresponding
noisy pose estimates are obtained as ys = Fg(2s). We also
generate a set of implausible poses by adding noise sampled
from the Von-Mises distribution [52] to the individual keypoints.

‘We denote the distance between the plausible ground truth
pose (ys) and the correspondingly generated implausible
pose (ys) as d which is set to O if 6, is sampled from the
distribution of poses encompassed by the source dataset S,
and d > 0 otherwise. To train G, we use supervised learning
by minimizing the loss Lo between the predicted score for
a given pose 6, and the corresponding ground truth score.
Mathematically, this can be expressed as follows:

argmin 16(6,)—d|[3 (7)

During adaptation, VisOR leverages this trained human
pose prior as a regularizer for the anatomical plausibility of
the predicted poses on the unlabeled target domain images (z;)
Mathematically, we minimize:

Zg

mfGB

ant stu .’Et (8)

3.3. Visibility guided Curriculum Learning

As real-world images often vary in their levels of occlusion, we
hypothesize that adapting Fr using unlabeled target domain
images with fewer occlusions initially and gradually progressing
to images with more occlusions will enhance the performance
of Fr’ by allowing it to learn from more robust and accurate
pseudo-labels. Thus, we propose a novel curriculum learning
strategy that incrementally adapts the student model (M g,,)
from images with fewer occlusions to those with relatively
more occlusions.

To condition the adaptation process based on human
visibility in occluded scenes, we propose using silhouette
segmentation maps from the unlabeled target domain images.
For given images in 7, we can extract binary silhouettes
of the visible portions of humans using pretrained models
such as [53, 54]. For all unlabeled target images from 7, we
extract binary silhouettes {s; } E using an existing pretrained
segmentation model (S). Mathematically, s; =S(x;) V 2; €T.
Using these extracted silhouettes {s;} El, we define the
visibility score (v;) for a given image in batch (53) sampled
from T as: v; =sum(s;)/max(sum(s;)) Vs;€B.

Here, the sum(.) operator is defined as the total count of fore-
ground pixels in the visible silhouette. Clearly v; €[0,1], with a
higher score reflecting that the sample is relatively less occluded.
We use these visibility scores to guide the adaptation algorithm
by weighing the contributions of individual images in a given
batch (13) sampled from 7. Thus, more visible images (hence,
higher v;) will have a larger contribution in £¥, (Eqn. 9),

pred
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thereby forcing the model to learn from those samples especially
during the initial stages of adaptation. To this end, we propose:
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Observe that using only the loss described in Eqn. 9 will
largely ignore the heavily occluded images of 7. This is not
desirable, as this could lead to suboptimal performance on
heavily occluded images in 7. Thus, we resort to using a linear
combination of the loss functions defined by Eqn. 9 and Eqn. 3.
We define

Lis = Ev?ed"‘(

—current epoch

with v =exp(—7o1; epochs ). At the beginning of adaptation,
when v— 1, £,;s emphasizes samples with minimal occlusion;
as adaptation progresses, the model gradually shifts to treating
all samples in the batch more equally.

’Y) £pred . ( 10)

Final Objective: Leveraging the aforementioned loss func-
tions, the student model (M ,,) is trained using the weighted
objective function, which is mathematically defined as:
»COCl + A [’ant + )\v »Cm's .

src (1 1)

argmin
Mstu

4. Context Aware Occlusions in-the-Wild

Acknowledging the scarcity of human pose datasets with real-
istic occlusions, we introduce a context-aware synthetic bench-
mark (BOW) that enables systematic evaluation of occlusion
robustness for human pose estimation algorithms. Our approach
(Figure 3) generates semantically plausible occluded images con-
ditioned on occlusion-free images from standard datasets such
as LSP [32] and Human3.6M [33], using a two-stage generative
pipeline that ensures photorealism and contextual relevance.

In the first stage, we pass the clean target image xfg}fa“ to
a multimodal large language model (MLLM), denoted by
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B [28], to generate names of plausible inanimate objects that
could serve as occluding objects based on the image context.
Specifically, we define a system prompt P comprising struc-
tured natural language instructions in a question-answer format.
We employ a few-shot in-context learning setup [56], where
the MLLM is shown example pairs (234*",255) to guide it in
producing semantically grounded and contextually appropriate
object suggestions, avoiding unrealistic insertions seen in prior
synthetic datasets [30, 51], as illustrated in Figure 1.

The MLLM outputs a list of candidate object tags O, which
we filter using token likelihoods to retain only the most con-

textually fitting objects for a given image-mask pair (xfgl‘f““,m).

0= {oleo‘Pﬂ 01 [alem )27}. (12)
‘We then select the top & object tags by likelihood:
Otopr =TopK,, 55 (Pg(olv | zfga“,m)) : (13)

where TopK returns the subset of size & with the highest scores
from the filtered set O.

In the second stage, we leverage these predicted object
categories to guide a generative image synthesis model 2,
based on Stable Diffusion 2.0 [29, 57]. For each selected object
0 € Oopk» We define a binary spatial mask m € {0,1}7*W that
indicates the region where the object will be inserted. This mask
is constructed by sampling a patch of size i x w centered around
a randomly selected keypoint from a predefined set /C, ensuring
that the synthesized object partially occludes the human figure.

Given an image xcéea“ € R3>*HXW \e encode it into the
latent space using the encoder £ of the d1ffusi0n model:

);

During denoising, at each diffusion timestep ¢, we maintain
two latent trajectories: the original latent z; and an object-
conditioned latent Z;, guided by a text prompt 7(0) describing

z=& (zen cROXH xW' (14)



Performance of VisOR vs. existing baselines: PCK@0.05 across different joints. Best results highlighted in bold and gain over Source only

is highlighted in green.

Algorithm Sld. Elb. Wirist Hip Knee Ankle Avg. Algorithm Sid. Elb. Wrist Hip Knee Ankle Avg.
Sourceonly 494 572 419 403 567 532 508  Sowceonly 447 535 495 435 407 452 462
EPIC [22] 651 635 476 518 642 592 586  EPIC[2 532 617 533 635 563 582 517
RegDA [2] 624 696 578 545 678 665 631  RegDA[2] 550 650 558 666 598 616 606
UniFrame [I] 625 752 660 636 729 688 682  UniFame[l] 580 7201 653 683 552 607 633
VisOR 6.1 796 697 674 773 730 723 . 595 757 678 747 652 702 689
(+167) (+224) (+218) (+27.1) (+206) (+198) (+215 VISOR (+148) (+222) (+183) (312) (245) (#250) (+22.7)
Table 1. SURREAL [51] — BOW Table 3. SURREAL [51] — Ocl-LSP
Algorithm Sid. Elb. Wrist Hip Knee  Ankle Avg. Algorithm Sid. Elb. Wrist Hip Knee Ankle Avg.
Sourceonly 747 625 504 412 579 560 571  Sowceonly 491 493 370 261 413 411 407
EPIC [22] 812 655 425 482 643 716 622  EPIC[22] 719 673 523 481 637 654  6L5
RegDA [2] 85 733 565 505 679 710 675  RegDA[2] 687 731 537 527 667 691 640
UniFrame [1] 553 755 682 680 789 694 692  UniFame[l] 697 778 614 577 709 645 670
. 787 814 722 707 822 764 769 . 732 850 684 678 792 750 748
= (+4.0) (+189) (21.8) (+29.5) (243) (+204) (+198) (24.1) (#357) (Bl4) 417 #379) +#339) (341
Table 2. SURREAL [51] — 3DOH50K [55] Table 4. SURREAL [51] — Ocl-H36M
the occluding object. These are blended spatially to form: Quantitative Results: In Table 1, we report the performance

2 =mOZ+(1-m)®z, (15)

where m is resized to match the latent resolution (H’,WW'), and
© denotes element-wise multiplication.

The object-conditioned latent Zz; is computed using
classifier-free guidance [58]:

Zr=¢€g(21,t,7(0))+w-[eg(24,t,7(0)) —€p(2:,t,2)],  (16)

where €y is the noise prediction network, 7(0) is the object
prompt, & denotes an empty prompt, and w is the guidance
weight controlling insertion strength. After denoising to obtain
2, the final occluded image is generated via decoding:

7 =D(%), (17)
where D is the decoder of the diffusion model. This results in
an image & in which the occluding object described by 7(0)
is realistically synthesized in regions defined by m, while
preserving the context of the original image.

Our proposed pipeline facilitates the generation of
BOW comprising high-quality occluded image variants derived
from occlusion-free datasets, covering indoor and outdoor
scenarios. By ensuring semantic consistency and photorealistic
rendering, the resulting benchmark serves as a rigorous and
controlled testbed for assessing the occlusion robustness of
human pose estimation models, while also being able to use
corresponding occlusion-free ground-truth annotations for
quantitative evaluations.

5. Experiments

In this section, we showcase VisOR’s capability to estimate
human poses under occlusions across various unlabeled target
datasets. Further implementation and dataset details, along
with additional experiments and results, are provided in the
supplementary material.

of VisOR on the Surreal - BOW benchmark. This bench-
mark captures a diverse range of scenes that span both indoor
and outdoor environments, VisOR outperforms all existing
algorithms [1, 2, 22] by approximately 5%, demonstrating
its strong generalization and effectiveness. Table 2 presents
the results on the Surreal — 3DOHS5S0K benchmark, where
the target domain features naturally occurring occlusions
in real-world settings. These occlusions are diverse and
unstructured, arising from interactions between humans and
objects in cluttered backgrounds. In this challenging scenario,
VisOR achieves a significant performance gain (~ 7%) over
existing algorithms. This result underscores the strength of
VisOR in handling complex, real-world occlusions without
supervised data in the target domain. Finally, we examine the
performance of Surreal — Ocl-LSP and Surreal — Ocl-H36M,
shown in Tables 3 and 4, respectively. These benchmarks
introduce synthetic occlusions into the respective datasets,
simulating challenging visibility conditions. Across both
settings, VisOR maintains consistent improvements over
baselines [1, 2, 22], demonstrating its robustness to occlusions.

Qualitative Results: We present qualitative results for all
benchmarks, Surreal — BOW, Surreal — 3DOHS0K, Surreal —
Ocl-LSP, and Surreal — Ocl-H36M, in Figure 4. As illustrated,
the best-performing existing method, UniFrame [1], struggles
to estimate accurate human poses when occlusions are present
in unlabeled target images. It often produces anatomically
implausible predictions, such as the misplacement of the left
ankle on the right side and occlusions that further exacerbate
these errors. In contrast, VisOR consistently generates
accurate and coherent poses across all benchmarks, highlighting
its robustness and effectiveness in addressing occlusions within
the unsupervised domain adaptation setting.

Ablation Study: In Table 5, we present an ablation study that
analyzes the contribution of each component of our proposed
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UniFrame

Source Only

3DOHS50K

Ocl-LSP

Ocl-H36M

Source Only UniFrame

Figure 4. Qualitative Results for Surreal -BOW, 3DOHS0K, Ocl-LSP and Ocl-H36M. Note that the best-performing baseline algorithm,
UniFrame [1], performs poorly under occlusions, whereas VisOR generates accurate human poses.

L2 Lopreq Lant Lois  Avg PCK@0.05
X X X X 571
ooV X X 75
v v X 742
A A 76.9

Table 5. Ablation study for VisOR in Surreal — 3DOHS50K.
method on the — 3DOHS0K benchmark. We first observe that
applying prediction-space consistency on the unlabeled target
domain, combined with occlusion augmentations on the labeled
source data (Eqn. 3 and Eqn. 4), enables VisOR to surpass

the state-of-the-art UniFrame algorithm by approximately 3%.

Adding regularization using a human pose prior (Eqn. 8) further
boosts the performance to around 5%. Finally, introducing
visibility-guided curriculum learning (Eqn. 10) leads to a
total improvement of 7% over UniFrame, establishing new
state-of-the-art results for unlabeled, occluded target domains.
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6. Conclusion

We introduce VisOR, a self-supervised framework for robust
human pose estimation under occlusions and domain shifts.
Combining iterative pseudo-label refinement, a visibility-guided
curriculum, and a learned pose prior, VisOR mitigates occlu-
sion in unlabeled target data and outperforms existing methods
on challenging occluded-pose benchmarks. We also propose
BOW, a synthetic yet realistic benchmark for evaluating occlu-
sion robustness in diverse indoor and outdoor environments.
Across extensive experiments, VisOR consistently surpasses
prior methods, setting a new state-of-the-art benchmark for
self-supervised human pose estimation under occlusions.

Acknowledgments. This work was partially supported by NSF
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