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Abstract—The semantic understanding of occlusion relation-
ships is essential for applications such as autonomous driving,
robot navigation, and object grasping, yet existing scene un-
derstanding methods often lack this capability. Recognizing this
limitation, this paper proposes a unified framework of occlu-
sion reasoning and de-occlusion for open scene understanding.
This framework consists of three modules: 1) Visible-region-
based scene understanding: the framework leverages RAM-
BLIP-Grounded-SAM to automatically generate segmentation
masks and semantic information for the visible regions of
objects. 2) Occlusion reasoning: an improved partial completion
network (PCNet) with an occlusion completion prior module
is proposed to ensure robust zero-shot generalization in open
scenes through a self-supervised manner, and achieves occlusion
ordering with semantic information. 3) Automatic de-occlusion:
analyzing occlusion ordering results, the framework enables
automatically amodal segmentation and completion based on
pix2gestalt, eliminating the need for manual prompts. The results
on COCOA dataset show that improved PCNet achieves an
occlusion ordering accuracy of 91.534%, representing a 4.357 %
improvement. Moreover, the unified framework for occlusion rea-
soning and de-occlusion demonstrates outstanding performance
in open scenes.

Index Terms—OQOcclusion Reasoning, Open Scene Understand-
ing, Amodal Segmentation and Completion.

I. INTRODUCTION

Scene understanding is a fundamental aspect of visual tasks
and a cornerstone of machine perception [1]. It encompasses
various tasks, including object classification, detection, track-
ing, scene parsing, depth estimation, semantic segmentation,
instance segmentation [2]. While recent advancements in vi-
sion technologies have significantly improved scene under-
standing, they primarily focus on the visible regions of objects.
This limitation results in incomplete scene understanding due
to the lack of processing for invisible regions [3]-[5]. Achiev-
ing comprehensive scene understanding requires not only
analyzing statistical information, such as object categories and
counts, but also grasping the relationships between objects [6].
These relationships often involve occlusion, which can enrich
the modal information and improve its overall completeness.

Perceiving and understanding such occlusion relationships
pose significant challenges for machines. Achieving complete
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scene understanding requires determining the occlusion or-
dering, identifying the positions of occluded regions, and
reconstructing occluded pixels. These tasks correspond to
three key objectives: occlusion ordering reasoning, which
involves reasoning the occlusion ordering between objects;
amodal instance segmentation, which focuses on completing
the masks of occluded objects; and amodal completion, which
reconstructs the invisible region pixels of occluded objects [7].
Current occlusion reasoning primarily relies on reasoning
from visible pixels, which necessitates accurate visible masks
of both the occludees and occluders, as well as complete masks
of the occludees for supervised learning [8]. These complete
masks are typically either manually annotated or automatically
synthesized, often resulting in certain differences. Moreover,
accurate visible masks are usually provided artificially and are
limited to specific constrained scenes. Models trained under
such data tend to fail when applied to open scenes [9].
Through self-supervised learning, the partial completion
network (PCNet) simulates the de-occlusion process, reducing
reliance on the complete masks of occludees [10]. With its u-
nique self-supervised and process-learning architecture, PCNet
consistently generates partially completed masks of occludees
in open scenes with high positional accuracy [11]. In addition,
it outperforms other models in occlusion ordering reason-
ing leveraging the incremental information from occlusion-
completed masks, without relying on the complete masks
of occludees. Despite these advantages, PCNet encounters
both over-completion and under-completion problems, and
its focus on modeling only the visible regions inherently
constrains its generative capacity [12]. Moreover, PCNet lacks
semantic information in occlusion ordering, limiting its ability
to achieve semantic understanding of occlusion relationships.
For amodal segmentation and completion, the methods
based on diffusion models exhibit strong ability to generate
realistic images, implicitly learn internal representations of
objects, and reconstruct complete objects with reasonable
shapes, geometry, and pixel details [12]-[14]. Recent studies
have introduced different diffusion models to de-occlusion
tasks by enhancing pre-trained large-scale diffusion models.
For instance, pix2gestalt proposed a conditional diffusion
model [13], progressive occlusion-aware amodal completion
pipeline proposed the mixed context diffusion model [14].
These methods achieve rich amodal completions with accurate



masks, effectively generalize to diverse zero-shot settings, and
outperform state-of-the-art methods. However, these genera-
tive methods typically lack occlusion reasoning and rely on
manual prompts for occluded objects, resulting in limited
autonomy and reduced applicability in automated pipelines.

To sum up, current approaches for occlusion reasoning
and de-occlusion tasks rely on pre-prepared and accurate
masks of the visible regions of occludees, and lack integration
with scene semantics. These issues hinder the realization of
automatic occlusion reasoning and de-occlusion for online
scene semantic understanding. In addition, the occlusion rea-
soning models struggle to maintain accuracy in open scene. To
address these limitations, the main contributions of this paper
are summarized as follows:

___________ BLIP Cap: arafed dog sitting on a bench in a field
RAM Tags: dog, bench  G-DINO: 1 bench, 1 dog

Grounded

" Scene Understanding

5 F !
/t'
11_dog(0.70)
Occluded

Object

Improved
PCNet

pixgestal

Object De-occlusion

Occlusion Reasoning

Fig. 1: Unified framework of occlusion reasoning and de-
occlusion for open scene understanding.

« We propose a unified framework of occlusion reasoning
and de-occlusion for open scene understanding, as illus-
trated in Fig. 1. It integrates RAM, BLIP, and Grounded
SAM to extract visible masks and semantic informa-
tion, uses improved PCNet to reason occlusion ordering
with semantic information, and integrates pix2gestalt to
achieve object de-occlusion.

o To tackle the decline in model performance when rea-
soning occlusion ordering in open scenes, this paper
proposes an improved PCNet by incorporating occlusion
completion feature derived from stable diffusion. The im-
proved model retains the generalization capabilities of the
self-supervised framework, while significantly boosting
occlusion reasoning performance in open scenes.

o To eliminate the reliance on manual prompts for oc-
cludees and enhance semantic interaction, our framework
identifies occludees by analyzing the occlusion ordering
aligned with semantic labels, and integrates pix2gestalt
to enable end-to-end object de-occlusion in open scenes.

II. RELATED WORK

A. Open Scene Understanding

Scene understanding has become a critical component of
advanced robotic systems, particularly in applications like au-
tonomous driving, robotic navigation and grasping. Recently,

various approaches to scene understanding have been rapidly
developed and improved [15]. Various universal models have
emerged, such as recognize anything model (RAM) for object
recognition [16], grounding DINO for object detection [17],
segment anything model (SAM) for instance segmentation
[18], bootstrapping language-image pre-training model (BLIP)
for vision-language understanding [19]. However, these meth-
ods focus on object itself understanding and do not reason the
relationship between objects [20].

The understanding of object relationships primarily focuses
on the attribute and action relationships between objects, such
as semantic reasoning for attribution [21], [22], and causal
reasoning for action [23]. However, these methods operate on
visible regions of objects and do not provide understanding
of occlusion relationship and the occluded regions. Currently,
researches on occlusion are mainly concerned with the amodal
segmentation and completion of occluded objects [24]. While
these methods address occlusion, they lack a occlusion re-
lationships understanding with the semantic information and
exhibit distinct characteristics. The following subsections will
provide an introduction to these de-occlusion methods, focus-
ing on their unique characteristics and learning approaches.

B. Supervised De-occlusion Methods

De-occlusion methods with supervised learning are trained
with ground truth in a fully supervised manner [25], [26]. The
ground truth is typically derived from either synthetic images
with complete object masks [27] or real-world images with
manually annotated amodal masks [28], both of which have
inherent limitations. Synthetic images introduce a domain gap
between the test data (real-world) and the training data (syn-
thetic). Meanwhile, manual annotations of real-world images
rely on subjective inferences and conjectures by individual
annotators to delineate the occluded object boundaries [29].

Supervised de-occlusion methods are inherently restricted
by the distribution of training dataset, which confines them to
the object categories and scene types present in dataset [30].
As a result, they exhibit limited generalization to open scenes.
Additionally, these methods are heavily influenced by the
accuracy of manual annotations [31]. Without precise annota-
tions of amodal masks and occlusion ordering as ground truth,
supervised de-occlusion methods are unsuitable for occlusion
reasoning and amodal segmentation [32]. These limitations are
even more pronounced for amodal completion, as the occluded
pixels cannot be manually annotated [33]. Consequently, the
supervised methods primarily applied to amodal segmentation.

C. Self-supervised De-occlusion Methods

To address the above limitations, the self-supervised de-
occlusion methods enable the model to learn the de-occlusion
process from the occluded object itself [34]. For example, PC-
Net employs progressive partial de-occlusion, decomposes the
scene into intact and isolated objects and partially completes
the objects. This is achieved by intentionally erasing a part
of the occluded object and training the model to recover the



unerased object [11]. By using the unerased objects as pseudo-
labels, PCNet eliminats the need for annotation of amodal
masks, and facilitates the occlusion reasoning [11]. Building
on this, ASBU introduced boundary uncertainty estimation to
address the problem of difficulty in determining the boundary
of occlusion completion [10].

PCNet is effective in amodal segmentation and completion
on out-of-distribution data, but struggles with over-completion
issues for occluded objects, limiting its performance in amodal
segmentation and completion tasks in open scenes [12].
Furthermore, this method relies solely on visible pixels to
complete the occluded regions, restricting its generation ca-
pability and effectiveness in amodal completion. Therefore,
self-supervised de-occlusion methods can work well for open
scenes and excel in reasoning about occlusion ordering, ori-
entation and position. However, they are limited by weak
generation capability, which result in poor amodal completion
performance in open scenes.

D. Diffusion-based De-occlusion Methods

To address the limitations in generation capability and
generalization, pre-trained large-scale diffusion models have
been integrated into de-occlusion methods [35]. For instance,
pix2gestalt introduces a conditional diffusion model built upon
a latent diffusion framework, incorporating diffusion repre-
sentation and category grouping prior to de-occlude occluded
objects. This approach delivers detailed image completions
with precise masks and demonstrates strong generalization to
zero-shot settings [13]. Similarly, a mixed context diffusion
model based on stable diffusion has been proposed for progres-
sive occlusion-aware completion. By progressively expanding
the contextual conditions, the model can infer the complete
object shape from the visible region step by step, avoiding the
instability caused by generating it all at once [14].

Diffusion-based de-occlusion methods demonstrate strong
generation capability, enabling amodal completion that pro-
duces more natural and realistic pixel reconstructions in open
scenes. However, these methods do not explicitly encode
object boundaries relative to the background, face issues with
occlusion relationship reasoning [36]. For instance, pix2gestalt
assumes that objects closer to the camera are intact [13]; while
the mixed context diffusion model requires depth information
based on the visible mask boundaries to identify the occluded
object [14]. Additionally, these methods reconstruct occluded
pixels by sampling from visible pixels, but fail to fully
exploit the visible pixels, often resulting in result in amodal
completions that are misaligned with the context of scene.

III. METHODS

The automatic occlusion reasoning and de-occlusion frame-
work proposed in this paper mainly includes: semantic per-
ception and segmentation of visible regions for scene under-
standing, reasoning occlusion ordering for occlusion relation-
ship, and amodal segmentation and completion for object de-
occlusion. Therefore, this section provides a detailed introduc-
tion to the three modules.

A. Visible-Region-Based Scene Understanding

To achieve scene understanding and automatic extraction of
the visible mask and semantic information for the objects, we
combine Grounded SAM with the vision-language models to
obtain more comprehensive semantic labels and visible mask.
Among them, RAM is an image tagging model that excels
at accurately recognize common objects, while Tag2Text is a
strong model for producing image captions and tags. RAM
provides more comprehensive object categories compared to
Tag2Text [37]. Therefore, we adopt RAM and integrate it with
Grounded SAM to extract object semantic information and
segmentation masks for the visible regions of objects.

there are two computers and a printer on a desk in a room
2 computer monitor desktop monitor, 1 office room
2 printer, 2 speaker, 2 computer desk table office desk
1 computer desktop computer, 1 carpet floor, 1 laptop
1 window, 2 curtain, 1 chair office chair swivel chair

Fig. 2: The scene understanding results of the RAM-BLIP-
Grounded-SAM for the visible regions of objects.

To achieve a better understanding of the scene and generate
more natural and comprehensive captions, we use BLIP to
generate captions, as it is an efficient vision-language model
for generating scene descriptions and can produce more fluent
and descriptive captions compared to other models [37]. Ad-
ditionally, we incorporate object statistics into the captions, as
shown in Fig. 2. The first line above the image presents the
scene description, and the subsequent four lines enumerate the
object labels and their associated statistics. Fig. 2 includes
a wide range of object categories, and the detection and
segmentation instances are comprehensive, particularly for the
objects such as houses and the basin in the lower left corner.

B. Occlusion Reasoning with Improved PCNet

1) Improved PCNet: In order to achieve automatic occlu-
sion reasoning, we perform occlusion ordering reasoning based
on PCNet framework [11]. PCNet simulates the occlusion pro-
cess, takes a step back by further trimming down visible mask
M randomly to obtain M_; s.t. M_; C M, and then trains
model py via M_y 2% M. Specifically, the method employs
two strategies, as shown in Fig. 3. The partial completion
strategy guides PCNet to recover the regions of object A that
are occluded by object B, promoting accurate reconstruction
of the erasing regions. Object A and B are sampled from the
dataset D. The over-completion strategy prevents PCNet from
extending object A beyond its authentic geometry, effectively
suppressing hallucinated or unnecessary completions. Because



PCNet learns amodal segmentation and completion exclusively
from the visible (modal) region of the occluded object, it is
inherently unable to model the invisible regions or acquire
completion features necessary for de-occlusion.
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Fig. 3: Network structure of improved PCNet. The object A is
provided as input, while object B is randomly sampled from
the dataset and positioned arbitrarily. The training alternates
between two strategies: (1) Partial completion strategy: en-
couraging PCNet to complete the regions of object A erased
by object B. (2) Over-completion strategy: preventing PCNet
from over-completing object A beyond its actual structure.

To enhance the reconstruction of occlusion features in the
invisible regions of occluded objects, we leverage stable diffu-
sion to capture and generate the intrinsic feature representation
of the invisible regions about occluded objects and integrate
it into the decoder of PCNet, as illustrated in Fig. 3. The
features extracted from stable diffusion provide holistic shape
semantics and category-agnostic priors, which guide PCNet
to distinguish occlusion-induced missing regions from non-
existent regions, thereby stabilizing completion increment esti-
mation. Stable diffusion has a strong object prior, this approach
enhances the model’s ability to learn object prior distribution
from the visible regions, thereby improving stability and
convergence of occlusion ordering reasoning in open scenes.

Unlike point-wise concatenation, multi-level features from
stable diffusion are progressively injected into the PCNet
decoder in a coarse-to-fine manner, providing hierarchical
semantic priors. First, four independent 1 x 1 convolutions
project these features into a unified embedding space, yield-
ing learnable multi-granularity semantic representations while
suppressing task-irrelevant components. Second, the projected
features are aligned via bilinear interpolation to ensure spatial
consistency, thereby avoiding misalignment issues caused by
implicit resizing operations. Finally, at each upsampling stage
of PCNet decoder, the aligned features are concatenated with
the skip-connection features from PCNet encoder to enable hi-
erarchical correspondence, followed by two 3 x 3 convolutions
for feature interaction and re-encoding, thereby enhancing
local structural representations and reconstruction capability.

The partial completion loss L.+ is defined as:
£part = A7 Z L (Mparta MA)

A,BED (D

Mpare = Py (Ma\p, S(Ma\p); Mp, I\Mg)

where Py(x) is the improved PCNet model with learnable
parameters 6, and L is the binary cross-entropy loss, N is
the number of training pairs, M., is the predicted mask
of object A under the partial completion strategy. M4 and
Mp are the modal masks of objects A and B, respectively.
M 4\ p denotes the remaining region of object A after being
partially erased by object B. I denotes the input image, [\ Mp
represents the image where the pixels within the region of
mask Mp are removed. S(x) is the occlusion completion
feature extracted from a stable diffusion model, and S(M 4\ )
represents the occlusion completion feature within the region
defined by M\ .
The over-completion loss L., is defined as:

1
[:over = N Z L (Mm)er;MA)
A,BED 2

Moyer = Py (Ma, S(Ma); Mp\a, I\Mp\ 4)

where M., denotes the predicted mask of object A under the
over-completion strategy, S(M4) is the occlusion completion
feature of the region defined by Ma, Mp\ 4 denotes the
remaining region of object B after being partially erased by
object A, and I\ Mp\ 4 represents the image where the pixels
within the region of mask Mp\ 4 are removed.

The final loss function is formulated as:

E == )\Cpart + (1 - )\)ﬁover (3)

where A ~ Bernoulli(v), and - is the probability of selecting
the partial completion strategy, which is set to 0.8 following
PCNet. The random switching between the two strategies en-
ables the network to learn the occlusion relationships between
neighboring instances based on their shapes and boundaries,
thereby determining whether completion is required.

2) Semantic-aware Occlusion Reasoning: The occlusion
ordering is determined by computing the increment in mutual
completion for all pairs of neighboring objects. Specifically,
for each pair, we compare the completion-induced mask incre-
ments: the object with the larger increment is identified as the
occludee, while the one with the smaller increment is treated
as the occluder. However, in complex open scenes, the visible
mask of an object is often fragmented into multiple disjoint
regions rather than forming a single contiguous area. This
fragmentation makes it difficult to reliably determine object
adjacency. To address this issue, take the largest connected
region among the object’s multiple disjoint mask components
as the representative region for determining whether two
objects are adjacent. This strategy improves both the accuracy
and the robustness of occlusion reasoning in open scenes.

To achieve an semantic understanding of occlusion rela-
tionship, we enhance the occlusion ordering with semantic
labels and occlusion ratio. First, the semantic labels and



segmentation masks obtained from Grounded SAM are aligned
with the objects in occlusion ordering. Second, as shown in
Fig. 4, object labels and occlusion ratios are integrated into the
occlusion ordering directed acyclic graph, with segmentation
instance colors used to distinguish different instances. For each
pair of neighboring objects, the occlusion ratio is defined as:

|Ma|
‘MA| + |Mvi3|

where |Ma| and | M,;s| denote the set of pixels in predicted
occlusion region (increment) and visible region of the object,
respectively. Finally, a comprehensive analysis for occlusion
completion is conducted based on the number and propor-
tion of occluded objects within the directed acyclic graph.
The graph of occlusion ordering is constructed based on all
pairwise occlusion relationships between neighboring objects.

R= (4)
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Fig. 4: Occlusion ordering results with semantics information.
(a) Occlusion ordering results without incorporating semantic
information. (b) Occlusion ordering results with semantic
information and occlusion ratios.

The occlusion ordering with semantic information is visu-
alized as a directed acyclic graph. As shown in Fig. 4, the
nodes represent the objects and are labeled with their semantic
information. The first number denotes the object serial number,
used to distinguish different objects, while the middle text
indicates the object category. The number in brackets repre-
sents the probability of the object belonging to that category.
Additionally, the arrow indicate the occlusion direction of
neighboring objects, with the number in the middle of the
arrow showing the proportion of occluded regions.

C. Automatic Object De-occlusion

Since current object de-occlusion methods require the vis-
ible mask of the occluded object or manual point prompts,
they cannot automatically select occluded objects and perform
semantic interaction. We can achieve the perception and se-
mantic interaction of selecting occluded objects by analyzing
occlusion ordering with semantic information, eliminating
the reliance on visible mask or manual prompts to achieve
automatic amodal segmentation and completion for object
de-occlusion. In detail, the strategy of selecting occluded
objects is performed by analyzing the number of occluders

that occluding the occluded object and the estimated occlusion
ratio. In order to achieve automatic amodal segmentation
and completion for the occluded objects, we perform the
amodal segmentation and completion based on pix2gestalt
model without any fine-tuning. The pix2gestalt delivers de-
tailed amodal completion with precise masks and demonstrates
strong generalization to zero-shot settings [13]. In addition, its
incorporating diffusion representation and category grouping
prior to complete occluded objects, and can achieve realistic
object de-occlusion effects in open scenes.

IV. EXPERIMENT
A. Experiment Setup

To evaluate the effectiveness of improved PCNet, we con-
duct experiments on the COCOA dataset [38], a subset of
COCO2014 specifically designed for object de-occlusion. CO-
COA provides annotation for pair-wise occlusion ordering,
visible (modal), and complete (amodal) masks. The dataset
contains 2,140 categories grouped into two super-classes:
things (e.g., human, cat, dog, etc.) and stuff (e.g., sea, grass,
sky, etc.). It includes 2,500 training images with 22,163 anno-
tated instances, 1,323 validation images with 12,753 instances,
and 1,250 test images. Scenes in COCOA are typically densely
populated, with frequent and complex inter-object occlusions.

To assess the generalizability and effectiveness of the unified
framework in open scene understanding, we further evaluate
the unified framework on publicly available dataset PDD [39].
PDD is a real-world post-disaster image dataset collected in
ruin environments, containing images of fire-fighters, disaster
victims, rescue personnel, buildings, debris, vehicles, and
other relevant objects. The scenes in PDD exhibit diverse
occlusion phenomena, ranging from single-object occlusion
to complex multi-object interactions. Typical occlusion cases
include mutual occlusion among people and occlusions caused
by collapsed structures or building debris.

Model training is performed on a server with an Intel Xeon
Silver 4210R CPU@2.40GHz, two NVIDIA RTX A40 GPUs.
The input image resolution on COCOA is set to 512x512. The
model is trained for 56,000 iterations using the SGD optimizer
with an initial learning rate of 0.001, a momentum of 0.9, and a
weight decay of 0.0001. These parameters used are consistent
with those in [11]. We extract four levels of features from
the upsampling blocks of the stable diffusion models, with
dimensions of 1280, 1280, 640, and 320, respectively. Feature
extraction from the stable diffusion model is performed at a
fixed diffusion timestep of 181. The effectiveness of occlusion
ordering reasoning is quantified using the ordering reasoning
accuracy over all instance pairs (Accqiipasr) and over occluded
instance pairs (Accoccpair), following the metrics in [11].

B. Occlusion Ordering Results

Table I presents the occlusion ordering results on the CO-
COA validation set. The original PCNet attains approximately
95% Accqiipair and 85% AccCoccpair, achieving its best perfor-
mance at 56,000 iterations, where Accqiipqir reaches 95.811%
and Accocepair Teaches 86.189%. In contrast, the improved



PCNet consistently outperforms the baseline, yielding around
96% accuracy for all instance pairs and approximately 89%
for occluded pairs. At 56,000 iterations, it achieves 96.725%
Accaiipair and 90.193% Accocepair, representing improve-
ments of 0.914% and 4.004%, respectively. Moreover, the
improved PCNet achieves optimal results at 40,000 iterations,
achieving 96.728% Accqiipair and 90.209% Accoccpair-

TABLE I: Occlusion ordering results on COCOA validation
set.

Model PCNet Improved PCNet
Iterations Accallpair Accoccpair ACCallpai'r Accoccpair
10,000 94.643% 80.892% 96.386% 88.65%
20,000 95.756% 85.907% 96.375% 88.603%
30,000 95.686% 85.673% 95.699% 84.453%
40,000 95.749% 85.907% 96.728 % 90.209 %
50,000 95.746% 85.876% 96.687% 89.964%
56,000 95.811% 86.189 % 96.725% 90.193%

Table II presents the occlusion ordering results on the
COCOA test set. PCNet yields roughly 96% Accqipqir and
87% Accocepair, achieving its best results at 56,000 iterations
(96.890% and 87.177%) The improved PCNet consistently
outperforms the baseline, achieving around 97% accuracy
for all pairs and about 91% for occluded pairs. At 56,000
iterations, the improved PCNet obtains 97.756% Accaiipair
and 91.256% Accocepair- Its best results is achieved at 40,000
iterations, with 97.787% Accalipair and 91.422% Accocepair-

TABLE II: Occlusion ordering results on COCOA test set.

Model PCNet Improved PCNet
Iterations Accallpair Accoccpair ACCallpai’r Accocepair
10,000 95.934% 82.582% 97.361% 89.347%
20,000 96.82% 86.869% 97.414% 89.584%
30,000 96.842% 87.023% 96.716% 85.072%
40,000 96.846% 86.952% 97.787 % 91.422%
50,000 96.875% 87.076% 97.734% 91.149%
56,000 96.890 % 87.177 % 97.756% 91.256%

The results in Tables I and II show that the the improved
PCNet yields an accuracy gain of roughly 1% for all instance
pairs and about 4% for occluded pairs, with these improve-
ments remaining stable across training iterations. Beyond high-
er accuracy, the improved PCNet exhibits faster convergence,
approaching optimal performance at 10,000 iterations and
reaching it at 40,000 iterations. In contrast, the original PCNet
approaches its optimum at 20,000 iterations and converges
fully only at 56,000 iterations.

Table III shows the occlusion ordering results on the
COCOA dataset across different methods for occluded pairs
(Accocepair)- The “evaluated” refers to results obtained using
the officially released checkpoints, “reproduced” indicates re-
sults obtained by re-training the models with the official code,
“reported” corresponds to the results stated in the original pa-
pers. The improved PCNet achieves 90.193% on the validation
set and 91.256% on the test set at 56,000 iterations. Its best
results is observed at 42,000 iterations, achieving 90.360%
and 91.534% on the validation and test sets, respectively.
These results exceed those of ASBU (90.33% and 90.77%

TABLE III: Comparison of occlusion ordering results with
state-of-the-art methods on the COCOA dataset.

Learning . COCOA
Paradigm Models Validation Test
PCNet(evaluated from [11]) 87.112% 88.286%
PCNet(reproduced by our) 86.189% 87.177%
Self- PCNet(reproduced by [10]) 85.75% 86.73%
supervised ASBU(reported by [10]) 90.33% 90.77 %
’ ; ASBU(reproduced by [40]) 88.00% —
Improved PCNet(ours 56,000) 90.193 % 91.256 %
Improved PCNet(ours best) 90.360 % 91.534%
CSDNet(reported by [7]) 84.7% —
Supervised ~ OrderNet™ +/ (reported by [38] 88.3% —
HORI(reported by [40]) 90.90 % —

on validation and test sets), and the best validation accuracy
of 90.360% is comparable to that of the supervised method
HORI (90.90%). As shown in Table III, the improved PCNet
consistently outperforms the original PCNet on both validation
and test sets, with more substantial gains observed on test sets.

C. Occlusion Reasoning in Open Scene

To demonstrate the model’s cross-domain transferability of
occlusion reasoning in open scene understanding, we analyze
its semantically enriched occlusion ordering results on real
post-disaster images from PDD, despite the model never being
trained on this dataset. Fig. 5 illustrates the occlusion order-
ing effect of PCNet and improved PCNet models. Fig. 5(a)
presents the visible-region scene understanding effect for a rel-
atively complex scene, and Fig. 5(b) shows the corresponding
instance segmentation masks. Fig. 5(c) and 5(d) display the
occlusion ordering effect with semantic information produced
by PCNet and the improved PCNet, respectively. The arrow
direction denotes the occlusion relationship, with each arrow
annotated by the estimated occlusion ratio. The two nodes
connected by an arrow represent the occluder and occludee.
Node colors are aligned with the instance colors in Fig.
5(b), and each node additionally includes semantic labels and
detection confidence scores, while numerical identifiers placed
at the beginning of each node label are used to differentiate
instances with the same object category.

From the perspective of occlusion ordering accuracy, the
improved PCNet yields more reliable reasoning results than
the original PCNet, as shown in Fig. 5(c) and 5(d). The
differences between the two models can be observed in sev-
eral occlusion relationships: the “9_person woman(0.34)” is
occluded by the “8_person(0.36)” in the center of the image,
the “18_pillar(0.25)” is occluded by the “16_blanket(0.25)”
in the upper-left region of the image, the “4_floor(0.48)” is
occluded by “10_bird(0.32)”, the “4_floor(0.48)” is occluded
“15_bird(0.26)” in the lower part of the image. The im-
proved PCNet correctly reasoned these occlusion relationship,
whereas PCNet produces incorrect occlusion relationships.
Based on the above analysis of the occlusion relationships
reasoning performance in complex open scenes, the PCNet
model achieved correct occlusion relationships in half of the
evaluated cases, while the improved PCNet achieved correct
occlusion relationships in all cases. These results demonstrate
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the visible mask of the occluded object, Fig. 6(e) shows the
amodal (complete) mask of the occluded object, and Fig.
6(f) displays the amodal completion results with reconstructed
pixels. The framework can accurately detect occluded areas,
such as the dog’s tail (red box), and effectively recover the
occluded region of the dog’s tail, achieving accurate mask
completion and pixel reconstruction with different tail states.
In addition, other unoccluded regions remain unaffected, so the
framework exhibit good de-occlusion performance. However,
the visible regions in the amodal completion result appear
blurred (yellow box), and this issue is particularly evident in
the facial features of the person highlighted in Fig. 7(c). This is
because pix2gestalt performs object de-occlusion by sampling
the visible region and directly generating the entire object,
without fully exploiting the detailed information contained in

(c) PCNet occlusion ordering (d) ImPCNet occlusion ordering

Fig. 5: Comparison of occlusion ordering effect with semantic
information between PCNet and improved PCNet.

that the improved PCNet provides more accurate and robust
occlusion reasoning for open scene understanding.

D. Object De-occlusion in Open Scene

(b) Understanding (d) Visible Mask

g,f £

(e) Amodal mask (f) Amodal completion

(c) Masks

(a) Input

Fig. 6: The effect of object de-occlusion in open scene.

To verify the effectiveness and generalization of the unified
framework for open scene understanding, we conduct an ob-
ject de-occlusion analysis on the real post-disaster images from
PDD, despite the fact that the model has never been trained
on the PDD dataset. Fig. 6 visualizes the object de-occlusion
pipeline and illustrates the effect of object de-occlusion. Fig.
6(b) shows the open scene understanding results produced
by RAM-BLIP-Grounded-SAM, while Fig. 6(c) shows the
instance segmentation masks, where the yellow debris mask
covered the dog’s mask. As highlighted by the red box in Fig.
6(c), the visible mask of an object in a complex environment
is discontinuous and composed of multiple disjoint regions.
In this case, our framework can also effectively perform oc-
clusion reasoning and object de-occlusion. Fig. 6(d) provides

the visible region.

(b) Masks (c) Amodal completion

(a) Understanding

Fig. 7: Amodal completion effect in person de-occlusion.

The proposed framework enables end-to-end occlusion rea-
soning and de-occlusion for open scene understanding, how-
ever, several limitations remain.

e Grounded SAM requires enhancements in the object
detection, instance segmentation performance, and gener-
alization capability in open scenes. For instance, in Fig.
7(b), the occluded person in the background is neither
detected nor segmented.

o The framework is heavily dependent on the detection
and segmentation models, necessitating accurate visible
masks for occlusion reasoning and de-occlusion.

o While the pix2gestalt amodal completion model, exhibits
strong generation capability and achieves remarkable de-
occlusion effect, it struggles in scenarios where the recon-
structed object morphology deviates from the scenes. For
example, the completed legs of the person highlighted by
the cyan box in Fig. 7(c) remain significantly misaligned
with the ideal state depicted in Fig. 7(a).

V. CONCLUSION

This paper proposes a novel framework of occlusion reason-
ing and de-occlusion for open scene semantic understanding,
incorporating an improved PCNet based on stable diffusion
for occlusion reasoning in open scenes. The improved PCNet
is evaluated on the COCOA dataset, achieving the highest
accuracy of 91.534% in a self-supervised manner and yielding
an approximate 4.357% improvement in occlusion ordering.
Furthermore, the effectiveness of our framework is validated



on the images from a proprietary real-world disaster-scene
dataset PDD. The framework effectively captures occlusion
semantics and delivers notable object de-occlusion effect in
open scenes. These advancements pave the way for applica-
tions in autonomous driving, augmented reality, and robotics
by enabling more reliable occlusion reasoning and object de-
occlusion, thereby enhancing scene understanding and inter-
action in dynamic and complex environments.
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