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Abstract

This paper studies amodal image segmentation: predict-
ing entire object segmentation masks including both visible
and invisible (occluded) parts. In previous work, the amodal
segmentation ground truth on real images is usually pre-
dicted by manual annotaton and thus is subjective. In con-
trast, we use 3D data to establish an automatic pipeline to
determine authentic ground truth amodal masks for partially
occluded objects in real images. This pipeline is used to con-
struct an amodal completion evaluation benchmark, MP3D-
Amodal, consisting of a variety of object categories and la-
bels. To better handle the amodal completion task in the wild,
we explore two architecture variants: a two-stage model that
first infers the occluder, followed by amodal mask comple-
tion; and a one-stage model that exploits the representation
power of Stable Diffusion for amodal segmentation across
many categories. Without bells and whistles, our method
achieves a new state-of-the-art performance on Amodal seg-
mentation datasets that cover a large variety of objects, in-
cluding COCOA and our new MP3D-Amodal dataset. The
dataset, model, and code are available at ht tps : //www.
robots.ox.ac.uk/~vgg/research/amodal/.

1. Introduction

The vision community has rapidly improved instance seg-
mentation performance over the last few years with a suc-
cession of powerful models, such as Mask-RCNN [13],
Mask2Former [5], and Seg-Anything (SAM) [23]. How-
ever, despite this remarkable progress, these models only
provide pixel-level modal segmentations for objects in the
images, i.e., the instance masks are for the visible pixels.
The models lack the human ability to infer the full extent of
the object in an image, when it is partially occluded. The
prediction of amodal masks, which covers the full extent
of the object, can assist several downstream tasks includ-
ing object detection [48], smart image editing [29, 47, 51],
3D reconstruction from a single image [17, 18, 34, 44, 55],
object permanence in video segmentation [14, 41, 46], pre-
dicting support relationships between objects [38, 54], and
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Figure 1. Amodal Ground Truth and Completion in the Wild.
Top: The task of amodal completion is to predict the amodal mask
A; for an object ‘4’ in the image specified by the modal mask M;
(here the object is the rear motorbike). Previous methods [31, 51]
require the mask of the occluder F; to be also provided to do the
task; but our goal is to predict the amodal mask when the occluder
mask is not provided and the occluded object is of any category.
Bottom: We propose a novel method for generating amodal masks
for real images: using 3D structure to produce ground truth modal
and amodal masks for object instances. The method is used to
generate a ground truth evaluation dataset for real images.
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Dataset Amodal GT Image Type # Categories # Images Type
COCOA [53] X Real Multiple 5,073 General
COCOA-cls [9] X Real 80 3,499 General
KINS [35] X Real 8 14,991 Vehicle
DYCE [8] v Synthetic 79 5,500 Indoor
OLMD [7] v Synthetic 40 13,000 Indoor
CSD [52] v Synthetic 40 11,434 Indoor
D2SA [9] v Synthetic 60 5,600 Industrial
KITTI-360-APS [30] X Real 17 61,168 Vehicle
BDD100K-APS [30] X Real 16 202 Vehicle
WALT [37] v Real 2 60,000 Vehicle
MUVA [27] v Synthetic 20 26,406 Shopping
MP3D-Amodal (Ours) v Real 427(40) 10,883 Indoor

Table 1. Comparison of Different Amodal Datasets. Amodal GT: whether the dataset provides ground truth amodal annotations or is
manually guessed. # represents the number of the following types. Our MP3D-Amodal dataset (Sec. 3) has 427 different semantic labels
mapped to 40 different MatterPort categories. Note, the WALT dataset consists of video frames from 12 camera viewpoints, mainly of

vehicles moving.

more generally for planning in manipulation and naviga-
tional tasks where reasoning on the full extent of the object
could lead to improvements [16, 20, 21, 42, 43].

Predicting amodal masks for objects in 2D images is
challenging: this is because real scenes contain a vast col-
lection of different types of objects, resulting in complex
occlusions when they are projected to 2D images from a 3D
physical world. To accurately complete the amodal shape
of partially occluded objects requires a prediction of occlu-
sion relations (in order to infer if and where the object is
partially occluded), as well as predicting the shape of the
occluded regions. This challenge is also reflected in the type
of amodal datasets available which are mostly synthetic —
for real images, amodal masks are almost always ‘imagined’
by human annotators providing the contour of the amodal
mask, and there is no dataset available to evaluate amodal
completions with authentic ground truth annotations for a
large variety of object categories (see Table 1).

In this paper, our first contribution is to provide a new
amodal benchmark evaluation dataset based on authentic
ground truth amodal segmentation for real images, and cov-
ering a large variety of objects. The new dataset is called
MP3D-Amodal, and the amodal mask is obtained by pro-
jecting the 3D structure of objects in the scene onto the
image (Figure 1 bottom). We build the dataset from Mat-
terPort3D [3] that has both 3D structure and real images
of indoor scenes. The dataset and generation method is
described in Sec. 3.

In most prior work, amodal completion algorithms re-
quired the occluder mask to be specified [31, 51] (Figure 1
top). Our second contribution is to propose two architecture
variants that do not require the occluder mask to be supplied:
OccAmodal, a two-stage model that first infers the occluder,
followed by amodal mask compeletion; and SDAmodal, a
one-stage model that uses the features of a pre-trained Stable
Diffusion network, benefiting from its strong outpainting

capabilities. These architectures are described in Sec. 4.
We achieve state-of-the-art amodal completion perfor-
mance on both the public COCOA [53] dataset, and on our
own MP3D-Amodal benchmark. In particular, the one-stage
model, SDAmodal, benefiting from the pre-trained Stable
Diffusion model, is able to generalize to another dataset with
objects from a different domain and different categories,
demonstrating class-agnostic completion. Taken together,
the handling of situations where occluder masks are not pro-
vided and the class-agnostic domain generalization, moves
amodal completions towards an ‘in the wild’ capability.

2. Related Work

Amodal Datasets. In the literature, there have been continu-
ous efforts on creating datasets for amodal segmentation, for
example, COCOA [9, 53] builds on COCO [28], KINS [35]
builds on KITTI [11]. However, the ground truth amodal
masks for both of these datasets are created based on the 2D
images, thus inevitably requiring human imagination for the
occluded regions. To improve the quality of ground truth
amodal mask, the DYCE [8], OLMD [7], CSD [52] and
MUVA [27] datasets were created by rendering the whole
scene and corresponding individual intact objects using syn-
thetic 3D models. WALT [37] collected objective amodal
masks via time-lapse imagery, but their objects are limited to
cars and humans. Table | provides a summary of the datasets
currently available. In contrast, we are the first to collect a
complex dataset that provides authentic amodal ground truth
for the occluded objects of a large variety of categories in
real scenes.

Amodal Instance Segmentation. Classical instance seg-
mentation methods [1, 4, 5, 13, 23, 32] mainly focus on
segmenting visible pixels, while amodal instance segmen-
tation [24] aims to detect the objects as a whole, i.e., both
visible and invisible parts. These methods are usually trained
on images [9, 10, 19, 25, 26, 30, 35, 39, 40, 45, 52] with
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Figure 2. Samples from the MP3D-Amodal Dataset. For each sample, the original image is shown together with the generated modal and

amodal masks.

manually annotated ground truth amodal masks in a fully-
supervised manner. However, these methods are trained
on datasets with limited number of object classes, e.g., 80
categories for COCOA-cls, and are class dependent.

Amodal Completion is conceptually similar to amodal in-
stance segmentation, except that here the visible mask for
the target object is already provided as input. Most existing
methods [31, 51] assume the occluder mask is provided and
cannot handle the situation where the object is occluded by
an unknown occluder, i.e., the occluder mask is not provided
or the occluder is difficult to define. The methods are trained
on COCOA, which covers a large variety of categories, and
are more class-agnostic than methods trained on COCOA-
cls. Another work [29] uses VAE [22] to model the task of
amodal completion, but can only handle limited categories
in driving scenes.

3. The MP3D-Amodal Dataset

In this section we describe the new amodal dataset MP3D-
Amodal, that is constructed from the MatterPort3D [3]
dataset. We first overview the contents of the dataset in
Sec. 3.1, and then describe our method of generating ground
truth amodal masks on real images from 3D data in Sec. 3.2.

3.1. An Overview of the Dataset

The dataset contains 12,724 annotated amodal ground truth
masks for over 10,883 real images. Since it is built from the
MatterPort dataset, we use the classifications inherited from
that dataset, where objects are described by their category
and semantic labels. Note that, categories are more coarse-
grained than semantic labels and one category may contain
several different semantic labels, e.g., the category ‘chair’

# MatterPort # Semantic

Split # Scenes | # Images | # Instances Categories Labels
Training 4 1,100 1,283 35 130
Evaluation 86 9,783 11,441 40 385
Total 90 10,883 12,724 40 427

Table 2. Statistics of the generated MP3D-Amodal dataset. Each
instance has a semantic label as annotated in the MatterPort3D
dataset, which is also mapped to a more general MatterPort category.
Across the training and evaluation splits, there are 88 semantic
labels in common, and 297 semantic labels in the evaluation split
but not in the training split.

contains semantic labels ‘dining chair’, ‘sofa chair’ and ‘arm-
chair’; and the category ‘appliances’ contains ‘refrigerator’,
‘oven’, and ‘washing machine’.

Table 2 gives the details for dataset splits. To have a better
and more comprehensive evaluation, we make the evaluation
split to have more scenes than the training split. Across the
training and evaluation splits, there are 88 semantic labels
in common, and 297 semantic labels in the evaluation split
but not in the training split. A small part of the collected
dataset is reserved for training, as this allows some domain
adaptation for an algorithm. The scenes of the training set
are disjoint from those of the evaluation set.

Samples from the dataset are displayed in Figure 2. The
dataset contains diverse range of objects, with some cate-
gories not in the ‘general’ COCOA dataset, e.g., the example
in the bottom left of Figure 2 is a novel category. More
examples of the dataset are in the ArXiv version of this
paper [50].

Figure 4 visualizes the distributions of the dataset in terms
of the number of instances for each MatterPort category,
and the number of instances for different occlusion ratios,
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Figure 3. Automated Generation of the MP3D-Amodal Ground Truth Dataset. The dataset is automatically generated from the
MatterPort3D [3] dataset, and provides ground truth modal and amodal masks for objects in real images. The generation process is illustrated
here for the chair and proceeds in two steps: first, modal and amodal masks in a particular image are obtained for each object by projecting
the object’s 3D mesh individually (for the amodal mask), and also by projecting the 3D mesh of all objects (for the modal mask). In this
example, the 3D mesh of the bed occludes the chair when projected into the image. In the second step, an object is selected for the dataset if
its amodal mask is larger than its modal mask by a threshold. In this case the chair is selected, but other objects such as the stool would not
be selected since it is not occluded by other objects in this viewpoint, and so their modal and amodal masks would be the same.
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Figure 4. Distributions of the MP3D-Amodal Dataset in terms
of the number of instances for each MatterPort category, and the
number of instances for different occlusion ratios.

where the occlusion ratio is the proportion of the the object
that is occluded (the difference between amodal and modal
masks, divided by the area of the amodal mask). It is evident
that there is a wide range of occlusion ratios, from slightly
occluded to severely occluded.

3.2. Generating Amodal Ground Truth from 3D

We exploit the MatterPort3D [3] dataset, that is equipped
with two essential elements: a 3D mesh for each object
instance in the scene, and real images (and associated cam-
eras) of the scene. In the following we detail the procedure
for automatically generating amodal and modal masks of
individual objects. The process is illustrated in Figure 3.

Modal Mask Generation. For a particular scene, we obtain
2D instance segmentations (a modal mask for each object)
by projecting all objects with their instance labels together
onto the image with the associated camera. If M; and O;
denote the modal mask and 3D mesh of the i-th object,
refers to the projection of 3D meshes to the camera space,
then the modal masks of the image are:

{My,My,...,.Mp,} =®(0,UO02U---UO,) (1)
Amodal Mask Generation. The amodal mask A; for each
object ¢ is simply obtained by projecting each object to the
camera separately:

{A;} =®(0;), Vie{l,2,3,...,n} )
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Figure 5. Two-Stage Architecture (OccAmodal) for Amodal Prediction. Left: A lightweight U-Net based architecture is used to predict
the occluder mask for each object. Right: The amodal predictor takes the predicted occluder mask, together with the modal mask and image

as input to predict the amodal segmentation mask.

Occluded Object Selection. Then partially occluded ob-
jects are identified and selected by comparing the modal and
amodal mask. If the amodal mask of the object is larger than
the modal mask, then there must be something occluding
the object, and that object’s modal and amodal masks are
candidates to be included in the dataset. Here we automati-
cally include objects with S(A4;) > 1.2 S(M;), i.e., the area
of its amodal mask is more than 1.2 times larger than its
modal mask. Take the chair in Figure 3 as an example, we
first generate its modal and amodal mask using Equations 1
and 2. Because the amodal mask of the chair is larger than its
modal mask (it is occluded by the bed), we select the chair
in the dataset. In this way, we have an automatic method to
collect ground truth amodal masks for occluded objects in
real images without any manual guessing.

Manual Selection. However, not all generated modal and
amodal masks are of very good quality as the 3D meshes in
MatterPort3D can be incomplete or noisy sometimes. We
thus apply a manual selection stage, where human annotators
inspect and select the pairs with good-quality modal and
amodal masks. Bad quality examples due to problems of
MatterPort3D are categorized (e.g., the modal mask does not
contain all visible parts of the object, or the amodal mask is
noisy / incomplete) and shown to the human annotators. The
manual selection is described in full detail in [50].

4. Architectures for Amodal Prediction

Given a single image Z € R *Wx3 and its corresponding

modal (visible) mask M; € RE>*W for the i-th object, our

goal is to predict the amodal (fu/l) mask for the object, A, €

RIXW Specifically, we explore two architecture variants:

* A two-stage architecture, as shown in Figure 5, consist-
ing of an occluder predictor to first estimate the oc-
cluder mask, followed by an amodal predictor to infer the
amodal mask, given the modal mask, estimated occluder,
and image.

* A one-stage architecture, as shown in Figure 6, that ex-
ploits the strong representation power of the pre-trained
stable diffusion model, and adapts it to infer the amodal
mask from the given image and modal mask.

4.1. Two-Stage Architecture — OccAmodal

Occluder Predictor. Occlusion in an image occurs when an
object hides a part of another object, referred to as occluder
and occludee respectively. For amodal completion, having
the occluder’s mask can largely simplify the task, as it pro-
vides information on which parts of one specified object
should be completed [31, 51]. In existing works [31, 51],
the occluder mask is often considered as a prior, and is di-
rectly fed into the model as input. One obvious limitation,
however, is that the occluder mask can be unavailable at
inference time. For example, in large-scale datasets, e.g.
COCO [28] or LVIS [12], not all objects in an image are
annotated, resulting in a failure of amodal completion in
existing works [31, 51], i.e., they cannot expand the modal
mask at all if the segmentation of occluder mask is not an-
notated and provided. Here, instead of relying on an a-prior
occluder mask, we consider a two-stage architecture, that
first infers the occluder mask from the given image and the
target object’s modal mask, and then generates an amodal
completion with the occluder mask as guidance. Specifically,
as shown in Figure 5 (left), the occluder predictor takes the
original image and the object’s modal mask as input, to the
ResNet and U-Net encoder respectively, and is then con-
catenated and upsampled to generate the prediction of the
occluder mask for the object, F; = W ocpy (Z, M;), where
F; € RTXW denotes the binary mask of occluder, that can
be completely empty (no occluder), or with the union of all
occluders.

Amodal Predictor. Given the mask of the predicted oc-
cluder, we compute the occlusion boundary (B;), between
the modal mask and occluder mask. We then feed the input
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Figure 6. One-Stage Architecture (SDAmodal) for Amodal Pre-
diction. The image is fed into a pre-trained Stable Diffusion model
to get multi-scale representations containing occlusion informa-
tion. The image and modal mask features are concatenated and
forwarded to multiple decoding layers for amodal prediction. The
Stable Diffusion model is frozen during training.

image, object’s modal mask, and occlusion boundary to an
amodal predictor, as shown in Figure 5 (right), similar to ex-
isting work [31]. In detail, both the input modal mask (M;)
and occlusion boundary (B;) are concatenated, and input to
a U-Net for encoding and decoding, with skip connections.
Additionally, we also encode the input image with a ResNet,
and inject it into the U-Net’s bottleneck layer, providing
visual conditioning for amodal completion. We denote the
procedure as : A; = Wavpy (Z, M;, Fi)

4.2. One-stage Architecture — SDAmodal

In recent literature, generative models based on diffusion
have demonstrated the ability to generate photorealistic im-
ages, with seemingly correct geometry, object semantics and
shapes. Here, we investigate the possibility of exploiting the
visual features in diffusion models for amodal completion —
after all, the task is mainly about understanding the shape of
certain objects. Specifically, as shown in Figure 6, we feed
the image into a pre-trained Stable Diffusion model, and add
noise onto the latent features after the VAE encoder. We
extract the multi-scale features from the decoding layers of
the U-Net at time step 181 following the investigation about
occlusion in [49]. Then we concatenate the Stable Diffusion
features with multi-scale features of the modal mask, and
forward them to multiple decoding layers to generate the
amodal mask prediction, the procedure can be denoted as :
Ai = Vispy(Z, M;).

4.3. Training

Training the first stage of OccAmodal requires ground truth
occluder masks, while training both the second stage of
OccAmodal and the SDAmodal requires the ground truth
amodal masks. Both COCOA and our MP3D-Amodal pro-
vide ground truth amodal masks while only COCOA pro-
vides ground truth occluder masks.

OccAmodal. For training of the occluder predictor, the

occlusion relationships annotated in COCOA [53] are used
to obtain the ground truth occluder mask, and then the pixel-
level prediction of occluder mask is trained via cross-entropy
loss. For training of the amodal predictor, the amodal mask
prediction is supervised by the ground truth amodal mask
(provided by COCOA or MP3D-Amodal) via an Uncertainty
Weighted Segmentation Loss as mentioned in [31].

SDAmodal. For training of the Stable Diffusion based ar-
chitecture, the amodal mask prediction is supervised by the
ground truth amodal mask (provided by COCOA or MP3D-
Amodal) via a cross-entropy loss.

5. Experiments

5.1. Experimental Details

Datasets and Implementation Details. We employ both
COCOA [53] and our collected MP3D-Amodal (Section 3)
for training and evaluating our models. To ensure a fair
comparison, we use the same training setting as in [31, 51],
which employs SGD with momentum, sets the learning rate
to be 1e—3, and trains the model for 56K iterations with a
batch size of 32. Models are trained on A6000 / A40 GPUs.
More training details are given in the [50].

Baselines. We compare with two existing amodal comple-
tion models [31, 51], of which [31] is the latest state-of-the-
art method for amodal completion. [51] has both one-stage
and two-stage architectures, which we denote as Deocclu-
sion (Single Stage) and Deocclusion (Two Stage). The de-
fault architecture in [51] is Deocclusion (Two Stage), while
Deocclusion (Single Stage) uses a ResNet to encode the in-
put image and concatenate it with the features in the U-Net
decoder (similar to Figure 5 left). Additionally, in [50], we
compare with recent amodal instance segmentation meth-
ods such as VRSP [45], A3D [25], AISformer [40], C2F-
Seg [10] and GIN [26].

Evaluation. Following [31, 51], we compute mIOU between
the ground truth and predicted amodal mask. Additionally,
mIOU-inv is also used, which refers to the mIOU for only
the occluded regions.

5.2. Ablation Study of Different Architectures

In Table 3, we ablate the importance of the occluder predic-
tor and the number of skip connections for the OccAmodal
architecture. As can be seen, the occluder mask is crucial for
amodal mask prediction. This is eveident from the results of
Setting A, achieving only 69.9 mIOU on COCOA. In com-
parison, when the predicted occluder mask is incorporated,
amodal completion can be boosted to 88.4 mIOU (Setting 1B)
on COCOA, and the performance is further boosted when
we include a skip connection for the final layer of the U-Net
(Setting C). In the architecture of [31] there are only 4 skip
connections and we are adding the fifth. In Table 4, we
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. . . . COCOA
ID  Occluder Predictor Final Skip Connection 00U mioUany™
A 69.9 0.006
B v 88.4 64.4
C v v 89.4 66.2

Table 3. Ablation Study of OccAmodal. Setting A is the setting
of ASBU [31]. All models are trained on COCOA.

Multi-Scale  Final Skip COCOA
D SD Backbone SD Feature Connection mIOU mIOU-inv
A 88.0 63.8
B v 89.4 69.2
C v v 89.6 69.8
D v 89.2 66.4
E v v 90.5 71.1
F v v v 90.7 71.6

Table 4. Ablation Study of SDAmodal. Setting A is Deocclu-
sion (Single Stage) in [51]. All models are trained on COCOA.

. COCOA MP3D-Amodal
D Comments Occluder Mask Provided 00 mIoU=ny 00U mIoU-ny
A Deocclusion(Two Stage) [51] v 88.2 65.3 - -
B ASBU [31](reproduced) v 88.9 65.3 - -
C ASBU [31](reported) v 89.9 - - -
D Deocclusion (Two Stage) [51] 69.9 0.006 64.4 0.004
E ASBU [31] 69.9 0.006 64.4 0.004
F Deocclusion (Single Stage) [51] 88.0 63.8 72.4 28.0
G OccAmodal 89.4 66.2 72.9 27.5
H SDAmodal 90.7 71.6 76.4 38.5

Table 5. Comparison with State-of-the-Art Amodal Completion Methods. Our SDAmodal model achieves the new state-of-the-art
performance for amodal completion over a larger variety of categories. All models are trained on COCOA, and evaluated on both COCOA

and MP3D-Amodal.

ablate variations on the SDAmodal architecture. Replacing
the original ResNet image encoder with the Stable Diffusion
backbone brings a significant boost (+1.4/+5.4 in terms of
mlIOU and mIOU-inv for Setting A to B, +1.3/+4.7 in terms
of mIOU and mIOU-inv for Setting D to E). If multiple lay-
ers of Stable Diffusion features at different resolutions are
fed into the model (as shown in Figure 6) the performance is
higher than if only a single layer feature is used (the second
layer of the Stable Diffusion U-Net as in [49]) (comparing
Setting B/C and E/F). The performance can also be im-
proved by adding a final layer skip connection for the U-Net
(comparing Setting A/D, B/E and C/F). According to [49],
the features of other pre-trained models such as DINO [2, 33]
and CLIP [15, 36] perform worse than Stable Diffusion fea-
tures on “occlusion” task. We have further trained our model
using DINO and CLIP features. The results are given in the
ArXiv version of this paper [50], validating the superiority
of Stable Diffusion features.

5.3. Comparison with State-of-the-Art

We compare our method with previous amodal completion
state-of-the-art methods, Deocclusion [51] and ASBU [31],
on both COCOA and MP3D-Amodal. Note that, ASBU [31]
and Deocclusion (Two Stage) [51] require the occluder
masks provided, while in both of the architectures we pro-
pose, the occluder masks are not necessary. The comparisons
are given in Table 5. We can make the following observa-
tions: (1) SDAmodal outperforms the previous state-of-the-
art methods (Setting C and H) even if the occluder mask is

not provided for SDAmodal, but is for previous methods; (2)
When the occluder mask is not provided, previous methods
Deocclusion (Two Stage) [51] and ASBU [31] cannot expand
the modal mask of the object and achieve poor performance
for amodal completion (Setting D and E). In comparison,
OccAmodal (Setting G), where the occluder mask is gen-
erated by our occluder predictor, has a high performance,
demonstrating the effectiveness of the occluder mask predic-
tion module. (3) Even though SDAmodal is only trained on
COCOA, the Stable Diffusion backbone efficiently boosts
the performance not only on COCOA, but also zero-shot
generalized to MP3D-Amodal which contains objects from
different domains and categories (compare Settings ' and
H where the difference is +4.0/+10.5 in terms of mIOU and
mlIOU-inv). We have also tested our models on the COCOA.-
cls benchmark [9] for amodal instance segmentation on 80
COCO categories and show superior performance. Please
refer to ArXiv version of this paper [50] for more details.

5.4. Effectiveness of Different Training Data

Table 6 shows the effectiveness of training with extra data
from our MP3D-Amodal training split. Both OccAmodal
and SDAmodal improve performance on MP3D-Amodal
when they are also trained with MP3D-Amodal and there is
no performance deterioration on COCOA.

5.5. Qualitative Results

In Figure 7, we show a qualitative comparison of different
amodal completion methods on both the COCOA and MP3D-
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ID  Architecture

COCOA  MP3D-Amodal

COCOA MP3D-Amodal

mIOU  mIOU-inv mIOU  mIOU-inv
A OccAmodal v 89.4 66.2 72.9 27.5
B OccAmodal v v 89.4 66.4 73.8 29.6
C SDAmodal v 90.7 71.6 76.4 38.5
D SDAmodal v v 90.7 71.6 81.8 53.7

Table 6. Effectiveness of Different Training Data. The performance of both models are boosted on MP3D-Amodal if extra training data

from MP3D-Amodal is used.

Amodal Prediction

Original Image GT Modal Mask

Amodal Prediction

ASBU Deocclusion (Single Stage)
U ) |

Amodal Prediction
OccAmodal

Amodal Prediction

sDAmodal GT Amodal Mask

Figure 7. Qualitative Comparison on COCOA and MP3D-Amodal. COCOA: Rows 1, 2 and 3; MP3D-Amodal: Rows 4 and 5. Please
see the text for more discussion. More qualitative examples are provided in [50].

Amodal datasets. We observe that ASBU [31] faces limita-
tions in expanding the modal mask when the occluder mask
is not provided (Column 3). Deocclusion (Single Stage)
can partially complete the amodal mask when the occluder
mask is not available but the prediction quality is not good
(Column 4). In contrast, our models, especially SDAmodal,
can handle the situation where the occluder mask is not pro-
vided and significantly improve the accuracy of amodal mask
predictions (Columns 5 and 6), even when the object to com-
plete is from a different domain (Rows 4 and 5) when only
trained on COCOA. More qualitative results are in [50].

6. Conclusion and Extensions

By utilising real 3D data, we have proposed an automatic
pipeline to generate ground truth amodal masks for occluded
objects in real images, and used this to create a new amodal
segmentation evaluation benckmark for a large variety of

instances. The pipeline has been applied to the MatterPort3D
dataset, but can be applied to other suitable datasets such
as ScanNet [6] that have real images together with the 3D
structure for objects in the scene. Furthermore, we have
developed two new state-of-the-art methods for amodal com-
pletion in the wild — i.e., capable of handling situations where
the occluder is unknown or undefined, and for a wide variety
of object classes. The models, with a lightweight occluder
predictor and Stable Diffusion representations, achieve supe-
rior performance on different domains and object categories.
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