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Abstract

Perceiving the complete shape of occluded objects is essential
for human and machine intelligence. While the amodal seg-
mentation task is to predict the complete mask of partially
occluded objects, it is time-consuming and labor-intensive
to annotate the pixel-level ground truth amodal masks. Box-
level supervised amodal segmentation addresses this chal-
lenge by relying solely on ground truth bounding boxes and
instance classes as supervision, thereby alleviating the need
for exhaustive pixel-level annotations. Nevertheless, current
box-level methodologies encounter limitations in generating
low-resolution masks and imprecise boundaries, failing to
meet the demands of practical real-world applications. We
present a novel solution to tackle this problem by introduc-
ing a directed expansion approach from visible masks to
corresponding amodal masks. Our approach involves a hy-
brid end-to-end network based on the overlapping region
- the area where different instances intersect. Diverse seg-
mentation strategies are applied for overlapping regions and
non-overlapping regions according to distinct characteris-
tics. To guide the expansion of visible masks, we introduce
an elaborately-designed connectivity loss for overlapping re-
gions, which leverages correlations with visible masks and fa-
cilitates accurate amodal segmentation. Experiments are con-
ducted on several challenging datasets and the results show
that our proposed method can outperform existing state-of-
the-art methods with large margins.

Introduction

Amodal perception is a vital ability of human’s cognitive
system (Nanay 2018; Kanizsa, Legrenzi, and Bozzi 1979)
for inferring the complete shape of occluded objects easily.
Amodal perception shows essential potential for tremendous
real-world applications including autonomous driving (Qi
et al. 2019; Breitenstein and Fingscheidt 2022), robotic grip-
ping (Wada et al. 2018; Wada, Okada, and Inaba 2019) and
novel view synthesis (Li et al. 2022; Gkitsas et al. 2021). For
example, deducting the complete shape and range from the
visible region of target objects (pedestrians or vehicles) is
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Figure 1: An illustration of the overlapping region. The over-
lapping region of an object is the tightest bounding box that
covers all intersecting areas of its amodal bounding box and
those of other objects, so the occluded portion of each object
should be inside if exists.

critical for accurate object recognition and routine planning
in self-driving (Ao, Ke, and Ehinger 2023).

In computer vision, amodal instance segmentation has
aroused broad concern since it was proposed in AIS (Li
and Malik 2016), which aims to predict complete shapes
of partially occluded objects. However, annotating pixel-
level ground-truth amodal masks for such objects is labor-
intensive and error-prone due to the absence of visible cues
in occluded regions. To mitigate the challenges of pixel-level
annotation, Bayesian-Amodal (Sun, Kortylewski, and Yuille
2022), a weakly supervised approach is proposed that uti-
lizes ground-truth bounding boxes as an alternative super-
vision signal instead of the intricate ground-truth amodal
masks. This method employs a Bayesian model to effec-
tively address the amodal segmentation problem. Neverthe-
less, the amodal mask generated by the Bayesian-Amodal
approach exhibits low resolution and uneven boundaries.
This outcome arises from the Bayesian model’s inherent
coarse shape priors under box-level supervision, which inad-
equately align with the demands of real-world applications.

How to obtain amodal masks with both high-resolution
and accurate boundaries solely through box-level supervi-
sion? To deal with this challenge, we propose the Box-Level
supervised Amodal segmentation network through Directed
Expansion (BLADE), a weakly-supervised amodal segmen-
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tation method. The key insight of BLADE is to first deduct
the visible mask from the detected bounding box, and then
expand it to the amodal mask with the guidance of the cor-
relation between the two masks. The correlation reflects the
resemblance and distinction between visible and occluded
regions in terms of shape and appearance, thus indicating
the direction and extent of the expansion. Compared with
expanding in a naively unguided manner, the proposed ap-
proach can provide more explicit guidance, easing the net-
work’s learning burden and contributing to more accurate
amodal mask prediction. To depict the aforementioned cor-
relation, a new hybrid end-to-end network is proposed based
on the overlapping region. As shown in Fig. 1, the over-
lapping region reveals the intersection between an instance
and others, encompassing the occluded portion of the in-
stance. And expansion-encouraged and relatively conserva-
tive strategies are designed for overlapping regions and non-
overlapping regions, respectively.

Specifically, our method extends the box-level super-
vised instance segmentation technique introduced in Box-
Inst (Tian et al. 2021). While BoxInst effectively performs
segmentation on non-overlapping regions, we broaden its
capabilities to enable amodal segmentation. Our proposed
network first predicts the visible mask and corresponding ex-
panded coarse amodal mask, and then fuses them according
to the estimated overlapping region. To achieve this, besides
the original visible branch contained by BoxInst, we intro-
duce two additional branches, namely amodal-branch and
region-branch, to distinguish overlapping regions and non-
overlapping regions. The three branches, visible-branch,
amodal-branch, and region-branch, predict the visible mask,
the coarse amodal mask, and the position of overlapping
region, respectively. As for the amodal-branch, observing
that within the overlapping region, the visible portion of an
object maintains a significant adjacency with its occluded
counterpart, we design a connectivity loss to encourage the
expansion of the visible segment within the overlapping area
towards its encompassing vicinity, finally reaching the cov-
erage of occluded segments through the cooperation with
other losses. As for the visible-branch, a general segmen-
tation approach is adopted in which there is no expansion-
encouraged factor. The final output amodal prediction is
determined by combining the outcomes of three branches.
Concretely, for the overlapping region, the segmentation re-
sult is from the amodal-branch, while in the remaining areas
the segmentation result is from the visible-branch.

We have conducted experiments on three challenging
datasets, including OccludedVehicles (Wang et al. 2020),
KINS (Qi et al. 2019) and COCOA-cls (Follmann et al.
2019). The results show that our proposed approach outper-
forms existing weakly-supervised methods with large mar-
gins and significantly reduces the performance gap with
fully-supervised methods. Our contributions can be summa-
rized as follows:

* We introduce a novel hybrid end-to-end network utilizing
the overlapping region. This approach enables diverse
segments of an instance to employ tailored segmentation
strategies while facilitating collaborative interaction.
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* We propose a novel connectivity loss for the overlapping
region, guiding the visible mask to expand towards the
amodal mask. This approach leverages the correlation
with the visible segment, facilitating the accurate predic-
tion of occluded components.

* Our approach significantly outperforms the existing box-
level supervised instance segmentation method, reaching
state-of-the-art performance.

Related Work

Amodal segmentation is to predict the shape of both vis-
ible parts and occluded parts of partially occluded ob-
jects. Malik first proposed the task and provided a synthetic
dataset (Li and Malik 2016). Subsequently, the KINS (Qi
et al. 2019) and Amodal COCO (Zhu et al. 2017) datasets
based on real-world images and human-predicted annota-
tions were built. Many fully supervised approaches have
been proposed in this field. In addition to direct optimiza-
tion methods (Li and Malik 2016; Zhu et al. 2017; Qi et al.
2019), researchers have introduced and utilized depth re-
lationships (Zhang et al. 2019), shape priors (Xiao et al.
2021; Li et al. 2022), compositional models (Wang et al.
2020) and the correlation between visible and occluded seg-
ments (Follmann et al. 2019; Ke, Tai, and Tang 2021) to im-
prove performance. And some related work (Ehsani, Mot-
taghi, and Farhadi 2018; Dhamo, Navab, and Tombari 2019;
Ling et al. 2020) achieves amodal segmentation based on
amodal perception and completion. However, fully super-
vised methods face a common problem that data annotation
takes considerable time and effort. Especially for real-world
images, humans can only figure out the approximate shape
and range of the occluded parts of an object based on ex-
perience, which may vary due to different annotators and in-
crease system error. Noticing this problem, some researchers
proposed self-supervised amodal perception and completion
methods (Zhan et al. 2020; Nguyen and Todorovic 2021).
Nevertheless, these methods introduce the correlation with
occluders, requiring the category of occluders during train-
ing and testing, which brings great limitations to practical
applications. In contrast, only bounding boxes and class an-
notations of instances are adopted as supervision in our ap-
proach thus avoiding the above issues.

Box-level supervised amodal segmentation was proposed
in Bayesian-Amodal (Sun, Kortylewski, and Yuille 2022),
which is exactly the setting adopted by our method. Box-
level supervised amodal segmentation uses bounding boxes
and categories of instances as supervision during training,
which tackles time-consuming, labor-intensive, and error-
prone pixel-level labeling and better supports larger-scale
training. Based on related work (Kortylewski et al. 2020,
2021), Bayesian-Amodal also proposed a method that out-
performed alternative weakly supervised methods, which re-
placed the fully connected classifier in neural networks with
a Bayesian generative model of the neural network features.
However, the results of this method have a relatively low
resolution so we cannot get more detailed information. In
this paper, we propose a new hybrid network with better ac-
curacy, in which distinct and proper strategies are adopted
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Figure 2: A schematic illustration of the proposed BLADE approach. Extracted features with relative coordinates maps are
input to visible-branch, amodal-branch, and region-branch to predict the visible mask, coarse amodal mask, and overlapping
region map of each instance respectively, which all adopt dynamically generated instance-aware mask heads. Exploiting the
correlation, predicted visible masks are also input to the amodal branch for our proposed connectivity loss that directs the
expansion from visible masks to corresponding coarse amodal masks. The final outputs use coarse amodal masks in predicted

overlapping regions and visible masks in other regions.

for different regions and the correlation between visible and
occluded regions is utilized.

Box-level supervised segmentation is an important and
concerned field of computer vision, which comparatively fo-
cuses on the segmentation of non-occluded instances. Box-
level supervision is weak, so related methods often introduce
some observations and priors as assistance. SDI (Khoreva
et al. 2017) utilizes the object shape priors. OSIS (Pham
et al. 2018) introduces the Bayesian model for better for-
mulation. BBTP (Hsu et al. 2019) exploits the bounding
box tightness prior. WSIS (Arun, Jawahar, and Kumar 2020)
builds an annotation consistency framework. In (Sun et al.
2020), a two-stage transfer learning framework employing
valid generated masks from GrabCut (Rother, Kolmogorov,
and Blake 2004) is designed. Recently, BoxInst (Tian et al.
2021) raises an observation that proximal pixels with simi-
lar colors tend to have the same label, and proposes a con-
cise and effective method incorporating a projection loss
and a pairwise loss. BoxInst achieves leading performance
and greatly narrows the performance gap between weakly
and fully supervised instance segmentation. However, these
methods do not perform well if directly transferred to an
amodal segmentation task. In our approach, a novel connec-
tivity loss encourages the mask to expand from the visible
region towards the occluded region is designed and helps
achieve the goal of amodal segmentation.

Methodology Design
Problem Definition

Amodal segmentation aims to predict the amodal mask M,
for a given image I and some region-of-interest (Xiao et al.
2021). In this paper, we follow the task setting of box-level
supervised amodal segmentation and take only bounding
box annotations and class labels as the supervision signal.
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Specifically, we take ground-truth B,, (the bounding box
of visible portion), B, (the bounding box of the complete
object), and c (the class label) of each instance as the su-
pervision for training. During the test, we take only By,
the object bounding box of the visible area, as input to de-
termine the region of interest and match the corresponding
instance. The network ultimately outputs an amodal mask m
of the instance.

Network Architecture
Apparently, M, can be decomposed as

M, =M, +M,, D

where M,, and M, represent the visible mask and the oc-
cluded mask respectively. The prediction of M, can exactly
be formulated as a less complicated general segmentation
problem and provide the estimation of M, with clues.

Inspired by this, we design a hybrid structure with mul-
tiple branches: as shown in Fig. 2, our network consists
of visible-branch, amodal-branch, and region-branch, which
are used to predict the visible mask m,,, the coarse amodal
mask m,, and the map of the overlapping region m,. respec-
tively. The final output m fuses these three items, using m,
in the predicted overlapping region while using m, in the
other region. That is to say

m = mg * m, + m, * m,,

2

where m,. is inverse m,. indicates non-overlapping region.
Our proposed network is developed on the recent
box-level supervised instance segmentation method Box-
Inst (Tian et al. 2021). For the visible-branch, B, an-
notations are applied as the supervision. We directly use
the original mask heads with projection loss and pairwise
loss in BoxInst which are set up just for our demand. For
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Figure 3: If there are multiple intersecting areas, the enve-
lope box is used as the ground-truth overlapping region. For
the example in the ﬁgure both BJ! and B2 overlaps B,
then the red box R is defined as the overlapplng region of
instance 1.

the amodal-branch, B, annotations are applied as the su-
pervision. We feed the amodal-branch the predicted m,
from visible-branch in addition to the features and rela-
tive coordinates. Utilizing the input m, as clues, we intro-
duce a connectivity loss to direct the expansion from m,,
to m,. Meanwhile, projection loss and pairwise loss are
also used to limit the range of expansion. For the region-
branch, we transform the prediction of the four parame-
ters of some ground truth bounding box into the predic-
tion of the corresponding bitmask to improve robustness
while using a simple pixel-level BCE loss. The above three
branches share the same multi-scale features extracted from
the image and all adopt dynamically-generated instance-
aware mask heads containing varying instance-by-instance
parameters (Jia et al. 2016), thereby significantly increasing
the flexibility and decreasing the amount of parameters. The
entire network is trained together, so the multiple branches
form joint supervision, in which the correlation between the
visible region and the occluded region is implied and mutual
assistance is built.

Overlapping Region
As shown in Fig. 1, the overlapping region is the area where
different instances overlap. Overlapping and occlusion are
two accompanying phenomena: if an object is occluded, it
must overlap another object, which means the overlapping
region contains the occluded region. Therefore, We can use
the easily accessible overlapping region as an approximate
estimation of the corresponding occluded region to deter-
mine where the expanded amodal mask m,, is applied.
Under the setting of box-level supervision, the overlap-
ping region of each instance is recorded by one bounding
box. We use the intersection between the amodal bounding
box of each instance and those of other instances within the
same image, obviating the necessity for introducing addi-
tional annotations. Suppose there are n instances in an im-
age, and their amodal bounding boxes are

BZ = (xinin’yjnin7xinax’y:naz)’ L= 17"'777‘ (3)
then for instance ¢, the overlapping region with instance j is
ROD) = (a0 b el vid)) 4)
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if exists, where

(m) (1,3) _
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'Im’G.I mln( ma'r7 Imaz)a ym’ar) - mln(ym(l’f’ ym(l’]")
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As shown in Fig. 3, we take the envelope box of all existing
overlapping region R(*7) as the ground-truth overlapping
region of instance ¢, which is

Ri
(Jrggl{w ) mm{ym e
(4,5) () 6
max{eli b max{yni}), ©6)

where V; is the indexes of all instances that possess the valid
overlapping region with instance 7. During training and test-
ing, we actually use the corresponding bitmask instead of
the four-parameter representation, in which the pixel value
is 1 if within the overlapping region and is O if outside. A
pixel-level BCE loss

T __ o =~ ~
L'=—— ;plogw (1=p)log(1=p) ()

is applied for region-branch accordingly, where p, p is the
ground truth value and the predicted value of some pixel, N
is the total number of pixels and o" is a constant coefficient.

Connectivity Loss

As mentioned above, the overall loss function of amodal-
branch can be written as

L = =0 LZN)J + agL;aw + achona ®)
where af is the constant weight of each term. As shown

in Fig. 4, the newly-introduced connectivity loss consists of
two parts
Leon = lne + lu’ru

namely neighbor loss and uniform loss.

The neighbor loss is applied to predicted-overlapping-
visible pixels (pixels in the overlapping region that are pre-
dicted to belong to the visible mask m,, in visible-branch) in
the predicted coarse amodal mask m,, which measures the
label consistency of each pixel with its neighbors. We design
this loss based on an observation that in the overlapping re-
gion, the visible segment of an instance is mostly adjacent
to its occluded counterpart. Consider an undirected graph
G = (Vpou, Epov)- Vpou is the set of predicted-overlapping-
visible pixels satisfies

Y(i,7) € Vipous (i,7) € R A my(i, j) > t,

9

(10)

where m,, (4, j) is the value of predicted coarse amodal mask
m, at position (i, j), ¢ is the threshold of the visible-branch,
and E,,, is the set of edges that connect each pixel with
its eight neighbors and contain at least one pixel in V).
For an edge e = ((i1,/1), (42,72)) € Epop, the ground-
truth consistency value ¢, = 1 when the labels of its two
endpoints are the same

(i1,71), (i2, j2) € Ba V (i1,71), (i2,52) € Ba,  (11)
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Figure 4: An illustration of the connectivity loss. (a) The
connectivity loss contains two terms, namely neighbor loss
and uniform loss. The neighbor loss measures the label con-
sistency of each pixel with its neighbors in m,, while the
uniform loss reflects the consistency of corresponding pix-
els between m, and m,. (b) The neighbor loss is applied
to predicted-overlapping-visible pixels (region @), while the
uniform loss is applied to the whole overlapping region
R (region @+®). (c) By the action of the connectivity loss,
an active band is built as the initiation of expansion. Multiple
losses for the amodal-branch reach a balance of encourage-
ment and inhibition of expansion thus directing a moderate
expansion.

while ¢, = 0 when the labels are different. The predicted
consistency value ¢, can be defined as

C~e :ma(ilvjl) . ma(i27j2) +
(17ma(i17j1)) ! (1*1’11(1(1'2,]'2)), (12)

which is positively correlated with the consistency and cer-
tainty. We adopt the frequently-used BCE loss

__1 Y celogé. +(1—c)log(l—&) (13)

€ e€E,oy

lne

to minimize the gap between all ¢, and corresponding c,
where N, is the number of edges in E,,,.

The uniform loss is applied to the whole overlapping re-
gion, which ensures the consistency between the predicted
coarse amodal mask m, and the predicted visible mask m,,.
The values m, (4, j) and m,(4,j) can be regarded as pre-
dictions of the probability that pixel (i, ;) belongs to the
object and the probability it belongs to the visible portion
of the object, respectively. Therefore, it’s obvious that any
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m, (i, j) should NOT be less than m,, (¢, j). Observing this,
the uniform loss is defined as

BOS max(my(i,9) - ma(i, ),0)

— (14)
R ij)er

lun =

to penalize those pixels with reduced values from m,, to m,,
where K is a constant coefficient used to regulate the sever-
ity of the penalty, R is the set of pixels in the overlapping
region and Ny is the number of these pixels.

By introducing the connectivity loss, we build an active
band in the predicted coarse amodal mask m, containing
the neighbors of predicted-overlapping-visible pixels near
edges, which tends to increase the value to share the same
label as pixels in m,,. We use neighbors with a one-pixel gap
to the center pixel to increase the width of the active band,
which can be adjusted as needed. The active band will fur-
ther expand outward within a certain range until reaching a
balanced state due to the existence of pairwise loss and pro-
jection loss. Intuitively, diverse losses adopted in amodal-
branch form an antagonistic effect of encouragement and
inhibition of expansion, resulting in both under-expansion
and over-expansion being largely avoided.

Experiments
Datasets and Metric

Datasets. Our experiments are conducted on three chal-
lenging datasets for amodal segmentation, including Oc-
cludedVehicles (Wang et al. 2020), KINS (Qi et al. 2019)
and COCOA-cls (Follmann et al. 2019).

The OccludedVehicles dataset is a synthetic dataset based
on PASCAL3D+ (Xiang, Mottaghi, and Savarese 2014) in
which occluders are pasted randomly. It consists of 51801
objects that are evenly distributed among three foreground
occlusion levels, FG-1, FG-2, FG-3, three background oc-
clusion levels BG-1, BG-2, BG-3, and a non-occluded level
FG-0. The three foreground occlusion levels correspond to
20-40%, 40-60%, and 60-80% of the object being occluded,
while the three background occlusion levels correspond to
1-20%, 20-40%, and 40-60% of the context being occluded.

The KINS dataset is based on real-world images with real
occlusion. We follow the experimental settings of Bayesian-
Amodal (Sun, Kortylewski, and Yuille 2022) that restricts
the scope of evaluation to vehicles with a height greater than
50 pixels and divides the objects into four occlusion levels
FG-0, FG-1, FG-2, FG-3, which correspond to 0%, 1-30%,
30-60%, and 60-90% of the object being occluded. The sub-
set we adopt consists of 14826 objects.

The COCOA-cls dataset is an extension of the real occlu-
sion dataset Amodal COCO (Zhu et al. 2017) and consists of
766 objects. It’s divided into four foreground occlusion lev-
els FG-0, FG-1, FG-2, and FG-3, which correspond to 0%,
1-20%, 20-40%, and 40-70% of the object being occluded.

Metric. As for the metric of evaluation, we adopt mean
Intersection-over-Union (IoU) like related work (Sun, Ko-
rtylewski, and Yuille 2022). IoU calculates the ratio of inter-
secting pixels between the predicted amodal mask and corre-
sponding ground truth amodal mask to their union, therefore
a larger value indicates a more accurate segmentation result.
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OccludedVehicles
Method known ¢ | FG-0 FG-1 FG-2 FG-3 Mean
- BG-1 | BG-2 | BG-3 | BG-1 | BG-2 | BG-3 | BG-1 | BG-2 | BG-3

BBTP Yes 66.5 | 59.7 584 | 579 | 544 | 51.0 | 489 504 | 447 | 40.2 53.2

BoxInst Yes 723 | 52.5 53.5 53.9 37.7 38.1 382 | 23.0 | 22.8 23.7 41.6

Bayesian-Amodal Yes 63.9 | 59.7 59.6 | 59.7 572 | 56.8 56.8 55.0 | 53.9 53.4 57.6

Bayesian-Amodal No 63.0 | 59.5 59.5 59.5 562 | 559 | 55.6 | 51.9 50.6 | 48.3 56.0

Ours No 732 | 70.5 | 69.7 | 689 | 69.7 | 68.1 66.2 | 68.2 | 64.5 | 62.8 68.2

Method Supervision | known ¢ KINS COCOA-cls

FG-0 | FG-1 | FG-2 | FG-3 | Mean | FG-0 | FG-1 | FG-2 | FG-3 | Mean
SAM (ViT-H) - Yes 86.7 | 75.0 | 50.8 | 39.0 | 629 | 82.7 | 749 | 59.2 | 423 | 64.8
VRSP fully - 847 | 758 | 745 | 67.1 75.5 82.1 | 77.7 | 745 | 729 | 76.8
AISFormer fully - 858 | 764 | 75.0 | 694 | 76.7 | 80.6 | 76.9 | 70.9 | 62.1 72.6
BBTP weakly Yes 770 | 683 | 589 | 539 | 645 | 573 | 494 | 40.7 | 350 | 456
BoxInst weakly Yes 82.0 | 73.3 | 56.6 | 436 | 639 | 76.8 | 67.0 | 572 | 340 | 58.8
Bayesian-Amodal weakly Yes 723 | 69.6 | 662 | 585 | 66.7 | 653 | 650 | 643 | 614 | 64.0
Bayesian-Amodal weakly No 699 | 68.1 | 632 | 473 | 62.1 | 583 | 59.8 | 58.6 | 53.5 | 57.6
Ours weakly No 81.6 | 745 | 73.7 | 63.6 | 734 | 803 | 765 | 69.9 | 579 | 71.2

Table 1: The comparison of amodal segmentation performance on the synthetic-occlusion OccludedVehicles dataset and the

real-occlusion KINS and COCOA-cls datasets.

Implementation Details

We implement our model based on BoxInst (Tian et al. 2021)
and Detectron2 (Wu et al. 2019) on the PyTorch frame-
work (Paszke et al. 2019). We use an FCOS module (Tian
et al. 2019; Tian, Shen, and Chen 2020) to detect objects and
a ResNet-50-FPN backbone (He et al. 2016; Lin et al. 2017)
to extract multi-scale features for subsequent processes. In
the training, we use data at all occlusion levels and choose
of = 2.0,08 = 1.0,a5 = 1.0. We conduct 60000 itera-
tions with a batch size of 6, during which we adopt a 3-stage
learning rate of 0.01 in the first 40000 iterations, 0.001 in
the 40000-54000 iterations, and 0.0001 in the 54000-60000
iterations. The training is completed on 3 NVIDIA GeForce
RTX 2080Ti GPUs taking about 5 hours per time. In the test-
ing, we evaluate objects at each occlusion level separately to
obtain the mean IoU at each level, and then use their average
value as the mean IoU of the entire test set.

Comparison with Existing Methods

Baselines. We benchmark our proposed BLADE method
against BBTP (Hsu et al. 2019), BoxInst (Tian et al. 2021),
and Bayesian-Amodal (Sun, Kortylewski, and Yuille 2022).
These baselines are all under box-level supervision, among
which BBTP and BoxInst are the two best-performing meth-
ods for box-level supervised general segmentation, and
Bayesian-Amodal is a state-of-the-art approach for box-
level supervised amodal segmentation. For the convenience
of practical applications, our method only requires the
bounding box By.s: of the visible portion as the input, which
is supported by our expansion-based path. But other meth-
ods may require inputting the bounding box of the entire
object to know the object center c. Bayesian-Amodal pro-
vides multiple options, among which we choose both the
end-to-end known-c model and the end-to-end unknown-c
model for comparison. Designed for normal segmentation,
BBTP and BoxInst can only segment the visible parts with-
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out knowing ¢ but cannot predict the amodal masks. To com-
pare their performance of amodal segmentation with our
method, we adopt the known-c setting for them.

Synthetic Occlusion. As shown in Table 1, our proposed
method significantly outperforms existing methods on the
OccludedVehicles dataset. Our model performs best at all
occlusion levels. Especially in levels with high occlusion ra-
tios, our method shows remarkable advantages. Compared
with Bayesian-Amodal (unknown c), our model improves
by more than 12% in mean IoU.

Real Occlusion. As shown in Table 1, our method also
performs well on the KINS dataset which is based on real-
world images. Although our method is weakly-supervised,
which is not comparable to fully-supervised methods, we
provide some results in Table 1 for better evaluation includ-
ing SAM (Kirillov et al. 2023), VRSP (Xiao et al. 2021),
and AISFormer (Tran et al. 2022). Among all these methods,
our approach achieves very competitive mean performance.
Compared with Bayesian-Amodal (unknown c), our model
improves by over 11% in mean IoU.

Transferability. Since the number of objects in the
COCOA-cls dataset is quite small, we transfer the model
trained on the OccludedVehicles dataset to the COCOA-cls
dataset, and use the union of the training set and the test
set of COCOA-cls for evaluation. As shown in Table 1, our
model reflects better transferability than others. Compared
with Bayesian-Amodal (unknown c), our model improves
by more than 13% in mean IoU.

Some qualitative results are also shown in Fig. 5, which
indicate that masks predicted by our method possess higher
resolution and accuracy than others. Our predictions cover
more complete occluded segments than BBTP and Box-
Inst (such as the car in the 3rd column), while also ex-
hibiting more precise and smooth boundaries than Bayesian-
Amodal (such as the aeroplane in the 1st column).
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Ablation Study

We conduct the ablation study on the KINS dataset, the re-
sult of which is shown in Table 2. In these experiments, we
all adopt the unknown c setting.

The Effect of Fusion Structure. To verify the effective-
ness of the fusion structure, we cancel the region-branch and
the structure of fusing multiple branches’ results in the base-
lines from the 4th row to the 8th row, directly taking the
prediction of the amodal-branch as output. Compared with
these experimental results, the corresponding results with
the fusion structure show significantly better performance.

The Effect of Neighbor Loss. To validate the importance
of the neighbor loss, we conduct the experiments at the 3rd
and 4th rows. Compared with the results at the 1st and 2nd
rows, their performance show a notable drop, especially at
levels with high occlusion ratios.

The Effect of Uniform Loss. To evaluate the effect of
the uniform loss, we introduce the baselines at the 2nd and
4th rows which have no uniform loss. Consequently, a gap
emerges between the performance of them and the perfor-
mance of corresponding models with the uniform loss.

The Effect of Different Weights in L®. Small adjust-
ments of the weights in L will result in certain but not
dramatic performance changes, and our selected weights
of =2.0,a5 = 1.0,a§ = 1.0 achieve good performance.

Conclusion

In this work, we achieve box-level supervised amodal seg-
mentation through directed expansion. Our approach in-
troduces a fusion structure based on the overlapping re-
gion. Conservative strategy and expansion-encouraged strat-
egy are applied to non-overlapping regions and overlapping
regions, respectively. Utilizing predicted visible masks as
clues, a connectivity loss is incorporated for reasonable ex-
pansion. Experimental results indicate our method signifi-
cantly outperforms other state-of-the-art methods.

FG-0 | FG-1 | FG-2 | FG-3 | Mean
81.6 | 745 | 73.7 | 63.6 | 73.4
81.6 | 749 | 702 | 573 | 71.0
828 | 732 | 56.8 | 41.6 | 63.6
829 | 728 | 56.7 | 403 | 63.2
76.6 | 66.7 | 639 | 56.2 | 659
773 | 669 | 629 | 532 | 65.1
823 | 742 | 60.0 | 447 | 65.3
822 | 73.1 | 56.2 | 40.0 | 62.9
¢ | a5 | o | FG-0 | FG-1 | FG-2 | FG-3 | Mean
1.0 | 1.0 | 1.0 | 81.3 | 72.3 | 69.6 | 62.1 71.3
. 1.0 | 1.0 | 816 | 745 | 73.7 | 63.6 | 73.4
1.0 | 2.0 | 1.0 | 82.0 | 734 | 72.7 | 648 | 732
1.0 | 1.0 | 2.0 | 799 | 71.6 | 68.3 | 60.1 70.0

UN | NE
v v

RNRNENEN e

0NN AW~
RN
NN

o0 o
[\
<

Table 2: The ablation study on the KINS dataset. UN, NE,
and FS respectively represent the uniform loss, the neighbor
loss, and the fusion structure. The fusion structure indicates
whether to adopt L™ and the corresponding region-branch.
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Figure 5: Qualitative examples of our approach compared
with corresponding ground-truth amodal masks and estima-
tions of BBTP, BoxInst, Bayesian-Amodal (both the known-
¢ model and the unknown-c model). Zoom in for a better
view.
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