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Figure 1. Overview of the proposed synthetic datasets. We build two challenging datasets of dense intra-class occlusion scenarios and
provide detailed ground truth annotations of multiple types.

Abstract

Images of realistic scenes often contain intra-class ob-
jects that are heavily occluded from each other, making the
amodal perception task that requires parsing the occluded
parts of the objects challenging. Although important for
downstream tasks such as robotic grasping systems, the
lack of large-scale amodal datasets with detailed annota-
tions makes it difficult to model intra-class occlusions ex-
plicitly. This paper introduces two new amodal datasets for
image amodal completion tasks, which contain a total of
over 267K images of intra-class occlusion scenarios, an-
notated with multiple masks, amodal bounding boxes, dual
order relations and full appearance for instances and back-
ground. We also present a point-supervised scheme with
layer priors for amodal instance segmentation specifically
designed for intra-class occlusion scenarios1. Experiments
show that our weakly supervised approach outperforms the
SOTA fully supervised methods, while our layer priors de-
sign exhibits remarkable performance improvements in the
case of intra-class occlusion in both synthetic and real im-
ages.

1The proposed datasets can be downloaded from this link:
https://github.com/saraao/amodal-dataset.

1. Introduction

Perceiving an entire object, even if it contains invisible
segments, is a task that can be easily handled by the human
vision system [4, 14], but it is still a challenge for computer
vision. This capability, known as amodal perception, is cru-
cial for vision tasks that require reasoning about occluded
scenes to ensure reliability and safety, such as robot grasp-
ing systems [1] and autonomous driving [27]. With the aim
to mimic human amodal perception, amodal instance seg-
mentation extends the traditional instance segmentation by
additionally segmenting the occluded regions of each in-
stance. While considerable progress has been made in per-
ceiving visible regions for computer vision [5, 16], amodal
instance segmentation has received limited attention.

We tackle a problem not addressed by the previous
works: namely, amodal instance segmentation with heavy
intra-class occlusion. How to handle the images with intra-
class instance occlusion is one big challenge in amodal in-
stance segmentation. Due to the similarity between ob-
jects in the same class, intra-class instance segmentation be-
comes more challenging than inter-class instance segmen-
tation, as class-specific features appear almost everywhere
near the occlusion boundary [10]. In particular, perceiving
the complete range of entities, including the hidden parts,
can be extremely difficult for the machine when multiple
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objects of the same class partially overlap within the same
region of interest (ROI). In practice, however, there are
many scenes with dense intra-class occlusion, such as ware-
houses and agricultural sites where robots work. In spite
of its importance for many downstream tasks, the lack of
relevant amodal datasets with detailed annotations hinders
explicit learning and modeling of intra-class occlusions.

Our new datasets are valuable to the novel and under-
studied problem of intra-class occlusion, unseen in previous
amodal datasets. Constructing large-scale real datasets with
amodal annotations for dense intra-class object occlusions
would be costly and subject to bias and inaccuracies arising
from manual annotation, thus synthetic datasets that pro-
duce accurate ground truth data are more suitable for this
problem. Our two synthetic amodal datasets contain a total
of over 267K images of intra-class occlusion scenarios with
a wide variety of annotation types generated by the auto-
matic data synthesis process. For each instance, the annota-
tion provides modal/visible mask (Fig. 1c), invisible mask
(Fig. 1d), and an amodal mask that combines visible and in-
visible masks (Fig. 1b), integral appearance image (Fig. 1e),
layer and occlusion orders (Fig. 1f and Fig. 1g). The rich
annotation types mean that our proposed datasets not only
work for amodal instance segmentation, but also contribute
to other closely related amodal completion tasks, such as or-
der perception of occluded objects and amodal appearance
completion that aims to infer the texture of invisible parts
of objects.

Using the new datasets to simulate point-based ground
truth, we propose a point-supervised method with layer pri-
ors for the amodal instance segmentation task, which excels
in handling intra-class occlusion. Our large-scale synthetic
datasets enable fair comparisons and more thorough train-
ing of different methods on accurate ground truth data, and
contribute to models’ performance on real images. Experi-
ments show our weakly supervised method outperforms the
other state-of-the-art (SOTA) weakly supervised [5, 6, 29]
or even fully supervised methods [3, 10, 11, 16, 20, 30] on
intra-class occlusion in both synthetic and real images.

Our point-supervised method is well-suited for scenarios
with limited or expensive full annotations, making it gener-
alizable to real images. This is a crucial motivation for our
approach, as full annotations can often be a limiting factor
in many real-world applications. Thus, our method provides
an effective benchmark for the challenging intra-class oc-
clusion problem, as well as a practical and scalable solution
that can be applied in real-world settings.

The main contributions of this paper are as follows:

• To the best of our knowledge, this is the first work
that focuses on amodal instance segmentation of intra-
class overlaps. To advance this novel task, we build the
largest dataset of amodal images to date.

• This is the first work to utilize point-based supervision
in amodal tasks and introduces a novel method to rep-
resent multilayer image structure, Layer Priors. The
point-based annotation scheme simplifies ground truth
collection for future amodal datasets, while importing
layer priors shows great effectiveness and simultane-
ously empowers layer order perception.

• To evaluate the generalisability of our method, we fur-
ther collect a real dataset to test the proposed model
trained on the synthetic dataset. Experimental results
on both the synthetic and real datasets demonstrate that
our proposed weakly supervised approach outperforms
the existing SOTA weakly supervised and fully super-
vised methods.

2. Related Work

2.1. Amodal Instance Segmentation

Amodal instance segmentation assigns pixel-level cate-
gorical labels to visible and invisible regions of occluded
objects to achieve amodal shape perception. The meth-
ods of amodal instance segmentation can be divided into
two types depending on the supervision manner. Most of
the previous related work applied full supervision. Typi-
cal strategies involve the use of additional amodal branches
[10, 13, 27], or prior cues [32, 35] on networks designed for
modal perception to achieve amodal instance segmentation.
However, previous approaches that treat the input image as
a single layer are prone to fail in ROIs containing intra-class
instance occlusion [15]. Our approach of treating an im-
age as multilayer rather than single layer [5] or bilayer [15]
thus helps to account for more complex occlusions and also
makes it possible to perform multilayer order perception.

Another type of method makes an effort to alleviate the
need for supervision. Considering weak supervision is par-
ticularly valuable for amodal perception tasks, as per-pixel
manual annotators are expensive and usually fail to pro-
vide trustworthy ground truths due to subjective assump-
tions about invisible regions [9], while computer-generated
synthetic data suffer from a domain gap with the real-world
scene. Previous amodal approaches suggested mitigating
supervision by artificially covering the occluder’s mask [34]
or boundary [26] to generate pseudo-ground truth. Com-
pared to pseudo-ground truth, the point-based weak su-
pervision adopted in this paper provides more trustworthy
ground truth for a data-driven approach. The point anno-
tation scheme requires annotating only ten random points
rather than the entire mask per object [5], which is particu-
larly beneficial for amodal instance segmentation as fewer
annotations reduce the bias introduced by manual annota-
tion and expensive pixel-level labeling costs.
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Dataset # Img # Instances
Occluded
# Instances

Avg. Occ.
Rate % Mask Appearance

Layer
Order

Occ.
Order

Target
group

COCOA [36] 5,073 46,314 28,106 18.8 ✓ − − ✓ COCO
D2SA [10] 5,600 28,720 16,337 15.0 ✓ − − − Groceries
KINS [27] 14,991 190,626 99,964 19.8 ✓ − ✓ − Vehicles

Intra-AFruit (Ours) 255,000 819,856 521,772 30.6 ✓ ✓ ✓ ✓ Fruits

Table 1. Summary of some related amodal datasets. The proposed Intra-AFruit provides the largest amount of data and the richest available
annotation types and focuses on a new target group, fruits. COCO refers to object categories in the COCO dataset [22].

2.2. Amodal Perception Datasets

A major challenge associated with the study of amodal
perception is the lack of large-scale amodal datasets. Pop-
ular large-scale datasets for instance segmentation [8, 22]
focus only on visible regions but not the hidden parts. To
serve the amodal task, a few amodal datasets have been
created with additional annotations to include the invisible
parts. COCOA [36] provides class-agnostic amodal seg-
mentation of each annotated segment for thousands of im-
ages from COCO [22] using inferences from human an-
notators. COCOA-cls [10] further annotates parts of im-
ages from COCOA [36] with class-specific amodal instance
masks. As a small dataset with a large number of object
categories tends to lead to model overfitting, some amodal
datasets focus only on vehicles or humans [23, 33, 35]. Al-
though certain datasets feature scenes with vehicle occlu-
sion [2,27], the vehicles in these scenes often span multiple
classes (e.g., car, van, truck, tram) and may be intermingled
with human subjects, hence failing to serve the specific pur-
pose of investigating intra-class occlusion issues. There is
an urgent need for amodal datasets that explicitly support
the study of intra-class occlusion.

Our dataset Intra-AFruit is explicitly built for the amodal
perception of intra-class occlusion of fruits and vegetables
as it facilitates wide-ranging applications, such as auto-
mated harvesting, robotic stock building for supermarkets
and fruit quality control [25]. In particular, we differ from
the above amodal datasets in two main aspects: (1) We
introduce for the first time a dataset containing extensive
intra-class dense occlusion scenarios for amodal perception
research. (2) Intra-AFruit is much larger than the above
dataset and provides four types of annotations, including
amodal instance masks, amodal visual appearance and dual-
order relations. In contrast, the other datasets provide only
some of these annotations (see Tab. 1). As a large-scale
dataset with diverse annotations, Intra-AFruit is promising
for various amodal perception tasks.

3. The Amodal Fruits Dataset

Some amodal datasets [27, 36] are created through hu-
man annotators. However, manual annotation is expensive,
time-consuming and tends to provide inconsistent and in-

Figure 2. Example Images from our datasets: Intra-AFruit, Inter-
AMix, ACom, and Real Images (ordered from left to right with
two examples per column for each dataset). Intra-AFruit contains
scenarios where instances of a single category occlude each other,
while Inter-AMix considers the mutual occlusion of instances of
different classes. On the other hand, ACom adds intra-class occlu-
sion scenarios for other common object categories.

accurate hallucinations for invisible regions. For example,
different annotators may have different levels of detail and
guesswork for invisible regions, and providing a complete
appearance of a large number of occluded areas is extremely
difficult. In contrast, synthetic images can provide a large
number of accurate and detailed annotations at a low cost.

We present a large-scale synthetic Intra-class Amodal
Fruits dataset (Intra-AFruit). It is divided into two parts,
with 210,000 images for training and 45,000 images for
testing. Note that the instances in the training and test sets
are from the training and test sets of the Fruits-360 [24] re-
spectively, so the instances in the test images are unseen in
the training set. We also create a Amodal Common objects
(ACom) dataset to diversify the object categories beyond
fruits and vegetables. We additionally created two datasets
for testing purposes: an Inter-class Amodal Mixed Fruits
dataset (Inter-AMix) and a real dataset (see Fig. 2). In con-
trast to Intra-AFruit, Inter-AMix considers occlusion scenes
of multiple categories of objects by randomly picking in-
stances among all categories. As another part of the test, we
collected a real-world image dataset of intra-class occlusion
scenes containing 102 images and 317 instances. These real
images are annotated by a human annotator based on esti-
mating the occluded parts. In this section, we describe and
analyse our datasets with informative statistics.
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Fruits Vegetables
Category Golden Pear Pink Lady Red Delicious Zucchini Carrot Cabbage Eggplant Cucumber1 Cucumber3

Num. in Train 69195 71522 71479 71701 64498 65065 69967 57439 69531 64718
Num. in Test 14847 15179 15220 15375 13904 14022 15001 12284 14832 14077
Overall Ratio 10.25% 10.58% 10.57% 10.62% 9.56% 9.65% 10.36% 8.50% 10.29% 9.61%

Table 2. Categories distribution of Intra-AFruit. The number of instances in each category is nearly uniformly distributed in Intra-AFruit.

3.1. Data Generation

Image Acquisition. To generate the synthetic data, we
use the processed images from the Fruits-360 [24] as fore-
ground objects and the images from the DTD [7] as back-
grounds. Our dataset contains different fruits and vegeta-
bles with a total of 10 categories (see Tab. 2), and their la-
bels follow the original Fruits-360‘s [24] categories.

In creating Intra-AFruit, we considered the various chal-
lenges that can be faced in practical applications, such as
highly occluded scenarios, objects of different sizes and an-
gles, the location of different layers, and complex back-
grounds. Concretely, each image contains between 2 and
5 instances with random rotation angles and sizes of a sin-
gle category to ensure sufficient intra-class occlusion scenes
in the dataset. The background of each image is randomly
sampled from the DTD [7] and resized to 256*256 pixels.
The diversity of backgrounds facilitates the robustness of
the trained model to different backgrounds. Image samples
containing completely invisible instances (i.e., no visible
pixels) are discarded, which follows the sense of human
amodal perception [4], i.e., perceive the occluded region
through the visible part of the object. After filtering, the
number of preserved images reaches 255K, which we be-
lieve is sufficient for modelling such intra-class scenarios.

Annotations. As the Intra-AFruit instances are compos-
ited layer by layer onto the background, all annotations are
automatically and accurately provided during the data gen-
eration process. The annotations consist of (1) Three types
of instance masks, including visible, invisible and amodal
masks. Multiple masks are essential for amodal methods
that require various types of masks [10, 32]; (2) Two types
of order between instances. Occlusion order considers in-
stances that share overlapping areas of amodal masks, in-
cluding direct and indirect pairwise occlusion. Layer order,
on the other hand, considers the relative distance to the cam-
era. Instances in a cluster are labelled in order of proximity
to distance, i.e., the layer of unoccluded objects is denoted
as 0, then add 1 for instances directly occluded only by in-
stances of layer 0, and so on. The different types of orders
are considered to complement each other and facilitate the
work of amodal order perception [19]. For instance, an ob-
ject may not occlude another object from a different layer;
(3) The entire appearance of each instance and background,
which provides the ground truth for the subsequent amodal
appearance completion task.

(a) Annotation for Top Object (b) Annotation for Bottom Object

Figure 3. An example of our point-based amodal instance anno-
tation scheme for one of the instances in the image. For each in-
stance, we randomly collected 10 points in its amodal bounding
box (green) and labelled each point as an instance (red) if the point
was within the amodal mask, while other sampled points in the box
received the background labels (blue). In this way points located
within the entire object are treated as instances, even if part of the
object is being occluded.

(a) Intra-AFruit (b) Inter-AMix

Figure 4. Distribution of instances in each layer for (a) the Intra-
AFruit dataset and (b) the Inter-AMix dataset. The numbers on
the x-axis represent the layers. Depending on the occlusion of in-
stances in the image, each image has up to five layers, where layer
0 represents fully visible instances and higher numbers indicate
more deeply occluded layers.

In addition, to support our point supervision approach,
we generate point annotations based on the amodal mask.
Specifically, for each instance, we use the instance‘s amodal
bounding box and 10 randomly sampled points from the
box, including the invisible parts. We annotate each point
as either the object (even if it belongs to an invisible part)
or the background (see Fig. 3).

We use the same pipeline to create ACom, except for us-
ing the processed images from OmniObject3D [31] as the
foreground objects. ACom contains 10 categories of com-
mon objects, including anise, biscuit, bottle, candy, conch,
donut, fire extinguisher, hammer, hat, and toothpaste.
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Figure 5. Overview of our network architecture. During training, we used only the 10-point annotation with the layer priors as supervision
rather than the full mask. Cascade ROI heads include bounding box branches (denoted by ”B”) and mask branches (denoted by ”S”).
Note that box branches perform box regression and classification. The network generates a different weighted point head for each detected
instance and then combines point features and coordinates for point predictions. Finally, the subdivision mask rendering algorithm [16] is
used to refine the instance mask from point-wise predictions.

3.2. Dataset Statistics

Intra-AFruit consists of 255,000 images with 819,856 in-
stances belonging to 10 categories, of which 675,115 in-
stances are in the training set and 144,741 instances in
the test set. Tab. 2 shows the distribution of the instance
categories. In addition to Intra-AFruit’s training and test
sets, we have kept a validation set containing 45,000 im-
ages and 144,542 instances for future use. The Inter-AMix
dataset, which is used to test the model’s generalisation per-
formance, consists of 8,067 images with 26,508 instances.
As shown in Fig. 4, the instances of Intra-AFruit and Inter-
AMix have similar distributions in the layers. ACom has
12,500 images and 45,485 instances in 10 categories, of
which 36,276 instances are in the training set of 10,000 im-
ages, and 9,209 instances are in the test set of 2,500 images.

4. Proposed Method

Most modern instance segmentation methods with
fully convolutional networks use non-maximal suppression
(NMS) to remove densely overlapping proposal boxes for
each class. This strategy, however, implicitly ignores scenes
with highly occluded instances within classes and results in
the inaccurate bounding box and mask predictions. Mean-
while, weakly supervised methods with the easier acqui-
sition of ground truth annotations are urgently needed to
make amodal segmentation applicable to a wide range of
scenarios. To address these issues, we propose a concep-
tually simple but effective Pointly-supervised scheme with
Layer priors for amodal Intra-class instance segmentation
(PLIn).

In this section, we describe the details of the proposed
method, PLIn. Our goal is to predict the amodal mask for
all instances of a given image. During training, the inputs
to our model are the amodal bounding box, the 10 annota-
tion points for each instance, and the layer order in which
they are located. The simple strategy of bringing in layer

priors allows the model to build separate representations
for each layer and thus capture intra-class occlusions effi-
ciently. Our approach follows a two-stage instance segmen-
tation method of detecting before segmenting. Specifically,
there are three major modules in PLIn: the backbone net-
work, the Regional Proposal Network (RPN), and the Cas-
cade ROI heads. Fig. 5 gives an overall view of PLIn. We
follow the point supervision strategy of Implicit PointRend
[5], where different weighted point heads are generated for
each detected instance, and then combined with point fea-
tures and coordinates to make point predictions. As the last
step, the subdivision mask rendering algorithm in [16] is
used to refine instance masks with point predictions.

4.1. Layer Priors

Multiple overlapping intra-class instances in neighbour-
ing ROIs may cause a failure of object recognition and in-
stance segmentation. A primary reason for this is that many
SOTA of segmentation methods, including Mask-RCNN
[11] and its variants [3, 5, 10, 16], as well as some anchor-
free methods [20], employ NMS in the inference process
to remove dense overlapping proposal boxes. However,
the classical NMS shows drawbacks in images containing
dense occlusions because of the tendency to erroneously re-
move the boxes of highly occluded instances. This can be
particularly fatal for amodal instance segmentation that fo-
cuses on densely occluded scenes and invisible regions. As
an improvement, a popular NMS strategy performs NMS
for each class independently so that overlapping boxes from
different classes are less likely to be discarded mistakenly.
This strategy, however, does not work well for scenarios
containing a large number of highly occluded instances of
the same class.

In order to mitigate this limitation, our proposed ap-
proach extends existing instance segmentation methods by
adding layer priors, i.e. decoupling overlapping objects into
multiple image layers. This allows the model to capture
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Figure 6. Construction of the layer labels. Instances on layer 0
are fully visible, and instances on layer 1 are only occluded by
instances on layer 0.

intra-class occlusion situations well during inference.
We use the layer priors to explicitly separate occlusion

patterns by treating overlapping objects as instances of dif-
ferent layers. Let L(i) denote the layer of instance i. The
occlusion of instance i by any instance in set Si (where Si

is the set of instances that occlude i) can be represented by
the function O(i, j), where:

O(i, j) =

{
1, if i is occluded by j

0, otherwise.
(1)

The layer order for instance i is defined as:

L(i) =

{
0, if Si = ∅
1 + maxj∈Si

L(j), otherwise.
(2)

Then, we construct {category, layer} pairs for each
instance as inputs to the model, and the network treats
each {category, layer} pair as an individual class, as
shown in Fig. 6. Correspondingly, the model predicts a
{category, layer} pair for each detected instance. To pro-
duce a typical class-based prediction, we can add a simple
post-processing step that ignores the predicted layer order.

Since intra-class instances obscuring each other are de-
fined as being in different layers, they are prevented from
being erroneously removed during the NMS process. Fur-
thermore, by introducing layer priors, the trained model has
the ability to perceive the layer order for the instances si-
multaneously.

4.2. Point-based Supervision with Cascade Strategy

Point-based annotations provide an alternative to the ex-
pensive per-pixel annotations typically required in instance
segmentation algorithms by alleviating the need for super-
vision. Although efforts have been made to design point-
based supervision for modal instance segmentation [5, 18],
there is still a research gap in extending to amodal instance
segmentation.

We bring the point-supervised design for modal instance
segmentation [5] to the amodal task and improve it for intra-
class occlusion. By modifying the loss calculation of the

mask branch, point-based supervision uses only the ground
truth of points rather than the entire mask. Instead of train-
ing using matched regular grid labels from the full ground
truth masks, point supervision uses bilinear interpolation to
approximate the exact location of ground truth points. Once
the predicted results and ground truth labels are available
for the same points, the cross-entropy loss on the points can
be applied, with the gradients propagated by bilinear inter-
polation.

However, the point-supervised approach may fail in
intra-class occlusion scenarios due to multiple overlapping
instances from the same category. As an improvement, we
not only introduce layer priors to represent multilayer im-
age structure, but also adopt the Cascade strategy which is
more effective for intra-class overlap.

We utilised a 3-stage cascade training strategy [3] that
considers three IoU thresholds (0.5, 0.6, 0.7, respectively)
instead of one to improve the quality of the detection. De-
tection is the first stage of our two-stage process, so a
high-quality detector is crucial for subsequent segmenta-
tion. Cascade training uses the previous stage’s output as
input for the next stage, effectively adapting to the different
input proposals.

4.3. Augmentation

Point-based Augmentation. The limited number of
available data points may lead to a performance gap be-
tween point supervision and full supervision as training
grows. To avoid this, we adopt the point-based data aug-
mentation in [5], where 5 points are randomly sub-sampled
in each training iteration instead of using all 10 points.

Test-Time Augmentation. As opposed to most data
augmentation techniques which augment data during the
training phase, Test-Time Augmentation (TTA) is com-
monly used to generate more robust predictions in the test-
ing phase [12, 17, 28]. Using TTA, the model gives a final
output according to the average of the predictions made by
multiple transformed versions of a given test image.

5. Experiments
5.1. Experimental Setup

Datasets. All experiments are conducted on our new
datasets due to the lack of existing intra-class occlusion
amodal datasets. We train models on the split of Intra-
AFruit’s training set (210K images) with the same settings
and evaluate performance on the split of Intra-AFruit’s test
set. To further investigate the predictive capability of mod-
els in unseen scenes, we validate their generalization abil-
ity using real images and the Inter-AMix dataset containing
inter-class occlusion scenes. By testing the models trained
on our synthetic dataset on real images, we can assess their
potential for real-world applications. Also, segmenting the
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(b) Implicit PointRend (c) Ours: PLIn(a) Input image

Figure 7. Qualitative results comparison of the amodal mask
predictions on (a) an Intra-AFruit test image by (b) Implicit
PointRend [5] and (c) ours, both using the same experimen-
tal setup and point-based supervision, where PLIn detects all
instances in the proximity ROIs and provides more reasonable
amodal masks prediction.

Ablation Study
Intra-class occlusion
Intra-AFruit test set

LP Cascade TTA APBox ↑ APMask ↑ FPS ↑
71.984 74.995 67.107

✓ 80.656 84.202 67.204
✓ 82.892 80.911 57.768

✓ ✓ 88.668 86.187 22.126
✓ ✓ ✓ 88.722 87.410 2.841

Table 3. Ablation study of our architectures. LP refers to Layer
Priors. The top row is the baseline method, Implicit PointRend [5].
All models use a ResNet-50-FPN backbone [12, 21].

Ablation study APMask ↑ in classifying by layer order number
L0 L1 L2 L3 L4

Layer Priors only 92.710 78.325 52.682 29.079 16.212
+ Cascade 94.432 80.831 56.487 34.010 19.551
+ TTA 95.487 83.176 58.208 35.330 20.821

Table 4. Performance by layer on the Intra-AFruit test set. We
consider layer order rather than object category as the evaluation
criterion. The fully visible layer 0 (L0) is predicted with the high-
est accuracy, while the deeper layers are less predictable. Never-
theless, the use of the Cascade training strategy brings better pre-
diction performance to every layer.

amodal mask for Inter-AMix images is much more diffi-
cult as the model has only seen intra-class occlusion during
training.

Note that the fully supervised methods are supervised
with full amodal instance mask annotations, while the point
supervised methods use only 10 labelled points.

Evaluation Metrics. We adopt the average precision
(AP) of the standard COCO-style [22], averaged over IoU
thresholds from 0.5 to 0.95 with a step size of 0.05.

5.2. Ablation Study

We follow the idea of collecting 10 points for each in-
stance in [5], which is a trade-off between annotator work-
load and model performance. As our model performs seg-
mentation and layer order prediction simultaneously, in this

section, we evaluate it from both perspectives.
We validate the effectiveness of different components

proposed for PLIn. Tab. 3 presents quantitative compar-
isons of some ablation experiments performed on our Intra-
AFruit dataset. To fairly compare the predictive power in
instance amodal bounding boxes and masks, we ignore the
predictive power for the instance layer here. We extend
the existing SOTA point supervision approach for modal in-
stance segmentation [5] to amodal intra-class instance seg-
mentation by introducing layer priors and Cascade strategy.
Both the introduction of the layer priors to modelling and
the use of the Cascade strategy produced noticeable im-
provements compared to the baseline, where using only the
layer priors obtained a better APMask and the only Cascade
strategy achieved a better APBox. The results demonstrate
that by incorporating the layer priors and the Cascade strat-
egy, PLIn achieves better overall performance. In particu-
lar, as shown in Fig. 7, for images with multiple overlapping
objects of the same category in neighbouring ROIs, PLIn’s
design reduces mask conflict between highly overlapping
instances. TTA also slightly improves performance.

Further exploration of the performance of the different
layers based on layer priors is shown in Tab. 4. Instead of
treating object categories as a basis for classification, we use
the layer order of the instances without regard to item cat-
egories because we try to analyse the effect of the Cascade
strategy and TTA on the performance of different layers.

A typical failure mode we observed was unobstructed in-
stances at layer 0 having the highest AP, while instances at
deeper layers are harder to predict. This may be because the
highly occluded objects are more challenging, but it’s also
worth noting that deeper layers have far fewer training in-
stances (refer to Fig. 4). From the results, we can conclude
that the models using the Cascade strategy show better per-
formance at every layer level, while the one using TTA as
post-processing achieves the best performance at most layer
levels. Overall, introducing the layer priors empowers the
model to better predict the layer in which the instance falls.
At the same time, further incorporating the Cascade train-
ing strategy and TTA post-processing improves the amodal
segmentation results for all occlusion layer levels.

5.3. Comparisons to Other Networks

We compare our method with the SOTA instance seg-
mentation methods with the same ResNet-50-FPN [12, 21]
backbone. All methods are trained on the Intra-AFruit train-
ing set with the same experimental setup and use ImageNet
[17] pre-trained weights. TTA was omitted in all methods
(including ours) as it is time-consuming but produced lim-
ited improvement (see Tab. 3).

We present a qualitative comparison of existing instance
segmentation methods on an Intra-AFruit test image with
severe intra-class occlusion in Fig. 8. In the top example,
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(a) Input Image (b) Ground-truth (c) Ours: PLIn*  (d) Mask R-CNN  (e) Cascade R-CNN (f) ORCNN* (g) CenterMask  (h) PointRend  (i) PointSup  (j) AISFormer*
 Figure 8. Qualitative results comparison of the amodal instance masks predictions on our Intra-AFruit test set (top) and a real-world image

(bottom) by d) Mask R-CNN [11], e) Cascade R-CNN [3], f) ORCNN [10], g) CenterMask [20], h) PointRend [16], i) PointSup [5], j)
AISFormer [30] and c) Ours. * Indicates methods designed specifically for amodal mask prediction. We show predictions with confidence
greater than 0.5. We also give the estimated amodal bounding boxes as a reference for detection. Some methods fail to detect adjacent
instances while others yield less reasonable estimates compared to ours.

Method Supervision Intra-AFruit test set Inter-AMix Real images
(Init. designed*) APBox ↑ APMask ↑ APMask

50 ↑ APMask
75 ↑ APBox ↑ APMask ↑ APBox ↑ APMask ↑

Mask R-CNN [11] full mask (Modal) 72.068 70.022 90.428 76.991 62.904 61.420 42.645 40.243
Cascade R-CNN [3] full mask (Modal) 81.694 74.598 89.871 82.311 71.629 65.221 54.464 48.010
ORCNN [10] full mask (Amodal) 73.381 70.932 90.717 78.231 63.901 61.920 28.508 25.909
CenterMask [20] full mask (Modal) 78.296 76.315 95.211 82.039 61.982 60.313 39.583 37.422
PointRend [16] full mask (Modal) 72.461 76.194 90.956 82.285 63.409 66.399 45.494 46.445
PointSup [5] 10 points (Modal) 73.093 76.552 92.428 83.767 64.582 67.771 49.233 52.178
AISFormer [30] full mask (Amodal) 73.745 76.031 93.271 84.520 62.530 63.394 33.858 33.705

PLIn (Ours) 10 points (Amodal) 88.668 86.187 96.985 92.488 68.852 68.060 63.300 62.378

Table 5. Comparison of our approach and other alternatives. PLIn using only 10-point supervision achieves the best results on the Intra-
AFruit test set, and shows better generalisation than most above methods on the Inter-AMix test set. * Indicates whether a method was
initially designed for amodal or modal instance segmentation.

Method Supervision ACom test set
(Init. designed*) APBox ↑ APMask ↑

BoxTeacher [6] Weak (Modal) 55.942 40.663
PointSup [5] Weak (Modal) 48.680 44.008
BoxInst [29] Weak (Modal) 51.740 23.408
AISFormer [30] Full (Amodal) 53.100 43.411
PointRend [16] Full (Amodal) 49.019 46.813

PLIn (Ours) Weak (Amodal) 58.190 50.127

Table 6. Comparison of our approach and other alternatives on
ACom. PLIn outperforms other methods on the ACom test set.

PLIn predicts more reasonable bounding boxes and shapes
for the two instances at the top of the image, despite being
heavily occluded from each other. In the bottom example,
PLIn predicts more reasonable shapes for both fully visible
and partially occluded objects in a realistic image.

As seen in Tab. 5, with the introduction of the layer pri-
ors, our weakly supervised method outperforms the best-
available methods by more than 9.63% in APMask and
more than 6.97% in APBox on the Intra-AFruit test set of
intra-class occlusion scenes. Regarding the generalisation
ability tested on the unseen Inter-AMix dataset, the mask
performance of PLIn is also optimal; although PLIn is sec-
ond in APBox to the fully supervised approach of [3], PLIn
is able to simultaneously perform layer order perception

while being trained using only 10-point supervision. PLIN
also outperforms other methods by a large margin on the
real images test set, proving that our weakly supervised ap-
proach has greater potential for generalisation to real im-
ages, where the annotation is expensive. We also conducted
experiments on the ACom dataset to verify the performance
of our approach on a broader range of objects beyond fruits
and vegetables (see Tab. 6).

6. Conclusion
We present new datasets and a weakly supervised strat-

egy to solve the novel problem of amodal instance seg-
mentation with heavy intra-class occlusion. The datasets
with extensive annotation will facilitate future amodal com-
pletion tasks such as object order perception and inpaint-
ing. The proposed method effectively mitigates the nega-
tive impact of NMS on overlapping intra-class instances by
introducing layer priors, while applying point supervision
to amodal segmentation for the first time with an improved
training strategy for scenarios of intra-class occlusion. No-
tably, experiments show that our method performs better
than existing methods on our two synthetic intra-class oc-
clusion datasets and real images. Meanwhile, we provide a
benchmark for simultaneous amodal instance segmentation
and layer order perception.
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