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Abstract—The occlusion problem has consistently posed a
significant challenge in the field of segmentation. Most existing
segmentation methods require additional annotations and fail
to capture the contour information of occluded regions, thus
not truly addressing the occlusion issue. Although segmentation
tasks involving particle objects also suffer from occlusion prob-
lems, the homogeneity of particle objects offers new possibilities
for overcoming this challenge. In this paper, we propose an
occlusion segmentation framework for particle objects that does
not require additional annotations. This framework only ne-
cessitates instance-level segmentation labels to obtain complete
contour information of particle objects, including occluded re-
gions. First, we decompose the occlusion segmentation task into
a generic instance segmentation task and an occlusion repair
task for occluded objects. Then, in order to train the occlusion
repair model with only instance segmentation-level labels, we
quantitatively analyze the occlusion phenomenon, including the
mathematical descriptions of occlusion relationships, degrees,
and distributions. Next, we geometrically transform and layer
overlay the unobscured samples to construct occlusion samples
containing labeling information of the occluded regions. These
sample sets are used to train a generative model that predicts
the contour information of occluded regions. Finally, we fine-
tune or post-process the pre-segmentation model with the par-
ticle objects containing restored complete contour information
to achieve the final occlusion segmentation. We conducted
extensive ablation experiments on both the ore-particle dataset
and publicly available cell-particle datasets. The experimental
results validate the effectiveness, accuracy, and generalizability
of our method.

Note to Practitioners—Particle segmentation has been faced
with the occlusion problem. In this paper, inspired by the
similarity between particle objects, we propose a self-supervised
occlusion segmentation framework that does not require addi-
tional annotation of occlusion layers. Our approach requires
only instance segmentation level annotation without more
complex additional manual annotation, which is crucial for
practical applications. In addition, we decouple the complex
occlusion relation modeling into a binary classification problem
without knowing precisely the occlusion hierarchy between
particles, which further reduces the difficulty of practical
applications. Then, we also propose shading transformations to
characterize the inter-particle shading distribution to construct
shading sample sets from existing samples. Finally, we use these
learned and constructed occlusion sample sets to pre-train the
generative model for regenerating the occluded objects to com-
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plete the final occlusion segmentation. Although in a generic
segmentation task, our approach may have some limitations
because the segmented objects may not have an apparent
similarity. However, our approach using self-supervision and
the objects’ properties provides valuable ideas for solving the
occlusion problem. In the future, we will solve the occlusion
problem regarding the properties of each class of objects rather
than just considering the similarity among particle objects.

Index Terms—Occlusion Segmentation, Self-supervised
Learning, Occlusion Modeling, Particle Objects, Generative
Model.

I. INTRODUCTION

ARTICLES are the minor constituent units in nature

that describe natural objects, just as pixels are to images
and voxels are to volume data. From a microscopic perspec-
tive, atoms, molecules, cells, etc., are the smallest particles
that make up all matter. From a macroscopic viewpoint,
small objects with specific shapes, such as gravel, droplets,
and bubbles, are also particles. By studying the properties of
particles in terms of size, number, shape, and distribution,
we can theoretically dissect any complex object in nature
gradually. For example, in process monitoring in the process
industry, the particle size distribution of an ore pile is
calculated by segmenting and extracting the particle objects
in the ore image [1]. In biomedicine, the edges of cells are
extracted by segmentation to identify cell types [2]. With the
gradual implementation and application of computer vision
technology, particle segmentation has gradually become a
challenging and distinctive vision task [3], [4].

Like existing general-purpose segmentation tasks, particle
segmentation faces the problem of mutual occlusion between
objects due to the large number of objects to be segmented,
as shown in Fig. 1. In generic segmentation tasks, occlusions
obscure parts of objects, and due to the significantly dif-
ferent contour characteristics of segmented objects (as they
are inherently distinct), it becomes challenging to identify
effective patterns. This results in two major difficulties:

(1) The occluded information increases the difficulty for
conventional segmentation models to extract the visible
contours of objects, as the contours of occluded objects have
been altered. To address this issue, some existing methods
have attempted to improve segmentation accuracy in the
presence of occlusions by incorporating a large amount of
high-quality manually labeled data that includes occlusion
relationships [5], [6]. However, in practical applications, due



to factors such as cost, it is often difficult to provide the
required large amount of manual label data.

(2) The occluded information contains parts of the actual
contour information of objects, and conventional segmen-
tation models are almost unable to predict the complete
contour information. According to our research, there are
currently few segmentation methods that can accurately
extract the complete contour information of objects in the
presence of occlusions. Most current segmentation models
for occluded objects only achieve segmentation of the visible
regions. Requiring the segmentation model to predict the
contours of occluded parts while also segmenting the visi-
ble region’s contours poses significant challenges to model
design and data labeling.

In contrast, in particle segmentation tasks, occlusions
differ somewhat from those in generic segmentation tasks.
particle segmentation objects often have similar contour
characteristics because they belong to the same category
of objects and typically appear in groups or piles, sharing
certain similarities in appearance contours. Therefore, this
paper leverages the homogeneity of particle objects to focus
on solving the occlusion problem in particle segmentation.
We first transform the occlusion segmentation task into a
generalized instance segmentation task with an occlusion
repair task for occluded objects. Then we utilize the ho-
mogeneity of particle objects to construct the existing un-
obscured data samples with labeling information via planar
geometric transformation and layer superposition to train and
evaluate the occlusion repair model. The main contributions
of this paper are as follows:

1. We propose a self-supervised occlusion segmentation
framework for particle objects that does not require addi-
tional labeling of occlusion layers. This method only requires
instance-level segmentation annotations without the need for
more complex additional manual annotations.

2. We model the complex occlusion relationships as a
binary classification problem of distinguishing whether an
object is occluded or not, without the need to precisely know
the layer relationships between particles. Additionally, we
propose an occlusion transformation (randomly combined
planar geometric transformations) to quantify and represent
the degree of occlusion between particles.

3. We learn from existing samples which have complete
contour information to construct a high-confidence occlusion
sample set, and pre-train a generative model for the occluded
regions based on this. The final occlusion segmentation is
completed via fine-tuning the pre-segmentation model and
post-processing.

II. RELATED WORK
A. Occlusion Segmentation Without Additional Annotation

To our knowledge, there are currently few segmenta-
tion methods specifically addressing the occlusion problem.
Some studies consider occlusion merely as an interference
that hinders recognition and impacts overall accuracy. The
primary goal remains to identify the visible, unoccluded

Figure 1. Object occlusion leads to incorrect segmentation. (a) is a input
image; (b) is a segmented image with UNet; (c) is GroundTruth. UP
represents a kind of unobscured particles, and OP indicates a kind of
obscured particles. The yellow curve represents the real boundary of OPs.

pixels without obtaining the complete contours of objects,
thus these methods can still be used without introducing
additional annotations. For example, Zhou et al. designed
a feature extractor to extract enough scene information to
solve the occlusion problem [7]. However, this method is
extraordinarily sample-dependent and cannot guarantee the
accuracy of the results. Liu et al. proposed optimizing
pseudo-label performance via physical methods such as
skeleton guidance, and then improving segmentation perfor-
mance under occlusion via semi-supervised hybrid training
[8]. Although this method does not rely on a large number
of high-quality samples, it still cannot accurately identify the
pixel classes of the occluded regions. Liang et al. introduced
a Proposal-free Network to segment objects under occlusion,
but their approach cannot capture the complete contour
information of the occluded parts [9]. Xie et al. leverage
scale-invariant feature transform flow and bilateral repre-
sentation to solve inconsistency under occlusion [10]. Chen
et al. determine the occlusion attribution among different
object instances solely based on similarity [11]. Wada et al.
combined semantic segmentation and instance segmentation,
predicting the occluded areas as a separate category [12].
Purkait et al. shifted their thinking by proposing grouped
semantic segmentation method to perform complete seg-
mentation of objects in the scene separately. While these
methods do not require additional annotation information,
they cannot extract the contour information of objects in
the occluded regions. Some researchers have proposed un-
supervised methods; Koichiro et al. proposed a slanted plane
model to obtain occlusion boundaries. Current segmentation
methods often have low accuracy and struggle to handle
occlusion interference effectively. Our new method uses self-
supervised learning to create a fresh occlusion dataset with
label information from the existing unoccluded dataset. This
new dataset follows the basic occlusion law, ensuring reliable
model learning without the need for additional manual
labeling. Instead, the model can be trained under supervision
using the automatically generated new masking dataset.

B. Occlusion Segmentation Requiring Additional Annotation

Some researchers have enhanced segmentation accuracy
under occlusion by introducing a substantial amount of
additional annotated information to disentangle complex



occlusion relationships and directly predict the contours of
occluded regions [13]. For instance, Chen et al. utilized
GANSs to represent the mapping between regular segmen-
tation and occlusion segmentation, generating results based
on regular segmentation inputs [14]. This method, while
more reliable than previous approaches, heavily depends
on the performance of the sample data for both training
and inference. Purkait et al. adopted a different strategy
by proposing a grouped semantic segmentation method,
which performs complete segmentation of objects in a
scene separately [15]. Although this method achieves better
recognition results in occluded regions, it requires additional
annotations and inferences for the occlusion order of objects.
John et al. introduced the Layout Consistent Random Field
to segment partially occluded objects, but their approach
necessitates additional annotations to specify the occlusion
relationships between adjacent nodes [16]. Even though
current segmentation methods can identify object contours
in occluded areas, they need a lot of detailed annotation
information [5], [17], [18]. This kind of information is hard
to gather via manual labeling in real-world applications.
To solve this problem, our method suggests a new self-
supervised learning approach to automatically create many
samples with labels from an existing dataset. These samples
are produced as layered overlays. Real occlusion happens
when different targets overlap in layers. Because of this,
the new samples can provide a large amount of high-quality
labeling information, even without manual annotation. This
ensures that the target model can be trained effectively.

C. Self-supervised Learning

Supervised learning depends on a lot of high-quality
labeled data, which has held back its progress. Luckily,
research now focuses on self-supervised learning, which
needs fewer labels and samples. To improve occlusion
segmentation research, we’re thinking about using self-
supervised learning because it requires fewer labels and
samples. The term “self-supervised learning” first appeared
in robotics, where training data is automatically labeled
using input sensor signals. Current self-supervised learning
research is split into two main categories: generative and
contrastive [19]. Generative self-supervised learning uses
methods such as GAN, VAE, and diffusion to restore the
original data distribution without making assumptions about
downstream tasks [20]—[22]. Generative models can learn the
deep structure and features of data by creating or generating
data, providing rich representations with strong diversity and
adaptability. Additionally, they are often easier to understand
because they directly generate or reconstruct data. However,
training generative models (e.g., GANs) is complex and
unstable, requiring large amounts of computational resources
and data. They may suffer from issues like Mode Col-
lapse, needing fine-tuning and stable training techniques
[23]. Contrastive self-supervised learning is closely related
to metric learning, effectively capturing the global and
local structure of the data, which improves the model’s

performance in downstream tasks. This approach does not
require manual labeling of data and can fully use a large
amount of unlabeled data for training, reducing the cost
and difficulty of data labeling. Since the contrast learning
method needs to maximize the similarity between different
views, the model is more robust to data distortion and
noise, and can better adapt to the complexity of practical
applications. However, it usually requires the computation
of a large number of similarity matrices, especially when
training on large-scale datasets, with high computational and
storage costs. Effective contrast learning tasks and data en-
hancement strategies require extensive experimentation and
tuning to ensure that the model learns meaningful features.
The selection of appropriate negative samples significantly
impacts the model’s performance, with improper selection
potentially leading to poor training results. The occlusion
segmentation problem deals with finding the outline and
position of a target when there are overlapping targets.
Using instance segmentation seems like a logical approach
to address the occlusion problem. Generative self-supervised
learning can provide extra labeling information, which is
a unique advantage. Therefore, we propose to combine in-
stance segmentation with generative self-supervised learning
to extract complete contour information of objects, including
occluded regions, without needing additional annotations.
This effectively solves the occlusion problem in particle
segmentation by leveraging a large amount of occlusion
data with labeling information obtained via image restoration
models.

III. METHODOLOGY
A. Motivation

Without additional labeling of the occluded region (with
only instance segmentation-level labels), the model itself
cannot directly obtain any information about the occluded
region. Therefore, most existing segmentation methods can-
not accurately predict the invisible region when other objects
partially obscure the object. So, we consider generating those
invisible regions by learning essential information from the
existing labels. The segmentation model can then make more
accurate predictions for those generated invisible regions.
Precisely, our SOPS network architecture consists of the
following: (1) A pre-segmentation model f,. for generating
coarse segmentation images. (2) A self-supervised image
restoration sub-network for recovering the obscured mask.
(3) Fine-tuning or post-processing of the fp,. using the
output of the repair sub-network.

B. Pre-Segmentation Model

The structure of the decoder needs to be discussed cate-
gorically. One is that the pre-segmentation model contains a
classification branch, such as some instance segmentation
models Mask RCNN, etc [24]. We will denote the pre-
segmentation models as fs,.. The other is that the pre-
segmentation model does not contain a classification branch
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Figure 2. The structure of our SOPS. The ”/” in the figure indicates that the class of particles is classified by an unsupervised clustering method if a
pre-segmentation model without classification branches is used. The blue arrows in the figure indicate the proposed occlusion transformation and the red

arrows indicate the proposed occlusion mask generation algorithm.

foniys> such as SAM and other segmentation models [25].
The following discussion on encoders is for fq,. as a pre-
segmentation model.

1) Encoder:

a) Feature Extractor: For feature extraction of the
input image, we first use ResNet-50, pre-trained on the large-
scale image classification task ImageNet [26], for parameter
initialization. Then the feature maps of Conv2 (Layerl),
Conv3 (Layer2), Conv4 (Layer3), and Conv5 (Layerd4) of
ResNet are taken out and put into the FPN for operation [27].
FPN is an efficient backbone using a top-down architecture
to build an intra-network feature pyramid from a single
input scale via lateral connections. Therefore, we use the
ResNet-FPN backbone for feature extraction with significant
improvements in accuracy and speed.

b) Head: For the network head, we pay close attention
to the architecture proposed in the previous work. We use a
convolutional network as a mask prediction head. Then we
use the Faster R-CNN box head as the boundary prediction
head [28].

{ Ynclass,yﬁ”eg = fclass(few(lixj))
ernask = fmask(fea:(Iin))

where Y158 = [ys y¢, ... yS_,] indicates the categorie of
objects. Y,mask = [ym ym 4™ ] indicates the mask of
objects. f., indicate the feature extraction.

6]

2) Decoder:

a) Mask Decoder: Mask Decoder is a decoder used to
generate masks. As a more general structure in the network,
the decoder structure in CNN networks such as FCN and
UNet can be used [29], [30]. In this paper, the decoder
structure in UNet is used. We note that our Mask Encoder
has a straightforward structure. More complex designs have
the potential to improve performance but are not the focus
of this work.

b) classification Decoder/Method: When fu.c = fsac,
the subsequent training of the fy,. can be regarded as fine-
tuning. When fpre = foniys, the fpre does not need to be
trained again, and the subsequent work can be regarded as
post-processing of the fp.. results. Moreover, to apply the
fpre without the classification branch, we use an unsuper-
vised method to distinguish the class of particles in the image
(occluded or unoccluded).

Specifically, we consider each particle object as an in-
dividual connected domain. Then we take the connected
domain as a sample and define the feature vector of this
sample according to the geometric features of the particle
as F = (%,Z—’z,j—f), where pp,,p. and ap,a. represent
the perimeter and area of the connected hull and connected
domains, respectively. dy indicates the farthest distance

from the convex defect to the convex hull. d, denotes the
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Figure 3. Occlusion samples and their components.

equivalent diameter of the connected domain area. Finally,
we apply the K-means clustering algorithm to unsupervised
learning of the samples to obtain the classification results of
the particles [8].

C. Occlusion Modeling

1) Occlusion Relationship: The occlusion problem in
particle segmentation contains two sub-problems: the occlu-
sion relationship and the occlusion distribution. Modeling
the occlusion relationship refers to the problem of figuring
out the occluder and the occluded. In practice, however, a
particle object can be both an occluder and an occluded
object (it can occlude another particle while being impeded
by other particles). Therefore, we model the problem of
characterizing the inter-particle occlusion relationship as a
dichotomous problem, i.e., we need to distinguish whether
a particle object is an occluded or unoccluded one. An object
is considered an occluded object if a pixel of any other
particle object appears on the complete image projection of
a particle object and, conversely, an unoccluded one. The
advantage of such modeling is that such a definition allows
one to distinguish between the two on the image clearly
and reduces the difficulty of constructing a sample set. The
classification of particle objects can be achieved using only
the instance segmentation level of annotation. Therefore,
we design a boundary prediction branch in the network
head, which outputs the class of particle objects inside the
bounding box while predicting the position and size of the
bounding box. According to the class of particle objects, we
also classify the output of the mask prediction branch into
two categories: occluded particle (OP) or unoccluded particle
(UP). OPs refer to particle objects that are partially occluded
in an image, and their projection on the image is incomplete;
UPs refer to particle objects that are not obscured by any
other objects in the image, and they can present a complete
projection in the image.

up _ Y?nask . Yclass
{ gp — Y:fnask . }N/Z:lass (2)

where y,.P refers to the set of UPs, and y2P refers to the set
of OPs. Y1455 refers to the category of particles (0 or 1),
and f’,flass represents the contrary categories of particles (1
or 0).

2) Occlusion Distribution: We model the occlusion dis-
tribution to find out what kind of distribution characteristics
the formation of the occlusion region on the image has. In
fact, with the above modeling of the occlusion relationship,

we can consider the occlusion formation as the result of the
intersection of the occluded and unoccluded objects formed
on the image by some geometric transformations. There-
fore, we define the occlusion distribution as the geometric
transformation in the plane of two objects with an occlusion
relationship. The geometric transformations in the plane
include translation (Az,Ay), rotation 6, scaling (s, s,)
and miscut (tana,tan ) parameters. Let the coordinates
of the image before the transformation be (xg,yo) and the
image coordinates after the transformation be (z,y). When
the image is only rotated, we have zg = r cos~y, yg = rsin~y
and x = rcos(y+46),y = rsin(y+0), where (r,~) indicates
the polar coordinates. So, we can get

T cosf) —sinf 0 To o
y | = | sinf@ cosf O v | =R | v
1 0 0 1 1 1

3
When the image is scaled, translated, and miscut, we have
T = s,%0 + Ax +yotan o,y = syyo + Ay + xo tan 3, then
we have

x sy tana Ax o To
y | =| tanB s, Ay Yo | =T | o
1 0 0 1 1 1
4)

To introduce the occlusion relationship, we unify the above
transformations as

x sy tana Ax o To
y |=|tanf s, Ay |R| y |=P| yo
c 0 0 c 1 1

where c represents the categorie of particle objects. In
addition, due to the constraints of image size and occlusion
relationship, there are boundary values for the occlusion
transformation between two particle objects.

Ty — Sg <X < Ty + 7Ty — Sz
st Ty =Sy <y<ry+ry—>5, (6)
—r<b,a,B<T

where 7, ry, 7, and 7, denote the center point coordinates
and width and height of the minimum outer rectangle of
yg"t, which are mainly used to characterize the approximate
contour of OPs. Constraining (z, y) to this range ensures that
the constructed occlusion samples have overlapping areas as
much as possible. s, and s, denote the size of the y!°?
cropped image, usually set to 256 or 512.

Therefore, a region with occlusion can be considered as
the result of a superposition of both the OP and UP images
after a series of geometric transformation, which we call the
occlusion transformation P.

k
y'or=>"P-y? (7)
i=1

where y;” indicates the mask label of particle objects. k
indicates that the particle is obscured by k other particles.
y'°P denotes the particle that obscures other particles in the
constructed occlusion sample.



Up to this point, the samples can be obtained by de-
termining the parameters of the occlusion transformation
via random sampling. If a particle has been obscured by
multiple particles simultaneously, it is only necessary to
reconsider the already generated sample as an obscured
sample. Then the occlusion transformation can be performed
with a randomly sampled UP, and so on.

D. Self-supervisied Occlusion Repair

1) Occlusion Samples: We now understand the occlusion
problem better, but we still need to deal with the interference
it causes. Our goal is to extract important information from
particle objects that are not obscured, without needing extra
annotations to address the occlusion problem. However,
getting information directly from unobscured particle objects
doesn’t guarantee its accuracy and validity. So, we’ll use the
occlusion problem model to create a sample set that shows
the occlusion relationship and distribution of unobscured
particle objects. After that, we’ll use this sample set to train
an image restoration model that can fix the obscured areas.

Specifically, we first randomly sample two particle objects
from the unobscured particle objects Y, and use one of
them as the unobscured object yzt,‘”’ and the other as the
obscured object y2°*. Next, the y/°? and y2°* are transformed
on an image F), ;, by the occlusion transformation, and their
intersection I, , is created. The yé’(’t is labeled as yiqpel,
and the difference between the y°* and intersection I, 4 is
labeled as ;ypu¢. Since there are often some blank pixels
in the boundaries between particle objects in the ordinary
semantic segmentation results, these pixels break the conti-
nuity of the distribution between particles. The pixels in the
occluded region should have obvious continuity. Therefore,
to compensate for this continuity, we design the mask as the
difference between the convex hull of the concatenated set

of ! and y!°" and the input, as shown in Fig. 3.

Yinput = ygm - ;ﬁ)op N ySOt
Yupmask = fc(y;fjop U ngt) — Yinput (8)

_ , bot
Yiabel =Yg’

where f. indicates the computation of convex hulls.

2) Generate Occlusion Mask: In constructing the occlu-
sion samples, the occlusion masks Yopmast Of the training
samples can be easily obtained by the occlusion transforma-
tion and Equation. 8. However, when the occlusion samples
are input in the generator, the Yopmask Of the occlusion
samples cannot be obtained directly. Therefore, we design
an unsupervised method to directly obtain the yopmask Of
the occluded samples to enable the generator to repair the
occluded regions. First, we use Graham’s Scan method to
compute the convex hull of each particle objects with a space
complexity of O(1) and a time complexity of O(nlgn) [31].
Then, if there is an intersection between the convex hull
of the current OP and other convex hull, the Equation. 9 is
executed to calculate the y,pmasi Of the OP. The reason why
convex hull are used for discrimination is because in instance
segmentation, the edges between different objects may be

background, so two objects that do not have intersection
in the segmentation result may still have an occlusion
relationship.

Yopmask = fc(yop U ycloser) - yop

ycloser(yap) = arg fe(w°P)n fc(y;‘)p) # 0 ©
F€[0,M)

where M denotes the number of OPs. y°/°*¢" indicates those

particles that have intersection with the convex hull of the
current y°P.

3) Occlusion Recovery Sub-network: We feed the gener-
ated set of occlusion samples into the generative network,
as shown in Fig. 4. By training, we obtain the generator G
that can repair the obscured regions of particles. Then the
OP samples are fed into G one by one to obtain the mask of
restored OPs (ROP) 4"°P. The y"°P is more realistic than the
y°P, although not necessarily closer to the label. However,
we would like to use the y"°P to optimize the mask branch’s
prediction results continuously. Therefore, when the f,,.. is
fsac,» we use the generated y"°P to fine-tune its mask branch
on the pre-segmentation model. It is then added to the mask
branch to help it produce results closer to the y"°P at the
initial prediction. When the fp,. i foniys, the generated
y"°P is replaced sequentially with the positions of the y°?
in the prediction results.

M-1
Y:ffine(fsacy Z y:0p+Ymask) 7iffpre :fsac
Mot Y
Y = Z yirop + Ymask: ’ iffpre = fonlys
=0 (10)
where fyine denotes the fine-tuning of the fy..

We selected PEN-Net from many generative models and
trained its generator as our generator [32]. PEN-Net can
restore an image by encoding contextual semantics from
full-resolution input and decoding the learned semantic
features into images. The pseudo-code of our proposed self-
supervision occlusion repair (SOR) is shown in Alg. 1.

E. Loss

The overall loss of the perspective segmentation network
contains the loss of the mask prediction branch, the loss of
the SOR pre-training model, and the loss of the SOR pre-
training model fine-tuning. In the perspective segmentation
network, the SOR model actually performs the function of
online fine-tuning and testing. The SOR pre-training model
is obtained by training in advance with the labels of the
original image. Therefore, the loss of the SOR pre-training
model is defined as follows:

L. = AOLrec + AlLad'U

pre

(11)

where L,.. indicates the reconstruction loss between the
generated result and the label, e.g. Ly loss. L4, denotes the
adversarial loss that distinguishes the restored graph from the
original graph, as defined in GAN [33].
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The loss of the mask prediction branch usually uses the
traditional cross-entropy loss. In training the perspective seg-
mentation network, it is impossible to directly train the UPs
with Ly loss in the SOR pre-training model because these
data are not labeled. Therefore, we exploit the homology and
homogeneity of homogeneous particle objects, where these
particles have similar geometric features (Hu moment) on
the image [34]. We want to use this similarity to constrain the
training of the sub-network. The loss for subsequent training
of the SOR pre-training model is defined as follows:

M—-1
e = MLop +Xs Y Hu(y;”,g"")
=0 (12)
6 |n h,f"—ln|h,i3|
Hu(A B) = o S| WA

where h; denotes a term in the Hu moment. Lo g denotes
the cross-entropy function. 7“? represents the average mask
of UPs. M denotes the number of OP. Ay, A1, A2, A3 repre-
sent the coefficients.

IV. EXPERIMENT
A. Dataset and Experimental Platform

Ore and cell segmentation has been one of the hot issues
in industrial and biomedical research. Moreover, ores and
cells are also very classical particle objects. Therefore, we
consider validating our method with ore and cell datasets.

Algorithm 1 Self-supervised Occlusion Repair Algorithm
Input: Occluded particles y°P and unoccluded particles 3“7
Output: The restored occluded particles y"°P

1: for each i € [0,len(y“?)] do

) ybot — yzlp

3 for each j € [0, len(y“?)] do
4: if i! = j then

5. ytop =-P. y;fp
6
7

8
9

OS(yinput7 Yupmask ylabel) = yt(’p + ybOt

end if
end for
: end for
0: Training a Generative Model fgs by OS.

11: Y™ = fam(y°?)

—_

According to our research, there is no publicly available
dataset for ore particle segmentation. So, we made a dataset
for ore particle segmentation by ourselves. To obtain the ore
images, we installed industrial cameras and other equipment
on the feed belt of a blast furnace in a steel plant. Fifty-
six 2176*808 non-duplicate images were selected from the
collected images as the tagging dataset. The label drawing
tool manually labeled the 56 images by tagging pixels as
background, obscured particles, and unobscured particles.
These samples were made into a training set, a validation
set, and a test set in the ratio of 6:1:1. 2100 256*256 labeled



Figure 5. Test results under the annotation of the occlusion segmentation
level. (a) origin images; (b) SAM; (c) SAM+Ours; (d) GroundTruth. The
same number in different samples indicates the same ore particle.

images were obtained by data enhancement.

In addition, we have tested on LIVECELL, a currently
open-source biomedical cell segmentation dataset [35]. This
paper configures the experimental hardware environment as
Intel core 19-9900K 3.6 GHz 32 GB and NVIDIA GeForce
RTX2080TT 11 GB. The software environment is configured
as Python 3.7.6, PyTorch 1.4.0, CUDA 10.1, and CUDNN
7.6.5. Adam is employed for optimization with the learning
rate set to 1 x 104, where a cosine annealing learning rate
scheduling policy is adopted to adjust the learning rate with
a minimum value of 1 x 1079 in the last epoch. The weight
decay is set to 1 x 1078,

B. Evaluation Metrics

Our segmentation results can be considered as containing
two parts. One part is the regular segmentation results
of unobscured particles with label supervision, which we
evaluate with mIoU. The other part is the segmentation
and prediction result of unlabeled particles without label
supervision, which we evaluate by the image moment Hu.
The particle objects we focus on can change the shape of
the particle objects projected onto the image as we adopt
different poses and devices. The Hu moment of an image
is precisely an image feature with translation, rotation, and
scale invariance. Therefore, due to the high similarity of
shape features between similar particles (particle homogene-
ity), we can use the Hu moments of the extracted intact
particles to assess the degree of recovery of those obscured
particles that have been repaired. So, we evaluate the two
components separately and then fuse them to obtain the
occlusion segmentation accuracy (OSA).

N—-1 1 M-1N-1
S o+ & S Hul
1=0

j=0 k=0

(13)
where h; represents the Hu moments, which contains seven
components. y,” represents the mask of UP, and y;””
indicates the mask predicted by the generative model. IToU;
indicates the intersection over union. /N denotes the number
of UP, and M denotes the number of OP.

1

A= ——
OSA=Nim

Table T
COMPARISON OF ACCURACY AND EFFICIENCY OF DIFFERENT
OCCLUSION SEGMENTATION METHODS

Dataset Method mloU(1)* Hu(1) OSA(T)* FPS
UNet [30] 8337 6242 7783 5.01

Mask RCNN [24] 8222 7323 79.84 323

Ore BCNet [5] 83.54 7855 8222 1.81
SAM [25] 84.63 76.14 8238  0.72

ORCNN [6] 83.28 7521 8115 210

Mask RCNN+Ours ~ 83.31 8390 8347 1.65
SAM+Ours 85.15 8536 85.21 0.64

UNet 8440 6329 82.62 5.84

Mask RCNN 8334  76.18 8274 4.52

Cell BCNet 84.28 8297 84.17 279
SAM 8442  79.06 8397 1.01

ORCNN 83.56 7835 8312 321

Mask RCNN+QOurs  84.39 86.64 8498 252
SAM+Ours 85.97 87.83 86.13 0.83

*. Here mloU is calculated only for unobscured objects (Bold: best;
Underline: second best).

*. In this experiment, the percentage of UP and OP were 73.6% and
26.4% in the ore dataset, respectively; the percentage of UP and
OP were 91.6% and 8.4% in cell dataset, respectively. Therefore,
OSA = 0.736*mlIoU+0.264*Hu in the ore dataset and OSA =
0.916¥*mlIoU+0.084*Hu in the cell dataset.

C. Overall Accuracy and Efficiency Comparison

1) Comparison with other methods under the annotation
of the instance segmentation level: First, we selected the
classical algorithms UNet and Mask RCNN [24], [30] in
supervised semantic and instance segmentation to compare
the overall segmentation accuracy. We used them as the base-
line for some experiments, as shown in Fig. 6. By observing
the performance of the ore dataset in Tab. I, our methods
with Mask RCNN and SAM as the f,.. improve 1.09%
and 2.93%, respectively, over Mask RCNN in mloU. Then,
we selected the current cutting-edge occlusion segmentation
methods BCNet and ORCNN to compare their performance
on the occlusion problem [5], [6]. In the previous paper, we
proposed to use Hu to evaluate the degree of recovery of
OPs. Moreover, our methods with Mask RCNN and SAM
as the fp,. improve 6.76% and 9.22% over BCNet on Hu,
respectively. SAM is well known as one of the most cutting-
edge big models for vision today [25]. Our comparative
experiments also show that a better-performing pre-trained
model also leads to better overall performance of our model.
Thus our approach with SAM as the f,,. achieves the most
significant advantage in terms of overall accuracy. In terms
of efficiency, the FPS of our method is mostly the same
compared to the original method too.

2) Test results under the annotation of the occlusion
segmentation level: To further demonstrate the advantages
of our method in occlusion segmentation, we tested with
the same set of coke particle images in both the occluded
and unoccluded cases. With Fig. 5, it can be seen that our
method does perform better in terms of its ability to recover
the occluded region compared to other masking methods,
and is visually closer to the real label.

We analyze the following two reasons why the proposed
method performs better than existing occlusion segmentation



(e)

Figure 6. Comparison of results for selected test sets. (a) original inputs; (b) SAM; (c) SAM + RePaint; (d) Ours; (e) GroundTruth without invisible
area, where the blue area indicates obscured particles and the red area indicates unobscured particles. The areas marked by red lines in the figure indicate
the recognition results of invisible areas by occlusion segmentation. The first three images are from the ore particle dataset, and the last four images are
from the cellular particle dataset livecell.




Figure 7. Comparison of the restoration effect of different generation
models on obscured particles in ore particle dataset. (a) OP y°P; (b)
occlusion mask Yopmask; (€) y"°P by RePaint; (d) y"°P by PEN-Net.

methods. (a) Our method are more lenient on sample la-
beling. Most existing methods require additional annotation
of the occlusion layers in the samples in advance. They
must learn enough information from these additional annota-
tions to maintain high-accuracy segmentation performance.
Instead, as in our case, we just fuzzy classify the occlusion
relation (only into OP and UP). This fuzzy classification
labeling requirement can be easily satisfied in general in-
stance segmentation. (b) Our framework can leverage the
segmentation capabilities of a powerful f,.., after which
we can achieve our more advanced task goals via fine-
tuning or post-processing by a small number of samples.
In contrast, existing occlusion segmentation methods often
require retraining and thus still cannot escape from the
reliance on high-quality samples.

D. Ablation Experiments

1) Impact of different generative models on the results:
The generative model in this paper mainly undertakes to
repair the occluded area. We compare and analyze the frame-
work of the generative model and the generator’s design in
two aspects. First, we selected several mainstream generative
frameworks for comparative analysis: PICNet (based on
VAE [36]), Repaint (based on diffusion [37]), PConv, and
PEN-Net (based on GAN) [32], [38]-[40], as shown in Fig.
7. In the case of using the same generator, PEN-Net is the
best in Hu and OSA in the dataset used in this paper, as
shown in Tab. II. Then, we use different generators in PEN-
Net to perform a comparative analysis. By observing Tab. II,
we use the generator combination of UNet+ATN to perform
the best in all metrics.

We analyze several reasons for the generation of this
experimental result. (a) In this paper, the complexity of the

Table 11
EFFECT OF DIFFERENT GENERATIVE MODELS ON OCCLUSION

SEGMENTATION

Dataset Model” Generator mloU(T) Hu(1) OSA(T)
PICNet [38] UNet 83.12  80.82 8251

Ore PEN-Net [32] UNet 83.08 81.57 82.68
PConv [40] UNet 8222 79.64 81.53

RePaint [39] UNet 83.01 8130 82.55
PEN-Net(we used) UNet+ATN 83.31 83.90 83.47
PICNet UNet 84.15 83.13 83.88

Cell PEN-Net UNet 84.04 84.63 84.19
PConv UNet 83.15 8237 82.94

RePaint UNet 84.09 8444 84.18
PEN-Net(we used) UNet+ATN 84.39 86.64 84.98

* We use different generative model frameworks for training and
inference. In this ablation experiment, our network backbone and
fpre is ResNet-50+RPN and Mask RCNN.

Table III
COMPARISON OF ACCURACY AND EFFICIENCY OF DIFFERENT FEATURE
EXTRACTION MODULES

Backbone® mloU(T)  Hu(?) OSA(}) FPS
ResNet-34 81.23 83.36 81.79 2.97
ResNet-50 82.45 83.64 82.76 1.88
ResNet-101 83.54 83.99 83.65 0.69
ResNet-34+FPN 82.22 83.52 82.56 2.74
ResNet-50+FPN(Ours) 83.31 83.90 83.47 1.65
ResNet-101+FPN 83.77 84.28 83.90 0.56

*_ In this ablation experiment, we use the PEN-Net as the generative
model, as shown in Fig. 4.

generation task is low because both the input and output
results are binary images. Some more complex training ar-
chitectures (VAE, diffusion, etc.) do not necessarily achieve
better training results. The classical GAN architecture still
achieves better results in this paper. (b) Our mask is more
complex, so the generator may need to consider how to
learn more valuable features from the mask. From the
experimental results, ATN, a sub-network that can better
aggregate the input and mask’s deeper features, can improve
overall performance.

2) Effect of feature extraction models on the results:
When we choose Mask RCNN as the fp.., the results
differ when different feature extraction modules are chosen.
We conducted a comparison experiment with ResNet and
FPN [27], [41], as shown in Tab. III. It can be seen that
ResNet+FPN has better feature extraction results in the
method of this paper. Moreover, the accuracy of segmenta-
tion results gradually increases as the parameters of ResNet
keep increasing. However, the improved accuracy of ResNet-
101 compared with ResNet-50 is minimal, and it loses a
lot of efficiencies, which seems to reach the bottleneck.
FPN uses a top-down architecture to build an intra-network
feature pyramid by connecting laterally from a single input
scale. The addition of FPN allows ResNet to extract multi-
scale features more efficiently. Therefore, ResNet-50+FPN
is chosen as our feature extraction module in this paper.



E. Limitations and Future Research

The most ingenious processing in this paper is to use self-
supervised learning to learn complete contour information
from homogeneous complete particle objects, and then repair
and extract those occluded contour information. This method
allows for the reconstruction and extraction of occluded
contour information. However, if the contour information
between the unoccluded and occluded objects lacks sufficient
similarity, it may adversely affect the outcomes of the
self-supervised learning process. Consequently, acquiring
adequate contour information of the occluded object via self-
supervised learning alone can be challenging. To address this
limitation, future work could involve incorporating a small
number of labeled samples to provide additional contour
information about the occluded objects, thereby enhancing
the model’s overall performance. Alternatively, we could
consider modeling the contour correlation between unoc-
cluded and occluded objects within the image. Leveraging
the results of this modeling could assist the model in
accurately predicting the contours of occluded objects.

V. CONCLUSION

The occlusion problem in segmentation has long been
challenging. Most existing methods require additional anno-
tations and struggle to capture occluded contour information.
This paper introduces an innovative occlusion segmentation
framework for particle objects that relies solely on instance-
level segmentation labels to obtain complete contour in-
formation, including occluded regions. The approach uses
self-supervised learning to acquire comprehensive contour
information from homogeneous, complete particle objects.
However, if the contour information lacks similarity be-
tween unoccluded and occluded objects, the effectiveness
of the self-supervised learning process may be compro-
mised. Future work could incorporate a small number of
labeled samples to provide additional contour information
about occluded objects, enhancing the model’s overall per-
formance. Additionally, modeling the contour correlation
between unoccluded and occluded objects within the image
could further assist the model in accurately predicting the
contours of occluded objects.
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