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Abstract

Segmentation is one of the essential parts of scene un-
derstanding, and most recent research in instance segmen-
tation has been conducted in the visible area. However,
scenes mostly feature overlapped multiple objects in the ac-
tual world situation, and previous works still have the over-
lapping problem because of its simple computational seg-
mentation method with ROI box extraction or extra post-
processing. We present an advanced amodal instance seg-
mentation method called Trilayer Convolutional Network
(TCNet), which was based on BCNet and included an ad-
ditional GCN layer for the occludee for an effective mask
prediction in two-stage instance segmentation. For amodal
segmentation, TCNet extracts the ROI feature and gives the
ROI feature as an input for occluder and occludee predic-
tion. After that, it combines all features and gives it to
the last layer to get the result. We conducted experiments
on MS-COCO and COCO-OCC for modal and KINS for
amodal and evaluated the model’s performance with the
standard metrics. Even though our occludee-aware TCNet
achieves similar results on most segmentation performance,
this method also shows the best performance for large ob-
jects among SOTA methods using different backbones and
object detectors.

1. Introduction
For a long time, lots of efforts have been made for ap-

plying a human vision system to the machine. Traditional
algorithm provides basic information and understanding of
images based on image feature and computational method
in scene [2, 25, 27]. In recent years, the advent of deep
neural networks derives the renaissance in computer vision.
Despite the rapid development of machine perception, most
studies only have been meaningful in the visible area from
before to now. However, real world scenes mostly feature
multiple objects and appear overlapping each other. In ad-
dition, in various situations, a machine may have to deter-
mine a specific judgment through a scene in which over-
lapping objects exist, e.g., in the military field, when a
vessel under surveillance by the Navy overlaps, segmen-

tation information on the hidden part is required. Mak-
ing inference for these invisible areas is called ’Amodal
Instance Segmentation’. Early works [8, 20, 21] approach
the amodal instance segmentation by using a simple com-
putational segmentation method with ROI box extraction or
extra post-processing. Some advanced work has proposed a
method for simultaneously regressing both occluder and oc-
cludee information in ROI, but allows it to be learned biased
against the information of one object. Therefore, segmenta-
tion results were smoothed or were not normally completed
in the overlapping part between object and object. So, how
can we teach the machine to infer well a portion of the ob-
jects occluded? The key point is to catch the relationship
between the overlapping objects in the image and to main-
tain a good balance without bias in the part during the train-
ing process. If we don’t get the relationship between the
two objects, problems will arise in the occlusion handling
process, resulting in over smooth segmentation than natu-
ral object edges. Also, when using mask head architecture,
which is biased toward either Occluder or Occludee, mis-
classified pixels will appear, or it will be difficult to reflect
the entire part of the object normally in a network that is
segmenting the hidden part.

We proposed the Trilayer Convolutional Network (TC-
Net). For utilizing the interacted information between oc-
cluder and occludee, we use the decoupling image layer
method from BCNet [15]. This approach showed higher
instance segmentation performance in overlapped images
than other methods that regress a single image from ROI.
However, the information of the occludee was inferred af-
ter the element-wise addition of the ROI feature and oc-
cluder segmentation each other. In the inference process,
we add an occludee only prediction layer to maintain the in-
formation balance of occludee and occluder. Also, by using
Graph Convolution Network (GCN) in segmentation pre-
diction process, we can consider non-local relation among
object pixels.

We validate our method by using COCO dataset. In
modal segmentation, our model achieves comparable re-
sults among SOTA methods in large object cases but not
in small ones. In Amodal segmentation, we utlize KINS
dataset for test out methods. our proposed model can pre-



dict the invisible part of the objects and produce the whole
segmentation area of an object even in a situation where the
overlapping is severe.

2. Related Work
2.1. Instance Segmentation

There have been a lot of pioneering studies in object
detection, establishing a bounding box around all objects
within an image. One-stage instance segmentation methods
perform segmentation and detection of ROI region simul-
taneously. PolarMask [30] solves the instance segmenta-
tion problem as instance center classification and dense dis-
tance regression in a polar coordinate. YOLACT [1] gener-
ates prototype masks and predicts per-instance mask coef-
ficients. SOLO [28] introduces the “instance categories”
which assign categories to each pixel within an instance
according to the instance’s location and size. These one-
stage methods are efficient because of their simple pro-
cedures but are less accurate than the two-stage methods.
Two-stage instance segmentation methods detect bounding
boxes first and then complete segmentation for each ROI
region. FCIS [22] utilizes FCN for semantic segmenta-
tion and instance mask proposal to perform instance mask
prediction and classification together. Mask R-CNN [12]
adds a branch for predicting an object mask parallel with
the existing branch for bounding box recognition. MS R-
CNN [14] contains a network block to learn the quality of
the predicted instance masks. BCNet [16] is a bilayer mask
prediction network for addressing the issues of heavy oc-
clusion and overlapping objects in two-stage instance seg-
mentation.

2.2. Amodal Instance Segmentation

The problem of object invisible part prediction and seg-
mentation is instinctively possible for humans, but rather
complicated for computers. Nevertheless, amodal instance
segmentation has advanced by leaps and bounds. Before
neural networks are applied to the instance segmentation
task, many computational methods are implemented for the
occluded object detection and instance segmentation. John
Winn et al. [29] suggest that layout consistent random field
using pairwise potentials and instance potential for partially
occluded object segmentation. Tianshi Gao et al. in [11] in-
troduce a binary variable for each cell in the bounding box
indicating whether the pixels inside it belong to the object
when performing detection is reflected by occlusion. Af-
ter deep learning methods are applied to instance segmen-
tation, Li and Malik [21] firstly propose a method that uses
amodal segmentation heatmap while iteration of Iterative
Bounding Box proceeds. Since the lack of an amodal in-
stance segmentation dataset, Zhu et al. [32] create a novel
datset COCO amodal for amodal instance segmentation,

based on the original COCO [23] dataset. According to
Kiana Ehsani et al., [9], if the segmentation task is suffi-
ciently trained through amodal and modal masks in a vir-
tual realistic image, it is shown that the object where oc-
clusion occurred can be reconstructed using the GAN net-
work as well as amodal segmentation. Furthermore, the au-
thors show that the trained corresponding network is ap-
plicable to the natural image and has produced meaningful
results. Zhan et al. [31] propose a self-supervised network
that predicts amodal mask and content completion without
occlusion ordering and amodal masks. Unlike the previous
amodal segmentation model, [10] focuses on the occluded
object and infer the occlusion mask by subtracting the visi-
ble mask prediction from the amodal mask prediction. Also,
it suggests the first end-to-end trainable model for predict-
ing amodal instance masks and provides new datasets with
ground truth for semantic amodal segmentation. Lei Ke
et al. [16] provide a novel approach for catching the in-
teractions between occluder and occludee. Based on back-
bone [13] with ROI features, the proposed method utilizes
Graph Convolutional Network(GCN) [17] for considering
the non-local relationship between pixels and decoupling
overlapping objects into two image layers for considering
the interactions between them.

3. Method

3.1. Overview

In order to solve the occlusion-aware instance segmen-
tation problem, especially in an amodal setting, we pro-
pose the novel trilayer structured pipeline. Figure 1 shows
our overall pipeline which consists of two parts; ROI fea-
ture extraction part and triple-layered mask prediction parts.
Since mask prediction includes three GCN-based layers, we
called it a trilayer structured network, the TCNet. This
method is inspired by the previous work BCNet [15], which
consists of a bilayer GCN structure where each layer pre-
dicts occluder and occludee, respectively. In detail, we
adopt the same ROI feature extraction part from BCNet that
uses FPN as backbone and FCOS [26] as bounding box de-
tector. The difference between BCNet is the mask predic-
tion parts. Though BCNet achieves the state-of-the-art per-
formance in instance segmentation with occlusion, it is still
not performed well in an amodal setting. This is because
it only uses occluder information as prior knowledge of the
occludee prediction. In an amodal instance segmentation
problem, the most important part is the prediction accurate
boundary of the occluded part. However, only using oc-
cluder information is not enough to predict that part. Thus,
we modify the layer from bilayer to trilayer.



Figure 1. Overall pipeline of TCNet In order to solve occlusion-aware instance segmentation, especially amodal setting, we proposed a
novel network that consists of ROI feature extraction part and triple-layered prediction parts.

3.2. Trilayer Occlusion Aware Modeling

Trilayer Structure We proposed a trilayer structure in or-
der to consider not only occluder-occludee interaction but
also concentrate occludee itself. Layers are divided into
two parts. The first part is the occluder-occludee predic-
tion part. Two separated GCN layers get ROI features as
an input and compute both the boundary map and mask
map. In this step, since these two layers respectively pro-
duce the occluder feature and occludee feature, and send
this information to the final decision layer (All-aware oc-
cludee layer) by adding them to the ROI feature. It enables
the final layer to predict the occluded area much better by
considering both occluder and occludee. Also, we compute
losses for each layer. This makes each layer perform its role
as we designed it.

GCN-based Prediction Layer Each prediction layer is
based on GCN structure which is first proposed in BCNet.
The output of GCN layer is computed by the following for-
mula,

Z = ReLU(σ(AXWg)) +X

where X is the input, Wg is the learnable weight matrix, σ
is the normalization function, and A is the adjacency matrix
which represents pairwise similarity which is defined as,

Aij = sigmoid(θ(xi)
Tϕ(xj))

where θ and ϕ are 1 × 1 convolution layer, and xi, xj are
graph nodes.

In our complete model, the output of GCN of the all-
aware occludee layer is computed as below formula:

Zocldr = ReLU(σ(AocldrXroiW ocldr
g )) +Xroi

Zoclde = ReLU(σ(AocldeXroiW oclde
g )) +Xroi

X last = Xroi + F ocldrZocldr + F ocldeZoclde

Zlast = ReLU(σ(AlastX lastW last
g )) +X last

Where Xroi is the input ROI feature of the layers and
Aocldr,W ocldr

g , Aoclde,W oclde
g are GCN components of oc-

cluder only prediction layer and occludee only prediction
layer, respectively. Also, F ocldr, F oclde are FCN of each
block. Since we send all features (ROI, occluder, occludee)
to the final decision layer (all-aware occludee layer) by
summing them.

Loss Function In our model, loss is computed for each
part, each layer. We first compute Detect Loss in the ROI
feature extraction part. Detect Loss is computed by the fol-
lowing formula which is borrowed from FCOS [26]:

LDetect = LRegression + LCenterness + LClass

For prediction layer, we compute boundary map loss
Locldr−B ,Loclde−B ,Llast−B and mask map loss



Table 1. Effect of the proposed trilayer composed of the occludee
GCN, occluder GCN, and occlusion-aware GCN layer.

Occludee GCN Layer COCO COCO-OCC
Contour Mask AP AP50 AP AP50

39.6 61.2 30.7 50.6
✓ 31.9 47.8 28.9 44.1

✓ 31.6 47.1 25.0 41.3
✓ ✓ 39.0 56.1 36.1 53.0

Locldr−M ,Loclde−M ,Llast−M each by comparing with
ground truth map. We use binary cross-entropy loss for
them. Thus, the total loss can be written as follows:

LTotal = λ1LDetect + λ2Locldr−B + λ3Locldr−M

+λ4Loclde−B+λ5Loclde−M +λ6Llast−B+λ7Llast−M

4. Experiments

4.1. Setup

Datasets. We utilize the Microsoft COCO dataset, which
is a large-scale object detection and segmentation dataset,
to train and evaluate the proposed TCNet. The dataset used
in the experiments consists of 2017train (118k images),
2017val (5k images), and 2017test-dev (40k images). Also,
we use additional dataset, called COCO-OCC, to evaluate
segmentation performance that can better deal with occlu-
sion handling. It is a subset split of Microsoft COCO dataset
proposed by the authors of baseline model. The COCO-
OCC dataset contains a total of 1,005 images extracted from
the 2017val where the overlapping ratio between the bound-
ing boxes of objects is at least 0.2. We ultimately aim to
propose an amodal instance segmentation model that is ro-
bust for occlusion between multiple objects. Therefore, it
is extremely important to conduct experiments on COCO-
OCC dataset, which is more difficult to perform segmen-
tation task with highly overlapping objects. Actually, it is
observed that a performance gap around 3.0AP for the same
model exists.

Metrics. We evaluate results on 2017val, 2017test-dev,
and 2017occ with the standard metrics used in object detec-
tion and segmentation tasks. The precision value inevitably
decreases when the recall is increased by 0.1 units from 0
to 1. The AP (Average Precision) is determined by calcu-
lating the precision value for each unit and averaging it. It
can be computed for each class, and the average value ob-
tained by calculating APs for the total number of classes is
mAP. However, mAP is called AP in the Microsoft COCO
dataset.

Implementation details. For training, the Detectron2
platform is used and basically, it is recommended to allocate
one GPU per batch size 2 in Detectron2, so we use a total
of four TITAN Xp GPUs and the batch size is set to 8. SGD
with momentum 0.1 is employed as the optimizer for train-
ing 180K iterations with 1K constant warm-up iterations
and initial learning rate is 0.01. The occluder GCN layer
explicitly models occluding regions by simultaneously de-
tecting occlusion contours and masks. However, since there
are not many cases in which the partial occlusion occurs in
the dataset used for model training, it is not possible to learn
the occluder GCN layer well. So, the process of filtering out
part of the non-occluded ROI proposals is used to make oc-
clusion cases account for 50% for balance sampling. For in-
ference, the mask head of occlusion-aware GCN layer pre-
dicts masks for occludee in the high-score box proposals
generated by the faster R-CNN 2-stage or FCOS 1-stage
detector, where the occluder and occludee GCN layers pro-
duce features considering occlusion relationship between
the occluder and occludee as input for the occlusion-aware
GCN layer. For training/inference, Detectron2. which is
a platform for pytorch-based object detection and seman-
tic segmentation created by Facebook Artificial Intelligence
Research (FAIR). Depending on the research and the type
of experiment, the batch size recommended to be assigned
per GPU is different. We use 4 TITAN Xp GPUs and 4
GeForce RTX 3090 GPUs and each batch size is set to 8
and 4. Since the difference in the model learning speed is
very large depending on the batch size allocated per GPU,
it is important for the user to set the appropriate value con-
sidering the situation.

4.2. Ablation Study

In the ablation study, we validate the effect of trilayer
occluder-occludee modeling. The goal of the ablation study
is to understand how the proposed trilayer structure helps
performance improvement and how the contour and mask
of the occludee layer affect model performance. Table 1
shows that the bilayer, baseline model, performs better for
COCO dataset that contain images of various situations.
However, the proposed trilayer focusing on occludee has
the best performance in COCO-OCC dataset containing im-
ages of heavy occlusion. In addition, the performance of
the model decreases more when the contour prediction is
not used than mask prediction. That is, using the contour
information is more useful than predicting the mask predic-
tion. The last row of Table 1 demonstrates the importance
of the complete trilayer. Compared to the baseline, joint oc-
clusion modeling produces the most apparent improvement,
especially for the heavy occlusion cases. Our ablation study
leaves much to be desired since all the datasets shown in Ta-
ble 1 have modal masks, we do not know what the tendency
is for the amodal dataset. Due to the lack of time and re-



Table 2. Comparison with SOTA methods on COCO test-dev set.

Method Backbone Detector AP AP50 AP75 APS APM APL

Mask R-CNN [12] ResNet-50 Faster R-CNN 35.6 57.6 38.1 18.7 38.3 46.6
PANet [24] ResNet-50 Faster R-CNN 36.6 58.0 39.3 16.3 38.1 52.4
BCNet [15] ResNet-50 Faster R-CNN 38.4 59.6 41.5 21.9 40.9 49.3

Mask R-CNN [12] ResNet-101 Faster R-CNN 37.0 59.2 39.5 17.1 39.3 52.9
MaskLab [5] ResNet-101 Faster R-CNN 37.3 59.8 39.6 19.1 40.5 50.6

Mask Scoring R-CNN [14] ResNet-101 Faster R-CNN 38.3 58.8 41.5 17.8 40.4 54.4
BMask R-CNN [7] ResNet-101 Faster R-CNN 37.7 59.3 40.6 16.8 39.9 54.6

HTC [4] ResNet-101 Faster R-CNN 39.7 61.8 43.1 21.0 42.2 53.5
BCNet [15] ResNet-101 Faster R-CNN 39.8 61.5 43.1 22.7 42.4 51.1

YOLACT [1] ResNet-101 FCOS 31.2 50.6 32.8 12.1 33.3 47.1
TensorMask [6] ResNet-101 FCOS 37.1 59.3 39.4 17.4 39.1 51.6
ShapeMask [18] ResNet-101 FCOS 37.4 58.1 40.0 16.1 40.1 53.8
CenterMask [19] ResNet-101 FCOS 38.3 - - 17.7 40.8 54.5
BlendMask [3] ResNet-101 FCOS 38.4 60.7 41.3 18.2 41.5 53.3

BCNet [15] ResNet-101 FCOS 39.6 61.2 42.7 22.3 42.3 51.0
Ours ResNet-101 FCOS 39.0 56.1 42.2 20.5 43.4 54.9

sources, the results of the ablation study conducted with the
KINS dataset were not completed by the submission date.

4.3. Performance Comparison with SOTA Methods

Table 2 compares TCNet with state-of-the-art instance
segmentation methods on COCO dataset. Unfortunately,
Table 2 shows that from an AP perspective, BCNet per-
forms better than the proposed TCNet. However, as for
larger objects, our model achieves comparable result among
SOTA methods. Compared to BCNet, APM and APL have
higher segmentation performance by 1.1 and 3.9, respec-
tively. Presumably, our model focuses on occludee hidden
by other objects, we conclude that the larger the object, the
more information about occludee, so that the model shows
better performance. One thing to note is that based on the
experience of conducting the experiment through the Detec-
tron2 platform, the difference in iterations defined in Detec-
tron2 leads to a large performance difference. We believe
that some performance differences with BCNet can be suf-
ficiently covered by hyperparameter fine-tuning.

4.4. Visualization of Occlusion Handling

Figure 2 and Figure 5 show the qualitative comparison
on COCO dataset, which has model mask ground truth. The
modal instance segmentation results have been performed
neatly despite the presence of many and various objects in
the image and to some extent occluded by multiple objects.
And Figure 3 shows the results of the amodal instance seg-
mentation, which is our most main task. Although several

bicycles and cars are parked in a state of overlap in im-
ages, our proposed model predicts even the invisible part
of the objects and creates the shape of them well. The vi-
sualization results discussed above show only the success-
ful aspects of TCNet. However, failure cases must also be
examined. However, we are noteworthy about the failure
cases like Figure 4. Previous studies have shown that the
prediction for occluder, where the shape of the object can
be almost completely identified, is good, but the prediction
for occludee varies widely. On the other hand, our model is
good at predicting occludee and rather the prediction results
for occluder, which is easy to predict, are strange.

We reconsider our initial intentions to determine the
cause of these results. We think it important to focus on
occludee in order to ultimately make occludee prediction
with occlusion handling. Therefore, it is pointed out as a
problem that there is no branch for learning only occludee
in BCNet. Unfortunately, excessive weights are assigned to
occludee due to the insufficient hyperparameter fine-tuning.
And strangely, the prediction result for occludee seems to be
better than occluder. If we think about the relationship be-
tween trilayer’s components, in the end, two branches out of
three are structures for just occludee. It is presumed that the
results such as Figure 4 is obtained by such biased weight
allocation.

5. Conclusion
This study presents an advanced amodal instance seg-

mentation method based on BCNet, including an additional



Figure 2. Modal Instance Segmentation on COCO validation set
by TCNet. The visualization results show that model instance seg-
mentation has been conducted neatly in spite of the presence of
various objects with overlapping.

Figure 3. Success case of amodal instance segmentation on KINS
test set. Although several bicycles and cars are parked in an over-
lapping form, our model predicts even the invisible part of the ob-
jects and create the shape of them well.

GCN layer for the occludee for an effective mask predic-
tion in two-stage instance segmentation. Our occludee-
aware TCNet achieves the best performance for large ob-
jects among SOTA methods using same backbones and ob-
ject detectors, which are used in other SOTA methods. The
experimental results reveal that the precise prediction of
amodal and, in particular, invisible masks is a difficult task,
so further work in this research to predict occluded areas
more precisely will be required. Reconstruction of the loss
function and hyperparameter optimization and applying a
generative model from GAN or diffusion model would be
the next steps of further research to predict occluded areas
more precisely. The suggested model’s analysis of the oc-
cluded layer using an attention map might be needed to val-
idate its work. There is no consideration for uncertainty in
this study. If we can find an optimal hyperparameter for
balancing the components of trilayer, we can make our re-
search more meaningful by adding uncertainty modeling to
the mask prediction process. Since the proposed model is

(a)

(b)
(c)

(d) (e)

Figure 4. (a) Mask R-CNN + ASN (b) BCNet (c) Ours: TCNet
(d) Mask R-CNN (e) Ours: TCNet. Compared to the mask for red
car and pedestrian predicted by (d), our model certainly generates
occludee masks well.

(k) Ours : TCNet

Figure 5. Modal Instance Segmentation on COCO validation set
by SOTA methods and TCNet. Compared to other SOTA methods,
our proposed model performs segmentation almost perfectly.

good at predicting occludee and robust to occlusion, it will
be used as an effective approach for occlusion handling. We
expect our proposed method will bring benefits in both oc-
clusion handling and instance segmentation for occludee.
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