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Abstract
Recent advanced proposal-free instance segmenta-
tion methods have made significant progress in bi-
ological images. However, existing methods are
vulnerable to local imaging artifacts and similar
object appearances, resulting in over-merge and
over-segmentation. To reduce these two kinds
of errors, we propose a new biological instance
segmentation framework based on a superpixel-
guided graph, which consists of two stages, i.e.,
superpixel-guided graph construction and super-
pixel agglomeration. Specifically, the first stage
generates enough superpixels as graph nodes to
avoid over-merge, and extracts node and edge fea-
tures to construct an initialized graph. The sec-
ond stage agglomerates superpixels into instances
based on the relationship of graph nodes predicted
by a graph neural network (GNN). To solve over-
segmentation and prevent introducing additional
over-merge, we specially design two loss functions
to supervise the GNN, i.e., a repulsion-attraction
(RA) loss to better distinguish the relationship of
nodes in the feature space, and a maximin ag-
glomeration score (MAS) loss to pay more atten-
tion to crucial edge classification. Extensive exper-
iments on three representative biological datasets
demonstrate the superiority of our method over ex-
isting state-of-the-art methods. Code is available at
https://github.com/liuxy1103/BISSG.

1 Introduction
Instance segmentation aims at assigning a unique ID to each
object in an image, which plays an important role in biolog-
ical image analysis, such as morphology, distribution, and
phenotyping [Minervini et al., 2016]. Compared to natural
images, instance segmentation for biological images is a more
challenging task. On the one hand, the imaging quality of bi-
ological images is easily affected by sample collection and
preparation, which leads to local imaging artifacts. On the
other hand, the size, shape, and morphology of instances may
vary greatly within an image.
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Current learning-based methods can be mainly divided
into proposal-based and proposal-free categories. The latter
has attracted increasing research attention in biological im-
ages. Proposal-free methods predict well-designed instance-
aware features and morphology properties, followed by a
post-processing algorithm to yield final results. For example,
[De Brabandere et al., 2017] predicts instance-aware embed-
dings based on metric learning. [Liu et al., 2018] analyzes
the instance morphology characteristics. However, existing
methods only focus on local features to separate adjacent and
overlapping objects but ignore the object-level global context,
which results in over-merge due to suffering local imaging ar-
tifacts. In addition, they rely heavily on the post-processing
algorithm to cluster pixels into instances, which makes the
clustered results prone to over-segmentation.

In this paper, we propose a new biological instance seg-
mentation framework to address the above-mentioned prob-
lems. Distinct from existing proposal-free methods, our
proposed framework is based on a superpixel-guided graph,
which consists of two stages to reduce over-merge and over-
segmentation, respectively. In the first stage, we utilize a U-
Net to predict instance-aware embeddings and an affinity map
to generate superpixels by the seeded watershed transforma-
tion. To avoid over-merge and make sure the superpixels are
well-adhered to the instance boundary, the number of initial
superpixels is controlled by distance transformation. We then
convert these superpixels into a region adjacent graph (RAG)
with the initial node and edge features extracted by the U-
Net. In the second stage, a GNN consisting of multiple edge
label graph neural network (EGNN) layers [Kim et al., 2019]
is used for edge classification to agglomerate superpixels into
instances and solve over-segmentation. Specifically, the GNN
aggregates graph features to capture global structure informa-
tion of the graph and predicts the relationship of graph nodes.

Based on the proposed framework, we further design two
loss functions to supervise the GNN. The repulsion-attraction
(RA) loss is proposed to better distinguish the relationship of
nodes representing superpixels in the feature space, which is
different from the discriminative loss [De Brabandere et al.,
2017] used for pixel-level objects. As discussed in [Turaga
et al., 2009], a maximin edge in an undirected edge-weighted
RAG is the highest minimal edge over all paths connecting a
pair of nodes and is crucial to determine the relationship of
nodes. Inspired by that, we design a maximin agglomeration
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Figure 1: The framework of our proposed instance segmentation method for biological images. It consists of two stages: (a) Superpixel-
Guided Graph Construction. It first predicts an instance-aware embedding map and an affinity map by a residual U-Net with dual decoders,
from which node and edge features are extracted to construct an initialized graph. (b) Superpixel Agglomeration. It updates node and edge
features to yield final segmentation by a GNN consisting of three cascaded EGNN layers.

score (MAS) loss to impose edge classifiers on paying more
attention to the classification accuracy of the maximin edges.
As demonstrated, these two loss functions significantly im-
prove the segmentation performance.

2 Related Work
2.1 Proposal-Based Instance Segmentation
Proposal-based methods [He et al., 2017; Liu et al., 2019a;
Zhang et al., 2018] combine an object detection head to local-
ize each object with a bounding box and an object segmenta-
tion head to predict foreground masks within each bounding
box. Their performances are heavily reliant upon the pre-
diction accuracy of bounding boxes, especially for biological
images. On the one hand, it is difficult to distinguish adjacent
instances by bounding boxes due to severe overlap among
them. On the other hand, the size of instances, like neurons
in Electron Microscopy (EM) images, is often larger than the
receptive field of the model, which makes it impossible to use
bounding boxes to locate a complete instance.

2.2 Proposal-Free Instance Segmentation
Proposal-free methods contain two main subcategories, i.e.,
embeddings-based and affinity-based. Embedding-based
methods [De Brabandere et al., 2017; Kulikov and Lempit-
sky, 2020] predict high dimensional embeddings by a U-Net
with a discriminative loss and then cluster the predicted em-
beddings into instances by a Mean-Shift algorithm [Fuku-
naga and Hostetler, 1975]. However, it is difficult to distin-
guish adjacent objects with similar morphology and appear-
ances in the feature space. In addition, pixel-level features
are sensitive to local imaging artifacts. Affinity-based meth-
ods [Beier et al., 2017; Funke et al., 2018; Liu et al., 2018;
Huang et al., 2022] predict an affinity map that is similar
to a pixel-wise boundary map, followed by a watershed or
graph cut [Beier et al., 2017] algorithm to cluster pixels into
instances. However, affinity-based methods are susceptible

to ambiguous boundaries, which results in segmentation er-
rors. Moreover, the post-processing algorithms used in the
above two kinds of methods are prone to over-segmentation.
Especially for the neurons in EM images, the clustered re-
sults generated by the watershed transformation need to be re-
fined by additional agglomeration algorithms to reduce over-
segmentation. In contrast, we fuse the instance information
from both embeddings and affinities, where embeddings and
affinities are used to extract node and edge features, respec-
tively. Therefore, our method is robust to local imaging arti-
facts and improves the distinguishability of adjacent objects
in the feature space.

3 Proposed Method
3.1 Superpixel-Guided Graph Construction
As shown in Figure 1(a), a residual U-Net with an encoder
and a dual-branch decoder (i.e. top and bottom branches with
the same architecture) is adopted to extract the initial node
and edge features. The top branch supervised by a binary
cross-entropy (BCE) loss predicts an affinity map, which is
converted to superpixels by the seeded watershed transforma-
tion. We control the number of superpixels based on enough
seeds generated from the distance transformation. This is to
avoid over-merge and make sure superpixels are well-adhered
to the instance boundary. Following [De Brabandere et al.,
2017], the bottom branch predicts instance-aware embed-
dings supervised by a discriminative loss. This loss imposes
pixels belonging to different instances to be discriminative in
the feature space.

The above generated superpixels are then converted into a
RAG by viewing each superpixel as a node and adding edges
among all adjacent superpixels. Since affinities indicate in-
stance boundaries, the embeddings generated from the penul-
timate layer in the top branch provide additional instance in-
formation to compensate for the embeddings generated in the
bottom branch. Therefore, the feature of each node is built by
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calculating the mean embeddings of the corresponding super-
pixel on the concatenated embedding maps of two branches.
The edge feature is built by calculating the mean affinity in-
tensities over the contour separating two adjacent superpixels.
The influence of the number of superpixels on performance is
discussed in Sec. 4.3.

3.2 Superpixel Agglomeration
As shown in Figure 1(b), we construct a GNN to agglomerate
superpixels into segments by predicting the relationships of
nodes. The GNN consists of three EGNN layers to avoid
the over-smoothing issue. Each EGNN layer contains a node
feature update block and an edge feature update block.

Let G = (V,E) be an undirected weighted graph with N
nodes. V = {vi} is the set of nodes and E = {eij |vi : vj} is
the set of edges, where 1 ≤ i, j ≤ N and vi is one of the first-
order or higher-order neighboring nodes of vj . X ∈ RN×F

represents the node feature matrix of the whole graph, where
xi = X[i, :]T is a F -dimensional feature vector of the node
vi ∈ V . The agglomeration procedure can be regarded as
a binary edge classification problem by predicting the rela-
tionship of adjacent superpixels. Therefore, we define an
edge feature tensor A ∈ RN×N×2, which is a variant of
the adjacent matrix. We initialize the input edge feature
A0

ij =
[
A0

ij0 ||A0
ij1

]
of the first EGNN layer as

A0
ij =

{
[1− âij || âij ] if eij ∈ E
[0||0] if eij /∈ E

, (1)

where || is the concatenation operation, âij represents the
mean affinity intensity over the contour of two adjacent su-
perpixels vi and vj . Aij1 is the agglomeration score which
represents the probability of merging two adjacent nodes, and
Aij0 is the probability of non-merging.

The update of node features is utilized to aggregate features
of neighboring nodes, which captures the structural informa-
tion of graph. An update of a node feature is formulated as

xli = fn(
∑

eij∈E
Al−1

ij0 x
l−1
j ||

∑
eij∈E

Al−1
ij1 x

l−1
j ||xl−1i ), (2)

where xli represents a node feature on the lth EGNN layer,
and fn is a multi-layer perceptron.

The newly updated node features are used for updating
edge features by estimating the feature similarity sij between
two adjacent nodes. The edge feature Aij is updated as

Al
ij =

{[
(1− sij)Al−1

ij0 || sijA
l−1
ij1

]
if eij ∈ E

[0||0] if eij /∈ E
,

sij = fe(x
l−1
i − xl−1j || âij),

(3)

where fe is a multi-layer perceptron activated by a sigmoid
function.

Following [Kim et al., 2019], the updated edge features
are normalized to ensure that each element of Al is in the
interval [0, 1]. Each EGNN layer outputs an updated edge
feature tensor Al. We calculate the mean scores predicted by
all EGNN layers to agglomerate the superpixels.

Figure 2: A simple schematic diagram to show the maximin edge
between node A and node B in the whole graph. We search for
minimal edges in each path connecting the pair of nodes and then
select the maximal one among these minimal edges as the maximin
edge. The path (A-D-B) containing the maximin edge is highlighted
by the bold line. Different node colors indicate different instances.
Values on edges refer to the predicted agglomeration scores.

3.3 RA Loss and MAS Loss
RA loss and MAS loss are proposed to supervise the learning
of node and edge features in the stage of superpixel agglom-
eration, respectively. To better describe these two loss func-
tions, we first define the edge classification label: δ(i, j) = 1,
if the adjacent nodes vi and vj belong to the same instance.
δ(i, j) = 0, if the nodes vi and vj belong to different in-
stances or are not adjacent.

If superpixels belong to different instances, we expect their
node features to be far away in the feature space. On the con-
trary, we expect that node features from the same instance
are close. Different from the discriminative loss [De Braban-
dere et al., 2017] as a pixel-level constraint, the RA loss is
designed to discriminate node features. As shown in Figure
2, the RA loss makes the node features of different instances
repel each other (nodes A and B), while the node features of
the same instances attract each other (nodes A and C). We
formulate the RA loss as

LRA =
N∑
i=1

N∑
j=1

lRA(i, j),

lRA(i, j) =

{
[2d− ‖xi − xj‖]2+ if δ(i, j) = 0

[‖xi − xj‖ − 2d]2+ if δ(i, j) = 1
,

(4)

where ‖·‖ represents L2 distance, [x]+ = max(0, x) denotes
the hinge, and d is the margin distance of two node features
from different instances. We use d = 1.5 here, which is the
same as the margin in [De Brabandere et al., 2017].

As demonstrated in [Turaga et al., 2009], edge classifica-
tion results with low error rates still lead to poor agglomera-
tion results when supervised by a simple BCE loss. Whether a
pair of adjacent superpixels are merged depends on the max-
imin edge of the two corresponding nodes in the whole graph.
A maximin edge is the highest minimal edge over all paths
connecting the pair of nodes. To find it, we adopt a maxi-
mum spanning tree to search for minimal edges in each path
connecting the pair of nodes and then select the maximal one
among these minimal edges as the maximin edge. Therefore,
the MAS loss is designed to supervise the learning of edge
features to optimize global results. As shown in Figure 2,
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Method SBD ↑ |DiC| ↓

Nottingham[Scharr et al., 2016] 68.3 3.8
IPK[Pape and Klukas, 2014] 74.4 2.6
AC[Araslanov et al., 2019] 79.1 1.1
Discriminative[De Brabandere et al., 2017] 84.2 1.0
Recurrent attention[Ren and Zemel, 2017] 84.9 0.8
Data augmentation[Kuznichov et al., 2019] 88.7 5.4
Harmonic[Kulikov and Lempitsky, 2020] 89.9 3.0
Synthesis data[Ward et al., 2018] 90.0 -
PFFNet[Liu et al., 2021] 91.1 -

Discri. w/ our emb. 88.2 1.6
Ours 91.7 1.4

Table 1: Quantitative comparison with state-of-the-art methods on
the test set of CVPPP A1.

we consider all paths connecting node A and node B to find a
maximin edge, based on these agglomeration scores predicted
by the GNN. The MAS loss is formulated as

LMAS =
∑

eij∈E
(mm(i, j)− δ(i, j))2,

p∗i,j = argmax
p∈Pi,j

min
emn∈p

Amn1,

mm(i, j) = min
emn∈p∗

i,j

Amn1,

(5)

where p∗i,j is the path including a maximin edge among all
paths connecting nodes vi and vj , and mm(i, j) is the pre-
dicted agglomeration score of the maximin edge.

3.4 Training Strategy
To improve the training efficiency of our framework, the
training procedure is divided into two phases. We pre-train
the U-Net for 200 epochs during the first phase. Then we
train the GNN for 200 epochs during the second phase. We
update the parameters of the GNN and the bottom decoder
branch of the U-Net synchronously, but the parameters of the
encoder and the top decoder branch of the U-Net are frozen
in the second phase. Each EGNN layer is supervised by the
RA loss and the MAS loss to update node and edge features.

The initial learning rates are set as 10−4 and 10−3 for U-
Net and GNN respectively, decayed by a half when the loss
stops improving in 30 epochs. The batch size is set as 4 and 1
for the first and second phase. The Adam optimizer is adopted
during the training with β1 = 0.9 and β2 = 0.99. Experi-
ments are implemented on one NVIDIA TitanXP GPU. The
way of back-propagation is further discussed in Sec. 4.3.

4 Experiments
4.1 Datasets and Metrics
Plant Phenotype Images
The CVPPP A1 dataset [Scharr et al., 2014] is one of the most
popular instance segmentation benchmarks, which consists of
128 training images and 33 testing images with a resolution of
530 × 500. We randomly select 20 images from the training

Figure 3: Visual results on the CVPPP dataset. Over-merge and
over-segmentation in ‘Discriminative’ and ’PFFNet’ are highlighted
by red and gold boxes.

Dataset Method VOI-s ↓ Arand-s ↓ VOI ↓ ARAND ↓

AC3/AC4
MALA 1.4759 0.4392 0.8730 0.2222
LMC 1.5398 0.4749 0.8969 0.2397
Ours 1.5509 0.4790 0.8181 0.2059

FIB-25
MALA 1.7846 0.3811 1.4027 0.2485
LMC 1.8284 0.3916 1.4842 0.2524
Ours 1.8566 0.3981 1.3450 0.2467

CREMI
MALA 1.6262 0.4471 0.9368 0.1922
LMC 1.5697 0.4211 0.9602 0.1940
Ours 1.6381 0.4549 0.9141 0.1867

Table 2: Quantitative comparison on three representative EM
datasets. ‘VOI-s’ and ‘Anrand-s’ represent the intermediate super-
pixels results in the first stage.

set as the validation set. This dataset is challenging due to
the wide variety of leaf shapes and severe occlusion among
leaves. The quality of the segmentation result is measured
by Symmetric Best Dice (SBD) and absolute Difference in
Counting (|DiC|) metrics.

Electron Microscopy Images
AC3/AC4 [Kasthuri et al., 2015], CREMI, and FIB-25 [Take-
mura et al., 2015] are three popular Electron Microscopy
(EM) datasets. The AC3/AC4 dataset consists of two human-
labeled sub-volumes imaged from the mouse somatosensory
cortex. These two sub-volumes contain 256 and 100 images
(1024×1024), respectively. We use the top 226 slices of AC3
for training, the rest 30 slices for validation, and AC4 for test-
ing. The CREMI dataset is composed of three sub-volumes
imaged from the adult drosophila brain, and each contains
125 images (1250 × 1250). We use the top 50 slices for
testing, the middle 60 slices for training, and the bottom 15
slices for validation. The FIB-25 dataset is also imaged from
a drosophila brain, which is composed of two sub-volumes
with a resolution of 520×520×520. We use one sub-volume
for training, in which the bottom 50 slices are used for vali-
dation, and use the other sub-volume for testing. We adopt
two widely used metrics in the field of EM image segmenta-
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Figure 4: Visual results on the AC3/AC4 datasets. Over-merge and
over-segmentation in ‘LMC’ and ‘MALA’ are highlighted by red
and gold boxes, respectively.

Method AJI ↑ Dice ↑ F1 ↑ PQ ↑

Mask RCNN[He et al., 2017] 0.7983 0.9277 0.9180 0.7773
Cell RCNN[Zhang et al., 2018] 0.8070 0.9290 0.9276 0.7959
UPSNetN[Xiong et al., 2019] 0.8128 0.9274 0.9191 0.7857
JSISNet[De Geus et al., 2018] 0.8134 0.9316 0.9282 0.7913
PanFPN[Kirillov et al., 2019] 0.8193 0.9320 0.9275 0.7960
OANet[Liu et al., 2019b] 0.8198 0.9372 0.9330 0.8085
AUNet[Li et al., 2019] 0.8252 0.9377 0.9315 0.8090
Cell RCNNv2[Liu et al., 2019a] 0.8260 0.9336 0.9328 0.8010
PFFNet[Liu et al., 2021] 0.8477 0.9478 0.9451 0.8331

Ours 0.8680 0.9482 0.9670 0.8629

Table 3: Quantitative comparison with state-of-the-art methods on
the test set of BBBC039V1.

tion for quantitative evaluation, i.e., Variation of Information
(VOI) and Adapted Rand Error (ARAND).

Fluorescence Microscopy Images
The BBBC039V1 dataset [Ljosa et al., 2012] contains 200
images (520×696) from Fluorescence Microscopy (FM). The
objects in each image are cells with various shapes and den-
sities. Following the official data split, we use 100 images for
training, 50 images for validation, and the rest 50 images for
testing. For evaluation, we adopt four common metrics for
cell segmentation in FM images, i.e., Aggregated Jaccard In-
dex (AJI), object-level F1 score (F1), Panoptic Quality (PQ),
and pixel-level Dice score (Dice).

4.2 Experimental Results
Plant Phenotype Images
We compare our method with existing methods on the test set
of CVPPP A1. As shown in Table 1, our method achieves
the best results on the SBD metric, which is the key perfor-
mance indicator of this dataset. Meanwhile, compared with
the most recent methods, we achieve competitive results on
the |DiC| metric (early methods with the best |DiC| results

Figure 5: Visual results on the BBBC039 dataset.

are far behind on SBD). It is worth mentioning that, if we di-
rectly adopt the Mean-Shift algorithm to cluster the predicted
embeddings in the first stage of our framework, the result
can be regarded as an enhanced baseline for ‘Discriminative’
[De Brabandere et al., 2017] called ’Discri. w/ our emb.’ We
further visualize the intermediate embeddings and the affin-
ity map in our first stage, and qualitatively compare them with
baseline methods, as shown in Figure 3. We can observe that:
(1) ‘PFFNet’ as a proposal-based method is limited by the
prediction of bounding boxes. Leaves with challenging oc-
clusions are difficult to be approximated by bounding boxes.
(2) ‘Discri. w/ our emb.’ directly clusters embeddings into
instances, which is prone to over-merge due to locally simi-
lar features, especially for adjacent objects. (3) Our method
makes up for these weaknesses by combining instance infor-
mation from both embeddings and affinities, and capturing
global structure information with a GNN, which significantly
reduces over-merge and over-segmentation.

Electron Microscopy Images
We compare our method with two advanced methods, i.e.,
MALA [Funke et al., 2018] and LMC [Beier et al., 2017]
on three EM datasets. Both MALA and LMC are two-stage
segmentation methods and adopt different post-processing al-
gorithms to agglomerate superpixels from the first stage. For
a fair comparison, we adopt the same backbone of U-Net for
the first stage as used in our method. As shown in Table 2,
our method achieves the best quantitative results in terms of
both VOI and ARAND on all datasets. Meanwhile, it reduces
over-merge and over-segmentation compared with the base-
line methods, as shown in Figure 4. An additional observation
is that ’Affinity Map’ provides useful boundary information
to separate adjacent objects but suffers from certain boundary
errors, which may lead to over-segmentation and over-merge.
In the proposed framework, we generate enough superpixels
to avoid over-merge in the first stage and then solve over-
segmentation in the second stage.

Fluorescence Microscopy Images
We demonstrate the effectiveness of our method on the
BBBC039V1 dataset. As listed in Table 3, our method out-
performs existing methods on all metrics, significantly im-
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Embedding1 Embedding2 Affiniy VOI ↓ ARAND ↓

3 1.1223 0.2802
3 0.9536 0.2405

3 3 0.9356 0.2366
3 3 0.8583 0.2305

3 3 0.8478 0.2245
3 3 3 0.8181 0.2059

Table 4: Ablation study on different parts of graph features. ‘Em-
bedding1’ and ‘Embedding2’ represent the embeddings predicted by
the top branch and the bottom branch of U-Net, respectively.

Decoder1 Decoder2 Encoder VOI ↓ ARAND ↓

0.8359 0.2263
3 0.8619 0.2264

3 0.8181 0.2059
3 3 0.8499 0.2293
3 3 3 0.8772 0.2348

Table 5: Ablation study on different implementations of back-
propagation. ‘Decoder1’ and ‘Decoder2’ represent the top branch
and the bottom branch of U-Net, respectively.

proving the key PQ metric by 3.6%. Visual results demon-
strate the superior segmentation performance of our method
in dealing with challenging cases, as shown in Figure 5.

4.3 Ablation Study
To investigate the effectiveness of different components in the
proposed framework,we conduct a series of ablation studies
on the AC3/AC4 dataset.

Graph Features
We conduct ablation experiments to validate the effectiveness
of each part of the graph features extracted from the embed-
dings (from the top and bottom branches) and affinities pre-
dicted by the U-Net, as shown in Table 4. It suggests that the
three parts of graph features are complementary to each other.
The best result is achieved through their combination. The
initial node features extracted from the bottom branch con-
tain more effective information for decision-making than that
from the top branch. The edge features from the mean affini-
ties over the contour separating adjacent superpixels contain
powerful priors of instances boundaries, which is beneficial
to agglomerate superpixels.

Back-Propagation
In the second training phase, we explore different implemen-
tations of back-propagation. We choose different parts of U-
Net to update with the GNN synchronously and freeze the
other parameters. As shown in Table 5, the setting of back-
propagation from the GNN to the bottom decoder branch
achieves the best performance. The GNN loss and the dis-
criminative loss on U-Net can promote each other to obtain
node features. However, the GNN gradient update used for
the top decoder branch and encoder of the U-Net degrades
performance, mainly because the watershed transformation
is not directly controlled by the network.

RA loss MAS loss BCE loss VOI ↓ ARAND ↓

3 0.9498 0.2450
3 0.8257 0.2153

3 0.8922 0.2228
3 3 0.8743 0.2510
3 3 0.8181 0.2059

Table 6: Ablation study on the proposed RA loss and MAS loss.

Figure 6: Ablation study on different numbers of superpixels gener-
ated by the watershed transformation.

RA Loss and MAS Loss
The comparison of the MAS loss and the simple BCE loss
for binary edge classification is shown in Table 6. The model
trained with the single MAS loss achieves significant im-
provement over the model trained with the single BCE loss.
Moreover, the model with additional supervision by the RA
loss for node features achieves better results. It validates that
the RA loss plays an important role in distinguishing nodes
in the feature space.

Number of Superpixels
The effect of the number of superpixels generated in the first
stage is shown in Figure 6. Generating more superpixels can
reduce over-merge in the first stage, which is beneficial for
the final segmentation. However, when the number of super-
pixels gets too large and exceeds the receptive field of the
GNN, the performance drops.

5 Conclusion
We propose a new biological instance segmentation frame-
work based on a superpixel-guided graph, which significantly
reduces over-merge and over-segmentation. The essential is
introducing a GNN to model the relationship of superpixels,
which is supervised by two specially designed loss functions.
The RA loss better distinguishes the relationship of nodes in
the feature space, and the MAS loss pays more attention to the
crucial edge classification. Our proposed method achieves
notably improved performance over existing state-of-the-art
methods on three representative biological datasets.
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