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Abstract

Graph Convolutional Network (GCN) which models the potential relationship between non-Euclidean spatial data has
attracted researchers’ attention in deep learning in recent years. It has been widely used in different computer vision tasks
by modeling the latent space, topology, semantics, and other information in Euclidean spatial data and has achieved
significant success. To better understand the work principles and future GCN applications in the computer vision field, this
study reviewed the basic principles of GCN, summarized the difficulties and solutions using GCN in different visual tasks,
and introduced in detail the methods for constructing graphs from the Euclidean spatial data in different visual tasks. At the
same time, the review divided the application of GCN in basic visual tasks into image recognition, object detection,
semantic segmentation, instance segmentation and object tracking. The role and performance of GCN in basic visual tasks
were summarized and compared in detail for different tasks. This review emphasizes that the application of GCN in
computer vision faces three challenges: computational complexity, the paradigm of constructing graphs from the Euclidean
spatial data, and the interpretability of the model. Finally, this review proposes two future trends of GCN in the vision field,
namely model lightweight and fusing GCN with other models to improve the performance of the visual model and meet the
higher requirements of vision tasks.
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1 Introduction

Convolutional Neural Network (CNN) with powerful
modeling capacities [1, 2] can extract and process effective
data representation from Euclidean data. Therefore, it has
been commonly used to process computer vision tasks and
significant improvement in computer vision has been made.
Despite the great success of CNNs, they are difficult to
encode the intrinsic graph structures for the specific
learning tasks [3], therefore the potential spatial, topolog-
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ical, and semantic information in the image are ignored.
To consider the correlation between the potential
information in the image and the task, Gong et al. [4]
proposed a ranking based learning strategy to train deep
CNN. Wang et al. [5] used Recurrent Neural Networks
(RNNs) to convert image labels into embedded label vec-
tors, and the correlation between labels can be considered.
On the other hand, the attention mechanism has been
widely used to model latent relationships in the image. Zhu
et al. [6] proposed a spatial regularization network based
on the weighted attention maps to capture images’
semantics and spatial relationships. Wang et al. [7] intro-
duced a spatial transformation layer and a long short-term
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memory (LSTM) unit to capture the
correlation.

In addition to the above mentioned structural methods,
many graph methods have been used for correlation mod-
eling. Li et al. [8] generated an image-dependent condi-
tional label structure in the graphic lasso framework. Li
et al. [9] established a tree structure graph in the label space
by using a maximum spanning tree algorithm. Lee et al.
[10] used knowledge graphs to describe the relationship
among multiple labels. In 2019, Kuangshi proposed a
multi-label image recognition method based on Graph
Convolutional Neural Network (GCN) [11], which com-
pletely opened the door of computer vision for GCN.

GCN was proposed by Bruna et al. [12] in 2013. As a
new convolutional network structure will make convolu-
tion usually used in the deep learning apply to graph data.
Since Kipf et al. [13] first applied GCN for solving the
semi-supervised classification problem in 2017, it has
become a research hotspot in the deep learning. The GCN
model is a neural network architecture that uses the graph
structure to gather node information from the neighbor in
convolution. GCN has a strong expressive ability of
learning graph representation and has achieved excellent
performance in different tasks and applications [3].

At present, GCN is mainly used to solve non-Euclidean
spatial data problem. By encoding structural information of
the non-Euclidean spatial data, the relationship between
entities is modeled and the potential relationship between
data is mined. With the continuous development of GCN, it
has been applied to many fields, such as network analysis
[14-22], recommendation system [23-26], traffic predic-
tion [27-29], biochemistry [30-35], natural language pro-
cessing [36—41] and computer vision [42—-46].

Some reviews have been made on GCN recently. Zhang
et al. [3] conducted a detailed review on GCN, including
many existing GCN variants except basic GCN and
focusing on the convolution operation defined on the graph.
Jie et al. [47] introduced different computing modules in
GCN in more details, such as propagation module, skip
connection, and pool operation. References [48—50] are the
latest reviews on GCN in recent years. Zhang et al. [48]
divided GNN into four categories: cyclic GCN, convolu-
tional GCN, graph self-encoder and spatiotemporal GCN.
Wu et al. [49] mainly summarized different graph depth
learning methods. Reference [S0] mainly unified the net-
work embedding model and GNN model. The above
summary work primarily focuses on the GCN model.
Although some work [3, 47, 49] also introduces the GCN
application in computer vision, it is only briefly mentioned,
not comprehensive and specific. Reference [3] introduced
the application of GCN in image classification and action
recognition. Reference [47] described the application of
GCN in image classification, visual reasoning, and

image label
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semantic segmentation with few (zero) samples. Reference
[49] pointed out that GCN can be applied in the tasks of
scene map generation, point cloud classification and action
recognition. However, in these reviews, the in-depth dis-
cussion on the role, specific application methodology and
effectiveness of GCN in basic vision tasks is still lacking.
Different from the above work, in order to more compre-
hensively and deeply introduce the role and application
prospect of GCN in the field of computer vision, this study
summarizes the basic principle of GCN, and difficulties
and solutions of GCN encountered in the visual tasks. Also,
the role of GCN in different visual tasks, the methods for
constructing graph from the Euclidean spatial data in dif-
ferent visual tasks, and the performance comparison with
traditional CNN methods are discussed.

An overview of this article organization is shown in
Fig. 1. Section 2 introduces the application background of
GCN, including the working principle of GCN (Sect. 2.1)
as well as the difficulties and solutions using GCN in the
computer vision field (Sect. 2.2). In Sect. 3, the methods for
constructing graph from Euclidean spatial data such as
image or video for image recognition, object detection,
semantic segmentation, instance segmentation and object
tracking are analyzed in detail. Section 4 takes the con-
structed graph data as the input of GCN, introduces the role
of GCN in different visual tasks, and compares the per-
formance with the traditional CNN methods. Section 5
presents the challenges and future research opportunities of
GCN applied in several basic visual tasks. In conclusion,
we have made the following contributions:

1. We comprehensively summarize the basic principle of
GCN, the difficulties and solutions of GCN encoun-
tered, the role of GCN, the methods for constructing
graph from Euclidean spatial data in different visual
tasks (i.e., image recognition, object detection, seman-
tic segmentation, instance segmentation and object
tracking), and the performance comparison with the
traditional CNN methods.

2. We propose three challenges for the GCN application

in computer vision: computational complexity, the
paradigm of constructing graph from Euclidean spatial
data, and the interpretability of the GCN model.

3. We also identify the future trend of GCN application in

computer vision, including model lightweight and
fusing GCN with other models, to improve the visual
model performance and meet the higher requirements
of visual tasks. This study will provide new research
ideas and opportunities for the GCN application in the
computer vision field.
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2 Application background of GCN
in the field of vision

2.1 Working mechanism of GCN

This review introduces and summarizes the working prin-
ciples of GCN in detail based on the graph filter. The graph
filter is defined as an operation of enhancing or attenuating
the frequency component strength of the graph signal. Let
the graph filter be: H € RVV H:RY — RY ,and the
output graph signal is y, for a given input graph signal,
then:

(1)

According to the polynomial expansion of the Laplace

y = Hx,

matrix on the graph filter, H can be expressed as: ZkK hiL¥,
where K is the order of filter H , h(-) is the frequency

response function of H , L is the corresponding Laplace
matrix. The graph filter can be understood from both the
spatial and frequency domain.

2.1.1 Spatial domain

For y = Hx , it can be expressed as: y = Sx IxLx, let
x®) = LWy = [x*=1) then:

K
y= Z Hx®). (2)
k=0

2.1.2 Frequency domain

Since L = VAVT, then:
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k=0
K
=v(> hkA"> vr
k=0
K (3)
> iy
k=0
=V - VT,
K
> hidy
k=0

When the filter is used for filtering,

K
y=Hx=V <Z hkAk> V. 4)
=0

On the basis of understanding the graph filter, the convo-
lution operation in graph signal processing is defined.
Given the graph signals x; and x, on two groups of graph
(G ), the definition of graph convolution operation isas
follows:

x1 % x, = IGFT(GFT(x;) ® GFT(x3)), 5)

where * represents convolution operation, ® represents
Hadamard product, GFT(-) and IGFT(:) represent Graph
Fourier Transform and Inverse Graph Fourier transform,
respectively. It is worth noting that convolution in the
spatial domain is equivalent to multiplication in the fre-
quency domain for this definition.

The derivation of formula (6) can be transformed into:

xixx0=V((VIx)) © (VIxy)) = V(x1 © (VIxy))
— v (diag(5)(V72)) (6)
= (Vdiag(x1)V")x2,

where X is the coefficient of Fourier transform. Let H; =
1

Vdiag(x; )V, H - can be regarded as a graph displacement
1

operator, and its frequency response matrix is the spectrum
of x; , from which we can get:

X1 * X2 :H)sz. (7)

In view of the success of the convolutional neural network
in computer vision, the graph convolution operation
defined above can also be naturally extended to visual data.

The basic idea of GCN is to update the node represen-
tation by propagating information between nodes. The
general GCN structure consists of the input layer, convo-
lution layer, full connection layer, and output layer. Ref-
erence [51] gives an example (i.e., the node classification
task): taking the word bag as the input, extracting the
features on the graph through the convolution layer, then
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classifying the graph through the full connection layer, and
finally outputting each node’s label in the output layer to
realize the node classification, as shown in Fig. 2.

The input of GCN is a graph structure (G) . In the
convolution layer, first learning the functions f(-,-) on
graph G , and then performing downsampling and pooling
operations on the graph to complete feature extraction.
Where f(-,-) takes the feature description H' € R"*¢ and
the corresponding correlation matrix A € R™" as the input
(n represents the number of nodes and d represents the
dimension of node features), and updates the node to
H'"' e R™¢  Bach GCN layer can be represented by a
nonlinear function:

H'"' = f(H' A). (8)

According to the convolution operation in [12], Eq. (8) can
be expressed as:

HY = 6(AH'WY), 9)

In Eq. (9), W € R¥? is the transformation matrix to be

learned, A € R™" is the normalized form of the correlation
matrix A , and o(-) represents the nonlinear activation
function.

In the GCN structure, the full connection layer is used to
integrate the local information with category discrimina-
tion in the convolution layer, and the last layer of the full
connection layer is used to classify the graph. Finally, the
label of each node is output in the output layer to complete
the node classification.

2.2 Existing difficulties and solutions of GCN
in the field of computer vision

In the existing overview of GCN [47-50], the challenges of
building GCN are mainly divided into the following
aspects:

1. Graph data are non-Euclidean spatial data. The graph
data do not meet the translation invariance, and each
point has different local structures. However, the basic
operators in traditional CNN (i.e., convolution and
pooling) depend on the translation invariance of data.

2. Graph data are diverse with various characteristics.

Many applications in real life can be naturally repre-
sented by graph data. Various graph features bring
more information for constructing GCN, but modeling
of multiple features requires more complex and more
delicate GCN design, which brings new challenges.

3. The scale of graph data is enormous. In the big data

era, the extensive graph in the practical application
may include millions or tens of millions of nodes.
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Fig. 2 Structure of GCN
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Building GCN on a large-scale graph within the
acceptable time and space ranges is also challenging.

With the maturity of the GCN technology, it has been
gradually used in various fields and remarkable results
using GCN have been achieved. However, the GCN
application in computer vision still has some limitations
and faces challenges different from the GCN construction.
At present, the overview of GCN has not discussed this
problem. This review summarizes the challenges using
GCN in the computer vision field:

1. Visual data are Euclidean spatial data. Traditional
visual data is image or video data basically. Image and
video data are Euclidean spatial data with translation
invariance, that is, the local structures of each node are
the same. GCN can better show modeling ability in
non-Euclidean spatial data. How to mine the non-
Euclidean structure in Euclidean spatial data (shown in
Fig. 3) has become a main challenge for applying GCN
in the vision field. Fig. 3 (left) is our common
Euclidean data, which has regular local node features,
while GCN requires irregular topological features

Fig. 3 The non-Euclidean
structure in Euclidean spatial
data

+Z
T
|

European Space

2.

between nodes as input to infer the relationship
between node features, as shown in Fig. 3 (right).
How to transform the left Euclidean data into the right
non-Euclidean data is an important challenge for GCN
in visual application.

Overfitting is easy to occur. Using GCN models for
different tasks is easy to produce gradient disappear-
ance, over-smoothing, and overfitting problems.
Although GCN models can achieve excellent modeling
results, they are usually limited to very shallow models
due to the gradient disappearance problem. Figure 4
shows an GCN application example (i.e., node classi-
fication on dataset Cora [52]) to verify the layer depth
effect on the accuracy. Overfitting weakens the gener-
alization ability of small data sets, while over-smooth-
ing due to the increase of network depth separates the
output representation from the input features, hinders
the model’s training and reduces the model’s accuracy.

To solve the first challenge, many methods for con-

structing graph from Euclidean spatial data have been
proposed with the deep learning technology development.
The different methods for constructing graph are classified

Non-European Space
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node classification

in Table 1. In the following sections, we will discuss them
in detail according to specific visual tasks.

Aiming at the second challenge, Yu et al. [61] proposed
a DropEdge technology to alleviate the over-smoothing
and overfitting problems. The core of this technology is to
randomly remove a certain number of edges from the input
graph in each training period, just like data enhancer and
message passing reducer. The results show that the Dro-
pEdge either reduces the convergence speed of over-
smoothing or minimizes the information loss caused by
over-smoothing. In addition, the latest work [62] proposed
a variant GCN []. The GCN ]] includes two simple and
effective techniques: initial residual and identity mapping,
which significantly alleviates the over-smoothing problem.
To solve the gradient disappearance problem of deep GCN,
Li et al. [63] embedded residual connection, dense con-
nection, and expansion convolution into a GCN architec-
ture, successfully constructed the deep GCN with 56 layers,
and achieved remarkable results in the point cloud
semantic segmentation task.

3 Graph construction in basic visual tasks
The GCN application in the computer vision field has

certain limitations due to the challenge of the GCN
application in Euclidean spatial data. These limitations

result in that the GCN application mainly focuses on small
sample learning, zero sample learning, point cloud mod-
eling and scene graph. With the development of GCN
technology, the related challenges of Euclidean spatial data
encountered by GCN in the vision field have been solved.
GCN can be used to deal with more visual tasks. By
referring to the relevant work of existing GCN in the basic
vision field (as shown in Table 2), we will make a com-
prehensive and in-depth summary of the application of
GCN in five basic tasks: image recognition, object detec-
tion, semantic segmentation, instance segmentation and
object tracking.

To apply GCN in the visual tasks, the image data needs
to be constructed into a graph first, and the Euclidean
spatial data needs to be transformed into non-Euclidean
spatial data. Then, the data relationship is described or the
node feature information is updated by GCN to complete
the visual task.

3.1 Conversion of image or video data to graph
structure in image recognition

In the existing GCN based image recognition, the proba-
bility and region attention methods are mainly used for
realizing the graph construction of an image.

Graph construction based on probability method: the
mathematical representation of the graph is: G = (V,E) ,
where V represents node and E represents the edge between
nodes. In the probability method based graph construction,
the label is generally used as the graph node by using the
word embedding, and then the correlation matrix between
nodes is calculated by the probability statistics method.
The word embedding is a distributed representation
based on a neural network, also known as the Word Vector.
The core of the word embedding is the context represen-
tation and relationship modeling between the context and
target word. The word embedding methods can be roughly
divided into word frequency-based embedding and pre-
diction-based embedding. At present, the more popular
word frequency-based embedding methods include Count
Vector, Term Frequency—Inverse Document Frequency
(TF_IDF) vector and Co-Occurrence Vector. However, the
prediction-based embedding method-word2vec is com-
monly used and effective in the practical application. The
word2vec is a combination of Continuous bag of words and

Table 1 Classification of

. . Graph construction methods
graphic construction methods

Related studies

for Euclidean Spatial Data Probability method

Region attention

Prior knowledge

CGL [8], Li [9], ML-GCN [11], KSSNet [53]
SRN [6], Wang [7], ADD-GCN [54], 2S-DGCN [43]
Akata [55], ZSL [56], Romera-Paredes [57], Frome [58], Li [59], DGP [60]
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Table 2 Application of GCN in basic visual tasks

Visual tasks

GCN based model

Image recognition
Object detection
Semantic segmentation
Instance segmentation

Object tracking

ML-GCN [11], ADD-GCN [54], 2S-DGCN [43], KSSNet [53], Sequential-GCN [64]
Chai [65], DG-FPN [66], Edge-Gated-GCN [67], SAT-GCN [68], SIN [69], RepGN [70]
SPG [71], 3DGNN [72], RGCNN [73], SketchGCN [74], Graph-FCN [75], GMNet [45]
BCNet [76], Curve-GCN [77], DACN [78], Split-GCN [79], Pixel2mesh [80]

SiamGAT [81], Graph Networks for MOT [82], Neural-Solver [83], EDA-GNN [84]

Skip-gram algorithm models (CBOW). About the word
embedding, Shi et al. [85] made a detailed introduction for
readers’ interest.

In the probability-based graph construction method, the
correlation matrix between nodes is calculated by the
probability statistics. To build the correlation matrix, the
label co-occurrence possibilities of the training data are
computed first to obtain the correlation matrix M € RE*C |
where C is the number of categories, and M;; represents the
number of times L; and L; appearing at the same time.
Then, the conditional probability matrix is calculated
according to the tag co-occurrence matrix:

P; = M;/N;, (10)

where N; represents the number of appearing times of label
L; in the training set. The calculated probability matrix is
the correlation matrix of the constructed graph, and the
subsequent improvement of the probability matrix is
derived on this basis.

Graph construction based on region attention: in the
image recognition, the regional attention based graph
construction steps are as follows: the input feature map is
converted into an output map with fixed size, and then the
feature map X’ is converted into the corresponding atten-
tion area map through conversion modules such as Spatial
Transformer (ST) [86] or Semantic Attention Module
(SAM) [54]. Finally, the corresponding graph structure is
established with the region attention content as node V, as
shown in Fig. 5.

3.2 Conversion of image or video data to graph
structure in object detection

In the object detection task, in addition to the graph con-
struction methods based on probability and regional
attention mentioned in the image recognition task, the
graph construction method based on super- pixel is also
used in this visual task.

Graph construction based on super pixel: the input
frame is modeled as a group of super pixels by using the
super-pixel segmentation algorithm; then, the super-pixel

level spatial-temporal graph G142 =
(Vt.,z+1,t+2,8t,t+1.,z+2) composed of three frame pairs
(F,Fii1), (Fi,Frip) and Fpyo; finally, the edges of the
original graph are generated by measuring the Euclidean
distance between nodes. Fig. 6a shows each node con-
nected to its nearest neighbor K in the same frame or across
multiple frames according to the spatial coordinate distance
between super-pixel pairs.

The coordinates of each super-pixel are calculated by
averaging coordinates of all pixels involved in the same

super-pixel. By directly measuring the Euclidean distance, the
spatial distance of super-pixel (Vl’ , Vj’ ) in the same frame can

be calculated. To calculate the spatial coordinates between the
super pixels belonging to different frames, such as

(Vi’ , Vj’“) , it is necessary to map the spatial coordinates of

the super pixels d from F, to F,;; frames, as shown in
Fig. 6b, which can be obtained by the operation of Eq. (11):

ey, (1)

where Acoordf’”l(x,y) represents the coordinate dis-
placement inferred from the optical flow [87] information
in the frame pair, and coord!~""'(x,y) represents the
coordinates of the super-pixel V! mapped from frame F, to
frame F;yq.

coord™"" ! (x,y) = coord!(x,y) + Acoord

3.3 Conversion of image or video data to graph
structure in semantic segmentation

In addition to the graph construction methods used in
image recognition and object detection, the image pixels of
are also used as nodes for the graph construction in the
semantic segmentation task. The image can be represented
as a graph model G(N, E), where N represents the graph
node, and E represents the edge of the graph. The node
construction is shown in Fig. 7. The dissimilarity between
nodes can be regarded as the graph edge, and the edge is
affected by the adjacent matrix in the graph model.

In addition, there are other methods for constructing
graphs in the semantic segmentation task [45, 71-73].
Landrieu et al. [71] took edge features as nodes, and
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Transformer module

Fig. 5 Graph construction method based on region attention

Correlation matrix

Fig. 6 Super pixel-based graph construction

Fig. 7 Construction process of
graph nodes

downsample downsample upsample

encoded the contextual relationship between object parts in
3D point clouds. A k-nearest neighbor graph on top of 3D
point cloud was built by Qi et al. [72] Each node in the
graph represented a set of points and was related to a
hidden representation vector initialized with an appearance
feature extracted by CNN from 2D images. Te et al. [73]

@ Springer
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directly regarded the characteristics of points in the point
cloud as signals on the graph. Michieli et al. [45] modeled
the relationship between the detected object and the object
as the node of the graph and the edge of the graph. The
application of GCN in semantic segmentation task is
realized through the above construction graph methods.
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3.4 Conversion of image or video data to graph
structure in instance segmentation

In the existing work of applying GCN to realize instance
segmentation, the conversion methods from image or video
data to graph structure mainly include the following two
categories:

(1) Each pixel on the feature graph is taken as the graph
nodes, and the adjacency matrix between nodes is obtained
through feature similarity. Generally, the feature similarity
is obtained by Eq. (12).

Sim(x;, ) = ¢(x))" ¢'(x), (12)

where x; and x; represent the object proposal feature, which
are d-dimensional vectors, and ¢ and ¢’ represent two
different transformations of the original features. The graph
structure for instance segmentation can be constructed by
graph nodes and adjacency matrix.

(2) The shape of the target object in the image or video
is represented by N control points, the initial graph struc-
ture is formed by connecting the control points, and the
constructed graph structure is input into GCN to predict the
shape and position of the target object in the image or
video.

3.5 Conversion of image or video data to graph
structure in object tracking

Reference [81] constructed a graph for object tracking.
Each grid of each frame feature map was a node, and the
similarity between node features was an edge; References
[82, 83] took the object and detection as nodes, and con-
structed the graph edge by using the relationship between
the object and detection. Reference [84] took the object
feature as the node and calculated the appearance affinity
and motion affinity of the object in the video as the graph
edge. After constructing a graph for object tracking task,
graph network plays a significant role in object tracking
and greatly improves the model performance.

4 Application and performance of GCN
in basic visual tasks

4.1 Function and performance of GCN in image
recognition

Image recognition is the most basic task in the computer
vision field. It plays a vital role in object detection [88, 89],
human attribute recognition [90], medical image recogni-
tion [91] and recommendation system [92, 93]. Although

CNN has achieved good results in image recognition, it
ignores the spatial and semantic relationship between
image labels when modeling labels. To better model the
relationship between image labels, GCN is introduced into
the image recognition task. GCN plays two main roles in
the image recognition task: (1) a classifier and (2) propa-
gating and updating image information.

4.1.1 GCN as a classifier

As shown in Fig. 8, GCN is used to generate a classifier for
the input image features to realize image recognition in the
image recognition task. Specifically, GCN learns interde-
pendent object classifiers from the input graph, expressed

as: W= {w;}<, , where C represents the number of cat-
egories. The learned classifier is applied for image repre-
sentation, and the prediction score is as follows:

y = Wax. (13)

Let the truth image labels be y € R® and y' = {0, 1}
indicating whether label i exists in the image. The tradi-
tional multi-label classification loss is used for training the
image recognition model, and the loss is as follows:

c

L= ylog(a(¥)) + (1 -y )log(l —a(5)),  (14)
c=1

where o(+) is the sigmoid activation function.

4.1.2 Image information updating based on GCN

As described in the basic idea of GCN, it updates node infor-
mation and propagates information between nodes. In the
image recognition, the GCN output aggregates and updates the
image information. The output features include semantic and
spatial information, which provides more feature information
for image recognition and improves image recognition accu-
racy. The workflow of GCN-based image information updating
in the image recognition is shown in Fig. 9.

According to the input image, the graph can be con-
structed. Each node of the graph contains image informa-
tion. The node information is propagated after inputting the

Input Image
Images Features

uonIu3uody dFew|

Generated
GCN classifier

Fig. 8 Image recognition method based on GCN classifier
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Fig. 9 GCN-based image
information update in image
recognition

Input Image

Constructed Graph

Image
Information
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— ‘ GCN ’—»

uonIug00ay oFew

graph into GCN. For the input node V , the GCN layer is
updated as follows:

Z = f(AVW), (15)

where Z represents the updated node; A is the correlation
matrix of the input graph; W is the state update weight
learned in GCN; f(-) is the activation function, and it is
generally LeakyReLU function in image recognition.

Because each vector output by GCN is aligned with its
specific class and contains rich relationship information
with other vectors, category score can be predicted by
putting each vector into a binary classifier to achieve the
image recognition task.

In the image recognition, whether GCN is used for a
classifier or updating image information, the introduction
of GCN can improve the performance of image recognition
and achieve better results. As shown in Table 3, the tra-
ditional CNN methods continuously improve the baseline
of COCO2014. After introducing GCN, the baseline is
continuously refreshed to the SOTA. The average of
Overall/Per-Class Precision (OP/CP),Overall/Per-Class
recall (OR/CR), Overall/Per-Class F1-score (OF1/CF1) and
the mean Average Precision (mAP) in the table is the
evaluation index of model performance. The higher the
index value, the better the model performance.

“T 7 in the table indicates the increased inaccuracy. It
can be seen from the table that the image recognition
methods based on CNN and GCN have improved the
recognition baseline of COCO2014, where DecoupleNet

[95] has the highest accuracy based on CNN, while the
accuracy based on GCN is higher than DecoupleNet [95],
and 2S-DGCN [43] reaches the SOTA.

4.2 Function and performance of GCN in object
detection

Due to the rapid deep learning development, great break-
throughs have been made in object detection. To further
improve the object detection performance, GCN is intro-
duced into the object detection.

At present, studies on the object detection using GCN
are lacking. The current GCN application in this aspect is
mainly divided into 2D, 3D and salient object detection.
Since few existing salient object detection studies using
GCN are published, we only introduce the GCN applica-
tion in 2D and 3D object detection in detail.

4.2.1 2D object detection

In the existing 2D object detection work, GCN is used for
modeling the scene context information and object rela-
tionships in a single image (as shown in Fig. 10a or for
fusing input image features (as shown in Fig. 10b to
improve the object detection performance.

In Fig. 10a, the input image constructs a graph G =
(V,E,s) containing nodes, edges and scenes through a
series of ROI (region of interest) operations. Taking scene
and node, edge and node as the input of GCN, respectively,

Table 3 Comparison results

with traditional CNN methods Method All

on public dataset COCO 2014 Baseline mAP CP CR CF1 oP OR OF1
474 59.0 57.0 58.0 60.2 62.1 61.1

CNN SRN [5] 62.07 6527 55.87 58.5T 75.51 71.57 73.47

ResNet-101 [94] 79.71 82.71 67.47 74.37 86.47 71.81 78.47

DecoupleNet [95] 82.27 83.17 71.67 76.37 84.71 74.81 79.51

GCN ML-GCN [11] 83.07 85.17 72.07 78.07 85.87 75.41 80.37

KSSNet [53] 83.71 84.67 7321 7721 87.87 76.21 81.57

ADD-GCN [54] 84.91 85.17 7517 79.87 85.71 78.31 81.87

2S-DGCN [43] 85.67 84.91 7571 80.07 86.87 78.01 82.21
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Fig. 10 2D object detection
based on GCN

Scene
cls
ROI
—
Input Image Operation H -
nodes o
>\ \.\
edges

(a) GCN-based scene context information and object relationship modeling.

Input Image
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the object category and position in the image are recog-
nized to realize object detection through the transmission
and aggregation of scene context information and the
relationship between object pairs.

In Fig. 10b, the relationship between multi-scale feature
map and pixel matrix is modeled by GCN to find the
optimal fusion strategy for feature fusion. In GCN, the
propagation between feature nodes is shown in Eq. (16):

= S(A(CIW), (16)

where Cy, = {C},C5,---,C5} represents the characteristic
node in the s-th fusion stage; A is the normalized form of
adjacency matrix A ; W is the parameter matrix; 6(-) is the
nonlinear activation function.

In multi-scale feature fusion, GCN learns the optimal
feature fusion strategy for object detection. The fused
features are used for object detection, which helps to
improve the object detection model performance.

4.2.2 3D object detection
The GCN application in 3D object detection is processing

and modeling of point cloud data. Point cloud can be
regarded as an undirected graph. GCN is used to maintain

(b) Feature fusion based on GCN.

the points’ spatial relationship and extract the local area
information of the point cloud.

In the 3D object detection, the asymmetric edge function
combining shape structure and domain information is used

to extract the edge feature ¢}, of vertices:

e;,j,m = ReLU(@m : (xiJ - xi) + ¢m ~X,‘), (17)

where 6, and ¢,, are learnable parameters; m = 1,...M is
the index of M-dimensional features; x;; represents the
feature of vertex v;; € N;.

Then, the linear projection is used to generate query
Q and key K in one-dimensional feature space, and matrix
multiplication and activation function are used to generate
attention graph, which can be interpreted as a correlation
matrix (as shown in Fig. 11).

InFig. 11, Qi = [Qi1, .- ~,Qi,k]T K= [Kig,. ., Qi,k]Ta
and:

M M
Qij = owijm Kij = Bu€ijm; (18)
m=1 m=1

V; =0; x K],
Ai = Vl' X E; (20)
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kx1
- kxk kxM

kx1
9

Fig. 11 Generation of attention graph

Where o = [o,...,%,]" and F =[B,... B, are
learnable parameters, and Ej = [¢/;;,,] € ROV is the
matrix representation of K vertices with M-dimensional
features.

Then, aggregate the point cloud features:

! — P
Xipy = X Sijm, (21)

where S,‘J‘ = 0ij 'AiJ‘.

Finally, GCN uses the aggregated features as an output
for subsequent object detection.

Table 4 compares the object detection methods based on
GCN and CNN in terms of model category, context
information, and suggestion relationship. GCN provides an
end-to-end detection model for object detection, which
reduces the loss of model and engineering complexity to a
certain extent.

4.3 Function and performance of GCN
in semantic segmentation

Regardless of 3D point cloud data or image grid data, GCN
is mainly used for propagating graph feature representation
and category classification in semantic segmentation.

4.3.1 Propagating feature representation of graph

The core of GCN is graph convolution. To define a
meaningful translation operator in the vertex domain,

reference [73] conducted starts with the filtering of the
graph signal in the spectral domain, and then deployed
Chebyshev approximation to reduce computing complex-
ity. According to the spectral filtering of the graph signal,
the spectral filtering of the graph signal x through gy is as
follows:

y = g(;(L)x = g()(UAUT)x = Ugg(A)UTx, (22)

where U is the eigenvector set of the Laplace matrix.
Defferrard et al. [51] used truncated Chebyshev poly-
nomials to approximate the spectral filtering. The K-lo-
calized filtering operation is described as follows:
K-1

y=goL)x =Y OTu(L)x, (23)
k=0

In Eq. (23), 0y is the K-th Chebyshev coefficient; Ty (L) is

the K-order Chebyshev polynomial, which is calculated by

Ti(L) = 2LTy (L) — Tr—(L) loop, and

To(L) = 1,71 (L) = L.

After the graph convolution, the graph’s feature repre-
sentation is propagated by the weight matrix, deviation and
activation function. The graph node information is updated,
as follows:

y = ReLU(gg(L)xW + b), (24)

where W is the weight matrix of the trained network; b is
the deviation; the activation function is ReLU .

4.3.2 Using GCN for category classification

In the image semantic segmentation, GCN is used to
classify the graph model nodes. Semantic segmentation can
be treated as a node classification problem, as shown in
Fig. 12.

In Fig. 12, the node feature is first propagated and
updated for the established graph in GCN. The updated
feature can be expressed as:

Z = soft max(XReLU(XXW<°)) why, (25)

Table 4 Comparison of models based on GCN and CNN in object detection

Method Model Context information Proposals relationship Loss Complexity
CNN R-CNN [96] Two-stage X X High High
Faster R-CNN [97] Two-stage X X High High
FPN [98] Two-stage X X High High
Yes-net [99] One-stage vV X Higher Higher
RetinaNet [100] One-stage X X Higher Higher
GCN DG-FPN [66] End-to-end Vv X Lower Low
S-AT GCN [68] Vv X Lower Low
SIN [69] vV Vv Low Low
RepGN [70] Vv v Low Low
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Fig. 12 Node classification of graph model by GCN

where A = D~ 1/2AD~1/? , and X are input features; wO is
the weight matrix from input layer to hidden layer; W() is
the weight matrix from hidden layer to output layer;
softmax(-) and ReLU(-) are activation functions.

For the node classification, the loss function is as
follows:

F
L=— Z Z Ylf In ZZf’ (26)

leyr f=1

where y;, is the known node category, and Y is the clas-
sification of nodes by GCN.

GCN was first introduced in [75] as a new semantic
segmentation method and became popular in the computer
vision field. The Graph-FCN model is introduced and
compared with the basic semantic segmentation FCN-16s
model, which can intuitively reflect the GCN contribution
to the model performance, as shown in Table 5.

4.4 Function and performance of GCN
in instance segmentation

GCN is mainly used to refine the target contour and predict
the vertex position of the mesh in the instance segmenta-
tion task. The refinement of target contour and the pre-
diction of mesh vertices are very important steps in the

Table 5 Segmentation results of Graph-FCN and FCN-16s on VOC

Method mIOU! ACC? f.w.IU3
FCN-16s 64.57 90.67 84.19
Graph-FCN 68.91 91.98 85.68

T«mIOU”, “ACC” and “f.w.IU” in the table are the evaluation
metrics of the semantic segmentation model performance.

1“mIOU” represents the mean intersection over union of semantic
segmentation.

2“ACC” means the accuracy of semantic segmentation.

3«f w.IU” means the abbreviation of frequency weighted intersection
over union of semantic segmentation

instance segmentation task. However, in the instance seg-
mentation task, whether GCN is used to refine the target
contour or predict the mesh vertices, its essence is to
update the node features. GCN takes the constructed graph
as the input. On the [ — th layer, the graph propagation of
node can be expressed as:

1+1 [ ol [ ol
FI =wiFi+ > wiFl, 27)
VEN(v,)

where N(V;) represents the node connected to V; in the
graph, w)) and w) are the weight matrixes of the [ — th
layer.

When GCN is used to refine the target contour, the
control points on the shape of the target object in the image
or video are propagated and exchanged by Eq. (27), so as to
gradually realize the movement of the control points to the
target object boundary, and to achieve the purpose of
thinning the target contour.

When GCN is used for the prediction of mesh vertices,
the characteristics of mesh vertices are updated by Eq. (27).
Finally, GCN outputs the updated results of all mesh ver-
tices to realize the prediction of mesh vertices.

The refinement of target object contour and accurate
prediction of mesh vertices are realized through GCN,
which shows obvious advantages in improving the instance
segmentation performance. The comparison results with
other general instance segmentation methods are shown in
Table 6.

It can be seen from table 6 that on Cityscapes, the
segmentation accuracy of the GCN based method for eight
categories in the dataset is higher than that of the general
instance segmentation method, which proves the effec-
tiveness of GCN in the instance segmentation.

4.5 Function and performance of GCN in object
tracking

The introduction of GCN in object tracking task improves
the object tracking performance to a certain extent. In the
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existing GCN based object tracking methods, GCN is used
to update the graph’s node and edge information and infer
the relationship between objects.

4.5.1 Updating graph node and edge information

Generally, GCN takes edge weights and node features as
inputs in the object tracking and updates the features
through matrix multiplication in the graph. Taking graph
G = (V,E) constructed in object tracking as the input of
GCN, where V and E represent the set of nodes and the set
of edges, respectively, the relevant scores e;; of nodes i and
j for each (i,j) € E can be expressed as follows:

€jj :f(hi,hj),

where A and W represent the eigenvectors of node i and
node j , respectively. In GCN, the update of edges is as
follows:

(28)

ey =f(H, W) = (Wr')" (Wi, (29)

where W can be regarded as the initial weight of the edge.
Nodes update is to aggregate historical features into new
nodes. The update of nodes in GCN is as follows:

Vi = Z aijWth,

Jjev

(30)

where W, can be regarded as the initial weight of nodes,
and a;; can be expressed as the relationship between nodes,
which is the normalized form of e;; :

el
! Zkev exp(eik)
Finally, the new edges and nodes are used to update the

object and detection as well as allocate state information to
achieve object tracking.

(31)

4.5.2 Inferring the relationship between objects

Generally, graph networks are composed of nodes, edges
and global variables. The iterative updating of nodes, edges
and global variables is a reasoning process. Letting V and E

represent the set of nodes and the set of edges, respectively,
each node is represented by a feature. The representation of
V and E is as follows:

Vv :{v;,v;}, (32)
E ={e}, (33)
where p=1,...,|0/, g=1,...,|D,, k=1,..,K. v}

P
represents the p-th object; v;, represents the g-th detection;

e; represents the k-th edge or relationship between an
object and a detection; K represents the total number of
object detection pairs.

The edge and node are updated through GCN. With the
object node, detection node, edge, and global variable u as
inputs, the update of the edge is as follows:

e = O° (v}, v}, ex, u) = NNo (v}, v}, ex, ul). (34)

where NNg(-) is a neural network framework, and u rep-
resents the global variables encoding all objects and
detection as well as allocating state information.

Taking the object node, detection node, updated edge
and global variable as inputs, the update of nodes in GCN
is as follows:

Vi = @° (v}, vi, €}, u) = NNo([v}, v}, e u]). (35)

The global variable are updated as follows:

o K K &

V=g (D vt Wi E=2D e (36)
k=1 k=1 k=1

Finally, the relationship between objects is inferred
according to the updated nodes, edges and global variable.

The existing object tracking studies include online, near
online and offline methods. The GCN based object tracking
method is compared with the traditional method. The
comparison results on the public data set MOT17 are
shown in Table 7.

It can be seen from Table 7 that the offline method’s
accuracy is the highest. Regardless of the offline method,
near online method or online method, the GCN based
object tracking model shows better performance than the
traditional object tracking methods.

Table 6 Comparison results of GCN based method and general method on Cityscapes for instance segmentation

Method Bicycle Bus Person Train Truck Motorcycle Car Rider Mean
General DeepMask [101] 47.19 69.82 47.93 62.20 63.15 47.47 61.64 52.20 56.45
SharpMask [102] 52.08 73.02 53.63 64.06 65.49 51.92 65.17 56.32 60.21
Polygon-RNN [103] 52.13 69.53 63.94 53.74 68.03 52.07 71.17 60.58 61.40
GCN Curve-GCN [77] 64.75 81.71 72.53 65.87 79.14 62.00 80.16 70.57 72.09
DACN [78] 64.58 82.60 72.93 61.25 80.51 63.85 80.31 71.29 72.17
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5 Challenges and future opportunities

Although the GCN application in computer vision has
made achievements in the academia and industry, GCN
needs CNN as a basic framework to realize the modeling of
image and video data, which increases the scale of visual
task model, improves the computational complexity of
model and increases the training time of model to a certain
extent. Moreover, the current methods only compress the
model at a shallow level in attempt to reduce the model
scale of the seen model. In theory, the research on this
problem needs great efforts from research community and
a further breakthrough may be needed.

Having good GCN performance in visual tasks largely
depends on the graph construction of data. Thus, improving
the model performance by introducing GCN is significantly
and directly related to the graph structure constructed from
the Euclidean spatial data. However, to date, there is no
general graph construction paradigm, which can build the
most relevant graph for the original Euclidean spatial data
according to the specific task. Also, no unified standard is
established for evaluating feasibility of the final con-
structed graph. Careful analysis and multiple training for
the specific task are needed to achieve satisfied results,
which is time-consuming. Therefore, accurately building
the most matching graph structure for the Euclidean spatial
data is urgently needed through extensive researches.

In addition to the above problems, the model inter-
pretability strongly limits the GCN application in the
computer vision field. To successfully implement the
GCN-based methods in visual tasks, the interpretability is
an essential and prominent connection. Also, mathematical
analyses for the convergence as well as over-smoothing
and overfitting of deep GCN need to be established.
Therefore, the current GCN application in the computer
vision field is mainly based on the experience accumulated
in deep learning.

With the development of deep learning and artificial
intelligence technology, model lightweight is an
inevitable developing trend. By improving the model
architecture and optimization algorithm, the model size and

the computational complexity of the model is reduced to
complete the visual task efficiently and accurately. There-
fore, a lightweight visual task processing model based on
GCN is a new research direction.

The supervised method can achieve better performance
in processing visual tasks, but in practical applications,
obtaining many labeled data is challenging, and data with
few or no labels are easily encountered. Many unlabeled
data promote the development of semi-supervised and
unsupervised learning related models. Because the multi-
model fusion has achieved good results in many large
competitions (such as the Otto product classification chal-
lenge on Kaggle), it is also a promising research direction
to explore how the GCN model combines with semi-su-
pervised or unsupervised learning models to better realize
visual tasks.

6 Summary and conclusion

Graph convolution network (GCN), as a convolution net-
work, has been successfully applied in many fields. In
recent years, the GCN application in visual tasks has
attracted more and more attention. First, this review
introduces and summarizes the working mechanism of
GCN, as well as the challenges and solving strategies in the
vision field. Secondly, the specific GCN applications in the
vision field are summarized based on different tasks. Then,
the constructing graph methods in different visual tasks are
discussed in detail. Finally, the role of GCN in image
recognition, object detection, semantic segmentation,
instance segmentation and object tracking is deeply ana-
lyzed, and compared with the commonly used CNN
methods, which highlights the GCN performance in visual
tasks. At the end of this review, we put forward the chal-
lenges encountered by GCN in the vision field and point
out the future development directions of GCN in the vision
field.

Through the above discussion, compared to the tradi-
tional CNN methods, the visual task processing methods
based on GCN take the semantic, spatial and temporal

Table 7 Comparison results of

GCN based method and Method Style Reasoning ability MOTAT
traditional object tracking General EDMTI17 [104] Offline Weak 50.0
method on MOT17 .
eHAF17 [105] Offline 51.8
EAMTT [106] Online 42.6
MTDF [107] Online 49.6
MHTbLSTM [108] Near-Online 47.5
GCN Neural-Solver [83] Offline Stronger 58.8
EDA-GNN [84] Online Strong 45.5
Graph Networks for MOT [82] Near-Online Strong 50.2
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relations of the object in the image into account in the
visual task, which promotes the development of computer
vision to a certain extent.

Appendix: Open-source code for real
application of GCN in the field of vision

ML-GCN: http://github.com/Megvii-Nanjing/ML-GCN
ADD-GCN: http://github.com/Yejin0111/ADD-GCN
KSSNet: http://github.com/mathkey/mssnet
Sequential-GCN:  http://github.com/razvancaramalau/

Sequential-GCN-for-Active-Learning
S-AT GCN: http://github.com/Link2Link/FE-GCN
SIN: http://github.com/choasup/SIN
SPG: http://github.com/loicland/superpoint_graph
3DGNN: http://github.com/yanx27/3DGNN_pytorch
RGCNN: http://github.com/tegusi/RGCNN
Graph-FCN: http://github.com/muntam/FCN-graph
GMNet: http://github.com/LTTM/GMNet
BCNet: http://github.com/lkeab/BCNet
Curve-GCN:http://github.com/fidler-lab/curve-gcn
DACN: http://github.com/moligingcha/DACN
Pixel2mesh: http://github.com/nywang16/Pixel2Mesh
SiamGAT: http://github.com/ohhhyeahhh/SiamGAT
Graph Networks for MOT: http://github.com/yiniz

hizhu/GNMOT
Neural-Solver:

Multi-Object-Tracking
EDA-GNN: http://github.com/peizhaoli0S/EDA-GNN
GCN: http://github.com/tkipf/gcn

http://github.com/selflein/GraphNN-
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